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Introduction

Deepak Gupta and Dina Demner-Fushman

The BioNLP workshop has a long-standing tradition of offering shared tasks to advance biomedical
natural language processing through thorough, novel, and timely topics, evaluation, and community en-
gagement. These shared tasks foster the development of robust and reproducible methods, evaluation
frameworks, and datasets, as well as clinically relevant research challenges for the community. This year,
we invited SIGBioMed members to submit a description of a shared task proposal. We reviewed the
proposals and selected four shared tasks to include in BioNLP 2026. The selected tasks cover a diverse
and timely set of research directions, including detecting and labeling medical decisions in ICU dischar-
ge summaries (MedExXACT), detecting and classifying psychological defense mechanisms in emotional
support dialogues (PsyDefDetect), multimodal biomedical question answering with grounded attribu-
tion (MedGenVidQA), and clinical skill understanding and continuous perception from clinical video
frames (ClinicalSkillQA). Overall, these shared tasks foster the development and benchmarking of inno-
vative methods for multimodal information retrieval, information extraction, question answering, clinical
psychology, and mental health in biomedicine.

A total of 39 papers were submitted across the four shared tasks, with participants detailing a range of
novel approaches and systems. We accepted 35 papers for inclusion in the proceedings. Each shared task
is briefly described below.

MedEXACT The first MedEXACT shared task focused on detecting and labeling medical decisions in
ICU discharge summaries. A medical decision is defined by the Decision Identification and Classifica-
tion Taxonomy for Use in Medicine (DICTUM), which covers ten categories, including Defining Pro-
blem, Therapeutic Procedure, and Evaluation. The MedDec dataset contains over 56k expert-annotated
decision spans drawn from de-identified ICU discharge summaries in MIMIC-III, supplemented with
patient demographics and ten phenotypes (Cancer, Heart Disease, Lung Disease, Chronic Neurologic
Dystrophies, Chronic Pain, Alcohol Abuse, Substance Abuse, Obesity, Psychiatric Disorders, Depres-
sion). Systems were evaluated for accuracy and robustness at both span and token levels, including
stratified analyses by sex, race, English proficiency, and disease type. Baseline models such as ROBER-
Ta indicated the complexity of the task, and participants were supported through expedited access to
MedDec via PhysioNet, a public leaderboard, and a Python starter kit.

PsyDefDetect PsyDefDetect invited researchers to tackle a novel challenge at the intersection of Cli-
nical Psychology and Natural Language Processing: detecting and classifying psychological defense
mechanisms in emotional support dialogues. Grounded in the clinically validated Defense Mechanism
Rating Scales (DMRS) framework, this shared task aimed to advance the understanding of unconscious
defensive functioning in text. The benchmark addressed the challenge of capturing subtle linguistic cues
of deep-seated psychological mechanisms within highly informal and context-dependent emotional dia-
logues. This initiative supported research at the intersection of clinical psychology and NLP, aiming to
operationalize complex psychological constructs for computational analysis. Participating systems were
ranked using Accuracy, Precision, Recall, and F1-score.

MedGenVidQA The recent surge in the availability of online videos has changed the way information
and knowledge are acquired. Many people prefer instructional videos to learn how to accomplish a
particular task effectively and efficiently through a series of step-by-step procedures. This need is not
limited only to general audiences. In professional settings such as healthcare, instructional videos are
widely used by physicians and other professionals to learn, review, and standardize procedural workflows.
In addition, consumers increasingly seek step-by-step visual explanations to better understand medical
procedures and clinical practices. With the advancement of generative models, the medical domain
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has also seen progress in medical video understanding, clinical decision support, etc. Toward this, the
MedGenVidQA shared task focused on developing systems that utilized generative models to retrieve
relevant multimodal (textual and visual) sources and to localize visual answers within medical videos in
response to consumer and healthcare professional medical queries. Following earlier editions of medical
question answering tasks—MedVidQA 2023, MedVidQA 2024, BioGen 2024, and BioGen 2025—this
shared task expanded medical video question answering for both professionals and consumers, with a
focus on generative approaches to solving these tasks.

ClinicalSkillQA Multimodal large language models (MLLMs) have the potential to support clinical
training and assessment by assisting medical experts in interpreting procedural videos and verifying ad-
herence to standardized workflows. Reliable deployment in these settings requires evidence that models
can continuously interpret students’ actions during clinical skill assessments, which underpins MLLMs’
understanding of clinical skills. Systematically evaluating and improving MLLMs’ understanding of cli-
nical skills and their continuous perception in clinical skill assessment scenarios is therefore essential
for building reliable and high-impact Al systems for medical education. To address this need, the shared
task on medical question answering targeted clinical skill assessment scenarios.
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NM at CREF Filling 2026: A Two-Stage LLM Pipeline for Clinical CRF
Population

Niccolo Morabito
morabito.niccolo@gmail.com

Abstract

This paper describes our participation in the
CREF Filling Shared Task 2026, which aims to
automatically populate a predefined Case Re-
port Form (CRF) from clinical notes describ-
ing patients with dyspnea. We propose a two-
stage pipeline based on large language models
(LLMs). In the first stage, a few-shot prompted
LLM extracts candidate CRF fields from the
clinical note and outputs them in a structured
JSON format. In the second stage, a separate
LLM verifies each extracted field against the
original note and removes predictions that are
not supported by explicit textual evidence. This
verification step aims to reduce false positives
generated during extraction. Experiments on
the development set show that the verification
stage significantly reduces unsupported predic-
tions while preserving most correct extractions,
resulting in improved macro F1. On the official
test set, the proposed system achieves a macro
F1 score of 0.56 for both English and Italian.
These results indicate that separating extraction
and verification can balance recall-oriented ex-
traction with precision-oriented validation in
CRF population tasks.

1 Introduction

Automatically converting unstructured clinical nar-
ratives into structured data is an important step for
enabling large-scale clinical research and clinical
decision support systems. In many medical work-
flows, relevant patient information is recorded in
free-text notes, making large-scale analysis difficult
without structured representations.

In this context, the CRF Filling Shared Task
(Ferrazzi et al., 2026b) focuses on populating a
predefined Case Report Form (CRF) from clinical
notes describing patients presenting with dyspnea.

To address this problem, we propose a two-stage
pipeline combining extraction with conservative
verification. In the first stage, a few-shot large lan-
guage model (LLM) extracts candidate CRF fields

1

directly from the clinical note. In the second stage,
a separate LLM verifies each extracted field against
the original note, removing predictions that are not
supported by explicit textual evidence. This design
aims to balance coverage and precision by com-
bining the generative capabilities of LLMs with a
verification step that reduces unsupported predic-
tions.

2 Task Description

The shared task consists of automatically populat-
ing a CRF from free-text clinical notes describing
patients presenting with dyspnea. The CRF con-
tains a fixed set of 134 clinical items, each corre-
sponding to a specific variable such as symptoms,
clinical findings, or laboratory measurements. For
each item, systems must select one value from a
predefined list of valid options based solely on the
information contained in the clinical note. The
same CRF structure is used for all notes.

A key challenge of the task is the extreme spar-
sity of annotations. In many cases, the clinical note
does not contain information relevant to most CRF
items. When an item cannot be populated from the
note, it is assigned the value unknown. As a result,
approximately 95% of the CREF fields are labeled
as unknown across the dataset, requiring systems
to extract information only when explicit textual
evidence is present.

The training data combines multiple sources
of supervision, including a small set of 10 gold-
standard pairs of clinical notes and filled Dysp-
nea CRFs (Kaczmarek et al., 2026), a collection
of semi-automatically annotated CRFs for other
medical conditions (Ferrazzi et al., 2025), and a
set of 2,667 unannotated clinical notes describing
patients with dyspnea (Ferrazzi et al., 2026a). In
our experiments, we only use the 10 gold-standard
pairs as few-shot examples for prompting the ex-
traction model (see 4.1).
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Clinical note

History of allergy

History of diabete
History of oedema
History of abdominal pain History of abdominal pain

Fever Fever
Heart rate

History of allergy
History of diabete
History of oedema

Extraction LLM

Heart rate
" Creatinine
Creatinine

Blood saturation

Blood saturation

History of allergy X

History of diabete X

History of oedema X
History of abdominal pain X
Fever X

Heart rate 100 bpm

X Verification LLM Creatinine M

X Blood saturation 98%

X Final CRF

Candidate CRF

CRF items

Figure 1: Overview of the two-stage pipeline for CRF extraction and verification. The first stage extracts candidate
CREF fields from clinical notes using a few-shot LLM, and the second stage verifies each field against the original
note to remove unsupported predictions to generate the final CRF.

System Model TP FP FN F1

Extraction Gemini 3 Flash 278 420 83 0.584
Extraction LLaMA4 Maverick 17B 179 131 170 0.578
Extraction + Verification Gemini 3 Flash + LLaMA4 Maverick 17B 274 373 88 0.612

Table 1: Performance comparison on the English development set.

For evaluation, the organizers provide a develop-
ment set of 80 gold-standard note-CRF pairs and
a test set of 200 gold-standard pairs (Kaczmarek
et al., 2026). The task is released in two languages,
English and Italian, with parallel datasets available
for both languages.

3 System Overview

Our system follows a two-stage pipeline designed
to balance recall and precision when extracting
structured information from clinical notes. The
first stage performs CRF extraction using a few-
shot prompted LLM. Given a clinical note, the
model generates a candidate CRF containing only
the CRF fields that are explicitly supported by the
text (see Figure 1).

Preliminary experiments showed that this extrac-
tion stage tends to over-predict fields, producing
a relatively high number of false positives. To
mitigate this issue, we introduce a second verifica-
tion stage. In this step, a different LLM receives
both the original clinical note and the CRF gen-
erated in the first stage and verifies whether each
predicted field is supported by explicit textual ev-
idence. Fields that cannot be directly justified by
the text are removed from the output of the final
CRFE.

This two-stage design allows the system to com-
bine the strong extraction capabilities of large gen-
erative models with a more conservative verifica-

tion mechanism aimed at reducing unsupported
predictions.

4 Method

This section describes the two stages of the pro-
posed pipeline in detail.

4.1 CRF Extraction with Few-Shot LLM

The extraction stage formulates CRF completion as
a structured information extraction problem solved
through few-shot prompting of a large language
model. Few-shot learning allows a model to adapt
to a new task by conditioning on a small number
of input—output examples provided directly in the
prompt.

The shared task provides a very small set of gold-
standard annotated examples (10 note—CRF pairs).
These examples can be used as demonstrations in
the prompt to guide the model toward the desired
behavior. In our experiments, we include three
examples in the prompt, which provided a good
balance between task guidance and prompt length.

Given a clinical note, the model receives a sys-
tem prompt describing the extraction task and spec-
ifying strict constraints on how CRF fields should
be produced. The model is prompted once per
clinical note to generate a structured JSON object
containing all the CRF fields that can be populated
from the text, rather than generating each field in-
dependently. In particular, the prompt instructs the
model to extract only fields that are supported by



System Model TP FP FN F1

Extraction Gemini 3 Flash 289 385 56 0.599
Extraction GPT-OSS 120B 231 190 121 0.575
Extraction + Verification Gemini 3 Flash + GPT-OSS 120B 276 372 78 0.604

Table 2: Performance comparison on the Italian development set.

clear and explicit evidence in the clinical note and
to avoid any form of inference or interpretation be-
yond the literal text. The full prompt used in the
extraction stage is reported in Appendix A.1.

The 3-shot examples included in the prompt
consist of pairs of clinical notes and their corre-
sponding CRF representations, demonstrating the
expected input—output format.

For this stage we use the Gemini 3 Flash model
(Pichai, 2025), which showed the strongest extrac-
tion performance among the models evaluated dur-
ing preliminary experiments. These experiments
consisted of running different LLMs under the
same prompting setup on the development set and
comparing their macro F1 scores. In addition to
Gemini 3 Flash, we tested open-weights models
such as LLaMA4 Maverick 17B, Gemma3 27B,
Qwen3, and GPT-OSS 120B, which achieved lower
extraction performance when used alone. For con-
ciseness, these additional results are not reported in
detail in this paper, as they do not affect the main
findings.

4.2 CREF Verification

Although the extraction stage is explicitly in-
structed to output only fields supported by clear
textual evidence, we observed that the model often
produces unsupported predictions, resulting in a rel-
atively high number of false positives (particularly
with the Gemini 3 Flash model).

To address this issue, we introduce a second
verification stage. In this step, a separate LLM
receives two inputs: the original clinical note and
the CRF generated by the extraction stage. The task
of this model is to verify whether each predicted
field is directly supported by the text.

The verification prompt instructs the model to
examine each populated CRF field and retain it
only if the clinical note contains clear and unam-
biguous evidence supporting the assigned value. If
the evidence is absent, ambiguous, or implicit, the
field must be removed from the output. Importantly,
the model is explicitly prohibited from adding new
fields or modifying the values of existing predic-

tions. Its role is strictly limited to filtering unsup-
ported predictions. The complete prompt used in
this stage is provided in Appendix A.2.

For this stage we selected, among the mod-
els evaluated in the preliminary experiments men-
tioned in Section 4.1, those that exhibited the most
conservative prediction behavior, i.e., producing
fewer false positives and fewer overall predictions
when used for extraction. This selection was per-
formed separately for each language based on de-
velopment set performance. In particular, we used
the LLaM A4 Maverick 17B model for the English
language and GPT-OSS 120B for Italian (OpenAl
et al., 2025), as these models showed the strongest
tendency to refrain from assigning CRF labels in
the absence of clear textual evidence in their re-
spective settings.

The final CRF prediction corresponds to the fil-
tered JSON output produced by this verification
stage.

5 Results

We evaluate our approach on both the development
and test sets provided by the shared task. Perfor-
mance is measured using macro F1, the official
evaluation metric of the competition. The develop-
ment set allows a more detailed analysis of system
behavior, including the number of true positives
(TP), false positives (FP), and false negatives (FN),
while for the test set only the final macro F1 score
is available.

Tables 1 and 2 report the results on the devel-
opment set for the English and Italian datasets, re-
spectively. We compare the extraction performance
of two models used independently with the final
two-stage pipeline.

The Gemini 3 Flash model achieves the best ex-
traction performance (also compared to other mod-
els tested in preliminary experiments, which are
not shown here for brevity). However, it produces
a relatively high number of false positives in both
English and Italian.

In contrast, on the English dataset (Table 1),
LLaMA4 Maverick 17B produces fewer false pos-



itives but suffers from a higher number of false
negatives due to its more conservative prediction
behavior. The proposed pipeline combines these
complementary characteristics by using Gemini for
the extraction step and LLaMAA4 for the verifica-
tion step. This second stage filters unsupported
predictions while preserving most of the correct
extractions. As a result, the verification stage sig-
nificantly reduces the number of false positives pro-
duced by the extraction model without substantially
decreasing the number of true positives, leading to
a noticeable improvement in macro F1.

For the Italian dataset, a different model
was used in the verification stage. Prelimi-
nary experiments showed that GPT-OSS 120B
achieved slightly better performance in the extrac-
tion+validation pipeline. More generally, we ob-
served a similar behavior between LLaMA4 Mav-
erick 17B and GPT-OSS models: compared to the
models used for extraction, they tend to produce
fewer predictions and adopt a more conservative
strategy. While this behavior may reduce recall
when used alone, it proves beneficial in the verifi-
cation step, where the goal is to filter unsupported
predictions produced during extraction (Table 2).

Table 3 reports the final performance of the
pipeline on the test set for both languages. As
expected, the overall macro F1 score is lower than
the one observed on the development set. This dif-
ference is common, as the test set represents unseen
data and may contain different distributions of CRF
mentions and textual patterns.

Despite this decrease, the results confirm the
effectiveness of the proposed two-stage approach.
The pipeline maintains competitive performance
across both languages while benefiting from the
verification stage. This suggests that separating ex-
traction and validation allows the system to balance
recall-oriented extraction with precision-oriented
verification, leading to more reliable CRF predic-
tions overall.

System
Extraction + Verification

EngF1 ItaF1
0.56 0.56

Table 3: Final macro F1 scores of the proposed system
on the test set.

6 Conclusion

In this paper we presented a two-stage LLM-based
pipeline for automatically populating clinical Case

Report Forms from free-text clinical notes. The
system separates the extraction of candidate CRF
fields from their verification, allowing different
models to specialize in complementary behaviors.
The extraction stage focuses on maximizing cover-
age of potentially relevant fields, while the verifi-
cation stage adopts a more conservative strategy to
filter predictions that are not supported by explicit
textual evidence.

Experimental results show that this design helps
reduce the number of false positives produced by
the extraction model while preserving most correct
predictions, leading to improved macro F1 on the
development set. The final system achieves a macro
F1 score of 0.56 on both English and Italian test
sets.

Overall, our results suggest that combining gen-
erative extraction with explicit verification is a
promising direction for structured information ex-
traction from clinical narratives.
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A Appendix: Prompt Details

A.1 Extraction Stage Prompt

The system prompt used for the CRF extraction
stage is shown below:

You are a medical information extraction system.
Task:

From a single clinical note, select ONLY the
CRF fields that are supported by clear,
explicit, and unambiguous evidence in the
text, and assign them a value.

Critical rules:

- If a field is not EXPLICITLY and CLEARLY
stated, DO NOT output that field.

- Absence of information, negations, hypotheses
, suspicions, plans, history without
confirmation, vague wording or doubt must
result in the field being completely
omitted.

- Only output a field when the text contains a
direct statement that uniquely determines
its value, and choose the value that
exactly matches the literal meaning of the

text.

- Never infer, guess, normalize, or interpret
beyond the literal text.

Output rules:

- Output a valid, minified JSON object
containing ONLY the selected fields.

- Each output value must be exactly one of the
allowed values for that field.

- All values are strings.

- Do not include explanations, comments, or
extra text.

Do NOT change values.

- Do NOT normalize or reinterpret.

- Do NOT infer from medical knowledge.

- Judge ONLY based on what is explicitly
written in the note.

Output:

- Return ONLY a valid, minified JSON object.

- Include ONLY the fields that are fully
supported.

- No explanations, comments, or extra text.

A.2 Verification Stage Prompt

The system prompt used for the verification stage
is shown below:

You are a clinical data verification system.
Task:

Given

1) a clinical note

2) a JSON object containing ONLY populated CRF
fields

Your job is to VERIFY each field in the JSON
against the clinical note.

Rules:

- For EACH field in the input JSON, check
whether the clinical note contains clear,
explicit, and direct evidence supporting
the assigned value.

- If the evidence is sufficient and unambiguous
, KEEP the field exactly as is.

- If evidence is absent, weak, implicit,
ambiguous, contradictory, or based on
inference, REMOVE the field entirely from
the output.

- Do NOT add new fields.
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Abstract

This work addresses the temporal ordering task
of clinical frames in the Basic Life Support
(BLS) subset of ClinSkillQA. A two-stage hy-
brid pipeline based on Qwen2-VL-2B-Instruct
in a zero-shot configuration is proposed. In
Stage 1, each image is processed independently
to extract factual visual evidence, which is then
transformed, using deterministic rules, into a
structured representation. In Stage 2, ordering
is formulated as an ordinal scoring task over
procedural stages, with ties broken using PCA
applied to multimodal embeddings. Evalua-
tion followed the official benchmark protocol,
considering Task Accuracy, Pairwise Accuracy,
and BERTScore. In the test phase, the system
achieved Task Accuracy = 0.17, Pairwise Mi-
cro Accuracy = 0.60, and BERT F1 = 0.71,
with complete coverage in both predictions and
rationales. The results demonstrate an inter-
pretable and reproducible foundation, although
challenges in fine-grained temporal discrimina-
tion remain.

1 Introduction

Clinical skills assessment is a central component
of medical training because it evaluates not only
declarative knowledge but also the accurate and
sequential execution of procedures according to
predefined standards. Instruments such as the Ob-
jective Structured Clinical Examination (OSCE)
support structured assessment of clinical compe-
tence, but their large-scale implementation remains
limited by time, infrastructure, and expert availabil-
ity (Issenberg et al., 2005; Vermylen et al., 2025).
In this context, evidence from simulation-based
education and deliberate practice has shown that
repeated procedural training improves skill acquisi-
tion and retention, particularly in critical scenarios
such as resuscitation and basic life support (BLS),
where both action quality and procedural order are
essential (Khanghahi and Azar, 2018; Panchal et al.,
2020; McGaghie et al., 2011).

6

The digitalization of training environments and
the growing availability of image and video data
have created opportunities for automated support
in clinical skills assessment. Large multimodal
models are especially relevant because they can
integrate visual and textual information for clinical
image interpretation, guided analysis, and feed-
back generation (Li et al., 2023; Liu et al., 2023;
OpenAl, 2024). However, most biomedical multi-
modal benchmarks, including VQA-RAD, SLAKE,
and PMC-VQA, focus mainly on visual question
answering over static medical images (Lau et al.,
2018; Liu et al., 2023). Although these resources
have advanced medical multimodal Al, they do not
explicitly evaluate temporal progression, procedu-
ral state transitions, or the reconstruction of ordered
clinical actions. Similar limitations persist in video-
based assessment of surgical and procedural skills,
where temporal granularity, generalization, and re-
liable interpretation remain challenging (AlSaad
et al., 2024; Hartsock and Rasool, 2024; Liu et al.,
2021; Seenivasan et al., 2022; Zhang et al., 2024).

The ClinSkillQA 2026 challenge addresses this
gap by formulating clinical-skill understanding as
a frame-ordering and explanation task. Given shuf-
fled keyframes extracted from videos of student-
performed clinical procedures, the system must
reconstruct the correct sequence of actions and
provide rationales aligned with expert reasoning
(Huang et al., 2026). This setting moves beyond
isolated visual recognition, requiring models to in-
fer precedence relationships between procedural
states while generating explanations that can sup-
port formative feedback. Accordingly, the bench-
mark evaluates both ordering performance, using
sequence-level and pairwise accuracy, and rationale
quality, using BERTScore and an LLM-as-judge
strategy based on G-Eval (Zhang et al., 2024; Li
et al., 2023; Huang et al., 2026).

In this work, we present our participation in Clin-
SkillQA through a two-stage multimodal frame-
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work for ordering BLS clinical keyframes and
generating verifiable rationales. The proposed ap-
proach combines structured visual evidence extrac-
tion, ordinal procedural scoring, and latent-space
tie-breaking to handle ambiguities between visu-
ally similar states. Beyond reporting challenge
performance, this study analyzes the potential and
limitations of multimodal models for procedural
assessment tasks requiring temporal reasoning, ex-
planatory consistency, and alignment with clinical
expert criteria.

2 Background

Clinical skills assessment is a central component of
medical education, since professional competence
depends not only on declarative knowledge but also
on the accurate, timely, and sequential execution
of procedures. Evidence from simulation-based
education shows that high-fidelity simulation, de-
liberate practice, competency-based training, and
structured observational tools such as Direct Obser-
vation of Procedural Skills (DOPS) can support the
acquisition and assessment of procedural compe-
tence. These findings highlight the need to evaluate
not only whether a clinical action is performed,
but also whether it follows the appropriate pro-
cedural order and fidelity (Issenberg et al., 2005;
Khanghahi and Azar, 2018; McGaghie et al., 2011;
Vermylen et al., 2025).

Recent advances in multimodal large language
models (MLLMs) and vision-language models
(VLMs) have expanded the possibilities for au-
tomating clinically relevant visual-textual reason-
ing tasks. In healthcare, these models have been
increasingly applied to image understanding, clin-
ical assistance, report generation, visual question
answering, and multimodal decision support. Nev-
ertheless, most medical VQA benchmarks and med-
ical VLMs remain centered on single-image reason-
ing or localized diagnostic contexts, particularly in
radiology. Even procedure-oriented datasets, such
as those developed for surgical VQA, tend to em-
phasize scene understanding or question answer-
ing rather than reconstructing a coherent tempo-
ral sequence of actions from shuffled visual obser-
vations. Similarly, conversational biomedical as-
sistants demonstrate the feasibility of open-ended
multimodal interaction, but they do not directly ad-
dress procedural ordering from fragmented visual
evidence (AlSaad et al., 2024; Hartsock and Ra-
sool, 2024; Lau et al., 2018; Zhang et al., 2024;

Seenivasan et al., 2022; Li et al., 2023).

ClinSkillQA addresses this gap by formulating
clinical-skill understanding as a frame-ordering
task over shuffled keyframes. In this setting, mod-
els must arrange frames into a coherent sequence of
clinical actions and generate explanations that jus-
tify the predicted order. The benchmark includes
200 sets of shuffled keyframes from three types of
clinical-skills videos, each accompanied by refer-
ence orderings and expert-annotated rationales. Its
evaluation is explicitly dual, combining ordering
metrics, namely Task Accuracy and Pairwise Ac-
curacy, with explanation-quality metrics based on
BERTScore and an LLM-as-a-Judge scheme using
G-Eval (Huang et al., 2026).

Against this background, a two-stage generative
vision-language framework provides a suitable re-
sponse to the task. By separating per-frame visual
evidence extraction from cross-frame procedural
reasoning, the proposed approach first captures ob-
servable and reusable cues from each image and
then uses them to infer the most coherent clinical
sequence and generate set-level rationales. This
decomposition aligns with the evaluation structure
of ClinSkillQA and connects recent progress in
multimodal artificial intelligence with the need for
scalable, structured, and procedure-faithful clinical
skills assessment.

3 System Overview

The proposed system addresses the ClinSkillQA
frame-ordering task as a two-stage hybrid pipeline
for Basic Life Support (BLS) procedural sequences.
Each input sample contains an unordered set of
four or six clinical frames, and the objective is to
infer the most plausible procedural order from vi-
sual evidence. As shown in Figure 1, the system
combines frame-level semantic evidence extraction
with sample-level ordinal ranking and tie resolu-
tion.

The pipeline as shown in Figure 1, be-
gins by loading the benchmark input file,
BLS_input. json, and resolving the relative im-
age paths to their corresponding disk locations.
This step creates a frame-level index containing the
sample_id, frame_id, and image path, allowing
frames to be processed independently in the first
stage and later regrouped by sample for sequence
prediction.



3.1 Stagel

In the first stage, each frame is analyzed indepen-
dently using Qwen2-VL-2B-Instruct (Wang et al.,
2024). The model is prompted to produce a short
factual description limited to visible content, avoid-
ing speculation and explicit temporal reasoning.
The prompt requests three to five bullet points de-
scribing observable cues such as hand placement,
body posture, chest exposure, clothing condition,
and visible equipment.

The generated text is converted into a struc-
tured intermediate representation through deter-
ministic post-processing rules. This representa-
tion includes detected entities, detected actions, a
coarse procedural state, key visual evidence, un-
certainty flags, and a short caption summary. The
procedural state is inferred from lexical cues in
the description: for instance, references to CPR or
active compression are mapped to compressions,
hands placed on the chest without clear downward
motion to position_hands, and clothing opening
or thorax exposure to expose_chest. When the
evidence is insufficient, the frame is labeled as
other_or_unclear. All outputs are cached at the
frame level to avoid redundant inference.

Rather than producing the final order directly,
Stage 1 provides an interpretable semantic layer
that summarizes the visual content of each frame.
This evidence is later used as auxiliary guidance
for ranking and as the basis for textual rationales.

3.2 Stage 2

In the second stage, the same vision-language
model is used under a constrained ordinal scoring
formulation. Each frame receives a single score
from O to 5, corresponding to the following
procedural states: (O=approach, l=prepare,
2=expose_chest, 3=position_hands,
4=compressions, and 5=check_or_adjust.
The model receives the image and a prompt requir-
ing a single-digit answer, with the Stage 1 caption
optionally appended as a hint. This converts frame
ordering into ordinal state estimation, which is
more stable than direct pairwise comparison.

The predicted score is automatically parsed from
the model output. If no valid digit is obtained, the
system performs a stricter retry; if parsing still fails,
a conservative fallback score is assigned. Frames
are then grouped by sample and sorted in ascending
order according to their predicted procedural score.

Because multiple frames may receive the same

score, the pipeline applies an embedding-based tie-
breaking step. For tied frames only, hidden-state
representations are extracted from the multimodal
model, averaged into one vector per image, and
projected onto a one-dimensional axis using Princi-
pal Component Analysis (PCA). Frames within the
tied group are then ordered according to their PCA
projection values. The final sequence is obtained
by concatenating the ordered groups from lower to
higher procedural stages.

For each sample, the system exports the pre-
dicted frame order together with an auxiliary ratio-
nale derived from the Stage 1 evidence. In this way,
the framework integrates frame-level visual ground-
ing, ordinal procedural ranking, and interpretable
evidence traces for each prediction.

4 Experimental Setup

Experiments were conducted on the Basic Life
Support (BLS) subset of ClinSkillQA, using
the temporal ordering task over shuffled clini-
cal frames. The benchmark was loaded from
BLS_input. json, and a frame-level index was cre-
ated with sample_id, frame_id, and the corre-
sponding absolute image path. The final processed
set included 200 samples: 150 samples with four
frames and 50 samples with six frames, with no
missing images after path verification.

The implementation was executed on Kaggle
using PyTorch and Transformers with CUDA
support on a Tesla T4 GPU. The base model
was Qwen/Qwen2-VL-2B-Instruct, loaded in
float16 when GPU acceleration was avail-
able. All experiments were performed in a
zero-shot setting, without task-specific fine-tuning,
and deterministic decoding was used by setting
do_sample=False.

In Stage 1, each image was processed indepen-
dently to generate a factual description of visible
clinical evidence. These outputs were then con-
verted through lexical rules into a structured rep-
resentation containing detected entities, actions,
procedural state, key evidence, a short summary,
and uncertainty markers. In Stage 2, the same
model assigned each frame an ordinal score from 0
to 5, representing the expected progression of the
BLS procedure. Frames within each sample were
ordered according to this score, while ties were
resolved using PCA over multimodal embeddings
extracted from the model’s last hidden layer.

For development and debugging, a DEV subset



of 10 samples was used, whereas the final run was
performed on the complete BLS set. Intermediate
and final outputs were stored in JSONL format,
including the predicted sequence for each sample,
denoted as pred_order, and a textual rationale
derived from the Stage 1 evidence.

Following the official ClinSkillQA protocol,
evaluation considers both ordering and explanation
quality. Ordering performance is assessed using
Task Accuracy, which measures exact sequence
prediction, and Pairwise Accuracy, which evalu-
ates correctly ordered adjacent pairs. Explanation
quality is evaluated using BERTScore and an LLM-
as-a-judge scheme based on G-Eval. Thus, the
experimental setup produces both sequence predic-
tions and textual rationales aligned with the official
challenge format.

5 Results

Table 1 summarizes the visible test-phase leader-
board results for the ClinSkillQA benchmark, in-
cluding the position achieved by VerbaNexAlI Lab.
Our system ranked fourth among the eight visible
teams, obtaining an overall score of 37.96. At the
ordering level, the method achieved a Task Accu-
racy of 0.17 and a Pairwise Micro Accuracy of
0.60. This indicates that the system was able to
capture some local temporal relationships between
frames, but still struggled to recover the complete
procedural sequence exactly.

System Metric Rank
Score
Highest visible system  71.43 1/8
VerbaNexAl Lab 37.96 4/8
Task Accuracy
Highest visible system  0.63 1/8
VerbaNexAl Lab 0.17 4/8
Pairwise Micro Accuracy
Highest visible system  0.86 1/8
VerbaNexAl Lab 0.60 4/8
BERT F1
Highest visible system  0.79 1/8
VerbaNexAl Lab 0.71 4/8

Table 1: Compact summary of VerbaNexAI Lab perfor-
mance in the visible test-phase leaderboard.

For explanation quality, the system obtained
BERT Precision = 0.74, BERT Recall = 0.68, and
BERT F1 =0.71. In addition, both Predicted Cover-
age and Rationale Coverage reached 1.0, showing

that the pipeline generated complete predictions
and rationales for all evaluated samples. Compared
with the highest visible BERT F1 value of 0.79, the
semantic quality of the generated explanations was
relatively competitive.

The main performance gap was therefore concen-
trated in temporal ordering rather than in rationale
generation. While the best visible systems reached
substantially higher Task Accuracy and Pairwise
Micro Accuracy, our method showed a larger drop
in exact sequence reconstruction. This suggests
that the proposed zero-shot ordinal scoring strategy
can identify partial procedural progression, but re-
mains limited when distinguishing visually similar
or contiguous BLS states.

Overall, the results show that the proposed
framework can generate interpretable evidence
traces and complete rationales, but accurate frame
ordering remains the main bottleneck. Future im-
provements should therefore focus on strengthen-
ing temporal discrimination, reducing ambiguity
between adjacent procedural states, and improving
the tie-resolution mechanism used when frames
receive similar ordinal scores.

6 Conclusion

This work presented a two-stage hybrid architec-
ture for ordering clinical frames in the BLS subset
of ClinSkillQA. The framework combines visual
evidence extraction, ordinal procedural scoring,
and embedding-based tie resolution to generate
both sequence predictions and interpretable ratio-
nales. The results show that the system produced
complete predictions and explanations for all eval-
uated samples. However, its main limitation was
the exact reconstruction of procedural sequences,
especially when adjacent clinical states were vi-
sually similar. This suggests that isolated visual
recognition is not sufficient for robust procedural
ordering. Overall, the study highlights the poten-
tial of evidence-driven vision-language reasoning
for interpretable clinical skills assessment, while
also showing the need for stronger temporal mod-
eling to better distinguish fine-grained procedural
transitions.
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.1 Fine-grained Error Analysis

A qualitative inspection of the ordering behavior
suggests that the main difficulty was associated
with visually adjacent BLS states rather than with
completely unrelated procedural phases. This inter-
pretation is consistent with the difference between
Pairwise Micro Accuracy and Task Accuracy: the
model captured some local frame relationships, but
local ambiguities accumulated and affected exact
sequence recovery.

The most challenging transitions in BLS are
those in which adjacent procedural states share sim-
ilar visual cues. Early frames may show the rescuer
approaching or preparing the scene without clear
evidence of a specific procedural action. Similarly,
chest exposure and hand positioning may overlap
visually, since the chest can become visible be-
fore, during, or immediately after hand placement.
The transition between hand positioning and active
compressions is also difficult in static keyframes
because the presence of hands on the chest does
not necessarily indicate whether compression has
already started. Likewise, compression and adjust-
ment phases may share similar body posture when
the rescuer pauses, corrects hand position, or re-
sumes the maneuver.

These ambiguities help explain why the system
could generate complete rationales while still fail-
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ing to recover the exact sequence. The extracted
visual evidence was often sufficient to describe rele-
vant elements in the scene, but not always sufficient
to discriminate fine-grained temporal transitions
between adjacent BLS states. Therefore, the main
limitation of the current framework lies in convert-
ing local visual evidence into a globally correct
procedural order. This finding also supports the
role of the PCA-based tie-breaking mechanism as a
local ambiguity-resolution step for frames assigned
to similar or tied procedural stages, rather than as a
complete solution to temporal reasoning.

.2 Limitations of the Approach

The proposed approach has several limitations.
First, the system was evaluated in a zero-shot set-
ting, without task-specific fine-tuning, which likely
constrained its ability to distinguish visually sim-
ilar frames belonging to nearby procedural states.
Second, the Stage 1 representation depends on rule-
based extraction from short generated descriptions,
so relevant cues may be missed when the model ex-
presses the same evidence using unexpected word-
ing. Third, the Stage 2 formulation reduces tem-
poral reasoning to a discrete ordinal scale, thereby
improving stability but potentially oversimplify-
ing subtle transitions between adjacent clinical ac-
tions. In addition, the PCA-based tie-breaking strat-
egy is only an approximate solution, since a one-
dimensional projection does not explicitly model
temporal dependencies among frames. Finally, the
current experiments focused only on the BLS sub-
set, so the generalizability of the proposed pipeline
to other clinical procedures remains to be validated.
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Abstract

Detecting DMRS defense levels in emotional
support dialogues is challenging due to se-
vere class imbalance and fine-grained clini-
cal distinctions between adjacent levels, issues
well documented in psychotherapy-oriented
NLP surveys (Na et al., 2025). We present
zzucs for PsyDefDetect at BioNLP 2026 (Na
et al., 2026a), adopting a data—supervision
co-design strategy. SCCR applies stratified
resampling to balance support across nine de-
fense levels. CoR-QLoRA encodes clini-
cal rubrics, including task contracts, taxon-
omy definitions, and boundary cues, into static
prompts for 8B model fine-tuning. Ablations
show SCCR improves macro-F1 by 4.9 points
over random oversampling. Our system from
team zzucs, submitted on CodaBench under
the display name sly_zzu with submission ID
652647, achieves 0.3585 macro-F1 on the of-
ficial blind-test leaderboard LB1. It ranks
6th of 21 registered teams with official sub-
missions and surpasses all published 8B base-
lines by 4.4 F1 points over the strongest 8B
comparator, Ministral-8B. The code has been
released at https://github.com/jackssdd/
zzucs_psydefdetect_code.

1 Introduction

Psychological defenses, broadly defined as auto-
matic strategies for managing distress, shape how
individuals disclose emotions and respond to thera-
peutic support (Vaillant, 1992; Perry and Henry,
2004). The Defense Mechanism Rating Scales
(DMRS) operationalize these constructs into a
validated clinical taxonomy comprising three de-
fensive categories, seven functional levels, and
thirty specific mechanisms (Perry and Henry, 2004;
Di Giuseppe and Perry, 2021). Despite their cen-
trality in clinical theory, computational detection
of defensive functioning in conversational settings
remains largely unaddressed in current emotional
support dialogue (ESD) systems (Liu et al., 2021;

Rashkin et al., 2019).

The PSYDEFCONYV corpus (Na et al., 2026b)
introduces the first conversational dataset annotated
with DMRS defense levels, establishing a nine-way
classification task over help-seeker utterances. The
PsyDefDetect shared task at BioNLP 2026 formal-
izes blind leaderboard evaluation on this setting
(Na et al., 2026a). Recent surveys also contex-
tualize LLMs in psychotherapy (Na et al., 2025).
Although this appears to be a standard multi-class
problem, it poses two concrete challenges that limit
conventional supervised learning:

1. Severe distributional imbalance: Level 7
(high-adaptive) defenses dominate 51.8% of
seeker turns, while Level 1 (action) and Level
5 (neurotic) each constitute merely 2.6-5.8%
(Na et al., 2026b). Standard training is biased
toward majority classes, leading to poor cov-
erage of clinically important but rare defense
levels.

2. Clinical granularity: Adjacent DMRS lev-
els encode subtle distinctions. For example,
disavowal at Level 3 and neurotic defenses at
Level 5 both involve avoidance, but they differ
in awareness and displacement patterns that
remain hard to capture with vanilla classifica-
tion objectives, even with strong pre-trained
representations.

We argue that simply scaling model size is in-
sufficient for this long-tailed, clinically nuanced
setting. While instruction tuning broadly im-
proves LLM task performance (Zhang et al., 2023),
severely imbalanced clinical taxonomies still re-
quire targeted data and supervision design rather
than a larger backbone (Na et al., 2025). We there-
fore adopt two complementary strategies:

* Data-centric rebalancing: stratified class-
conditional resampling with replacement,
which preserves within-class diversity while
equalizing class support.

Proceedings of the BioNLP 2026 (Shared Tasks), pages 13-23
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* Rubric-based prompting: encoding DMRS
taxonomy definitions and pairwise boundary
cues as a static input prefix, providing struc-
tured clinical supervision without inference-
time generation.

Contributions. Our work makes three contri-
butions: (i) SCCR, a stratified resampling method
for class-imbalanced clinical dialogue data, which
improves macro-F1 by 4.9 points over random over-
sampling and 9.5 points over no resampling (Ta-
ble 1). (ii) Chain-of-Rubric (CoR) prompting, a
structured prompting method that encodes DMRS
taxonomy definitions and boundary cues directly
in the input prefix. (iii) Results on the official LB1
blind-test leaderboard (Na et al., 2026a) showing
our 8B QLoRA system outperforms all published
fine-tuned 8B baselines. Due to the system pa-
per page limit, related work is deferred to Ap-
pendix A.

2 Related Work

Na et al. (2026a) describe PsyDefDetect at
BioNLP 2026: nine-way DMRS defense-level de-
tection with blind leaderboard metrics over PSY-
DEFCONYV (Na et al., 2026b). Na et al. (2025)
survey LLM applications in psychotherapy and
identify challenges around data sparsity and eval-
uation, which motivates structured clinical super-
vision for DMRS-level tasks. Most emotional sup-
port dialogue (ESD) resources emphasize supporter
strategies and empathy ratings (Liu et al., 2021;
Rashkin et al., 2019). In contrast, PSYDEFCONV
targets seeker-side DMRS defense levels as a dis-
tinct clinical classification problem. Long-tailed
text classification is tackled via reweighting, such
as focal loss (Lin et al., 2017), resampling (Chawla
et al., 2002), or quality-aware synthesis (Peng et al.,
2024; Zhou et al., 2024). Our SCCR uses strati-
fied resampling without generative augmentation to
protect DMRS validity. Parameter-efficient adap-
tation (LoORA/QLoRA (Hu et al., 2022; Dettmers
et al., 2023)) and structured or chain-style prompts
(Wei et al., 2022; Wu et al., 2024) inform our CoR
design. Appendix A provides an expanded discus-
sion with additional positioning and citations.

3 Methodology

3.1 Task formulation

Each instance comprises dialogue history d, current
seeker utterance u, and label y € ) = {0,...,8}
indexing DMRS levels plus no defense (0) and
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needs more information (8), as defined for Psy-
DefDetect (Na et al., 2026a,b). We predict y from
contextualized encoding of composed input z.

3.2 Module I: Stratified Class-Conditional
Resampling (SCCR)

Motivation. PSYDEFCONYV exhibits extreme dis-
tributional skew (Appendix Fig. 2, left): Level 7
comprises 1,211 instances (51.8%), while Level 1
(action defenses) and Level 5 (neurotic) comprise
merely 61-136 instances (2.6-5.8%) each. These
rare classes represent clinically important defen-
sive patterns (e.g., impulsive acting-out at Level
1 and repressed conflict at Level 5) that standard
training tends to ignore due to majority-class bias.
Formalization. Partition training set D into per-
class subsets D, with sizes n. = |D,|. The class
cardinality target matches the largest class:

€]

N* = maxn,
cey

For each ¢, we build multiset D, by sampling with
replacement from D, until |[D,| = N*, then form
D = Shuffle(|J,, D.). Pseudocode is given as Al-
gorithm 1 in Appendix C.

Unlike random oversampling, which duplicates
instances drawn uniformly from the union D un-
til an aggregate balance heuristic is met, SCCR
sets an explicit per-class target N* equal to the
majority count and resamples within each stratum
D. independently. This equalizes effective supervi-
sion across all nine labels while keeping duplicates
drawn only from clinically homogeneous buckets.

The result is a balanced training set (Appendix
Fig. 2, right) that preserves within-class diversity
through replacement sampling. Importantly, we
avoid synthetic utterance generation, which could
distort DMRS clinical validity.

Validation protocol. Validation uses the same
stratified holdout construction as training splits (at
least five labeled examples per class), but we do not
apply SCCR oversampling there: frequencies fol-
low the natural validation distribution so macro-F1
tracks generalization rather than artificial balance.
Checkpoint selection maximizes macro-F1 on this
naturally distributed validation set.

3.3 Module II: Chain-of-Rubric (CoR)
Prompting with QLoRA

Figure 1 summarizes the full pipeline. Appendix

Fig. 3 illustrates the three-channel rubric layout in

detail.
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Figure 1: System architecture. Module I (SCCR) transforms imbalanced training data through stratified over-
sampling with replacement. Module II (CoR—QLoRA) constructs three-channel rubric prompts (task contract,
taxonomy definitions, boundary cues) for injection into a quantized 8B backbone with LoRA adapters. Training
employs imbalance-aware focal loss with inverse-frequency class weighting.

Three-channel rubric design. We construct in-
struction prefix 7 as channel concatenation:

1. Task Contract (Channel a): Output space ),
role restriction (seeker-only), evidence bound-
ary (context up to current turn).

2. Taxonomy Channel (Channel b): One-
sentence definitions for each DMRS level (0—
8) based on the clinical taxonomy, giving the
model explicit conceptual anchors.

3. Boundary Channel (Channel c): Pairwise dis-
ambiguation cues for adjacent level pairs that
commonly cause confusion:

* Level 2 vs 4: extreme versus milder image
distortion

* Level 3 vs 5: defensive avoidance versus
indirect neurotic displacement

* Level 6 vs 7: rigid intellectualization ver-
sus flexible adaptive coping

Rationale. While chain-of-thought prompting
(Wei et al., 2022) improves reasoning through in-
termediate generation, this incurs inference-time
overhead and can introduce hallucinated reasoning
chains. By encoding the rubric directly in the in-
put prefix, we guide the model toward clinically
meaningful distinctions without any inference-time
generation cost.
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Input serialization.

z= || META(d, u)
rubric metadata 2)
I CTX(d) || _u
—— ~
context target
QLoRA adaptation. We encode 2z with

Ministral-8B-Instruct (4-bit NF4 quantization
(Dettmers et al., 2023)), attach a 9-way clas-
sification head, and fine-tune LoRA adapters
(r=16, =32, dropout 0.05) on attention and MLP
projection paths (Hu et al., 2022).

3.4 Imbalance-aware optimization

Combining inverse-frequency class weights «,, o<
1/n, with focal loss (Lin et al., 2017):

1
»Cfocal: _H Z ay(l

(z,y)ef)
x log pg(y|z)

where y=1.5 and o, are renormalized to sum to
|V|. Checkpoints are selected by macro-F1 on strat-
ified validation sets with class-wise evaluation.

—po(ylz))”
3)

4 Experiments

4.1 Experimental setup

Data We train on the official stratified PsyDefDe-
tect training partition of PSYDEFCONYV (Na et al.,



Configuration Acc. Macro-P F1

Resampling:

No resampling .523 .301 .289
Random oversampling  .561 342 335
SCCR (stratified) 608 468  .384
Prompt design:

CoR v1: minimal 579 422 351
CoR v2: + taxonomy .608 468 384
CoR v3: + boundary  .612 471  .388
Loss functions:

Standard CE 589 446 371
Class weighting only .598 459 380
Focal (y=1.5) + weight .608 .468 384

Table 1: Controlled ablations on stratified vali-
dation sets (not blind test). All experiments use
SCCR+focal+CoR v2 as base, varying one factor. Note:
Validation F1 is higher than blind test (0.3585 in Ta-
ble 2) due to distribution similarity with training.

2026b,a): 2,336 seeker utterances with 9-way la-
bels. Validation follows the protocol in §3.2, using
a stratified holdout with natural class frequencies
and at least five examples per class.

Implementation. Base model: Ministral-8B-
Instruct-2410. QLoRA uses 4-bit NF4. Max se-
quence length is 384. Training: 5 epochs, LR
2x 1075, warmup 5%, batch size 1 with gradient ac-
cumulation (effective batch 4-8). See Appendix D
for complete hyperparameters.

4.2 Ablation studies

Table 1 summarizes single-factor ablations on strat-
ified validation. Expanded interpretation is in Ap-
pendix F. Resampling: SCCR outperforms both
no resampling and random oversampling (+4.9—
9.5 F1), consistent with stratified class-conditional
replacement sampling. Prompt design: Taxon-
omy (v2) and boundary cues (v3) improve over
v1. Version v3 attains the best F1 despite a higher
eval loss than v2. Loss: Focal loss (y=1.5) with
inverse-frequency weighting beats standard CE and
weighting-only variants.

4.3 Comparison to published baselines

Table 2 contextualizes our result against pub-
lished benchmarks tabulated by Na et al. (2026b),
following the PsyDefDetect evaluation framing
and leaderboard metrics summarized by Na et al.
(2026a). This aligns with observations in Na et al.
(2025) that clinical NLP tasks benefit from struc-
tured supervision beyond generic LLM scaling.
Our primary metric is official LB1 macro-F1 =
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System Ace. P R F1
Zero-shot LLMs (from (Na et al., 2026b)):
GPT-5 528 276 .166 .195
Gemini 2.5 Pro .564 .275 261 .260
DeepSeek-V3.2 .557 297 275 262

Fine-tuned 8B (from (Na et al., 2026b)):

Llama3.1-8B .629 332 .301 .305
GLM-4-9B 629 301 295 .286
Qwen3-8B .614 301 .289 .284
InternLM3-8B  .640 .335 299 .305
Ministral-8B .648 .340 .305 .315
Ours (zzucs) 644 397 352 .359°

Table 2: Baseline numbers reproduced from Table 5
of Na et al. (2026b) (not our re-implementations).
fOfficial LB1 blind-test macro-F1 for team zzucs is
0.3585. Rank is 6/21 among registered teams with of-
ficial submissions. Submission ID is 652647, and the
CodaBench display name is sly_zzu.

0.3585 on the blind test (Na et al., 2026a). Table 1
shows development-set ablations. Our 8B QLoRA
system achieves superior Macro-P (0.3969) and
Macro-F1 (0.3585), outperforming the strongest
listed 8B full fine-tuning baseline (Ministral-8B at
0.3148 F1) by 4.4 F1 points.

4.4 Error analysis

On our stratified validation split, errors dispropor-
tionately map to Level 7, accounting for about 54%
of mistakes. Adjacent-level confusion remains con-
centrated on 3 vs. 5 and 6 vs. 7 despite boundary
cues. Rare Levels 1 and 5 also remain recall-limited
after SCCR. Appendix E reports the full diagnostic
breakdown and discussion.

5 Conclusion

We described a data and supervision co-design ap-
proach for DMRS defense-level detection, com-
bining stratified resampling (SCCR) with rubric-
based prompting (CoR) and quantized LoRA fine-
tuning. SCCR improves macro-F1 by 4.9 points
over random oversampling, and adding boundary
cues to the prompt yields further gains despite a
higher validation loss, suggesting that structured
clinical knowledge acts as a useful regularizer. Our
8B QLoRA system outperforms the strongest pub-
lished 8B fine-tuning baseline, showing that tar-
geted data and prompt engineering can compensate
for limited model scale on clinically fine-grained,
long-tailed tasks.

Future work includes dynamic rubric retrieval
for ambiguous utterances, quality-preserving syn-



thetic augmentation for rare classes, and cross-
lingual transfer to Chinese and Spanish settings
where DMRS frameworks may differ. Ethical
note: Automated defense labels are research tools
for analyzing supportive dialogue, not diagnostic
substitutes.

Limitations

Language scope: English-only. DMRS taxonomy
transfer to other languages requires validation.

Evaluation variance: Single submitted run.
Seed and hyperparameter sensitivity remain un-
characterized.

Modality restriction: Text-only. Prosodic cues
such as hesitation and affect are unavailable.

Rubric design: Hand-crafted boundary cues.
Learned or retrieved rubric augmentation may im-
prove adaptability.

Clinical validity: Synthetic rare-class augmen-
tation must preserve DMRS clinical semantics, an
open research challenge.
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A Related Work (expanded)

Emotional support dialogue and defensive functioning. ESConv (Liu et al., 2021) established strategy-
grounded supportive interaction corpora, with subsequent work extending multi-strategy turn planning
and empathetic response evaluation (Rashkin et al., 2019; Liu et al., 2022). However, existing ESD
benchmarks focus on supporter strategy selection or empathy ratings, and largely ignore seeker-side
defensive functioning, i.e., how distressed individuals manage psychic pain through DMRS defense
mechanisms (Na et al., 2026b). Our work addresses this gap by targeting PSYDEFCONYV under the
PsyDefDetect protocol (Na et al., 2026a). The challenges we observe are consistent with broader
psychotherapy LLM issues surveyed by Na et al. (2025).

Long-tailed recognition in text classification. Natural class imbalance in real-world text corpora
motivates diverse mitigation strategies. Reweighting approaches (focal loss (Lin et al., 2017), label-
distribution-aware margins (Cao et al., 2019)) adjust loss contributions. Resampling approaches oversam-
ple minorities or undersample majorities, with naive random oversampling risking duplicate overfitting
(Chawla et al., 2002). Recent work emphasizes quality-aware synthesis. Text Grafting (Peng et al.,
2024) mines near-distribution templates for minority class augmentation. BalDistill (Zhou et al., 2024)
dynamically selects representative head examples while synthesizing tail domain instances for knowledge
distillation. SCCR differs by pursuing pure resampling without synthesis, leveraging the clinical
specificity of PSYDEFCONYV utterances where synthetic preservation of DMRS validity is challenging.

Parameter-efficient adaptation and structured prompting. LoRA and its quantized variant QLoRA
enable efficient adaptation of large LMs with minimal trainable parameters (Hu et al., 2022; Dettmers
et al., 2023). Concurrent work explores adaptive freezing (AFLoRA (Liu et al., 2024)) and mini-ensemble
adapters (MELoRA (Ren et al., 2024)) for improved capacity—efficiency tradeoffs.

For classification under limited supervision, chain-of-thought prompting (Wei et al., 2022) exposes
intermediate reasoning. Similar gains can also come from schema-based instructions that encode task
structure without generation overhead. Clinical NLP applications demonstrate structured prompting
efficacy: MEDIQA-CORR systems employ multi-stage clinical chain-of-thought for medical error
detection (Wu et al., 2024; Alzghoul et al., 2024). We extend this line of work by encoding pairwise
boundary cues for adjacent DMRS levels directly into the static prompt, providing clinical knowledge
supervision without inference-time generation.

B Official benchmark portal

The PsyDefDetect organizers designate LB1 (macro-F1 on blind test) as the official shared-task metric
(Na et al., 2026a). Numbers should be verified against the official results sheet'.

Team zzucs achieves LB1 macro-F1 = 0.3585, ranking 6th of 21 registered teams that submitted to
official evaluation.

The public CodaBench leaderboard (results tab) aggregates all uploaded entries. The organizers
note that it contains 64 entries overall, while the official shared-task ranking is computed over the 21
registered teams with official submissions: https://www.codabench.org/competitions/12124/#/
results-tab.

C Supplementary figures (SCCR and CoR)

For readability, high-resolution plots referenced from §3.2-3.3 are placed here.

D Implementation details

Hardware. NVIDIA RTX 3090 (24GB) and A100 (40GB) GPUs are used. Training time is approxi-
mately 45 minutes per run.

1https://docs.google.com/spreadsheets/d/1fMDIwC4sisOguLKm3de2quC4_ijAiHqu_QQuldS/edit?gid=0#
gid=0

19


https://www.codabench.org/competitions/12124/#/results-tab
https://www.codabench.org/competitions/12124/#/results-tab
https://docs.google.com/spreadsheets/d/1fMDIwC4sisOguLKm3yMd2uMrC4_KjmAiHuWm_QQuld8/edit?gid=0#gid=0
https://docs.google.com/spreadsheets/d/1fMDIwC4sisOguLKm3yMd2uMrC4_KjmAiHuWm_QQuld8/edit?gid=0#gid=0

Algorithm 1 Stratified Class-Conditional Resampling (SCCR)
Require: Training set D, label space )
Ensure: Balanced dataset D
1: Partition D into per-class subsets D,
N* < max, |D.|
for e~ach c€e Ydo
D, + {}
while |D.| < N* do
x ~ Uniform(D,)
D, + D.U {z}
end while
end for
D « Shuffle(, D,
. return D
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Figure 2: SCCR. Left: original training distribution (Level 7 majority). Right: after resampling, each class has
N*=1,211 examples (replacement sampling).

Software stack. PyTorch 2.1.2, Transformers 4.36.2, PEFT 0.7.1, BitsAndBytes 0.41.3, LLaMA-Factory
0.6.0.

Hyperparameters.

¢ Base model: Ministral-8B-Instruct-2410 (vocab size 32000)

* Quantization: 4-bit NF4, double quantization enabled, compute dtype bfloat16, quant type nf4

* LoRA: r = 16, « = 32, dropout 0.05, bias none, target modules
g_proj,k_proj,v_proj,o_proj,gate_proj,up_proj,down_proj

* Training: 5 epochs, LR 2 x 107° constant with warmup, warmup ratio 5%, batch size 1, gradient
accumulation steps 8 (effective batch 8)

s Optimizer: AdamW, 31 = 0.9, B2 = 0.999, ¢ = 1 x 1078, weight decay 0.01, max grad norm 1.0

* Focal: v = 1.5, class weights «, o 1/n, renormalized to sum to 9

* Early stopping: patience 5 on macro-F1, evaluation strategy steps, eval steps 80

SCCR implementation. Python/NumPy with fixed seed (42) for reproducibility. Training receives
SCCR-balanced multisets as in Algorithm 1. For validation, we hold out a stratified subset with natural
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Chain-of-Rubric (CoR) Construction

(a) Task Contract
* Role: seeker-only classifier
* OQutput: single digit 0-8
s Evidence: dialogue context up to current turn
>

Z
(b) Taxonomy Channel b

0=No Y 2=Major . 4=Minor - ; " . 7=High-
[ Deren ] [ 1=Action } Lmage-Distort] [3—Dlsavowal][| mage-Distort] [S-Neurotch [G-ObsesswnalJ [ Adaptive ]
- -
4 \g

(c) Boundary Channel (Optional)

2 vs 4: extreme vs milder distortion 3 vs 5: avoid vs indirect style 6 vs 7: rigid vs flexible coping
- il J
L J
Y
Final Input z = 7 || Context || Current Utterance

Info

8=Needs J

Figure 3: Chain-of-Rubric (CoR) prompt. Prefix 7: task contract, nine-level taxonomy, pairwise boundary cues.

label frequencies and at least five examples per class where available. If |n.| < 5 in the validation fold,
we use all examples of class ¢ without replacement.

E Error analysis (diagnostic)

Level 7 over-prediction. Even with SCCR, models conservatively predict Level 7 for ambiguous
utterances (54.2% of errors). This suggests residual majority bias from pre-training on general-domain text
where adaptive coping is linguistically dominant. Margin-based calibration or decoupled representation
learning may further mitigate this.

Boundary confusion. Adjacent levels with subtle distinctions remain challenging despite boundary
channel injection. Confusion between Level 3 and Level 5 constitutes 23.7% of errors, while confusion
between Level 6 and Level 7 accounts for 18.4%. Manual inspection reveals contextual ambiguity (e.g.,
sarcasm masking disavowal) defeats explicit rubric cues, suggesting need for dynamic rubric conditioning
on utterance context.

Rare class recall. Levels 1 (action) and 5 (neurotic) achieve 38.2% and 41.7% recall respectively even
with SCCR. This indicates that data quantity alone is insufficient. These clinically critical but rare patterns
may require specialized synthetic augmentation that preserves DMRS validity, or multi-task pretraining
on related clinical constructs such as impulsivity and repression.

F Ablation discussion (expanded)

This section expands the interpretation of Table 1 referenced from §4.2.

Resampling. SCCR yields gains over both no resampling (+9.5 F1) and random oversampling (+4.9
F1). The key difference is per-class targeting to N*, rather than uniform random duplication, which
equalizes class support while keeping each class’s internal diversity intact.

Prompt design. Progressive rubric enrichment improves performance. Version v2 with the taxonomy
channel gains +3.3 F1 over v1, and version v3 with boundary cues adds another +0.4 F1. Notably, v3’s
best validation loss is higher than v2 (0.6441 vs 0.6219), yet v3 achieves better F1. This suggests that the
boundary cues act as a form of regularization, improving generalization even when the model has not
fully minimized training loss.

Loss functions. Focal loss with y=1.5 improves over standard CE (+1.3 F1) and pure class weighting
(+0.4 F1), confirming hard-example mining benefits in this long-tailed setting.
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G Complete CoR prompt template (v3)

PSYDEFCONV — DMRS Defense Level Classification for Help-Seeker Utterances

[TASK CONTRACT]

Role: Classify the help-seeker's CURRENT utterance only (not supporter).
Output: Single digit ©-8 representing defense level. No explanations.
Evidence boundary: Use ONLY provided dialogue context up to current turn.

[TAXONOMY CHANNEL — DMRS Level Definitions]

@ No Defense — Phatic/functional utterances with no psychological conflict.

1 Action Defenses — Distress acted impulsively on environment; impulsive,
little reflection (e.g., acting out, passive aggression).

2 Major Image-Distorting — Extreme black-white splitting of self/other
representations; gross distortion to manage intolerable anxiety.

3 Disavowal — Denial, rationalization, projection, autistic fantasy;
refusing to acknowledge unacceptable aspects of reality.

4 Minor Image-Distorting — Milder self-esteem protection than Level 2;
devaluation, idealization, omnipotence with less severity.

5 Neurotic — Repression, dissociation, reaction formation, displacement;
managing conflict by keeping unacceptable wishes out of awareness.

6 Obsessional — Isolation of affect, intellectualization, undoing;
feelings split from facts, rigid, excessive logic, flat affect.

7 High-Adaptive — Affiliation, altruism, anticipation, humor, sublimation;
flexible, constructive coping integrating feelings with plans.

8 Needs More Information — Context insufficient for classification.

[BOUNDARY CHANNEL — Pairwise Disambiguation]
If uncertain between:
- Level 2 vs 4: 2 = extreme/gross distortion; 4 = milder self-esteem protection
- Level 3 vs 5: 3 = defensive avoidance/externalizing; 5 = indirect/displaced
neurotic style with conflict kept unconscious
- Level 6 vs 7: 6 = rigid affect-intellect split, technical/detached;
7 = flexible integration of feelings with constructive coping

[OUTPUT FORMAT]
Single digit: 0]1]2|3]4]5]6/7]8
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H Per-class performance breakdown

Level Without SCCR With SCCR
Prec. Recall Fl | Prec. Recall Fl

0.72 058 0.64 | 0.74 0.68  0.71
0.12 0.08 0.10 | 0.38 038 038
0.21 0.15 0.17 | 042 041 041
0.28 022 024 | 045 044 044
0.25 0.18 0.21 | 041 039 040
0.14 0.09 0.11 | 042 042 042
0.48 038 042 | 052 051 051
0.68 082 0.74 | 0.64 0.71 0.67
0.35 028 031 | 048 046 047

O NP W —O

Table 3: Per-class precision, recall, and F1 scores on validation set, comparing training without and with SCCR
resampling. SCCR dramatically improves rare class (1,2,3,4,5) performance (+27-31 F1 points) while slightly
reducing majority class (7) performance (-7 F1), indicating effective rebalancing.

I Negative results and abandoned directions
All macro-F1 figures: validation, classes 0-8 (not blind test).

Encoders. BERT-/RoBERTa-/ALBERT-base (CLS head) reached only 0.16—0.18: short context, imbal-
ance, and adjacent-level DMRS cues favor larger encoders.

Two-LLM few-shot augmentation. G uses label-conditioned few-shot ICL to propose Z. S then scores
the candidate with threshold 7. Accepted pairs (Z, ¢) are added to D (Alg. 2).

Algorithm 2 Few-shot LLM generate + score (abandoned)

Require: D, Viare, pools E5", £5 LLMs G, S, 7, K.
Ensure: D’
1: D« D

2: for ¢ € Yiare do

3: fork=1,...,K.do

4: T + G(GENPROMPT(EE™, ¢))
5: s <— S(SCOREPROMPT(E5, 7))
6: if s > 7 then

7: D'+ D uU{(zc)}

8: end if

9: end for

10: end for

11: return D’

Retraining reached ~0.26 macro-F1, which is below stronger non-augmented runs. We therefore use
SCCR on real utterances instead (§3).

Ensemble. QLOoORA on Qwen2.5-7B + Qwen3-8B with logits averaging reaches ~0.28. This remains
well below Ministral-8B + SCCR + Focal, and errors stay correlated on pairs such as 3/5 and 6/7.

Approach Macro-F1 (val.)
BERT-base (CLS) 0.16
RoBERTa-base (CLS) 0.17
ALBERT-base (CLS) 0.18
Two-LLM few-shot + filter (Alg. 2) ~0.26
Qwen2.5-7B + Qwen3-8B QLoRA ensemble ~0.28

Table 4: Suboptimal explorations (validation macro-F1, classes 0-8).
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Abstract

Multimodal Large Language Models (MLLMs)
show strong medical visual understanding.
Their capability for continuous perception in
procedural clinical workflows remains under-
explored. We present Perceive-and-Plan,
a decomposed in-context learning paradigm
for clinical skill keyframe reordering. The
method separates visual perception from tem-
poral planning: (1) structured visual percep-
tion with saliency-guided Picture-in-Picture
(PiP) composition that magnifies critical re-
gions (head, chest) as color-coded insets, and
(2) temporal reasoning with chain-style self-
verification via fresh conversation reset and
visual-evidence anchoring under BLS Rules
R1-R11. With frozen backbone weights, our
system achieves 71.43 overall (2nd, ClinSkill
QA 2026), 0.86 pairwise accuracy, and 1.0 ra-
tionale coverage. Structured prompting with
saliency-guided inputs improves procedural
understanding in MLLMs. Code is avail-
able at https://github.com/NanceTide/
clinskillga-perceive-and-plan.

1

Multimodal Large Language Models (MLLMs)
perform well on visual understanding (Liu et al.,
2023; OpenAl et al., 2023), yet applying them
to procedural clinical workflows, where temporal
causality and state transitions matter, remains dif-
ficult. Clinical skill assessment requires continu-
ous perception: interpreting keyframe sequences,
tracking subtle state changes (e.g., clothing ex-
posure, automated external defibrillator pad adhe-
sion), and reconstructing procedural timelines from
visual evidence.

The ClinSkill QA 2026 benchmark formalizes
this as a keyframe reordering task: given 4-6
shuffled BLS frames, models must reconstruct
the chronological sequence and generate clinically
grounded explanations with visual-evidence an-
choring.

Introduction

24

Current end-to-end prompting approaches suffer
from two limitations: (1) perceptual ambiguity
(fine-grained details are lost in wide-angle views),
and (2) reasoning interference (when description
and ordering are conflated, models exhibit temporal
hallucination and favor textbook templates over
visual evidence).

We propose Perceive-and-Plan, a decomposed
prompting paradigm: (1) perception (visual analy-
sis with saliency-guided Picture-in-Picture compo-
sition), and (2) planning (temporal reconstruction
in a fresh conversation with chain-style verifica-
tion). Both stages rely on in-context learning (ICL)
with frozen parameters.

Contributions: (1) PiP composition that mag-
nifies head and chest regions as color-coded insets,
(2) decomposed ICL that separates description
from ordering via a Visual Anchors protocol, and
(3) strong official results on ClinSkill QA 2026:
71.43 overall (2nd), 0.86 pairwise accuracy, and
1.0 rationale coverage.

2 Related Work

Prior work studies temporal multimodal reason-
ing on generic sequence QA and medical multi-
image tasks (Wang et al., 2024; Yu et al., 2025;
Huang et al., 2026), with surgical phase recogni-
tion (Twinanda et al., 2017) and laparoscopic skill
assessment (Liao et al., 2025) as related clinical
precedents. Clinical keyframe ordering remains
comparatively underexplored.

In-context learning (ICL) supports multimodal
adaptation without gradient updates (Dong et al.,
2023; Baldassini et al., 2024), yet much of it tar-
gets discrete classification or VQA rather than con-
strained sequence generation. We focus on clini-
cal procedural ordering with evidence-grounded
rationales, using stage-wise decomposition and
saliency-guided perception. Further benchmark-
level discussion appears in Appendix A.
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3 Methodology

3.1 Overview

Our Perceive-and-Plan paradigm decomposes
clinical keyframe reordering into two functionally
isolated stages. Formally, we define a mapping

F: V=S (1)

where V = {I1,..., Iy} denotes the unordered
keyframe sequence and S denotes the chronologi-
cally sorted permutation. As illustrated in Figure 1,
the framework factorizes this mapping as:

S=¥V,eV)) ()

where ® denotes the perception module, ¥ denotes
the reasoning module, and V' represents the set of
saliency-enhanced frames.

1. Stage I: Structured Visual Perception (®):
Extracts a 4-dimensional clinical state vector
d; from each keyframe I;, covering:

» QOperator posture

* Hand movement dynamics

* Equipment status

* Patient surface/exposure state

Mitigation of Perceptual Ambiguity: We apply
a saliency enhancement function Epip defined
as:

I = &Epip(1;)
= ComPOSite (Ii; Chead([i)a Cchest<Ii))
(3
where Cheaq and Cepest denote magnified, color-
coded insets of head-neck (red border) and
chest-hands (blue border) regions.

2. Stage II: Temporal Planning with Self-
Verification (V): Operates under Conversa-
tion Isolation:

Context(¥) N Context(®) =0  (4)

The reasoning incorporates original frames
V), pre-computed descriptors {d; }, constraint
rules R, and a Visual Anchors Protocol A for
evidentiary grounding.

Both stages call Qwen3.6-Plus under ICL, lever-
aging long-context multi-image reasoning. Parame-
ters 0 are frozen (A# = 0), and behavior is shaped
by prompts and input construction alone.

3.2 Stage I: Structured Visual Perception with
PiP Enhancement

Stage I addresses missed fine-grained cues by in-
creasing the effective resolution of salient clinical
regions (ROIs). The input construction function
Epip 18:
I} = Grid( I; ®
Resize(Crop(1;, bboxpead)) ®  (5)
Resize(Crop(1;, bboxchest)))

where & denotes spatial composition with color-
coded borders. The perception module ¢ projects
this enhanced input into a structured semantic tu-
ple:

d; = ®(I]) = (Posture, Hands,

. (6)
Equipment, Surface);

The prompt conditions ¢ on BLS rule library R as
procedural priors, enforcing concise representation
for cross-frame comparability. Implementation de-
tails appear in Appendix C.3.

3.3 Stage II: Temporal Planning with
Self-Verification

3.3.1 Fresh Conversation Reset

Conversation Isolation Protocol: Stage II initial-
izes with context window Cy strictly independent
of Stage I:

Cy = {System Prompt, V,{d;}, R}

7
st. Aturnt € Cop ™

This isolation ensures that the ordering process
WU is not biased by linguistic priors or confidence
calibration of description stage ®.

The planning module ¥ consumes original
frames V), pre-computed descriptors {d; }, and clin-
ical constraints R to execute a chain-of-verification
protocol:

1. Anchoring: Enumerate visual evidence &,
mapping each state transition to a spatial loca-
tion in I;

2. Rationalization: Generate clinical narrative
N explaining temporal adjacency matrix A

3. Serialization: Output machine-parseable or-
dered sequence &

Temperature is reduced in this stage (7 = 0.2)
to minimize format drift, contrasting with higher
variability in Stage I (7 = 0.6).
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Two-Stage Pipeline with Saliency-Guided Perception
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4-Dim
Descriptions

P|P Composne

+ Descriptions SORTED_ORDER

Ttgel + order_rationale
: + BLS Rules (VISUAL_ANCHORS -
Frame A || FrameB || FrameC (R1-R11) Chain-of-Verification)
b
Key Design Choices

L £ In-Context Learning & Saliency Enhancement £ Fresh Conversation @ Self-Verification )

Figure 1: Two-stage pipeline with saliency-guided perception. Stage I extracts structured four-dimensional
descriptions from ROI-enhanced PiP composites. Stage II orders frames with self-verification in a fresh conversation
to limit carry-over bias from Stage I. Design elements include ICL with frozen weights, head/chest saliency zoom, a
stage-wise conversation reset, and chain-of-verification with visual anchors.

3.4 Implementation Details * Prediction Coverage / Rationale Coverage:

We use the Qwen3.6-Plus API with 7y = 0.6 Completeness metrics
(Stage I) and » = 0.2 (Stage II), without fine-
tuning, LoRA, or PEFT. Improvements come from
prompts and PiP-style input augmentation (Epjp).  Table 1 lists detailed metrics on the official Cod-
Full prompts, retry logic, and parsing schemas ap-  aBench test set.

pear in Appendices C-C.5.

4.2 Main Results

Metric Value Interpretation
4 EXperimentS Overall Score 71.43  Primary metric
Task Accuracy 0.63  126/200 exactly correct
. Pairwise Micro 0.86  Strong local ordering
4.1 Dataset and Evaluation BERT Precision 0.79  Semantic precision
. . . BERT Recall 0.79  Semantic recall
ClinSKill QA 2026 comprises 200 sets of shuffled BERT F1 0.79 Balanced quality
. . . Prediction Coverage 0.99  198/200 valid predictions
keyfl’ames from Basic Life Support (BLS) train- Rationale Coverage 1.0 200/200 with rationale

ing videos at Zhongnan Hospital, Wuhan Univer-
sity. Each set has 4—6 frames from a continuous  Table I: Performance metrics on ClinSkill QA 2026 test
procedure (CPR, automated external defibrillator et (Team: baovy/zzunlp).

deployment, airway management). Ground truth is

expert-annotated chronological order and clinical Strengths: Pairwise accuracy 0.86 indicates
rationales. strong relative ordering even when exact permu-
Evaluation metrics: tations fail. Rationale coverage 1.0 shows that the

chain-of-verification protocol reliably yields struc-
* Task Accuracy: Exact match of predicted  yred explanations.

order to ground truth

) . 4.3 Result Analysis
» Pairwise Accuracy: Fraction of adjacent

frame pairs correctly ordered The gap between task accuracy (0.63) and pairwise
accuracy (0.86) reflects correct local relations with

* BERTScore F1: Similarity between gener- residual long-range errors. BERTScore F1 (0.79)
ated and reference rationales indicates solid semantic alignment with references.
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Figure 2: Saliency-guided input enhancement via PiP composition. (a) Original frame with indicated Head (red) and
Chest (blue) regions. (b-c) Zoomed crops for head/airway and chest/hands details. (d-e) Individual PiP composites
with color-coded borders. (f) Final input to MLLM combining full scene with both magnified insets.

Additional error patterns and qualitative cases ap-
pear in Appendix B.

5 Conclusion

We present Perceive-and-Plan, a decomposed ICL
approach that isolates saliency-guided PiP percep-
tion from chain-style temporal planning with self-
verification. On ClinSkill QA 2026 it ranks sec-
ond overall (71.43) with frozen model weights.
Together, saliency-guided inputs, lightweight do-
main rules, and explicit verification steps pro-
vide a practical approach to procedural reasoning
with MLLMs, suited for data-limited and privacy-
sensitive educational settings.

Limitations: The system depends on proprietary
API access and rate limits. PiP crops are hand-
designed for typical BLS manikin layouts and may
require retuning for other skills or camera view-
points. We do not study ensembling or test-time
adaptation.

Outlook: We plan to extend the framework to
full-video temporal assessment, to explore comple-
mentary audio cues (e.g., ventilation sounds, in-
structor prompts), and to study learned or attention-
based region proposals so that saliency cues can
transfer beyond fixed BLS-style crops.
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A Extended Related Work

A.1 Sequence Reasoning Benchmarks

Recent benchmarks (Mementos (Wang et al., 2024), MedFrameQA (Yu et al., 2025), SiMing-Bench
(Huang et al., 2026), SPLICE (Ballout et al., 2025)) show that temporal consistency remains difficult for
MLLMs across general, medical, and instructional domains. ClinSkill QA additionally requires clinically
grounded ordering and rationale generation in one setting.

A.2 Medical and ICL Context

Prior medical vision-language systems often rely on supervised adaptation (Li et al., 2023; Chen et al.,
2025) or structured visual prompting (Zhu et al., 2025; Prakash et al., 2025). We instead use decomposed
constrained prompting under ICL (Dong et al., 2023; Baldassini et al., 2024; Doveh et al., 2025; Li et al.,
2024) to obtain robust structured outputs with frozen backbone weights.

B Extended Error Analysis

We observe three dominant failure modes: (1) long-range permutation slips, where most local relations
are correct but a single middle transition is misplaced, (2) partial visibility confusion, especially for
automated external defibrillator pad adhesion and bag-valve-mask sealing under occlusion, and (3) state
granularity mismatch, where frames with similar global posture but subtle hand-state differences are
swapped.

C In-Context Learning Implementation Details

C.1 Full Prompt Templates
C.1.1 Stage I: Structured Visual Description Prompt

Role: Emergency medical training examiner. Clinical Rules: Assessment before intervention. Chest exposure progresses from
covered to partial to fully exposed. AED phases: package, peel pads, apply to chest, connect to device. BVM sequence: prepare
equipment, seal mask, squeeze bag. CPR mandates pulse check before compressions. BLS Rules (R1-R11): R1: hand shape
and contact site. R2: object and clothing state. R3: space and posture. R4: exposure direction. R5: guideline variants. R6:
dependencies. R7: priorities. R8: all people in scene. R9: metadata. R10: visual evidence over theory. R11: continuity
constraints. Qutput: Four-dimensional description per image: posture, hands, equipment, surface. Cap at 20 words per
dimension and 120 words total.

C.1.2 Stage II: Temporal Ordering Prompt

Role: BLS expert, Input: Shuffled frames {A, B, C, D} + descriptions from Stage I, State Checklist: (1) EXPOSURE:
less-exposed precedes more-exposed, (2) AED PADS: adhered count never decreases, (3) AIRWAY: maneuver precedes sealed
BVM, Chain-of-Verification: Visual Anchors first (Figure A: [irreversible marker]), then narrative (overview + per-figure
paragraphs in chronological order), Output: SORTED_ORDER: [“A”, “B”, ...]

C.2 API Configuration and Retry Logic
* Model: Qwen3.6-Plus, accessed via ModelScope API.

* Stage I: temperature 0.6, max output 4096 tokens.

 Stage II: temperature 0.2, max output 2048 tokens.

* Timeout: 300 seconds per request.

* Retries: up to 5 attempts with exponential backoff (15, 30, 45, 60, 75 seconds).

* API Keys: 20 keys used for rate-limit rotation.

C.3 Picture-in-Picture (PiP) Implementation

ROI Crop Ratios. Head region: (0.05, 0.05, 0.45, 0.55). Chest region: (0.25, 0.40, 0.75, 0.85). Inset Constraints. Width: 0.30
of frame width. Height: 0.38 of frame height. Colors and Borders. Head border: red (255, 60, 60). Chest border: blue (40, 120,
255). Border thickness: 3 px. Pipeline. (1) Load RGB image. (2) Crop head and chest regions. (3) Resize crops with
LANCZOS interpolation. (4) Draw color-coded borders. (5) Paste head inset at top-right and chest inset at bottom-right of the
original frame. (6) Save composite as JPEG (quality 95).
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C.4 Hyperparameter Tuning Log

Hyperparameter sweep on the development set:

Stage I Temperature. Swept 0.0 (too rigid), 0.3 (misses details), 0.6 (selected), 0.9 (too verbose), 1.0 (unreliable). We chose
0.6 as the best balance of detail and conciseness. Stage II Temperature. Swept 0.0 (rigid format), 0.2 (selected), 0.5
(occasional errors), 0.7 (inconsistent). We selected 0.2 for reliable format adherence. Max Tokens. Stage I: 4096 tokens for
four-dimensional descriptions. Stage II: 2048 tokens for rationale and ordering. Retry Strategy. Exponential backoff at 15, 30,
45, 60, and 75 seconds, up to 5 retries. Success rate across the full test set was 99.2%.

C.5 Prompt Engineering Iterations

We refined prompts over more than 15 iterations across three weeks:

e Iterations 1-3 (Structure). Initial prompting produced irrelevant details. We introduced the
four-dimensional description format to focus on clinically relevant content.

* Iterations 4-6 (Rules). Injected BLS rules, but the model ignored them. Added explicit “STRICT”
markers to enforce compliance.

* Iterations 7-9 (Format). Output contained frequent JSON parsing errors. Switched to a
SORTED_ORDER line for reliable extraction.

* Iterations 10-12 (Evidence). Model engaged in post-hoc rationalization. Introduced Visual Anchors
to ground reasoning in observable frame content.

* Iterations 13—-15 (Brevity). Descriptions were either too sparse or too verbose. Added explicit
20-word-per-dimension caps.

D Sample Predictions and Analysis

D.1 Successful Case: CPR Sequence

Input: [C, A, D, B] (shuffled)

Ground Truth: [D, B, A, C]

Prediction: [D, B, A, C] (Correct)

Rationale: This CPR sequence shows the progression from initial approach to chest compression.
Figure D shows the operator approaching the manikin with clothing fully fastened: consistent with the
earliest pre-compression stage. Figure B shows partial clothing exposure via unzipping: must follow
Figure D and precede full exposure. Figure A shows fully opened clothing with complete chest exposure:
immediately before compressions. Figure C shows hands stacked on sternum performing compressions:
confirming the final position.

Analysis: The model tracked the monotonic clothing exposure sequence and identified the irreversible
compression initiation step.

D.2 Challenging Case: Ambiguous AED Sequence

Input: [A, B, C, D]

Ground Truth: [B, A, D, C]

Prediction: [B, A, C, D] (Incorrect)

Error: Frame C showed one pad partially adhered with unclear visibility of the second pad. The model
treated partial adhesion as full completion and placed C before D, illustrating sensitivity to occlusion and
ambiguous pad states.

E System Architecture Pseudocode

The PerceiveAndPlan function accepts a sample identifier and a dictionary of image paths. It executes two stages in sequence,
each calling the MLLM API with frozen parameters.

Stage I: Structured Visual Perception. For each image, if the saliency-PiP mode is active, the function builds a composite
frame with cropped and color-bordered head and chest insets. Each composite is base64-encoded and sent to the MLLM with the
Stage I prompt (temperature 0.6). The response is parsed to extract a four-dimensional description (posture, hands, equipment,
surface).
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Stage II: Temporal Planning. In a fresh conversation, the original frames are base64-encoded and sent alongside the
pre-computed Stage I descriptions and the Stage II prompt (temperature 0.2). The response is parsed to extract the sorted
ordering and the clinical rationale.

Return Value. The function returns a dictionary mapping the sample ID to the predicted frame order and the corresponding
rationale text.

F Detailed BLS Rules Explanation

The BLS Rules Library (R1-R11) encodes emergency medicine practice guidelines, refined through
iterative error analysis:

* R1: Hand and contact disambiguation. Identify hand shape and contact site. Neck contact
indicates pulse check. Forehead or chin contact indicates airway management.

* R2: Progressive state tracking. Clothing follows a monotonic sequence: zipper closed, then half
open, then fully open. Chest coverage: full, then partial, then exposed. BVM: hovering, then sealed
on face, then squeezing. AED pads: 0, then 1, then 2 adhered pads, and the count never decreases.

* R3: Spatial and posture cues. Standing back indicates early-stage observation. Kneeling or
bent-over posture indicates active intervention. Mask floating near the face suggests preparation,
while mask sealed suggests execution.

* R4: Clinical direction. Exposure precedes recovery. End-of-scene indicators include examiner
writing notes and supplies being stowed.

* R5: Guideline variants. Both C-A-B and A-B-C sequences may appear. Assessment precedes
intervention unless the scenario involves drowning.

* R6: Action dependencies. Airway maneuvers precede rescue breaths. Peeling backing precedes
pad adhesion. Pads must be placed before rhythm analysis and shock delivery.

* R7: Priority rules. Patient assessment takes priority over hygiene steps and equipment assembly.

* R8: Multi-person analysis. Examiner crouching and writing indicates a late-stage frame. Assistant
standing back indicates an early-stage frame.

* R9: Metadata as soft prior. Sample IDs provide weak ordering hints but must never override direct
visual evidence.

* R10: Evidence over theory. Prefer the visible timeline in the frames over textbook procedure
defaults when they conflict.

* R11: Continuity constraints. Adhered pads never decrease in count. Torn packages remain open.
Exposed chest stays exposed until the recovery phase.

G Leaderboard Submission Details

Team baovy (zzunlp) submitted on 2026-04-07 at 09:07 (submission ID 667353) to the CodaBench
platform (https://www.codabench.org/competitions/14884/).

G.1 Detailed Performance Metrics

Submission ID 667353, submitted on 2026-04-07 at 09:07 to the CodaBench platform.
Detailed metrics:

* Overall Score: 71.43 (primary metric).

» Task Accuracy: 0.63 (126 out of 200 samples exactly correct).

* Pairwise Micro: 0.86 (strong local ordering).

* BERTScore Precision, Recall, F1: 0.79 (balanced semantic quality).
* Prediction Coverage: 0.99 (198 of 200 predictions valid).

» Rationale Coverage: 1.0 (all 200 samples include an explanation).
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H Computational Resources

* Model: Qwen3.6-Plus (via ModelScope API)

* API Calls: 400 requests (200 samples x 2 stages)

* API Keys: 20 keys for rate limit rotation

» Average Latency: 15-45 seconds per request

* Total Processing Time: 3 hours for full test set

* Development Experiments: 50 hours (hyperparameter tuning)
* Prompt Iterations: 15+ versions over 3 weeks

* Cost: API credits via ModelScope platform
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Abstract

The ClinSkill QA shared task requires mod-
els to recover the temporal order of scrambled
clinical keyframes and generate explanations.
We propose EvidenceFlow, a structured zero-
shot framework based on Qwen2.5-VL that
decomposes the task into global overview, lo-
cal evidence modeling, and ordering decision,
with two variants: model-led EvidenceFlow-
M and rule-guided EvidenceFlow-R. On the
official test set, EvidenceFlow-R achieves bet-
ter ordering performance, while EvidenceFlow-
M produces better explanation quality, reveal-
ing a trade-off between ordering stability and
rationale generation. EvidenceFlow provides
an interpretable zero-shot baseline for clinical
keyframe ordering.

1 Introduction

Clinical skill assessment is crucial in medical edu-
cation. The ClinSkill QA task requires models to
reorder scrambled clinical keyframes and provide
a rationale for the predicted sequence, offering a
fine-grained testbed for multimodal understanding
of clinical processes in realistic teaching scenarios.

Recent multimodal LLMs have advanced visual
understanding and zero-shot reasoning, yet clinical
keyframe ordering remains challenging for three
reasons. First, the input consists of only a few
scrambled static images, requiring the model to
infer temporal progression from subtle local differ-
ences. Second, multiple visual cues may evolve
in parallel, such as chest exposure and hand posi-
tioning, which makes global ordering more diffi-
cult. Third, the task requires readable explanations
grounded in clear evidence.

To address these challenges, we propose a struc-
tured zero-shot framework based on Qwen2.5-
VL (Bai et al., 2025) that decomposes clini-
cal keyframe ordering into three stages: global

*Corresponding author.
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overview, local evidence modeling, and ordering
decision. The framework explores two ordering
approaches: model-led reasoning and rule-guided
correction with explicit evidence constraints. This
design is motivated by a practical tension in the
task: flexible reasoning may support better expla-
nation generation, whereas stronger evidence con-
straints may improve ordering stability.
Our contributions are threefold:

1. We propose EvidenceFlow, a structured zero-
shot framework for clinical keyframe ordering
and rationale generation.

2. We design a three-stage pipeline with two or-
dering variants: model-led EvidenceFlow-M
and rule-guided EvidenceFlow-R.

3. We show a trade-off between ordering stabil-
ity and explanation quality, clarifying current
MLLM limitations on this task.

2 Related Work

In recent years, multimodal research in medical
and clinical scenarios has mainly focused on med-
ical visual question answering, image dialogue,
and multi-image understanding. Representative
studies such as PMC-VQA (Zhang et al., 2024a),
LLaVA-Med (Li et al., 2023), and Med-MIM (Yang
et al., 2025) demonstrate the potential of multi-
modal models in medical image understanding,
open-ended QA, and multi-image reasoning.

For  structured multimodal reasoning,
Multimodal-CoT (Zhang et al., 2024b) shows
that making intermediate reasoning explicit
can facilitate complex vision-language tasks.
For temporal and multi-image understanding,
MuirBench (Wang et al., 2025), Mementos (Wang
et al., 2024), TempCompass (Liu et al., 2024), and
TempVS (Song et al., 2025) indicate that robust
cross-image or cross-frame temporal reasoning
remains challenging for current MLLMs. In the
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zero-shot setting, Socratic Models (Zeng et al.,
2023) further suggest that organizing interme-
diate evidence through language can improve
interpretability without task-specific training.

Our work differs from these studies by focus-
ing on structured zero-shot ordering in clinical
keyframe sequences, where both temporal recovery
and evidence-grounded explanation are required.

3 Method

3.1 Task Definition and Overall Framework

Given a set of clinical keyframes X
{z1,22,..., 2y} (typically n € [4,6]), the model
must output the correct temporal order Y
[y1, Y2, - -, yn] and a natural language explanation.
Unlike classification, the core task is to recover
the full procedural order from subtle cross-image
differences.

We propose EvidenceFlow, a structured zero-
shot framework that decomposes clinical keyframe
ordering into three stages—global overview, local
evidence modeling, and ordering decision—with
two variants: model-led EvidenceFlow-M and rule-
guided EvidenceFlow-R, as shown in Figure 1.

3.2 Global Overview and Local Evidence

Modeling

In the global overview stage, all keyframes in the
same sample are first concatenated into a grid im-
age according to their labels, and then input into
the multimodal model for holistic analysis. The
model needs to extract main change cues, early
or late candidate anchors, and corresponding un-
certainty information at the group level, denoted
as G = {a, s sl y1 where a denotes the
dominant axis of change; s°*% and s'¢ denote
the confidence that an image serves as an early
or late anchor, respectively; and u denotes global
uncertainty information. Subsequently, the axis
of change with the highest confidence is extracted
as the main reference axis for subsequent sorting,
and candidate anchors are extracted for subsequent
ordering decisions.

In the local evidence stage, each image is
independently analyzed along six dimensions
(chest exposure, hand positioning, hand stability,
airway, ventilation, AED), producing a vector e;
[chest;, hand;, stab;, airway;, vent;, aed;, ¢;, z],
where the first six encode local states, ¢; denotes
confidence, and z; denotes a coarse stage label.
This stage complements the global overview by
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providing fine-grained cues for ordering.

3.3 EvidenceFlow Ordering Decision

Given the global overview and local evidence, the
framework proceeds to the ordering decision stage.
This stage requires further integrating the overall
change trends at the image-group level with the
fine-grained clinical cues at the single-image level
to generate a consistent global order.

Under this framework, we instantiate two order-
ing variants: EvidenceFlow-M emphasizes model-
led reasoning, whereas EvidenceFlow-R relies
more on explicit evidence constraints and rule-
based correction. By comparing these two variants,
we analyze how different control strategies affect
ordering stability and explanation generation.

3.3.1 EvidenceFlow-M: Model-Led Ordering
Implementation

This stage first determines whether stable start/end
anchors exist to select an ordering mode. To do
S0, it computes a pairwise relation score for each
image from pairwise comparisons:

1
Rpair(«r) = ‘)(‘7_1 Z Cw,y(sa:,y (D
y#T

The resulting score characterizes the relative ear-
liness or lateness tendency of each image within
the set, where c; , denotes the pairwise compari-
son confidence between images = and y, and d ,
is defined as follows:

1, x is later than y
dzy = § —1, xisearlier thany 2)
0, UNCERTAIN

Based on the candidate anchor information, main
change cues, and coarse-grained stage labels from
the global overview, we compute an anchor score
for each image:

Searly(x) = Aearly(x) - Paxis(z) + Bearly(x) 3)

Slate(x) = Alate(x) + Paxis(x> + Blate(x) “)

Here, Acany(x) and Ajye () denote the early
and late candidate confidences given in the global
overview stage, respectively; Pyyis(2) denotes the
relative progression value of the main change cues
for the image; and By () and Biye(x) respec-
tively denote the stage reward terms derived from
the coarse-grained stage labels.
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Figure 1: Overview of the EvidenceFlow framework for clinical keyframe ordering.

Based on anchor scores and marginal differ-
ences, the model adaptively selects a mode m €
{dual, single, none}. In dual mode, early and late
anchors fix the start and end, with intermediate im-
ages sorted by axis progression. In single mode,
one anchor fixes one end, and the remaining images
are sorted according to their progression estimates.
In none mode, the model estimates relative progres-
sion directly. After obtaining the initial sequence
Yy — [Y1,92,...,Yn], local corrections using
pairwise scores and cached comparisons, followed
by lightweight global verification, yield the final
sequence Y and its explanation.

3.3.2 EvidenceFlow-R: Rule-Guided
Ordering Implementation

Unlike EvidenceFlow-M, EvidenceFlow-R gener-
ates ordering results through stage consistency cor-
rection, group-level position priors, continuous
progression scoring, and directed pairwise com-
parisons. Specifically, we first refine the coarse-
grained stage label z; obtained from the local ev-
idence stage by combining the local evidence e;
and the global overview information G, yielding
a corrected stage value z;. On this basis, the cor-
rected stage information, the aggregated local ev-
idence scores, and the group-level position priors
are jointly mapped into a rule-flow ordering score:

Sr(zi) = aZ; + BE; +vP; (5)
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Here, E; denotes the aggregated local evidence
score, and P; denotes the group-level position prior.
The coefficients «, 3, and v denote the correspond-
ing weights. By sorting Sgr(z;) in ascending or-
der, an initial sequence Y (©) = [y1, 42, ..., yp] can
be obtained. For image pairs with close ordering
scores, the framework further performs directed
pairwise comparisons for local refinement. If neces-
sary, lightweight global verification is then applied
to further correct adjacent errors and produce the
final sequence Y together with its natural language
explanation.

4 Experimental Setup

Experiments are conducted on the ClinSkill
QA dataset (200 samples, each containing 4-6
keyframes). The base model Qwen2.5-VL-7B-
Instruct is used in a zero-shot setting with 4-bit
quantization and a temperature of 0 on a single
RTX4090. All experiments are conducted without
task-specific training. Both variants share the same
backbone and evidence extraction setting, differ-
ing only in the final ordering strategy. Following
the official evaluation protocol, we report the over-
all Score, Task Acc (exact sequence match), Pair
Micro (pairwise order accuracy), and BERT F1
(Zhang et al., 2020), which measures semantic sim-
ilarity between the generated explanation and the
reference.



(a) Easy case

(b) Hard case

Figure 2: Case study of easy and hard scenarios in CPR emergency response.

S Experimental Results

5.1 Main Experimental Results

We compare EvidenceFlow-R and EvidenceFlow-
M under the same base model and official evalu-
ation protocol. The results are shown in Table 1.

Variant Score Task Acc Pair Micro BERT F1
EvidenceFlow-R 30.44  0.10 0.55 0.57
EvidenceFlow-M 28.71 0.03 0.51 0.74

Table 1: Main results on the ClinSkill QA test set.

As shown in Table 1, EvidenceFlow-R outper-
forms EvidenceFlow-M on Score, Task Acc, and
Pair Micro, indicating more stable sequence recov-
ery, while EvidenceFlow-M achieves higher BERT
F1, reflecting better semantic similarity in explana-
tion generation.

5.2 Comparison with Public Submission
Results

Table 2 compares our method with several public
submissions from the same test phase. Compared

Method Score Task Acc Pair Micro BERT Fl1
baovy 7143  0.63 0.86 0.79
gppprun 56.73 047 0.79 0.55
VerbaNexAI Lab 37.96  0.17 0.60 0.71
EvidenceFlow-R 30.44  0.10 0.55 0.57
EvidenceFlow-M 28.71 0.03 0.51 0.74

Table 2: Comparison of public submissions from the
same test phase.

with public submissions, our frame- work appears
more competitive in explanation qual- ity than in
ordering accuracy. This suggests that the model
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can extract useful local cues, but still struggles to
organize them into a consistent global temporal
structure. Together with the internal com- parison
in Table 1, these results indicate that stable cross-
image cue integration remains the main bot- tleneck
of the task.

5.3 Error Analysis

Figure 2 shows that (a) is an easy case correctly
predicted by Qwen2.5-VL-7B-Instruct; (b) is a
hard case with ground truth C—A—B—D, but the
model predicts C—B—A—D, swapping frames A
and B. This error arises from high visual similarity
during bag-valve mask ventilation, where subtle
hand and mask changes are hard to capture, reveal-
ing insufficient fine-grained temporal discrimina-
tion as the main bottleneck.

6 Conclusion

We propose EvidenceFlow, a structured zero-shot
framework for clinical keyframe ordering. The
results show that the rule-guided variant yields bet-
ter ordering performance, whereas the model-led
variant produces better explanations, revealing a
trade-off between ordering stability and rationale
quality. This work provides an interpretable zero-
shot baseline for multi-image temporal reasoning
in clinical scenarios.

Limitations

The 7B model is limited in fine-grained cross-
image temporal integration, especially on hard sam-
ples. Our analysis lacks ablations and large-scale
verification, and the framework depends on prompt
design and handcrafted constraints.
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Abstract

This paper describes our system for classi-
fying psychological defense mechanisms in
emotional support dialogues using the Defense
Mechanism Rating Scales (DMRS), placing
second (F1 0.406) among 64 teams.! A cen-
tral insight is that defense mechanisms are
defined by what is absent: missing affect,
blocked cognition, denied reality. We encode
this as an affect-cognition integration spectrum
in prompt-level clinical rules, which account
for the largest single gain (+11.4pp F1).

Our architecture is a multi-phase deliberative
council of Gemini 2.5 agents where class-
specific advocates rate evidence strength rather
than voting, achieving F1 0.382 with no fine-
tuning—a top-5 result on its own. We find, how-
ever, that the council is confidently wrong about
minority classes: 59-80% of stable minority
predictions are incorrect, driven by a systematic
“L7 attractor” in which emotional content de-
faults to the majority class. A targeted override
ensemble from three fine-tuned Qwen3.5 mod-
els applies 16 overrides (+2.4pp), selected by
a structured multi-agent system (builder, critic,
regression guard) that produced a larger F1 gain
in one iteration than 8 prior attempts combined.

1 Introduction

The BioNLP 2026 shared task (Na et al., 2026a,b)
requires classifying target utterances in emotional
support dialogues into 9 levels of the Defense
Mechanism Rating Scales (DMRS; Perry 1990),
a hierarchical clinical instrument ranging from
action-based defenses (Level 1) to highly adaptive
coping (Level 7). The difficulty is that mechanisms
are defined by psychological function, not linguis-
tic form: the same surface expression can indicate
denial (Level 3), intellectualization (Level 6), or
adaptive coping (Level 7) depending on context
(illustrated in §2).

'Code  available at
dimagalat/bionlp2026

https://github.com/
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The task exhibits severe class imbalance (Ta-
ble 1): Level 7 (Highly Adaptive) comprises 51.9%
of training data, while Level 5 and Level 8 account
for only 2.6% and 1.5%. We call this the L7 attrac-
tor effect: LLMs over-predict the majority class
because emotional engagement in therapeutic dia-
logue looks like “adaptive coping.”

Our system uses a multi-phase deliberative coun-
cil (§3.1), built on the Gemini 2.5 API (Gem-
ini Team, Google, 2023): three specialist agents
classify in parallel, class-specific advocates rate
evidence strength, and a resolution stage adju-
dicates. We frame the DMRS hierarchy as an
affect-cognition integration spectrum: many de-
fense mechanisms are defined by what is absent
(missing affect, blocked cognition, denied reality),
which requires reasoning about what should be
present but is not. A targeted override ensemble
from three fine-tuned models applies 16 overrides
to the council’s predictions, achieving macro-F1
0.406 (2nd out of 21 registered teams, or 64 Cod-
aBench entries). We also flag a retrieval-leakage
risk: same-dialogue exemplars in few-shot prompts
inflate validation accuracy from 65% to 97.7%

(83.2).

2 Task and Data

The dataset contains 1,864 training samples from
200 dialogues and 472 test samples from 189 di-
alogues. All 189 test dialogue IDs overlap with
training dialogues (different utterances from the
same conversations), creating a retrieval leakage
risk addressed in §3.2. The official metric is macro-
averaged F1; we write “F1” throughout to mean
macro-F1.

The core challenge is illustrated by this train-
ing example: a speaker responds to “How are you
today?”’ with “I'm OK. Just dealing with a lot
of unknowns.” This reads like Level 7 (Suppres-
sion, consciously managing distress). The ground
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Level Name Train %
0 No Defense / Neutral 296 159
1 Action Defense 108 5.8
2 Major Image-Distorting 61 33
3 Disavowal 99 5.3
4 Minor Image-Distorting 84 4.5
5 Neurotic Defense 48 2.6
6 Obsessional Defense 172 9.2
7 Highly Adaptive 968 519
8 Needs More Information 28 1.5

Table 1: DMRS class distribution in training data. Level
7 accounts for over half of all samples; the five lower-
level defense classes (L1-L5) together comprise only
21.5%.

truth is Level 6 (Isolation of Affect): the speaker
acknowledges difficulty cognitively (“a lot of un-
knowns”) but the expected emotional response is
absent (“I’'m OK”). The distinction turns on what
is absent from the utterance, not what is present.

3 System Architecture

3.1 Multi-Phase Deliberative Council

Most LLM ensembles aggregate votes. A deliber-
ative council instead evaluates evidence strength
per candidate through structured advocacy. In our
architecture, Phase 1 agents propose candidates
with alternatives (not just top-1 predictions). Phase
2 spawns class-specific advocates that rate fit as
STRONG, MODERATE, or WEAK; each argues for
its assigned class using retrieved exemplars. Phase
3 resolves via evidence quality (unique STRONG
wins immediately; ties require pairwise compari-
son), not vote count. Majority voting loses minor-
ity classes because L7 always outnumbers them;
evidence-based resolution can select a minority
class that receives STRONG even when the majority
favors L7.

Figure 1 illustrates the pipeline, which uses the
Gemini 2.5 API (primarily Flash, with Pro for res-
olution) and requires 3—10 LLM calls per sample
depending on consensus.

Formally, given a dialogue d with target utter-
ance u and label space Y = {0, ..., 8}, the council
proceeds in three stages. Three agents aq, as, as
each produce a candidate set C; = {(v;, v}, pi)}
(primary label, alternative, confidence). Let C =
U;{i, y;} be the candidate pool. If all primaries
agree (y1 = y2 = y3 = y*) with Y, 1[p; >
7] > 2, the council returns y* immediately. Oth-
erwise, for each unique candidate ¢ € C, a class-
specific advocate A, produces a strength rating
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[Dialogue + Target utterance]

Mechanism Pattern
Specialist Analyst
Consensus? '— yes ————

no

Clinical

Phase 1
Analyst

Phase 2
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[ L; Advoc. ] [ L; Advoc. ] [ Ly Advoc. ]

[ Resolution: STRONG wins; ties — pairwise ]

Figure 1: Council pipeline (3—10 LLM calls per sam-
ple). Phase 1: three specialist agents classify in parallel.
If unanimous with high confidence, the pipeline exits
early (3 calls). Otherwise, Phase 2 spawns class-specific
advocates rating fit as STRONG/MODERATE/WEAK (2-5
calls). Phase 3 resolves via priority hierarchy (0-1 call).

s(c) € {STRONG, MODERATE, WEAK }. A resolu-
tion function R selects the final label via priority
ordering: unique STRONG wins; ties are resolved
by pairwise head-to-head comparison. Phase de-
tails are in Appendix A.

Clinical Knowledge Encoding. We encode the
DMRS hierarchy (Perry, 1990) as an affect-
cognition integration spectrum. The discrimina-
tive question at each level is: what is the relation-
ship between what the speaker knows and what
they feel? Cognition present but affect drained
— L6 (Obsessional); affect present but cognition
blocked — L5 (Neurotic); cognition distorts real-
ity to manage affect — L.2—4; affect and cognition
integrated — L7 (Adaptive). The most impactful
single test is Reporting vs. Processing (L6/L7):
describing painful facts without proportional emo-
tion is Isolation of Affect (L6), not adaptive coping
(L7). We complement this with five prompt-level
rules: (1) 60+ DMRS-Q behavioral indicators per
mechanism (Perry, 1990); (2) Emotion # Defense:
“I feel sad” is not a defense without distortion or
transformation; (3) prefer lower-level (less mature)
defenses when ambiguous; (4) a watchlist of 8 high-
confusion class pairs with discriminative tests; and
(5) an L7 verification gate requiring a named adap-
tive mechanism before permitting L7. In ablation,
the Gemini 2.5 Pro council without these clinical
rules achieves F1 0.268 (Table 4); adding them



raises F1 to 0.382 (+11.4pp).

Phase-Level Bottleneck. Even with clinical
rules, the council’s residual errors concentrate at
resolution rather than detection: the correct label
enters Phase 2 as a candidate in 96% of errors and
receives a MODERATE+ rating in 76%, but in 94%
of errors a wrong label (typically L7) also receives
STRONG. The minority-class signal exists; what is
missing is a way to prevent L7 from winning the
head-to-head, which motivates the override ensem-
ble (§3.3).

3.2 Retrieval and Fine-Tuned Models

Few-shot examples are retrieved via TF-IDF with
MMR (Carbonell and Goldstein, 1998) for Phase
1 diversity and semantic re-ranking for Phase
2 within-class exemplars (Lewis et al., 2020).
Dialogue-ID exclusion prevents same-conversation
leakage; without it, council validation accuracy
inflates from 65% to 97.7%.

We train three models via LoORA (Hu et al., 2022)
in 4-bit quantization (Dettmers et al., 2023) us-
ing Unsloth (Unsloth Al, 2024) and TRL (von
Werra et al., 2024): Qwen3.5-9B (65.1% val acc,
strongest on L6/L1), Qwen3.5-35B-A3B MoE
(61.7%, strongest on L2/1.3), and Qwen3.5-9B
f1_boost (62.5%, strongest on L1/L2) (Qwen
Team, 2026). All use completion-only loss
(train_on_responses_only): training on
the full sequence wastes >99% of gradient up-
dates on dialogue auto-completion, and this sin-
gle change improves accuracy from 25-55% to
59—-65%. Self-consistency inference (Wang et al.,
2023) (multiple runs at temperature=0.3) provides
per-sample confidence scores. A separate pairwise
L6/L7 resolver (Qwen2.5-7B, 97.8% val accuracy)
handles the dominant confusion pair. Per-model
details are in Appendix B.

3.3 Ensemble Strategy

The ensemble applies minimal, high-confidence
corrections to the council’s predictions (Figure 2).

Type A (L7—minority, high risk): we over-
ride when a fine-tuned model achieves >80% self-
consistency for a minority class and a council rerun
or pairwise resolver corroborates. If wrong, we
lose a true L7 and add a false minority, a double
penalty. Type B (minority—minority, lower risk):
requires >3 of 6 independent sources to agree, with
FOR > AGAINST. A credibility gate discards mod-
els with <15% val recall on the target class. Our

40

9B MoE b

|

Type A: L7 + FT>80% + corroboration

¥
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[ Final: 16/472 ]
Figure 2: Override ensemble. The council’s predictions
are checked against three fine-tuned models (20 self-
consistency runs each) and a pairwise L6/L7 resolver.

Type A corrects L7 over-predictions (7 overrides); Type
B corrects minority confusions (9 overrides).

Gemini Council

|
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final submission applies 7 Type A and 9 Type B
corrections (3.4% of predictions).

Agentic Override Selection. The override
search space is combinatorial: 472 x 8 = 3,776
candidates. For the final submission, we decom-
posed override selection into three formal roles:
(1) parallel builder agents scanning every sample
against all sources with credibility gates; (2) an
independent critic agent verifying every claim with
separate data access; and (3) a programmatic re-
gression guard hard-rejecting submissions below
the evidence threshold. This structured approach
found 5 corrections that ad-hoc exploration had
missed, pushing F1 from 0.393 to 0.406, a larger
gain than the preceding 8 iterations combined. The
lesson: the value is in formal role decomposition,
not automation; agents all the way down, but with
structure at every level.

Propose-Verify—Decide. Both our council (§3.1)
and the override system follow a three-stage
propose—verify—decide pattern (Figure 3), differ-
ing in the verifier’s stance: council advocates ar-
gue FOR each candidate class while the override
critic argues AGAINST every proposal, and only
candidates surviving its scrutiny pass the program-
matic regression guard. This mirrors the distinction
between the generator—verifier paradigm (Cobbe
et al., 2021) and adversarial debate (Irving et al.,
2018). Separating proposer and verifier into dis-
tinct agents with independent data access prevents
the confirmation bias of single-agent self-refine
loops (Madaan et al., 2023).

4 Key Findings

L7 Attractor Effect. The council’s L7 advocate
rates STRONG 73% of the time versus 32-43% for



Override Selection

Builder agents

Council

Advocates
(argue FOR)

Critic
(argues AGAINST)

Figure 3: Both multi-agent systems follow a propose—
verify—decide pattern. The council’s verifiers are advo-
cates (each argues for one class); the override system’s
verifier is an adversary (argues against all candidates).

True — Predicted Count % Errors
L6 — L7 66 16.8
L0 — L7 37 9.4
L4 — L7 34 8.7
L3 — L7 32 8.2
L7 — L0 27 6.9
Ll —L3 18 4.6
Any — L7 213 54.3

Table 2: Top 6 stable error confusions across 3 council
runs (392 total errors). Over half are incorrect L7 pre-
dictions; L6—L7 alone accounts for 17% of all errors.

other classes, causing 54% of stable errors to be
incorrect L7 predictions (Table 2). The effect in-
tensifies with dialogue length (15.0 turns for errors
vs. 12.6 for correct) and minority class accuracy
decays sharply with position: L1 drops from 100%
(early turns) to 16% (late turns).

Confidently Wrong. Three identical council
runs show 22.2% prediction instability, driven by
asynchronous execution order in the multi-agent
architecture even at temperature=0. For minority
classes L3, L4, L6, and L8, unstable predictions are
paradoxically more accurate than stable ones (Ta-
ble 7 in App. C); between 59% and 80% of stable
minority predictions are wrong.

Prompt Overfitting. Every prompt modifica-
tion that improved training-set F1 degraded test
performance (Table 3). We hypothesize this re-
flects prompt overfitting: iteratively tuning prompts
against training-set metrics acts as implicit gradient
descent with no generalization check.

Additional findings. TF-IDF with MMR re-
trieves 38% L7 examples versus 42-46% for all
semantic variants, because its lack of semantic un-
derstanding prevents emotional-content clustering,
a useful property for diversity-dependent classifi-
cation. Completion-only loss is the most impactful
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Modification A Train A Test
L7 advocate rigor +1.2pp —3.6pp
Dialogue position metadata +0.8pp —2.1pp
Training exemplars in prompts +1.5pp —3.6pp
Few-shot k=3 — 5 +1.5pp —1l.4pp
Length bias warning +0.5pp —2.0pp

Table 3: The overfitting paradox: modifications improv-
ing training F1 consistently degrade test F1.

System Acc P R F1

Council (no clin. rules)  .653 .395 .249 268

Council baseline .663 473 364 .382
+ 7 Type A overrides  .670  .477 377 .391
+ 9 Type B overrides  .674 .461 .388 .406

Table 4: Test set results. Clinical knowledge rules ac-
count for +11.4pp F1 over the unconfigured council; the
override ensemble adds +2.4pp through 16 overrides.

fine-tuning intervention: it improves accuracy from
25-55% to 59-65%.

Override Selection Lessons. Beyond architec-
ture, our 9 submissions yielded replicable pat-
terns for ensemble correction on imbalanced clas-
sification, four of which are not derivable from
individual model accuracy. Prediction volume
signals per-sample reliability. Under-predictors
(9B predicts L2 for 11 samples vs. ~16 expected)
carry higher precision; over-predictors (f1_boost:
31 vs. ~16) inflate false positives, so we weight
votes by this volume discount. Architectural in-
dependence is necessary but not sufficient. A
Gemma4-26B-A4B (Gemma Team, Google Deep-
Mind, 2026) agreeing with the Qwen3.5 ensemble
only 69-74% of the time (the most independent
source we trained) never improved test F1, because
per-class accuracy was too low for its disagree-
ments to carry signal. Override count vs. F1 is
sharply non-monotonic. 75 overrides — F1 .367;
16 — .406; 21 — .399; the peak lives at a nar-
row intersection of evidence quality and quantity.
Regression guards must be programmatic. Advi-
sory warnings (“this override has weak evidence”)
were ignored by human operators and LLM agents
alike; only hard-rejecting submissions failing struc-
tural checks prevented regressions.

5 Results

Table 4 shows the ablated contribution of each com-
ponent. Clinical rules account for the largest gain
(+11.4pp). The 7 Type A overrides add +0.9pp F1;
the 9 Type B overrides add +1.5pp (recall domi-



Team Acc P R F1

Nirnberg NLP 701 451 404 420
UTS (ours) 674 461 388 406
PerceptionLab  .674 426 409 .396
LingulUTics .642 400 .396 392
LDI Lab .636 377 389 371

Table 5: Top 5 on the shared task leaderboard (21 regis-
tered teams). Our system has the highest precision.

nates despite —1.6pp precision). On the shared task
leaderboard (Table 5), our system achieves the high-
est precision among all teams (0.461), reflecting
the conservative override strategy. The develop-
ment progression (Table 8 in Appendix D) shows
that the council’s minority predictions are ~47%
correct, so only overrides backed by overwhelm-
ing evidence (>80% FT confidence, >3 indepen-
dent sources, zero opposition) reliably improve F1.
Post-hoc analysis with the released test labels: 9 of
16 overrides individually corrected council errors
(4 Type A, 5 Type B), 4 regressed correct predic-
tions, and 3 were lateral, yielding the +5 net correct
predictions behind the +2.4pp F1 gain. The 56%
override precision sits just above the 47% minority
baseline, validating the conservative gating thresh-
old.

6 Related Work

Our deliberative council builds on multi-agent de-
bate (Du et al., 2023) and specialized medical
prompting (Nori et al., 2023). The DMRS frame-
work (Perry, 1990) provides the theoretical foun-
dation; the shared task dataset (Na et al., 2026b)
enables the first large-scale computational study of
defense mechanisms in naturalistic dialogue, and a
recent survey (Na et al., 2025) situates this within
the broader LLM-psychotherapy landscape. Prior
computational approaches to defense mechanisms
have been limited to rule-based systems on struc-
tured clinical notes; our work is among the first
to apply LLMs to this task. Our override frame-
work relates to the generator—verifier paradigm
(Cobbe et al., 2021) and adversarial debate (Irv-
ing et al., 2018); we adapt self-consistency (Wang
et al., 2023) for classification confidence and find
that TF-IDF diversity (Carbonell and Goldstein,
1998) outperforms semantic retrieval (Lewis et al.,
2020) for few-shot selection under class imbalance.
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7 Limitations

Our system depends on the Gemini API, limiting
reproducibility to researchers with equivalent ac-
cess. The validation set is a single GroupKFold
split (373 samples); cross-validation was infeasi-
ble given API costs. All experiments use English
emotional support dialogues from a single cultural
context; generalization to other languages or thera-
peutic traditions is untested. The affect-cognition
spectrum is our operationalization of clinical theory
(Perry, 1990), not a validated clinical instrument.
We address absence-as-signal heuristically; explicit
counterfactual reasoning remains open.

8 Conclusion

Our council-ensemble system achieves 2nd place
on DMRS defense mechanism classification. The
core finding is that defense mechanisms are de-
fined by what is absent, and encoding this insight
in clinical rules produces the largest single gain
(+11.4pp), more than any model or architectural
choice. Formalizing override selection into builder—
critic—guard roles then added +2.4pp in a single
submission, more than 8 prior iterations combined.
Future work could explore hierarchical classifica-
tion, contrastive training from council error logs,
and zero-shot classification via frontier embedding
models.

Ethics Statement

This system classifies psychological defense mech-
anisms (constructs describing internal psychologi-
cal states) and is a research tool, not a clinical di-
agnostic instrument. It should not be used to label
individuals without clinical oversight, as misclas-
sification could distort therapeutic understanding.
The training data comes from the shared task orga-
nizers (Na et al., 2026a) who ensured appropriate
consent and anonymization. Following Strubell
et al. (2019), the system’s total compute footprint
is ~22kWh (council API at ~$75; fine-tuning
13 kWh; self-consistency inference 1.2 kWh; PUE
1.2), corresponding to ~8.5 kg COzeq on the US
grid (4.3 kg renewable).
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A Council Phase Details

Phase 1: Initial Assessment (3 parallel calls).
Three specialist agents independently classify each
utterance: (a) a Clinical Analyst applying psy-
chodynamic reasoning (stressor — function —
mechanism — level), (b) a Mechanism Special-
ist screening all 9 levels using DMRS-Q behavioral
indicators (Perry, 1990), and (c) a Pattern Ana-
lyst performing analogical reasoning from TF-IDF-
retrieved few-shot examples (k=3). Each agent
outputs a primary label, alternative label, confi-
dence score, and identified mechanism. If all three
agents agree on the same label with >2 having high
confidence, the pipeline exits early (3 calls total).

Phase 2: Differential Diagnosis (2-5 calls). For
each unique candidate label from Phase 1 (pri-
maries and alternatives), a class-specific advocate
evaluates fit as STRONG, MODERATE, or WEAK us-
ing class-representative exemplars retrieved via se-
mantic similarity. Advocate criteria are calibrated:
STRONG requires “clear, specific evidence; func-
tions similarly to examples”; MODERATE requires
“partial or suggestive evidence”; WEAK indicates
“little evidence; functions differently.” A minority
class screening step injects at least one underrepre-
sented class as a candidate. The L7 advocate rates
STRONG 73% of the time (vs. 32—43% for other
classes), creating the attractor effect.

Phase 3: Smart Resolution (0-1 call). Resolu-
tion follows a priority hierarchy: single STRONG
advocate — pick immediately (O calls); multiple
STRONG — pairwise head-to-head comparison (1
call); multiple MODERATE — pairwise compari-
son; single MODERATE — pick; all WEAK — de-
liberation moderator synthesis. The pairwise re-
solver compares two candidates by studying class-
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representative examples for each, then determining
which candidate the target utterance is more func-
tionally similar to.

B Model Details

Qwen3.5-9B (Qwen Team, 2026) (LoRA r=64,
attention + MLP targets): 65.1% val accuracy.
Strongest on L6 (43% recall) and L1 (36%).

Qwen3.5-35B-A3B MoE (LoRA  r=32,
attention-only?): 61.7% val accuracy. Strongest on
L2 (60% recall) and L3 (32%).

Qwen3.5-9B f1_boost (variant training recipe):
62.5% val accuracy. Strongest on L1 (46%) and L2
(60%).

All models use: (1) completion-only loss via
train_on_responses_only (loss computed
only on the label token, not the dialogue); (2)
GroupKFold by dialogue_id for zero-leakage vali-
dation (Pedregosa et al., 2011); (3) balanced sam-
pling (L7 capped at 300, minorities oversampled to
80).

Self-Consistency Inference (Wang et al., 2023).
Each model runs multiple times at temperature=0.3
per test sample; the majority vote serves as the pre-
diction and the agreement fraction as a confidence
score. Since our output is a single classification to-
ken, logit probabilities from a single forward pass
could serve as an alternative confidence measure;
we used sampling for implementation convenience.

Pairwise Differential Resolver. A separate
Qwen2.5-7B model fine-tuned on 942 pairwise
comparison examples serves as an L6-vs-L7 spe-
cialist. Given two candidate levels and a dialogue,
it determines which better fits the target utterance.
Per-pair val accuracy: L6/L7 97.8%, L3/L7 100%,
L1/L7 100%, LO/L7 52.3%.

C Detailed Findings
C.1 The L7 Attractor Effect

Beyond the headline numbers in §4, the attractor
effect intensifies with utterance verbosity: incor-
rectly classified samples average 23.0 words versus
17.1 for correct ones, and L5 accuracy decays from
100% (early turns) to 18% (late turns), mirroring
the L1 pattern. The model uses utterance elabora-
tion as a proxy for defense sophistication, inverting

“MOE expert layers are excluded from LoRA targets due to

an Unsloth adapter reload bug. The model leverages pretrained
expert routing.
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Class 9B MoE fb
L1 (Action) 36 18 46
L2 (Image-Dist.) 40 60 60
L3 (Disavowal) 21 32 5
L4 (Image-Dist.) 7 29 14
L5 (Neurotic) 14 14 29
L6 (Obsessional) 43 23 23

Table 6: Per-class recall (%) on validation data for each
fine-tuned model. Bold indicates the best model for
each class. No model dominates; each is the best or
only credible source for >1 class.

Class Disagree Stable Stable Unstable

Rate Acc  Wrong Acc
LO 17.9% 84% 16% 36%
L1 40.7% 41% 59% 32%
L2 37.7% 21% 79% 13%
L3 31.3% 32% 68% 48%°"
L4 29.8% 24% 76% 40%"
L5 27.1% 23% 77% 31%
L6 35.5% 25% 75% 36%"
L7 15.5% 91% 9% 47%
L3 46.4% 20% 80% 38%"

Table 7: Prediction stability across 3 identical council
runs. T marks classes where unstable predictions are
more accurate than stable ones; the system is confidently
wrong on these minority classes.

the clinical truth: long, detailed descriptions of
hardship without emotional processing indicate L6,
not L7.

C.2 Prediction Instability and the
Confident-Wrong Problem

On the full training set, stable predictions achieve
73.0% accuracy versus 39.2% for unstable ones.
However, for minority classes L3, L4, L6, and
L8, unstable predictions are paradoxically more
accurate than stable ones (Table 7). Between 59%
and 80% of stable minority predictions are wrong.
The system is not uncertain on hard examples; it is
confidently incorrect.

C.3 The Overfitting Paradox in Prompt
Engineering

Beyond the table in §4, the mechanism appears to
be that iteratively tuning prompts against training-
set metrics acts as implicit gradient descent with no
generalization check, causing the prompt to memo-
rize training distribution artifacts rather than cap-
ture the true classification signal.
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# Configuration Ov. F1
1 All FT overrides (aggressive) 75 367
2 L6/L2 only 42 375
3 Double corroborated 10 385
4 Triple corroborated 4 387
5  + pairwise L6 resolver 7 391
6 10 overrides variant 10 .391
7 8 overrides variant 8 .391
8  + 4 minority—minority (Type B) 11 .393
9 + 5 more Type B 16 .406

Table 8: Development progression across 9 test submis-
sions. All entries are official competition submissions;
the final row (#9, F1 .406) was our selected leaderboard
entry. The key insight: moving from 75 aggressive over-
rides (F1 .367) to 16 surgical ones (F1 .406). Fewer,
higher-confidence corrections consistently outperform
larger override sets.

C.4 Retrieval: TF-IDF Beats Semantic for
Diversity

We compared five retrieval strategies for Phase
1 few-shot selection. All four semantic variants
(Gemini embedding-001, enriched, task-framed,
and focused TF-IDF on last 3 turns) produced 42—
46% L7 in retrieved examples. TF-IDF with MMR
achieved 38%, well below the 52% base rate, be-
cause its lack of semantic understanding prevents
emotional-content clustering. For Phase 2 within-
class retrieval, however, semantic re-ranking finds
better functional matches: embeddings capture
functional similarity when the class label constrains
the search space. This phase-dependent pattern is
worth noting for future work: frontier embedding
models trained for zero-shot classification (Lee
et al., 2024; Wang et al., 2022; Muennighoff et al.,
2023) perform a similar constraint implicitly.

D Development Progression and Failed
Approaches

Failed Approaches.

GPT-54 (OpenAl, 2024). Standalone F1 of
0.265 with heavy LO bias (30.5% of predictions).
Near-zero L1 detection.

Claude Opus 4.6 agent council (Anthropic,
2026). F1 0.261 without retrieval augmentation,
with 69.3% L7 over-prediction.

Aggressive class balancing. Oversampling mi-
norities to 150 (vs. 80) and capping L7 at 200 (vs.
300) caused minority over-prediction, reducing val
accuracy from 59.0% to 51.5%.



Chain-of-thought fine-tuning. Template reason-
ing (“The speaker is managing internal state...””)
taught the model to parrot templates rather than
classify. Removing CoT and training on label-only
output was strictly better.

Gemma4 MoE (Gemma Team, Google Deep-
Mind, 2026). Attention-only LoRA on Gemma4-
26B-A4B achieved 63.5% val accuracy with the
best L4 recall of any model (36%). However,
its test-set predictions failed to improve F1: the
model’s L4 signal was contradicted by all Qwen
models, and its L1 predictions were heavily over-
predicted (47 vs ~27 expected). Despite genuine
architectural independence from Qwen (69—74%
agreement), this independence did not translate to
useful override evidence, a cautionary result for
cross-architecture ensembling. An earlier attempt
applying LoRA to MoE expert layers (not just atten-
tion) failed due to an Unsloth adapter serialization
bug: the model trained correctly but collapsed to
all-L.7 when reloaded from checkpoint.
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Abstract

We build an ensemble of 10 transformer en-
coders for the MedEXACT 2026 shared task on
medical decision span detection. The ensemble
is diversified along three training directions: en-
coder initialization (including domain-adaptive
pre-training on clinical text), loss function, and
data augmentation with LLM-generated syn-
thetic notes and silver-labeled clinical docu-
ments. Greedy forward search selects the com-
bination with the highest validation score. The
system achieves a final score of 58.09 (Span F1
51.81, Token F1 66.66) on the test set. Analy-
sis shows that each added model differs from
existing members along at least one training di-
rection, producing span predictions that allow
majority voting to screen out individual errors.

1 Introduction

Clinical discharge summaries document medical
decisions such as diagnoses, prescriptions, and
treatment plans, yet these decisions are embedded
in unstructured text, making systematic analysis
difficult. The MedExXACT 2026 shared task (EI-
gaar et al., 2026) formalizes this as a span detection
problem over a 9-category subset of the DICTUM
taxonomy (Ofstad et al., 2016), adapting the Med-
Dec dataset (Elgaar et al., 2024). The evaluation
uses a subgroup-robust fairness metric that aver-
ages overall and worst-group performance across
patient demographics (sex, race, and language).

This task poses two key challenges: (1) clinical
discharge summaries often exceed the 512-token
context window of standard encoders, requiring
documents to be split into overlapping segments
whose predictions must be reconciled; and (2) only
a few hundred annotated documents are available
for training across 9 fine-grained categories, three
of which (Gathering Information, Treatment Goal,
and Deferment) together account for a small frac-
tion of annotations.
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Rather than optimizing a single model, we train
multiple encoders with different backbones, loss
functions, and training data, then aggregate their
predictions through majority voting, retaining only
spans on which multiple models agree.!

2 System Description

We train a candidate pool of models that vary along
three directions and apply greedy forward selection
to identify the best-performing subset.

2.1 Task Formulation

We formulate decision detection as token-level BIO
(Begin, Inside, Outside) sequence labeling. Each
token is classified by a pretrained encoder followed
by a dropout layer and a linear projection with
softmax.

2.2 Candidate Pool

We vary three directions of training to build a di-
verse candidate pool: encoder backbone, loss func-
tion, and training data augmentation.

Encoder initialization. We train from two base
encoders: BiomedBERT-base (109M parameters)
(Gu et al., 2022) and GatorTron-base (345M param-
eters) (Yang et al., 2022). We additionally intro-
duce a clinical variant of each via domain-adaptive
pre-training (DAPT; Gururangan et al., 2020) with
entity-centric masking (Lin et al., 2021), contin-
uing the masked language modeling (MLM) ob-
jective on 7,814 MIMIC-III discharge summaries
(Johnson et al., 2016), excluding MedEXACT train-
ing and validation documents. We first identify en-
tities in the MIMIC-III text: token spans labelled as
medical decisions by a majority of five preliminary
BIO taggers fine-tuned on the MedExACT training
data. At each training step, 15% of tokens are then
masked, with 80% sampled from positions inside

!Code available at https://github.com/lalital/
diverse-encoder-ensemble-medexact
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these entities and the remaining 20% drawn at ran-
dom. DAPT runs for 5,000 optimizer steps with
learning rate 5x107°, batch size 16, and cosine
decay with 300-step warmup, yielding the DAPT-
BiomedBERT and DAPT-GatorTron variants in the
candidate pool.

Loss function. Each encoder is trained with both
cross-entropy and focal loss (v=2; Lin et al., 2017),
which down-weights well-classified tokens and fo-
cuses training on ambiguous examples.

Training. Each model is trained independently
as a single-task BIO tagger. Non-DAPT variants
undergo a single supervised NER fine-tuning stage.
DAPT variants undergo two sequential stages: self-
supervised MLM (DAPT) followed by supervised
NER fine-tuning, rather than a joint objective. We
use AdamW (weight decay 0.01, batch size 16) for
8,000 steps with 6% warmup, with learning rates
3x107° for BiomedBERT variants and 2x107°
for GatorTron variants. The schedule is cosine de-
cay, except for the DAPT-GatorTron variant which
uses linear decay. At inference, predictions from all
models are combined through whole-span majority
voting, retaining only spans that multiple models
agree on (§2.4).

Data augmentation. The training set is aug-
mented with two sources, each with its own la-
belling pipeline.

* Synthetic notes. MedGemma-27B (Sellergren
et al., 2025) generates clinical notes with inline
span markers of the form <d cat="N">text
span</d>; we parse these markers into BIO la-
bels (104 and 152 documents from two prompt
iterations; see Appendix A and Figure 2).
Silver-labeled MIMIC-III. Discharge sum-
maries are labelled by a five-model ensemble of
BiomedBERT and GatorTron models fine-tuned
on the gold training data (Span F1 50.3 on the
validation set).

During training, weighted random sampling draws
30% of each batch from the augmented pool on
average. We train each backbone in three settings:
train split, train split with synthetic notes, and train
split with silver-labeled data, making data augmen-
tation one of the dimensions varied across the can-
didate pool.

2.3 Input Segmentation

Documents are segmented into overlapping win-
dows of 512 tokens with a stride of 384 during
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training, yielding 128 tokens of overlap between
consecutive windows. All windows are used as
training examples, ensuring full document cover-
age regardless of length.

At test time, the stride is reduced to 256 tokens
so that each token receives predictions from more
windows. Overlapping regions are merged via
center-priority weighting: for a window of length
L=512, each token at position ¢ receives weight
w(t) = exp(—(i?éﬁ )%), assigning higher weight
to tokens closer to the window center.

2.4 Ensemble Strategy

We select the final ensemble by greedy forward
selection (Caruana et al., 2004) from the candi-
date pool. The search begins with the highest-
scoring individual model and iteratively adds the
candidate that yields the largest improvement in
final score, with the global voting threshold & re-
optimized at every step. Selection terminates when
no remaining candidate improves the score. Predic-
tions are aggregated via span-level majority voting:
each model’s predicted spans are normalized (ex-
panded to full words, punctuation-stripped, and
lowercased) to form (category, text) pairs per doc-
ument, and a span is included if at least k£ models
predict the same pair. The final configuration uses
10 models with a default threshold of k=3. This
composition is the deterministic outcome of greedy
selection, not a designed coverage constraint: 6 of
10 models use augmented data, all three encoder
initializations are represented, and both loss func-
tions are present. A separate exhaustive search over
per-category thresholds raises k to 4 for Defining
Problem and to 5 for Advice and Precaution, reduc-
ing false positives in these high-recall categories.

3 Experiments

3.1 Setup

The MedExXACT dataset (Elgaar et al., 2026, 2024)
consists of clinical discharge summaries annotated
with medical decision spans across 9 DICTUM
categories. We use the provided training and vali-
dation splits. For the test submission, each model’s
best checkpoint (selected on the validation set) is
used directly to generate test predictions.

The official evaluation metric, final score, aver-
ages the overall base score (mean of Span F1 and
Token F1) and the worst-group base score (lowest
base score among demographic subgroups defined
by race, sex, and language); see Elgaar et al. (2026)



Encoder Loss Data Span F1 Token F1 Final Score’
BiomedBERT CE + 104 synthetic 42.7 61.6 50.5
BiomedBERT Focal Train split only 41.4 59.8 49.2
BiomedBERT Focal + 104 synthetic 41.8 62.2 51.7
GatorTron CE + 152 synthetic 41.2 62.6 49.1
GatorTron CE + Silver annotated 45.0 63.8 52.7
GatorTron CE Train split only 43.9 63.4 51.2
BiomedBERT CE + Silver annotated 44.8 61.1 50.5
GatorTron CE + 104 synthetic 42.4 63.8 52.5
BiomedBERT CE Train split only 45.3 62.7 51.8
DAPT-GatorTron CE Train split only 45.0 64.1 48.6

10-model ensemble 50.4 62.7 56.9

Table 1: Ensemble models in greedy selection order, with majority vote k=3. Selection halted when no remaining
candidate improved the validation final score. TSubgroup-robust final score on corrected validation set. Data:
104/152 synthetic = MedGemma-27B documents from two generation rounds at 0.3 mixing ratio, silver annotated =
silver-labeled MIMIC-III documents, train split only = no augmentation.

for the full specification.

During development, we select checkpoints by fi-
nal score on the validation set using corrected anno-
tations, where 28 mislabeled Treatment Goal spans
in a single Hispanic-subgroup document are reclas-
sified as Defining Problem (§4); test submissions
are scored by the organizers against the held-out
test set with the original annotations. All mod-
els use 512-token sequences and are trained on
NVIDIA A100 GPUs.

3.2 Results

Our system achieves a final score of 58.09 on the
test set (Span F1 51.81, Token F1 66.66). Greedy
forward selection yields a 10-model ensemble (Ta-
ble 1) covering all three training directions. No-
tably, DAPT-GatorTron has the lowest score (48.6)
yet is selected, suggesting that the ensemble bene-
fits from diverse span predictions, allowing major-
ity voting to screen out individual errors.

Per-category breakdown. Token F1 exceeds
Span F1 across all categories (Table 2): the en-
semble locates decision-relevant tokens but mis-
aligns span boundaries. Drug Related achieves
91.0 Token F1 but only 57.8 Span F1, reflecting
consistent drug vocabulary with variable boundary
conventions. Contact Related shows the widest gap
(76.1 vs 36.8), likely because referral and follow-
up spans vary in how much surrounding context is
included. Rare categories (Gathering Information
at 12.2/26.2, Deferment at 15.4/23.0) remain low
on both metrics, consistent with their low frequency
in the training data.
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Category Span F1  Token F1
Contact Related (CR) 36.8 76.1
Gathering Information (GI) 12.2 26.2
Defining Problem (DP) 55.7 77.4
Treatment Goal (TG) 40.0 57.4
Drug Related (Dr) 57.8 91.0
Therapeutic Procedure (TP) 39.3 63.7
Evaluating Test Result (ETR) 355 68.9
Deferment (De) 154 23.0
Advice and Precaution (A&P) 54.9 70.4

Table 2: Per-category Span F1 and Token F1 of the 10-
model ensemble on the corrected validation set.

4 Analysis

Ensemble composition. Greedy selection pro-
duces an ensemble covering all three encoder
initializations, both loss functions, and all data
augmentation variants (Table 1). This coverage
emerges from the selection criterion, not by design:
each added model differs from existing members
along at least one direction.

False negative patterns. Two-thirds of false neg-
atives (1,936 of 2,905) are missed by every individ-
ual model in the ensemble (oracle-missed). Over
half of these oracle-missed spans (54%) cross line
boundaries, and long spans (11+ words) account
for 34% of misses compared to 21% for short spans
(1-3 words). Multi-line decision spans and long
spans appear particularly difficult, even with over-
lapping sliding windows.

Category confusion. The dominant error pattern
is bidirectional confusion between Defining Prob-
lem (DP) and Evaluating Test Result (ETR). For
example (target spans underlined), “Head CT re-




Error type Count %
Which boundary is wrong
Start only 1,513  62.0
End only 633 259
Both 294 12.0
Direction
Under-extension (pred shorter) 1,487 60.9
Over-extension (pred longer) 953 39.1

Table 3: Boundary mismatch breakdown for the 10-
model ensemble on the validation set (2,440 spans with
>30% overlap and matching category).

vealed a SAH with IVH. Neurosurgery was con-
sulted for further management.” is labeled ETR
in the annotations but predicted as DP. Conversely,
“She was started on tamiflu...and has completed a
5 day course. BPs have been stable to slightly el-

evated...Pulmonary nodule stable.” is labeled DP
but predicted as ETR; the model likely confused
a clinical observation for a test result. Both direc-
tions reflect the difficulty of distinguishing problem
definitions from test findings in clinical text.

Span boundary mismatch. Of 2,440 predicted
spans that overlap a gold span of the same category
(character-level intersection-over-union >0.3) but
differ in offsets, 62% have only the start boundary
wrong, 26% only the end, and 12% both (Table 3).
The ensemble exhibits a conservative bias: 61%
of boundary errors are under-extensions where the
predicted span is shorter than the gold span, versus
39% over-extensions. The missed tokens are of-
ten clinically meaningful. For under-extension, the
model drops clinical indications, e.g., predicting
“Alprazolam. .. as needed for” while the gold span
extends to include “Alprazolam. .. as needed for
anxiety”; the indication word anchors the prescrib-
ing rationale but falls outside the model’s predicted
boundary. For over-extension, the model absorbs
related findings, e.g., predicting “Mildly thickened
mitral valve leaflets. Mild mitral annular calcifi-
cation. No MS.” while the gold span ends before
the negative finding “No MS.”; the model treats the
negative exclusion as part of the same evaluative
statement.

Boundary error recoverability. Error analysis
of the ensemble’s false positives suggests that most
are located adjacent to gold spans with incorrect off-
sets rather than in unrelated text. As an exploratory
diagnostic, we trained a BiomedBERT-base bound-
ary refiner on validation data. For each ensemble-
predicted span, the refiner embeds it in a context
window with special marker tokens indicating the
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predicted boundaries. For example, if the ensem-
ble predicts “hydrocortisone 100mg IV’ as a Drug
span but the correct span is “She was given hydro-
cortisone 100mg IV, the refiner input is:

...was given [START] hydrocortisone 100mg
IV [END] and started...

The model predicts where the span should actu-
ally start and end, similar to extractive question
answering; here it would move the start marker
left to include “She was given”. Training data is
generated from the validation set by independently
shifting the start and end offsets of each reference
span by £n words (n < 5); the refiner is trained to
recover the original boundary (AdamW, Ir 2x 1075,
batch size 32, 5 epochs).

On validation data, the refiner raises the final
score from 56.90 to 73.79. Because training and
evaluation draw from the same validation gold
spans, this value is an in-distribution ceiling rather
than a held-out generalization estimate. The refiner
was applied to ensemble-predicted spans in our test
submission.

Annotation quality. Worst-group analysis re-
vealed that a single validation document accounts
for the Hispanic subgroup’s low score: 28 spans
annotated as Treatment Goal appear to be Defining
Problem (e.g., “Denies chest pain...” in Review of
Systems, ‘“Regular rate and rhythm” in Physical
Exam). Because this subgroup contains only one
validation document, the subgroup-robust metric is
sensitive to individual annotation inconsistencies.

5 Conclusion

We presented a 10-model diverse encoder ensem-
ble for the MedEXACT 2026 shared task, scor-
ing 58.09 on the test set. Greedy selection con-
sistently prefers models that differ from existing
members, and error analysis identifies two residual
challenges: start-boundary errors (62% of bound-
ary mismatches) and Defining Problem/Evaluating
Test Result confusion, both of which may benefit
from incorporating clinical domain knowledge, for
example through expert-guided annotation refine-
ment or models that explicitly represent clinical
reasoning structure.

Limitations

The ensemble, synthetic data generation, and silver
labeling are designed for this task. With only 53



validation documents, tuning decisions carry over-
fitting risk; the test score (58.09) exceeds the vali-
dation ensemble score (56.9), but worst-group esti-
mates are noisy as some subgroups contain fewer
than ten documents. Because test annotations are
held out, we cannot ablate the boundary refiner; the
alignment between test and pre-refiner validation
scores is suggestive but not controlled.

The synthetic and silver-labeled documents were
not validated by clinical experts. Their value is
primarily distributional: they expose the encoder
to clinical vocabulary patterns and decision-span
boundary conventions, not to clinically accurate
reasoning. Despite this, six of ten selected mem-
bers use augmented data, indicating a net benefit
for token-level span detection even when the under-
lying clinical content may be implausible.
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Iteration 1

Brief Hospital Course:

[Multiple units of packed red blood cells (pRBCs)]TP and
fresh frozen plasma were administered. [Norepinephrine
infusion]m, titrated to achieve [target mean arterial pressure
(MAP) > 65 mmHg]TG . [ A central venous catheter was
placed]'[P for hemodynamic monitoring. Initial labs
demonstrated [hemoglobin of 6.5 g/dL. , |platelets of
80,000/ulL , and [lactate of 4.2 mmol/L . [An ABG
was drawn]Gl revealing acute respiratory acidosis. |Bilateral
pulmonary contusions and pneumothoraces on repeat
CXR. [Bilateral chest tubes were placedJTP under image
guidance. [Fentanyl 100 meg/hr]”" and [Propofol 4
mg/kg/hr]” " were initiated for sedation. [Nephrotoxic
antibiotics were deferred pending culture results]”¢. [Blood
]GI on admission. [Patient remained
hemodynamically labile]”? requiring ongoing vasopressor
support. [Consultations were made with Trauma Surgery,

Pulmonology, and Nephrology | CR

cultures were obtained

Discharge Medications:
1. [Oxycodone Smg PO Q4-6H PRN pain|”"
2. [Omeprazole 20mg PO QD"

Discharge Instructions:

[Report any dark or black stools, vomiting blood, or

abdominal pain immediately]‘“’.

Iteration 2

Brief Hospital Course:
Upon arrival, the patient was hypotensive, tachycardic, and
tachypneic. Initial labs revealed |significant hyperkalemia

(7.5 mEq/L) . The patient was started on [bicarbonate
and insulin with glucose driplD ". [Hemodialysis was initiated
emergently]TP due to [refractory hyperkalemia]D P ICXR

demonstrated pulmonary edema consistent with fluid
overload. [Maintain adequate hydration to prevent
dehydration]TG, [Control blood sugar levels]TG.
[HyperkalemiaJD P [Volume overloadJD . [End-stage renal
diseasejm). [AnemiaJDP,

[Renal function labs to monitor kidney health]GI. [Complete
blood count (CBC) to monitor hemoglobin level]m. [Avoid

strenuous activity until cleared by your physicianl“".

Discharge Medications:

1. [Lisinopril 20mg PO daily|""

2. [Furosemide 40mg PO daily]""

Discharge Instructions:

[Monitor blood pressure and heart rate closely
adhere to dietary sodium restriction (<2 grams per day)]

AP [Strictly
AP
Followup Instructions:

[Follow up with Nephrologist within 2 weeks|“F.

Legend: CR Contact Related GI Gathering Info DP Defining Problem TG Treatment Goal Dr Drug Related TP Therapeutic

Proc.

Eval. Test Result De Deferment AP Advice & Precaution

Figure 1: Annotated excerpts from synthetic discharge summaries generated by MedGemma-27B. Colored brackets
denote decision spans; superscripts indicate DICTUM categories. Iteration 1 (left) produces longer narrative text
with annotations embedded in clinical sentences; Iteration 2 (right) combines narrative with structured lists. Both

documents cover all 9 categories.

A Synthetic Data Generation Details

A.1 Generation Pipeline

Synthetic notes are generated by MedGemma-27B
(Sellergren et al., 2025) via vLLM (Kwon et al.,
2023) on 4xA100 40GB GPUs (temperature 0.8,
top-p 0.95, max tokens 4,096, repetition penalty
1.1); the prompt was refined using Claude Opus 4.6.
Iteration 1 (104 docs) uses DICTUM definitions, a
few-shot example, and per-document demograph-
ics; Iteration 2 (152 docs) revises category targets
to reduce DP/Dr imbalance (Figure 1).

The prompt (Figure 2) conditions each docu-
ment on a sampled age group, sex, ICU care unit
(weighted toward MICU/CCU), and one of 25
diagnostic profiles (e.g., STEMI, ARDS, sepsis,
TBI); demographics are oversampled for underrep-
resented subgroups. It enforces per-category mini-
mums, boundary rules with correct/incorrect exam-
ples, contrastive category disambiguation, negative
examples, span length targets, and a few-shot frag-
ment covering all 9 categories.
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System: You are a clinical documentation specialist generating synthetic discharge summaries for medical NLP research. . .

User:

Generate a complete ICU discharge summary with inline annotations marking EVERY medical decision.

Format: <d cat="N">text span</d>

Categories: 1=Contact, 2=Test ordered, 3=Diagnosis, 4=Treatment goal, 5=Drug, 6=Procedure, 7=Test result, 8=Deferment, 9=Advice

Patient: {age} {sex}, admitted to {care_unit} for {principal_dx}.
{secondary diagnoses and comorbidities}

Requirements:

— Include sections: Chief Complaint, HPI, Brief Hospital Course, Pertinent Results, Discharge Medications, Instructions,
Followup

- Mark ALL decisions. Aim for 60-120 annotations.

- Category minimums: >8 Cat3, >5 Cat5, >5 Cat6, >5 Cat7, >3 Cat2, >3 Cat4, >2 Cat8

{10 boundary rules, e.g.:
CORRECT: <d cat="5">She was given hydrocortisone 100mg IV</d>
WRONG: <d cat="5">hydrocortisone 100mg IV</d> (missing verb)}
{Cat 3 vs Cat 7 disambiguation, e.g.:
Cat3: <d cat="3">bilateral pneumonia</d> (diagnosis)
Cat7: <d cat="7">CXR showed bilateral infiltrates</d> (test result)}
{Negative examples, e.g.:
NOT tagged: “BP was 85/35 and drifted as low as 57/35” (context, not a decision)}
{Span length guidance, e.g.:
Short: <d cat="3">COPD</d> Medium: <d cat="1">transferred to [**Hospitalxx]</d>
Long: <d cat="8">Bronchoscopy was deferred given clinical improvement</d>
Target: 30% short, 40% medium, 20% long, 10% very long}
{ Few-shot example fragment covering all 9 categories}

Figure 2: Prompt template for synthetic note generation. Italicized sections are condensed; the full prompt includes
10 boundary rules, category disambiguation pairs, and a few-shot example covering all 9 categories.
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Abstract

We describe the Eraserhead system submitted
to the PsyDefDetect shared task at BioNLP
2026, which frames psychological defense
level detection as a nine-class utterance classi-
fication problem over supportive dialogue. Our
system is based on Qwen3-14B and combines
clinically informed prompt design, per-label
oversampling, and careful inference settings
for stable prediction. A central challenge of
the task is strong class imbalance, with High-
Adaptive responses appearing far more often
than several minority classes. This makes it
easy for models to favor the majority class and
achieve reasonable accuracy while performing
poorly on rarer categories. To address this, we
iteratively adjusted oversampling targets based
on error analysis and predicted label distribu-
tions across submission rounds. Our final sys-
tem achieved an official macro F1 of 0.3418 on
Leaderboard 1 and 0.3947 on Leaderboard 2,
ranking 7th among the 21 registered teams on
both leaderboards. We further analyze the main
failure modes of the system, especially the diffi-
culty of distinguishing Minor Image Distorting
defenses from High-Adaptive responses and the
persistent tendency to over-predict the major-
ity class. These findings highlight the broader
difficulty of modeling psychological function
from text alone.

1 Introduction

Psychological defense mechanisms are uncon-
scious processes through which individuals manage
anxiety and emotional distress in interpersonal in-
teraction (Vaillant, 1992). The Defense Mechanism
Rating Scales (Perry, 1990) provide a clinically
grounded hierarchy of defense levels. Recent work
has also shown growing interest in the use of large
language models in psychotherapy related settings
(Na et al., 2025).

The PsyDefDetect shared task (Na et al., 2026a)
formulates this problem as a nine class utterance
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level classification task over supportive conversa-
tions. The task is challenging because label distinc-
tions depend on psychological function rather than
surface wording, while the class distribution is also

highly imbalanced.
Our system, Eraserhead (CodaBench:
nahian_abu), combines clinically informed

prompt design, per-label oversampling, and careful
inference design. The main contributions of this
work are as follows:

* We develop a theoretically grounded prompt
design based on DMRS, incorporating explicit
label definitions and targeted disambiguation
rules for fine-grained psychological classifica-
tion.

* We introduce a per-label oversampling strat-
egy with empirically tuned target distributions
to reduce majority class bias and improve rep-
resentation of minority defense categories.

* We provide a focused analysis of predic-
tion patterns and failure modes, highlighting
the difficulty of distinguishing subtle defense
mechanisms from text alone.

2 Related Work

Recent advances in NLP have substantially ex-
panded the scope of computational mental health
and psychological text analysis. Early work in this
area often relied on domain-adapted transformer
models trained on mental health-related social me-
dia data. A representative example is Mental BERT
(Jietal.,2022), which was pre-trained on social me-
dia data and showed improved performance across
several mental health detection benchmarks. De-
spite these results, its reliance on social media cor-
pora introduces domain bias and may limit gener-
alization to other settings, especially supportive or
therapeutic conversations. Such models are also

Proceedings of the BioNLP 2026 (Shared Tasks), pages 54-58
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typically optimized for symptom or condition de-
tection rather than for identifying deeper psycho-
logical processes.

Subsequent studies explored improved archi-
tectures and broader applications. DEENT (Nar-
vaez Burbano et al., 2025) was proposed for de-
pression detection on social media and showed
gains over traditional machine learning baselines.
Likewise, Ajayi et al. (2025) examined the detec-
tion of mental health conditions and cyberbullying
from social media using machine learning meth-
ods. Another line of work has emphasized domain-
adaptive pre-training. Chinese Mental BERT (Zhai
et al., 2024), for example, leveraged large-scale
social media corpora to improve Chinese mental
health text analysis and outperformed several base-
line models. Related work on expressive narrative
stories (Tang et al., 2024) further suggests that lan-
guage models can capture subtle linguistic patterns
in emotionally rich text, while still showing limita-
tions in deeper semantic reasoning.

Overall, prior work demonstrates that
transformer-based models are effective for
mental health text classification, especially in
social media settings. However, most studies
focus on surface-level categorization rather than
fine-grained psychological mechanisms. In
contrast, our work addresses defense mechanism
classification grounded in the Defense Mechanism
Rating Scales, where labels may appear similar on
the surface but differ in underlying psychological
function. This makes conversational context,
clinically informed prompt design, and class
imbalance handling especially important.

3 Task and Data

PsyDefDetect is a nine-class utterance-level classi-
fication task for detecting levels of psychological
defense mechanisms in supportive conversations
(Na et al., 2026b). Given a short dialogue context
and a target utterance from the help-seeker, the
model must predict one DMRS label.

The task is challenging for two reasons. First,
the distinctions between labels are psychologically
subtle and often depend more on underlying func-
tion than on surface wording. Second, the label dis-
tribution is highly imbalanced, with High-Adaptive
responses appearing much more often than several
minority classes. This imbalance makes prediction
of the rarer categories especially difficult and moti-
vates the rebalancing approach used in our system.
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4 System Overview

Our classification system is based on Qwen3-14B!,
which we fine-tuned with 4-bit QLoRA on Kaggle
T4 GPUs.

4.1 Model and Fine-Tuning

We fine-tuned Qwen3-14B using Low-Rank Adap-
tation through the Unsloth library?, which en-
ables memory-efficient 4-bit quantized training.
LoRA adapters were applied to all attention
and feed-forward projection matrices (g_proj,
k_proj, v_proj, o_proj, gate_proj, up_proj,
down_proj) with LoRA rank 16 and scaling factor
16. Training used AdamW 8-bit with a learning
rate of 2 x 10™%, cosine decay, an effective batch
size of 4 (per-device batch size 1 with gradient
accumulation of 4), 3 epochs, and a 2,048-token
context window.

4.2 Class-Rebalanced Oversampling

The training set is highly imbalanced, with Label 7
(High-Adaptive) dominating several other classes.
When trained on the original distribution, the model
tends to favor the majority class, producing high
accuracy but poor macro F1. This pattern is also
visible on the leaderboard, where many systems
achieve relatively strong accuracy while still strug-
gling on macro F1.

To address this, we used per-label oversampling
with empirically tuned target counts. Minority
classes were oversampled to improve representa-
tion, while the majority class (Label 7) was capped
below its natural frequency to reduce its domi-
nance without removing it entirely. This helped
preserve calibration while limiting majority-class
bias. These target counts were adjusted through
iterative empirical tuning across multiple submis-
sion rounds. After each run, we compared the
predicted label distribution on the test set with the
training prior. Over-predicted labels had their tar-
gets reduced, while under-predicted labels had their
targets increased. We did not use a separate held-
out validation split for these adjustments; instead,
oversampling targets were revised across official
submission rounds by comparing predicted label
distributions with the training prior. Table 1 sum-
marizes this process across two rounds.

1https://huggingface.co/unsloth/
Qwen3-14B-unsloth-bnb-4bit
Zhttps://github.com/unslothai/unsloth
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L Name vl  v3 Error v4
0  No Defenses 200 +5.5% 200
1 Action Defenses 180 —0.5% 180
2 Major Image-Distorting 140 —1.0% 140
3 Disavowal Defenses 130 +6.6% 130
4 Minor Image-Distorting 160 +3.3% 80
5  Neurotic Defenses 120 —0.4% 120
6  Obsessional Defenses 220 +0.8% 220
7  High-Adaptive Defenses 600 —8.3% 900
8 Needs More Information 70 —0.5% 70
Total 1820 2040
Table 1: Oversampling targets across versions. “v3

Error” denotes predicted frequency minus training fre-
quency after the v3 submission, where positive val-
ues indicate over-prediction and negative values in-
dicate under-prediction. Boldface highlights the tar-
gets changed for v4: Label 4 was reduced after over-
prediction, while Label 7 was increased after under-
prediction.

One important finding is that Label 7 was diffi-
cult to calibrate reliably. In v3, it remained under-
predicted relative to its training prior, which moti-
vated increasing its oversampling target in v4. This
likely reflects an asymmetry in the DMRS frame-
work: other labels require positive evidence for a
specific defense mechanism, whereas Label 7 is
often assigned when such evidence is absent. As
a result, an LLLM biased toward cooperative and
interpretive readings may still default too easily to
a more adaptive classification.

4.3 Prompt Design

Prompt design was the most influential part of the
system. The classification prompt evolved through
four versions shaped by error analysis from prior
submissions: v1 used basic label descriptions, v2
added full label definitions with sub-mechanism
names, v3 introduced targeted Critical Distinctions
rules, and v4 refined those rules while adding the
explicit rule-out step described below.

The final prompt (v4) is structured as a clinical
rubric with three parts. Key Principles instructs
the model to focus on psychological function rather
than surface wording and clarifies that direct emo-
tional expression does not by itself constitute a
defense. Full Label Definitions list all nine DMRS
levels together with their sub-mechanisms, which
reduced uncertainty more effectively than high-
level descriptions alone. Finally, Critical Distinc-
tions provides eight targeted rules for the label pairs
most often confused in earlier submissions:
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* Label 0 vs. 7: A specific Label 7 sub-
mechanism must be identifiable; otherwise,
assign 0.

Label 1 vs. 7: Label 1 rejects all offered solu-
tions while complaining; Label 7 is genuinely
open to help.

Label 3 vs. 4: Label 3 involves evasion of a
fact or reality, whereas Label 4 distorts the
image of self or others.

Projection vs. Displacement (3 vs. 5): Pro-
jection means the speaker is unaware of their
own feeling and attributes it to others; Dis-
placement means the feeling is recognized but
redirected toward the wrong target.

Label 4 vs. 2: Label 4 preserves some degree
of reality testing, whereas Label 2 is more ab-
solute and leaves little room for ambivalence.

Label 6 vs. 7 (Isolation of Affect): Label 6
implies that emotion is genuinely absent; La-
bel 7 still shows engagement, even when un-
derstated.

Label 6 (Undoing) vs. 7: Undoing tends to
appear hesitant and self-contradictory rather
than analytical.

Plain self-disclosure: Purely descriptive re-
porting of a past feeling with no distortion or
mature coping mechanism defaults to Label 0;
genuinely unclassifiable utterances should be
assigned Label 8.

The prompt instructs the model to identify the
psychological function, rule out the closest alter-
native, and output a single digit from O to 8. This
rule-out step was added to discourage the model
from selecting the first plausible label.

4.4 Inference

At inference time, the prompt is wrapped
in the model’s native chat template
with add_generation_prompt=True and
enable_thinking=False. We disabled Qwen3’s
thinking mode because, in early experiments,
chain-of-thought generation often shifted pre-
dictions toward overly charitable High-Adaptive
interpretations. Non-thinking mode reduced this
tendency and produced more stable, more easily
parseable single-digit outputs.



System LB1-Acc LB1-F1 LB2-F1
Niirnberg NLP (1/21) 0.7013  0.4200 0.4732
UTS (2/21) 0.6737  0.4055 0.4450
PerceptionLab (3/21) 0.6737 0.3956  0.4402
zzucs (6/21) 0.6441 0.3585 0.4135
Eraserhead (7/21) 0.6462  0.3418  0.3947
zzunlp (8/21) 0.6758  0.3300 0.3909

Table 2: Official leaderboard results. LB1 = Leader-
board 1 for positive classes (Labels 1-8), and LB2 =
Leaderboard 2 for all classes. Rankings are reported
with respect to the 21 registered teams in the official
evaluation.

We decoded with temperature 0.1 and a maxi-
mum of 10 new tokens. The predicted label was
extracted using a two-stage regular expression: first
matching label: [@-8], then falling back to the
first standalone digit in the valid range.

5 Results

5.1 Main Results

Table 2 presents our official leaderboard results
together with selected comparison systems.

Our system achieved an official LB1 macro F1
of 0.3418 and an official LB2 macro F1 of 0.3947,
placing it 7th among the 21 registered teams in
the official evaluation. Its LB1 accuracy of 0.6462
is also reasonably close to that of several higher-
ranked systems, such as zzunlp at 0.6758. This sug-
gests that the model is fairly competitive in overall
agreement with the gold labels, but still falls behind
the strongest systems in handling minority classes,
particularly in terms of precision and recall.

6 Analysis

6.1 The Label 4 Failure: Why Minor
Image-Distorting Is the Hardest Class

The clearest weakness in our system is Label 4 (Mi-
nor Image-Distorting), which was predicted less
often than expected. This class requires the model
to detect an unrealistically inflated or deflated view
of a person while preserving some reality testing,
a distinction that often depends on broader emo-
tional context unavailable in a short conversation
window.

These cases are difficult because their surface
language can still appear reasonable or adaptive.
Our model often resolved this ambiguity in favor
of Label 7, the safer prediction under the imbal-
anced training distribution. Reducing the Label 4
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oversampling target in v4 then pushed the model
toward under-prediction, suggesting that the bound-
ary between Labels 4 and 7 is not well captured by
frequency calibration alone.

6.2 Label 7 as a Fallback Class

Even after increasing the oversampling target for
Label 7, this class remained difficult to control con-
sistently. This suggests that the problem is not
purely one of class frequency, but also of deci-
sion boundary definition. In the DMRS framework,
other labels require positive evidence for a specific
defense mechanism, whereas Label 7 is selected
when such evidence is weak or absent. As a result,
Label 7 becomes a natural fallback under uncer-
tainty. Because LLMs tend toward cooperative and
charitable interpretations, they may be especially
likely to resolve ambiguous cases in favor of a more
adaptive reading.

6.3 Confusion Among Labels 3, 6, and 7

We observe persistent confusion among La-
bels 3 (Disavowal), 6 (Obsessional), and 7 (High-
Adaptive). Although these labels often look sim-
ilar on the surface, they differ in psychological
function: Label 3 avoids an uncomfortable truth,
Label 6 is analytical but affectively detached, and
Label 7 reflects genuine emotional engagement.

This distinction is difficult to recover from
text alone, since affect is often conveyed through
prosody and other nonverbal cues that are absent
from transcripts. As a result, models fall back on
surface heuristics, such as mapping analytical lan-
guage to Label 6 and positive framing to Label 7.
This reflects a broader difficulty of text-only DMRS
assessment rather than a limitation of our system
alone.

7 Conclusion

We presented Eraserhead, a Qwen3-14B based sys-
tem for the PsyDefDetect shared task that combines
clinically informed prompt design, class rebalanced
oversampling, and careful inference settings. Our
results show that this approach can achieve com-
petitive performance, while our analysis highlights
persistent difficulty around Label 4 and the ten-
dency to over-predict Label 7. More broadly, the
task underscores the challenge of inferring psycho-
logical function from text alone, especially under
strong class imbalance.



Limitations

This work has several limitations. The task is based
on text-only dialogue, which excludes prosodic and
nonverbal cues that may be important for distin-
guishing psychological defense mechanisms. This
especially affects subtle distinctions among La-
bels 3, 6, and 7, as well as the boundary between
Label 4 and Label 7.

Our class-rebalancing strategy was tuned across
official submission rounds by comparing predicted
label distributions with the training prior, without
using a separate held-out validation split. Although
effective in practice, this limits how strongly we
can interpret the results in terms of generalization.

Finally, our results are based on a single model
family and a specific prompt design, so they
may not transfer directly to other architectures or
prompting setups. More broadly, reliable text-only
classification remains challenging because labels
can appear similar on the surface while differing in
psychological function.

Ethical Considerations

This work examines automatic detection of psycho-
logical defense mechanisms in supportive conversa-
tions. Since the task relates to psychological func-
tioning, model predictions should not be treated as
clinical judgments. The system is intended only for
shared-task research, not for diagnosis, treatment,
or mental health assessment.

Misclassification and bias are also important con-
cerns. The model may be affected by class im-
balance and may over-predict majority or fallback
labels such as High-Adaptive in ambiguous cases.
In real-world use, such errors could lead to mis-
leading interpretations of a speaker’s psychological
state. Language models may also reflect biases
from pretraining data, especially when interpret-
ing emotionally expressive or culturally diverse
language.

To reduce these risks, we present the system
strictly as a research prototype, report results trans-
parently, and discuss its limitations. Any future
use in mental health settings would require human
oversight, stronger validation, and proper ethical
review.
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Abstract

Detecting levels of psychological defence
mechanisms in supportive conversations is in-
herently ambiguous. In the PsyDefDetect
shared task at BioNLP 2026 the eight pos-
itive defence categories share surface lan-
guage and differ only in pragmatic function
and trained raters reach only moderate inter-
annotator agreement. On such a task the de-
cisive lever is not a stronger single model but
error independence, since any single represen-
tation will waver on the overlapping defence
boundaries. We translate this insight into a 9-
voter ensemble spanning three orthogonal axes:
class granularity (all nine classes for the gate-
keeper, only the eight defence classes for the
specialists), training method (generative and
discriminative) and base model. The system
reaches F'l;.5;=.420 on the hidden test set,
placing first among 21 registered teams.

1

The PsyDefDetect shared task (Na et al., 2026a)
asks a model to classify each seeker utterance in an
emotional-support conversation by its level of psy-
chological defence. The PSYDEFCONYV corpus
(Naet al., 2026b) pairs ESConv (Liu et al., 2021), a
corpus of crowdsourced support dialogues, with the
Defense Mechanism Rating Scale (DMRS; Perry,
1990)—a clinical taxonomy of eight hierarchical
defence levels plus a “No Defence” category—and
is evaluated on macro-F1 over classes 1-8. The
task is clinically motivated (Perry, 2014) but diffi-
cult: trained raters reach only a moderate Cohen’s
k=.639 and the corpus is heavily imbalanced (C7
covers 52%, the three rarest classes together 7.4%).
Several defence categories share surface-level lan-
guage and differ only in pragmatic function, so the
semantic boundaries are inherently fuzzy.

Given these fuzzy boundaries, voting across di-
verse voters was our starting point. Rather than
chasing a stronger single model, we sought voters

Introduction
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Figure 1: Architecture of our 9-voter cross-model en-
semble.

with uncorrelated errors that arbitrate the ambigu-
ity. We tested different training methods (gener-
ative and discriminative), several base LLMs and
different class granularities. A geometric analy-
sis of the QLoRA-adapted hidden states indicates
that only the no-defence class is reliably separable,
motivating a generalist-specialist split (9-class gen-
eralist + 8-class specialists). To counter the heavy
imbalance, we additionally augmented the minority
defence classes with GPT-5.2 synthetic dialogues.

All training uses 5-fold cross-validation (CV5)
as both a voter pool and an internal performance
estimate (F'l.,, mean macro-F1 over classes 1—
8) since test labels were hidden. Comparing
voters across folds, methods and base models,
each axis produces systematically different errors:
where some voters get confused on the fuzzy de-
fence boundaries, others succeed and majority vot-
ing sharpens those boundaries—the error indepen-
dence (Dietterich, 2000) we sought, realised in a
9-voter cross-model cross-method ensemble (Fig-
ure 1) that reaches F'1.5=.420 (+33.4% over the
baseline).

Our contributions: (i) the winning 9-voter
cross-model cross-method ensemble; and (ii) an
embedding-level analysis quantifying the defence-
class semantic overlap that drives task difficulty.
Additionally, we release our class-imbalance syn-
thetic dialogues for replication.

Proceedings of the BioNLP 2026 (Shared Tasks), pages 59-65
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2 System

We build our 9-voter ensemble (Figure 1) step by
step, adding one voter voice at a time. Each step
posed a design choice—which method, which base
model, which folds to trust—which we settled by
the CV5 signal, guided by the principle that a di-
versity of voices sharpens fuzzy class boundaries
better than any single strong voice.

2.1 Data Augmentation

The PSYDEFCONV training set is heavily imbal-
anced (C7 covers 52%), the three rarest classes to-
gether 7.4%). Our first step was to replicate the
organisers’ baseline on a dialog-stratified 80/20
split, and the resulting 1,520-sample training split
was augmented with up to min(200—n,., 3 - n.)
GPT-5.2 synthetic dialogues per class—the first
term targets 200, the second caps synthetic at
75%. Classes 0 and 7 are excluded as already well-
represented; this yields 738 synthetic dialogues.
When we later moved to CV5 for the voter pool, we
reused the same 738 synthetic dialogues unchanged
across all five folds (per-class counts in Appendix
Table 4). Validation and test sets (472 samples)
remain original human-annotated data only.

2.2 Voting

On this augmented data, voting was our first step to-
ward the voter diversity we kept extending through-
out the system. Given the dataset’s fuzzy class
boundaries, the decisive lever is error independence
between voters rather than a stronger single model;
where one voter wavers, another may be more confi-
dent on the same sample and majority voting sharp-
ens the joint decision. CV5 provides both a voter
pool (five trained models per configuration) and an
internal performance estimate (F'1.,, mean macro-
F1 over classes 1-8) since test labels were hidden,
with the majority across the five fold-models giv-
ing the ensemble prediction. Our first ensemble
ran the organisers’ baseline approach (Ministral-
8B with generative supervised fine-tuning on all
9 classes of the augmented data, Min-SFT 9c) as
5-fold majority voting, lifting F'1;¢4 from .315 to
.373 (Table 1)—already a substantial gain with no
architectural diversity yet present.

2.3 Training Axis

We tested three adaptation methods for fine-tuning
a base LLM. SFT (supervised fine-tuning) fine-
tuned the LLM end-to-end with QLoRA on a gen-
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Figure 2: Out-of-fold per-class t-SNE of SFT QLoRA-
adapted 9-class Ministral-8B hidden states on the 1,864
original training utterances, with CO No Defence form-
ing the only well-separated cluster.

erative objective, learning to emit the class digit as
text. ClsHead (classification head) attached a ran-
domly initialised head to the base LLM and jointly
fine-tuned both with QLoRA and focal loss. LR (lo-
gistic regression) froze the ClsHead-adapted LLM,
discarded the trained classification head and fitted
a new linear head on the frozen last-token hidden
states—architecturally identical to the discarded
one but retrained as an L2-regularised logistic re-
gression on frozen features rather than jointly with
the backbone. Because LR reused the ClsHead-
adapted backbone (extraction in minutes, fit in sec-
onds), it added essentially no compute and let us
screen many base-model and class-mode combi-
nations cheaply. All three shared the same input
prompt (see appendix).

2.4 Class Granularity Axis

To strengthen the 5-voter baseline we faced two
design questions, which classes are reliably dis-
tinguishable in the hidden-state space and which
configurations to combine for uncorrelated errors.

A t-SNE of the SFT QLoRA-adapted 9-class
Ministral-8B hidden states (Figure 2) indicates that
CO0 No Defence forms the most separable cluster,
while the eight defence classes overlap substan-
tially. This motivates a class granularity split. The
gatekeeper keeps all nine classes, using CO pre-
dictions for the no-defence override and C1-C8
predictions for the defence vote. The 8-class spe-
cialists focus entirely on the overlapping defences.

For the 8-class specialist we tested seven base
models with ClsHead and LR (Appendix Table 3).
LR matched or outperformed ClsHead in most cells
and achieved the highest F'l., on the majority
of base models, becoming the specialist default.



For the gatekeeper, although LR 9c slightly out-
performs SFT 9c on F'1.,, we deliberately chose
generative SFT, expecting two different methods
to disagree on a different subset of samples than
two LR branches would and trading a small per-
voter F'l., loss for a larger gain in ensemble er-
ror independence. A post-hoc ablation supports
this. Pairing the Min-SFT 9c gatekeeper with an-
other SFT specialist (Min-SFT 8c, top-3 folds, t=2)
yields F'l;es:=.373, no improvement over the 5V
baseline, while pairing with the discriminative Min-
LR 8c lifts it to .391 (Table 1).

We paired the Min-SFT 9c gatekeeper with the
Min-LR 8c specialist, keeping only the top-3 folds
by F'l., per branch to drop each branch’s most
uncertain folds and save 40% inference cost. The
resulting 6-voter ensemble fortuitously covers all
five folds (Min-SFT 9c { f0, f1, f4}, Min-LR 8¢
{£0, 72, f3}).

With a dedicated gatekeeper, the simple majority
vote extends to a two-stage rule. The gatekeeper
voters first decide whether the sample is CO and the
remaining defence classification is settled by ma-
jority across all voters. Letting g1, . . ., gg denote
the GG gatekeeper predictions and vy, ...,vy all V'
voter predictions, the ensemble decision is

{o if 327 1gi=0] > (G+1)/2

with ties broken in favour of class 7 (the major-

ity class). The gatekeeper voters participate in
both branches of Equation 1—triggering the CO-
override when a majority of gatekeepers predicts
CO0, otherwise voting on defence classes alongside
the LR specialists and adding method diversity
since SFT and LR fail on different subsets of am-
biguous samples.

(1

argmax, Zy 1[vj=c| else

2.5 Model Axis

To extend the diversity principle to the third
(model) axis, we tested three additional 8-class
LR variants—Phi-4-14B (Phi4-LR 8c), Llama-3.1-
8B (Llama-LR 8c) and PsychoCounsel-Llama3-8B
(PCounsel-LR 8c, a counselling-domain Llama3-
8B finetune)—and ranked them by per-fold Pearson
correlation with Min-LR 8c’s F'1., profile (nega-
tive values indicate anti-aligned per-fold strengths,
contributing independent voter signal). We se-
lected Phi4-LR 8c on the most anti-aligned per-fold
profile (r=—.544; Llama-LR 8c +.06, PCounsel-
LR 8c —.09), completing the three-axis 9-voter en-
semble. With only n=5 folds, the gap between
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System Fliest
Baseline (Na et al., 2026b) (Min-SFT 9c, no-aug) 315
Min-SFT 9c full-train, augmented (single model) .307
Voting baseline (no axes)

5V Min-SFT 9c¢ (5 folds) 373
Class + training axis

6V Min-SFT 9c + Min-LR 8c 391
Class + training + model axis

6V Min-SFT 9¢ + Phi4-LR 8¢ .391

6V Min-SFT 9¢ + Llama-LR 8c 392

9V Min-SFT 9¢ + Min-LR 8c + PCounsel-LR 8¢ 414

9V Min-SFT 9¢ + Min-LR 8c + Llama-LR 8¢ 417

9V Min-SFT 9¢ + Min-LR 8c + Phi4-LR 8c 420

Table 1: Hidden-test-set scores (F'1s;, classes 1-8) for
our submitted systems (all trained on augmented data),
grouped by which diversity axes are active.

Phi4-LR (r=—.544) and Llama-LR (r=+.06) is
indicative rather than statistically decisive; consis-
tent with this, all three candidates land within .006
of each other on the test set (Table 1).

3 Results and Analysis

The exploratory design above, guided by the F'1.,
signal across methods, base models and folds, pro-
duced the configurations in Table 1. The rest of this
section asks three questions of the winning 9V—
where do its per-class errors concentrate, what does
the third specialist arbitrate and how much of the
gain depends on augmentation.

3.1 Per-Class Analysis

On the hidden test set (n=472), the winning 9V
performs strongly on surface-identifiable defences
(CO No Defence F'14.5:=.899, C7 High-Adaptive
.833) but struggles where categories overlap se-
mantically (Figure 3, Appendix Table 5). The
CO0-override (Equation 1) fires on 17.6% of test
samples, close to the 15.9% training prevalence.

Two error patterns dominate. C6 and C7 are
swapped on 28 samples (16 C6—C7, 12 C7—C6)
and 7 of 13 C5 Neurotic samples (54%) are labelled
C7 High-Adaptive—the highest relative confusion
rate. All three classes produce measured, reflective
language and distinguishing them needs intent or
longitudinal context rather than a single utterance
(Perry, 2014). The model therefore defaults to C7—
the clinically costly direction, where a neurotic
defence read as mature coping misses the signal for
intervention.
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Figure 3: Row-normalised confusion matrix of the
winning 9V system on the hidden test set. C7 High-
Adaptive absorbs most misclassifications from mid-
hierarchy classes.

3.2 Voter Diversity: Flipping and Arbitration

In the 9V the third specialist cannot overrule a
confident Ministral majority since 5/6 and 6/6 are
mathematically locked against 3 specialist votes, so
it can only intervene on the n=142 samples where
Ministral is itself split (Figure 4). The question
is whether the specialist flips Ministral’s wrong
calls (helpful arbitration) or its correct ones (harm-
ful noise). Adding Phi4-LR 8c lowers the system
Krippendorff’s o from .451 (6V Min-SFT 9c +
Min-LR 8c¢) to .397 (9V) and the drop sits across
branches rather than within them (within-branch
Min-SFT .617, Min-LR .630, Phi4-LR .464; low-
est cross-pair Min-SFT xPhi4-LR .382). Such
cross-branch disagreement among accurate base
models is the well-known prerequisite for ensem-
ble gains beyond the strongest member (Dietterich,
2000). But low Krippendorff’s o only proves the
voters disagree, not whether they disagree where it
matters, so we trace the actual flips.

Phi4-LR flips Ministral on 39 of those 142 sam-
ples and 33 (85%) touch the C6/C7 boundary that
dominates the per-class confusion matrix (Fig-
ure 3). C7 is the most common flip source (12
of 39, 31%), reflecting Min’s tendency to over-call
the majority class, but the redistribution is hetero-
geneous with no single direction dominating (top
flip C7—C3 is 6 of 39). Swapping Phi4-LR for
Llama-LR or PCounsel-LR yields .417 and .414,
so the gain reproduces across all three candidates.
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CO Override n=83 (17.6%)
(gatekeeper)

\\\\\\\\\\\

5/6 Ministral

4/6 Ministral

3/6 Ministral

2/6 Ministral

T T T T
100 125 150 175

Number of test samples

T T
50 75

Figure 4: Each bar is one 9V system (6 Ministral
+ 3 specialist voters); y-axis groups samples by how
many Ministral voters agreed—the specialist can flip
the Ministral majority only from 4/6 downwards—and
dark portions mark the actual flips.

3.3 Augmentation Ablation

Without GPT-5.2 augmentation (no-aug; Table 2),
the 9V loses only .042. Augmentation alone hurts
a single model (—.008), but voting averages over
the synthetic noise and turns augmentation into
a +.042 lift on top of voting’s +.063—they are
interlocked, not additive.

System aug no-aug
Min-SFT 9c (single, no voting) 307 315
5V Min-SFT 9¢ .373 319
+ Min-LR 8c (6V) .391 .369
+ Phi4-LR 8c (9V) .420 .378

Table 2: Augmentation ablation (F'14¢s¢, classes 1-8);
augmentation hurts a single model but helps once voting
averages the noise.

4 Conclusion

Our 9-voter ensemble reaches F'l;.q=.420
(+33.4% over baseline), driven by voter error inde-
pendence. CO forms a well-separated cluster while
the defence-class clusters are less distinct—exactly
the fuzzy boundaries our approach disentangles.
We got there by stacking diversity axes (class gran-
ularity, training method, base model) and follow-
ing the F'1., signal. GPT-5.2 augmentation hurts
a single model alone but lifts the 9V by +.042.
Post-hoc analysis reveals aug X no-aug as another
diversity axis—a 6V combining aug Min-SFT 9c
and no-aug PCounsel-LR 8c clears .40 (Appendix
Table 6), supporting our hypothesis that indepen-
dent errors are the lever. Voter diversity tends to
help but does not scale arbitrarily. Disentangling
these clusters with richer signal and matching the
9V more cheaply remain open.



Limitations

PSYDEFCONYV provides only 1,864 training sam-
ples, so the +.029 gain from the best non-cross-
model 6V (.391) to the 9V (.420) is a single
hidden-test observation and what generalises is
the complementary-model selection principle, not
the exact 9V ranking. Several design choices—
specialist selection by an n=>5 Pearson correla-
tion, top-3 fold selection without cross-validation
and the CO-override threshold—rest on limited sta-
tistical support, so the submitted configuration is
one of several plausible winners. Moderate an-
notator agreement (k=.639) bounds the macro-F1
target and places the rare clinical classes C2, C5
and C8 inside the annotator-disagreement band.
All evaluation is on PSYDEFCONV/ESConv (En-
glish) with 738 GPT-5.2 synthetic dialogues that
carry generator-specific artefacts. The 9V needs
distillation for real-time deployment, though the
5V single-branch already captures more than half
of the gain at one third of the inference cost.

Ethics Statement

At F'l4e5=.420 the system misclassifies the major-
ity of defence-bearing utterances with an adaptive-
skew bias that under-flags exactly the patients who
most warrant clinical attention. Assigning defence
labels to a person’s utterances is itself a psycho-
logical intervention and should not occur outside
supervised clinical workflows with informed con-
sent (Steigerwald et al., 2026; Na et al., 2025).
Like other LLLM-based tools in mental health, such
systems should augment, not replace, the human
practitioner (Steigerwald et al., 2025); outputs are
categorical labels only and could be misused to
pathologise individuals in adversarial contexts, mir-
roring known privacy, bias and accountability risks
of mental-health LLMs (Steigerwald and Albrecht,
2026). The DMRS taxonomy reflects Western,
English-language therapeutic traditions and PSY-
DEFCONYV (Liu et al., 2021) is simulated rather
than clinical data whose crowdworkers consented
to support-dialogue collection, not to psychody-
namic re-annotation.

Data Availability

The 738 GPT-5.2 synthetic dialogues, generation
prompt and parameters are released under CC BY-
NC 4.0 at https://github.com/th-nuernberg/
nuernberg-nlp-psydefdetect.
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A Hyperparameter Details

All fine-tuning uses 4-bit NF4 QLoRA on all
linear projections (dropout 0.05, cosine sched-
ule with 10% warm-up, 10 epochs, effective
batch size 8, max sequence length 4,096 to-
kens). SFT uses LoRA rank 32 (aw=64), learn-
ing rate 107, cross-entropy on the label digit.
ClsHead uses rank 16 (a=32), learning rate
2x107°, focal loss (Lin et al., 2017) (y=2)
with inverse-frequency class weights w,
N/(K n.). LR is L2-regularised multinomial lo-
gistic regression on frozen last-token hidden states
(C € {1073,1072,1071,1,10} swept per fold;
class_weight="balanced"; scikit-learn de-
faults). Augmented samples enter only training.

System: You are an expert psychologist specialising in the Defense
Mechanism Rating Scale (DMRS). You analyse emotional support
conversations and classify the psychological defence mechanisms
used by the help-seeker in their utterances. You always respond with
exactly one line in the format ‘label: <number>" where <number> is
1-8.

User: Below is an emotional support conversation between a
SEEKER and a SUPPORTER. Your task is to classify the TAR-
GET utterance according to the Defense Mechanism Rating Scale
(DMRS).

## Conversation
[Full dialogue history with SEEKER and SUPPORTER turns]

## Target Utterance
[The seeker utterance to be classified]

## DMRS Defence Mechanism Categories

[Definitions for all 8 (or 9) DMRS levels, e.g. “1: Action: The speaker
uses action-oriented defences such as acting out, passive aggression, or
help-rejecting complaining. .. ”; full descriptions for every level]

Examine the dialogue carefully and select the single most appropriate
defence tier. When multiple defences seem plausible, choose the tier
with the strongest supporting evidence. Every utterance contains a
defence mechanism. Return exactly one line: label: <1-8>.

Assistant: label: {class_id}

B Multi-Model CVS Comparison

Table 3 reports F'1., for all candidate base mod-
els, methods and class modes. The LR column
dominates across models and Ministral-8B and
Phi-4-14B top the 8-class LR column—the pair-
ing adopted in the winning system.

C Data Augmentation and Class
Balancing

GPT-5.2 (temperature 0.9) generated 738 synthetic
dialogues against the 80/20 dialog-stratified train
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SFT ClsHead LR
Model 8¢ 9¢ 8c 9¢ 8c 9¢
Ministral-8B 321 306 .333 311 .342 315
Phi-4-14B - 293 337 - 337 -
Llama-3.1-8B 251 279 246 284 312 284
Qwen2.5-7B 266 256 302 268 307 .283
PsychoCounsel-8B  — - 316 - 301 -
PsyLLM-8B - - 295 - 289 -
GPT-0OSS-20B 212 183 278 - 292 -

Table 3: F'1,, for all candidate base models (mean over
n=>5 folds, classes 1-8; 0€[.019, .045]).

split (1,520 originals) using a few-shot prompt with
the full DMRS taxonomy and five randomly sam-
pled originals of the target class; each dialogue is a
2-6 turn emotional support exchange ending in a
target seeker utterance that demonstrates the spec-
ified defence level. Table 4 reports the per-class
budget against this 80/20 split. The same 738 syn-
thetic dialogues underpin both the “Min-SFT 9c
full-train, augmented (single model)” baseline in
Table 1 (trained on all 1,864 originals plus the 738
synthetic) and every CVS5 voter (each trained on its
fold-train split of ~1,493 originals plus the same
738 synthetic). Synthetic data enters only training
splits, while validation and test sets remain exclu-
sively original human-annotated data.

System: You are a psychology expert generating training data. Output
only valid JSON.

User: You are an expert psychologist specialising in psychological
defence mechanisms.

[Full DMRS taxonomy with definitions and example markers for all 9
levels]

Your Task: Generate {n} NEW and DIVERSE examples of Level
{£}: {name} in emotional support conversations.

Requirements:

1. Create REALISTIC dialogues between a help-seeker and emo-
tional supporter

. The TARGET UTTERANCE must clearly demonstrate Level {£}

. VARY the topics: work stress, relationships, health anxiety, fam-
ily conflict, finances, grief, ...

. Use natural, conversational English

. The SEEKER uses the defence mechanism (not the supporter)

. Dialogue context: 2—6 turns before the target

Few-Shot Examples:

[5 randomly sampled original training examples of the target class, each

showing dialogue context + target utterance + label]

Output Format: Generate exactly {n} examples as JSON objects,
each with a dialogue (list of speaker/text turns) and a target utterance.

D Embedding Geometry after 8-Class
Specialist Training

Figure 5 shows per-class t-SNEs for the two LR 8c
specialists. 8-class training does not separate the



ID Defence Level Orig. +Aug Total
0 No Defence 244 0 244
1 Action 88 112 200
2 Major Image-Dist. 54 146 200
3 Disavowal 83 117 200
4 Minor Image-Dist. 67 133 200
5 Neurotic 34 102 136
6 Obsessional 135 65 200
7 High-Adaptive 794 0 794
8 Needs More Info 21 63 84

Total 1,520 738 2,258

Table 4: Per-class composition of the 80/20 train split

D Defence Level F1 P R n
0 No Defence 899 .855 947 75
1 Action .583 700 .500 28
2 Major Image-Dist. 333 357 312 16
3 Disavowal 291 267 320 25
4 Minor Image-Dist. .350 .368 333 21
5 Neurotic .200 .286 154 13
6 Obsessional 436 .386 .500 44
7 High-Adaptive .833 .844 .823 243
8 Needs More Info 333 400 286 7

Table 5: Per-class F'l;.4: of the winning 9V ensemble
on the hidden test set (n=472).

Flicst t Configuration (gatekeeper + specialists)
against which the augmentation budget was computed;
CO0 and C7 are excluded from augmentation but remain 402 2 Min-SFT 9c + PCounsel-LR 8c (n)
. .. .396 2 Min-SFT 9¢ + Phi4-LR 8¢ (n)
In training. .395 2 Min-SFT 9¢ + Min-LR 8¢
9y
@ @ Criigh .452 1 Min-SFT 9¢ + Min-SFTinit-LR 8c + Phi4-LR 8c (n)
ST D e el o .449 2 Min-SFT 9c + Min-SFTinit-LR 8c + Phi4-LR 8c (n)
445 3 Min-SFT 9c + Min-SFTinit-LR 8c + Phi4-LR 8¢ (n)
12v
‘ = 471 3 Phi4-SFT 9¢ + Min-Cls 9c + Min-LR 8c (n)
9 , C37 e C8) * (CT + Phi4-LR 8¢ (n)
Z >33 “' @) .464 3 Phi4-SFT 9¢ + Llama-LR 8c + Min-LR 8¢ (n)
2 1) } ~ oX0) +Phid-LR 8c (n)
s ; = 456 3 Phi4-SFT 9¢ + Min-SFTinit-LR 8c + Min-LR 8¢ (n)
Cé +Phi4-LR 8c (n)
(b) Phi4-LR 8¢ SNE-I

c4 C7
C3
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Figure 5: Per-class t-SNE of the LR 8c specialist hidden
states (n=1,568, CO excluded).

defence clusters in either model—C6 and C7 re-
main the dominant overlap (cf. Figure 3)—yet the
two models produce visibly different local geome-
tries, consistent with our finding that error indepen-
dence drives the ensemble.

E Per-Class Results

Table 5 reports per-class scores of the 9V ensemble,
with C3 and C5 below .300 and confirming the C7
absorption seen in Figure 3.

F Post-Hoc Re-Voting Search

The configurations in this appendix are not part
of our shared-task submission and were never up-
loaded to the leaderboard. After the test labels were
released we re-voted over our 18 cached per-fold
prediction sets (12 aug + 6 no-aug) without retrain-
ing; an 18-branch search takes seconds on cached
predictions. Fold selection is post-hoc, so these
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Table 6: Top-3 post-hoc voter combinations on the test
set per ensemble size; (n) marks no-aug branches (un-
marked = augmented), ¢ is the CO-override threshold;
Min-SFTinit-LR is a Min-LR 8c specialist initialised
from the SFT 9c adapter rather than ClsHead.

scores are oracle upper bounds rather than blind
submissions.

Three patterns emerge (Table 6). First, mix-
ing aug with no-aug branches is itself a diversity
axis: 9V ensembles combining aug and no-aug spe-
cialists average F'l;cs:=.391 vs. .372 for aug-only
pairs and every top-3 entry from 9V upward draws
on at least one no-aug branch. Second, for 6V the
best gatekeeper + specialist pairing is the no-aug
PCounsel-LR 8c (.402), narrowly ahead of no-aug
Phi4-LR 8c (.396); the cross-architecture LR spe-
cialists dominate the top of the 6V leaderboard.
Third, ensemble gain grows from 9V to 12V (best
452 — 471, 4+.019) and begins to plateau beyond
12V, suggesting that adding more branches from a
saturated voter pool re-introduces correlated errors
faster than independent signal.
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Abstract

We describe our system for the PsyDefDetect
shared task at BioNLP 2026, which focuses on
classifying help-seeker utterances in multi-turn
supportive conversations into nine psycholog-
ical defense mechanism levels defined by the
Defense Mechanism Rating Scales (DMRS).
Our approach fine-tunes roberta-base us-
ing a composite training objective that com-
bines focal loss, label smoothing, and square-
root dampened class weights to address the se-
vere label imbalance present in the PSYDEF-
CONV corpus, where the dominant class con-
stitutes 52% of the training data. The input
representation is constructed by concatenating
up to eight dialogue turns with role-specific
tags, separated using ROBERTa’s native </ s>
tokens, followed by the target utterance marked
using a [TARGET] token. Model selection is
performed using macro-F1 based early stop-
ping on a stratified 15% validation split, along
with cosine learning rate decay for stable op-
timization. Our best submission achieves an
official Leaderboard 1 (positive classes) macro-
F1 score of 0.2556, ranking 11th among 21
registered teams.

1 Introduction

Psychological defense mechanisms are uncon-
scious strategies through which individuals man-
age anxiety and regulate emotional distress (Na
et al., 2026b). In supportive conversations, a help-
seeker’s choice of defense—whether mature cop-
ing, intellectualization, or denial—shapes the tra-
jectory of the interaction and the kind of support
that is likely to be effective. Automatically detect-
ing these defense levels is therefore relevant for
clinical decision support, psychotherapy research,
and emotionally intelligent dialogue systems. De-
spite this relevance, the problem remains largely
unexplored in NLP.

The PsyDefDetect shared task at BioNLP 2026
(Na et al., 2026a) introduces this problem through
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the PSYDEFCONY dataset, the first conversational
corpus annotated with DMRS-based defense lev-
els. The task requires classifying help-seeker utter-
ances into nine hierarchical categories using their
dialogue context. This setting connects to ongoing
work in psychotherapy-focused language modeling
and mental health NLP (Na et al., 2025).

The task presents three main challenges. (1)
Severe class imbalance: Level 7 (High-Adaptive
Defenses) accounts for 52% of the training data,
whereas Level 8 (Needs More Information) con-
tains only 28 instances. (2) Fine-grained clinical
distinctions: Adjacent DMRS levels often show
strong surface overlap. For example, Disavowal
(Level 3) and Obsessional defenses (Level 6) both
involve verbal rationalization, but differ in whether
the speaker avoids or intellectualizes affect. (3)
Context dependency: The same utterance may
correspond to different defense levels depending
on the preceding dialogue, including both supporter
and help-seeker turns.

To address these challenges, we adopt a focal
loss objective with square-root dampened class
weights, label smoothing, and a context-rich input
representation that encodes up to eight dialogue
turns with explicit role tags and RoBERTa sepa-
rator tokens. Our best system achieves a private
test macro-F1 score of 0.2556. We further provide
per-class analysis and discuss the observed failure
modes to inform future work.

2 Related Work

Liu et al. (2021) introduced the ESConv dataset and
emotional support strategy classification, which
also serves as the source corpus for PSYDEF-
CONY, while Na et al. (2025) highlight the gap
between current NLP capabilities and real clini-
cal requirements in psychotherapy-related applica-
tions. In imbalanced text classification, focal loss
(Lin et al., 2017) has been widely used to focus

Proceedings of the BioNLP 2026 (Shared Tasks), pages 66—70
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learning on harder and underrepresented examples,
and Miiller et al. (2019) show that it can work well
with label smoothing by reducing overconfidence
while preserving learning signal on difficult cases.
More broadly, encoder-based dialogue models have
shown strong performance in emotion recognition
in conversation (Poria et al., 2019), where context
dependency and class imbalance are also important
challenges. Our input formulation follows this line
of work by using role-tagged dialogue history with
separator tokens to better capture conversational
structure and dependencies.

3 Task and Data

The shared task is based on the PSYDEFCONV
dataset (Na et al., 2026b), which is constructed
from a stratified subset of the ESConv corpus of
emotional support conversations (Liu et al., 2021).
The dataset consists of 200 multi-turn dialogues
between help-seekers and supporters, with a total
of 2,336 help-seeker utterances annotated using the
DMRS clinical framework by expert annotators.

Label schema. The task requires classifying each
utterance into one of nine categories spanning the
full DMRS hierarchy. This includes seven hierar-
chical defense levels along with two auxiliary cate-
gories: No Defenses”, which corresponds to func-
tional utterances without engagement in internal
conflict, and Needs More Information”, which cap-
tures ambiguous cases where the context is insuffi-
cient for reliable classification. Table 1 presents the
full label distribution and corresponding training
frequencies.

Class imbalance. The dataset exhibits significant
class imbalance, which directly influences the mod-
eling approach. Level 7 (High-Adaptive Defenses)
is the dominant class constituting 52% of the data.
In contrast, Levels 1, 2, 3, 4, 5 and 8§ appear far less
frequently which can be seen in Table 1. This level
of imbalance makes standard fine-tuning difficult.

Evaluation. The shared task reports two official
leaderboards based on macro-averaged F1 scores.
Leaderboard 1 evaluates performance over the pos-
itive defense classes (Levels 1-8), while Leader-
board 2 evaluates performance across all classes
(Levels 0-8). In both settings, macro-F1 is com-
puted uniformly across classes, making perfor-
mance on minority classes particularly important
for overall system ranking.
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Label Defense Level Count %
0 No Defenses 296 159
1 Action 108 5.8
2 Major Image-Distorting 61 33
3 Disavowal 99 5.3
4 Minor Image-Distorting 84 4.5
5 Neurotic 48 2.6
6 Obsessional 172 9.2
7 High-Adaptive 968 52.0
8 Needs More Info 28 1.5

Total 1,864 100

Table 1: Label distribution in the training set.

4 System Description

4.1 Input Representation

Each instance consists of a dialogue history and
a target help-seeker utterance to classify. We con-
catenate the last k=8 dialogue turns, prefixing each
turn with an explicit speaker role tag (Seeker:
or Supporter:), and join turns with RoBERTa’s
native sentence-separator token </ s> as a soft se-
mantic boundary. The target utterance is appended
after a final </s> under a [TARGET] Seeker:
prefix that explicitly marks the utterance to clas-
sify:

Seeker: t1 </s> Supporter: ta
</s> v </s>

[TARGET] Seeker: target
utterance

All sequences are truncated and padded to a max-
imum of 256 tokens. Using k=8 turns—rather
than the shorter windows (k=5) trialled in pre-
liminary experiments—is important because defen-
sive functioning often manifests as a pattern across
multiple exchange rounds. For instance, escalat-
ing help-rejecting complaining (Level 1) is more
detectable when the model observes a sequence
of prior supporter suggestions being consistently
deflected. The explicit [TARGET] marker pre-
vents the model from attending ambiguously to any
seeker turn in the history when classifying.

4.2 Pre-trained Model

We fine-tune roberta-base (Liu et al., 2019),
a 12-layer Transformer encoder with 125M param-
eters, appending a two-layer classification head
(dense + dropout + output projection) over the <s>
(CLS) representation for 9-way classification. Hid-
den dropout and attention dropout are both set to
0.1 to regularize the encoder during fine-tuning on
the small corpus.



In preliminary experiments, we also trained
distilbert-base-uncased (Sanh et al.,
2019) as a pilot baseline under a simpler setup
with a shorter dialogue history window (k=5), stan-
dard inverse-frequency class weights, focal loss
with v=2.0, and no early stopping. The final
roberta-base system improved over this pilot
by approximately +0.04 macro-F1 on the official
LB1 leaderboard. However, this improvement re-
flects not only the stronger encoder backbone but
also the revised training and input configuration.
RoBERTa’s more aggressive pretraining strategy,
including dynamic masking, larger batch training,
and the removal of the next-sentence-prediction ob-
jective, likely contributes to richer contextual rep-
resentations for the subtle pragmatic distinctions
required by DMRS-level detection.

4.3 Training Objective

Class weights. To counteract majority-class dom-
inance, we compute per-class inverse-frequency
weights via scikit-learn’s compute_class_weight

("balanced"):
N

Ko ey
where N is total training samples, K=9, and n.
is the count of class ¢. Raw balanced weights
are extreme for very rare classes (Level 8 yields
w = 7.4), which destabilizes training by amplify-
ing gradient noise from the few available samples.
We apply square-root dampening to moderate the
range while preserving the relative ordering:

Vwe 2)

This keeps weights in the range ~0.6-2.7, which
we found empirically more stable than either un-
dampened or cube-root dampening.

We

We

Focal loss with label smoothing. We combine
focal loss (Lin et al., 2017) with label smoothing
(Miiller et al., 2019) to address both class imbal-
ance and overconfidence simultaneously.
Label smoothing with é=0.05 produces a soft
target distribution:
1—¢ ifc=y

Ye = (3)

£ otherwise
K-1

The label-smoothed cross-entropy loss per sam-
ple 7 is:

K
ti=—=> jclogp! )
c=1
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The focal weight down-weights confidently clas-
sified (high p;) examples:

2 fi=(1=pM" )

b
with v=1.5. We use a lower ~ than the original
=2 (Lin et al., 2017) to avoid over-suppressing
gradient signal from the dominant Level 7 class,
which anchors shared encoder representations.
The final loss for a batch of B samples is:

=y,

B
ﬁzézwyi-fi-& ©)
i=1
This objective directs the model’s representa-
tional capacity toward hard, often minority-class
examples while preserving a meaningful learning
signal from easier majority-class instances.

4.4 Training Configuration

We implement the custom objective in a subclassed
HuggingFace Trainer (Wolf et al., 2020). The
full hyperparameter configuration is given in Ta-
ble 4 (Appendix A). Key settings:

» AdamW optimizer, learning rate 2x 1075

* Cosine decay schedule, 6% linear warmup

* Weight decay 0.01, gradient clipping 1.0

* Batch size 16 /32 (train / eval), fp16 precision

* Up to 12 epochs, early stopping with patience
3 on val macro-F1

* Stratified 85/15 train/validation split

At test time, logits are divided by temperature
T'=1.3 before the argmax to reduce overconfidence
under the domain shift between training and test
data (Guo et al., 2017).

5 Results

5.1 Validation Performance

Early stopping selected the best checkpoint at
epoch 6 (of a maximum of 12), with valida-
tion macro-F1 of 0.288. Table 2 shows the per-
class breakdown on the validation split (280 utter-
ances). The model performs strongly on Level 0
(F1=0.832) and Level 7 (F1=0.677), which to-
gether constitute the majority of validation labels.
Performance degrades sharply for low-frequency
classes, with Levels 1, 3, and 5 showing very low
or near-zero F1 scores, highlighting the difficulty
of learning from extremely limited data.



L Defense P R F1
0  No Defenses 0.841 0.822 0.832
1 Action 0.059 0.063 0.061
2 Maj. Img.-Dist. 0.333 0333 0.333
3 Disavowal 0.000 0.000 0.000
4 Min. Img.-Dist. 0.200 0.154 0.174
5  Neurotic 0.000 0.000 0.000
6  Obsessional 0.263 0385 0.313
7  High-Adaptive 0.754 0.614 0.677
8 Needs More Info  0.167 0.250 0.200
Macro avg. 0.291 0.291 0.288

Table 2: Per-class results on the validation split (280
utterances, 15% stratified split).

5.2 Private Test Performance

Table 3 compares our final submitted system
against a preliminary DistilBERT pilot baseline.
The final system achieves an official LB1 macro-F1
of 0.2556. Compared with the DistilBERT pilot
run, this corresponds to an improvement of approx-
imately +0.041 macro-F1. However, this compari-
son should be interpreted as a full-system compari-
son, since the pilot baseline used a different context
window, loss configuration, and optimization setup
as mentioned before.

System Val F1 Official LB1 F1
DistilBERT pilot baseline ~ 0.327 0.215
RoBERTa + focal (ours) 0.288 0.256

Table 3: Macro-F1 results on the validation split and
the official LB1 test set. The DistilBERT pilot used
a different training configuration, including a shorter
context window (k=5), different loss hyperparameters,
and no early stopping.

6 Analysis

Validation—private gap. Our system achieves a
validation macro-F1 of 0.288 but only 0.256 on the
private test set, leaving a gap of 0.032. We think
this comes mainly from two factors. First, the vali-
dation split is small, with only 280 utterances, and
some classes have fewer than ten samples, so even
a few mistakes can move macro-F1 a lot. Second,
repeated hyperparameter tuning across runs likely
caused some implicit overfitting to this split, even
though each run used fresh initializations. A more
reliable setup would be stratified cross-validation
or a separate validation set.

Failure modes on rare classes. The model strug-
gles most on Levels 1, 3, and 5, which together
have only 255 training samples. Data scarcity is
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one reason, but the bigger issue is that these classes
often overlap with each other and with more fre-
quent classes. In the validation set, Levels 3 and 5
collapse to F1 =0.0, which shows how hard these
labels are to learn from limited data. For example,
a statement like “nobody ever really understands
me” may fit Projection (Level 3, Disavowal) or
Passive Aggression (Level 1, Action), depending
on the surrounding context. These cases require a
deeper understanding of the DMRS framework, not
just surface cues. Level 8 is even harder, since it
is defined by missing context rather than any clear
positive signal, and 28 examples are simply not
enough.

Effect of dialogue history window. Using a his-
tory window of k=8 turns worked better, espe-
cially for Action Defenses (Level 1) and Disavowal
(Level 3). These defenses often appear as patterns
across multiple turns. For example, repeated de-
flection of suggestions can signal Level 1, while
more consistent engagement can align with Level 7.
Shorter windows like k=5 miss these interaction
patterns.

Temperature scaling. Temperature scaling with
T'=1.3 gave a small improvement on the private
leaderboard. This is not surprising, since fine-tuned
models on small domain-specific datasets often be-
come overconfident. Temperature scaling is a sim-
ple fix, but it helps calibration (Guo et al., 2017).

7 Conclusion

We greatly appreciate the dataset as the strong class
imbalance makes this task quite challenging. Al-
though we attempted to address this issue, the per-
formance still remains limited. In future work, we
plan to explore more reliable ways of handling
minority classes including controlled data augmen-
tation methods such as paraphrasing and to incor-
porate DMRS-specific modeling techniques.

Limitations

Our system has several notable limitations. First,
the small training set (1,864 utterances) and se-
vere class imbalance fundamentally constrain fine-
tuning approaches; Level 8 with 28 instances is
practically unlearnable. Second, our models are
encoder-only and operate without any explicit rep-
resentation of the DMRS clinical framework; they
learn surface correlates of defense levels rather
than the underlying clinical constructs. Third, the



val/private gap (0.032) indicates unresolved overfit-
ting to the specific validation split used throughout
development. Finally, all experiments were con-
ducted on a single GPU (NVIDIA T4, Google Co-
lab), which precluded exploration of larger models
or extensive ensemble methods due to time con-
straints.
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A Hyperparameter Configuration

Hyperparameter Value

Base model roberta-base
Parameters 125M

Max sequence length 256 tokens
Dialogue history k = 8 turns
Batch size (train/eval) 16/32
Learning rate 2x107°
LR schedule Cosine decay
Warmup ratio 0.06

Weight decay 0.01

Gradient clipping 1.0

Max epochs 12

Early stop patience 3 epochs
Early stop metric Val macro-F1
Focal ~ L5

Label smooth 0.05

Weight dampening Square root
Hidden dropout 0.1

Attention dropout 0.1
Temperature T° 1.3

Precision fpl6
Hardware NVIDIA T4 (Colab)

Table 4: Full hyperparameter configuration.
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Abstract

Extracting medical decisions from discharge
summaries is essential for downstream clini-
cal analytics, yet the task remains challeng-
ing due to the heterogeneous structure of elec-
tronic health records. For the MedExACT
track at ACL 2026, we proposed a system that
achieved the 4th position. Our approach first ap-
plies dynamic section conditioning to capture
the contextual dependencies inherent in each
document. A transformer backbone is then
augmented with category- and section-aware
layer mixing, enabling us to fuse global docu-
ment structure with fine-grained semantic cues.
To further improve robustness, we employ an
ensemble of instruction-tuned large language
models for automatic section extraction, while
a fairness-oriented model selection criterion
ensures that performance does not degrade on
minority demographic subgroups. The result-
ing system attains a final score of 0.5806 on
the held-out test set and demonstrates signifi-
cant gains over the baseline across all evaluated
subpopulations.

1 Introduction

The extraction of medical decisions from clinical
text is a critical task that holds significant potential
for enhancing patient care, advancing medical re-
search, and developing predictive models (Oliveira
et al., 2025; Klug et al., 2024). However, this pro-
cess is fraught with challenges due to the inherent
complexity of clinical text, which is characterized
by specialized jargon, abbreviations, and diverse
formats such as notes and reports (Mortadi et al.,
2025; Ando et al., 2022). Discharge summaries,
in particular, are rich repositories of medical deci-
sions, yet their extraction remains non-trivial due
to the inherent complexity and contextuality of clin-
ical language (Navarro et al., 2023; Hossain et al.,
2023).

The MedExXACT task at ACL 2026 (Elgaar et al.,
2026) builds on this challenge by requiring systems
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to identify and classify medical decisions within
ICU discharge summaries. The task is grounded
in the MedDec dataset (Elgaar et al., 2024), which
comprises over 56 000 expert-annotated spans de-
rived from de-identified MIMIC-III clinical notes
(Johnson et al., 2016) across nine decision cate-
gories. This dataset reflects real-world clinical prac-
tice, with significant variations in demographic and
linguistic distributions, making it a robust bench-
mark for evaluating both accuracy and equity in
medical decision extraction systems.

This task faces significant challenges: contextual
complexity, demographic variability, and overlap-
ping semantics. Contextual complexity demands
models that capture fine-grained semantic depen-
dencies across document sections. Demographic
variability requires consistent performance across
diverse groups to ensure fairness. Overlapping se-
mantics necessitate robust methods to accurately
disambiguate decisions.

Our paper addresses these issues through an in-
novative approach involving dynamic section con-
ditioning and the integration of semantic segmen-
tation with context-aware modeling. This method
not only enhances the accuracy of medical decision
extraction but also ensures fairness across diverse
populations.

The remainder of the paper is structured as
follows: Section 2 provides an overview of the
task, Section 3 details our methodology, Section 4
presents our experimental results, and Section A
describes our validation findings. Finally, Section
6 discusses the implications of our findings and
future directions.

2 The Shared Task

The MedExXACT shared task was guided by the
Decision Identification and Classification Taxon-
omy for Use in Medicine (DICTUM). Participat-
ing systems were required to detect contiguous

Proceedings of the BioNLP 2026 (Shared Tasks), pages 71-76
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Table 1: Gold span counts and percentage distribution per demographic subgroup across dataset splits in the MedDec
dataset (Elgaar et al., 2024). Test counts (n) are derived from the shared-task evaluation output.

Train Eval Test
Dimension  Group n % n % n %
S Female 17342 421 3262 49.7 2298 378
ex Male 23831 579 3307 503 3780 622
White 28342 688 5159 785 4673 76.9
African American 4078 9.9 902 13.7 313 5.1
Race Hispanic 2670 6.5 175 2.7 89 1.5
Asian 1154 2.8 0 00 148 24
Other 4929 120 333 5.1 855 141
Laneuace  English 25762  62.6 4744 722 4134  68.0
EU4EC Non-English 15411 374 1825 278 1944 320

text spans and classify them into nine categories:
Contact related, Gathering information, Defining
problem, Treatment goal, Drug, Therapeutic pro-
cedure, Evaluating test result, Deferment, and Ad-
vice/precaution.

Table 1 shows how gold span counts vary by
sex, race, and language across the three splits in
the MedDec dataset. In the training set, males
dominate (57.9%), but the evaluation split is almost
balanced (50.3%), and the test set again skews male
(62.2%). Racial composition shifts as well: White
subjects rise from 68.8% in training to 76% in
both evaluation and test, while African-American
spans peak at 13.7% during evaluation and fall to
5.1% in the test set. Language distribution mirrors
this trend, with English spans peaking at 72.2% in
evaluation and non-English spans being highest in
training (37.4%).

In the shared task, the systems were evaluated
with a composite metric that balances accuracy
and fairness. Accuracy is captured by the Base
Score Spase, the arithmetic mean of Span-F; (ex-
act span-and-label match) and Token- . Fairness
is measured via the Worst-group Score Syorst =
mingeq Shase,g» Where G denotes all demographic
or linguistic subgroups. The Final Score, encour-
aging uniform performance across groups, is

Shase + mingGG(Sbase,g)

Sﬁnal = 9 .

The baseline was a RoBERTa-based BIO sequence
tagger. Because clinical notes average 1600 words,
the model processed them in 512-token chunks to
respect input limits (Elgaar et al., 2024).

3 Developed System

The developed system comprises a modular
pipeline that integrates semantic segmentation of
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clinical reports with a context-aware extraction
phase. The architecture employs a pretrained trans-
former encoder to generate a sequence of hidden
states across all layers; subsequently, a category-
and section-aware layer-mixing module aggregates
these states to produce the final embeddings for
the classification heads. By utilizing an attention
mechanism, the layer-mixing module computes a
weighted sum of the encoder’s hidden states, con-
ditioned on the section’s canonical identity and
the targeted entity type. This configuration is de-
signed to facilitate the integration of global docu-
ment structure with local semantic features, provid-
ing a framework to manage the contextual depen-
dencies inherent in segmented clinical text.

3.1 Section Extraction

Clinical reports often lack formal partitioning, lead-
ing to segmentation strategies that ignore natural
semantic boundaries. However, clinical discourse
is fundamentally structured around distinct head-
ers —such as History, Findings, and Impression—
which provide critical inductive biases for entity
contextualization. For instance, an entity labeled
as a condition in the History section implies a past
state, whereas the same entity in Findings denotes
a current observation.

To overcome the brittleness of rule-based pars-
ing, this system delegates section identification to
an ensemble of instruction-tuned Large Language
Models (LLMs), including Liama 3.2 (Grattafiori
et al., 2024), Gemma 3 (Team et al., 2025), OQwen3
(Yang et al., 2025), and Mistral (Jiang et al., 2023).
These models are leveraged to resolve the stylis-
tic variations and semantic synonymy common in
free-text reports. We implement a sequential infer-
ence strategy to maintain computational efficiency,



terminating the ensemble query once a valid seg-
mentation is achieved. This process transforms
unstructured text into structured records charac-
terized by canonical names and precise character
offsets.

To ensure the reliability of these extractions,
we utilize a multi-dimensional scoring framework.
This metric evaluates the completeness of text cov-
erage, penalizes overlapping segments, and vali-
dates that section lengths remain within clinically
plausible bounds. By applying a statistical penalty
to high variance in segment distribution, the sys-
tem prioritizes structural consistency, ensuring that
internally balanced segmentations are selected over
irregular partitions.

3.2 Architecture

To handle the presence of tokens belonging to mul-
tiple semantic categories, the architecture employs
9 independent BIO classification heads operating in
parallel, one per category. This parallelized struc-
ture enables the representation of overlapping spans
without specialized decoding, as each head inde-
pendently predicts the presence of a specific entity
type. The system’s training objective is formulated
as the mean of the 9 per-head Conditional Random
Field (CRF) negative log-likelihood losses.

To provide structured conditioning, section
names are clustered with the Hierarchical
Density-Based Spatial Clustering of Applica-
tions with Noise, HBSCAN, (Campello et al.,
2013) into semantically coherent groups using
the all1-MinilLM-L6-v2 model of SentenceTrans-
former (Reimers and Gurevych, 2019). During
training, headers are grouped into clusters of at
least 3; headers in the validation and test sets are
subsequently mapped to their nearest training clus-
ter using cosine similarity. This establishes a fixed
vocabulary of canonical section identities, allowing
the model to incorporate document-level context
despite variations in header nomenclature.

Documents are processed at the section level,
with each section treated as an independent train-
ing instance. Sections exceeding the transformer’s
token capacity are partitioned into overlapping win-
dows of 768 characters with a 50-character stride.
Annotations are aligned to sub-tokens via offset
mapping, with overlapping boundaries resolved
greedily to maximize character coverage. Those
parts of the text that are not covered by any section
are assigned to a dedicated “undefined” section.

The architecture utilizes a pretrained transformer
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backbone to extract a sequence of hidden states
H. A subsequent layer-mixing module computes
a weighted combination of all L + 1 hidden states.
Using an attention mechanism, the model selects
layers based on both the category type and the spe-
cific section identity. For a given head, we define
a 2-token query sequence () = [ecqategory, Esection )
where egection 18 derived from the section cluster
embedding and e qtegory from one of the nine cat-
egory embeddings. The attention weights « for
each layer [ € {0,..., L} are computed by first
calculating the alignment scores:

ap,s,1 = *((WkHb s l) (W ecategory)
(WkHb s l) (W esectzon))

exp(ap,s,1)
L
2 j=0 exP(ab,s ;)
The resulting conditioned representation hj

the weighted sum of the previously extracted hld-
den states:

Ap,sl =

L
!
s = § apsg - Hy s
1=0

Final sequence labeling is performed by the 9 la-
beling heads, each containing a specialized Bidirec-
tional LSTM (BiLSTM) and a CRF layer. This ar-
chitecture ensures that each head models category-
specific sequential patterns.

4 Submitted Runs

We submitted three runs, differing only in en-
coder, initialization, and model-selection strategy;
all were fine-tuned on the shared-task data (LR =
5x 1075, 10% linear warm-up over 5 epochs unless
noted).

* Run 1: Bio-Clinical BERT (Alsentzer et al.,
2019) encoder; checkpoint chosen to maxi-
mize the overall competition score on valida-
tion.

Run 2: RoBERTa-large (Zhuang et al., 2021)
encoder; same fine-tuning and selection cri-
terion as Run 1, allowing a direct size and
domain-vs-general comparison.

Run 3: The fine-tuning process of Run 2, but
changing the checkpoint selection to the max-
imization of the harmonic mean across demo-
graphic subgroups to prioritize fairness over
aggregate performance.



Validation results are presented in Appendix A.

5 Shared Task Results

Table 2 reports the overall performance of our
three runs on the MedEXACT @ ACL2026 test
set, while Table3 gives a fine-grained analysis by
demographic subgroup. The results show a clear
improvement in both accuracy and stability over
validation, indicating strong generalization to un-
seen clinical data.

Table 2: Results for the three submitted runs in the
MedExXACT @ ACL 2026 Test set.

Metric Runl Run2 Run3
Span F1 0.4952 0.5174 0.5237
Token F1 0.6181 0.6610 0.6541
Worst-Group Score  0.5397  0.5650 0.5723
Final Score 0.5482 0.5771 0.5806

Table 2 shows that Run 3 is our best sub-
mission, with a Final Score of 0.5806 and a
Worst-Group Score of 0.5723. In contrast to the val-
idation phase (Appendix A), where RoBERTa-large
lagged behind domain-specific Bio-Clinical BERT,
the test results favor the larger general-domain
model. Thus, while Run 1 (Bio-ClinicalBERT)
establishes a strong baseline, Run 3’s scaling and
fairness-oriented selection deliver superior overall
performance and demographic equity on the test
set.

Table 3: Subgroup base scores for the three submitted
runs in the MedEXACT @ ACL 2026 Test set.

Group Subgroup Runl Run2 Run3
Sex Female 0.5816 0.6118 0.6149
Male 0.5413 0.5757 0.5723

White 0.5568 0.5876 0.5778

African American 0.5419 0.5843 0.5966

Race Hispanic 0.5454 0.5650 0.6134
Asian 0.5460 0.5764 0.5860

Other 0.5601 0.5988 0.6376

Laneuace English 0.5670 0.5980 0.5912
EU498€ " Non-English 0.5397 0.5739 0.5837
Harmonic Mean 0.5530 0.5854 0.5964

Table 3 shows that the bottleneck for the His-
panic cohort seen in validation is largely eliminated
on the test set: Run 3 scores 0.6134, surpassing
many other groups. This confirms that optimizing
the Harmonic Mean during checkpoint selection
balances sensitivity across demographics, and that
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Run 3 also attains the highest overall Harmonic
Mean (0.5964).

Table 4: Top 5 participants on the MedEXACT @ ACL
2026 test leaderboard. Subscripts indicate the rank po-
sition for each metric among the five participants. The
baseline (BL) is shown for reference. The columns
refer to: Final Score (F-S), Baseline Score (B-S), Worst-
Group Score (WG-S), Span F1 (S-F1), and Token F1
(T-F1).

# F-S B-S WG-S S-F1 T-F1

1 0.5965; 0.6043; 0.5886; 0.5419; 0.66673

2 0.5942, 0.60032 0.58812 0.52572 0.67502

3 0.58093 0.59245 0.56954 0.51814 0.66664
*4  0.58064 0.58894 0.57233 0.52373 0.65415

5 0.57245 0.58485 0.56015 0.49005 0.67964
BL 0.5111 0.5301 0.4922 0.4363 0.6238

Table 4 places our best submission (Run 3) 4th
overall, surpassing the official baseline by 4+-0.0695
in Final Score and 4-0.0801 in Worst-Group Score.
Although we rank 5th on Token-F1, our 3rd-place
Worst-Group Score underscores the model’s effec-
tiveness at achieving robust, equitable clinical en-
tity extraction.

6 Conclusions

We demonstrated that dynamic section con-
ditioning—semantic segmentation of clinical
documents followed by a context-aware en-
coder—substantially improves medical decision
extraction while maintaining demographic eq-
uity. Across three experimental runs, the
RoBERTa-large model with a fairness-focused se-
lection strategy (Run 3) achieved the highest Final
Score (0.5806) and Worst-Group Score (0.5723),
outperforming both the baseline and other configu-
rations. The improvement from validation to test
data confirms strong generalization to unseen clini-
cal records.

Maximizing the harmonic mean across demo-
graphic subgroups in Run 3 not only boosted over-
all performance but also ensured equitable out-
comes, illustrating that fairness-aware model se-
lection can enhance both accuracy and inclusivity.

Future work will focus on reducing computa-
tional complexity (e.g., via distillation or quan-
tization) and extending robustness evaluations to
diverse clinical settings, thereby increasing the real-
world applicability of our approach. In addition,
we plan to conduct a thorough ablation study to bet-
ter understand the contribution of key components.



This will include analyzing the impact of varying
the number of retrieved similar sections on final
performance, as well as systematically removing or
varying components such as section conditioning,
ensemble models, and layer mixing.

Limitations

While our approach shows strong performance
overall, several limitations should be noted.

First, using multiple large language mod-
els (LLMs) for section extraction creates sig-
nificant computational overhead—each model
must run separately, increasing latency and GPU
memory demands, which hampers scalability in
resource-constrained clinical settings.

Second, the method assumes reliable section
identification. In practice, documents vary widely
in formatting and terminology; misidentified sec-
tions can propagate errors to downstream tasks
such as entity or relation extraction.

Third, although promising on MedDec, perfor-
mance on other clinical domains (radiology, pathol-
ogy, and outpatient notes) has not yet been eval-
uvated. Different specialties use distinct vocab-
ularies and structures that may challenge both
the heuristics and the LLMs’ adaptability without
fine-tuning.

Finally, reliance on large pre-trained models
raises privacy and regulatory concerns. Even with
local inference, model parameters can contain sen-
sitive patterns from training data, requiring careful
audit and mitigation before deployment in regu-
lated environments.
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A Validation Results

The validation results for the three submitted runs
are presented in Table 5, showing the overall per-
formance of the models. The RoBERTa-large con-
figurations (Run 2 and Run 3) yielded higher Span
F1 and Token F1 scores than the domain-specific
Bio-Clinical BERT (Run 1), yet Run 1 reached the
highest Final Score of 0.4732. The Worst-Group
Score was highest in Run 1 (0.4089), suggesting
that the domain-specific representations in this run

76

Table 5: Validation set results for the three submitted
runs.

Metric Runl Run2 Run3
Span F1 0.4802 0.5013 0.5013
Token F1 0.5947 0.6153 0.6294
Worst-Group Score  0.4089 0.3772  0.3538
Final Score 0.4732 0.4677 0.4596

maintain a higher performance floor on the vali-
dation set compared to the larger general-domain
models.

Table 6 provides the breakdown of scores across
sex, race, and language subgroups. It shows that
selecting for the Harmonic Mean in Run 3 results in
the highest consistency across most categories, no-
tably improving the Other race subgroup to 0.5129.
However, this optimization for parity across the
majority of groups coincided with the lowest ob-
served score for the Hispanic subgroup (0.3538),
which remained the performance bottleneck across
all three runs. While Run 3 achieved the highest
overall Harmonic Mean (0.5221), the validation
data suggests a trade-off: increasing broad demo-
graphic consistency could lower the score of the
lowest-performing subgroup.

Table 6: Validation set subgroup base scores for the
three submitted runs.

Group Subgroup Runl Run2 Run3
Se Female 0.5617 0.5819 0.5861
x Male 0.5138 0.5353 0.5452
White 0.5469 0.5673 0.5726

Race African American 0.5429 0.5712 0.5739
Hispanic 0.4089 0.3772 0.3538

Other 0.4109 0.4419 0.5129

Laneuace English 0.5250 0.5512 0.5577
EU32¢  Non-English 0.5639 0.5736 0.5803
Harmonic Mean 0.5014 0.5138 0.5221
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Abstract

Psychological defense mechanisms (PDMs)
are unconscious cognitive processes that mod-
ulate how individuals perceive and respond
to emotional distress. Automatically classify-
ing PDMs from text is clinically valuable but
severely hindered by data scarcity and class
imbalance, challenges which generative aug-
mentation alone cannot resolve without psy-
chological grounding. In this work, we address
these challenges in the PsyDefDetect shared
task (BioNLP@ACL 2026) by proposing a
context-aware synthetic augmentation frame-
work combined with a hybrid classification
model. Our hybrid model integrates contex-
tual language representations with basic clini-
cal features, along with 150 annotated defense
items. Experiments demonstrate that definition
quality in prompting directly governs genera-
tion fidelity and downstream performance. Our
method surpasses DMRS CoO-PILOT, reach-
ing an accuracy of 58.26% (+40.25%) and a
macro-F1 of 24.62% (+15.99%), thereby estab-
lishing a strong baseline for psychologically
grounded defense mechanism classification in
low-resource settings. Source code is available
at: https://github.com/htdgv/CASA-PDC.

1 Introduction

Psychological Defense Mechanisms (PDMs)
present a unique challenge for Natural Language
Processing (NLP) field, particularly, they are un-
conscious, context dependent processes that appear
through subtle cues such as narrative inconsistency,
shifts in emotional framing, and distorted attribu-
tion, rather than clear lexical markers (Vaillant,
1994; Cramer, 1987; Bond et al., 1983). This im-
plicit nature creates semantic ambiguity in which
identical surface text may reflect distinct defen-
sive processes, depending on underlying intent and
psychological context, leading standard token or

*Corresponding author: hieu.ph@vinuni.edu.vn
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sentence level models to conflate adaptive coping
with maladaptive defenses.

Data scarcity and class imbalance further com-
pound these difficulties. Synthetic augmentation
via Large Language Models (LLMs) offers a natu-
ral remedy, yet without psychologically grounded
constraints, generative models produce fluent but
theoretically invalid text, creating hallucinating de-
fenses that introduce noise and erode model relia-
bility (Ji et al., 2023; Na et al., 2025; Anaby-Tavor
et al., 2020; Kumar et al., 2020). A key point is
that the PsyDefDetect shared task (Na et al., 2026a)
on the PSYDEFCONV dataset (Na et al., 2026b),
based on the ESCONV dataset (Liu et al., 2021), in-
troduces two auxiliary labels, No Defense (Level 0)
and Need More Information (Level 8), that carry no
corresponding clinical defense items (Di Giuseppe
and Perry, 2021). These labels violate standard
multi-class assumptions and produce skew distri-
butions, making defense-item-based feature extrac-
tion underspecified, demanding a principled refor-
mulation of the task.

We address these challenges in the PsyDefDe-
tect shared-task through context-aware synthetic
augmentation paired with a Hybrid Feature Fusion
architecture. Specifically, our contributions are:

* Psychologically grounded augmentation.
Stressor-anchored, theory-driven prompts
with class-specific definitions from the De-
fense Mechanisms Rating Scales (DMRS)
for synthetic augmentation to ensure gener-
ating high-fidelity examples, demonstrating
that definition quality in prompting governs
downstream performance.

Clinical feature engineering. Structured fea-
tures from all 150 defense items, along with
basic clinical features, are fused with contex-
tual language representations, bridging clini-
cal theory and neural classification.

Proceedings of the BioNLP 2026 (Shared Tasks), pages 77-86
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@ Hi. How's it going? Are you feeling troubled about something ‘

this morning? [...] | have a lot of trouble with that myself.
‘ \I
ll

[Hi

surprise able present for my parent, [...] but my mum will fuck
complain that | am taking care of my wife but not her.

Ly

‘ (Current Text) Going smooth, | need to get a nice and a

/{ Stage 1: Stressor Identification } ~
The speaker is experiencing financial pressure, feeling torn
between paying essential bills and the desire to buy a gift for their
parents. This stress is compounded by a relational conflict, specifically
the anticipation of being unfairly judged and criticized by their mother for
perceived neglect.
)
/ Stage 2: Context-Aware Augmentation ™~
Defense Mechanism No.1
Name: Action Defenses,
Mechanisms: Passive Aggression, [...]
Definition: Action defenses reflect [...] negative consequences.,
Example: 'After being criticized at work, [...]
J
Stage 3.1: Linguistic and Heuristic Stage 3.2: Clinical DMRS
Flags Extraction Mechanism Extraction |
« Utterance length ¢ Displacement,
¢ |-pronoun density ¢ Autistic Fantasy,
« Insight density « Splitting Other,
¢ Phatic / Mature / Feeling flag o [.]
o J

v
G '@ Classification

Figure 1: Overview of the multi-stage research pipeline.
The process begins with (1) LLM-based stressor identi-
fication to establish contextual grounding; (2) context-
aware synthetic data augmentation to address class im-
balance; and (3) a dual-domain feature extraction stage
targeting linguistic heuristics and clinical DMRS mech-
anism indicators; followed by the final classification.

* Strong low-resource baseline. Using Llama-
3-8B-Instruct as data generator, our system
improves accuracy (18.01% to 58.26%) and
macro-F1 (8.63% to 24.62%) on the PSYDE-
FCONV blind-test set, establishing a competi-
tive foundation for PDM classification.

2 Methodology

We address PDM classification under data scarcity
through three stages: (1) a context aware synthetic
data augmentation pipeline grounded in clinical
theory; (2) a dual-domain feature extraction stage,
combining linguistic heuristics with DMRS derived
defense profiles; and (3) a hybrid fusion architec-
ture that integrates contextual language representa-
tions with structured clinical features (Figure 1).

78

Class Label N SB| SAT
No Defense 0 500 0.399 0.481
Action 1 500 0.496 0.585
Major Image 2 488 0.440 0.559
Disavowal 3 500 0.453 0.597
Minor Image 4 500 0.416 0.592
Neurotic 5 384 0.392 0.525
Obsessional 6 500 0.429 0.619
Needs Info 8 224 0.413 0.601
Avg. 0.430 0.570

Table 1: Synthetic data quality per class. SB: Self-
BLEU (Zhu et al., 2018) (lower = greater lexical diver-
sity); SA: Semantic Adherence via Natural Language In-
ference (NLI) entailment (higher = stronger label align-
ment). Class 7 (High-Adaptive) is excluded from aug-
mentation due to sufficient original samples; all other
classes are capped at N=>500 synthetic instances.

2.1 Context-Aware Data Augmentation

Standard augmentation methods such as paraphras-
ing and back translation (Wei and Zou, 2019) in-
troduce diversity in phrasing but do not retain the
functional role of defense mechanisms. We present
a Synthetic Data Augmentation (SDA) pipeline
based on Llama-3-8B-Instruct that captures the
psychological conditions that give rise to defenses,
with emphasis on function instead of form.

Stressor-Anchored Generation. Defense mech-
anisms emerge in response to perceived stressors
rather than in isolation. Each prompt is anchored
in a key stressor identified from the dialogue, such
as interpersonal conflict, job loss, or social rejec-
tion. This approach promotes responses that reflect
realistic defensive behavior instead of generic ex-
pressions of emotion.

Theory-Driven Prompting. To control seman-
tic drift and reduce label inconsistency, each
prompt defines the target defense level using struc-
tured clinical details from the DMRS framework
(D1 Giuseppe and Perry, 2021). These details in-
clude the defense name, its formal definition, and
common linguistic and behavioral patterns. Paired
with few-shot examples (Appendix A.3), this de-
sign steers generation toward samples that express
the theoretical role of each defense rather than re-
lying on surface plausibility (Brown et al., 2020).

2.2 Data Quality Control

Uncontrolled generation may introduce label noise
and artifacts. To mitigate this, we use two qual-
ity control steps. First, a soft balancing scheme
restricts each minority class to 500 total samples



(real plus synthetic), which helps reduce overfit-
ting to generation specific patterns. We examine
five augmentation settings: x1, X2, x5, x8, and
% 10, together with the 500 cap variant. Second, a
machine as annotator filter applies a secondary clas-
sifier to assign labels to generated batches; Only
batches achieving a Cohen’s Kappa of x > 0.60
(Cohen, 1960), reflecting substantial agreement,
are retained (Table 1).

2.3 Feature Extraction

Each seeker utterance is represented by two com-
plementary feature sets: (i) lightweight linguistic
heuristics capturing surface-level cues, and (ii) clin-
ically grounded DMRS-derived features encoding
latent defensive functioning.

Linguistic and Heuristic Features. We de-
fine six lightweight features to distinguish non-
defensive (Label 0) from defensive responses,
which are often conflated: Utterance Length
(narrative elaboration proxy), I-Pronoun Density
(self-focus), Insight Density (reflective reasoning),
Phatic Flag (short filler utterances), Mature Cop-
ing Flag (triggered by length > 12, high insight,
and elevated I-pronouns), and Emotion Intensity
(model confidence in non-neutral predictions).

DMRS Defense Profile. We approximate latent
defensive functioning using a four-step indicator
inference procedure:

1. Indicator Scoring: An NLI model estimates
entailment probability P(T" = I;) for each of
150 DMRS indicators given utterance 7.

2. Mechanism Aggregation: Indicator scores are
grouped into 30 defense mechanisms and nor-
malized to form mechanism scores S(M},).

3. Profile Construction: The resulting 30-
dimensional vector defines the Defense Profile
of the utterance.

4. Level Mapping: Mechanism scores are aggre-
gated by DMRS level to obtain the predicted
defense level: § = argmaxy Y-y, oo S(My).

2.4 Hybrid Feature Fusion Architecture

Our system integrates contextual language repre-
sentations with structured clinical features using a
late fusion approach, as described below:

1. Textual Encoder: MentalRoBERTa (Ji et al.,
2022) encodes each instance formatted as
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[Stressor:S|Turn:T], conditioning the rep-
resentation on both the triggering context and
the response, yielding a 768-dim embedding.

Feature Encoders: The heuristic (7-dim) and
DMRS-derived (30-dim) features are each
passed through a dedicated Multilayer Percep-
tron (MLP) with the following structure: 64
— Batch Normalization — ReLLU — Dropout
(p =0.3) — 32, producing two 32-dim vectors.

. Fusion and Classification: The three repre-
sentations are concatenated into an 832-dim
vector (768 + 32 + 32) and passed through two
fully connected layers (256 — 128, ReLU +
Dropout (p=0.4)) and a final linear layer pro-
ducing a probability distribution over 9 labels
(Kiela et al., 2020).

3 Experiment & Results

3.1 Experimental Setup

Data Pre-processing. The training corpus com-
bines human-annotated dialogues with synthetic
samples generated by Llama-3-8B-Instruct under
theory-driven prompting. We evaluate six augmen-
tation scales, x1, x2, x5, x8, x10, and a hard
cap of N=500 per class, yielding corpora rang-
ing from approximately 1,800 to 5,100 instances.
Class 7 is excluded from augmentation given its
already substantial representation. The baseline
corresponds to the organizer-provided code rerun
with Llama-3-8B-Instruct and no augmentation.

Implementation Details. The model is im-
plemented in PyTorch using the Hugging
Face Transformers library. MentalRoBERTa
(mental-roberta-base) (Ji et al., 2022) serves
as the textual encoder; its parameters are fine-tuned
end-to-end with a learning rate of 1x 1076, Task-
specific layers (MLPs, fusion head, and classifier)
use a higher learning rate of 1x10~%, optimized
with AdamW (Loshchilov and Hutter, 2019). Train-
ing runs for up to 20 epochs with batch size 16,
early stopping on validation macro-F1, weight de-
cay of 1x1072, and label smoothing (¢ = 0.1) to
mitigate noise introduced by synthetic samples.

Evaluation Metrics. We follow the same proto-
col employed in Na et al. (2026a) and report all
results on both the PSYDEFCONV development
and blind test sets using macro-averaged Precision,

"Per-class metrics and DMRS activation patterns are de-
tailed in Appendix A.



Setting Acct Pt RT F17
Baseline

DMRS Co-PiLot™ 0.1801 0.1904 0.1715 0.0863
Our System

x1 0.5508 0.2555 0.2601 0.2543
X2 0.5508 0.2789 0.2882 0.2799
x5 0.5487 0.2764 0.2821 0.2783
x 8t 0.5826 0.2588 0.2503 0.2462
x10 0.5254 0.2237 0.2289 0.2238
N=500 0.5275 0.2659 0.2654 0.2628

Table 2: Classification performance on the PSYDEF-
CONV official test set. *Baseline rerun with Llama-3-
8B-Instruct on the released test set; original results in Na
et al. 2026b use a different backbone. x k: each minor-
ity class expanded to k times its original size. N=500:
hard cap of 500 instances per class. Metrics are macro-
averaged. TOfficial leaderboard submission; all other
rows are post-hoc evaluations on the released test set.
Best results per column in bold.

Recall, and F1, as well as overall Accuracy, to ac-
count for class imbalance.

3.2 Results Analysis

Classification performance across settings.
Our submission ranked 13 out of 21 registered
teams in the official evaluation. Table 2 reports re-
sults across all six augmentation configurations on
the official blind-test set. Every augmented variant
substantially outperforms DMRS C0O-PILOT in ac-
curacy (+40.25 pp) and macro-F1 (+15.99 pp), con-
firming that theory-driven augmentation delivers
robust gains over a prompt-only LLM baseline in
this low-resource setting. Performance improves at
lower augmentation scales but deteriorates as aug-
mentation becomes more aggressive. The x2 con-
figuration yields the highest macro-F1 (27.99%),
indicating an effective balance between expanded
class coverage and synthetic generation noise. Fur-
ther scaling leads to a steady decline in macro-F1,
which falls to 22.38% at x 10, consistent with noise
accumulation in heavily augmented corpora (Ku-
mar et al., 2020). While x8 records the highest
accuracy (58.26%), its macro-F1 remains 3.37 pp
below x2, revealing that overall accuracy is dis-
proportionately influenced by dominant Label 7
predictions at the expense of minority-class recall.

The Label 7 sink effect and class imbalance.
The confusion matrix (Figure 2b) confirms Label 7
as a universal prediction sink. The most severe
case is Label 5 (Neurotic), where 77% of instances
are misclassified as Label 7, rendering this class
unlearnable. Per-class F1 scores shows that La-
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(b) Row-normalized confusion matrix of our official leader-
board submission (PSYDEFCONV test set, X 8).

Figure 2: (a) The PSYDEFCONYV official test set label
distribution and (b) row-normalized confusion matrix
of our official leaderboard submission (x8). Label 7
dominates both the distribution (243/472 instances) and
predictions, absorbing errors from all other classes.

bels 0 and 7 exceed F1 > 0.70, while all remaining
classes fall below 0.30, with four classes below
0.15. This implies that the accuracy (0.55-0.58)
substantially overstates practical utility. The La-
bel 5/7 confusion is semantically meaningful: both
involve reflective discourse, but differ in whether
anxiety is intellectualized or channeled.

The primacy of definition quality. A key find-
ing is the sensitivity of model performance to
prompt design. Compared to the baseline of Na
et al. (2026b), which uses shallow class descrip-
tions and achieves a Macro-F1 of 8.63%, our
best setting (x2) improves by 19.36 pp. We at-
tribute this to the richer definitional context pro-
vided by our DMRS-based definitions derived from
Di Giuseppe and Perry (2021), which better dis-
ambiguate overlapping classes and reduce label
ambiguity during generation.



4 Conclusion

Clinical specificity of class definitions is the pri-
mary driver of synthetic augmentation effectiveness
in PDM classification. Our hybrid system, combin-
ing MentalRoBERTa with DMRS-derived features
and stressor-anchored generation, achieves sub-
stantial gains over DMRS CoO-PILOT (Accuracy:
18.01%—58.26%; macro-F1: 8.63%—24.62%).
However, the Label 7 sink effect and resulting bi-
modality indicate that augmentation alone cannot
overcome majority-class bias and clinical prox-
imity. Future works should consider including
constraint-based decoding, human-in-the-loop val-
idation, and dialogue-level modeling to address
temporal volatility identified in our analysis.

Limitations

Majority-class dominance and augmentation
ceiling. The most critical limitation is the La-
bel 7 sink effect identified in Section 3.2. De-
spite augmenting minority classes to N = 500, the
model’s decision boundary remains heavily biased
toward Label 7 (243/472 development instances),
and macro-F1 performance on six of eight classes
remains below 0.30. This suggests that naive count-
balancing is insufficient when the majority class
also exhibits high linguistic surface overlap with
adjacent classes. Addressing this will require loss
re-weighting strategies (e.g., focal loss (Lin et al.,
2017)), hard-negative mining during augmenta-
tion, or explicit contrastive learning objectives that
sharpen inter-class boundaries rather than simply
expanding minority class size.

Turn-level modeling and temporal blindness.
Our proposed architecture operates on isolated
seeker utterances, each formatted with only the
preceding stressor context. However, our dataset
analysis (Appendix A.1) demonstrates that defense
levels are unstable, frequently undergoing abrupt
transitions across turns, and that larger defensive
shifts tend to occur rapidly (Figure 5). A turn-level
classifier observes only the outcome of a defensive
transition, not the trajectory that produced it. This
architectural limitation is especially problematic
for clinically adjacent classes (e.g., Labels 6 and 7),
whose distinction may reside in discourse-level pat-
terns spanning multiple turns rather than in any
single utterance.

Synthetic data validity and clinical reliabil-
ity. Our quality control pipeline filters for inter-
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annotator agreement (x > 0.60) using a secondary
classifier, providing a practical proxy for label con-
sistency. However, this process does not guarantee
clinical validity. A generated utterance may receive
consistent classification by both the primary LLM
and the secondary classifier while still failing to
instantiate the functional psychological role of the
target defense. Without human expert validation
of a representative sample of synthetic instances,
we cannot bound the rate of theoretically invalid
but classifier-plausible samples in our training data.
This is a fundamental limitation of machine-as-
annotator pipelines in psychologically grounded
domains, and future work should incorporate sys-
tematic clinician review.

Label underspecification and task formulation
ambiguity. Labels O (No Defense) and 8 (Needs
More Information) do not correspond to clinical
defense mechanisms and thus lack the DMRS indi-
cator structure used to construct our Defense Profile
features. For Label 8, the classification signal must
be derived from the textual encoder and heuristic
features, with the DMRS branch contributing noise
rather than discriminative signal. Meanwhile, La-
bel 0 is defined by the absence of a positive mecha-
nism, making it harder to synthesize and harder for
the NLI-based indicator scoring to characterize. A
principled resolution, treating Labels 0 and 8 as a
prior detection stage (defensive and non-defensive
and ambiguous) before running the eight-class clas-
sifier, is deferred to future work.

Ethical considerations

This work relies on publicly released datasets
(PSYDEFCoONV and ESCONV) collected under in-
formed consent and Institutional Review Board
(IRB) oversight, with no new human data collec-
tion. Synthetic utterances simulating psychological
distress are used exclusively for model training;
clinical validity is not guaranteed, and expert re-
view is required before any real-world deployment.
The system is a research prototype and must not be
used as a diagnostic tool.
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A Appendix

A.1 Dataset Analysis

We conduct an exploratory analysis of PSYDEF-
CONV to characterize its structural and temporal
properties. Class imbalance is also reported in (Na
et al., 2026b).
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Figure 3: Class distribution across defense levels in the
development set. Level 7 (High-Adaptive) dominates
with 968 instances; Level 8 (Needs Info) contains only
28, motivating soft-balancing augmentation.

Temporal Volatility of Defense States. Defense
levels are not stable within a dialogue (Fig. 4). Fre-
quent transitions across levels, including abrupt
shifts between adaptive and disavowal patterns
within a single session, indicate that classification
cannot rely on static turn-level features alone and
must account for broader discourse context.
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Figure 4: Defense level trajectory across turns in di-
alogue ESConv_016. Frequent transitions, including
abrupt shifts between Level 7 and Level 0, indicate that
defense states are temporally unstable and cannot be
modeled from isolated turns.

Defense Volatility: Magnitude and Speed of
Change. The scatter plot (Fig. 5) shows a posi-
tive correlation between the magnitude and speed
of defense-level transitions: larger shifts in defen-
sive functioning tend to occur over fewer turns.
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Figure 5: Correlation between magnitude and speed of
defense level change across dialogue turns. Larger shifts
in defense level tend to occur more rapidly, suggesting
that defensive transitions are abrupt rather than gradual,
a property that static turn-level classifiers are structurally
unable to capture.

Distribution of Opening Up Turns Across Dialogues
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Figure 6: Distribution of turns at which seekers exhibit
increased openness. The modal opening-up turn is 34,
indicating early disclosure before defensive consolida-
tion.

This is a key empirical finding, it implies that when
a seeker’s defense changes, it changes quickly and
dramatically, rather than gradually. This property
motivates dialogue-level or sequential modeling as
a future direction, as turn-level classifiers observe
only the outcome of a transition, not its dynamics.

Disclosure Dynamics. Analysis of the CDI
(Fig. 7) reveals a consistent disclosure peak around
the 10-20% mark, followed by gradual stabiliza-
tion. The opening-up distribution (Fig. 6) confirms
that seekers tend to disclose early (modal turn = 3-
4), suggesting that defensive activation intensifies
after initial vulnerability rather than preceding it.

Response Latency as a Defensive Signal.
Seeker response time varies across defense lev-
els (Fig. 8). Label 0 (No Defense) shows higher
latency variance, while defense-related responses
cluster more tightly. This supports the use of tem-
poral features as auxiliary signals.



The Seeker Disclosure Trajectory (Where they open up)
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Figure 7: Composite Disclosure Index (CDI) across
normalized dialogue progression. Disclosure peaks at
the 10-20% mark then stabilizes, suggesting defensive
activation intensifies after initial vulnerability.

Seeker Time vs. Label
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Figure 8: Seeker response time per defense label. Label
0 (No Defense) shows notably higher latency variance;
defense-related labels cluster in tighter distributions,

supporting temporal features as auxiliary classification
signals.
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Distribution of Number of Turns per Dialogue

Frequency

10 20 30

Number of Turns

40 50

Figure 9: Distribution of number of turns per dialogue.
Dialogues average approximately 20 turns, confirming
the multi-turn nature of the classification task.
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Distribution of Total Turn Lengths in Dialogues
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Figure 10: Distribution of total turn lengths per dialogue.
The right-skewed distribution peaks around 1,000 to-
kens, with a long tail of extended sessions up to 5,000
tokens.

Corpus Structure. Dialogues average 20 turns
and 1,000 tokens in total turn length (Figs. 9 and
10), confirming the multi-turn nature of the task
and the need for context-aware modeling beyond
single utterances.

A.2 Extended Result Analysis

Per-Class Metrics
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Figure 11: Per-class Precision, Recall, and F1 under the
best setting (x2). Labels 1, 4, 5, and 8 remain below F1
= 0.15; Label 5 (Neurotic) achieves zero precision and
recall, consistent with its severe underrepresentation (13
dev instances).

Per-Class Metrics. Labels 1, 4, 5, and 8 each
yield F1 below 0.15. Label 5 (Neurotic) is never
predicted, consistent with only 13 dev instances
and chronic underrepresentation across all augmen-
tation scales.

DMRS Mechanism Activation Patterns. Acti-
vation values are uniformly low (range: -0.8 to
-1.7), reflecting the implicit nature of defensive lan-
guage. Despite this, differential patterns across
classes, particularly on Autistic Fantasy, Undoing,
and Affiliation, confirm that the Defense Profile
carries discriminative signal that complements the
contextual encoder in the fusion architecture.



Mechanism patterns per class
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Figure 12: Mean NLI-inferred DMRS mechanism ac-
tivation per defense class (log-entailment scores). All
values are negative due to log-probability scaling. Dif-
ferential gradients on Autistic Fantasy, Undoing, and
Affiliation provide discriminative signal for the hybrid
fusion model despite uniformly low absolute scores.
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Figure 13: Off-diagonal misclassification counts (best
setting, x2). Label 7 acts as a prediction sink across all
classes. The Label 6 — 7 confusion (23 errors) is the
largest single off-diagonal cell, reflecting clinical prox-
imity between obsessional and high-adaptive defenses.

Misclassification Patterns. The off-diagonal er-
ror analysis (Fig. 13) reveals that Label 7 is the
dominant prediction sink: it absorbs the largest
share of errors from every other class, account-
ing for 11, 15, 10, 9, 10, 23, and 3 misclassified
samples from Labels 0-8 respectively. This is not
random confusion but a systematic bias toward the
majority class. Notably, Label 6 (Obsessional) is
misclassified as Label 7 in 23 of 44 cases (52%),
suggesting high clinical proximity between obses-
sional and high-adaptive functioning, a distinction
that requires deeper contextual modeling to resolve.
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A.3 Prompt Template for Synthetic Data Generation

We employ a theory-driven prompting strategy to generate synthetic utterances conditioned on stressors,
dialogue history, and clinical defense mechanisms. The template used for generation is shown below:

Llama3 Prompt

prompt = £""
### TASK: Generate Synthetic Psychological Defense Examples
You are simulating a seeker in a mental health support chat.

###t CONTEXTUAL GROUNDING:
STRESSOR: {stressor}
DIALOGUE HISTORY:
{history}

### DEFENSE TO SIMULATE:

Mechanism: {mechanism_name} (Level {level})
Definition: {definition}

Pattern: {pattern_description}

### REFERENCE STYLE (Few-Shot):
1. "{example_1}"
2. "{example_2}"
3. "{example_3}"

### GOAL:
Generate 5 NEW seeker utterances for the NEXT TURN using the {mechanism_name} defense.
Ensure they follow the history and react to the stressor.

### OUTPUT FORMAT:
1 string.
No explanation, no markdown, no code fences.

nnn

A.4 Prompt Template for Stressor Identification
Llama3 Prompt

prompt = £"""
### TASK: Clinical Stressor Identification
Identify the "Salient Stressor” causing psychological conflict in the Target Utterance.

###t DIALOGUE CONTEXT:
{history}

### TARGET UTTERANCE:
"{target_turn}”

#it# OUTPUT FORMAT:
1. Stressor Category: (e.g., Interpersonal Conflict, Self-Esteem Threat, External Crisis)
2. Description: (One sentence explaining the threat)

nnn
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Abstract

This paper describes our system for the MedEx-
ACT 2026 shared task on extracting and clas-
sifying medical decisions from ICU discharge
summaries. We frame the task as BIO token
classification and train 25 diverse transformer
models spanning 13 distinct architectures, in-
cluding Longformer, DeBERTa, RoBERTa,
BioBERT, SciBERT, and others. Each model
is trained with category-aware oversampling,
focal loss, and demographic-group-aware sam-
pling to address class imbalance and promote
fairness across patient subgroups. At infer-
ence time, we aggregate predictions via text-
normalized majority voting, retaining spans
agreed upon by at least 6 of 25 models. Our
best submission achieves a final score of 0.5554
on the test set, demonstrating that a simple
vote-based ensemble over architecturally di-
verse models outperforms more complex fil-
tering approaches. We find that architectural
diversity is a key driver of ensemble quality
and that cross-validation is essential for reli-
able model selection on small clinical datasets.

1 Introduction

Clinical discharge summaries from intensive care
units (ICUs) contain critical medical decisions that
guide patient care transitions. Automatically ex-
tracting and categorizing these decisions can sup-
port clinical decision support, quality assurance,
and retrospective analysis. The MedExACT 2026
shared task (Elgaar et al., 2026) challenges systems
to identify decision spans in MIMIC-III (Johnson
etal., 2016) discharge summaries and classify them
into nine categories from the DICTUM taxonomy
(Elgaar et al., 2024): (1) Contact related, (2) Gath-
ering information, (3) Defining problem, (4) Treat-
ment goal, (5) Drug, (6) Therapeutic procedure,
(7) Evaluating test result, (8) Deferment, and (9)
Advice and precaution.

A distinguishing feature of this shared task is
its fairness-aware evaluation. The final score is
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computed as the average of a base score (mean of
span-level and token-level F1) and the Worst Group
Score across nine demographic subgroups defined
by sex, race, and language proficiency. This for-
mulation penalizes systems that perform well on
average but poorly on underrepresented popula-
tions.

We approach the task using a diverse ensemble
of 25 transformer-based token classifiers. Our key
findings are: (1) simple majority voting over di-
verse architectures outperforms learned ensemble
methods, (2) architectural diversity matters more
than model count within a single architecture fam-
ily, and (3) cross-validation provides reliable model
selection signals on small clinical datasets, while
held-out validation scores are prone to overfitting.

2 System Description

2.1 Task Formulation

We formulate the task as BIO sequence labeling
with 19 labels: O (outside), B-k (beginning of
category k), and I-k (inside of category k) for k €
{1,...,9}. Special tokens and padding positions
are assigned the ignore index —100 during training.

2.2 Model Architectures

Our ensemble comprises 25 models spanning 13
distinct pretrained architectures, chosen to maxi-
mize prediction diversity:

* Longformer variants (11 models): We use
Longformer-base (Beltagy et al., 2020) and
clinical Longformer variants trained with dif-
ferent hyperparameter configurations (learn-
ing rates from 2 x 107> to 5 x 1077, training
durations from 5 to 50 epochs, random seeds
42 and 7). Longformer’s sliding-window at-
tention natively handles the long discharge
summaries in the dataset, where approxi-
mately 32% exceed 4096 tokens.

Proceedings of the BioNLP 2026 (Shared Tasks), pages 87-91
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e DeBERTa-v3 (3 models): We train
DeBERTa-v3-base and DeBERTa-v3-large
(He et al., 2023) with differential learning
rates (encoder: 2 x 107°, classifier head:
1 x 107%) and sliding-window inference
(window size 512, stride 128).

¢ Domain-specific = models (6 mod-
els): BioBERT (Lee et al, 2020),
Bio_ClinicalBERT (Alsentzer et al.,
2019), BiomedBERT-large (Gu et al., 2022),
SciBERT (Beltagy et al., 2019), BlueBERT
(Peng et al., 2019), and PubMedBERT (Gu
et al., 2022). These models are pretrained
on biomedical or clinical corpora and bring
domain-specific vocabulary knowledge.

* General-purpose models (5 models):
RoBERTa-large (Liu et al., 2019), ELECTRA-
large (Clark et al., 2020), ALBERT-xxlarge
(Lan et al., 2020), XLNet-large (Yang
et al., 2019), and BERT-large (Devlin et al.,
2019). These models provide complementary
representations learned from general-domain
text.

2.3 Training Procedure

All models are fine-tuned as token classifiers using
the HuggingFace Transformers library (Wolf et al.,
2020). We employ several techniques to handle the
challenges of the dataset:

Sliding-Window Chunking. For models with
limited context windows (512 tokens), we chunk
documents using a sliding window with a stride
of 128 tokens. During training, overlapping win-
dows share labels derived from the same gold
annotations. During inference, predictions from
overlapping windows are merged by retaining the
highest-confidence prediction for each token po-
sition. Longformer models use a window size of
4096 with stride 1024.

Focal Loss. We use focal loss (Lin et al., 2017)
with v = 2.0 to address the severe class imbalance
in the dataset, where the O label dominates:

Efocal = _(1 - pt)A/ 1Og(pt) (1)

where p; is the predicted probability of the true
class. Additionally, per-class weights computed
via inverse square-root frequency provide further
emphasis on rare BIO labels.

Category-Aware Oversampling. Categories 2
(Gathering information), 4 (Treatment goal), and
8 (Deferment) are underrepresented in the train-
ing data. We assign training chunks containing
these categories a sampling weight of 10X through
weighted random sampling, ensuring the model
sees these rare categories more frequently during
training.

Group-Aware Sampling. To promote fairness
across demographic subgroups, we compute per-
sample weights inversely proportional to the fre-
quency of each document’s demographic group,
defined by the combination of sex, race, and lan-
guage. This ensures underrepresented demographic
groups receive proportionally more training signal.

Hyperparameters. We train with AdamW opti-
mization, a warmup ratio of 0.1, weight decay of
0.01, and learning rates in the range [2 x 1075, 5 x
1075]. Models are trained for 5-50 epochs de-
pending on convergence behavior, with gradient
accumulation to achieve effective batch sizes of
16-32. The best checkpoint for each model is se-
lected based on the official shared-task final score
computed on the validation set at each epoch.

2.4 Inference

At inference time, each model processes a doc-
ument using overlapping sliding windows as de-
scribed above. BIO label sequences are decoded
into spans by grouping consecutive B and I tags
of the same category. Near-identical spans (same
category, overlapping character offsets) are merged.
Span boundaries are then refined by expanding to
full word boundaries and trimming leading/trailing
punctuation using the NLTK TreebankWordTok-
enizer, which matches the preprocessing applied in
the official evaluation script.

2.5 Ensemble via Majority Voting

Given predictions from all 25 models for each doc-
ument, we aggregate them using text-normalized
majority voting:

1. For each model’s predictions on a document,
we refine span boundaries and extract the low-
ercased span text.

2. Predictions across all models are grouped by
the key (category, normalized text).

3. A span is retained in the final output only if it
receives votes from at least 7 models. We set



7 = 6 (approximately 24% of models).

4. For each retained span, the character offsets
are taken from the contributing model with
the highest confidence score.

This approach is deliberately simple. We
experimented with more sophisticated aggrega-
tion methods—per-category voting thresholds,
confidence-weighted voting, IoU-based span
matching, and a gradient-boosted machine (GBM)
filter trained to classify ensemble candidates as true
or false positives—but found that uniform major-
ity voting consistently produced the best and most
robust results on cross-validation.

3 Experimental Setup

3.1 Data

The MedExACT dataset (Elgaar et al., 2024) con-
sists of discharge summaries from the MIMIC-III
database with over 56,000 expert-labeled decision
spans across nine DICTUM categories. We use
the provided data splits, with approximately 200
documents for training and 53 for validation. Each
document is linked to patient demographic meta-
data (sex, race, language proficiency) used for the
fairness-aware evaluation.

3.2 Evaluation Metrics

Systems are evaluated on a composite final score:

_ Base + Worst Group Score
B 2

Final 2)
where Base = (Span_F1 + Token_F1)/2 and the
Worst Group Score is the minimum base score
across nine demographic subgroups (Female, Male,
White, African American, Hispanic, Asian, Other,
English, Non-English).

Span F1 matches predictions to gold annota-
tions by comparing tuples of (category, refined
lowercased text), where span boundaries are prepro-
cessed by expanding to word boundaries and trim-
ming punctuation. Token F1 assigns token-level
labels based on span overlap, computes macro-
averaged F1 per document across the nine cate-
gories, and then averages across all documents.

4 Results
4.1 Test Set Results

We submitted three system configurations to the
shared task. Table 1 summarizes the test set results.
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System Final Score
Organizer baseline (RoBERTa-base) 0.5111
Run 1: GBM filter on 25-model ensemble 0.4968
Run 2: Hybrid voting + LLM augmentation 0.4800
Run 3: 25-model vote > 6 0.5554

Table 1: Test set final scores for our three submitted
runs and the organizer-provided RoBERTa-base base-
line (Elgaar et al., 2026). The baseline achieves Span
F1 of 0.4363, Token F1 of 0.6238, Base of 0.5301, and
Worst Group Score of 0.4922.

Our best submission (Run 3) exceeds the
organizer-provided RoBERTa-base baseline (El-
gaar et al., 2026) by 4.4 points absolute (0.5554
vs. 0.5111) and ranked 12th out of 37 submitted
systems on the official leaderboard. The simple
voting ensemble (Run 3) outperforms the GBM fil-
ter (Run 1) by 5.9 points absolute. The GBM filter
was trained on the 53-document validation set to
classify ensemble candidate spans as true or false
positives using features such as vote count, confi-
dence scores, and span length. Despite achieving
a high validation score of approximately 0.75, the
GBM overfits to the small validation set, resulting
in substantially lower test performance. The hy-
brid approach (Run 2) supplemented the ensemble
predictions on minority-demographic documents
with spans extracted by a large language model
(LLM) in a few-shot setting. This performed worst
because the LLM extractions produced systematic
boundary mismatches with the gold annotation con-
ventions, yielding a validation score of only 0.277.

4.2 Subgroup Analysis

Our best submission (Run 3) attains its lowest base
score on the Asian subgroup, which is notably ab-
sent from both the training and validation data. The
vote-based ensemble handles unseen demograph-
ics reasonably well because it contains no learned
parameters that could encode demographic bias—
it simply counts agreement among independently
trained models on the span text.

4.3 Ablation: Ensemble Size and Diversity

We compare our 25-model diverse ensemble
against a 16-model ensemble restricted to Long-
former and DeBERTa architectures only. On 5-
fold cross-validation over the training set, the 25-
model ensemble achieves a final score of approxi-
mately 0.50 versus 0.47 for the 16-model ensemble,
confirming that architectural diversity—not simply
model count—drives ensemble quality. Models



pretrained on different corpora and using differ-
ent architectures (e.g., BIoBERT vs. ELECTRA vs.
XLNet) produce complementary errors, improving
the signal-to-noise ratio of majority voting.

4.4 Cross-Validation vs. Validation Overfit

A critical finding from our experiments is the im-
portance of cross-validation for model selection
on this dataset. The 53-document validation set is
too small for reliable evaluation: the GBM filter
achieved 0.75 on validation but only 0.50 on test. In
contrast, 5-fold cross-validation on the training set
predicted final scores of approximately 0.49-0.50,
which closely matched the actual test performance
of 0.50-0.56. We used cross-validation scores for
all ensemble configuration decisions, including the
voting threshold 7 and model selection.

5 Analysis and Discussion

Why simple voting wins. Learned ensemble
methods (GBM filters, per-category thresholds)
have sufficient capacity to memorize patterns in
the small validation set. Majority voting has a sin-
gle hyperparameter (7), which limits its ability to
overfit. The text-normalization step (lowercasing,
boundary refinement) is crucial: it allows models
with different tokenizers to agree on the same span
despite minor offset differences.

Architectural diversity. Different pretrained ar-
chitectures encode different inductive biases. Long-
former captures long-range dependencies across
the full document; DeBERTa uses disentangled
attention representations; domain-specific models
like BioBERT and Clinical BERT bring biomedical
vocabulary knowledge. Their disagreements are
informative: spans confirmed across diverse archi-
tectures are more likely to be correct than spans
supported by multiple variants of the same archi-
tecture.

Fairness through simplicity. Our group-aware
sampling during training and the parameter-free
nature of the voting ensemble contribute to rela-
tively uniform performance across demographic
subgroups. Since the ensemble aggregation does
not use any document-level or demographic fea-
tures, it cannot learn to behave differently for dif-
ferent patient populations.

LLM extraction limitations. Our attempt to use
a large language model for few-shot span extrac-
tion scored poorly due to systematic boundary mis-
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matches with the gold annotations. The LLM
tended to paraphrase or extend spans beyond what
the annotation guidelines specify, producing text
that did not match after boundary refinement. This
suggests that LLM-based extraction requires care-
ful calibration to match dataset-specific annotation
conventions.

6 Conclusion

We presented a 25-model diverse transformer en-
semble for the MedExACT 2026 shared task on
medical decision extraction. Our system aggre-
gates predictions from 13 distinct pretrained ar-
chitectures using text-normalized majority voting,
achieving a final score of 0.5554. The key take-
aways are: (1) architectural diversity in the ensem-
ble matters more than model count or sophisticated
aggregation methods, (2) majority voting provides
natural regularization against overfitting on small
clinical datasets, and (3) cross-validation is essen-
tial for reliable model selection when the validation
set is small.

Limitations

Our system has several limitations. First, the voting
threshold 7 = 6 was tuned via cross-validation on
approximately 200 training documents and may not
generalize to other clinical text domains or dataset
sizes. Second, our approach requires training and
running inference with 25 separate models, which
is computationally expensive. Third, performance
on demographic subgroups absent from training
(e.g., Asian) remains lower, suggesting that addi-
tional techniques may be needed for true zero-shot
fairness. Finally, our BIO formulation cannot rep-
resent overlapping or nested decision spans, which
may occur in clinical text.

Ethics Statement

This work uses the MIMIC-III database (Johnson
et al., 2016), which contains de-identified elec-
tronic health records. All data access was con-
ducted under an approved PhysioNet credential-
ing agreement. Our system processes only de-
identified text and does not attempt to re-identify
patients. The fairness-aware evaluation framework
of MedExXACT highlights an important direction
for equitable clinical NLP systems.
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Abstract

Understanding procedural skills from visual
data is a key challenge in medical Al, especially
for tasks that require reasoning over temporal se-
quences. We report on FBK-NLP’s participation
at the ClinSkill QA 2026 shared task, which re-
quires models to arrange shuffled key frames into a
coherent sequence of clinical actions and provide
explanations for the resulting order. We conduct a
systematic study of prompting and reasoning strate-
gies using an open and easily deployable vision-
language model (VLM). The central finding of our
study is that incorporating keypoint-based repre-
sentations of people’s body parts substantially im-
proves temporal reasoning behind frame ordering.
Furthermore, we show that model performance is
highly sensitive to prompt design and to seemingly
minor factors such as filename ordering and the
inclusion of domain information.

1 Introduction

Recent advances in VLMs show strong capabilities
in multimodal reasoning. In the medical domain,
such models could meaningfully support clinical
training and assessment by helping experts inter-
pret procedural videos and verify compliance with
standardized workflows. However, their behavior
on structured temporal tasks remains poorly un-
derstood, as these demand not only visual recog-
nition but also structured reasoning about how ac-
tions unfold over time. The ClinSkill QA 2026
shared task directly targets this challenge by requir-
ing models to infer the correct chronological order
of keyframes from clinical procedures.

We investigate how an open VLM can be in-
structed to perform temporal reasoning through
systematic prompt design and input augmentation.
Our approach is fully training-free, does not rely on
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any task-specific fine-tuning, validation, or adap-
tation, and reveals non-obvious factors that sig-
nificantly impact performance. Our main contri-
bution is the use of keypoint-derived predicates
as a complementary source of information. They
encode body dynamics (e.g., wrist positions) and
provide the model with explicit cues about mo-
tion and progression. To the best of our knowl-
edge, this is the first work to explore keypoint
information in the context of keyframe ordering.
We demonstrate that this approach leads to signifi-
cant performance gains — a non-obvious result, as
coordinate-based representations could be expected
to be out-of-distribution for VLMs.

In addition, we show that seemingly minor fac-
tors — such as the alphabetical ordering of im-
age filenames — can introduce strong biases that
degrade model predictions. First, we find that in-
creasing reasoning complexity in prompts does not
necessarily improve performance and can, in fact,
make models more prone to such biases. Second,
we demonstrate that incorporating domain-specific
few-shot examples improves robustness and order-
ing accuracy. Third, we explore the role of domain
knowledge by rerunning our best experiments with-
out any domain-specific information in either the
prompt or the few-shot examples to explore the
task’s generalizability.

2 Related Work

Recent work has highlighted the difficulty that
VLMs face when reasoning over ordered sequences
of actions. In the textual domain, Wang et al. (2023)
and Anika and Miah (2025) introduce benchmarks
for step-wise and global procedural reasoning,
showing how Large Language Models (LLMs)
struggle to maintain correct orderings, particularly
as sequence length and disorder increase. In multi-
modal settings, Song et al. (2025) show that models
often fail to build persistent temporal representa-
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Renamed Input Keyframes Few-Shot Examples with Explanations

Relational Predicates

Ordered Sequence

The sequence follows
the logical progression
of a pediatric
resuscitation procedure.
In E2, the operator is
performing head tilt and

45R:

left wrist(0.3728, 0.4661),
right wrist(0.4923, 0.4780),
left shoulder(0.3049, 0.1647),

chin lift to open the
airway, which is the
first step. In E4, an.

is being used for
ventilation, which
occurs after airway

E3, chest...

oropharyngeal airway is
being inserted, which

follows airway opening.
In E1, a bag-valve mask

management. Finally, in

right shoulder(0.3369, 0.1559),
left hip(0.1983, 0.4663),
right_hip(0.2084, 0.4717),
torso_lean angle(20.8442)

6G1:

left wrist(0.4201, 0.5019),
right wrist(0.4768, 0.4823),
left_shoulder(0.3436, 0.1410),

Figure 1: Overview of our most complete pipeline for clinical keyframe ordering. Unordered input frames are
renamed to mitigate alphabetical bias and augmented with few-shot demonstrations. Human pose keypoints are
extracted using an off-the-shelf model and converted into structured relational predicates, which are also incorporated
into the prompt. The vision-language model then predicts the temporal ordering along with a textual explanation.

tions of visual sequences and instead rely on super-
ficial cues, with performance dropping when visual
information is removed.

Ma et al. (2024) also use temporal ordering as a
proxy for deeper understanding in robotic settings
by estimating progress from shuffled keyframes.
They emphasize how ordering constraints can in-
duce reasoning about causality, progression, and
state transitions. Other studies further suggest that
temporal reasoning is not only a representation is-
sue but also a modeling and reasoning challenge:
Chen et al. (2023) find that temporal information
is already present in visual encodings but is not
fully exploited by language models, while Ko et al.
(2023) show that LLMs can exhibit temporal and
causal reasoning in video QA, although in a fragile
and prompt-sensitive manner.

Taken together, these works highlight both the
limitations and partial successes of modern models
in temporal and procedural reasoning. They mo-
tivate our focus on keyframe ordering in clinical
workflows and on understanding how prompting
strategies and structured representations can im-
prove performance in a training-free setting.

3 Problem Formulation

ClinSkill QA 2026 is a shared task designed to
evaluate multimodal reasoning over clinical pro-
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cedures, built on the dataset introduced by Huang
et al. (2026). It consists of two tasks: (1) arrang-
ing shuffled keyframes into a coherent sequence
of clinical actions, and (2) providing explanations
for the resulting order. Only a test set with 200
samples is provided. Each sample contains four to
six keyframes depicting different stages of a basic
life support (BLS) procedure. The ground-truth
labels are not given to ensure fairness.

Evaluation considers both the correctness of the
predicted sequence and the quality of the respective
explanations. Ordering performance is measured
using task accuracy, which requires exact sequence
matching, and pairwise accuracy, which captures
partial correctness by evaluating adjacent frame
relationships. In addition, explanation quality is
assessed using BERTScore and an LLM-based eval-
uator (G-Eval). These metrics are combined into
an overall score used for leaderboard ranking. We
use it as our primary metric, since the individual
metrics are not provided for all submissions.

The task presents several challenges: (i) it re-
quires relational reasoning, since the correct posi-
tion of each frame depends on comparisons with
the others rather than on independent classifica-
tion; (ii) many temporal cues are implicit, forcing
the model to infer ordering from subtle changes
in posture, object configuration, or interaction dy-



namics; and (iii) the presence of textual context
introduces opportunities for spurious correlations,
where the model may rely on superficial signals
(e.g., filename structure or prompt wording) instead
of visual evidence.

4 Methodology

Our methodology examines how prompting strate-
gies, input representations, and auxiliary cues influ-
ence zero-shot and few-shot performance in tem-
poral ordering. Our pipeline is shown in Figure 1.

4.1 Prompting

We explore different prompting strategies, includ-
ing simple formulations that request the final or-
dering directly and more structured prompts that
require intermediate reasoning steps. They corre-
spond to the following baselines:

Order—then—explanation. We ask the model to
produce the final ordering before the explanation.

Explanation-then—order. We first ask the model
for the explanations and then the ordering of the
key frames, as models may revise or improve their
answers during the explanation process.

Intermediate reasoning. We increase the com-
plexity of the prompt and explicitly request inter-
mediate reasoning steps, including frame-wise de-
scriptions and pairwise comparisons, before the
final ordering and the explanations.

4.2 Input Representation

Beyond prompting, we explore how input represen-
tations affect model predictions. In particular, we
discovered that filenames can introduce unintended
biases, as models may exploit alphabetical ordering
as a shortcut for sequence prediction. To mitigate
this effect, we use randomly assigned filenames to
ablate our three initial baselines, ensuring that file-
names do not encode any implicit ordering signal.
This allows us to better isolate the model’s reliance
on visual and semantic information.

4.3 Few-Shot Examples

To provide additional task guidance, we then incor-
porate a few-shot demonstration into our prompts.
Each demonstration consists of a set of input
frames paired with correct orderings and corre-
sponding explanations. We study both in-domain
and out-of-domain demonstrations to evaluate how
domain alignment affects performance, and to what
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extent the model can generalize from unrelated pro-
cedural contexts. More information about these
examples can be found in Appendix A.

4.4 Keypoint-Derived Predicates

Our main contribution is the introduction of
keypoint-derived predicates as auxiliary inputs for
temporal reasoning. We extract human pose key-
points from each frame using the off-the-shelf
YOLOvVS (Jocher et al., 2023) pose estimation
model and convert them into structured textual de-
scriptions. In particular, we retain the 2D coordi-
nates of the left and right wrists, shoulders, and
hips, and derive an additional torso-lean predicate
from the angle between the shoulder-center and
hip-center vectors (see Appendix B).

Unlike raw pixel data, these predicates offer a
higher-level representation of action dynamics, en-
coding spatial relationships between body parts and
providing explicit cues about posture and move-
ment. The process is entirely training-free: the pose
estimator is not adapted to the task, and the predi-
cates are generated automatically without manual
annotation. Furthermore, they are provided as com-
plementary information rather than primary inputs.
The model is explicitly instructed not to rely primar-
ily on them, as keypoint extraction may be noisy or
inaccurate.

S Experiments

As a backbone VLM we use Qwen3-VL-32B-
Instruct (Team, 2025) with its default hyperparam-
eter configurations. Results can be seen in Table 1.

5.1 Prompting Baselines and Filename Bias

Among the three prompting strategies, the simple
order—then—explanation approach consistently out-
performed the others. In addition, intermediate
reasoning yielded considerably lower scores, sug-
gesting that more complex and demanding instruc-
tions can introduce noise and overthinking rather
than improve temporal inference.

As for the filenames, random representations
led to consistent improvements (approximately 3
points), confirming that models are sensitive to
superficial ordering cues such as alphabetical file-
names. This is supported by the fact that the num-
ber of sequences ordered as the filename alphabetic
pattern, such as ABCD or ABCDEEF, decreased
across all baselines (see Appendix A).



Baseline Renaming  Few-Shot Examples Predicates Domain Information ~ Score
Order—then—explanation No No No Yes 46.51
Order—then—explanation Yes No No Yes 49.30
Explanation—then—order No No No Yes 41.84
Explanation—then—order Yes No No Yes 45.47
Intermediate reasoning No No No Yes 39.60
Intermediate reasoning Yes No No Yes 42.93
Order—then—explanation Yes No No Yes 49.30
Order—then—explanation Yes Yes No Yes 51.13
Order—then—explanation Yes Yes Yes (Subset) Yes 56.71
Order—then—explanation Yes Yes Yes Yes 58.79
Order—then—explanation Yes No Yes Yes 59.45
Order—then—explanation Yes No No No 4441
Order—then—explanation Yes No Yes No 52.34
Order—then—explanation Yes No Yes Yes 59.75
Order—then—explanation Yes Yes No Yes 51.13
Order-then—explanation Yes Yes No No 44.20
Order—then—explanation Yes Yes Yes No 54.47

Table 1: Summary of all experiments analyzing the impact of prompting strategy, random file renaming, few-shot
demonstrations, keypoint-derived predicates, and domain information. The table is divided into three blocks: (top)
comparison of prompting strategies with and without renaming, highlighting the effect of alphabetical bias; (middle)
incremental improvements from few-shot examples and predicates; and (bottom) analysis of domain information

and generalization.

5.2 Examples and Predicates

Adding three in-domain few-shot examples to the
prompt improved the best experiment we had from
49.30 to 51.13. The gain, however, was relatively
modest, suggesting that although models can ben-
efit from a small number of task-relevant demon-
strations, these provided limited additional gains
for temporal ordering.

The inclusion of keypoint-derived predicates, on
the other hand, led to substantial improvements.
With the full predicate set, we reached a score of
58.79. We reran the experiment with only wrists
and torso predicates to test whether the others intro-
duced noise or redundancy, but this variant reached
a slightly lower score of 56.71. Interestingly, our
best result was obtained with the full predicate set
without any few-shot examples (59.45).

5.3 Domain Information

When removing domain information only from the
prompt, the score remained unchanged at 51.13,
suggesting that examples can preserve domain
strengths. When both the prompt and the exam-
ples were out-of-domain, however, performance
dropped to 44.20, confirming that the few-shot
benefit is domain-sensitive. This drop was ex-
pected, but it was interesting to see how the key-
point predicates still increased the score to 54.47,
i.e., they carry meaningful task structure even with-
out domain-specific instructions.
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5.4 Discussion

Our results highlight several important aspects of
temporal reasoning in VLMs beyond raw perfor-
mance. First, increasing the complexity of prompt-
ing does not necessarily improve the quality of
reasoning. In fact, more elaborate instructions that
encourage step-by-step analysis and pairwise com-
parisons underperform simpler formulations. Sec-
ond, random file renaming consistently improves
results, revealing a non-trivial alphabetical bias in
the model’s behavior. Third, while in-domain ex-
amples help guide the model toward the desired
output format and reasoning pattern, they are not
sufficient to substantially improve performance on
their own. Finally, explicit pose information pro-
vides strong guidance for temporal reasoning even
when no domain information is given.

6 Conclusion

Our main contribution is the introduction of
keypoint-derived predicates as structured auxiliary
inputs. Extracted using an off-the-shelf pose esti-
mator and integrated at inference time, these pred-
icates provide explicit cues about body configura-
tion and motion, leading to significant improve-
ments in ordering performance.

7 Acknowledgments

This work has been partially funded by the Euro-
pean Union under the Horizon Europe eCREAM
Project (Grant Agreement No.101057726).



References

Adrita Anika and Md Messal Monem Miah. 2025. Eval-
uating LLMSs’ reasoning over ordered procedural
steps. In Proceedings of the 14th International Joint
Conference on Natural Language Processing and
the 4th Conference of the Asia-Pacific Chapter of
the Association for Computational Linguistics, pages
2259-2267.

Junwen Chen, Jie Zhu, and Yu Kong. 2023. Atm: Ac-
tion temporality modeling for video question answer-
ing. In Proceedings of the 31st ACM International
Conference on Multimedia, pages 4886-4895.

Xiyang Huang, Jiawei Lin, Keying Wu, Jiaxin Huang,
Kailai Yang, Renxiong Wei, Jiayi Xiang, Ziyan
Kuang, Min Peng, Qiangian Xie, and 1 others. 2026.
Siming-bench: Evaluating procedural correctness
from continuous interactions in clinical skill videos.
arXiv preprint arXiv:2604.09037.

Glenn Jocher, Jing Qiu, and Ayush Chaurasia. 2023.
Ultralytics yolo.

Dohwan Ko, Ji Lee, Woo-Young Kang, Byungseok Roh,
and Hyunwoo Kim. 2023. Large language models
are temporal and causal reasoners for video question
answering. In Proceedings of the 2023 Conference
on Empirical Methods in Natural Language Process-
ing, pages 4300—4316, Singapore. Association for
Computational Linguistics.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James
Hays, Pietro Perona, Deva Ramanan, Piotr Dollar,
and C Lawrence Zitnick. 2014. Microsoft coco:
Common objects in context. In European confer-
ence on computer vision, pages 740-755. Springer.

Yecheng Jason Ma, Joey Hejna, Ayzaan Wahid,
Chuyuan Fu, Dhruv Shah, Jacky Liang, Zhuo Xu,
Sean Kirmani, Peng Xu, Danny Driess, Ted Xiao,
Jonathan Tompson, Osbert Bastani, Dinesh Jayara-
man, Wenhao Yu, Tingnan Zhang, Dorsa Sadigh, and
Fei Xia. 2024. Vision language models are in-context
value learners. Preprint, arXiv:2411.04549.

Yingjin Song, Yupei Du, Denis Paperno, and Albert
Gatt. 2025. Burn after reading: Do multimodal large
language models truly capture order of events in im-
age sequences? In Findings of the Association for
Computational Linguistics: ACL 2025, pages 24316—
24342,

Qwen Team. 2025. Qwen3 technical report. Preprint,
arXiv:2505.09388.

Weizhi Wang, Hong Wang, and Xifeng Yan. 2023.
Steps: A benchmark for order reasoning in sequential
tasks. arXiv preprint arXiv:2306.04441.

A Prompting and Input Design

This appendix provides additional details to sup-
port the reproducibility of our experiments. We
report the most relevant prompts used in our study,
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describe input preprocessing choices, and provide
further information on examples and analyses.
A.1 Prompts

We report below the exact prompt used for the
order-then-explanation baseline.

Without domain information:

You are analyzing a set of
depicting a sequence of actions.

images

You will receive several frames from the
same sequence. The frames are presented
in random order.

Your task is to determine the correct

chronological order of the frames
and then provide a short explanation
describing the visual cues that

determine the ordering.

Focus on cues such as changes in object
positioning, visibility of elements,
interaction with items, and overall
progression of the scene.

In cases of ambiguity, assume that the
sequence is moving forward in a natural
progression, such as moving closer to a
subject rather than away, or revealing
more of a scene rather than concealing
it.

When explaining your reasoning, include
the reason for which a frame should
precede or succeed the other.

You must output ONLY a valid JSON object
in the following format and nothing
else:

{

"predicted_order”: ["<filename of the
first frame in the chronological order>",
"<filename of the second frame in the

chronological order>", ...],
"order_rationale”: "<brief explanation
of the visual reasoning and
progression>"

}

With domain information:

You are an expert clinician analyzing
training images from a medical
procedure.

You will receive several frames from the
same procedure. The frames are presented
in random order.

Your task is to determine the correct

chronological order of the frames
and then provide a short explanation
describing the visual <cues that

determine the ordering.

Focus on cues such as operator actions,
exposure of anatomical regions, hand
placement, interaction with equipment,
and progression of the procedure.


https://github.com/ultralytics/ultralytics
https://doi.org/10.18653/v1/2023.emnlp-main.261
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https://doi.org/10.18653/v1/2023.emnlp-main.261
https://arxiv.org/abs/2411.04549
https://arxiv.org/abs/2411.04549
https://arxiv.org/abs/2505.09388

In cases of ambiguity, assume that
the operator is progressing into the
procedure, for example, moving toward
the person or manikin rather than away
and exposing the chest rather than
covering it. Another example: a frame
in which pads are already placed on the
chest should occur later than frames in
which they are not.

When explaining your reasoning, include
the reason for which a frame should
precede or succeed the other.

You must output ONLY a valid JSON object
in the following format and nothing
else:

{

"predicted_order”: ["<filename of the
first frame in the chronological order>",
"<filename of the second frame in the
chronological order>", ...1],

"order_rationale”: "<brief explanation
of the visual reasoning and procedural
progression>" }

A.2 Sequential Frame Presentation

We also experimented with an alternative prompt-
ing strategy in which frames were provided sequen-
tially within the same conversation, rather than all
at once. At each step, the model received a new
frame and was expected to update its internal rep-
resentation of the sequence.

This approach was motivated by the hypothe-
sis that incremental exposure could facilitate tem-
poral reasoning by accentuating pairwise compar-
isons. However, even with the keypoint-based
predicates, it resulted in substantially worse per-
formance (46.06) than all other prompting strate-
gies. We hypothesize that this is due to the model’s
limited ability to maintain and revise a coherent
global representation of the sequence across mes-
sages. Unlike the standard setup, where all frames
are available simultaneously, this one requires per-
sistent memory and consistent updating, which cur-
rent models appear to handle poorly.

A.3 Filename Bias

We adopted the following filename-renaming
scheme:

A —45R D — W2P

B—-6Gl E—T93

C—-UL8 F—7WH

It removes alphabetical bias while avoiding the

numerical bias that would arise from renaming files
to IMG_1, IMG_2, and so on. Because each sam-
ple corresponds to a different conversation, we ap-
plied the same mapping across all samples, ensur-
ing that no filename-based patterns or associations
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Figure 2: Example of an in-domain set of video frames
collected.

Figure 3: Example of an out-of-domain set of video
frames collected.

were possible. Under this scheme, the number of
sequences whose ordering matched the original al-
phabetical pattern (ABCD or ABCDEF) decreased
as follows:

* Order-then-explanation: 37 — 35
* Explanation-then-order: 58 — 32
* Intermediate reasoning: 76 — 50

This indicates that, even in a purely visual task,
the model may still exploit irrelevant textual struc-
ture in the input representation.

A4 Few-Shot Examples

In-domain examples were obtained from YouTube
videos by querying "basic life support" and filtering
for content available under a Creative Commons
license. Out-of-domain examples were obtained us-
ing the same procedure but with other queries, such
as "skateboarding", "baking", and "yoga". Some of
these examples can be seen in Figures 2 and 3. We
always provided three examples, each presented to
the model along with its correct temporal ordering
and a detailed explanation written by us.



B Keypoint-Derived Predicate
Construction

This appendix describes and discusses in more de-
tail the implementation of our predicate extraction
pipeline.

B.1 Pose Estimation and Keypoint Selection

The pretrained YOLOVS8 pose estimator predicts
the 17 COCO (Lin et al., 2014) body keypoints for
every detected person. We assume the operator is
the person detected with higher confidence in the
frame. The detected keypoints are then normalized
by image width and height to obtain scale-invariant
coordinates in the range [0, 1|. From the complete
COCO skeleton, we retain the upper-body land-
marks that were empirically most informative for
procedural ordering:

* left/right shoulders (indices 5 and 6),
* left/right wrists (indices 9 and 10),

* left/right hips (indices 11 and 12).

These landmarks are converted into textual pred-
icates of the form left_wrist(x,y), where x and
y denote normalized image-space coordinates.

B.2 Torso Orientation

In addition to raw landmark coordinates, we derive
a coarse torso orientation descriptor from shoulder
and hip positions. Let

s — Pls + Prs
2

be the midpoint between the left and right shoul-
ders, and

p— P + Prh
2
the midpoint between the hips. We define the
torso vector as v = s — h. The torso lean angle
is then computed relative to the upward vertical

The resulting value is encoded as the predicate
torso_lean_angle(#), providing an estimate of
body posture and forward leaning, which can cor-
relate with different stages of clinical procedures.

6 = cos
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Figure 4: Example of an occluded frame where the
operator is only partially captured in the camera view,
resulting in an unreliable keypoint detection.

Figure 5: Example of a failure case where an observer
is detected instead of the operator.

B.3 Error Analysis

As only overall submission-level scores were pro-
vided and no per-sample metrics were available, we
restrict our error analysis to the keypoint-derived
predicates. As expected, most errors were at-
tributed to occlusions — both in frames where parts
of the operator were deliberately masked and in oth-
ers where the operator was only partially visible
in the camera view. Figures 4 and 5 illustrate two
representative failure cases. It would be interesting
to explore whether an alternative detection strategy
could mitigate them.
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Abstract

Psychological defense mechanisms play a cru-
cial role in shaping human responses during
emotionally charged conversations, yet remain
underexplored in natural language processing.
In this work, we address the PSYDEFCONV
shared task, which involves classifying defense
mechanisms in multi-turn dialogues using clin-
ically grounded annotations based on the De-
fense Mechanism Rating Scales (DMRS). We
propose a generative supervised fine-tuning
framework that reformulates the task as con-
ditional text generation. A pre-trained causal
language model (Gemma-2-2B) is adapted us-
ing parameter-efficient fine-tuning (PEFT) with
4-bit quantization, enabling efficient training
under limited computational resources. To han-
dle class imbalance, we apply random oversam-
pling, and we design a prompt-based input rep-
resentation to incorporate conversational con-
text effectively. Experimental results demon-
strate that our generative approach is compet-
itive with discriminative baselines while of-
fering improved flexibility in modeling sub-
tle and context-dependent defensive behaviors.
The findings highlight the potential of genera-
tive large language models for psychologically
grounded dialogue understanding tasks.

1 Introduction

Psychological defense mechanisms are vital adap-
tive or maladaptive strategies that shape how in-
dividuals regulate emotions and express distress.
In emotional support dialogues, identifying these
mechanisms—such as denial or intellectualiza-
tion—is essential for understanding a speaker’s
mental state and providing appropriate support.
However, defensive functioning remains largely un-
derexplored in natural language processing (NLP)
compared to surface-level tasks like sentiment anal-
ysis (Na et al., 2025).

The PsyDefDetect@BioNLP 2026 shared
task (Na et al., 2026a) addresses this gap by
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requiring the classification of target utterances into
nine categories based on the Defense Mechanism
Rating Scales (DMRS). This task is particularly
challenging due to the subtle, context-dependent
nature of defenses, the nuanced hierarchical label
space, and the presence of ambiguous cases where
context is insufficient for classification.

To address these challenges, we propose a gener-
ative framework that reformulates defense mecha-
nism identification as a conditional text generation
problem rather than standard multi-class classifi-
cation. We utilize parameter-efficient fine-tuning
(PEFT) on a pre-trained causal language model
to adapt to the task with minimal computational
overhead. Our approach leverages the reasoning
capabilities of large language models to capture
the long-range dependencies and implicit cues nec-
essary for identifying nuanced psychological con-
structs.

Contributions. Our main contributions are as fol-
lows:

* We introduce a parameter-efficient adaptation
strategy that enables effective training under
limited computational resources.

* We demonstrate the effectiveness of our ap-
proach on the PsyDefDetect shared task,
highlighting its ability to capture context-
dependent and nuanced defensive behaviors.

2 Related Work

Psychological Analysis in NLP. Research in
computational psychology has traditionally fo-
cused on emotion recognition and sentiment analy-
sis (Poria et al., 2017; Zhang et al., 2018). While
datasets like ESConv (Liu et al., 2021) facilitate
emotional support modeling, they often focus on
surface-level affect. The PSYDEFCONYV dataset
addresses this by providing annotations based on
the Defense Mechanism Rating Scales (DMRS)

Proceedings of the BioNLP 2026 (Shared Tasks), pages 99-103
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(Perry, 1990), enabling a deeper analysis of cogni-
tive processes in dialogue.

Context-Aware Dialogue Understanding. Ef-
fective dialogue modeling requires capturing de-
pendencies across multiple turns. While early
methods used recurrent architectures (Serban et al.,
2016), modern transformer-based approaches lever-
age self-attention to encode context (Devlin et al.,
2019; Wolf et al., 2019). However, identifying
implicit psychological phenomena remains a chal-
lenge, as these constructs depend on subtle nuances
often missed by standard encoding strategies.

Generative Approaches for Classification.
While discriminative models like BERT (Devlin
et al., 2019) and RoBERTa (Liu et al., 2019) are
standard for classification, recent work explores
reformulating these tasks as text generation (Raffel
et al., 2020; Brown et al., 2020). Conditional
generation via instruction-based prompting has
shown superiority in complex scenarios requiring
reasoning and contextual interpretation, making it
highly suitable for defense mechanism detection.

Parameter-Efficient Fine-Tuning. Fine-tuning
large language models (LLMs) is computationally
demanding. Parameter-efficient fine-tuning (PEFT)
techniques, such as LoRA (Hu et al., 2021), allow
for effective model adaptation by updating only a
fraction of the total parameters. These methods
significantly reduce resource requirements while
maintaining performance levels comparable to full
fine-tuning, providing a scalable solution for spe-
cialized NLP tasks.

3 Dataset

We conduct our experiments on the PSYDEF-
CONYV dataset (Na et al., 2026b), released as part
of the shared task on psychological defense un-
derstanding in conversations. The dataset is con-
structed from a subset of the ESConv corpus (Liu
et al., 2021) and contains multi-turn emotional sup-
port dialogues annotated using the Defense Mecha-
nism Rating Scales (DMRS) (Perry, 1990).

Statistic Value
Total Dialogues 200
Total Utterances 4,709
Annotated Utterances 2,336
Number of Classes 9

Table 1: Overview of the PSYDEFCONYV dataset.

The task is formulated as a 9-class classifica-
tion problem, where each instance consists of a
target utterance and its preceding dialogue context.
The labels correspond to hierarchical levels of de-
fensive functioning, ranging from no defense to
high-adaptive defenses, along with an additional
category for ambiguous cases requiring more con-
text.

Following the shared task setup, we have used
the provided train, validation, and test split. The
task is particularly challenging due to its context
dependency, subtle inter-class variations, and the
presence of ambiguous instances.

4 Methodology

We propose a generative supervised fine-tuning
(SFT) framework as shown in figure 1 to model psy-
chological defense classification as a conditional
text generation task. A pre-trained causal language
model (Gemma-2-2B) is adapted using parameter-
efficient fine-tuning (PEFT) to predict defense la-
bels given conversational context.

4.1 Data Processing

To preserve class distribution, we perform a strati-
fied 80/20 train-validation split. Due to class imbal-
ance, we apply random oversampling to minority
classes up to a fixed target size, while retaining
all samples from majority classes. This strategy
improves representation of rare defense categories
without discarding useful data.

4.2 Model and Fine-Tuning

We adopt a 4-bit quantized QLoRA setup for effi-
cient training. Low-rank adapters are injected into
all linear projection layers, enabling task adapta-
tion with minimal parameter updates. Quantiza-
tion significantly reduces memory usage, allowing
fine-tuning on limited hardware while maintaining
performance.

4.3 Generative Formulation

Unlike conventional classifiers, we formulate the
task as next-token prediction. Each input is con-
structed using a chat-style template containing the
system prompt, dialogue context, and target utter-
ance. The model is trained to generate a single
token corresponding to the defense label.

To ensure proper supervision, tokens correspond-
ing to the input prompt are masked, and loss is
computed only on the generated label token. For
long sequences, a left-truncation strategy is applied
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Figure 1: Our proposed framework for the PsyDefDetect task

to preserve the target utterance and label within the
maximum sequence length. Since Gemma-2’s chat
template does not support a dedicated system role,
the system instruction is prepended directly into
the user turn. The full prompt template is provided
in Appendix B.

4.4 Training Strategy

We implement a manual training loop using Py-
Torch with gradient accumulation to achieve an
effective batch size of 16. Mixed precision train-
ing is employed to improve efficiency. A linear
warmup followed by cosine decay is used for sta-
ble optimization.

4.5 Inference and Evaluation

During inference, we use greedy decoding to gener-
ate the predicted label deterministically. A simple
post-processing step extracts the label token from
the generated output. Following the shared task
protocol, we report Macro-F1 score over classes
1-8, excluding the majority “No Defense” class to
ensure balanced evaluation.

S Experimental Analysis

5.1 Experimental Setup

All experiments are conducted on cloud-based
GPU platforms (Kaggle and Google Colab) using
NVIDIA T4 GPUs. The hardware constraints mo-
tivate our use of 4-bit quantization and parameter-
efficient fine-tuning throughout.

We fine-tune Gemma-2-2B-IT via 4-bit QLoRA
using the Unsloth framework. LoRA adapters are
injected into all attention and feed-forward projec-
tion layers. Training uses a manual PyTorch loop
with AdamW optimization, cosine decay schedul-
ing with linear warmup, and gradient clipping. To
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address class imbalance, minority classes are over-
sampled to a fixed target count prior to training.

To isolate the contribution of the generative refor-
mulation, we additionally train DeBERTa-v3-base
as a discriminative sequence classifier under identi-
cal data conditions. The dialogue context and target
utterance are encoded as a sentence pair with left-
truncation applied to the context side. This model
serves as an internal comparison point and is dis-
tinct from the organizer-provided official baseline.

Both systems are trained and evaluated on the
same stratified 80/20 split of the official training
data, with final evaluation performed on the offi-
cial blind test set. Full hyperparameters for both
systems are listed in Appendix A.

5.2 Results

Our system achieves an official Macro-F1 of
0.2475 on the blind test set (LB1), ranking 12th
out of 21 registered teams. Table 2 presents a full
comparison across all evaluation metrics.

Table 2: Comparison of model performance met-
rics(Accuracy, Precision, Recall and F1-score) on the
official test set.

Model Acc. Rec. F1

Official Baseline* 0.6483 0.3397 0.3045 0.3148
DeBERTa-v3-base 0.5500 0.1202 0.1636 0.1376
Proposed Framework 0.5508 0.2669 0.2351 0.2475

*Organizer-provided baseline from official leaderboard.

Prec.

The proposed generative system substantially
outperforms the discriminative DeBERTa-v3-base
encoder across all metrics, with a Macro-F1 gain
of +0.11, suggesting that reformulating defense
classification as conditional text generation better
captures the implicit and context-dependent nature
of psychological defenses. The gap relative to the
official baseline reflects the inherent difficulty of



the task under limited computational resources, and
points toward larger generative models as a promis-
ing direction for future work.

6 Conclusion

In this work, we presented a generative super-
vised fine-tuning framework for psychological de-
fense mechanism classification in conversational
data. By reformulating the task as conditional
text generation and leveraging parameter-efficient
fine-tuning with 4-bit quantization, we successfully
adapted a causal language model to capture context-
dependent psychological cues.

Experimental results demonstrate that the pro-
posed method is competitive with standard discrim-
inative baselines while offering improved flexibility
in modeling implicit and nuanced defense behav-
iors. Future work will explore larger-scale models,
improved context modeling strategies, and more
robust decoding mechanisms to further enhance
performance on psychologically grounded conver-
sational tasks.

7 Limitations

Our approach has several limitations. First, the
model relies on generative decoding, which intro-
duces slight variability in outputs and may require
strict post-processing to ensure valid label predic-
tion. Second, the use of a relatively small causal
language model (Gemma-2-2B) limits the capacity
to capture highly complex conversational nuances
compared to larger models. Third, class imbalance
handling via oversampling may introduce redun-
dancy and potential overfitting to minority classes.
Finally, the reliance on fixed prompt templates
may reduce generalization to unseen dialogue struc-
tures.
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A Hyperparameters

Table 3 details the hyperparameters for repro-
ducibility, including the LoRA adapters and the
4-bit quantization setup.

Table 3: Detailed training and model configurations for
reproducibility.

Hyperparameter DeBERTa-v3- Gemma-2-2B +
base QLoRA

Learning rate 2e-5 le-4

Effective batch size 8 16

Epochs 5 3

Weight decay 0.01 0.01

Max sequence length 512 1024

Quantization — 4-bit NF4

LoRA rank — 16

LoRA alpha — 32

LoRA dropout — 0.05

Warmup ratio — 0.05

Grad clip norm — 1.0

Oversampling target — 400/class

Precision fp32 bf16/fpl6

Random seed 42 42

B Prompt Template

The following template is used to construct the
input for both training and inference. During train-
ing, the assistant turn contains the gold label digit;
during inference, the generation prompt cue is ap-
pended and the assistant turn is left empty for the
model to complete.

[User]:

You are a «clinical psychology expert
specializing in defense mechanism analysis.
Classify the psychological defense level
of the FINAL seeker utterance based on the
conversation history provided.

Defense Level Reference:

@ = No Defenses

1 = Action Defenses (Passive Aggression,
Help-Rejecting Complaining, Acting Out)

2 = Major Image-Distorting (Splitting,
Projective Identification)

3 = Disavowal Defenses (Denial,
Rationalization, Projection, Autistic
Fantasy)

4 = Minor Image-Distorting (Devaluation,
Idealization, Omnipotence)

5 = Neurotic Defenses (Repression,
Dissociation, Reaction Formation,
Displacement)

6 = Obsessional Defenses (Isolation of
Affect, Intellectualization, Undoing)

7 = High-Adaptive Defenses (Affiliation,

Altruism, Anticipation, Humor, Self-Assertion,
Sublimation, Suppression)
8 = Needs More Information

Rules:

- Read the full conversation for context.

- Focus on the TARGET utterance’s defensive
style, not the supporter’s.

- Respond with ONLY a single digit (0-8). No
explanation, no punctuation.

— Conversation History —
[Speaker]: [utterance]
[Speaker]: [utterance]

— Target Utterance [Seeker] —
[target utterance text]

What is the defense level?
ONLY a single digit (0-8):

Respond with

[Assistant]:
{label digit}
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Abstract

Psychological defense detection is one of es-
sential present-day challenges in clinical prac-
tice. The state-of-the-art natural language pro-
cessing (NLP) tools aim to automate this task.
However, their potential and efficiency remain
largely unexplored. This manuscript attempts
to address this problem from various perspec-
tives: it first explores the efficiency of direct
large language model (LLM)-prompting. Then,
it applies NLP techniques for LLM fine-tuning
applied to the psychological defense classifica-
tion task. Finally, it attempts to generate states
of mind based on the speaker’s psychological
state. The results show that the complexity of
the task requires further improvement of the
software solutions used.

1 Introduction

One of the present-day psychotherapy challenges
consists in automating psychological defense de-
tection. Large language models (LLMs) have been
shown to have great potential to revolutionize psy-
chotherapy. Nevertheless, their effectiveness, when
applied to treating mental health issues, remains
underexplored, as they have only been shown to
offer static solutions to single mental health-related
problems (Na et al., 2025).

This manuscript presents (1) a description of the
methodological aspects, (2) experimental design
as well as (3) the empirical results obtained while
participating in the shared task PsyDefDetect (Na
et al., 2026a). Essentially, it explores the potential
of some of the most widely used LLMs applied to
a corpus of multi-turn dialogues that are labeled to
highlight a possible psychological defense mecha-
nism (Na et al., 2026b).

The remainder of the manuscript is structured
as follows. Section 2 describes the methodology
applied as well as the experimental settings. Sec-
tion 3 reports the results obtained. Finally, section 4
concludes the manuscript.

Christopher Luongo-Vazquez
Universidad de La Rioja
chluongo@unirioja.es

Ilia Stepin
Universidad Auténoma
de Madrid
ilia.stepin@uam.es

2 Methodology

Four series of experiments have been carried out as
part of this work. First, prompting-related experi-
ments took place for an LLM to directly classify the
given (non-)defensive utterances (see Section 2.1
for details). Subsequently, encoder fine-tuning ex-
periments were conducted to estimate the effect of
hyperparameter fine-tuning of the given language
models (see Section 2.2 for details). Afterwards, a
novel technique for state-of-mind generation was
proposed and tested in the context of psychological
defense classification (see Section 2.3 for details).
Finally, LLM fine-tuning makes part of the con-
cluding series of experiments. The corresponding
methodology is described in Section 2.4.

All the experiments were carried out using the
PsyDefConv dataset (Na et al., 2026b) containing
nine classes (0 — no defense, 1 — action defenses, 2
— major image-distorting, 3 — disavowal defenses, 4
— minor image-distorting, 5 — neurotic defenses, 6 —
obsessional defenses, 7 — high-adaptive defenses,
8 — needs more information).

2.1 LLM prompting

The prompting experiments were designed to in-
clude three internal stages: (1) direct prompt-
ing, (2) few-shot prompting, and (3) two-step
psychological defense classification. Four base-
line models have been used in all the cor-
responding experiments. Namely, these are
DeepSeek-v3.2 (DeepSeek-Al et al., 2025), Qwen3
(Qwen3-235B-A22B) (Team, 2025), Qwen2.5-
72B-Instruct (Team, 2024), and GLM-5 (GLM-5-
Team et al., 2026). First, all the aforementioned
models were prompted to predict the type of psy-
chological defense mechanism (if any). Subse-
quently, they were enhanced with several input ex-
amples to enable in-context learning. Finally, two-
step predictions were made. First, all the utterances
underwent a binary classification task (defensive vs.

104

Proceedings of the BioNLP 2026 (Shared Tasks), pages 104—-108
July 3-4, 2026 ©2026 Association for Computational Linguistics



non-defensive). Second, all the utterances claimed
defensive were subsequently assigned labels of the
corresponding defensive dataset classes. To do so,
both binary and multiclass classification requests
were enhanced with few-shot prompts generated in
stage (2).

2.2 Encoder fine-tuning

In the second phase, we evaluate encoder-based
models on a simplified binary formulation of
the task aimed at improving recognition of non-
defensive utterances. We compare two labeling
strategies. In the Unmerged setting, models are
trained on the original multiclass labels and later
evaluated with respect to the binary distinction. In
the Merged setting, label 0 (No Defense) is pre-
served, while all non-zero labels are collapsed into
a single positive class representing the presence of
any defense mechanism.

Several transformer encoders were used in the
corresponding experiments. Namely, those are
BERT (Devlin et al., 2018), ModernBERT (Warner
et al., 2024), RoBERTa (Liu et al., 2019), and
DeBERTa-v3 (He et al., 2021). For each model
and labeling setup, we explore the effect of set-
ting multiple learning rates (2 x 1074, 2 x 1072,
and 2 x 107%) in order to assess optimization sen-
sitivity and identify robust configurations. The
best-performing binary classifier from this phase is
later incorporated as the filtering component in our
hybrid retrieval-based system.

2.3 State-of-mind generation

As part of the original pipeline, we additionally
propose a hybrid framework that combines LLM-
based semantic abstraction, instance-based classi-
fication, and binary filtering. First, each dialogue
context together with the target utterance is trans-
formed into a structured state-of-mind representa-
tion using GPT-5.2. Rather than operating directly
on raw dialogues, the model generates a compact
description of the speaker’s psychological state,
intentions, and coping behavior, providing a nor-
malized representation in which defensive patterns
become more comparable across instances.

We then perform classification in this represen-
tation space using a k-nearest neighbors (KNN)
strategy. The generated state-of-mind descriptions
are embedded with Gemma (Schechter Vera et al.,
2025)". As for each test example, we retrieve the

1 huggingface.co/google/embeddinggemma-300m

nearest training representations (k € 3,5,7). The
final label is assigned by majority voting over the
retrieved neighbors. This is argued to allow the sys-
tem to leverage semantic similarity between psy-
chologically related situations instead of relying
only on surface lexical cues.

Finally, to better address the strong class im-
balance, we incorporate the best-performing bi-
nary classifier from Section 2.2 (RoBERTa Merged,
learning rate=2 x 10~°), which distinguishes No
Defense (Level 0) from Any Defense (Levels 1-8).
In the final hybrid setup, utterances predicted as
No Defense are directly assigned label 0, while
all the remaining instances are classified using the
KNN module. In this way, the encoder serves as
a precision-oriented gate for trivial non-defensive
cases, while the retrieval component handles finer-
grained defense level prediction.

2.4 LLM fine-tuning

In the concluding phase of the experiments, a
single baseline LLM (Llama-3.2-3B) (Al@Meta,
2024) was fine-tuned to assess the corresponding
effect on psychological defense mechanism classi-
fication. The quantized low-rank adaptation tech-
nique (QLoRA) (Dettmers et al., 2023) was used
to fine-tune the baseline LLM. Two learning rates
(1 x 107* and 1 x 10~°) were employed in the
corresponding experiments.

3 Experimental results

This section reports the experimental results of all
the four groups of the experiments whose method-
ology is described in section 2. Table 1 reports
precision, recall, and F1-scores for all the baseline
models tested within all the prompting experiment
stages. It is worth noting that DeepSeek perfor-
mance increases, as few-shot prompting and two-
step classification are incorporated at later stages of
the experiment whereas this effect is not observed
in the case of all the other baseline models used.

Table 2 overviews the encoder fine-tuning exper-
imental results. Remarkably, all the LLMs tested
show better performance in the Merged setting.

Table 3 presents the state-of-mind generation
experimental results as a function of the number
of k-nearest neighbors. It can be seen that the
model’s performance slightly increases along with
the increase in the number of neighbors.

Table 4 reports the effects of the QLoRA-based
LLM fine-tuning. These do not appear to signifi-
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Model Precision Recall Fl-score # neighbors Precision Recall F1-score

Stage 1: Direct prompting (baseline models) 0.174 0.173 0.170
DeepSeck—v32  0.182 0213 0.155 8'3{5) 8‘176 3'171
Qwen3 0238 0226  0.180 7 : A77 017
Qwen2.5-72B 0.192 0.204 0.152 Table 3: Third-phase experimental results (LLM-based
GLM-5 0.348 0.216 0.178 state-of-mind representation).

Stage 2: Few-shot prompting
DeepSeek-v3.2 0.369 0.259 0.194 Learning rate Precision Recall F1-score
Qwen3 0.328 0.248 0.203 le-4 0.139 0.201 0.164
Qwen2.5-72B 0.344 0.221 0.175 le-5 0.130 0.135 0.116
GLM-5 0.302 0.209 0.172
Stage 3: Defense classification Table 4: Fourth-phase experimental results (LLM fine-

DeepSeek—v32 0276 0.133 0083  ‘uning)
Qwen3 0.204 0.137 0.071
Qwen2.5-72B 0.073 0.112 0.031 cantly differ depending on the changes in the learn-
GLM-5 0.247 0.148 0.088

Table 1: First-phase experimental results (prompting).

Labeling Learning rate F1-score
Model: BERT
2e-4 0.076
Unmerged 2e-5 0.221
2e-6 0.138
2e-4 0.454
Merged 2e-5 0.836
2e-6 0.794
Model: ModernBERT
2e-4 0.159
Unmerged 2e-5 0.234
2e-6 0.131
2e-4 0.857
Merged 2e-5 0.853
2e-6 0.774
Model: RoBERTa
2e-4 0.076
Unmerged 2e-5 0.215
2e-6 0.122
2e-4 0.454
Merged 2e-5 0.913
2e-6 0.796
Model: DeBERTa-v3
2e-4 0.030
Unmerged 2e-5 0.030
2e-6 0.076
2e-4 0.144
Merged 2e-5 0.144
2e-6 0.454

Table 2: Second-phase experimental results (encoder
fine-tuning).

ing rate employed.

Based on the insights from the experiments car-
ried out, the final, 7-neighbor state-of-mind gen-
eration model was passed on to the shared task
organizers so that the test results could be calcu-
lated. These are presented in Table 5.

4 Conclusion

The predominantly negative results obtained em-
phasize the complexity of the psychological de-
fense mechanism classification task. They high-
light, for instance, the need for extensive use of data
preprocessing techniques. It is particularly neces-
sary when using the provided dataset due to a high
degree of class imbalance among the data instances.
In addition, better elaborated fine-tuning mecha-
nisms are needed to improve the performance of
the models tested.

As part of future work, a more thorough compar-
ative analysis of various language models seems
required. The experimental results do not allow
us to conclude how effective the presented concep-
tualization of LLM-based state-of-mind represen-
tations is. That said, they pave the way toward
further refining of the methodological basis of the
experiments presented in this manuscript.

Limitations

Regarding the first-phase experiments (prompting),
these only include a limited set of LLMs. A com-

F1-score
0.1612

Accuracy Precision Recall
0.6144 0.2366  0.1660

Table 5: Test results.
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parison against a wider set of models as well as the
use of alternative techniques reshaping the original
prompts might help improve the performance.

As for the second-phase experiments (encoder
fine-tuning), only a limited number of models and
hyperparameters has been used for fine-tuning. To
be precise, only the learning rate for four LLMs
has been modified while running the corresponding
experiments. In addition, the experimental results
reported do not allow us to make conclusions on
their statistical significance.

When it comes to the third-phase experiments
(state-of-mind generation), these employ only one
classic machine learning classifier. It is therefore
necessary to explore the potential of state-of-the-
art classifiers to ensure adequate classification of,
for example, defensive vs. non-defensive cases. In
addition, the results reported indicate that improved
data preprocessing might help improve the model
performance, particularly when dealing with class
imbalance.

Finally, the fourth-phase experiments (LLM fine-
tuning) include only one preselected LLM. In both
experiments carried out, only the learning rate was
changed as part of fine-tuning. This may be argued
not to be sufficient to improve the discriminatory
capacity of the corresponding classifier.
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A LLM prompts

This appendix reports the LLM prompts used
across the first- and third-phase experiments.

In the first-phase experiments, the following
prompt was used: “You are a strict classifier.
Choose exactly one label: 0 or 1. Use the follow-
ing guide: O - No Defenses: Functional utterances
that maintain conversational flow without engaging
conflict. 1 - Action Defenses: Passive Aggression,
Help-Rejecting Complaining, Acting Out. Distress
is released by acting on the environment instead
of reflecting. 2 - Major Image-Distorting: Split-
ting (self/other), Projective Identification. Reduces
anxiety via all-good/all-bad distortions of self or
other. 3 - Disavowal Defenses: Denial, Rational-
ization, Projection, Autistic Fantasy. Rejects threat-
ening reality by denying, excusing, blaming, or
fantasizing. 4 - Minor Image-Distorting: Deval-
uation/Idealization (self or other), Omnipotence.
Softer distortions temporarily inflate or deflate self-
esteem. 5 - Neurotic Defenses: Repression, Disso-
ciation, Reaction Formation, Displacement. Keeps
unacceptable motives out of awareness; feelings
surface indirectly. 6 - Obsessional Defenses: Isola-
tion of Affect, Intellectualization, Undoing. Uses
excessive logic or symbolic acts to separate feel-
ings from events. 7 - High-Adaptive Defenses:
Affiliation, Altruism, Anticipation, Humor, Self-
Assertion, Self-Observation, Sublimation, Suppres-
sion. Mature coping that integrates emotion and
thought to channel affect constructively. 8 - Needs
More Information: Label used when an utterance is
too ambiguous or lacks context. Return only JSON
in one line: {“label”: <0 or 1>, “reason”: “short
reason”}.”

In the third-phase experiments, the follow-
ing prompt was used: “You are a psychologist,
skilled in Cognitive Behavioral Therapy (CBT),
Eye Movement Desensitization and Reprocessing
(EMDR) protocol, Acceptance and Commitment
Therapy, and Mindfulness practices, providing em-
pathetic guidance in psychotherapy. Your task is
to briefly describe the current state of mind of the
seeker based on the ongoing conversation between
seeker and supporter. Focus on features most rele-
vant to identifying psychological defense mech-
anisms — specifically: how the seeker relates
to distressing emotions (avoids, intellectualizes,
acts out, suppresses, projects, denies, or integrates
them); whether their perception of self or others
appears distorted (idealized, devalued, split into all-
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good/all-bad); how they respond to help (accept,
resist, reject); the degree of self-awareness and
reflective capacity; and any signs of fantasy, dis-
placement, rationalization, or mature coping such
as humor or self-assertion. Describe in 2-4 sen-
tences.”
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Abstract

Automating the classification of psychologi-
cal defense mechanisms is a critical yet chal-
lenging frontier in clinical natural language
processing. General-purpose Large Language
Models (LLMs) struggle to apply fine-grained
ordinal frameworks like the Defense Mecha-
nism Rating Scales due to the implicit nature
of clinical cues and a fundamental clinical rea-
soning gap. These models exhibit severe ex-
treme response bias, systematically gravitating
toward the scale’s endpoints while failing to
resolve nuanced, mid-level defenses. In this
paper, we present our third-place system for
the PSYDEFDETECT Shared Task at BioNLP
2026, designed specifically to overcome this
failure mode. We propose a hybrid architec-
ture that synergizes label-flattened generative
retrieval with an LLM classifier fine-tuned via
the distillation of supervised clinical reasoning
traces. This dual approach, grounding deci-
sions in rubric criteria while leveraging task-
specific supervision, successfully mitigates the
observed bias, achieving an accuracy of 67.37%
and a macro-F1 of 39.56%. Our work pro-
vides empirical evidence that tightly integrat-
ing targeted clinical supervision with dynamic
rubric-grounded retrieval significantly outper-
forms the raw parameter scale of un-tuned foun-
dation models.

1 Introduction

Understanding how individuals psychologically de-
fend against emotional distress is central to psy-
chotherapeutic practice. The Defense Mechanism
Rating Scales (DMRS; Di Giuseppe and Perry
2021) provide a validated framework for catego-
rizing these unconscious processes across seven
ordinal maturity levels (1-7). While essential for
clinical assessment, manual scoring requires spe-
cialized training and does not scale to the large
volumes of data generated in digital mental health
interventions.

The PSYDEFDETECT Shared Task at BioNLP
2026 (Na et al., 2026a) formalizes the challenge
of automating this process. This task presents
three fundamental challenges. First, defense mech-
anisms exhibit subtle overlap between adjacent lev-
els, where labels share significant semantic and
pragmatic features, challenging standard classifiers
that treat them as discrete categories rather than an
ordered spectrum. Second, general-purpose LLMs
exhibit a clinical reasoning gap. They lack the
domain-specific reasoning required to apply the
rigid criteria of a professional rubric, leading to a
disconnect between surface-level sentiment and the
underlying unconscious processes. Finally, defense
mechanisms are expressed through implicit and
context-dependent cues, resulting in a low signal-
to-noise ratio. Accurate classification therefore de-
pends less on explicit lexical indicators and more
on latent patterns.

In this paper, we present a highly competitive hy-
brid system designed to address these inherent chal-
lenges, securing third place among 21 registered
teams in the official shared task evaluation. We
introduce a teacher-student distillation framework
that encodes structured chain-of-thought clinical
reasoning into a smaller LLM, eliminating the need
for long-context rubric-handbook prompting at in-
ference time. We further augment this supervised
fine-tuning (SFT) pipeline with a dynamic DMRS-
Q item retrieval framework to ground predictions in
the rubric’s nuanced criteria. Crucially, by flatten-
ing the clinical rubric during retrieval and remov-
ing ordinal identifiers from the prompt and output
space, the system mitigates the model’s tendency
toward extreme response bias. Ultimately, our re-
sults demonstrate that automating nuanced psycho-
logical assessment depends less on continuously
scaling foundation models and more on tightly inte-
grating targeted clinical supervision with dynamic,
rubric-grounded retrieval.
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2 Related Work

The application of Natural Language Processing to
mental health has expanded rapidly, moving from
depression and suicide risk detection (Coppersmith
et al., 2018; Gkotsis et al., 2017) to modeling clini-
cal dialogue dynamics like empathy and therapeu-
tic intent (Pérez-Rosas et al., 2019). However, Na
et al. (2025) highlight fragmentation in LLM re-
search on psychotherapy and limited theoretical in-
tegration, suggesting the automated analysis of de-
fense mechanisms remains a highly significant yet
underexplored frontier. Most prior psycholinguis-
tic analyses of therapy transcripts have relied on
lexicon-based features or shallow classifiers (Miner
et al., 2022; Kim et al., 2025). These approaches
struggle with the deep pragmatic context and subtle
cues of the DMRS framework, where signals are
encoded in implicit narrative structure rather than
explicit lexical content.

A primary obstacle in modeling these mecha-
nisms is fine-grained ordinal classification (Zhang
et al., 2017). Defense mechanisms lie on a contin-
uum, and adjacent levels often differ only by subtle
shifts in intent, affect, or defensive strategy. In this
setting, direct prompting of LLMs often reveals
extreme response bias — a tendency to choose ex-
treme categories on an ordinal rating scale, leading
to overly extreme or highly confident judgments.
A related failure mode is extreme label bias, where
predictions disproportionately collapse toward the
most salient extreme classes rather than reflecting
the full graded structure of the rubric (Reif and
Schwartz, 2024; Wang et al., 2024). This behavior
exposes a deeper clinical reasoning gap: general-
purpose LL.Ms do not reliably apply the nuanced,
rule-bound distinctions required to separate highly
overlapping ordinal states.

To bridge this gap, recent advancements in chain-
of-thought prompting (Wei et al., 2022) and knowl-
edge distillation (Ho et al., 2023; Magister et al.,
2023) offer a pathway to teach models the requisite
intermediate clinical logic. Concurrently, Retrieval-
Augmented Generation (RAG; Lewis et al. 2020)
has proven effective at grounding models in com-
plex texts, often improving downstream reasoning
and classification performance (Shi et al., 2024).
By retrieving matching patterns directly from the
clinical handbook, models can bypass the need to
classify utterances in a vacuum. Our work synthe-
sizes these paradigms, demonstrating that LLMs
with task-specific supervision through distilled rea-

soning traces, combined with rubric-grounded re-
trieval, and chain-of-thought generation, provide a
robust solution to the complexities of clinical NLP.

3 Methodology

We frame defense mechanism classification as a
supervised sequence classification task over the
PsYDEFCoONV (Na et al., 2026b) dataset. Fol-
lowing the shared-task setup, each seeker utter-
ance is assigned one of nine task labels (0-8): the
seven DMRS maturity levels plus two auxiliary cat-
egories. We first establish traditional encoder-only
baseline, followed by a progression of seven LLM-
based systems designed to systematically address
the specific challenges of this clinical classification
task.

3.1 Approach 1: Encoder-Based BERT
Variants

To assess whether a simpler encoder-only architec-
ture could solve the task, we fine-tuned two BERT-
family models: the larger bert-large-uncased (De-
vlin et al., 2018), and mental-bert-base-uncased (Ji
et al., 2022), a smaller but domain-adapted vari-
ant pre-trained on mental health-related Reddit
posts. We represent the dialogue history as a
single sequence using explicit speaker-role mark-
ers ([SEEKER] and [SUPPORTER]), concatenate the
context and target utterance with the [SEP] token,
and apply left-side truncation to preserve the most
recent content when the input exceeds 512 tokens.
We split the training data into train and validation
subsets using a stratified 85/15 split to preserve the
label distribution, and optimize the models with
class-weighted cross-entropy to address class im-
balance. Both models are trained for 5 epochs with
a learning rate of 2 x 1075,

3.2 Approach 2: Direct Prompting with
Strong LLM

In this few-shot baseline, we provide the full
DMRS handbook (~12k tokens) and explicitly in-
clude three examples for each of the defense lev-
els. We instruct Gemini 3.1 Pro Preview (Tempera-
ture = 0.1) to predict the defense level by generat-
ing a structured, four-step chain-of-thought ratio-
nale (See Appendix A.): (i) Context Analysis (sit-
uating the utterance within the dialogue history);
(i1) Goal Identification (determining the commu-
nicative intent of the target utterance); (iii) DMRS
Alignment (mapping clues to the handbook crite-
ria); and (iv) Differential Analysis (ruling out adja-
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PHASE 1: KNOWLEDGE DISTILLATION & SFT
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Figure 1: Methodology Diagram of the Best Performing System (Approach 7).

cent levels). Despite the model’s one-million-token
context window, it produces a highly skewed pre-
diction distribution, concentrating near the ordinal
extremes, especially levels 0 (No Defenses) and 7
(High-Adaptive Defenses). We treat this extreme
response bias as a key failure mode of direct long-
context prompting, motivating the development of
the subsequent approaches.

3.3 Approach 3: SFT of Small LLM with
Knowledge Distillation

We introduce task supervision by fine-tuning
Ministral-8B-Instruct-2410 via a teacher-student
distillation paradigm. A teacher model (Gemini 3.1
Pro Preview) with access to the full DMRS hand-
book and ground-truth label generates structured
reasoning traces for each training example, follow-
ing the four-step rationale from Approach 2. We
then fine-tune the student model on these traces
using a balanced and trimmed training set. By dis-
tilling the rubric’s knowledge directly into the gen-
erated reasoning traces, the handbook and the few-
shot examples can be withheld at inference time,
eliminating the massive prompt overhead while
successfully preserving the required clinical logic.

3.4 Approach 4: SFT of Strong LLM

To evaluate the effect of model scale on task perfor-
mance, we apply the same knowledge distillation
framework from Approach 3 to Gemini 2.5 Flash, a
substantially larger model. The model is fine-tuned
via Google Vertex Al (LoRA rank = 16; 5 epochs;
learning_rate_multiplier=1) on the full train-
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ing set of the teacher-generated reasoning traces.
This experiment tests whether a stronger model
can better resolve the subtle distinctions within the
DMRS hierarchy than the 8B-parameter student
model used in Approach 3.

3.5 Approach 5: DMRS-Q Items Retrieval
with Weighted Voting

To address the needle-in-a-haystack problem of
locating relevant passages within a long clinical
rubric, we reframe the classification task as extrac-
tion. We observe that a foundation LLM, despite
poor ordinal classification performance, is a capa-
ble candidate extractor. We flatten the DMRS hi-
erarchy by removing all explicit ordinal identifiers,
including level numbers, hierarchy markers, and
level-specific groupings, and prompt Gemini 3.1
Pro Preview to perform generative retrieval with ex-
plicit justification, identifying the top-3 DMRS-Q
items most aligned with a target utterance within its
conversational context. This flattening technique
removes the ordinal target structure from the re-
trieval space, preventing the model from triggering
its extreme response bias during extraction. The
retrieved items are subsequently mapped back to
their parent levels (0-8), and a final prediction
is made via weighted voting. We evaluated two
heuristic voting schemes: a strict top-1-dominant
setting [0.7,0.3,0.1], and a more balanced alter-
native [0.45,0.35,0.20] that allows the combined
weight of the second and third retrievals to out-
weigh the first when they agree.



System  Description Accuracy Precision Recall Macro-F1
la bert-large-uncased Finetuning 45.6 21.1 20.6 20.2
1b mental-bert-base-uncased Finetuning 35.0 26.0 24.7 22.3
2 Direct Prompting (gemini-3.1-pro-preview) 38.3 37.6 14.9 20.5
3 SFT Small LLM (Ministral-8B-Instruct-2410) 42.6 25.3 284 25.3
4 SFT Strong LLM (gemini-2.5-flash) 52.1 33.0 23.7 26.5
Sa Retrieval + Voting [0.7, 0.3, 0.1] 64.8 35.0 37.3 34.5
5b Retrieval + Voting [0.45, 0.35, 0.20] 65.0 39.0 39.6 37.0
6 Retrieval + Pro Re-ranking 64.7 41.1 37.2 35.7
7 System 4 + Retrieval 67.4 42.6 40.9 39.6
8a System 7 + Pro Re-ranking (18 samples) 66.9 41.2 40.4 38.6
8b System 7 + Pro Re-ranking (131 samples) 66.9 42.0 37.0 35.9

Table 1: Performance of all evaluated systems corresponding to the approaches described in Section 3. All values

are percentages. Bold denotes the best result per column.

3.6 Approach 6: Retrieval + Stronger LLM
Re-ranking

Static voting cannot effectively resolve cases where
the top-3 retrieved items map to contradictory lev-
els, as it lacks any mechanism for reasoning over
conflicting evidence. We therefore propose a two-
stage pipeline in which the retriever from Ap-
proach 5 produces candidate levels, and Gemini
3.1 Pro Preview re-evaluates them with explicit
chain-of-thought reasoning. We passed only the
corresponding handbook sections rather than the
full rubric as system prompt. This narrows the
model’s attention to at most 3 candidate levels, di-
rectly mitigating the needle-in-a-haystack problem.

3.7 Approach 7: Supervision + Retrieval (Best
System)

Our best performing method synthesizes the
strengths of task-specific supervision (Approach 4)
and dynamic handbook grounding (Approach 5).

We prompt the fine-tuned Gemini 2.5 Flash clas-
sifier (from Approach 4) with the full conversa-
tional context, the target utterance, and the dy-
namically retrieved top-3 DMRS-Q items (from
Approach 5), as illustrated in Figure 1. The full
DMRS handbook is strictly withheld from the sys-
tem instruction to eliminate inference overhead and
avoid context dilution.

We designed this hybrid architecture to test
whether the model could leverage its internalized
SFT clinical reasoning while grounding its predic-
tion in the narrow, dynamic context of the retrieved
items.

3.8 Approach 8: Selective Re-ranking via
Stronger LLM

Building on our best-performing system (Ap-
proach 7), we test whether a stronger foundation
model can serve as an effective tie-breaker in cases

of severe retrieval contradiction. While the fine-
tuned Flash model excels generally, we hypothe-
sized that the superior reasoning capacity of Gem-
ini 3.1 Pro Preview could better resolve edge cases,
despite lacking task-specific fine-tuning. Predic-
tions from Approach 7 are retained when all top-3
retrievals agree (~75% of cases). When retrievals
conflict, the stronger Pro model is invoked to re-
solve the prediction using explicit chain-of-thought
reasoning over the handbook sections of the can-
didate levels. We evaluate this cascade under two
disagreement thresholds: cases where all three re-
trievals differ (18 samples), and cases where at least
two differ (131 samples).

4 Results

Table 1 reports Accuracy, Precision, Recall, and
macro-F1 for all systems on the PSYDEFCONV test
set (472 examples), with metrics computed over the
positive classes (1-8) only. The detailed class-wise
behavior of the best system (System 7) is shown in
Appendix Figure 2.

Encoder baselines are weak lexical benchmarks.
Although encoder-based models establish a founda-
tion, they lack the capacity to explicitly reason over
subtle cues and the complex DMRS rubric. No-
tably, the larger bert-large-uncased model un-
derperforms its smaller but domain-adapted coun-
terpart, mental-bert-base-uncased, suggesting
that domain adaptation is more beneficial than
model scale for this task.

Supervision is essential; scale is not a substi-
tute. The state-of-the-art LLM (System 2) com-
pletely fails despite accessing the full DMRS hand-
book within its large context window, achieving
performance comparable to BERT-based baselines
(System 1). The foundation model exhibits severe
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extreme response bias, collapsing into confident,
plausibly reasoned, yet clinically ungrounded pre-
dictions at the extreme ends of the scale (levels
0 and 7). This confirms that fine-grained ordinal
classification fundamentally requires task-specific
SFT.

Furthermore, comparing our supervised models
reveals the nuanced impact of model scale. Al-
though the substantially larger Gemini 2.5 Flash
(System 4) improves accuracy substantially over
the 8B-parameter student (System 3), its macro-
F1 gain is surprisingly modest. This suggests that
scale alone does not resolve the minority-class and
ordinal ambiguity challenges. Together, these re-
sults demonstrate that the clinical supervision sig-
nal is the true bottleneck; prompt engineering and
raw parameter scale alone cannot overcome the
clinical reasoning gap.

Retrieval is the single most impactful interven-
tion. Reframing the task as generative extraction
(System 5) is the most effective isolated interven-
tion, yielding a substantial performance leap with-
out any additional training. As hypothesized, re-
moving the ordinal identifiers from the prompt and
output spaces via rubric flattening successfully neu-
tralizes extreme response bias while mitigating the
needle-in-a-haystack problem for downstream in-
ference.

Interestingly, comparing the voting weight con-
figurations in Systems 5a and 5b reveals that down-
weighting the top-1 item improves overall perfor-
mance. This suggests that while the foundation
LLM is an excellent candidate extractor, its raw
initial ranking is not a sufficiently reliable proxy
for direct classification.

Supervision and retrieval are strongly comple-
mentary. Our best system (System 7) combines
dynamically retrieved DMRS-Q items with the fine-
tuned Gemini 2.5 Flash classifier, producing a sub-
stantial +13.1 macro-F1 improvement over using
SFT alone (System 4). Furthermore, we find that
the fine-tuned model demonstrates strong resilience
to retrieval noise!, successfully correcting predic-
tions even in cases where all three retrieved candi-
dates map to incorrect levels. This suggests that
retrieval and SFT capture robust, mutually rein-
forcing signals: retrieval surfaces localized DMRS
evidence to ground the prediction and narrow the
decision space, while SFT provides the clinical

'We provide a qualitative case study in Appendix B.

reasoning needed to interpret, weigh, and some-
times override that evidence under noisy retrieval
conditions.

General-purpose cascaded re-ranking amplifies
retrieval noise. Systems 6 and System 8§ expose
the strict limitations of relying on un-tuned foun-
dation models to evaluate retrieved candidates. Re-
placing static voting with LLM re-ranking (Sys-
tem 6) actively degrades performance relative to
heuristic voting (System 5). Because both systems
evaluate the exact same retrieved items, this demon-
strates that general-purpose reasoning lacks the
clinical logic necessary to accurately weigh can-
didate labels—proving the bottleneck is the rea-
soning process itself, not just upstream retrieval
accuracy. Furthermore, invoking this stronger foun-
dation model as a selective tie-breaker for contra-
dictory retrievals (System 8) underperforms our
SFT-driven hybrid approach (System 7). In both
cascade scenarios, the explicit clinical logic inter-
nalized by the fine-tuned model proves far more
reliable at resolving ambiguities and recovering
from retrieval noise. Ultimately, these results reiter-
ate that task-specific supervision is strictly superior
to raw parameter scale, even at the re-ranking stage.

5 Conclusion

Our results show that raw parameter scale alone
cannot overcome the clinical reasoning gap inher-
ent in foundation models for fine-grained ordinal
defense mechanism classification. Instead, task-
specific supervised fine-tuning and retrieval-based
grounding provide complementary signals that sub-
stantially improve performance. A key caveat is
that our best system (System 7) has train-inference
asymmetry: retrieval is injected only at inference
time, while the fine-tuned classifier is trained with-
out retrieved DMRS-Q items. This means the stu-
dent learns from reasoning traces alone and then
adapts to appended handbook evidence at test time,
which may limit its ability to fully exploit the re-
trieved context. A natural next step is retrieval-
augmented fine-tuning, where retrieved items are
included during training so the model can learn to
integrate them end-to-end. More broadly, future
work in clinical NLP should focus on improving up-
stream retrieval precision, refining knowledge dis-
tillation for supervision, and ultimately deepening
the synergy between targeted clinical supervision
and rubric-grounded retrieval.

113



Limitations

Our study has several limitations. First, our best
system exhibits train-inference asymmetry, since
retrieved DMRS-Q items are provided only at infer-
ence time and not during fine-tuning. We discuss
this as a major direction for retrieval-augmented
training. Second, our distillation as well as re-
trieval pipeline depends on proprietary models,
which introduces reproducibility concerns and non-
trivial API costs, limiting accessibility for resource-
constrained research groups. Third, due to compute
constraints, the Ministral-8B model in Approach 3
was trained for only 2 epochs on a trimmed, bal-
anced subset, and Gemini 2.5 Flash SFT was not
extended beyond 5 epochs despite still improving,
suggesting our results are a lower bound on what
supervised fine-tuning can achieve. Finally, our
retrieval step relies on a single generative model
without re-ranking diversity, making the pipeline
vulnerable to systematic retrieval errors that down-
stream models cannot always recover from.
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Appendix
A Prompt Listings

class ClinicalReasoning(BaseModel):

context_trigger: str = Field(
description="Description of the

stressor in the dialogue.”

)

psychological_goal: str = Field(
description="What the speaker is

trying to achieve/avoid."

)

handbook_alignment: str = Field(
description="Specific evidence

from the handbook that justifies the

label.”

)

differential_diagnosis: str = Field(
description="Why this isn't a

higher or lower-level defense.”

)

class DefensePrediction(BaseModel):
clinical_reasoning:
ClinicalReasoning
defense_level: int = Field(
description="The numeric defense
level (0-8).")
label: str = Field(description="The
specific name of the defense
mechanism used."”)

SYSTEM_INSTRUCTION = f"""

You are an expert clinical psychologist
and data annotator. Your task is to
analyze dialogues and classify the
psychological defense mechanism used

in the 'current_text_to_classify'
based on the Defense Mechanisms
Rating Scales (DMRS) hierarchy.

You must assign exactly one label from
the list below:
{LABEL_DESCRIPTIONS?}

Your classification must be grounded in
the DMRS hierarchy given below. This
following comprehensive HANDBOOK
serves as your core classifying
guideline:

{HANDBOOK_TEXT }

Here are some examples of how to reason
through the task:
{FEW_SHOT_EXAMPLES?}

CORE INSTRUCTIONS:

1. Primacy of Context: Always read the
preceding dialogue to understand
what triggered the '
current_text_to_classify'.

2. Function-Oriented: Ask yourself,
What psychological goal is the
speaker trying to achieve?”

3. Handbook Grounded: Match the behavior

to the specific criteria in the
DMRS Handbook. Reason through why
specific criteria are met.

"

4. You must maintain hierarchical
integrity explicitly reason
through why the classification does
not drift into higher (more adaptive
) or lower (more pathological)
levels by verifying that all
exclusionary criteria for the
selected level are met.

5. Distinguish Emotion from Defense:
Saying "I am sad"” is Level 0. A
defense requires distortion,
avoidance, or transformation.

6. Always pick the single most accurate
label (0 8 ) from the LABEL
REFERENCE above.

7. Output strict JSON matching the
requested schema.

nonn

Listing 1: Base System Prompt primarily utilized
in Approach 2. Subsequent approaches adapt this
template by entirely withholding the handbook and few-
shot examples during inference for supervised models,
substituting the handbook with dynamically retrieved
top-3 DMRS-Q items, or isolating specific candidate
sections of the handbook for re-ranking.

class ClinicalReasoning (BaseModel):
context_trigger: str = Field(
description="Description of the
stressor in the dialogue.”
)
psychological_goal: str = Field(
description="What the speaker is
trying to achieve/avoid."”
)
handbook_alignment: str = Field(
description="Specific evidence
from the handbook that justifies the
defense level (0-8)."
)
differential_diagnosis: str = Field(
description="Why this isn't a
higher or lower-level defense.”

)

SYSTEM_INSTRUCTION = f"""

You are an expert clinical psychologist
and data annotator. Your task is to
analyze dialogues and generate the
exact clinical reasoning (thought
trace) that perfectly justifies the
PROVIDED psychological defense
mechanism level for the '
current_text_to_classify', based on
the Defense Mechanisms Rating Scales

(DMRS) hierarchy.

The correct true label level will be
given to you in the prompt. You must
explain *why* it is the correct
level.
{LABEL_DESCRIPTIONS}

Your classification reasoning must be
grounded in the DMRS hierarchy given
below. This following comprehensive
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HANDBOOK serves as your core
classifying guideline:
{HANDBOOK_TEXT }

CORE INSTRUCTIONS:

1. Primacy of Context: Always read the
preceding dialogue to understand
what triggered the '
current_text_to_classify'.

2. Function-Oriented: Ask yourself,
What psychological goal is the
speaker trying to achieve or avoid?”

3. Handbook Grounded: Match the behavior

to the specific criteria in the
DMRS Handbook. Reason through why
specific criteria are met pointing
towards the provided correct label.

4. Hierarchical Integrity: You must
maintain hierarchical integrity
explicitly reason through why the
classification does not drift into
higher or lower levels by verifying
that all exclusionary criteria for
the selected level are met.

5. Emulate the Correct Path (CRITICAL):
Provide the thought process as if
you independently arrived at the
provided correct label.

6. Output strict JSON matching the
requested schema, ensuring your
output 'defense_level' matches the
provided correct level.

"

nnn

Listing 2: System Prompt for the Reasoning Trace
Generation by the Teacher Model.

SYSTEM_INSTRUCTION = f"""
You are an expert clinical psychologist
and data annotator.

Below is the Psychological Defense
Mechanism Coding Handbook:
{FLATTEN_HANDBOOK_TEXT}

YOUR TASK:

You will be provided with a dialogue and
a 'current_text_to_classify'.

You must SCAN THROUGH THE HANDBOOK and
pick out the MOST MATCHING 3 DMRS-Q
items for the given text.

CRITICAL INSTRUCTIONS:

1. FOCUS EXPLICITLY ON THE DMRS-Q ITEMS.
Compare the dialogue's scenario
against the specific behaviors
described in the DMRS-Q items.

2. Identify the corresponding defense
mechanism (such as 'Splitting', '
Acting Out', 'Humor', 'Repression').

3. Base your selections strictly on the
Definitions, Given Scenarios,
Examples, and Distinctions provided
in the handbook.

4. Provide exactly 3 matches. If one
defense is blatantly obvious,
provide the top 3 DMRS-Q items that
best capture the nuances of the
interaction.

nonn

class DMRSItemMatch (BaseModel):
dmrs_q_item: str = Field(
description="The exact DMRS-Q
Item number and text from the
handbook (e.g., '"ITEM 45: At times
when expressing...')."
)
match_justification: str = Field(
description="Detailed
explanation of why this specific
DMRS-Q item matches the conversation
based on the handbook's definition,
scenario, examples, and
distinctions.”

sublevel _name: str = Field(

description="The specific
defense mechanism name from the
handbook (e.g., 'Passive Aggression
', 'Rationalization', 'Devaluation'
etc.). Do NOT use the 0-8 level
numbers."

)

class ExtractionResult (BaseModel):
top_3_matches: list[DMRSItemMatch] =
Field(
description="Exactly 3 most
matching DMRS-Q items and their
details.”

)

Listing 3: System Prompt for DMRS-Q Items Retrieval.

B Qualitative Case Study: SFT as a
Retrieval Error-Correction Mechanism

To examine why supervised fine-tuning combined
with retrieval (System 7) improves performance
beyond direct prompting with a large foundation
model (System 2), retrieval-based weighted voting
(System 5), and retrieval-based re-ranking with an
unsupervised LLM (System 6), we analyze a repre-
sentative test case in which all three non-supervised
prediction approaches described above fail, while
the supervised model correctly predicts the gold
label.

This analysis is especially important because
the training dataset is highly imbalanced. Table 2
shows the label distribution in the dataset. Within
the seven DMRS maturity-level classes, Level 5 is
the smallest class, with only 48 examples. There-
fore, correct prediction of a Level 5 case by the
supervised model is meaningful: the model is not
simply following the majority-class tendency,
but is able to identify a minority mid-level de-
fense that all the other systems miss.
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Label Count
0 296
1 108
2 61
3 99
4 84
5 48
6 172
7 968
8 28

Table 2: Label distribution of the training set. The
distribution is highly imbalanced, with Level 7 being
the dominant class and Level 5 being the smallest class
among the seven DMRS maturity-level labels.

System Predicted level Correct?
Gold 5 -
System 2 0 No
System 5 7 No
System 6 7 No
System 7 5 Yes

Table 3: Prediction outcomes for test_00377, a Level 5
minority-class case where Systems 2, 5, and 6 fail, while
System 7 recovers the correct label.

In test sample test_00377, where the true gold
label is Level 5, the un-tuned foundation model
(System 2, Gemini 3.1 Pro Preview) misinterprets
the clinical nuance as a neutral conversational re-
sponse and predicts Level 0, a textbook illustration
of the severe extreme response bias that plagues
direct prompting strategies on ordinal scales. For
the retrieval-only framework (System 5), the top-3
retrieved DMRS-Q items map to levels 7, 7, and
5 respectively, causing the static heuristic voting
scheme to collapse toward the incorrect majority,
outputting Level 7. Even when advanced general-
purpose reasoning is applied via LLM re-ranking
(System 6), the un-tuned foundation model fails to
resolve the conflicting evidence and yields Level 7
with plausible but ungrounded reasoning. In sharp
contrast, our best hybrid architecture (System 7)
successfully demonstrates its resilience to upstream
retrieval noise. By harmonizing its internalized su-
pervised reasoning with dynamic handbook ground-
ing, it successfully corrects the misleading retrieval
weights to accurately predict the gold Level 5 label.

Specifically, the supervised model recognizes
that the target utterance immediately succeeds an
unresolved, emotionally charged dialogue regard-
ing abandonment, interpersonal loss, and financial
insecurity. Rather than misinterpreting this context
as a neutral conversational shift, the model utilizes
its internalized clinical logic to identify a Level
5 defensive strategy (Displacement), wherein the

speaker defuses acute emotional distress by piv-
oting to a safer, tangential topic. Crucially, the
model’s differential diagnosis proves that it un-
derstands why the top-retrieved Level 7 items are
incorrect: it explicitly recognizes the speaker is
merely sharing a casual anecdote, not actively ap-
plying collaborative advice (Affiliation) or utilizing
an established coping mechanism (Sublimation).

Importantly, while the correct DMRS-Q item
is surfaced during the initial retrieval phase, its
position as the third-ranked candidate causes it
to be overridden by conflicting evidence within
both the heuristic voting (System 5) and un-tuned
re-ranking (System 6) pipelines. This diagnostic
outcome strongly substantiates our central finding:
although retrieval-augmented frameworks ex-
cel at capturing relevant rubric clauses, task-
specific supervised reasoning remains indispens-
able for reliably interpreting and weighing that
evidence when candidate items are noisy or
highly competitive.

The complete dialogue transcript for the test in-
stance test_00377 along with the corresponding
reasoning trace outputs for Systems 2, 5, 6, and 7
are presented below. To maximize readability, su-
perficial formatting artifacts, such as escaped new-
line characters and markdown emphasis markers,
have been removed, while the verbatim wording of
the model generations has been strictly preserved.

B.1 Full Conversation and Target Utterance

=== test_00377 ===

Supporter: Hello how are you?

Seeker: hello im looking for someone to talk to
im fine how are you

Supporter: I'm doing ok I'm glad you are good. Is
it snowing by you? Merry Christmas!

Seeker: thats great and no its not snowing its
very cold thow merry christmas to you also
Supporter: How can I help you today?

Seeker: im having some issues with friends not
actually being friends

Supporter: I hear you are having trouble figuring
out which friends are really your friends and
which ones aren't. Is that about right?

Seeker: yes

Supporter: I understand that... Did something
happen that makes you feel like that?

Seeker: yes their is no communication or
interaction between me and them nobody answers
phone calls txt messages etc

Supporter: Is this a significant other?

Seeker: no friends

Supporter: Are they ignoring you?

Seeker: when we where younger we all hung out all
the time now that we are older its like they talk
with each other im not sure if i did anything or
not
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Supporter: Are you sure they are okay? Or not
away with family for the holidays?

Seeker: it doesnt matter they still keep open
communication with each other

Supporter: That's no good what do you think the
problem is?

Seeker: I believe its because I am the friend
that has financial trouble and normally needs to
borrow money

Supporter: Do you owe someone already?

Seeker: no anything i owe i always pay back
perhaps they are tired of being asked

Supporter: That can get in the way of a
friendship sometimes, but I try not to get ahead
of myself and jump the gun. They may have lost a
phone or something may have come up... That very
well could be... Are you working?

Seeker: no im not currently I also think
sometimes to myself that they don't answer
because they think I'm asking for money
Supporter: I see, Have you tried for
unemployment?

Seeker: yes i dont qualify

Supporter: I understand that. What if that is the
case? You may need to talk to them and let them
know how you feel about that. How long has this
been going on?

Seeker: I'm nervous about asking them why and it
happens on and off like when they feel lie it i
guess i will say maybe 4 months

Supporter: I understand that, but if you want to
get to a point that you feel better about it then
you will have to speak to them.

Seeker: yes i know i hope everything be
immediately resolved and not lead into other
problems and end of friendshps

Supporter: Do you see them everyday? I understand
that, are you able to go over there.

Seeker: no i dont live in the same city anymore
when i go out of town i can visit but with
covidl9 rules

Supporter: Well I can see that you have put the
effort in to try and keep the relationship so it
sounds like the ball is in their court if they
want to do the same.

Seeker: yes

Supporter: Well that is about all that can be
done and wait for them to come around...Do you
have any hobbies?

Seeker: yes i like to read and play music
Supporter: I like to go on runs every morning. It
helps to clear my mind and makes it easier to
brush things off when they bother me. What
instrument do you play?

Seeker: my sister goes on runs in the morning
time and says it relax her for the day i think i
migh i played the piano when i was in highschool

Target Utterance: my sister goes on runs in the
morning time and says it relax her for the day i
think i migh i played the piano when i was in
highschool

B.2 System 2 Direct Prompting Reasoning
Trace

{

"clinical_reasoning”: {

"context_trigger"”: "The Supporter shifted the
conversation from the Seeker's primary
stressor (distant friends) to potential
coping mechanisms, specifically mentioning
running and asking what instrument the Seeker
plays.”,
"psychological_goal”: "The Seeker aims to
maintain the conversational flow by
answering the Supporter's direct question
about the instrument and acknowledging their
comment about running.”,
"handbook_alignment”: "This utterance is a
factual and functional response to the
Supporter's prompt. According to the
handbook, utterances that serve a purely
conversational or social function and do not
engage with emotional conflict or
psychological content are classified as Level
0. Furthermore, reporting factual details of
an event or engaging in social small talk on
neutral topics are explicitly listed as
situations that are typically not defenses.”,
"differential_diagnosis”: "This is not a
highly adaptive defense like Sublimation
because the Seeker is merely recalling a past
hobby (playing piano in high school) and
considering running, rather than actively
channeling their current emotional distress
into a creative or athletic pursuit. It does
not qualify as any lower-level defense
because there is no evidence that a difficult
emotion or internal conflict is being
avoided, distorted, or transformed.”

}!

"defense_level”: 0,

"label”: "No Defense / Neutral Utterance”

}

B.3 System 5 Retrieval Trace

{
"dmrs_qg_item”: "ITEM 44: When the subject
describes seeking help from others, there is
a sense of having learned something from the
interchange.”,
"match_justification”: "The Seeker is
actively engaging with the Supporter's
shared experience about running to clear the
mind. By stating 'i think i migh' (meaning
they might start running), the Seeker
demonstrates that they are taking away a
potential new coping strategy and learning
from the supportive interchange.”,
"sublevel_name”: "Affiliation”,
"defense_level”: 7

"dmrs_qg_item”: "ITEM 97: Following
experiences of emotional distress or
conflict, the subject engages in sports or
other physical activities which are an
invigorating outlet for any lingering
frustrations."”,

"match_justification”: "In the context of
feeling distressed and anxious about their
friendships, the Seeker considers taking up
running after hearing that it helps relax the
mind and brush things off. This shows an
inclination toward using physical activity
as a healthy, sublimatory outlet for their
current emotional frustrations.”,
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"sublevel_name”: "Sublimation”,
"defense_level”: 7

"dmrs_g_item"”: "ITEM 69: When confronting
emotionally charged topics, the subject
tends not to address concerns directly and
fully but wanders off to tangentially related
topics that are emotionally easier for the
subject to discuss or prefers to pay
attention to someone else dealing with a
similar situation. This can include
preferring to read or watch a film portraying
people dealing with similar problems."”,
"match_justification”: "The conversation has
shifted from the highly distressing topic of
the Seeker's failing friendships and
financial insecurities to the safe, neutral
topic of hobbies (running, playing the
piano). The Seeker readily participates in
this shift, focusing on these easier,
tangential subjects rather than dwelling on
the immediate emotional conflict.”,
"sublevel_name”: "Displacement”,
"defense_level”: 5

B.4 System 6 Foundation LLM Re-ranking
Trace

1. Context:

The Seeker has been discussing their distress
over failing friendships and financial
insecurities. The Supporter, recognizing that
there is little more to be done about the friends
at this moment, shifts the topic to hobbies as a
way to cope. The Supporter mentions that they go
on runs to clear their mind and asks what
instrument the Seeker plays.

2. Function:

The Seeker responds to both parts of the
Supporter's message. They validate the
Supporter's coping strategy by mentioning their
sister's similar experience with running,

express an openness to trying it themselves ("i
think i migh”), and answer the direct question
about the instrument they play. The psychological
function here is engaging with the support
offered and considering a new coping mechanism.

3. Evaluation:

- Displacement (Level 5): Displacement involves
the subject unconsciously shifting the focus from
a distressing topic to a safer, tangential one to
avoid emotional discomfort. However, in this
dialogue, the Supporter initiated the topic shift
to hobbies. The Seeker is simply following the
conversational lead and answering direct
questions. Therefore, the Seeker is not actively
using displacement.

- Sublimation (Level 7): Sublimation involves
actively channeling distressing feelings into a
socially acceptable, creative, or physical
outlet. While running and playing the piano are
classic examples of sublimatory activities, the
Seeker is only considering running in the future
("i think i migh"”) and played the piano in the
past ("when i was in highschool”). Because they
are not currently engaging in the activity to
process their immediate distress, Sublimation is
not the best fit.

- Affiliation (Level 7): Affiliation involves
turning to others for support and collaboratively
finding solutions or enhancing coping skills. By
listening to the Supporter's personal experience
with running, validating it, and stating "i think
i migh” [try it], the Seeker demonstrates that
they are actively learning from the supportive
interchange. They are taking away a tangible,
adaptive coping strategy from the conversation,
which perfectly aligns with the criteria for
Affiliation (specifically ITEM 44: "there is a
sense of having learned something from the
interchange”).

4. Verdict:

The Seeker is utilizing the supportive
relationship to adopt a new, healthy coping
strategy, making Affiliation the most accurate
defense mechanism.

Final Selected Defense Level
7

B.5 System 7 Supervised Reasoning Trace

Context Trigger: The Supporter has just concluded
the discussion about the Seeker's distressing
friendship issues, suggesting that the Seeker has
done all they can and the ball is in the friends'
court. The Supporter then asks about the Seeker's
hobbies.

Psychological Goal: To avoid the lingering
emotional pain, anxiety, and helplessness
associated with the unresolved friendship
conflict by readily shifting the conversational
focus to a neutral, safe, and positive topic.

Handbook Alignment: The utterance aligns with
Displacement (Level 5). The DMRS handbook defines
Displacement as keeping unacceptable motives out
of awareness, where feelings surface indirectly.
Specifically, ITEM 69 states: 'When confronting
emotionally charged topics, the subject tends not
to address concerns directly and fully but
wanders off to tangentially related topics that
are emotionally easier for the subject to
discuss...' The Seeker was just discussing a
highly emotionally charged topic (feeling
ignored and abandoned by friends due to financial
issues). The Supporter then shifts the topic to
hobbies. The Seeker readily engages in this new,
emotionally easier topic, talking about their
sister's running and their past piano playing,
thereby displacing the focus from the distressing
conflict to a safe, tangential subject.
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Differential Diagnosis: This is not a Level 0
(Neutral Utterance) because, in the immediate
context of a highly distressing and unresolved
emotional conflict, the abrupt and enthusiastic
shift to a completely unrelated topic serves a
defensive function to escape the pain. It is not
Level 7 (Affiliation or Sublimation) because the
Seeker is not actively using the Supporter's
advice to collaboratively solve the friendship
problem (Affiliation), nor are they describing an
active, established coping mechanism to channel
their frustration (Sublimation); they are merely
agreeing with the Supporter's hobby and sharing a
casual, unrelated anecdote. It is not Level 6
(Isolation of Affect) because the Seeker is not
discussing the distressing event in a detached
manner; they have completely changed the subject
to avoid the event altogether.

Defense Level: 5
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Confusion Matrix (Classes 0-8)
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Figure 2: Confusion Matrix of the best performing system (Approach 7). The system demonstrates high accuracy
on the most frequent classes, though it exhibits a slight prediction bias towards Level 7 when evaluating ambiguous
mid-level defenses.
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Abstract

Detecting psychological defense mechanisms
in conversational text remains a challenging
clinical NLP problem. For the PsyDefDe-
tect 2026 shared task (9-class utterance clas-
sification evaluated via macro F1), our team
LingulUTics' achieves a macro Fl-score of
0.3917 on the official positive-class leader-
board, ranking 4th out of 21 registered teams
and improving over the Ministral-8B task base-
line (31.48 macro F1) by +7.7 absolute points
(+24.4% relative). BERT-family encoders and
zero-shot LLMs proved ineffective on rare
classes due to severe class imbalance, lead-
ing us to QLoRA fine-tuning of Qwen3-8B.
We leverage three key strategies: grouped
stratified cross-validation (preventing leakage),
minority-class round-robin lexical augmenta-
tion, and a post-processing pipeline with logit
bias tuning and ensemble blending. Together,
these components close much of the valida-
tion—leaderboard gap and substantially improve
minority-class recall, driving the critical “Un-
clear” class (Level 8) from near-zero perfor-
mance to F1=0.797.

1 Introduction

Automatic detection of psychological defense
mechanisms (unconscious strategies to mitigate
distress under the DMRS framework (Perry and
Henry, 2004)) helps mental health platforms flag
maladaptive coping and improves empathetic con-
versational agents (Liu et al., 2021; Na et al., 2025).
The PsyDefDetect 2026 shared task (Na et al.,
2026a,b) challenges participating systems to clas-
sify seeker utterances into nine DMRS levels. This
poses a major obstacle, that is extreme class im-
balance (He and Garcia, 2009), with the frequency
gap between majority ("High-Adaptive", 51.9%)
to minority ("Unclear ",1.5% ) classes at about
34.6 times respectively. Because evaluation uses

!Code and resources are available at https://github.
com/Shefwef/LingIUTics-PsyDefDetect-BIONLP26

macro-averaged F1, optimizing on accuracy leads
to majority-class collapse and task failure.

To address this, we followed up with an iter-
ative development process. Standard single-fold
PEFT (parameter-efficient fine-tuning) on Qwen3-
8B (Yang et al., 2025) suffered a massive gen-
eralization gap (0.34 validation vs. 0.24 leader-
board F1) due to limited low-rank capacity and
majority-class overfitting. By systematically up-
grading model capacity, loss functions, and infer-
ence, we established a robust pipeline. Our key
contributions are:

1. A leakage-safe cross-validation scheme at the
level of groups, where synthetic augmenta-
tions are in a set with their source utterances.
This leads to an order of magnitude smaller
generalization gap between out-of-fold and
leaderboard batches.

2. An oversampling method that preserves the
original psychological signal(Wei and Zou,
2019). This is achieved by expanding specific
minority classes by 3 times in a round-robin
lexical mutation approach.

3. A post-processing pipeline that combines
OOF based logit bias tuning, that is guarded
using v2 decoding, and multi-seed probability
blending.

2 Task and Dataset

The PsyDefDetect 2026 task (Na et al., 2026a) clas-
sifies seeker utterances into nine psychological de-
fense levels, as defined by the DMRS framework
(Perry and Henry, 2004), and evaluated by macro
averaged F1-score. The PsyDefConv dataset (Na
et al., 2026b) contains 2,336 utterances across 200
dialogues from ESConv (Liu et al., 2021). For 5-
fold CV, we merged train and validation sets (1,864
training examples and 472 test). It exhibits very
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high class imbalance with a 34.6 times frequency
gap (Table 1).

L Defense Mechanism N %
0  No Defense / Neutral 296 159
1  Action Defenses 108 5.8
2 Major Image-Distorting 61 33
3 Disavowal 99 53
4 Minor Image-Distorting 84 4.5
5  Neurotic 48 2.6
6  Obsessional 172 9.2
7 High-Adaptive 968 51.9
8  Unclear / Needs More Info 28 1.5

Combined Train 1,864 100.0

Table 1: PsyDefConv combined training class distri-
bution (Train + Val splits). Level 7 vs. Level 8 ratio:
34.6x.

3 Implementation Process

Our development went through three iterative
stages, each revealing a fundamental limitation
that directly inspired the next architectural tran-
sition. Table 10 follows the complete leaderboard
path from RO (F1 =0.240) to our final submission
(F1=0.392). The detailed system run log is pro-
vided in Table 2.

System / Variant OOFF1 LBF1
RO: MentalBERT N/A 0.240
R1: MentalBERT+RoBERTa ensemble N/A 0.240
R2: MentalRoBERTa Focal + EMD 0.314 N/A

R3: DeBERTa-v3-base 5-fold 0.307 0.236
R4: RoBERTa-base N/A 0.269
RS: Qwen3-8B 1-fold =64 baseline 0.345 0.249
R6: Qwen3-8B 5-fold r=128 + weighted CE 0.361 0.329
R7: Qwen3-8B v2 0.372 0.355
R8: Qwen3-8B v2 microplus 0.372 0.354
R9: Qwen3-8B seed A only + v2 decode 0.431 N/A

R10: Qwen3-8B old + seed A blend + v2 decode 0.437 0.392

Table 2: Complete system run log. LB = CodaBench
leaderboard.

3.1 Stage 1: BERT-Family Encoder Baselines

We evaluated MentalBERT, MentalRoBERTa,
DeBERTa-v3-base, and RoBERTa-base (Devlin
et al., 2019; Ji et al., 2022; He et al., 2021; Liu
et al., 2019) for multiple context windows, loss
functions (cross-entropy, Focal (Lin et al., 2017),
EMD), and ensemble strategies (full scores in Ap-
pendix E, Table 10). Best validation macro F1 was
0.314 (MentalRoBERTa + Focal/EMD + Hungar-
ian remapping), with leaderboard peak at 0.240.
Importantly, F1 for Classes 3, 5 and 8 was still
zero across all variants, establishing an encoder

capacity ceiling with a 51.8% majority-class prior
using n <50 minority examples. From the general
formula:

Lroca = —(1 — pt) " log py (H
where p; is the probability of predicting the cor-
rect class, logarithmically compensated by strength
constant .

3.2 Stage 2: Zero-Shot Evaluation

Qwen3-8B, Llama 3.1-8B, and Ministral-8B evalu-
ated zero-shot with explicit DMRS label definitions
produced 8-16% macro F1 (Table 10), confirming
that task knowledge cannot be prompt-engineered.

3.3 Stage 3: Diagnostic LLM Fine-Tuning

Ministral-8B fine-tuned with 4-bit NF4 quantiza-
tion achieved 64.71% accuracy but only 14.74
macro F1 (Table 10). This illustrates that standard
cross-entropy collapses to majority-class prediction
under severe imbalance. Furthermore, the accuracy
is an actively misleading metric in this setting.

3.4 Stage 4: Final System (Qwen3-8B LoRA
Pipeline)

As such, with the three lessons above guiding
us, our final pipeline consists of five components:
model architecture, imbalance-aware training ob-
jective, data augmentation, leakage-safe cross-
validation and a post-processing ensemble, each
targeting a specific failure mode identified in the
earlier stages.

3.4.1 Model Architecture

We fine-tune Qwen3-8B via QLoRA (Dettmers
et al., 2023) with 4-bit NF4 quantization, reducing
peak GPU memory from ~32GB to ~8GB on a
single NVIDIA RTX 3090 Ti. LoRA adapters (Hu
et al., 2021) target all attention and feed-forward
layers (q, k, v, o, gate, up, down) and the score
head (r = 128, a = 256, dropout=0.1), yielding
~31M trainable parameters (0.4% of the 8B base).
Increasing rank from r =64 to r =128 delivered a
+24.9% fold-level F1 gain, critical for separating
psychologically similar classes (e.g., Level 4 vs.
Level 5). Full training hyperparameters for this
configuration are summarised in Table 8 in Ap-
pendix B.

3.4.2 Input Representation

Each prompt has three parts: (1) the DMRS La-
bel Guide with 9-class clinical schema; (2) Con-
versational Context of the last 30 dialogue turns
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Phase 2: Model training (per fold)

Stratified 5-Fold CV
(Grouped by source)

Phase 1: Data Preparation & Augmentation

{ J

Raw Traininig Data
1864 utterances

Identify Minority Classes {2,3,4,5,8} F1 F4

T

e

Round-Robin Mutation
Mode 0/1/2 (k=3)

™ Qwen3-8B
V- 4-bit NF4 - QLoRA

Training objective
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(synthetic: true)

v
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& Optimizer

Per-Fold Evaluation

(Saved best checkpoint by Macro
F1)

2,600+ utterances

y

v

Phase 3: Post-processing & ensemble

OOF Logits Test inference
(1864 real training samples) F=71 (472 samples x5 folds)
Run 1: Anchor Fold-Average Probabilities
(Average softmax across 5 folds)
= - No bias search here
OOF Logits Bias Search
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Finds &_c for each class)

Only done once, or Run 1
(

Probability Blend
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Run 2: Seed-A

V2 Decoding Applied to Blended Probabilities

&_c bias vector (from Run1 OOF search) + tau7 gate+ reroute bonus

v

Final Labels Submission

Figure 1: Full system pipeline. Phase 1: raw training data is preprocessed and minority classes (Levels 2, 3, 4,
5, 8) are oversampled via round-robin lexical mutation, creating an expanded training set of 2,600+ utterances.
Phase 2: two independent grouped stratified 5-fold QLoRA fine-tuning runs of Qwen3-8B the Anchor (seed =42)
and Seed-A (seed =20260407) sharing identical architecture and hyperparameters, with dialogues grouped across
folds to prevent data leakage. Phase 3: a class-specific logit bias vector (d..) is optimised on Anchor OOF predictions
and locked for reuse; test probabilities from both runs are blended before a final guarded decode step that maximises
minority-class recall without sacrificing majority-class precision.

prefixed by SEEKER:/HELPER: tags and (3) an Out-
put Instruction directing the model to emit a single
integer (0-8). Inputs are tokenised to 1,024 tokens
with dynamic padding to multiples of 8, covering
>95% of samples without truncation.

3.4.3 Imbalance-Aware Training Objective

This dataset is, to a large extent, imbalanced to-
wards Level 7. To mitigate the problem of majority-
class collapse, we apply two stabilization tech-
niques.

Inverse-Square-Root Class Weighting. Per-
class weights

_ yym )
We = 5% 5] 2)

boost the most under-represented classes (e.g.,
wg =1.67, ws =1.29) while dampening the major-
ity class (wy =0.28), instead of inverse-frequency
weighting that can lead to gradient instabilities.

Label Smoothing & Optimization Schedule.
By using label smoothing (Szegedy et al., 2016)
(e 0.05), we avoid early logit saturation for
Level 7. This prevents gradients from being dom-
inated by the majority class and allows minority-
class signals to contribute more effectively during
back-propagation. We employ AdamW with a peak
learning rate of 1.2 x 10™%, cosine annealing (8%
warmup), 10 epochs per fold, batch size 16 (2x 8

accumulation), and gradient clipping at 0.3 (see
Appendix B).

3.4.4 Data Augmentation

For the rarest classes (Levels 2, 3, 4, 5, and 8),
there are between 28 and 84 training examples.
This is not enough for an 8B capacity model to
learn sufficiently reliable decision boundaries. In
order to fix this, we perform round-robin lexical
mutation to generate k = 3 synthetic variants per
source utterance in these classes, cycling through
three surface-level rewriting modes:

* Mode 0: Contraction replacement (e.g., [ am
— I’'m) plus a hedging prefix (Honestly, ... ).

* Mode 1: Vocabulary style-shift (e.g., maybe
— perhaps) plus a trailing filler (... I guess.).

* Mode 2: Hesitation markers (e.g., periods —
ellipses; ? — ?7?).

Mutations target only the seeker utterance to pre-
serve the psychological signal; after deduplication,
minority class counts increased from 28—84 to 65—
252 examples (see Appendix C). This targeted
minority-class oversampling strategy is consistent
with prior findings that augmenting only underrep-
resented classes yields more effective and stable
performance improvements than augmenting all
classes equally (Sani et al., 2026).

125



3.4.5 Grouped Five-Fold Cross-Validation

Random splitting risks leakage across the 200
source dialogues, making dialogue-level isola-
tion essential. We therefore apply grouped strati-
fied cross-validation (grouped CV, implemented
as StratifiedGroupKFold with k& = 5) using
dialogue_id as the grouping key:

e Zero Leakage Guarantee (0 leaked dia-
logues confirmed): All utterances and their
synthetic variants are kept entirely within one
fold.

* Reliable Validation Signal (OOF leader-
board gap reduced from 9.6 to 1.7-4.5 points):
Strong rank-correlation between OOF and
leaderboard gains enables safe threshold tun-
ing.

* Ensemble Foundation (5 checkpoints per
seed): Five-fold training yields pure OOF pre-
dictions for post-processing calibration and
reduces inference variance.

Reliable validation behaviour across folds is shown
in the per-fold OOF metrics in Table 3.

Fold Acc. Mac.F1 Mac.P Mac. R
1 0.6193  0.3804 0.3836  0.3925
2 0.6247 0.3701 0.3902 0.3617
3 0.6408  0.3899 0.4276  0.4000
4 0.6300  0.3553 0.3753  0.3514
5 0.5968  0.3326 0.3396  0.3298
OOF 0.6223  0.3716 0.3817  0.3675

Table 3: Per-fold CV results (grouped-clean augmented
run, before seed blending).

3.4.6 Post-Processing and Ensemble Strategy

Despite class-weighted training, raw probabilities
remain heavily biased towards the majority class
(Level 7). To rectify this and recover rare classes
without compromising precision, we implement a
three-stage post-training pipeline (v2decode).

Stage A: OOF Bias Optimization. Using logit
adjustment for long-tail learning (Menon et al.,
2021), we search for class-specific probability off-
sets (0.) that maximize the OOF macro F1 score:

7 = arg max [log Pe + 50] 3)

We evaluate approximately 22,000 randomly sam-
pled bias vectors on OOF predictions to identify a
configuration that balances majority precision with
minority recall. The best locked vector applies a

negative penalty to Level 7 (§7 < 0) and substantial
positive bonuses to minority classes like Level 8
(68 > 0).

Stage B: Multi-Seed Blending. We run a second
identical 5-fold training pipeline, denoted Seed-A,
using a different random seed (seed = 20260407)
and the same architecture and hyperparameters. We
combine the test-set probabilities of the original
Anchor and Seed-A using a 30/70 weighted aver-
age:

Dolend = 0.30 * Panchor + 0.70 - Psecaa 4)

The ratio was tuned using real-only OOF F1, com-
bining the Anchor’s high precision with Seed-A’s
strong minority recall.

Stage C: The 7, -Gate Decoding. A confidence
safeguard is applied from the locked . bias vector
onto Pylend tO prevent precision collapse:

» 77-Protection Gate: The prediction is locked
to Level 7 and J. offsets are not applied if
DPblend,7 > 0.69.

* Minority Rerouting: If ppeng7 < 0.69,
0. offsets are applied, rerouting ambiguous
samples into the highest-probability minority
class.

So, minority labels are aggressively recovered
when the model is uncertain. This increases the
minority recall without affecting the precision.

4 Experiments and Results

4.1 Cross-Paradigm Comparison

BERT-family encoders struggled to break above
0.314 macro F1 due to capacity limits, across
three paradigms (Table 10 in Appendix E). Both
zero-shot LLMs and standard LLM fine-tuning
collapsed to majority-class predictions (near 15%
F1). In contrast, our imbalance-aware Qwen3-8B
pipeline resolved these issues, reaching 39.17%
macro F1.

4.2 Comparison with SOTA Baselines

Table 4 compares the results of our systems against
the task baselines (Na et al., 2026a,b). Our final
pipeline surpassed the stated SOTA, Ministral-8B
fine-tuned baseline (31.48 macro F1) +7.7 abso-
lute points, corresponding to a +24.4% relative
improvement in macro F1.
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System Acc. (%) Macro F1 (%)

GPT-5 zero-shot (task paper) 52.75 19.53
Gemini 2.5 Pro zero-shot 56.36 25.99
DeepSeek-V3.2 zero-shot (CoT) 55.72 26.17
Llama 3.1-8B fine-tuned 62.92 30.51
InternLM3-8B fine-tuned 63.98 30.53
Ministral-8B fine-tuned (SOTA) 64.83 31.48
DeBERTa-v3-base (5-fold) 59.11 23.58
RoBERTa-base 51.27 26.97
Qwen3-8B LoRA (Baseline Finetuned) 54.45 2491
Qwen3-8B LoRA (Grouped CV + Bias Tuning) 58.43 35.48
Qwen3-8B LoRA (SeedA Ensemble + v2decode) 64.19 39.17

Table 4: Comparison with task paper baselines.

4.3 Ablation Study

Table 5 analyses each component’s contribution.
Increasing LoRA rank to 7 = 128 produced the
highest boost (+24.9% fold-level F1), supporting

System Configuration Macro F1
RO: 1-fold, r=64, no weighting 0.249
+5-fold CV, r=128 0.2841
+ Weighted CE + label smoothing 0.3291
+ Grouped-clean 5-fold 0.355
+ Data augmentation (RR-k3) 0.355
+ Seed-A blend (30/70) + v2 decode 0.392

Table 5: Ablation: each component’s contribution.
fMetrics for these rows are single-fold estimates from
the 5-fold setup, included as indicative rather than full
OOQF results.

that model capacity was indeed the primary bottle-
neck. Grouped CV, data augmentation, and post-
processing decode rules contributed incrementally,
securing the final 4-3.69 F1 points.

4.4 Per-Class Analysis

Per-class performance is shown in Figure 2 (Ap-
pendix D) and Table 6. Level 8 (“Unclear”) saw
the most improvement, climbing from near-zero re-
call to 0.797 F1 via augmentation and bias tuning,
with Levels 2 and 3 also gaining substantially. On
the other hand, Levels 4 and 5 continue to be diffi-
cult (0.25-0.27 F1) due to high linguistic overlap
with the majority class. Importantly, optimising for
minority classes did not compromise the majority
class (Level 7), which still resulted in a solid F1 of
0.709.

5 Conclusion

We showed that the data-centric imbalance mitiga-
tion methods (grouped CV, weighted loss, round-
robin lexical augmentation, and dynamic OOF bias
tuning with ensembling) that we used were much

L Mechanism P R F1

0 Neutral 0.747 0.858 0.799
1 Action 0.242  0.398 0.301
2 Major Img-D 0.480 0.451 0.465
3 Disavowal 0.401 0402 0.401
4 Minor Img-D 0.317 0.211 0.254
5 Neurotic 0.398 0.214 0.278
6 Obsessional 0.203 0.267 0.231
7 High-Adaptive 0.693 0.726  0.709
8 Unclear 0.797 0.797 0.797
Macro 0.431 0.436 0.426

Table 6: Per-label OOF metrics, final blended system
with v2 decode. Level 8 improved from ~0 to 0.797 via
augmentation and bias tuning.

more important than raw model capacity for psy-
chological defense classification. We achieved a
macro F1-score of 0.3917 on the official positive-
class leaderboard, ranking 4th out of 21 registered
teams. This corresponds to a +7.7 macro F1-score
improvement (+24.4% relative) over the Ministral-
8B fine-tuned baseline. In future, we plan to add
more effective paraphrase-based data augmenta-
tion, use losses better suited to imbalanced classes,
and evaluate on more datasets.

Limitations

These decode rules and OOF bias vectors are cal-
ibrated specifically to this dataset and so requires
recomputation for unseen domains. The grouped
CV protocol keeps mutant variants within the same
source group to reduce leakage, but the risk of leak-
age cannot be fully eliminated. Lastly, we were
limited to PEFT on models with 8B parameters or
less and by hardware constraints (24 GB VRAM).
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A Full DMRS Label Definitions

Table 7 provides the complete clinical descriptions
for all nine psychological defense levels used in
our classification prompt.

B Full Hyperparameter Table

Hyperparameter Value

Base model Qwen/Qwen3-8B
Quantization 4-bit NF4 + double quant
LoRA rank / alpha 128 /256

LoRA dropout 0.1

LoRA target modules g/k/v/o/gate/up/down/score
Trainable parameters ~31M (0.4%)
Max sequence length 1024

Optimizer AdamW

Learning rate 1.2 x 1074
Weight decay 0.01

LR scheduler Cosine annealing
Warmup ratio 8%

Per-device batch size 2

Gradient accumulation 8 (eff. batch = 16)
Gradient clip norm 0.3

Epochs per fold 10

Label smoothing 0.05

Class weight formula Inverse-sqrt (Eq. 2)
Hardware NVIDIA RTX 3090 Ti 24 GB
Mixed precision bf16

Table 8: Complete training hyperparameters for the final
Qwen3-8B LoRA system.

C Data Augmentation Examples

Below are three mutation modes applied to a single
Level-3 (Disavowal) sample. All mutations target
only the seeker utterance; the supporting dialogue
context is unchanged.

D Confusion Matrices

Figure 2 illustrates error distributions across minor-
ity and majority classes, highlighting grouping and
filtering improvements.

E Comprehensive Model Comparison

Table 10 reports all systems evaluated during our
development, organised by model family and exper-
imental stage. Empty cells indicate the model was
not evaluated under that paradigm. Rows marked
1 are external baselines from the task paper (Na
et al., 2026b); all others are our own internal tuning
experiments.
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L Name Clinical Description
0 No Defense Phatic or factual exchange with no active defense mechanism
1 Action Emotional discharge through behavior (passive aggression, complaining, impulsive action)
2 Major Img-D Extreme cognitive distortion: projection, splitting, all-or-nothing thinking
3 Disavowal Avoiding unpleasant reality: denial, rationalization, minimization
4 Minor Img-D Subtler distortion: devaluation, idealization, omnipotence
5 Neurotic Unconscious anxiety management: repression, displacement, reaction formation
6 Obsessional Over-intellectualization, isolation of affect, undoing
7 High-Adaptive Mature coping: humor, altruism, insight, self-assertion, sublimation
8 Unclear Insufficient context for reliable DMRS classification

Table 7: DMRS label definitions used in the classification prompt.
Mode Utterance Text
Original “It is not really that bad honestly, I have been through worse situations before.”
(Level 3)
Mode 0 “Honestly, it’s not really that bad, I've been through worse situations before.”
(Contractions
+ Hedging)
Mode 1 “It is not quite that bad, I have been through worse situations before I guess.”
(Style Shift
+ Filler)
Mode 2 “It is not really that bad honestly... I have been through worse situations before...”
(Hesitation)

Table 9: Example of round-robin lexical mutations for a Disavowal (Level-3) seeker utterance. The core signal
(minimization (“not that bad”) and historical comparison (“been through worse™)) is preserved across all mutations,
ensuring label validity.

Approximate Normalised Confusion Matrix

Normalized Confusion Matrix (OOF) (Final System, OOF)
1.0 1.0
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Figure 2: Approximate row-normalised confusion matrices (OOF). Post-processing successfully shifts residual
majority-class prediction bias away from L7, noticeably improving minority recall along the diagonal.
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BERT-family (Supervised)

Model Zero-Shot LLM Inference ‘ LLM Fine-Tuning (LoRA)
‘ Acc  macro F1 Input / Loss Ep ‘ Acc  Macro Prec  Macro Recall  macro F1 (1-8) ‘ Acc  Precision Recall F1
MentalBERT-base na 0240V Flat SEP k=5, Wtd CE, LR 2e-5 5
MentalRoBERTa-base n/a 0.2200 Flat SEP k=10, Wtd CE, LR le-5 10
MentalBERT+RoBERTa (ens.) | n/a 0.240 v Flat SEP k=10, Wtd CE, LR 2¢/le-5 518
DeBERTa-v3-base (5-fold) 0.591  0.2358 [CTX]/[TGT], Wtd CE, LR 1.5e-5 8
RoBERTa-base 0513 0.2697 [CTX)/[TGT], Wtd CE, LR 2e-5 6
RoBERTa-base (len=320) 0479 0.2763 [CTX]/[TGT], Wtd CE, LR 1.5e-5 6
RoBERTa-base + OS (unif.) 0.618  0.2893  [CTX]/[TGT], Std CE + OS(120), LR 2¢e-5 6
RoBERTa-base + OS (tgt.) 0.614  0.2430 [CTX]/[TGT], Std CE + tgt. OS, LR 2e-5 8
Qwen3-8B 0.3422 0.1773 0.1670 0.1536
Llama 3.1-8B 0.3036 0.1958 0.1999 0.1584
Ministral-8B 0.2406 0.2517 0.1481 0.0841
Mistral-7B-v0.3 (Kaggle) 0.1444 n/a n/a  0.1023 (0.2054")
Ministral-8B (Local) 0.6471 n/a n/a 0.1474
Qwen3-8B % 0.6419  0.4003  0.3958 0.3917 %

Table 10: Consolidated results across all model families. Empty cells indicate the model was not evaluated under
that paradigm. v~ denotes selected ensemble members. % denotes the best result. Rows marked f are external
baselines from the task paper (Na et al., 2026a); all others are our own internal tuning experiments.
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Abstract

This system paper presents the approach of
Team TONI-NLP to the PsyDefDetect 2026
shared task. The objective of the task was
to classify utterances from helper—seeker con-
versations into nine categories: seven labels
representing progressively higher levels of de-
fensive maturity, one label indicating the ab-
sence of a defense mechanism, and one label
for cases requiring additional information. We
investigated several modern NLP approaches,
including prompt engineering, fine-tuning, hier-
archical modeling and classification using text
embeddings derived from transformer-based
models as well as classical embeddings such as
TF-IDF. Our results show that ensemble meth-
ods performed best among our submitted sys-
tems, achieving a macro-F1 score of 0.320 and
ranking 9th in the shared task out of 21 teams.

1 Introduction

The field of Natural Language Processing (NLP)
has seen a surge in research dedicated to extracting
mental health insights from textual data. While
most of these efforts have leveraged large-scale so-
cial media data for psychological analysis (Garg,
2023; Skaik and Inkpen, 2020), recent work has
begun to shift the focus to conversational data, par-
ticularly in the context of emotional and mental
health support dialogues(Na et al., 2025).

This paper describes our team’s participation
in the PsyDefDetect 2026 shared task at BioNLP
2026. This task aims to advance the understand-
ing of defense mechanisms expressed in emotional
support dialogues. To address the complexities of
identifying these mechanisms, we propose a multi-
faceted approach utilizing Large Language Models
(LLMs) and other traditional NLP methods.

2 Shared Task Description

The PsyDefDetect 2026 shared task focuses on
identifying psychological defense mechanisms

from multi-turn emotional support dialogues (Na
et al., 2026a), involving two participants: a help-
seeker (the person sharing their difficulties) and
a supporter (also called helper). The task is
grounded in the Defense Mechanism Rating Scales
(DMRS) (Perry and Henry, 2004) and uses the
PSYDEFCONV dataset of 200 seeker—supporter
dialogues (Na et al., 2026b).

Dataset. For this task, 1,864 help-seeker turns
were provided as training and 472 as test sets, total-
ing 2,336 turns. Hereafter, we use utterance to refer
to a help-seeker turn. The defense labels include:
No Defense, Action, Major Image-Distorting, Dis-
avowal, Minor Image-Distorting, Neurotic, Obses-
sional, High-Adaptive, and Needs More Informa-
tion. The training set is highly imbalanced and
skewed towards the High-Adaptive label.

Train/Validation Split. Since no official valida-
tion set was provided, we partitioned the 1,864
training samples into training and validation sets
at the conversation level to avoid data leakage: all
turns from a given dialogue were assigned exclu-
sively to one split.

From 200 unique dialogues, we selected 20 con-
versations (10%) for validation using a greedy
scoring strategy that maximizes label diversity, ap-
proximates the global class distribution, and penal-
izes longer conversations. This yields 1,592 train-
ing samples (180 conversations) and 272 valida-
tion samples (20 conversations), an approximately
85/15 split. Table 1 reports the per-label distribu-
tion across the training and validation splits. La-
bel proportions in the validation set closely mirror
those in the full dataset, with validation percentages
ranging from 11% (label 7, High-Adaptive) to 29%
(label 8, needs more information), reflecting the
inherent difficulty of balancing rare classes under
conversation-level constraints. No dialogue leak-
age was detected between splits. Figure 1 provides
a visual summary of these distributions.
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Label Defense Type Train Val Total
0 No Defense 248 (83.8%) 48 (16.2%) 296
1 Action 89 (82.4%) 19 (17.6%) 108
2 Major Image-Distorting 49 (80.3%) 12 (19.7%) 61
3 Disavowal 77 (77.8%) 22 (22.2%) 99
4 Minor Image-Distorting 66 (78.6%) 18 (21.4%) 84
5 Neurotic 37 (77.1%) 11 (22.9%) 48
6 Obsessional 145 (84.3%) 27 (15.7%) 172
7 High-Adaptive 861 (89.0%) 107 (11.0%) 968
8 Needs More Information 20 (71.4%) 8 (28.6%) 28
Total 1,592 272 1,864

Table 1: Per-label sample counts and percentages across
the training and validation splits. Percentages indicate
the proportion of each label’s total samples assigned to
each split.

Train + Validation Label Distribution

1000 B
I Train

validation

800 A

600

Count

400 +

2001

0 4
Label

Figure 1: Label distribution across training and valida-
tion splits. The validation set closely mirrors the overall
distribution, though the strong class imbalance is evi-
dent, particularly for the High-Adaptive class (label 7),
which accounts for over half of all samples.

3 Methodology

We investigated four approaches for defense mech-
anism classification: prompting, hierarchical clas-
sification, supervised fine-tuning, and ensemble
methods. These approaches were evaluated within
a unified experimental setup using training and val-
idation splits derived from the training data, as de-
scribed in the previous section, enabling systematic
comparison across methods.

3.1 Prompting

We conducted zero-shot and few-shot prompting
experiments with instruction-tuned LLMs, follow-
ing the prompt structure of Chan et al. (2025) and
Lossio-Ventura et al. (2025). We evaluated prompt
optimization, random few-shot prompting, and dy-
namic example retrieval across three model fam-
ilies: Llama (Llama-3.1-8B-Instruct, LLlama-3.3-
70B-Instruct), Claude (claude-opus-4-6 and claude-

sonnet-4-6), and GPT (gpt-5.2).

3.1.1 Zero-shot experiments

We started with the zero-shot prompt provided
by the task organizers and iteratively refined it
based on classification performance. This pro-
cess, informed by the DMRS annotation guidelines
(Di Giuseppe and Perry, 2021), involved adding ad-
ditional context, such as detailed label definitions,
along with keysigns, workflow guidelines and dis-
ambiguation rules to capture nuanced distinctions
between classes. All models were prompted to re-
spond with a single digit (0-8) corresponding to
the predicted defense level.

3.1.2 Few-shot experiments

We applied the context strategies described above
to few-shot prompting and included labeled exam-
ples in the prompt. We experimented with few-shot
prompting using randomly sampled examples (ran-
dom few-shot) and also with examples selected
based on semantic similarity (dynamic few-shot).
For dynamic few-shot, we retrieved examples us-
ing cosine similarity over sentence embeddings,
experimenting with k& € {5, 10,20, 25} examples
per class to assess the effect of example coverage
on classification performance.

Implementation details. All models received the
same prompt structure, consisting of a task descrip-
tion, the DMRS annotation handbook, the label
definitions, the full dialogue context, and the tar-
get utterance. We experimented with both the full
and condensed handbook versions. Since Llama
and Claude cap temperature at 1.0 while GPT al-
lows up to 2.0, we sampled {0.2,0.4,0.6,0.8,1.0}
and {0.4,0.8,1.2,1.6,2.0} respectively, covering
each model’s temperature range. All models were
queried with top_p=0.7.

3.2 Hierarchical Approach

We also performed experiments with a hierarchi-
cal classification approach inspired by the Defense
Mechanism Rating Scales (DMRS) hierarchical or-
ganization of defensive categories (Di Giuseppe
and Perry, 2021). Initially, we distinguished be-
tween four aggregated defense categories: Mature
Defenses, Neurotic Defenses, Immature Defenses,
and No Defense. We then performed a secondary
categorization step using the fine-grained subcate-
gories shown in Table 2. We used a Multinomial
Logistic Regression (MLR) classifier with TF-IDF
features combined with contextualized embeddings.
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These embeddings are obtained using the simpli-
fied SBERT-WK (Wang and Kuo, 2020) pooling
strategy to MentalBERT (Ji et al., 2022) by averag-
ing the final four hidden layers.

Specific Defense Label

0 — No Defense
8 — Needs More Information

7 — High-Adaptive

Aggregated Category

No Defense

Mature Defenses

5 — Neurotic

Neurotic Defenses 6 — Obsessional

1 — Action

2 — Major Image-Distorting
3 — Disavowal

4 — Minor Image-Distorting

Immature Defenses

Table 2: Mapping between the four aggregated cate-
gories and their corresponding specific defense labels.

Similar to our prompting methods, we experi-
mented with context augmentation strategies. We
conducted two experiments: (1) using the target
utterance only, and (2) using the target utterance
plus context, consisting of the previous conversa-
tional turn!. For comparison, we also ran a 9-way
classification task for all categories using the target
utterance as the sole input.

3.3 Fine-tuning LLMs

We explored several fine-tuning strategies for the
classification task, ranging from encoder-only dis-
criminative models to decoder-only generative
LLMs, with varying approaches to class imbalance
mitigation, input representation, and parameter ef-
ficiency. We organized our fine-tuning experiments
into three groups: (i) encoder-based discriminative
models, (ii) decoder-only LLMs with a classifica-
tion head, and (iii) generative LLMs trained in an
instruction-following format. Table 3 summarizes
the key design choices across all approaches.

3.3.1 Encoder-based Discriminative Models

We fine-tuned a set of encoder-only trans-
former models such as BERT (base and large),
RoBERTa, and domain-specific mental variants,
given the clinical nature of the task, such as
MentalBERT and MentalRoBERTa (Ji et al.,
2022) for direct sequence classification. All
models operated on the target utterance only,
with a maximum sequence length of 512 to-
kens. A grid search over learning rates

'We experimented with other context sizes but did not
observe a significant improvement

{2e—5,3e—5,4e—5,5e—5,4e—4}, batch sizes
{8,16,32}, and weight decay {0.01,0.05,0.1}
was conducted over 10 epochs. To address class
imbalance, we explored two strategies:

(1) Loss-based balancing: inverse-frequency class
weights were applied to the cross-entropy loss.
(2) Hybrid balancing (data + loss): majority
classes were undersampled (e.g., label 7 capped
at 200 samples, label 0 at 150), and class weights
recomputed on the balanced dataset.

3.3.2 Decoder LLMs with Classification Head

We adapted causal LLMs for classification by at-
taching a linear head to the final token represen-
tation of a LoRA-adapted model. We evaluated
several configurations differing in parameter effi-
ciency, input context, and training strategy:

(1) QLoRA (8B, 70B): 4-bit quantized fine-tuning
(Dettmers et al., 2023) with LoRA (r = 16, o =
32) applied to attention projections. The input con-
sisted of the target utterance only (512 tokens). The
optimization used cosine scheduling with warmup
and paged_adamw_8bit.

(2) LoRA with dialogue context (8B): full-precision
BFloat16 training with LoRA applied to all pro-
jection layers. We evaluated configurations where
(r € 8,16,32,64) and («) is set to (2r). Inputs
included full dialogue plus target utterance (up to
1,400 tokens).

(3) LoRA with 5-fold cross-validation: stratified
folds were built on the initial training data, with
class weights recomputed per fold. The configura-
tions were (r € 8,16, 32,64) and (a = 2r).

(4) One-vs-rest (OvR): nine binary classifiers were
trained with LoRA, combining class-weighted loss
and minority-class oversampling. Predictions were
aggregated via softmax renormalization.

3.3.3 Generative Instruction-Tuned LLMs

We reformulate the task as instruction-based gen-
eration, where the model predicts the label digit
as the output token. The loss was computed only
over the generated label token, with prompt tokens
masked. We explored two fine-tuning strategies:
(1) Full fine-tuning (8B): using the llama-cookbook
FSDP framework. Minority classes were over-
sampled to a minimum of 300 samples, yielding
approximately 2,700 training instances. Training
used learning rates of {5e—5, 4e—4} for 10 epochs,
with the checkpoint achieving the lowest validation
loss selected for evaluation.

(2) LoRA fine-tuning (70B): using parameter-
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Group Approach Context Imbalance Handling
Encoder Weighted loss Utterance Loss-based (class weights)
+ Undersampling Utterance Data + Loss (undersampling + weights)
QLoRA (8B, 70B) Utterance Loss-based (class weights)

Decoder + Head LoRA (8B) Utterance / Dialogue Loss-based (class weights)
LoRA 5-Fold (8B)  Utterance / Dialogue Loss-based (class weights)
OVR (8B) Utterance / Dialogue OVR + Oversampling
. Full FT (8B) Dialogue Oversampling
Generative LoRA (70B) Dialogue Oversampling

Table 3: Summary of fine-tuning approaches. “Context” indicates whether only the target utterance or the full
dialogue was used as input. “Imbalance Handling” distinguishes between loss-based, data-level, and hybrid
strategies. Note that the encoder group was based only on BERT/RoBERTa families. 8B refers to Llama-3.1-8B-

Instruct and 70B refers to Llama-3.3-70B-Instruct.

efficient adaptation with LoRA (r = 16, a = 32).
Training used learning rates of {5e—5,4e—4}. De-
spite scalability, validation loss analysis showed
early overfitting, with the optimal checkpoint oc-
curring at epoch 1.

3.4 Ensemble Methods

Our final approach used ensemble methods to com-
bine predictions from multiple models. Ensemble
methods improve performance by aggregating mod-
els, helping generalization to new data (Dietterich,
2000) and have proven effective across different
NLP tasks (Zhang and Shafiq, 2024). After official
results were released, we conducted post-hoc en-
semble analyses over our submitted systems. We
compared majority voting with weighted averaging
using post-release system-level macro F1 scores.
These analyses were not used to tune or select final
submissions or guide model selection.

We created two different ensembles. The first
(Across approaches) combined our best submis-
sions from prompting, hierarchical classification,
and fine-tuning. The second (Best submissions)
combined our three strongest systems: (Decoder)
LoRA (8B) - utterance, (Decoder) LoRA (8B) - dia-
logue, and (Generative) Full FT (8B). For majority
voting, ties were resolved using the Decoder LoORA
(8B) utterance model, our best individual system.
For weighted averaging, each system was weighted
by its post-hoc macro F1 score-based performance.

4 Results

Table 4 presents results on the test data. The ta-
ble reports prompt-engineering results, followed
by hierarchical approaches, fine-tuned LLMs, and
ensembles. We report macro-averaged precision,
recall, and F1, following the shared-task metric.

For prompting methods, dynamic few-shot prompt-
ing achieves the best macro F1 (0.197), followed
by zero-shot prompting (0.193), while random few-
shot prompting performs worse (0.078). The best
configuration uses k£ = 20 examples per class re-
trieved via cosine similarity, with performance de-
creasing for both £ = 25 and k = 5. For hierar-
chical methods, the best performance is obtained
using a two-step configuration restricted to the ut-
terance (macro F1 = 0.238). This setup outper-
forms both the single-step baseline (0.236) and the
two-step variant using the previous conversational
turn (0.217). For fine-tuned models, the decoder-
only LoRA (8B) with utterance-only input gets the
highest macro F1 (0.303), slightly exceeding the
dialogue-context variant (0.300) and outperform-
ing encoder-based models (MentalBERT: 0.252;
MentalRoBERTa: 0.263). Overall, ensemble meth-
ods achieve the best performance. The best sub-
mission (voting) reaches a macro F1 of 0.320 by
combining our three strongest systems, outperform-
ing the across-approaches voting ensemble (0.300).
Averaging-based ensembles perform poorly (0.212
and 0.105), suggesting that majority voting is more
robust for this task. These results place our system
9th out of 21 teams on the leaderboard.

5 Discussion

In our prompting experiments, dynamic few-shot
prompting using the top 20 most similar exam-
ples outperformed structured zero-shot prompting
with the annotation handbook as additional context.
In contrast, randomly selected few-shot examples
performed worse than both approaches, likely due
to poorer class coverage and lower example rele-
vance. Performance also varied with the number
of retrieved examples and the embedding model,
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Approach Method Accuracy Precision Recall MacroF1
Zero-shot (Baseline) 0.364 0.500 0.134 0.193
Prompting Random Few-shot 0.277 0.131 0.145 0.078
Dynamic Few-shot 0.511 0.198 0.219 0.197
Two-step (Utterance + Previous Turn) 0.532 0.213 0.224 0.217
Hierarchical Two-step (Utterance) 0.534 0.241 0.242 0.238
Single-step (Utterance) 0.519 0.225 0.267 0.236
(Encoder) Mental BERT 0.532 0.254 0.264 0.252
(Encoder) MentalRoBERTa 0.568 0.356 0.258 0.263
LLM Fine-tuning  (Decoder) LoRA (8B) (Utterance) 0.532 0.293 0.325 0.303
(Decoder) LoRA (8B) (Dialogue) 0.657 0.367 0.278 0.300
(Generative) Full FT (8B) 0.657 0.375 0.260 0.289
Across approaches (Voting) 0.591 0.299 0.304 0.300
Ensemble Across approaches (Averaging) 0.439 0.265 0.231 0.212
Best submissions (Voting) 0.672 0.470 0.284 0.320
Best submissions (Averaging) 0.193 0.098 0.176 0.105

Table 4: Results for team TONI-NLP on the PsyDefDetect 2026 shared task test set, grouped by approach. Within
each group, bold denotes the best macro F1 and underline denotes the second best. 8B refers to Llama-3.1-8B-
Instruct. A simple voting over our best submissions achieved the highest score. Only systems included in the

submitted/tested result set are shown.

indicating that both retrieval quality and class cov-
erage are important. While & = 25 showed signs
of prompt saturation, k£ = 5 provided insufficient
coverage, with k£ = 20 the best balance.

The two-step hierarchical approach produced
only marginal gains over the single-step baseline
using the utterance alone, while adding one prior
turn reduced test performance. The two-step de-
sign reduces the classification space by routing in-
stances to a subset-specific classifier. However, this
introduces error propagation from the first stage. In
contrast, the single-step MLR shows a bias toward
majority classes (Appendix Figure 2).

Across all fine-tuned models, using only the tar-
get utterance matched or outperformed full dia-
logue context, consistent with findings from the hi-
erarchical approach. Among encoder models, Men-
talRoBERTa and MentalBERT outperformed the
non-specialized BERT models. All encoder models
were fully fine-tuned given their small size. Full
fine-tuning of Llama-3.1-8B-Instruct was feasible
but computationally expensive, while Llama-3.3-
70B-Instruct could only be fine-tuned using LoRA
due to GPU memory constraints. LoRA fine-tuning
of the 8B model got the best result (0.303), sug-
gesting that parameter-efficient adaptation is both
more scalable and more effective for this task.

Voting outperformed averaging-based ensem-
bles, suggesting that hard voting is more robust
to poorly calibrated confidence scores. The best
ensemble (0.320) combined decoder LoRA (utter-
ance), decoder LoRA (dialogue), and generative

full fine-tuning. Their diversity in input context and
training strategy likely produced complementary
error patterns and gains over any single model.

6 Conclusion and Future Work

We described TONI-NLP’s participation in Psy-
DefDetect 2026, comparing prompting, hierar-
chical classification, fine-tuning, and ensemble
strategies for defense mechanism detection. Our
results showed that ensemble methods achieved
the strongest overall performance, while target-
utterance-only configurations performed well
across both hierarchical and fine-tuned models.
These findings suggest that reducing input complex-
ity and combining complementary systems may be
useful strategies for this task. In future work, we
plan to further investigate hierarchical approaches
using LLMs and explore data balancing strategies
at each step of the classification pipeline.

7 Limitations

Our experiments were limited to the English mental
health dataset released by the shared-task organiz-
ers. Given the dataset’s small size and class imbal-
ance, the generalizability of our findings should be
interpreted with caution. The limited shared-task
timeframe also restricted experimentation, prevent-
ing extensive ablation studies. Finally, the methods
presented in this work were developed solely for
research purposes within the shared-task setting
and are not intended for clinical use.
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8 Ethics

This work uses the annotated PSYDEFCONV
dataset provided by the shared-task organizers. The
conversational data was crowdsourced from con-
senting participants, and any future use of the
dataset should continue to preserve participant
anonymity. Because our approach relies on the
PSYDEFCONY annotation scheme and the DMRS
psychological framework, it may reproduce or am-
plify biases embedded in these theoretical and anno-
tation frameworks. Therefore, any future applica-
tion of this work should involve multidisciplinary
collaboration with clinical psychologists and af-
fected communities, particularly if the methods are
considered for use beyond research settings.
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A Appendix

A.1 Additional Results for the Hierarchical
Approach

We present additional results on the validation data
held out from the training set. Table 5 shows the
results of the hierarchical approach (2 steps), and
compares them with the results of the 9-way classi-
fier (Single step).

A.2 Aggregated Category Classification

In developing the hierarchical approach, we con-
ducted a series of experiments on our validation set
to optimize the initial categorization. We evaluated
both MLR and Support Vector Machine (SVM)
models across various feature representations, in-
cluding multiple combinations of TF-IDF, stan-
dalone mental-bert, and SBERT-WK embeddings.
Furthermore, we experimented with incorporating
different context sizes (e.g., 0, 1, and 3 prior dia-
logue turns) alongside the target utterance.

This comparative evaluation was utilized to clas-
sify the three primary aggregated defense cate-
gories: Immature, Neurotic, and Mature, explicitly
excluding the "No Defense" category. As detailed
in Table 6, our results indicate that the target utter-
ance only setting combined with an MLR classifier
using concatenated SBERT-WK (mental-bert-base-
uncased) and TF-IDF features yielded the best per-
formance.

3 Turns 1 Turn 0 Turns

Features Method

Acc. F1 Acc. F1 Acc. F1

TF-IDF MLR  0.4676 0.3772 0.5417 0.4588 0.5093 0.4362
SVM  0.4722 0.3725 0.5139 0.4143 0.5185 0.4380

MentalBERT MLR  0.5046 0.4381 0.5231 0.4632 0.5463 0.4884
SVM  0.4537 0.3885 0.5324 0.4587 0.5463 0.4666

MentalBERT MLR
+ TF-IDF

0.4907 0.4160 0.5370 0.4581 0.5694 0.4997

SVM  0.4769 0.3840 0.5000 0.4021 0.5648 0.4899
MLR

SBERT-WK
(mental-bert-
base-uncased)
+ TF-IDF

0.5417 0.4610 0.5694 0.4977 0.5833 0.5189

SVM  0.5185 0.4390 0.5046 0.4106 0.5139 0.4478

Table 6: Performance comparison for the first-step ag-
gregated classifier in different model configurations.

A comparison of the confusion matrices on Fig-
ure 2 reveals that, the single-step baseline strug-
gled because it defaulted too often to the major-
ity classes (Class 7 and Class 0). The hierarchi-
cal model improved this by routing data into ag-
gregated categories first. This prevented mid-tier
classes from being overshadowed by the majority.
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Class (Defense Categ.) Support (N) Single-Step F1 Hier. F1 A F1  Key Error Dynamic / Impact of Hierarchical Routing

0 (No Defenses) 48 0.69 0.68 -0.01  Remains default prediction; reduced swamping of mid-
tier classes.

1 (Action Defenses) 19 0.10 0.16 +0.06  Improved boundary resolution; less conflation with Class
6.

2 (Major Image-Distorting) 12 0.19 0.16 -0.03  Signal degradation; misclassified through sequential
routing.

3 (Disavowal Defenses) 22 0.10 0.10 0.00 Persistent low discriminative power across both architec-
tures.

4 (Minor Image-Distorting) 18 0.17 0.23 +0.06  Benefited from localized, secondary-level feature evalu-
ation.

5 (Neurotic Defenses) 11 0.00 0.00 0.00 Fundamental data sparsity; unresolvable by structural
changes.

6 (Obsessional Defenses) 27 0.20 0.32 +0.12  Significant Gain: Successfully shielded from Class 0
swamping.

7 (High-Adaptive Defenses) 107 0.60 0.61 +0.01  Marginal stabilization; remains the dominant statistical
bias.

8 (Needs More Information) 8 0.11 0.00 -0.11  Total Attrition: Weak minority signal filtered out by
two-step routing.

Global Metrics 272 Acc: 41.9% Acc: 44.5%  +2.6%  Overall gains driven by localized resolution of mid-tier

classes.

Note: A F1 denotes the absolute change in performance, calculated as (Hierarchical Macro F1 — Single-Step Macro F1).

Positive values indicate an improvement utilizing the two-step approach.

Table 5: Comparative Performance and Error Dynamics (Single-Step vs. Two-Step Hierarchical Approach)

For example, true positives for Class 6 almost dou-
bled (from 5 to 9) because the secondary classifier
had a narrower, more focused task. However, the
hierarchical approach has a noticeable drawback:
if a mistake is made at the first step, it would propa-
gate into the next step. This cascading error makes
it difficult to correctly predict the lower frequency
classes. For instance, the first-level classifier mis-
classified all Class 8 instances (mostly categoriz-
ing them into Classes 0 and 7), so the secondary
classifier will not evaluate them. A similar case
happened in Class 2, where true positives fell from
3 to 2. Finally, the confusion matrices show that
some issues are strictly due to a lack of data. Class
5 has very few examples, and neither model could
predict it correctly. In both approaches, nearly half
of the Class 5 instances were mistakenly predicted
as Class 7.
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Figure 2: Confusion matrices comparing the final 9-way classification performance of (a) the Single-step baseline
and (b) the two-step Hierarchical model on the validation set.
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Abstract

We present the CanSA system for the MedEx-
ACT@ACL 2026 shared task, which requires
extracting and classifying clinical decisions
from ICU discharge summaries into nine DIC-
TUM categories. We have developed three ap-
proaches: (1) a training-free system which con-
sists of a preprocessing module that normalizes
text and an inference engine combining zero
shot LLMs with a RAG ensemble, (2) a super-
vised fine-tuning method which required train-
ing, and (3) a training-free retrieval-augmented
pipeline employing TF-IDF-based lexical re-
trieval to surface in-context exemplars from the
development corpus, combined with section-
aware chunking and structured extraction calls
to a large language model. Our team’s best sub-
mission achieved a Final Score of 0.41, ranking
34th out of 37 on the official test leaderboard.

1 Introduction

The MedExACT shared task at the BioNLP 2026
workshop (Elgaar et al., 2026) challenges systems
to extract exact text spans representing medical de-
cisions from Intensive Care Unit (ICU) discharge
summaries and classify them according to the DIC-
TUM taxonomy (Ofstad et al., 2016; Elgaar et al.,
2024). Because the evaluation heavily penalizes
boundary misalignment, systems must demonstrate
both deep semantic classification and strict charac-
ter level precision.

Team CanSA presents three methodologies. The
first addressed this challenge by building a modu-
lar, training-free inference pipeline. To avoid the
heavy costs of task specific fine tuning, we eval-
uated several leading models, specifically Llama
3, Qwen, and Kimi, by deploying them through
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local Ollama instances on an NVIDIA A6000 and
remote NVIDIA NIM API endpoints. The sec-
ond provided a supervised fine-tuning of a bi-
directional encoder model on a token labelling
task. And lastly, employed a training-free, retrieval-
augmented pipeline in which TF-IDF-based lexical
retrieval surfaces in-context exemplars from the
development corpus, and a large language model
performs sequential span proposal and structured
extraction over section-aware chunks of each dis-
charge note, followed by schema-based validation
and automated repair. We also contribute a rigor-
ous error analysis of the MedDec corpus by au-
diting 104 same category overlapping annotation
pairs providing actionable insights for future clini-
cal dataset curation.

The remainder of this paper is organized as fol-
lows: Section 2 details the specifics of each of the
three methodologies. Section 3 outlines our experi-
mental setup. Section 3.2 presents the shared task
results and post deadline experiments, followed
by the corpus audit in Section 4. We conclude in
Section 5.

2 System Architectures

2.1 Training-Free Inference Pipeline

The MedExACT task requires exact character off-
set matching. During initial pipeline development,
we observed severe boundary extension errors
caused by standard tokenizers splitting at MIMIC
III de identification markers (e.g., [**...x*x]). To
mitigate this, we implemented a strict length pre-
serving normalization heuristic: replacing all new-
line characters (\n) with spaces. This single trans-
formation resolved tens of thousands of offset mis-
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matches across the raw clinical text.

Following normalization, documents are seg-
mented using a section aware sliding window. To
optimize inference efficiency and reduce API costs,
the pipeline explicitly skips the Social History and
Family History sections, as corpus analysis revealed
zero gold standard annotations in these segments.
Finally, a post processing filter enforces a minimum
annotation length of five characters to eliminate sin-
gle token model artifacts.

Our primary baseline module relies on zero
shot extraction using frontier LLMs. The system
prompts the model with a strict JSON schema defi-
nition encompassing the nine DICTUM categories.

A critical engineering challenge involved manag-
ing models equipped with implicit reasoning path-
ways (e.g., Qwen and DeepSeek). These models
frequently output reasoning chains (often enclosed
in <think> tags) that corrupt the required JSON
structure. To enforce deterministic formatting, we
implemented a dual suppression strategy: prepend-
ing a /no_think directive to the user prompt and
explicitly setting enable_thinking: falseinthe
API payload.

To evaluate the impact of in context learning
without task specific fine tuning, we developed
an alternative RAG enhanced pipeline. We in-
dexed the MedDec training dataset using FAISS
GPU (Johnson et al., 2019). For each sliding win-
dow chunk of the target document, the system re-
trieves the top k£ most semantically similar training
examples and appends them to the prompt as few
shot exemplars, attempting to ground the model’s
predictions in gold standard phrasing.

Initial development was conducted locally on
an NVIDIA A6000 GPU (48 GB VRAM) using
Ollama to host a high density ensemble. However,
hardware constraints necessitated a transition to a
constrained local RTX 3060 (12 GB VRAM) setup,
relying on NVIDIA NIM API endpoints to access
models exceeding 70 billion parameters.

This remote transition introduced severe opera-
tional bottlenecks. We observed that the increased
token payload of the RAG pipeline highly cor-
related with HTTP 504 (Gateway Timeout) and
HTTP 429 (Too Many Requests) errors. These con-
nection drops frequently caused truncated JSON
responses mid transit—a degradation effect that
forced zero span extractions for the affected chunks.
Consequently, the final pipeline enforces a stability
first configuration, utilizing a strict 15 second API
delay and exponential backoff to ensure continuous

execution during the evaluation phase.

2.2 Supervised Fine-tuning

The supervised learning method fine tuned a bi-
directional encoder model: BAAI/bge-m3 (Chen
et al., 2023). The goal was to start with a single
label classification task, and then use the learned
classifiers to extend to multi-label classification.
A bi-directional encoder was used, compared to a
auto-regressive Language Model, as the extra right
side context should be important for labelling to-
kens and spans. To create a single label for each
token, any token with multiple labels was assigned
the most frequent label as they appear in the train-
ing dataset. Unfortunately, time did not permit the
multi-label classification, so only results for the
single label task are reported.

The model was trained using Cross Entropy Loss
weighted so that each class had equal contribution.
The Huggingface training interface was used: it
is relatively straightforward to use and hack as
needed; it allows multiple GPUs with no extra
effort. Parameters used: learning rate 2e-4, per
device batch size of 1 with gradient accumulation
of 16 steps, 100 training epochs with best check-
point per epoch retrained based on validation F1
score, 100 total epochs with a warmup of 110 steps.
Three different seeds were used after which final
token labels on the test set were based on the soft
ensemble, summation followed by argmax, of all
three best checkpoints.

Given more time, other foundation models
would be used for fine-tuning on the single label
task, and the classification vectors from those train-
ing runs would be used to seed a binary classifier
for each label: with bias initialization tuned on the
training set.

2.3 Training-Free Retrieval-Augmented
Pipeline

Span-level adverse-event—style extraction from
long discharge summaries is addressed through a
training-free, retrieval-augmented language model
pipeline. Each discharge note is segmented into
clinical sections. Following task conventions, pre-
dicted spans overlapping allergy regions are re-
moved in a post-hoc filtering step. The remain-
ing text is split into section-aware chunks of at
most 5,000 characters, ensuring that each language
model call fits within context limits while coarse
document structure is preserved.
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A lexical index is constructed over the develop-
ment corpus: for every document with paired raw
text and reference annotations, a truncated prefix
of the discharge (up to 80,000 characters per note)
is indexed together with a compact serialization
of up to 40 gold spans comprising shortened de-
cision text and category labels. Documents are
represented using TF-IDF features (unigrams and
bigrams; maximum 50,000 features; document-
frequency cap of 0.95). At inference time, each
chunk’s text serves as the query; training docu-
ments are ranked by cosine similarity and the top
three matches are retrieved, excluding the current
discharge ID to prevent trivial self-retrieval. For
each retrieved document, a truncated text excerpt
(up to 3,500 characters) along with the correspond-
ing compact gold annotations is incorporated into
the prompt as in-context exemplars.

Claude Sonnet 4 is employed at temperature zero.
For each chunk, two sequential calls are issued: (1)
a span proposal step, conditioned on the chunk
text, section headers, and the retrieval block; and
(2) a structuring step, in which the proposals are
converted into JSON with chunk-local character
offsets, span text (referred to as decision), and a cat-
egory label. Local offsets are subsequently shifted
to global UTF-8 offsets within the full note. Where
a predicted span text does not exactly match the un-
derlying substring, local realignment is attempted
within a window around the chunk position, in-
cluding whitespace-tolerant matching. Annotations
from all chunks are then merged, deduplicated by
start position, end position, and category, sorted,
and assigned stable identifiers; spans overlapping
allergy regions are discarded.

The assembled document-level JSON is vali-
dated against a schema tied to the full raw text.
In cases where validation fails, a single additional
language model call is issued, conditioned on the
entire discharge note and the current prediction; the
model is instructed to rewrite the full annotation set
so as to satisfy all constraints. Allergy-region fil-
tering is subsequently re-applied where applicable.
Finally, category labels are mapped to the numeric
codes required by the shared-task evaluation for-
mat.

3 Experimental Setup and Results

3.1 Evaluation Metrics

System performance is evaluated using the official
MedExACT Final Score, defined as the arithmetic

mean of the Base Score and the Worst Group Score
(a fairness metric evaluated across patient demo-
graphic subgroups). The Base Score itself is the
arithmetic mean of Span F1 (requiring exact char-
acter boundary matches) and Token F1 (measuring
word level overlap). Throughout our diagnostics,
we track the differential between Token F1 and
Span F1 to isolate boundary tokenization artifacts
from clinical reasoning errors.

3.2 Official Shared Task Results

For the official MedExXACT test phase, Team
CanSA submitted three independent runs to the
Codabench leaderboard. Our training free zero
shot pipeline using Qwen 3.5 achieved a Span F1
of 0.31 and a Token F1 of 0.44 (resulting in a Base
Score of 0.38) alongside a Final Score of 0.34.

For the supervised fine-tuning method, the best
checkpoints had training/eval token F1 scores
0.93/0.63, 0.87/0.61, and 0.91/0.62. Note: this
is on the single label task. On the validation set,
the ensemble labels achieved a 0.61 validation and
span annotation F1 of 0.16 (task score 0.38) with
sub group scores from 0.28 to 0.43. The final score
on the validation set was 0.33. The leaderboard
score for this method was 0.37.

The training-free retrieval-augmented pipeline
achieves a span F1 of 0.35, token F1 of 0.51, and
a final score of 0.38 on the validation set. On the
official test set, a span F1 of 0.34, token F1 of 0.50,
and a final leaderboard score of 0.41 are obtained.

Our highest performing submission achieved a
Base Score of 0.42 and a Final Score of 0.41, plac-
ing 34th out of 37 on the official test set leader-
board.

3.3 Post Deadline Architectural Analysis

To properly evaluate the architectural trade offs of
the first pipeline, we conducted post deadline ex-
periments on the complete validation set. Table 1
summarizes the performance of frontier models,
scored strictly via the official MedExACT evalua-
tion script. An analysis of these results highlights
two critical operational findings:

The RAG API Penalty. In a high latency re-
mote environment, appending FAISS retrieved con-
text dynamically increases payload size, correlat-
ing strongly with HTTP 504 timeouts and trun-
cated JSON responses. While models like Kimi
K2 proved highly resilient, other models suffered
from mid transit connection drops degrading over-
all throughput.
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Configuration Span F1 Tok F1 Base Final
Kimi K2 (Zero-Shot) 0.28 043 035 0.32
Kimi K2 (RAG Ens.) 0.29 0.44 036 0.34
Qwen 3.5 (Zero-Shot) 0.31 0.44 038 0.34
Qwen 3.5 (RAG Ens.) 0.28 0.43 0.35  0.30
Llama 3.3 (Zero-Shot) 0.29 0.42 0.36 0.31
Mistral (Zero-Shot) 0.27 043 035 0.30

Table 1: Validation set (n = 53) performance across
NVIDIA NIM API endpoints.

The Token to Span Gap. Across all evaluated
models, Token F1 consistently outperformed Span
F1 by a margin of 0.13 to 0.16. For example, while
Mistral achieved a peak Token F1 of 0.43, its strict
Span F1 dropped to 0.27. This massive differential
proves that while frontier LLMs possess the seman-
tic capability to identify clinical decisions, they fail
to predict the exact character boundaries required
by the MedDec gold standard.

4 Corpus Audit: The Boundary Gap

Category Tokens Gap Size Count
1 12.14+£25.7 178.5£1959.3  6.5+9.7
2 8.7+£10.9 276.1 £4400.4 1.1+4.9
3 6.9+ 69.3 23.2+64.1 24.6 £1754
4 6.4+34 29454+5023.8 0.3+£3.2
5 8.1+£55.5 31.9+124.7 31.2+85.1
6 5.7+39.9 79.6 +445.4 15.24+20.1
7 12.8 £43.8 44.7£184.9 16.6 +28.2
8 9.3+14.8 358.1£6756.6 0.24 £ 3.08
9 19.6 £27.5  36.5+£197.9 43+72

Table 2: Annotation statistics at the document level:
Tokens (annotation size); Gap Size (tokens between
annotations); Count (annotations in document).

The persistent 0.13 to 0.16 differential between
Token F1 and Span F1 highlighted in Section 3.3 in-
dicates that while frontier LLMs successfully iden-
tify clinical concepts, they don’t always map these
concepts to the exact character boundaries defined
by the gold standard. To investigate the structural
cause of this gap, we conducted a comprehensive
annotation quality audit of the MedDec corpus and
a token level analysis of annotation statistics (see
Table 2).

We identified 104 same category overlapping
annotation pairs distributed across 79 documents
(representing roughly 17.5% of the validation cor-
pus). A manual review of these pairs revealed three
distinct fragmentation typologies:

* Boundary Extension Errors (n=21): These

are artificial splits caused by tokenizer arti-
facts, specifically where automated tools (e.g.,
Stanza) over extended annotation boundaries
adjacent to MIMIC III de-identification mark-
ers (e.g., [x*...x%]).

* Near Identical Duplicates (n=7): Annota-
tions covering the exact same semantic clini-
cal concept with minor 1 to 2 character shifts.

* Genuine Subspans (n=74): Hierarchical or
nested clinical decisions, of which 33 were
fragment level annotations under 20 charac-
ters in length.

The presence of these structural artifacts, par-
ticularly the 21 boundary extension errors linked
to de-identification masking, imposes a hard recall
ceiling on exact match extraction systems. Be-
cause strict span evaluation harshly penalizes par-
tial boundary misalignment, heuristic post process-
ing tools cannot systematically recover these points
without introducing false positives. Consequently,
we argue that the Token to Span gap is largely a
reflection of corpus level tokenization methodology
rather than a deficit in LLM clinical reasoning.

5 Conclusion

In this paper, we described the CanSA system for
the MedEXACT@ACL 2026 shared task. Our team
developed three approaches including a training-
free extraction pipeline that combines length pre-
serving text normalization, stable API manage-
ment, and zero shot LLLM inference, a supervised
fine-tuning approach, and a training-free retrieval-
augmented pipeline employing TF-IDF-based lexi-
cal retrieval to surface in-context exemplars from
the development corpus combined with section-
aware chunking, achieving a Final Score of 0.41 on
the official test leaderboard (Rank 34/37). Through
extensive post deadline evaluation on the first
method, we demonstrated the “RAG API Penalty”
where increased payload sizes trigger silent mid
transit connection timeouts and highlighted a sys-
temic Token to Span F1 gap. Our corpus audit links
this boundary fragmentation directly to tokenizer
artifacts at de-identification markers. We conclude
that while frontier LLMs possess strong clinical
semantic capabilities, their deployment in exact
match extraction tasks requires stability-first engi-
neering and necessitates tokenizer aware corpus
curation for future clinical benchmarks.
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Ethics and Data Statement

This work uses the MIMIC III critical care
database (Johnson et al., 2016), which is a re-
stricted dataset requiring credentialed access via
PhysioNet. All analyses were conducted in compli-
ance with the MIMIC III data use agreement. No
patient re identification was attempted. The Med-
Dec annotations (Elgaar et al., 2024) are publicly
available for research purposes.
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Abstract

Extracting structured clinical information by se-
lecting a text span from long medical discharge
summaries using Natural Language Processing
(NLP) poses difficult challenges. Heterogene-
ity of the text, semantic overlap of the deci-
sion categories, and uncertainty in identifying
boundaries of text span aligned with highly
unbalanced labels. Contribute to these chal-
lenges, the MedExACT competition in BioNLP
@ ACL 2026 formulates the medical concept
and text span extraction problem from unstruc-
tured text as a classification task over nine
DICTUM decision categories. Unstructured
ICU discharge summaries are used from the
MedDec dataset, for solution approach across
eight demographic subgroups. We propose a
two-stage data processing approach for the text
span extraction and classification task where
Stage 1 performs document-level sequence la-
beling with a pipeline composed of a RoOBERTa-
base, a Bidirectional Gated Recurrent Unit (Bi-
GRU), and a Conditional Random Field (CRF).
Stage 2 applies a local span refinement mod-
ule which revisits each candidate span to ad-
just both category assignments and boundary
offsets. Our framework achieves a final score
of 0.5668 which substantially outperforms the
provided baseline. Ablation results further sug-
gest that BiGRU-based contextual consolida-
tion improves CRF-based decoding in text span
extraction and classification.

1 Introduction

Discharge summaries in electronic health records
provide a rich source of clinical information for
decision-making. However, the heterogeneity of
the text, semantic overlap of the decision cate-
gories, and uncertainty in identifying text bound-
aries corresponding to highly unbalanced labels
make automatic extraction of text for decision sup-
port extremely challenging. The MedExXACT (EI-
gaar et al., 2026) competition in BioNLP @ ACL
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School of Computing
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2026 formulates medical concept and text span ex-
traction as a classification task over the MedDec
dataset (Elgaar et al., 2024), the task requires sys-
tems to jointly detect decision spans and assign
each span to one of nine DICTUM categories (Ofs-
tad et al., 2016), while evaluating robustness of the
approach across multiple demographic subgroups.
This setting poses three compounding challenges
as discharge summaries often exceed encoder con-
text windows, DICTUM categories overlap seman-
tically, and the stringent exact-match criteria render
minor boundary offsets as complete span-level fail-
ures.

To address these challenges, we propose CAS-
PAR, a two-stage approach to here. Stage 1 im-
plements a pipeline with the deep learning back-
bone of a RoBERTa-base, a Bidirectional Gated
Recurrent Unit (Bi-GRU), and a Conditional Ran-
dom Field (CRF), to improve contextual repre-
sentation learning for document-level span detec-
tion. To further improve the precision of span
boundary detection, we introduce a lightweight
span refinement module in Stage 2, which revis-
its each candidate span to correct both the cate-
gory assignment and boundary offsets. Our sys-
tem ranks 10th among the submissions from 37
competing teams (Final Score: 0.5668), substan-
tially outperforming the organizer baseline. The
source code for CASPAR is available at https:
//github.com/schorm/caspar-medexact.

2 Related Work

Recent NER research largely builds on token-level
sequence labeling, where each token is assigned a
BIO-, BILOU-, or related tag (Ramshaw and Mar-
cus, 1995; Ratinov and Roth, 2009). In biomed-
ical NER, this remains a central baseline formu-
lation. Verma et al. (2023) organize mainstream
biomedical NER approaches into simple token clas-
sifiers, CRF-based sequence labeling, and span
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prediction. CRF-based decoders remain widely
used to impose local label-transition constraints
on top of contextual encoders (Huang et al., 2015;
Jonker et al., 2024). In biomedical settings, token-
level formulations also underpin strong practical
systems such as AIONER (Luo et al., 2023), and re-
cent cross-corpus tools such as HunFlair2 (Sénger
et al., 2024). More recent works address dataset
inconsistency and generalization issues within the
sequence-labeling paradigm (Ruano et al., 2025).

Beyond token-level tagging, alternative formu-
lations have been proposed to better model en-
tity boundaries and span-level structure. Query-
based and span-oriented methods include PIQN,
which uses parallel instance queries for entity
extraction (Shen et al., 2022), and BINDER,
which models span—type matching through a con-
trastive bi-encoder formulation (Zhang et al., 2023).
Two-stage and span-aware variants further empha-
size boundary recovery including Locate and La-
bel (Shen et al., 2021), document-level span fu-
sion in ScdNER (Wei and Li, 2023), and boundary-
aware generation in DiffusionNER (Shen et al.,
2023). Tang et al. (2023) note that span-based
methods can suffer from imbalanced span candi-
date spaces and difficulties in accurate boundary
modeling.

Biomedical and clinical NER remains particu-
larly challenging because texts are terminology-
dense, annotation schemes often differ across
datasets, and label spaces can be fine-grained and
semantically overlapping. Recent work highlights
these challenges from multiple angles, including
annotation inconsistency across corpora (Ruano
et al., 2025), large fine-grained label spaces (Yang
et al., 2023), and the need to generalize beyond
fixed entity inventories (Cocchieri et al., 2025). In
medical decision extraction, these issues become
even more pronounced. Elgaar et al. (2024) show
that strong baselines still struggle under strict span-
level evaluation; stronger token-level predictions
do not necessarily translate into better exact-match
span recovery, and adding CRF does not improve
the baseline. These observations motivate our focus
on contextual consolidation before CRF decoding
and explicit second-stage span refinement.

3 Methodology

Figure 1 presents an overview of our proposed
two-stage framework. Stage 1 performs document-
level sequence labeling to detect candidate deci-

sion spans and assigns preliminary category labels.
Stage 2 subsequently revisits each candidate span
independently and refines its prediction using local
context, correcting both category assignments and
span boundaries. The two stages are trained sepa-
rately, with Stage 2 taking the outputs of Stage 1
as its input.

The text span extraction and classification task
is formulated as follows. Given a discharge sum-
mary D), the model predicts a set of labeled de-
cision spans S = {(s;,e;,¢;)}, where s; and e;
denote the start and end token indices of span ¢,
and ¢; € C denotes one of the nine following DIC-
TUM categories: Contact related, Gathering infor-
mation, Defining problem, Treatment goal, Drug
related, Therapeutic procedure, Evaluating test re-
sult, Deferment, and Advice/precaution (Ofstad
et al., 2016). The task therefore requires the model
to jointly localize decision evidence in free text
and assign each extracted span to the correct cat-
egory. Following common practice in biomedical
NER, we cast the problem as token-level sequence
labeling with BIO tags over the label space

Y ={B-¢,I-c,0|ce C}

where B-c marks the beginning of a span of cate-
gory ¢, I-c marks its continuation, and O denotes
tokens outside any decision span.

3.1 Stage 1: Document-Level Sequence
Labeling

Discharge summaries are typically unstructured
and often exceed the maximum input length sup-
ported by pretrained encoders. To preserve as much
surrounding context as possible, we adopt a sliding-
window strategy that partitions each document into
overlapping chunks, which are encoded indepen-
dently.

Given a discharge summary tokenized into a se-
quence of n tokens, D = {w;,...,w,}, where
w; denotes the ¢-th token, we partition the docu-
ment into M overlapping windows, denoted by
{XU}M, | where each chunk X) contains at
most m tokens based on a fixed maximum win-
dow length shared across all windows. For each
chunk, which is padded to length m when nec-
essary, the encoder first produces contextualized
token representations:

H%9) = Encoder(XW)) e R™ (1)

where d denotes the hidden dimensionality of
the encoder.
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Figure 1: Architecture of CASPAR, our two-stage framework for medical decision span extraction and classification.
Stage 1 performs document-level sequence labeling to produce candidate spans. Stage 2 applies local span refinement
to correct category assignments and span boundary detection.

To further consolidate sequential dependencies
before structured decoding, we pass these represen-
tations through a single-layer bidirectional GRU:

HY = BiGRU(H®)) e ™4 (2)

The resulting hidden states are then projected to
token-level logits over the BIO label set ):

EY = HOW, + b, EU ¢ pmxVl (3)

where W, € RV and b, € R are learnable
projection parameters.

Since each document token may appear in
multiple overlapping windows, we reconstruct
document-level predictions by fusing the emission
logits across windows. Let w; denote the ¢-th token
in the original discharge summary D. Each window
X ) corresponds to a contiguous segment of the
original document, covering token positions from
a;j to bj. Let W(t) denote the set of all windows
that contain token wy, i.e.

W(t) ={jla; <t <bj}. )

For each such window j € W(t), the local po-
sition of token w; within window X () is defined
as

pi(t) =t —a; +1. 5)

We then compute the fused emission logits for

token wy as

(4)
= ZjeW(t) O‘jiEpj(t)
E; = . (6)
D jew(t) Yt

Here, «; is a triangular weight that attenuates
predictions made near window boundaries. For a
window of length m;, with € = 0.1, center ¢; =
(mj+1)/2, and radius r; = max(c; —1, mj—c¢;),
we define

Qj¢ = max (e, 1- 7“9] (®) = CJ|> . @)
rj
Thus, predictions near chunk boundaries contribute
less to the final document-level representation.
Finally, we apply a global CRF decoder over
the fused logits to obtain the document-level BIO
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tag sequence, where ) is the token-level BIO label
space defined above, and )" denotes the set of all
possible length-n BIO tag sequences

§j = arg max Scorecrr (E, ). (8)
yeyn
Here, the CRF combines token-level emission
scores with learned transition scores between ad-
jacent labels, enabling globally consistent BIO de-
coding.

3.2 Stage 2: Local Span Refinement

Each Stage 1 candidate span S, = (84, €4, ¢) is
further processed by a lightweight local refinement
module. Rather than re-encoding the full document,
Stage 2 revisits each candidate in a local window.
Given a document of length n tokens, we expand
the predicted span by k context tokens on both left
and right sides:

r; = min(n, & + k)
(€))
The resulting token interval [l;, ;] is mapped
back to the original character offsets to extract the
corresponding local text, which is then re-tokenized
for the encoder model. The predicted span bound-
aries are aligned to the re-tokenized local sequence
via the corresponding character offsets, yielding the
local boundary indices plL and le. This yields con-
textual token representations H. }OC € RLixd where
L; is the local sequence length after tokenization.
Followed the local processing module As shown
in Fig. 1, from H }OC, we derive three feature repre-
sentations as following a global context represen-
tation h¢' = H1°°[0] from [CLS] pooling; a span
representation

1
hspan — Hloc [t] ,
g | M;| tg\;i !

l; = max(1, §; — k),

(10)

obtained by mean-pooling over the predicted span
tokens within the local window, where piL and pZR
denote the local token indices of the predicted left
and right span boundaries, respectively, and

,pi}

is the set of local token indices covered by the i-th
predicted span; and a boundary representation

Mi:{pf,pf—kl,...

nPY = [HIpH; HepR]], A1)

formed by concatenating the hidden states at the
predicted left and right span boundaries.

These representations are consumed by a cate-
gory head, two boundary heads, and two binary
gate heads, where the gate heads predict whether a
boundary correction should be applied on the left
and right sides, respectively.

0§ = Weat [hgls; h?pan] =+ beat

7

(12)

where 0§ € RICl, h¢®s € R4, hiP™ ¢ R, and
|C| is the number of decision categories.

The left and right boundary heads operate on
h?dry and predict discrete offset classes over a label
space of size 20max + 1:

of = WrhP™ 4 b, off = WrhP™ +bp

(13)
where h>YY € R, W, Wr € R(Zomaxt1)x2d
and 0.« 1S the maximum allowable offset for
boundary predictions.

To construct Stage 2 training instances, we run
Stage 1 on the training split and retain each pre-
dicted span that has a token-level IoU > 0 with
at least one gold span. For each retained candi-
date, the matched gold span (s;, e;, ¢;) defines the
boundary offsets

AiL:SZ‘—gi, AR:ei—éi

)

(14)

which are clipped to [—dmax, dmax] to keep the pre-
diction space tractable. The category head is op-
timized with label-distribution-aware margin loss
(LDAM) (Cao et al., 2019) to mitigate class imbal-
ance, while boundary and gate heads are trained
with standard cross-entropy. The gate loss Lgate
is defined as the average of the left and right gate
classification losses. The joint objective is

L= Ecat“‘)\b' % (Eleft“‘ﬁright) +>\g'£gate- (15)

At inference time, category refinement is always
applied, whereas boundary correction is applied
only when both the boundary-head confidence and
the gate probability exceed predefined thresholds
7, and 74, respectively.

Denoting the accepted offsets as Af and AZR,
the refined span is

si=8+AF e =+AF  (16)

Finally, refined spans are aggregated at the
document level. Rather than score-based sup-
pression, we merge spans of the same cate-
gory that overlap or are directly adjacent, sorting
by (category, start, end) and merging consecutive
same-category spans whenever the next span starts
no later than the end of the previous.
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Race Gap Heatmap for (Error Type, Category)

Cell value: subgroup error rate (num/den). Right side: high-low gap in percentage points.
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Figure 2: Error-type disparity heatmap across racial subgroups.

3.3 Implementation Details

We follow the official MedExACT shared-task data
split (Elgaar et al., 2026) and use the provided
training and validation partitions throughout the
experiments. As gold labels for the test set remain
proprietary to the task organizers, local evaluation
is restricted to the validation split. Consequently,
all reported test results are derived exclusively from
the official leaderboard following system submis-
sion.

All experiments use ROBERTA-base (Liu et al.,
2019) with m=512 maximum length window as
the text encoder. Stage 1 is trained for 10 epochs
with an encoder learning rate of 1 x 1075, a task-
head learning rate of 5 x 1075, and a batch size of 8.
Stage 2 uses an independently initialized RoOBERTa-
base encoder which is trained for 10 epochs using
the same learning rates with a batch size of 32. The
local window expands each candidate span by 32
tokens on both sides before re-tokenization, and
the local encoder input is truncated to a maximum
length of 128 tokens. Boundary offsets are dis-
cretized with 0. = 3, yielding 7 offset classes
per boundary head. On training-set matched candi-
dates, £3 tokens cover 92.6%/93.2% of left/right
boundary errors (86.8% jointly). The boundary
loss weight )\ is set to 1.0, the gate loss weight

Ag t0 0.2, the boundary confidence threshold 7, to
0.6, the gate probability threshold 7, to 0.5, and the
merge gap to 0.

3.4 Main Results

Table 1 reports the official MedEXACT test results.
CASPAR achieves a Final Score of 0.5668 on the
shared-task leaderboard. For reference, we also
report the mean and median scores across the 37
visible leaderboard submissions. Compared with
the organizer baseline, CASPAR substantially im-
proves Span F1 (0.5060 vs. 0.348).

In addition to the results from official leader-
board, Table 2 reports the repeated-run validation
performance of CASPAR as mean = standard devi-
ation together with 95% confidence intervals which
confirms the reliability of CASPAR and demon-
strates that its gains are not artifacts of random
initialization.

3.5 Ablation Study

Table 3 presents validation results across system
variants. Adding BiGRU before CRF yields a sub-
stantial gain in Final Score (+8.0pp), suggesting
that contextual consolidation makes CRF decoding
more effective for boundary-sensitive prediction.
This finding also helps explain why CRF alone
provides only limited gains, consistent with the
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Dominant Category by Error Type

Bar height: error count in dominant category; color: category id
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Figure 3: Dominant decision category by error type. Bar height shows the error count in the dominant category, and
color indicates the category. Categories correspond to the nine DICTUM labels: Contact related (C1), Gathering
information (C2), Defining problem (C3), Treatment goal (C4), Drug related (C5), Therapeutic procedure (C6),
Evaluating test result (C7), Deferment (C8), and Advice/precaution (C9).

System Final WG  SpanF1 Token F1 System Final SpanF1 Token F1
Ist place 0.5965 0.5886  0.5419 0.6667 RoBERTa (only) 0.4359  0.3939 0.5601
LB median 0.5331 0.5210  0.4605 0.6487 RoBERTa + CRF 0.4378  0.4065 0.5757
LB mean 0.5118 0.4983  0.4320 0.6193 + BiGRU (Stage 1) 0.4649  0.4396 0.5961
Baseline' - - 0.348 - + Stage 2 (full) 0.4998 0.4873 0.6249
CASPAR  0.5668 0.5602  0.5060 0.6409

Table 1: Official MedExACT test results. LB median =
the Median of the results from MedEXact Leaderboard,
LB mean = the mean of the results from MedEXact
Leaderboard, Final = Final Score, WG = Worst-Group
F1 which following the MedExACT evaluation metric.

Metric Mean + Std 95% CI
Final Score 0.5007 + 0.0073 4 0.0064
WG Score (Hispanic) 0.4443 +£0.0129 + 0.0113
BG Score (Female) 0.5759 + 0.0010 =+ 0.0009
Span F1 0.4872 + 0.0008 =+ 0.0007
Token F1 0.6271 + 0.0040  + 0.0035

Table 2: Run-to-run stability of CASPAR measured over
five validation runs using different random seeds (42,
13, 21, 84, and 100), and where WG = Worst-Group and
BG = Base-Group.

observations of Elgaar et al. (2024). Stage 2 re-
finement further improves prediction performance,
with a more modest gain in the Final Score.

4 Discussion

Figure 2 shows that racial subgroup disparities
are associated with different error patterns. His-
panic patients exhibit the highest label confusion
rate (31.69%), mainly between semantically over-

Table 3: Ablation results based on the validation set of
MedExACT competition benchmark.

lapping categories such as Therapeutic Procedure
(cat 6) and Defining Problem (cat 3). For example,
“NG lavage with coffee ground and brown clot” is
repeatedly predicted as cat 3 despite being anno-
tated as cat 6. African American patients show the
highest under-span rate in cat 3 (27.8%), where
clinically meaningful qualifiers are truncated, as
in “AFib on coumadin” being reduced to “AFib”.
By contrast, the Other group has the highest miss
rate (6.35%), indicating a stronger recall problem.
Overall, these results suggest that subgroup dispar-
ities in this task arise from different combinations
of category ambiguity, boundary truncation, and
recall loss.

Additionally, From Table. 1, the gap between to-
ken F1 score (0.64) and span F1 score (0.51) high-
lights a structural mismatch between token-level
BIO modeling and exact-match span evaluation.
As shown in Figure 3, under-span and over-span er-
rors dominate (24.21% and 19.88%, respectively),
while label confusion (overlap_diff_label) is
concentrated in cat 6 (26.1%). As a result, even
small boundary deviations such as retaining a trail-
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Subgroup Performance
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Figure 4: Subgroup-level performance across demographic groups. Token F1 consistently exceeds Span F1 for all
subgroups, with the largest gap observed in Hispanic patients (Token F1: 0.519 vs. Span F1: 0.368), reflecting the
challenge of exact span boundary recovery under demographic distribution shift.

ing punctuation mark or dropping a leading deter-
miner lead to complete span-level errors. This is
partly due to the BIO formulation itself, predict-
ing 2|C| + 1 labels over a multi-class tag space
increases task complexity and offers only indirect
supervision for recovering span boundaries as com-
plete units. The reasons for this observation is
that the model frequently suffers from boundary
expansion and category drifting. For instance, in
detecting cat 6 co-occurring are often merged med-
ications (e.g., swallowing “combivent neb” into
a preceding drug phrase) or procedures are not
properly isolated from their narrative context (e.g.,
expanding “CTA” into the entire event description).
These cases demonstrate that while the model ef-
fectively locates the general vicinity of Therapeutic
Procedure (cat 6) entities, it fails to filter out re-
dundant contextual noise. Consequently, the model
frequently conflates core denoting medical tokens
procedure with adjacent narrative descriptions or
co-occurring phrases, leading to imprecise bound-
aries and degraded span-level performance.

The CASPAR pipeline relies on BIO-based
token-level prediction for span detection, which
introduces an inherent mismatch with strict span-
level evaluation. As shown in Figure 4, strong
performance at the token level does not necessar-
ily translate to precision in span recovery based
on exact-match (EM) criteria. The Non-English
subgroup achieves the highest Token F1 (0.641)
but only a moderate Span F1 (0.467), while the
Other subgroup attains comparable span-level per-

formance despite much weaker token-level pre-
dictions. It suggests that token-level supervision
alone is insufficient for fully capturing precise span
boundaries. This discrepancy arises primarily be-
cause most failed recoveries are not due to missed
detections, but rather flawed span boundaries. As
illustrated by the Defining problem (C3) category in
Figure 3, which exhibits the highest rate of under-
span errors, the model tends to prioritize high-
confidence keywords that define the problem while
neglecting the complete boundary of the span.

A complementary limitation arises from the de-
sign of Stage 2. Because training instances are
constructed from Stage 1 predictions that have
token-level IoU greater than O with a gold span,
the refinement module is trained exclusively on
partially correct candidates. As a result, Stage 2
cannot explicitly suppress false-positive spans pro-
duced by Stage 1, nor can it recover spans that
Stage 1 missed entirely. This structural constraint
provides a principled explanation for why Stage 2
yields meaningful but modest gains in the ablation
study (Table 3). It improves boundary precision
and category assignment within the set of retrieved
candidates, but leaves recall errors inherited from
Stage 1 unaddressed. A natural direction for future
work is to incorporate false-positive rejection and
span proposal generation directly into the refine-
ment stage, so that Stage 2 can correct a broader
range of Stage 1 errors.
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5 Conclusion

We present a two-stage pipeline for medical de-
cision span extraction and classification. Stage
1 combines a sliding-window text encoder with
BiGRU and CRF to produce document-level can-
didate spans, while Stage 2 applies a lightweight
local refinement module to correct category assign-
ments and span boundaries per candidate. Our
system achieved a final score of 0.5668. Results
from the ablation study confirm that BiGRU consol-
idation is critical for effective CRF decoding. The
error analysis shows that demographic subgroup
disparities are driven by different combinations of
category confusion and boundary truncation. More-
over, the persistent gap between the token-level
and span-level performance highlights an inherent
limitation of BIO-based formulations under exact-
match evaluation. A natural direction for future
work is to incorporate span-aware objectives di-
rectly into training, so that the model can optimize
token classification while simultaneously learning
to recover exact span boundaries more reliably. Be-
yond the Stage 1 formulation, extending Stage 2 to
handle a broader range of candidate types, includ-
ing false-positive rejection and recovery of spans
missed by Stage 1 would address the structural re-
call ceiling identified in our analysis and potentially
yield more substantial gains from the refinement
stage.
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Abstract

We present our system for the PsyDefDe-
tect shared task, which focuses on detecting
and classifying psychological defense mech-
anisms in peer emotional support conversa-
tions. Our core contribution is a hierarchical
classification framework that structures predic-
tion as a coarse-to-fine pipeline over a clini-
cally validated label hierarchy, grounded in the
Defense Mechanism Rating Scales (DMRS).
Through systematic experimentation with flat
fine-tuning, few-shot prompting, and hierar-
chical classification, we demonstrate that ex-
plicitly modelling the structured relationships
among defense levels offers a more effective
alternative to flat classification, achieving a
macro F1 of 0.23 on the official test set.

1 Introduction

As digital and transcription-based health records
capture increasing volumes of patient—clinician in-
teractions, there is a growing opportunity to ana-
lyze how mental states and psychological processes
manifest in language (Zimmerman et al., 2022;
Drew et al., 2001). Transcripts of therapy sessions,
clinical interviews, and patient communications
provide rich evidence of cognitive and emotional
patterns that can inform mental health assessment
and care (Ewbank et al., 2021). This offers substan-
tial opportunities to better understand patient expe-
riences and mental states, and to facilitate timely,
accurate, and psychologically informed interpre-
tation of patient communications — essential for
ensuring that individuals feel heard, supported, and
engaged in their care (Drew et al., 2001). Such
data can further support a wide range of mental
health applications, from screening and monitoring
to personalized assistance (Luxton, 2014).

Among the many phenomena expressed in clin-
ical dialogue, psychological defense mechanisms
are of particular importance. Psychological de-
fense mechanisms are unconscious or automatic

strategies that individuals use to manage distress,
reduce emotional conflict, and protect themselves
from anxiety or perceived threats (Freud, 1936;
Vaillant, 1992). Because these mechanisms are of-
ten expressed indirectly in language, they provide a
clinically meaningful target for automatic analysis
of patient text and dialogue (Cramer, 2000).

Recent work on automatically identifying de-
fense mechanisms from text has begun to show that
language models can capture clinically meaningful
defensive cues in dialogue. A notable study ap-
plied RoBERTa-based models (Liu et al., 2019) to
interviewer-participant talk-turn pairs from adult
attachment interview transcripts and demonstrated
that language models can distinguish the presence
of defenses and detect several common mecha-
nisms, including repression, intellectualization, re-
action formation, and undoing (Tasca et al., 2023).
This provides an important proof of concept that
defensive functioning can be modeled computation-
ally from conversational data.

The broader psychodynamic literature offers
a strong theoretical foundation for this task.
The Defense Mechanism Rating Scales (DMRS)
(Di Giuseppe and Perry, 2021) are a clinically
validated, hierarchically organised system for rat-
ing defensive maturity in clinical transcripts, rang-
ing from immature action-based defenses to high-
adaptive coping strategies. Originally developed
for use by trained clinicians, the DMRS have long
been used to assess defensive functioning, and re-
cent work continues to support their relevance in
contemporary assessment and computational anno-
tation settings.

However, despite these advances, automatic
recognition of defense mechanisms from text re-
mains an underexplored problem, particularly in
the setting of supportive conversations and multi-
turn dialogue (Na et al., 2025). The PsyDefDetect
shared task (Na et al., 2026a) addresses this gap
by introducing a benchmark for detecting seven de-
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fense mechanisms plus two auxiliary labels in text,
thereby providing a clinically grounded testbed for
future NLP methods.

2 Background

2.1 PsyDefDetect shared task

The PsyDefDetect shared task (Na et al., 2026a)
introduces a benchmark for the detection and clas-
sification of psychological defense mechanisms in
peer emotional support conversations. The task is
motivated by recent work on computational mod-
eling of defensive functioning in dialogue, which
shows that transformer-based language models can
distinguish the presence of defenses and identify
common mechanisms from conversational data.
PsyDefDetect extends this line of research by pro-
viding an annotated dataset of conversations explic-
itly labeled for defense levels, linked to a clinically
grounded taxonomy based on the DMRS frame-
work.

2.2 Dataset and setup

The dataset, PSYDEFCONYV (Na et al., 2026b), is
derived from a stratified subset of the ESConv cor-
pus (Liu et al., 2021) and contains 200 dialogues
and 4709 utterances, of which 2336 are help-seeker
turns annotated for defensive functioning. Each
instance consists of a multi-turn dialogue and a tar-
get utterance; systems must classify the target into
one of nine categories: seven hierarchical DMRS
defense levels, a No Defenses label for phatic or
functional turns, and a Needs More Information
label for utterances lacking sufficient context. By
providing a structured, publicly available bench-
mark, PsyDefDetect aims to stimulate work on in-
terpretable and clinically meaningful methods for
understanding how individuals express psychologi-
cal distress in language.

3 Methodology

We explore several modeling strategies for detect-
ing psychological defense mechanisms from sup-
portive conversations. First, we investigate stan-
dard supervised learning, where a BERT model
(Devlin et al., 2019) is fine-tuned to classify text
directly into the nine defense-mechanism classes.
This flat classification approach treats all mecha-
nisms as independent labels and does not explicitly
model higher-level groupings or developmental lev-
els.

Second, we consider few-shot prompting of
Large Language Models (LLMs), where the task is
cast as in-context learning rather than fine-tuning.
This approach avoids the need for large annotated
training sets and can capture nuanced patterns via
the model’s pre-existing knowledge of language
and psychology.

Finally, we propose a hierarchical classification
framework grounded in clustering. Rather than
treating the nine defense mechanisms as indepen-
dent labels, we first group them into higher-level
clusters based on semantic and developmental sim-
ilarity. These clusters then structure a hierarchical
classifier that first predicts the level or cluster of de-
fensive functioning before refining the prediction to
the specific mechanism. This approach reflects the
theoretical structure of the DMRS taxonomy and
enables more structured and interpretable modeling
of the task.

Our experimentation utilized a shared university
resource machine with 2 Nvidia A100 GPUs via
KCL CREATE (King’s College London e-Research
team, 2025).

3.1 Approaches
3.1.1 Fine-tuning BERT

We fine-tune a BERT-based encoder for defense-
mechanism classification. Specifically, we use
bert-base-uncased as the backbone model and
apply Low-Rank Adaptation (LoRA) (Hu et al.,
2022) to efficiently adapt the encoder to the tar-
get task. Given the limited size of the annotated
dataset and the clinically nuanced nature of the
labels, parameter-efficient fine-tuning is a natu-
ral choice, as LoRA introduces a small number
of trainable parameters while keeping the original
model weights largely frozen, reducing the risk of
overfitting. A key challenge is that full dialogue
context often exceeds BERT’s 512-token limit and
also contains noise and less relevant turns. We
therefore explore two context representation strate-
gies:

* last-3 turns, where only the three most recent
dialogue turns along with the target utterance
are included as context

» summarised context, where all preceding turns
except the final one are condensed into a sum-
mary using an LLM (Gemma 4B (Team, 2025)
™), which is then concatenated with the final

“https://huggingface.co/google/gemma-3-4b-it
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turn and the target utterance

Both representations are kept within the 512-token
limit. For training, we use the Adam optimizer
with a learning rate of le-4, a dropout rate of 0.25,
and gradient clipping with a maximum norm of 1.0,
with a batch size of 64. The model is trained on an
80-20 train—validation split of the official training
data.

3.1.2 Prompting LLM

We leverage in-context learning via few-shot
prompting, providing a structured prompt that de-
scribes the task, introduces the nine labels with
brief definitions for each class, and includes a small
set of example instances, each containing a dia-
logue segment and its corresponding ground-truth
label. We implement this using MedGemma-4B
(Sellergren et al., 2025), a model optimized for clin-
ical and health-related language, which we hypoth-
esize may better capture the nuanced psychological
language present in emotional support conversa-
tions. Prompt design was iteratively refined based
on empirical performance. Full prompt templates
are provided in Appendix A.4.

3.1.3 Hierarchical classification

In addition to flat fine-tuning and few-shot prompt-
ing, we explore a hierarchical classification strat-
egy designed to reflect the structured nature of the
defense-mechanism space. Rather than treating all
nine labels as independent classes, we first group
them into higher-level clusters before performing
final classification.

To construct these groupings, we apply spectral
clustering (Von Luxburg, 2007) over sentence em-
beddings of the training utterances using an RBF
kernel over the normalised graph Laplacian to ob-
tain label-level clusters. The resulting groupings
were validated by a psychiatrist at South London
and Maudsley NHS Foundation Trust (SLaM) for
clinical plausibility.

The resulting hierarchy, summarized in Ap-
pendix A.2 (Table 2), organizes the nine labels into
three levels of increasing specificity. This coarse-
to-fine pipeline exploits both the natural hierarchy
of defensive functioning and the clinically mean-
ingful relationships among the labels, providing
a more structured alternative to flat classification.
Here as well we use bert-base-uncased as the
classification model. The pipeline consists of a
separate BERT models trained for each node in the
hierarchy, with predictions at each level routing the

input to the appropriate child classifier. Errors at
higher levels propagate to subsequent stages, as no
recovery mechanism is employed.

3.2 Evaluation

We evaluate all systems using F1-score as the pri-
mary metric, following the official PsyDefDetect
evaluation protocol. We additionally report accu-
racy and weighted F1-score to provide a more com-
plete picture of model behaviour across the nine
categories. We report results on both the validation
set (20% of the dev set), and the official test set
evaluated through the CodaBench platform. Val-
idation results are used to guide model selection
and hyperparameter tuning, while test set results
reflect final system performance under the shared
task evaluation conditions.

4 Results
4.1 Fine-tuned BERT

The fine-tuned BERT model achieves moderate
performance on both the validation and test sets.
On the validation split, it obtains a macro F1 of
0.19. On the official test set, performance drops
to a macro F1 of 0.15, suggesting some degree of
overfitting to the development split. These results
suggest that while standard supervised fine-tuning
provides a reasonable starting point, it struggles
to fully capture the nuanced distinctions between
defense mechanisms.

4.2 LLM Prompting

The prompting-based approach performs worse
than fine-tuned BERT on both splits. On the entire
development set (no training required), it reaches a
macro F1 of 0.12, and on the official test set, per-
formance is comparable at 0.13. This indicates that
few-shot prompting alone is not sufficient for reli-
ably identifying defense mechanisms in this task,
likely because the label space is clinically subtle
and the examples are highly heterogeneous.

4.3 Hierarchical BERT

Hierarchical BERT is the strongest-performing ap-
proach across both validation and test evaluations.
On the validation split, it achieves a macro F1 of
0.24, achieving the rank of 17/21 registered teams,
outperforming both the fine-tuned BERT and LLM
prompting approaches. On the test set, it again
ranks highest with an F1 of 0.23. These results sug-
gest that explicitly modelling the structure among
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Table 1: Overall performance across approaches on the validation and test sets

Model Micro

Macro Weighted

Recall Precision F1 Recall Precision F1 Recall Precision F1

Validation set performance

Fine-tuned BERT 0.38 0.38 0.38 0.18 0.19 0.19 0.33 0.38 0.35
LLM * 0.31 0.31 0.31 0.14 0.13 0.12 0.31 035 032
Hierarchical BERT 0.47 048 047 0.26 0.24 0.24 048 0.61 0.52
Test set performance
Model Recall Precision F1
Fine-tuned BERT 0.17 0.26 0.15
LLM 0.16 0.17 0.13
Hierarchical BERT 0.25 0.29 0.23

* Evaluation results on entire dev set

defense mechanisms is beneficial and that hierar-
chical classification offers a more effective way to
represent the label space than flat prediction.

Level-wise evaluation, provided in Appendix
A.3 (Table 3), reveals that the hierarchy performs
strongly at coarse discrimination but degrades at
finer granularities, suggesting that distinguishing
between specific mechanisms within a cluster re-
mains the key challenge. Additionally, the confu-
sion matrices for all approaches are also provided
in Appendix A.1.

5 Discussion

Our approach to the PsyDefDetect shared task
evolved through several iterations, each motivated
by the limitations of the previous. We began
with a flat fine-tuned BERT classifier, which pro-
vided a reasonable starting point but exposed a key
weakness: the model heavily biased toward fre-
quent classes, particularly No Defenses and High-
Adaptive Defenses, while failing entirely to predict
the Needs More Information label. This suggests
that standard supervised fine-tuning struggles to
handle the class imbalance inherent in the PSYDE-
FCONV dataset.

We then evaluated a few-shot prompting ap-
proach using MedGemma-4B, and while this
avoided the need for fine-tuning, it proved even
more prone to prediction collapse, effectively re-
ducing the label space to a handful of classes and
ignoring clinically distinct mechanisms such as
Minor Image-Distorting and Neurotic defenses en-
tirely. This indicates that few-shot prompting alone
is insufficient for a task requiring fine-grained,

context-dependent clinical judgment.

These observations motivated our hierarchical
classification framework, which explicitly models
the structured relationships among defense levels
rather than treating all labels as independent. By
introducing coarse-to-fine prediction grounded in a
clinically validated label hierarchy, this approach
achieved the strongest performance across both
development and test evaluations. Notably, the
hierarchical approach produced more balanced pre-
dictions across the label space compared to flat clas-
sification, though rare and clinically subtle classes
remained challenging across all systems.

Compared to the best results reported in the
dataset paper (Na et al., 2026b), where a macro F1
of 0.31 is achieved, our results highlight the diffi-
culty of this task and suggest that further gains may
require richer contextual representations, larger
models, or more sophisticated handling of class
imbalance.

6 Conclusion & Future Work

This paper presents a hierarchical classification
framework for detecting psychological defense
mechanisms in the PsyDefDetect shared task, in-
corporating LLM-based dialogue summarisation to
handle long conversational contexts.

By structuring prediction as a coarse-to-fine
pipeline over a psychiatrist-validated label hierar-
chy, our approach achieves a F1 of 0.23 on the
official PsyDefDetect test set, outperforming both
flat fine-tuning and few-shot prompting baselines.
The results demonstrate that explicitly modelling
the structured relationships among defense levels
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offers a more effective and interpretable alternative
to flat classification for this clinically nuanced task.

Our future work will focus on addressing class
imbalance and exploring domain-adapted mental
health language models to better capture subtle
defensive cues.

Limitations

Our work presents a hierarchical classification
framework for the PsyDefDetect shared task, eval-
uated on both a development split and the official
unseen test set. However, the proposed system is
limited in a number of ways.

First, all three approaches struggle with class
imbalance in the PSYDEFCONYV dataset, where
High-Adaptive Defenses account for over 50% of
annotated turns. This leads to prediction bias to-
ward frequent classes and poor performance on rare
but clinically important categories such as Major
Image-Distorting and Neurotic defenses.

Second, the dataset is relatively small, compris-
ing 200 dialogues drawn from a single corpus of
peer emotional support conversations. This limits
the generalisability of our findings to other clinical
settings, such as formal psychotherapy or psychi-
atric interviews, where defensive functioning may
manifest differently.

Third, the hierarchical pipeline chains indepen-
dent classifiers with hard decisions at each level,
meaning that misclassifications at coarser levels
propagate to finer levels with no recovery mech-
anism. Future work could explore soft or joint
training approaches to mitigate this.

Finally, deployment of such systems in real clini-
cal environments would require careful attention to
data privacy, regulatory compliance (e.g. GDPR),
and the ethical implications of automated psycho-
logical assessment, particularly given the sensitiv-
ity of mental health data.
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A Appendix

A.1 Confusion Matrices
A.1.1 Fine-tuned BERT
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A.1.3 Hierarchical classifier
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A.2 Hierarchical label clustering

Table 2: Hierarchical label clustering used in the three-level classification pipeline

Level Cluster Classes
Auxiliary No Defenses, Needs More Info
Level 1 High-Adaptive High-Adaptive Defenses
Maladaptive Action, Major Image Distorting, Dis-

avowal, Minor Image Distorting, Neu-
rotic, Obsessional

Auxiliary — N/A (terminal) No Defenses, Needs More Info
Level 2 Maladaptive — Externalizing / Image-Distorting Action, Major Image Distorting, Minor
Image Distorting
Maladaptive — Avoidant / Internal-Regulating  Disavowal, Neurotic, Obsessional
Level 3 Externalizing / Image-Distorting — N/A (terminal) Action, Major Image Distorting, Minor

Image Distorting

Avoidant / Internal-Regulating — N/A (terminal) Disavowal, Neurotic, Obsessional

A.3 Hierarchical classification level-wise results

Table 3: Level-wise results for hierarchical classifier

Level Recall Precision F1

Validation set performance

Level 1 0.56 0.6 0.56

Level 2 - Auxiliary  0.71 0.97 0.79
Level 2 - Maladaptive 0.71 0.7 071

Level 3 - Externalizing 0.56 0.6 057
Level 3 - Avoidant 0.53 0.53 0.5

A4 Prompt for LLM

nnn

<bos><start_of_turn>user You are a emotional conversation expert. Your task is to classify the given
conversation into one of the below given classes.

# Instructions:

1) The input will include a transcript of what the seeker is saying to the supporter.

2) Classify these into the given classes by taking into account information from the text, you
will have to infer it, the information won’t be directly present.

3) Give reasoning on why you have chosen the class, explaining why it makes sense and pointing
out key evidence.

4) The output must be ’label’ and ’reasoning’ as the two keys in a json format.

5) Respond only with the label and reasoning, do not include additional commentary.

# Classes:

@: No Defenses; Mechanism: N/A; Definition: Functional utterances that maintain conversational
flow without engaging conflict.

1: Action Defenses; Mechanism: Passive Aggression, Help-Rejecting Complaining, Acting Out;
Definition: Distress is released by acting on the environment instead of reflecting.

2: Major Image-Distorting; Mechanism: Splitting (self/other), Projective Identification;
Definition: Reduces anxiety via all-good/all-bad distortions of self or other.
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3: Disavowal Defenses; Mechanism: Denial, Rationalization, Projection, Autistic Fantasy;
Definition: Rejects threatening reality by denying, excusing, blaming, or fantasizing.

4: Minor Image-Distorting; Mechanism: Devaluation/Idealization (self or other), Omnipotence;
Definition: Softer distortions temporarily inflate or deflate self-esteem.

5: Neurotic Defenses; Mechanism: Repression, Dissociation, Reaction Formation, Displacement;
Definition: Keeps unacceptable motives out of awareness; feelings surface indirectly.

6: Obsessional Defenses; Mechanism: Isolation of Affect, Intellectualization, Undoing; Definition:
Uses excessive logic or symbolic acts to separate feelings from events.

7: High-Adaptive Defenses; Mechanism: Affiliation, Altruism, Anticipation, Humor, Self-Assertion,
Self-Observation, Sublimation, Suppression; Definition: Mature coping that integrates
emotion and thought to channel affect constructively.

8: Needs More Information; Mechanism: N/A; Definition: Label used when an utterance is too
ambiguous or lacks context.

Question: Classify this text for me?
Input: {text}
<end_of_turn> <start_of_turn>model

nnn

163



DAL Team at PsyDefDetect: From Supervised Encoders to Hierarchical
LLM-RAG for Psychological Defense Detection

Duc-Luong Tran!, Phuong-Anh Chu', Hoang-Dat Do!, Tu-Phuong Mai',
Duy-Cat Can'??, Hoang-Quynh Le!*
'Faculty of Information Technology, VNU University of Engineering and Technology, Vietnam
2Platform of Bioinformatics, Lausanne University Hospital, Switzerland
3Faculty of Biology and Medicine, University of Lausanne, Switzerland
(22021148, 23020324, 24020060, 21020552, lhquynh}@vnu.edu.vn
duy-cat.can@chuv.ch

Abstract

The PsyDefDetect shared task focuses on clas-
sifying nine psychological defense mechanisms
in multi-turn dialogues, a problem complicated
by severe label imbalance and the implicit,
context-dependent nature of defenses. In this
work, we investigate several approaches for
dialogue-level defense detection, including su-
pervised baselines and large language model
(LLM)-based pipelines. Our primary system is
a retrieval-augmented LLM framework with hi-
erarchical prediction and lightweight heuristics
for decision calibration. Experiments on the
PSYDEFCONYV dataset show that LLM-based
methods improve overall performance com-
pared to supervised baselines, but still struggle
with fine-grained distinctions, especially for
minority labels. These findings highlight the
challenges of modeling implicit psychological
constructs in dialogue.

1 Introduction

Psychological defense mechanisms are automatic,
unconscious processes that regulate responses to
emotional conflict (Perry, 2014). They influ-
ence both clinical outcomes (Mrozowicz-Wronska,
2023) and user behaviors in emotional support con-
versations (ESC) (Na et al., 2026b; Di Giuseppe
et al., 2024). While NLP has successfully mod-
eled explicit constructs like empathy and senti-
ment (Shetty et al., 2024; Liu et al., 2021), psy-
chological defenses remain challenging because
they are highly implicit, pragmatic, and context-
dependent (Na et al., 2025). Unlike emotions with
distinct lexical triggers, defensive behaviors evolve
dynamically across multi-turn dialogues, rendering
conventional single-utterance classification insuffi-
cient.

To bridge the gap between clinical theory and
NLP, the PsyDefDetect shared task (Na et al.,

* Corresponding author.

2026a) introduces a framework for classifying de-
fensive functioning in multi-turn dialogues using
the DMRS taxonomy (Di Giuseppe and Perry,
2021). Beyond the latent nature of the task, au-
tomated detection on the PSYDEFCONYV corpus
faces two major structural challenges: (i) severe
label imbalance driven by the natural prevalence of
mature defenses, and (ii) long, noisy conversational
histories that make contextual modeling difficult,
as dense and extensive contexts often trigger infor-
mation degradation in language models (Liu et al.,
2024).

These challenges expose limitations of conven-
tional supervised models, whose reliance on lim-
ited and imbalanced training data prevents them
from capturing the subtle, context-dependent prag-
matics of implicit defenses. More importantly, they
highlight a deeper mismatch between the nature of
psychological defenses and the assumptions of flat
classification models. To address this, we leverage
the external knowledge encoded in Large Language
Models (LLMs) through a retrieval-augmented
framework for dialogue-level inference.

Our primary approach is a retrieval-augmented
LLM pipeline that operates at the dialogue level. It
decomposes predictions into a coarse-to-fine hier-
archy and integrates lightweight heuristics to im-
prove robustness. In addition, we incorporate hy-
brid supervised—LLM filtering to handle frequent
labels and a summary-based distillation module to
compress noisy conversational contexts.

2 Related Work

Prior NLP work has mainly focused on explicit
affective signals such as sentiment and empathy,
which are often modeled with sequence classifi-
cation (Rashkin et al., 2019; Sharma et al., 2020;
Liu et al., 2021). More recent studies have moved
toward more latent cognitive constructs, such as
cognitive distortions (Maddela et al., 2023; Chen
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et al., 2023). Psychological defense mechanisms
are even more implicit, pragmatic, and context-
dependent (Na et al., 2025; Perry, 2014), espe-
cially in multi-turn dialogue where meaning un-
folds across turns. This makes single-utterance
classification insufficient and increases the need for
dialogue-level modeling. In such settings, super-
vised models trained on limited and imbalanced
data often struggle to capture the functional role of
an utterance in context.

Large language models (LLMs) have shown
strong potential in mental health applications (Yang
et al., 2023; Xu et al., 2024) and related clini-
cal language tasks (Galatzer-Levy et al., 2023).
Their broad linguistic and world knowledge makes
them attractive for low-data, context-dependent
problems. However, prior work in psychotherapy-
related NLP often formulates prediction as static
label assignment over isolated instances (Tu et al.,
2024; Bao et al., 2024), which is not well aligned
with the dynamic and hierarchical nature of psy-
chological processes (Na et al., 2025; Di Giuseppe
and Perry, 2021). These limitations motivate more
structured, dialogue-aware LLM pipelines for de-
fense detection.

Retrieval-Augmented Generation (RAG) is
widely used to ground LLM predictions by provid-
ing relevant examples or contextual evidence (Gao
et al., 2024). In dialogue understanding, retrieval
can improve prediction stability, but semantic sim-
ilarity alone may be insufficient for latent psy-
chological constructs, where similar utterances
can serve different pragmatic functions depending
on context (Bender and Koller, 2020). Likewise,
heuristic cues may offer high-precision signals
for explicit patterns, yet often generalize poorly
to subtle or evolving behaviors (Chancellor and
De Choudhury, 2020), motivating retrieval designs
that incorporate richer discourse-level context and
lightweight calibration.

3 Methodology

We tackle PsyDefDetect under two key challenges:
severe label imbalance and the implicit, context-
dependent nature of psychological defenses. In
addition, the task involves multi-turn dialogues,
where defensive behaviors are often expressed
through subtle pragmatic cues and depend heav-
ily on preceding context, making single-utterance
classification insufficient.

To address these challenges, we investigate

four methodological approaches. Approach 1
establishes supervised dialogue-level baselines.
Approach 2, our core contribution, develops a
retrieval-augmented LLM pipeline to utilize the in-
ternal clinical knowledge of LLMs for identifying
latent psychological patterns. Building upon this,
Approach 3 extends the framework into a hybrid
supervised—LLM pipeline. Finally, Approach 4 in-
troduces an auxiliary summary-based distillation
strategy.

3.1 Approach 1: Supervised Encoders
(Baseline)

We establish a supervised baseline using a
RoBERTa-LSTM dialogue encoder, where each ut-
terance from both seeker and helper is first encoded
via RoBERTa, and an LSTM aggregates these se-
quential representations into a dialogue-level em-
bedding for classification. This hierarchical en-
coding is particularly suited to PsyDefDetect, as
defense mechanisms can dynamically shift across
turns and thus require interpreting each utterance
in relation to its preceding context rather than in
isolation.

On top of this encoder, we explore three predic-
tion strategies:

* Single-level classifier: Directly predicts the
final label from the full label set without any
hierarchical decomposition.

 2-level hierarchical classifier: First predicts
whether the instance belongs to label 7 or not,
then classifies the remaining labels.

* 3-level hierarchical classifier: Sequentially
predicts label 0, then label 7, and finally clas-
sifies the remaining labels.

Motivated by extreme label imbalance, specifi-
cally the dominance of easily detectable labels 7
(51.93%) and 0 (15.88%), these hierarchical vari-
ants employ a sequence of strictly independent
models. During inference, these models are applied
sequentially: if an early stage predicts a frequent la-
bel, the process halts and outputs it; otherwise, the
instance is passed to the next classifier. This early-
exit strategy effectively isolates majority classes
early on, allowing subsequent stages to focus en-
tirely on more challenging and underrepresented
minority classes.
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3.2 Approach 2: Retrieval-Augmented LLM
Inference

This is our main approach. The task is inherently
difficult: labels are often implicit and expressed
through complex discourse functions, while the
dataset is small and highly imbalanced. Conse-
quently, standard supervised models struggle to
generalize, especially on minority classes. To ad-
dress these challenges, we propose two retrieval-
augmented inference strategies using the Gemini
3.1 Flash Lite model: a Direct LLM-RAG that
predicts the final label in a single step, and a Hier-
archical LLM-RAG that decomposes the task into
coarse-grained grouping followed by fine-grained
classification. Between these, we identify the hier-
archical approach as our primary and most effective
strategy, the complete architecture of which is il-
lustrated in Figure 1.

Prompt construction and retrieval. We en-
hance the target dialogue with task-specific knowl-
edge and contextual evidence through the following
three-step pipeline:

* Dialogue reconstruction: We group samples
by dialogue_id to recover their original con-
versation context. In PsyDefDetect, both train-
ing and test instances are truncated histories of
larger dialogues, where labels may vary across
turns. Reconstructing these partial dialogues
enables the model to capture evolving context
rather than treating samples as independent.

* Generating explanations: We use the LLM
(Gemini 3.1 Flash Lite) to generate short ex-
planations for labeled turns, turning each frag-
ment into a (label + rationale) retrieval unit.

* Retrieval: For each target turn, we retrieve
k = 3 dynamic dialogue fragments. Rather
than using a neural embedding model, we
utilize a domain-grounded symbolic match-
ing approach. Local contextual similarity and
lexical overlap are measured using Jaccard
Similarity over preprocessed content tokens.
The overall similarity score is a weighted lin-
ear combination of overlaps from the target
utterance, preceding supporter/seeker turns,
broader context, and a defined set of 17 rule-
extracted discourse cues. To ensure context
diversity and avoid redundancy, we employ
a Maximal Marginal Relevance (MMR) se-
lection procedure (Carbonell and Goldstein,
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Figure 1: Architecture of the Hierarchical Retrieval-
Augmented LLM Inference pipeline.

1998) with a diversity factor A = 0.20. These
dynamic examples are then merged with static
class-representative anchor examples, capped
at a maximum of 6 examples per prompt.

The final prompt contains reconstructed context,
retrieved examples, and their explanations.

Inference strategies. On top of this pipeline, we
explore two strategies using the same Gemini 3.1
Flash Lite model:

* Direct LLM-RAG: Directly predict the final
label from the constructed prompt.

* Hierarchical LLM-RAG: Motivated by the se-
vere label imbalance and the principle that
decomposing complex tasks better elicits the
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knowledge of LLMs (Wei et al., 2022), we de-
compose prediction into two sequential steps
(illustrated in Figure 1): (i) predict a coarse
group, and (ii) predict the final label within
that group. We define four coarse-grained cat-
egories based on the DMRS taxonomy—~No
Defense (labels 0, 8), Mature (label 7), Neu-
rotic (1abels 5-6), and Immature (1abels 1-4)—
reflecting the skewed distribution in PSYDE-
FCONYV (Na et al., 2026b). This reduces com-
petition across semantically distant labels and
focuses fine-grained prediction on a smaller,
more coherent subset of classes.

Heuristic calibration. While LLMs excel at im-
plicit semantics, they can over-analyze simple ut-
terances or hallucinate. To ground the model, hard-
coded heuristics based on 17 discourse cues are
used to calibrate or override its predictions:

* Rule 1 (Phatic/Logistical — Labels 0 or 8):
If the utterance is dominated by phatic, grati-
tude, or closing cues (e.g., "thank you", "good-
bye") without substantive defense signals, it
is strictly routed to No Defense (Label 0) or
Needs More Information (Label 8) if excep-

tionally short (< 2 tokens).

Rule 2 (Action Defenses — Label 1): If the
utterance strongly triggers barrier or reject-
ing_suggestion cues immediately following
a supporter’s suggestion turn, predictions are
calibrated toward Action Defenses (Label 1).

Rule 3 (Neurotic Overrides — Labels 5 or
6): If the LLM predicts No Defense, but
the text contains abstract_control or a mix
of fact_logistic and affect tokens, the coarse
group is explicitly overridden to Neurotic De-
fenses.

Rule 4 (Consensus Fallback): 1If the fine-
grained LLM fails to output a valid label
within the constrained taxonomy after maxi-
mum retries, the system completely overrides
the LLM and defaults to the highest-weighted
heuristic label.

On the development set, we observed that these
overrides are most frequently triggered under two
conditions: when the LLM over-analyzes short con-
versational turns by assigning complex defensive
mechanisms (resolved by Rule 1), and when the
model fails to produce a valid output within the
allowed taxonomy (resolved by Rule 4).

3.3 Approach 3: Hybrid Supervised—-LLM
Pipeline

Building on Approach 2, we further combine the
LLM-based method with supervised filtering from
Approach 1. Our design is based on two observa-
tions:

* Frequent, easy labels (0 and 7): These labels
are abundant and relatively simple, so super-
vised models trained on gold labels can learn
them reliably. Thus, we use the model from
Approach 1 to filter them first.

* Rare, hard labels: The remaining labels are
fewer and more ambiguous, making them dif-
ficult to learn from limited data. Hence, we
apply the LLM-RAG pipeline to leverage ex-
ternal knowledge and avoid bias toward domi-
nant labels.

Based on these insights, we design a hybrid
pipeline: a supervised model trained on gold la-
bels first filters samples predicted as O or 7, and the
LLM-RAG pipeline is applied only to the remain-
ing cases.

Although this hybrid design is conceptually ap-
pealing and better aligns model capacity with label
difficulty, our experiments show that the pure LLM-
RAG pipeline (Approach 2) remains more robust
overall.

3.4 Approach 4: Summary Distillation
(Auxiliary)

As an auxiliary direction, we explore whether
LLMs can improve supervised classification indi-
rectly via representation learning.

Motivated by the long and noisy nature of dia-
logue context, and the known tendency of language
models to lose critical information within the in-
termediate parts of extended sequences (Liu et al.,
2024), we use the Phi-4 14B model to generate
a short, task-oriented summary of the preceding
context for each target turn.

* Focus on the rarget utterance rather than the
full dialogue.

* Remain grounded in the dialogue context.
* Describe the functional role of the utterance.

The resulting summary captures the main stres-
sor, the role of the utterance, and its relation to prior
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Method Acc. Prec. Rec. F1

Supervised Encoders
Single-level
2-level hierarchical
3-level hierarchical

58.69 18.27 14.08 13.27
61.23 26.63 22.43 22.92
59.11 27.53 26.51 26.49

LLM-RAG
Direct
Hierarchical

58.69 31.58 24.44 26.55
48.31 41.87 27.73 31.13

Hybrid Pipeline

Filter-0,7 + RAG 58.26 28.59 30.19 26.83

Summary Distillation

Phi-4 summary 52.14 25.13 23.65 23.52

Table 1: Experimental results on the test set (%). F1
is macro-averaged over all positive classes (all classes
except label 0).

context in a compact form. A RoBERTa classifier
is then trained on these summaries.

This direction treats the LLM as a task-aware
compressor, producing a concise and discrimina-
tive representation for downstream classification.

4 Experimental Results

Our official submission to the PsyDefDetect shared
task corresponds to Approach 2 (Hierarchical LLM-
RAG), which we identify as our primary system
based on development set performance. With this
configuration, our system achieved an official rank
of 10 out of 21 participating teams on the shared
task leaderboard.

Table 1 shows that the hierarchical LLM-RAG is
the strongest overall approach, achieving the best
Macro-F1 (31.13%) and Precision (41.87%). This
confirms that coarse-to-fine prediction is more ef-
fective than direct classification for PsyDefDetect,
where labels are highly imbalanced and often im-
plicitly expressed.

Among the supervised models, the single-level
classifier performs worst, while hierarchical filter-
ing consistently improves results. In particular, the
2-level model achieves the best Accuracy (61.23%),
and the 3-level model further improves Macro-F1
to 26.49%, showing that separating frequent labels
before final prediction is beneficial.

A similar pattern appears for LLM-based meth-
ods. The dialogue-level RAG model already sur-
passes all supervised baselines in Macro-F1, and
its hierarchical extension yields a further clear gain.
Although the hybrid pipeline achieves the best Re-
call (30.19%), it remains below the pure hierarchi-

cal LLM-RAG in Macro-F1. This suggests that
early supervised filtering may improve coverage
but also propagates errors. Finally, the summary
distillation approach improves over the weakest su-

pervised baseline but remains less effective than
direct LLM-RAG inference.

As observed in Table 1, there is a clear trade-off
between overall accuracy and balanced class per-
formance. Although the hierarchical LLM-RAG
framework improves Macro-F1 from 26.55% to
31.13%, its Accuracy decreases from 58.69% to
48.31%. This improvement is primarily driven by
better recognition of minority classes, especially
Class 8, whose F1 score increases from 0.00% to
approximately 60% after the hierarchical reformu-
lation. Additional gains are also observed for Class
5 (+7 points) and Class 2 (+6 points). In con-
trast, the reduction in Accuracy is largely caused by
lower performance on Class 7 (-12 points), which
constitutes the majority of the test set (243 out of
397 samples, approximately 61%). Overall, these
findings suggest that the hierarchical formulation
shifts the model toward more balanced predictions
across classes, sacrificing some performance on the
dominant class in exchange for substantially im-
proved detection of rare defense mechanisms under
severe class imbalance.

5 Conclusion

In this work, we investigated four directions for
psychological defense detection under severe label
imbalance and the implicit, context-dependent na-
ture of defensive behaviors. Our core method is
a retrieval-augmented LLM pipeline that operates
at the dialogue level, with additional hybrid and
summary-distillation extensions.

Experiments show that retrieval-augmented
LLM methods outperform supervised baselines,
but fine-grained defense detection remains chal-
lenging, especially for less frequent labels and sub-
tle discourse-level distinctions. Although the hy-
brid design is conceptually appealing, the LLM-
RAG pipeline remains the most robust overall.

These findings highlight both the promise and
the current limitations of LLM-based methods for
modeling latent psychological constructs in dia-
logue. Future work should focus on stronger prag-
matic grounding and richer context modeling for
fine-grained clinical language understanding.
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Limitations

Our framework has three notable limitations. First,
the hierarchical routing strategy improves minority-
class performance but degrades accuracy on the
dominant class (Class 7, ~60% of samples). This
occurs because errors made at the coarse-grained
grouping stage misroute majority-class instances
into wrong categories, which heavily damages over-
all accuracy due to the severe class imbalance. Sec-
ond, the heuristic calibration layer — relying on
17 discourse cues — achieves high precision on
surface-level patterns but lacks semantic flexibility,
failing to catch implicit defense mechanisms with-
out clear lexical markers. Finally, our reliance on
a closed-source commercial LLM limits data pri-
vacy and long-term reproducibility, restricting its
immediate use in strict clinical environments where
open-weight, local alternatives are preferred.
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Abstract

Automated extraction of medical decisions
from clinical notes is a critical step to con-
structing more granular patient health trajec-
tories than what is currently obtainable from
structured healthcare data. Here we present
a system designed for the MedExACT shared
task that employs an ensemble of BERT-based
classifiers to account for demographic diversity
when extracting mentions of medical decisions
from MIMIC-III discharge summaries. A sim-
ple voting strategy combined with architectural
diversity is demonstrated to work best when
training data is limited.

1 Introduction

Structured clinical data detail the outcome of medi-
cal decisions by logging discrete observable events
and state changes in a patient’s health trajectory
in the form of diagnoses, medications, laboratory
measurements, procedures, and other data. These
structured data, however, do not explicitly indi-
cate the reasoning behind the medical decisions
that led to the logged observable events. While
simple reasoning for some medical decisions can
be inferred from structured data (e.g., a new pre-
scription following an abnormal lab measurement),
intricacies such as patient-specific context (e.g.,
patient unable to tolerate side effect X), justifica-
tions based on differential diagnoses (e.g., likely Y,
given Z, despite A), guideline-based decisions (e.g.,
skipping B because of C), and temporal aspects of
decisions (e.g., pause in treatment due to D) are
not explicitly captured. Clinical notes, however,
often provide extensive information about medical
decisions, including explicit statements about the
reasoning for specific medical decisions. The abil-
ity to mine clinical notes for mentions of medical
decisions represents the first step in automating the
comprehensive understanding of a patient’s health
trajectory.

171

The MedDec corpus (Elgaar et al., 2024a,b) was
designed to facilitate development and evaluation
of automated systems for identifying mentions of
medical decisions in clinical notes. MedDec sup-
plements a subset of discharge summaries from the
MIMIC-III corpus (Johnson et al., 2016b,a) with
manually-defined span-level annotations labeled
with ten medical decision categories from the Deci-
sion Identification and Classification Taxonomy for
Use in Medicine (DICTUM) (Ofstad et al., 2016).
The MedDec corpus defines "medical decision"
broadly as "a particular course of clinically rel-
evant actions and/or a statement concerning the
assessment of a patient’s health as defined in the
DICTUM" (Elgaar et al., 2024a). This broad defini-
tion provides wide coverage for aspects of medical
decision making, but also challenges automation
of this extraction task due to the potential for over-
lapping categories (e.g., "there is no pericardial
effusion” is annotated using "Defining problem"
and "Evaluating test result", 76% and 24% of the
time, respectively).

The Medical Decision Extraction, Analysis, and
Classification Task (MedEXACT) Shared Task @
ACL 2026 leveraged the MedDec corpus to prompt
development of automated systems for identifying
medical decisions from 9 of the 10 DICTUM cat-
egories in clinical text. The demographic makeup
of the corpus and the intentional design of the eval-
uation metric also provides a test bed for study-
ing generalization and robustness of extraction ap-
proaches across different demographic groupings.
This manuscript describes the development of an
automated approach to extracting mentions of med-
ical decisions from clinical text using an ensemble
of different classifiers to capture variance in the
data and balance token-level and span-level per-
formance generally while not penalizing specific
demographic groups.
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2 Methods

2.1 Data Preparation

Manual review of MedDec corpus annotations
and documents resulted in the implementation
of several data preprocessing steps. Analysis of
the demographic groupings in the provided train-
ing/validation split of the data revealed a single
Hispanic discharge summary in the validation set.
Restratification of the data resulted in a more bal-
anced distribution of demographic groups between
the training and validation sets. Review of dis-
charge summaries revealed two systematic format-
ting idiosyncrasies. First, 401 instances of presum-
ably non-ASCII characters across 49 documents

were discovered. These question mark strings were
deduced to mainly be missing punctuation charac-
ters, and were fixed in a semi-automated way, while
insertion of space characters maintained character
offsets in the documents so as not to disturb the
evaluation. Second, as it has been de-identified,
the MIMIC-III corpus contains many instances of
placeholders of previously identifiable information
(e.g., Dr. [**Last Name (STitle) **]). Early exper-
iments suggested that replacing the placeholders
with synthetic data, e.g., "Dr. Smith", resulted in
improved classification performance of medical de-
cisions. These data preparation steps were used
consistently for all model inputs.

2.2 Base Models

Preliminary experiments with several differ-
ent models (ELECTRA-base (Clark et al.,
2020), BioELECTRA (Kanakarajan et al., 2021),
BiomedBERT (Gu et al., 2021), BioClinical-
BERT (Alsentzer et al., 2019), and BioClinical-
ModernBERT (Sounack et al., 2025)) suggested
BiomedBERT was more amenable to the medical
decision extraction task than other models, some-
what surprisingly even over models trained on the
MIMICH-III corpus. The preprocessing steps to al-
ter MIMIC-III artifacts likely impacted this result.
Using BiomedBERT predominantly as a base, we
developed an ensemble system comprised of six dif-
ferent architectural variants in an attempt to provide
diverse responses to account for corpus variance
(Table 1).

2.2.1 Variant 1: BiomedBERT Plain

This variant is designed as a straightforward im-
plementation of BiomedBERT that also serves as a

base model for other variants. It uses token-level
BIO tagging (Ramshaw and Marcus, 1995) to en-
code the DICTUM annotations. Overlapping spans
are excluded from the training and validation data
inherently by the BIO representation. For the base
variant, a 10-fold weighting of Hispanic documents
via over-sampling was used due to the single His-
panic document in the original validation set.

2.2.2 Variant 2: BiomedBERT + R-Drop

Variant 2 combines BiomedBERT with regularized
dropout (Wu et al., 2021) (R-Drop; a=3.0) intended
to reduce overfitting. It also incorporates section-
to-DICTUM-category priors to leverage the fact
that some categories are more likely to appear in
certain note sections. The priors are applied to the
B-tag logits at inference time to decrease the prob-
ability of rare category-section pairs, and increase
the probability of frequent category-section pairs.

2.2.3 Variant 3: BiomedBERT + DAPT

Domain-adaptive pre-training (DAPT) (Gururan-
gan et al., 2020) was employed with BiomedBERT
to construct Variant 3. BiomedBERT was further
pre-trained using masked language modeling for
50k steps on the entire MIMIC-III corpus of dis-
charge summaries (~59k notes). This pre-training
step was entirely unsupervised and did not use any
MedDec annotations or task-specific labels. As
the MedDec dataset is derived from MIMIC-III,
the pre-training corpus necessarily includes docu-
ments later used for downstream evaluation. This
setup is consistent with common DAPT practice,
where large unlabeled corpora are reused across
pre-training and evaluation. Excluding test doc-
uments from DAPT, however, would provide a
stricter separation and represents a potential refine-
ment for future work. The resulting model check-
point was also used as the base model for Variants
4 and 5.

2.2.4 Variant 4: BiomedBERT + DAPT +
Global Pointer

Variant 4 takes a span-based approach that is fun-
damentally different from the BIO representation
used by the other five variants. Instead of labeling
each token with B/I/O, and subsequently determin-
ing spans, the Global Pointer approach (Su et al.,
2022) directly scores every possible (start, end) to-
ken pair for each DICTUM category. The primary
motivation for including Variant 4 is to increase
architectural diversity.
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2.2.5 Variant 5: DAPT + R-Drop + Section
Embeddings

Variant 5 builds on previous variants by combining
DAPT with R-Drop and section priors, and adds
section embeddings that are trained jointly with the
model. The section embeddings encode which note
sections (see Section 2.3) each token belongs to and
are added to the token embeddings before the trans-
former layers. The intuition is that tokens in one
section (e.g. "Discharge Medications") should be
treated differently than tokens in a different section
(e.g., "Assessment and Plan").

2.2.6 Variant 6: BioClinical-ModernBERT +
R-Drop

This is the only variant not based on BiomedBERT.
The BioClinical-ModernBERT architecture uses a
different attention mechanism and is trained on a
broader spectrum of biomedical and clinical data
than BiomedBERT. The motivation is again to add
diversity in responses as this model should make
different errors than the other five variants. R-Drop
is incorporated to minimize overfitting and section
priors are also used.

2.3 Input Representation

Due to the limited context window for BERT-based
models (512 tokens), discharge summaries must
be split into chunks for processing. Document sec-
tions were iteratively derived from manual analysis
of the training data, with canonical section names
and their variations encoded as case-insensitive reg-
ular expressions, matched only on lines shorter
than 80 characters to reduce false positives from
narrative text. In total, 23 canonical document sec-
tion types (Appendix Table 4) were defined and
used to segment notes, enabling consistent align-
ment of semantically equivalent sections (e.g., "Dis-
charge Medications", "Medications on Discharge")
across documents. Text appearing prior to the first
matched section header was labeled as "Preamble”,
and unmatched headers were treated as likely sub-
sections and assigned to the most recent preceding
canonical section.

Analysis of the training data showed that 99.7%
of medical decision annotations fall within a sin-
gle section, motivating a section-aligned chunking
scheme in which input window boundaries respect
section boundaries. Sections longer than 512 to-
kens are split into consecutive, non-overlapping
sub-chunks. Short adjacent sections that fit entirely

in the 512 token window are merged into a single
chunk.

2.4 Bias mitigation

Demographic subgroup bias mitigation focused
on race/ethnicity subgroups based on early exper-
iments. Three different demographic weighting
schemes were used. Initial experiments, influenced
by the single Hispanic document in the original
validation set, applied 10-fold document-level over-
sampling of Hispanic documents (A in Table 1).
One variant makes use of uniform weighting across
all documents (B in Table 1), due to an unintended
configuration override. Two variants weight the
Hispanic, African American, and Other groups by
15x, 8x, and 6x, respectively (C in Table 1), de-
signed to approximately equalize sampling rates
across underrepresented groups. Sex and language
proficiency were not explicitly modeled, however,
the evaluation metric’s explicit inclusion of worst-
group performance guided model selection and
threshold tuning across all experiments.

2.5 Ensemble composition

The full ensemble comprises 30 models: 5 random
seeds for each of the 6 architectural variants. Each
model processes every input chunk to classify men-
tions of DICTUM categories in the text. Candidate
annotations are normalized using the refine_span
function from the official evaluator code. Three dif-
ferent matching strategies are employed (Table 2).
Run A employed a per-category voting scheme
which accounts for some categories being easier
to detect than others. It combines weighting for
each variant with separate thresholds for each cate-
gory, as well as pruning underperforming individ-
ual models. In the end, 26 of the 30 models are
used, and the six variants are weighted 1/1/1/3/3/3
for a total of 56 votes. Category thresholds range
from 8/56 for the rare Deferment category to 18/56
for the more frequent Drug category. Run B used a
confidence-weighted voting scheme using the prob-
ability of the B-tag at the span’s first token to scale
each model’s vote. Run B optimized for worst
group score in an attempt to further mitigate demo-
graphic bias. Run C used a single global threshold
with equal weights; at least 8 of 30 models must
predict a span with the same category and normal-
ized text. All voting thresholds were tuned on the
re-stratified validation set.
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Sec. Sec. Wt.

#  Variant Head DAPT R-Drop Emb. Prior Grp.
1 BiomedBERT BIO A
2 +R-Drop BIO v v B
3  +DAPT BIO v A
4+ DAPT (Glob.Ptr) GP v A
5 + DAPT+RDrop+Sec ~ BIO v v v v C
6 ModernBERT+RDrop  BIO v v C

Table 1: Ensemble component architectures (5 seeds each, 30 models total). Head: BIO = token-level BIO tagging,
GP = Global Pointer span extraction. DAPT = domain-adaptive pre-training on MIMIC-III. Sec. Emb. = learned
section embedding. Sec. Prior = section-conditional logit adjustment at inference. Demographic oversampling
weight groups: A = Hispanic 10x; B = uniform; C = Hispanic 15 x, African American 8 x, Other 6 x. ModernBERT
= BioClinical-ModernBERT. All variants use section-aligned chunking with max length 512.

3 Results

Three ensemble systems comprising 5 randomly
seeded models from each of the 6 architectural vari-
ants were constructed. Preliminary experiments
showed that an ensemble of 5 seeds outperformed
the base BiomedBERT model. This pattern was re-
peated for each of the other variants and amplified
by combining the seeds from all six variants. The
diversity of responses and errors made by the dif-
ferent seeds of the different variants contributed to
more consistent performance across demographic
groups. Table 2 summarizes the performance of the
three systems against both the re-stratified valida-
tion set and the held-out test set. While aggregate
metrics provide an overall view of performance,
per-category results (Appendix Table 6) reveal sub-
stantial variation across DICTUM classes, with
more frequent classes generally achieving higher
performance than rarer classes. Table 3 details
the per-demographic performance for the three sys-
tems. Of note, the simplest voting strategy (Run
C) generalized best to the test set with a negligible
difference in Final Score between the re-stratified
validation and test sets, while the more sophisti-
cated voting schemes of Runs A and B overfit to
the validation set demographics.

Table 5 (Appendix) presents a quasi-ablation
of the system components on the validation set.
Among individual components, DAPT provided
the largest improvement over the baseline (+0.024),
followed by R-Drop (+0.014). Multi-seed ensem-
bling of a single variant yielded modest gains rel-
ative to individual models (+0.027-0.029). The
largest improvements came from combining archi-
tecturally diverse variants: the 15-model ensemble
of Variants 1-3 reached 0.570, and each subsequent
architecture increased overall performance incre-
mentally, culminating in the 30-model ensemble at

0.597. Notably, the gains from architectural diver-
sity (+0.045 for 15 models over the single-model
baseline) substantially exceeded those from seed
diversity alone (+0.027 for 5 seeds of one variant),
suggesting that the ensemble benefits more from
combining architectures that make different errors
than from simply averaging multiple runs of the
same model.

4 Discussion and Conclusion

Our ensemble approach to handling diversity in
corpus annotation as well as in demographic vari-
ability proved to be effective at generalization in
that it achieved the highest score on the test set. In
practice, the simpler voting scheme of Run C was
likely the difference maker as it did not experience
noticeable overfitting to the validation data. Al-
though Run B explicitly optimized for worst-group
performance (primarily across race/ethnicity), this
strategy did not generalize as effectively to the
test set, suggesting that fairness-aware optimiza-
tion may be sensitive to sampling variability in
small datasets. Future work should explore more
robust fairness-aware learning strategies, includ-
ing explicit modeling of additional demographic
attributes such as sex and language proficiency, sub-
group calibration, and worst-group-aware training
objectives, to better balance overall and subgroup
performance. Ensemble diversity itself appears to
improve worst-group robustness, even without ex-
tensive explicit subgroup modeling.

This work presents a robust baseline system
that leverages conventional transformer-based ap-
proaches to identify mentions of medical decisions
in text. Future work could involve several refine-
ments and extensions to further improve robust-
ness and generalizability. First, the heuristic voting
strategy could be replaced with a learned span-
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Span F1  Token F1 WG  Final
Restratified Validation (n=53)
Run A 26-model, per-cat thresh .540 .683 .600  .606
Run B  30-model, conf-weighted 546 .670 601 605
Run C  30-model, equal 8/30 534 .677 589 597
Test (n=48)
Run A 26-model, per-cat thresh 547 .653 547 574
Run B 30-model, conf-weighted 553 .654 555 579
Run C  30-model, equal 8/30 542 667 589 597

Table 2: Summary metrics for the three submitted runs. WG = Worst Group base score. Final Score = %Base +
1[WG], where Base = 3[Span F1] + $[Token F1]. Bold indicates the highest value in each column.

Run A Run B Run C
Subgroup Val Test Val Test Val Test
Female 600 614 .601 618 595 .628
Male 619 592 612 595 612 .589
White 610  .603 605 .603 .606 .599
African Am. .605 .547 .601 .555 595 .590
Hispanic 629 648 622 635 .626 .660
Asian 634 607 .638 .600 .623 .589
Other 602 598 603 625 .589 .636
English 614 615 .609 .617 .612 .610
Non-English  .609 .577 .608 .582 .596 .595

Table 3: Base score (%[Span F1] + %[Token F1]) by demographic subgroup. Bold indicates the worst-performing

subgroup for each run and split.

level fusion model to aggregate predictions across
diverse ensemble members in a more principled
manner, as explored in prior work on span-based
system combination for named entity recognition
(Fu et al., 2021). Second, fairness-aware learning
could be strengthened through the strategies dis-
cussed above. Third, although domain-adaptive
pre-training followed common practice, excluding
evaluation documents from the pre-training cor-
pus would provide a stricter separation and mer-
its further investigation. Fourth, extending the ex-
traction framework to natively support overlapping
MedDec annotations may better capture the multi-
label nature of clinical decision statements. Finally,
deeper integration of document structure, such as
through section-conditioned representations or de-
coding, may further exploit the strong concentra-
tion of specific medical decision categories within
particular document sections observed in the data.

Although not discussed above, the exact span
requirement in the evaluation metric proved chal-
lenging, especially considering some of the anno-
tation inconsistencies (e.g., some annotations in
a list include the bullet or number, and some do
not) observed in the corpus. Significant effort went
into analyzing and attempting to ameliorate such in-

consistencies, though none of the approaches were
ultimately used. Restratifying the provided training
and validation sets proved to be critical for devel-
oping models that generalize. More broadly, our
results suggest that architectural diversity within an
ensemble can compensate for limited and variable
training data, and that restraint in threshold tuning
is essential when validation sets are small.
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demographic subgroups. Our system design ad-
dressed demographic subgroups primarily through
weighted sampling of documents from low fre-
quency demographic subgroups.

MIMIC-III data was stored and processed exclu-
sively on a HIPAA-compliant server managed by
University of Colorado Anschutz Medical Campus
Office of Information Technology. System devel-
opment using Al coding assistance was conducted
on a local machine without access to the clinical
data; code was transferred to the server via a private
repository.

Limitations

Due to time constraints of the shared task, system
development was driven largely by iterative ex-
perimentation rather than systematic ablation and
tuning of different components. Once the ensemble
approach proved effective for a single model (i.e.,
5 random seeds improved over the single initial
seed), development focused on expanding architec-
tural diversity to handle annotation variance in the
MedDec corpus, rather than optimizing individual
model configurations. In the submitted runs, some
leave-one-out experiments were performed to de-
termine if removal of specific model seeds would
improve overall performance (Run A), but this run
overfit to the validation demographics. The best
performing run (Run C) resulted from monotonic
additions to the system that did not degrade per-
formance on the "Worst-Group Base" score when
evaluated on the restratified validation set. A prime
avenue for future work would involve systemati-
cally ablating the contribution of each architectural
component and optimizing the composition of the
ensemble itself.

Despite the range of demographic categories cap-
tured by the MedDec corpus, the comparatively few
examples of many of the categories, specifically the
race/ethnicity categories, limit the ability to train
models that will truly generalize well over a larger
sample. This may have played a role in why the
worst-performing demographic subgroup differed
between validation and test for two of our three
submissions (Table 3).

Finally, our use of 30 models in an attempt to
capture annotation variance in the corpus, though
it did achieve the highest score of all submitted
results, is likely not a practical solution for produc-
tion deployment. Processing each note 30 different
times across an entire health data warehouse is

likely too inefficient without further optimization,
such as pruning of redundant ensemble members.
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Appendix

H*

Section Type

Allergies

Assessment and Plan
Attending Note

Brief Hospital Course
Chief Complaint
Discharge Condition
Discharge Diagnosis
Discharge Disposition
Discharge Instructions
Discharge Medications
Family History
Follow-up

History of Present Illness
Imaging / Radiology
Major Surgical / Invasive Proc.
Medications on Admission
17 Past Medical History

18  Past Surgical History

19  Pertinent Results

20  Physical Exam

21 Procedures

22 Review of Systems

23 Social History

24 Other / Unknown

ST TR SI-RC SN (o N R U R S R

Table 4: The 23 canonical section types identified
in MIMIC-III discharge summaries, used for section-
aligned chunking and section-conditioned inference.

Configuration n  Final A

Single model (best seed)

BiomedBERT (V1) 1 525 —

+ R-Drop (V2) 1 539 +.014

+ DAPT (V3) 1 549 +.024

5-seed ensemble

V1 x 5 seeds 5 552 +.027

V3 x 5 seeds 5 554 +.029

Multi-architecture ensemble

Vi1-3 15 570 +.045
+ V4 (Global Ptr) 20 .585 +.060
+ V5 (Sec-aware) 25 592 +.067
+ V6 (ModernBERT) 30 597 +.072

Table 5: Quasi-ablation on the validation set showing
the contribution of individual components (top), multi-
seed ensembling (middle), and progressive addition of
architectural variants (bottom). n = number of models.
Final = Final Score. A is relative to the single Biomed-
BERT baseline.
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Run A Run B Run C

#  Category Gold P R Fl1 P R Fl1 P R Fl1
1 Contact 361 311 543 396 | 344 529 417 | 388 438 411
2 Gathering info 32 | 222 062 098 | 273  .094 140 | 273 .094  .140
3 Defining problem 2304 | 534 618 573 | 533 630 577 | 512 614 559
4 Treatment goal 20 | 529 450 486 | 533 400 457 | 421 400 410
5 Drug 1536 | .584 677 .627 | 575 689  .627 | 556  .691 616
6 Therapeutic procedure 700 | .409 490 446 | 486 457 471 393 484 434
7  Evaluating test result 867 | 420 512 462 | 402 502 447 | 405 491 444
8  Deferment 7 | .000 .000 .000 | .091 .143  .111 | .000  .000  .000
9 Advice/precaution 274 | 441 730 549 | 462 719 563 | 544 653 594

All (micro) 6101 | 491  .600 540 | .500  .601 546 | 488 588 534

Table 6: Per-category Span precision, recall, and F1 on the validation set for each submitted run. Gold shows
the number of gold-standard spans. Note the class imbalance as some medical decision categories are sparsely
represented.
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Abstract

Clinical decision extraction from discharge
summaries detects contiguous text spans ex-
pressing medical decisions and assigns each to
predefined categories. In this paper, we propose
an ensemble approach using large language
models for clinical decision extraction from
discharge summaries in the MedDec dataset
with XML-like inline tag annotations. The en-
semble consists of Qwen3.5-4B models trained
under three different settings: (1) Dynamic
Fine-tuning (DFT) with LoRA on the original
training set, (2) DFT with LoRA then GRPO
reinforcement on the original training set, and
(3) DFT with LoRA on the original training set
augmented with pseudo-labels. We aggregated
predictions for each document by category us-
ing weights derived from inter-model agree-
ment. Agreement-driven ensembles further en-
hanced performance across all metrics, yielding
a 8.31% gain in Overall F} over the baseline
and securing second place on the test leader-
board. Subgroup analysis further confirms
that performance remains consistent across de-
mographic groups, with no disproportionate
degradation on underrepresented populations.
We release our code at https://github.com/
biodatlab/medexact-lamar.

1 Introduction

Clinical decision extraction focuses on retrieving
relevant medical decisions from unstructured med-
ical texts. Ofstad et al. (2016) categorized clini-
cal decisions into ten categories, providing a stan-
dardized taxonomy for developing extraction tech-
niques and models.

MedExACT is a shared task focused on medi-
cal decision extraction from ICU discharge sum-
maries using the MedDec dataset (Elgaar et al.,
2026, 2024). MedDec contains 451 discharge sum-
maries from MIMIC-III (Johnson et al., 2016) an-
notated under the DICTUM guideline. However,

“Equal contribution.

its population skews White, male, and English-
speaking, making consistent performance across
demographic groups difficult to achieve.

Encoder-only transformer models are used as
baselines for this task. Their small context win-
dows and token-wise classification limit perfor-
mance, as they struggle to capture context across
documents. Despite ROBERTa (Liu et al., 2019)
being the strongest baseline with a Base Score of
0.5301 and Overall F} of 0.5111, the relatively low
Span F (0.4363) indicates that accurate decision
boundary extraction remains a challenge. More-
over, zero-shot LLaMA-3-8B-Instruct (Grattafiori
et al., 2024) reported in MedDec showed limited
effectiveness, likely due to challenges in handling
long contexts and generating structured outputs.
These results suggest considerable room for im-
provement and highlight the difficulty of the task.

We propose an ensemble approach for clinical
decision extraction based on inline XML-like tag-
ging. The ensemble consists of models trained
under three complementary settings: (1) DFT with
LoRA on the original training set, (2) DFT with
LoRA then GRPO on the original training set, and
(3) DFT with LoRA on the original training set aug-
mented with pseudo-labels. Our system achieved
a Span F of 0.5257, a Token F} of 0.6750, and a
Worst Group F of 0.5881, yielding an Overall F
score of 0.5942 on the leaderboard.

2 Related Work

2.1 From Sequence Labeling to Generative
Extraction

Encoder models have long been the backbone of
named-entity recognition, with BERT (Devlin et al.,
2019) and its variants such as RoBERTa (Liu et al.,
2019), DeBERTa (He et al., 2021), and ALBERT
(Lan et al., 2020), setting strong baselines through
masked language modeling. However, these mod-
els share a fundamental limitation. For example,
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Figure 1: An overview of our system in training, testing, and pseudo-label generation. (Left) Training combines
direct fine-tuning (DFT) and Group Relative Policy Optimization (GRPO) on Qwen3.5-4B, augmented with entropy-
filtered pseudo-labels from unlabeled data. (Right) At test time, predictions from all three model variants are

aggregated via Span-Cluster Consensus.

BIO tagging schemes assign exactly one label per
token, making it impossible to represent overlap-
ping spans regardless of model size or architecture.
This is a critical shortcoming for clinical NER,
given that 4.2% of labeled tokens in MedDec (El-
gaar et al., 2024) belong to more than one span
simultaneously.

Large language models offer an alternative ap-
proach. NER can be reframed as a generation
task where the model rewrites the input with entity
markers inserted inline, placing no structural re-
striction on overlapping spans. Wang et al. (2025)
demonstrated this paradigm with GPT-NER using
special token markup, achieving performance com-
parable to supervised baselines. Hu et al. (2024)
showed that wrapping entities in HTML <span>
tags maps cleanly to standard evaluation schemes.
However, with long, domain-specific, and complex
documents like discharge summaries, we hypothe-
size that fine-tuning these models can serve as an
effective approach for clinical decision extraction.

2.2 Supervised Fine-Tuning,
Parameter-Efficient Adaptation, and
Generalization

Supervised Fine-Tuning (SFT) trains LLMs on
labeled examples to produce desired outputs.
Since full fine-tuning is computationally expensive,
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
and Weight-Decomposed Low-Rank Adaptation
(DoRA) (Liu et al., 2024) offer a practical alter-
native by inserting small trainable matrices that
capture task-specific changes with fewer parame-

ters. However, SFT tends to memorize rather than
generalize, where uncertain tokens receive dispro-
portionately large gradients, pushing the model to
overfit. Dynamic Fine-Tuning (DFT) (Wu et al.,
2026) addresses this by scaling each token’s loss ac-
cording to model confidence, producing balanced
updates that generalize substantially better across
challenging tasks.

2.3 Reinforcement Learning with Verifiable
Rewards

Reinforcement Learning with Verifiable Rewards
(RLVR) replaces the learned reward model in clas-
sical RLHF (Ouyang et al., 2022) with verifiable
reward functions. Group Relative Policy Optimiza-
tion (GRPO) (Shao et al., 2024), improving on PPO
(Schulman et al., 2017), derives training signals by
comparing outputs within a sampled group using
rule-based rewards, making it well-suited for struc-
tured output tasks with strict metrics. However,
broader application of GRPO can lead to entropy
collapse, training instability, or diluted signal under
multiple rewards. DAPO (Yu et al., 2025) addresses
instability by maintaining output diversity, while
GDPO (Liu et al., 2026) handles multi-reward set-
tings by standardizing each reward independently
before combination. We adopt GRPO and integrate
DAPO and GDPO to mitigate these respective chal-
lenges.

2.4 Span Aggregation via Model Agreement

Individual models often disagree on span bound-
aries, so we aggregate predictions across models
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to improve annotation reliability. Minimum Bayes
Risk (MBR) decoding selects the output that max-
imizes agreement across a set of candidates, fol-
lowing a hypothesis that the output should be con-
sistent with the others (Bickel and Doksum, 2015).
It has shown to improve generation quality across
NLP tasks. Heineman et al. (2024) adapted this in-
tuition to multi-prompt decoding of a single model,
leveraging varied inputs to encourage diverse pre-
diction distributions. We adapt MBR decoding for
clinical decision extraction, but extend prior work
by aggregating outputs from multiple differently
trained models and by performing refinement at the
span-cluster level instead of choosing one complete
prediction (Section 4.4).

3 Dataset

We use MedDec (Elgaar et al., 2024) as our dataset.
For model development, we follow the original
split of 350 training, 53 validation, and 48 test sam-
ples. The dataset consists of discharge summaries
annotated with decision labels and span boundary
offsets. We convert the original dataset into inline
XML-like tags that support overlapping spans (Fig-
ure 2). This is necessary because 4.2% of tokens
overlap. Therefore, this task encourages LLMs
to reason through the input and apply inline-tag
annotations where relevant.

Our work covers the 9 DICTUM classes defined
in (Elgaar et al., 2026). The label distribution is
highly imbalanced, with Defining problem account-
ing for 39% of training and validation spans, while
Deferment accounts for under 0.2%. The dataset
also has a demographic imbalance. For example,
the Hispanic group contains just 1 sample each in
validation and test, and Asian patients are entirely
unrepresented in validation, with only 2 training
samples (Appendix A). This makes the task chal-
lenging as it can strongly skew Worst Group Fj
scores and, in turn, affect Overall Fj. (Section
5.1).

During validation, a test run suggested a pos-
sible category misassignment in the ground-truth
annotations. We locally reassigned the affected sec-
tion to better reflect our model’s true performance
(Appendix B). Additionally, we used MIMIC-III
discharge summaries outside the MedDec set for
pseudo-label generation (Section 4.3).

MedDec Annotations

( 0
{ "decision": "Right ventricular
chamber size is normal with mild .
global free wall hypokinesis", Inline Tags (Ours)
"category'': "Category 7: Evaluating e ~
test result"”,
"start_offset': 6224,
"end_offset'": 6303 },
{ "decision'": "The aortic valve
leaflets (3) are mildly thickened but
aortic stenosis is not present”,
"category'': "Category 7: Evaluating
test result”,
"'start_offset": 6305,
"end_offset": 6390 },
{ "decision'": "but aortic stenosis is
not present. There is no aortic valve
stenosis. No aortic regurgitation is
seen",
""category'': "Category 3: Defining ~ ~
problem",
"start_offset": 6356,
"end_offset'": 6458 }

- J

[...] <evaluate_result>Right
ventricular chamber size

is normal with mild

global free wall hypokine-
sis</evaluate_result>. <eval-
uate_result>The aortic valve
—p~ leaflets (3) are mildly thick-
ened <define_problem>but
aortic stenosis is not
present</evaluate_result>.
There is no aortic valve steno-
sis. No aortic regurgitation is
seen</define_problem>. [...]

Figure 2: Converting original offsets (left) into inline
tags that support containment and partial overlap (right).

4 Methodology
4.1 Dynamic Fine-tuning (DFT)

We train our first model variant (Model 1) using
Dynamic Fine-Tuning (DFT) (Wu et al., 2026),
which improves generalization by rescaling token
gradients based on model confidence. Standard
Supervised Fine-Tuning (SFT) applies a uniform
cross-entropy loss, which often assigns dispropor-
tionately large gradients to tokens the model is un-
certain about, leading to unstable optimization and
overfitting. DFT addresses this by weighting each
token’s loss by its current generation probability.
Formally, given an input sequence z and a target
reference sequence y* = (yi, ...,y ) of length T,
the DFT objective is defined as:

T
1
Lprr(0) = — T E sg(mo(yi | y%p, ) 0
=1

log mo(y; | yZ¢, @),

where £ is the current token index, 7y is the model’s
policy parameterized by 0, y%, denotes the preced-
ing target tokens (yi,...,y; ), and sg(-) is the
stop-gradient operator. This promotes balanced
updates and encourages the model to learn robust
extraction patterns rather than memorizing surface-
level data.

4.2 Reinforcement Learning with Verifiable
Rewards

4.2.1 Training Objective

We train our second model variant (Model 2) by

initializing the policy with Model 1 (DFT), provid-

ing a robust starting point that allows the policy
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to focus directly on optimizing extraction perfor-
mance. We use a significantly reduced LoRA rank,
exploiting the fact that policy gradient updates de-
rived from sparse rewards inherently occupy a low-
rank subspace. We optimize the policy using the
Group Relative Policy Optimization (GRPO) (Shao
et al., 2024) framework, which estimates advan-
tages across sampled groups without a separate
value model. We implement two targeted enhance-
ments: First, we adopt the DAPO (Yu et al., 2025)
approach at the token level to mitigate entropy col-
lapse. By applying an asymmetric clipping range
(€10w = 0.20, €pign = 0.28), DAPO safely broad-
ens the trust region for stable exploration. Second,
we integrate GDPO (Liu et al., 2026) to handle
multi-objective rewards, standardizing each reward
component independently across the group before
summation. This preserves fine-grained distinc-
tions between candidate generations and ensures
each objective contributes equitably to the final
gradient update.

4.2.2 Reward Functions

We translate our evaluation metrics into a compos-
ite reward system to optimize extraction perfor-
mance. Relying on a single metric risks producing
either sparse training signals or reward exploitation.
To address this, we design a multi-objective reward
that balances strict boundary evaluation, flexible
word-level credit, and a hard fidelity constraint.
Each component is bounded within [0.0, 1.0], and
the overall reward for each generation is defined as
their combination:

1. Fidelity Reward: We design this component
to strictly prevent hallucination. We strip all
generated tags and compare the remaining text
to the original input. Using a character-level
similarity ratio, we assign a full reward of 1.0
for a near-perfect match where the ratio >
0.99, and a reward of 0.0 for a ratio below
0.90, with linear scaling in between. This
safeguards that the model behaves purely as a
sequence tagger.

2. Token F; Reward: We use this component
to provide flexible, word-level credit. We ex-
tract the predicted text spans, split them into
individual words, and measure their overlap
with the ground-truth words for each category.
This allows the model to receive positive feed-
back for identifying relevant medical concepts

even when exact span boundaries are slightly
misaligned.

3. Span F; Reward: We treat this component
as the primary objective and strictest metric.
We evaluate whether the model precisely iden-
tifies the entire text span of a clinical deci-
sion, granting a reward only when the ex-
tracted string perfectly matches the ground
truth within its category. By combining this
strict target with the more forgiving Token F}
reward, we guide the model toward predicting
exact span boundaries.

4.3 Pseudo-label Generation

We train our third model (Model 3) by augmenting
the training set with pseudo-labels generated from
unlabeled clinical text. We identify semantically
relevant unlabeled instances from 59,201 MIMIC-
III discharge summaries outside of MedDec. We
embed both the unlabeled pool and the complete
MedDec set using Qwen3-Embedding-4B (Zhang
et al., 2025). Then, we compute cosine similarity
between each of the 451 MedDec documents and
the unlabeled pool to retrieve the top 5 most similar
candidates. We assign each unlabeled document
only to its highest-scoring match, yielding a refined
pool of 2,255 candidate samples. We then run infer-
ence on this pool using Qwen3.5-4B DFT (Model
1), using entropy as a proxy for prediction confi-
dence based on the observed Pearson correlation of
—0.4816 with Base Score on the validation set. A
higher entropy threshold includes more examples
but noisier labels. We experiment with two cut-
offs at the 10th percentile (P;p) and 15th percentile
(P15), adding 221 and 331 pseudo-labeled samples,
respectively. We combine each set with the original
training set and fine-tune Model 3 using DFT.

4.4 Span-Cluster Consensus

We aggregate predictions by category and docu-
ment in four stages. First, we greedily match
spans above a minimum pairwise IoU threshold
and compute pairwise soft Span F; agreement be-
tween models, then normalize these scores so that
model weights sum to one. Second, we cluster
all spans using a minimum cluster IoU threshold
and score each cluster by the summed weights of
its contributing models, removing clusters below
the minimum cluster support. Third, we select fi-
nal boundaries via a weighted vote over start—end
offset pairs. Fourth, we merge same-category dupli-
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cates above a minimum duplication IoU threshold,
keeping the longer span. Figure 3 illustrates each
stage.

Qwen3.5-4B DFT  Qwen3.5-4BDFT  Qwen3.5-4B DFT
GRPO Pseudo-labels

L | )

Analysis Per Document and Cateogory

Pairwise Agreement Score
Span F1 agreement -~ Normalize to sum to 1.0

l

Cluster Overlapping Spans
Pooling spans from all models then clustering

l

Refine Cluster Boundary
Weighted boundary vote

l

‘ Deduplication & Sorting

Final Predictions

Figure 3: Overview of the Span-Cluster Consensus,
comprising pairwise model agreement, cluster weighted
boundary refinement, and span deduplication.

To find the best ensemble configuration, we per-
formed a systematic search on the validation set
over four fusion hyperparameters: minimum pair-
wise IoU, minimum cluster IoU, minimum clus-
ter support, and minimum duplication IoU, each
within a continuous range of [0.0, 1.0]. We used the
Tree-structured Parzen Estimator (TPE) algorithm
(Watanabe, 2023) with a warm-start trial seeded
from our heuristic baseline to accelerate conver-
gence. The search directly maximized the Over-
all I} score computed by the official evaluation
script, ensuring that the selected configuration opti-
mizes for both accuracy and demographic robust-
ness jointly.

5 Experimental Setup

5.1 Evaluation Metrics

We evaluate with the official script and report
Token F1, Span F1, Base Score, Worst Group F1,
and Overall F}. Token F} measures word-level

overlap on non-overlapping tokens, while Span F}
requires exact span matches after word-boundary
normalization. Both metrics are macro-averaged
across the nine DICTUM labels per document and
then across our internal validation or test set. Base
Score is the mean of Token F} and Span Fi:

S F Token F}
Base Score = L0 1—; oxen )

Worst Group F7 is the lowest Base Score across
sex, ethnicity, and language groups:

Worst Group F; = min (Base Score;) (3)

i€{1,...,.8}

and Overall F is the average between Base Score
and Worst Group Fi:

(Base Score + Worst Group F)

2
“)

Overall I =

5.2 Baselines and Proposed Models
5.2.1 Encoder Baselines with BIO Tagging

As baselines, we evaluate a range of encoder-based
models trained with BIO tagging for span detection,
including models with stronger biomedical vocabu-
lary coverage such as BioMedBERT (Gu et al.,
2020), and models designed for longer clinical
documents such as Clinical Longformer (Li et al.,
2022). We also include ModernBERT (Warner
et al., 2025), which incorporates architectural im-
provements such as RoPE positional encoding and
an extended context window of 8,192 tokens. We
additionally retrain RoOBERTa and ELECTRA, the
best-performing models from Elgaar et al. (2024),
under our experimental configuration.

5.2.2 Generative Extraction Baseline

We evaluate two generative baselines. First, we
fine-tune Qwen3.5-4B (Qwen Team, 2026) using
standard SFT with autoregressive cross-entropy
loss on the same training set and prompt as our
proposed models (Appendix C). Comparing this
baseline against Model 1 directly isolates the bene-
fit of DFT over standard SFT. Second, we prompt
GPT-5 (Singh et al., 2025) in a zero-shot setting
using the same prompt, establishing an upper refer-
ence for generative extraction without task-specific
training.
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5.2.3 Proposed Models

We use Qwen3.5-4B (Qwen Team, 2026) as our
base model for its reasoning capability and ex-
tended context window, which processes full dis-
charge summaries without truncation. We train
three variants based on strategies in Section 4:

1. Model 1 (DFT Model): We fine-tuned
Qwen3.5-4B with the DFT objective, estab-
lishing it as a primary extraction model.

2. Model 2 (DFT + RLVR Model): We initial-
ized from Model 1 and applied RLVR with
DAPO and GDPO to further improve per-
formance. Three reward combinations were
tested: Span and Token F; (Model 2), Span
F only, and Token Fj only. The first combi-
nation was also evaluated with metrics other
than F1, specifically Fj 5 and precision.

3. Model 3 (DFT with Pseudo-label Model):
We fine-tuned Qwen3.5-4B with DFT on the
original training set augmented with pseudo-
labels generated by Model 1. We experi-
mented with two entropy cutoffs including
Pig (221 samples) and Pi5 (331 samples) to
evaluate the tradeoff between pseudo-label
quantity and quality.

Finally, predictions from all three models are ag-
gregated using Span-Cluster Consensus (Section
4.4) and compared against two simpler baselines:
majority voting (median start/end offsets, majority-
voted category) and minimum-entropy selection
(the single per-document prediction with lowest
generation entropy).

5.3 Implementation Details

We implemented our pipeline using the Unsloth
library (Daniel Han and team, 2023) and the Trans-
formers Reinforcement Learning (TRL) framework
(von Werra et al., 2020) across all training stages.
All models use Qwen3.5-4B (Qwen Team, 2026)
as the base model and AdamW (Loshchilov and
Hutter, 2017) as the optimizer. Due to the differ-
ing computational demands, the DFT stages were
trained on a single NVIDIA A100 (80GB) GPU,
whereas RLVR was trained across four NVIDIA
A100 (40GB) GPUs using Distributed Data Parallel
(DDP) (Li et al., 2020). All models start with DFT
via LoRA, where Model 1 and 2 were trained on
a tag-converted training set and Model 3 with the
addition of pseudo-labels. This stage used Rank-
Stabilized LoRA (rsLoRA) (Kalajdzievski, 2023)

with a rank of 256, a = 32, 2 epochs, a learning rate
of 2 x 10™4, a batch size of 8, and a cosine learning
rate scheduler. Model 2 further applies Reinforce-
ment Learning from Verifiable Rewards (RLVR)
trained for 1 epoch using the DAPO loss with stan-
dard LoRA, a lower learning rate of 5 x 107>, a
larger batch size of 32, rollout size of 64, a constant
scheduler, and a reduced LoRA rank and « of 2
(Schulman and Lab, 2025). For efficient inference,
we utilized the vLLM engine (Kwon et al., 2023)
with a temperature of 0. The ensemble hyperpa-
rameter search used the Optuna library with 5,000
trials using the default TPE sampler (Akiba et al.,
2019).

6 Results

We evaluated various setups of model development
across the Span Fj, Token F1i, and the compos-
ite scores. The following section reports the key
results and their implications with respect to our
internal validation set, unless specified otherwise.
Moreover, our interpretation of the results focuses
primarily on Base Score performance, since the
Overall F1 may be subject to the imbalanced split
caused by the Worst Group F} as discussed in Sec-
tion 3. Accordingly, we treat the Overall F; and
Worst Group F} as supplementary context.

6.1 Encoder and Generative Baselines

All fine-tuned LLMs outperform both encoder and
generative baselines (Table 1). Among encoder
models, Clinical Longformer achieved the highest
performance, with a Span F; of 0.4327, Token
Fy of 0.6297, and a Base Score of 0.5312. GPT-
5, by contrast, yielded a competitive Span F} of
0.5179 but fell sharply on a Token F3 of 0.2230
and a Base Score of 0.3210. Our LoRA SFT model
outperforms both baselines across all three metrics,
improving over Clinical Longformer by 1.96% in
Token F; and 5.58% in Base Score, while also
exceeding GPT-5 by 0.68% in Span F and 26.60%
in Base Score.

6.2 Fine-tuning Approaches

LoRA was the more efficient adapter, outperform-
ing DoRA at the same rank and fine-tuning settings
in both DFT (Base Score 0.5934 vs. 0.5826) and
SFT (0.5870 vs. 0.5817) (Table 1). DFT also per-
formed better than SFT in both LoRA (0.5934 vs.
0.5870) and DoRA (0.5826 vs. 0.5817). Although
LoRA DFT had a lower Worst Group F than
LoRA SFT, the Worst Group F} for both methods
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Approach Model & Configuration Span F;  Token F;  Base Score Worst Group F;  Overall F
RoBERTa (BIO Tag) 04171 0.6233 0.5202 0.4416 0.4809
Baselines ELECTRA (BIO Tag) 0.4061 0.5890 0.4976 0.4105 0.4540
BioMedBERT (BIO Tag) 0.4126 0.5967 0.5047 0.4063 0.4555
Clinical Longformer (BIO Tag) 0.4327 0.6297 0.5312 0.4609 0.4960
ModernBERT (BIO Tag) 0.3282 0.5070 0.4176 0.3787 0.3981
Zero-shot GPT-5-2025-08-07 (Medium Reasoning) 0.5179 0.2230 0.3210 0.3025 03118
Qwen3.5-4B (DoRA SFT, r = 256) 0.5250 0.6385 0.5817 0.4994 0.5406
Fine-tunin Qwen3.5-4B (DoRA DFT, r = 256) 0.5177 0.6475 0.5826 0.5151 0.5488
uning Qwen3.5-4B (LoRA SFT, r = 256) 0.5247 0.6493 0.5870 0.5440 0.5655
Model 1: Qwen3.5-4B (LoRA DFT, r = 256) 0.5299 0.6570 0.5934 0.5225 0.5580
Model Size Qwen3.5-9B (LoRA DFT, r = 256) 0.5179 0.6582 0.5881 0.5044 0.5462
Rank Ablation Qwen3.5-4B (LoRA DFT, r = 128) 0.5152 0.6464 0.5808 04716 0.5262
Qwen3.5-4B (LoRA DFT, r = 512) 0.5273 0.6504 0.5889 0.4695 0.5292
Qwen3.5-4B (GRPO, Token F}) 0.5258 0.6577 0.5917 0.5241 0.5579
Qwen3.5-4B (GRPO, Span F) 0.5298 0.6573 0.5935 0.5261 0.5598
RLVR Reward Qwen3.5-4B (GRPO, Span and Token Precision) 0.5296 0.6523 0.5909 0.5249 0.5579
Qwen3.5-4B (GRPO, Span and Token Fp.5) 0.5289 0.6560 0.5925 0.5309 0.5617
Model 2: Qwen3.5-4B (GRPO, Span and Token F)  0.5273 0.6565 0.5919 0.5320 0.5619
Pseudo-labels Qwen3.5-4B (Train set + Pi5) 0.5283 0.6460 0.5871 0.4783 0.5327
u Model 3: Qwen3.5-4B (Train set + Pio) 0.5307 0.6481 0.5894 0.5022 0.5458
Majority vote 0.5298 0.6521 0.5910 0.5210 0.5560
Ensemble Minimum entropy 0.5307 0.6481 0.5894 0.5022 0.5458
Final Model: Span-Cluster Consensus 0.5300 0.6611 0.5955 0.5518 0.5737

Table 1: Performance comparison of baselines, proposed configurations (Model 1, 2, and 3), ablations, and final
ensemble on the internal validation set. Bold and underline indicate best and second-best results.

was the Hispanic subgroup, which contained only
one sample and was therefore a less stable evalua-
tion point. In all other subgroup analyses, LoORA
DFT performed better than LoRA SFT. Therefore,
we chose LoRA DFT as Model 1.

6.3 Adapter Rank and Model Size

Qwen3.5-4B was the optimal model size, out-
performing Qwen3.5-9B (Base Score 0.5934 vs.
0.5881) (Table 1). At a fixed alpha of 32, an
adapter rank of 256 achieved the highest Base
Score (0.5934), compared with rank 128 (0.5808)
and rank 512 (0.5889).

6.4 Reinforcement Learning Configuration

The Token Fj-only reward variant achieved the
highest Token F} score (0.6577), while the Span
F-only variant achieved the best Span Fj score
(0.5298) (Table 1). Notably, the Span F-only vari-
ant also maintained a comparatively high Token F}
score (0.6573), resulting in the highest Base Score
among the variants at 0.5935. In addition to F1,
we explored other evaluation metrics, including
Fy 5, which weights precision more heavily than
recall, and precision, which measures the fraction
of predicted positive instances that are truly posi-
tive. Among these metrics, F{ 5 appears to perform
best, followed by F} and then precision, with Base
Scores of 0.5925, 0.5919, and 0.5909, respectively.

6.5 Pseudo-labels Thresholds

When defined as the entropy percentile threshold,
Py outperformed P;5 across all metrics (Table
1). Model 3 (Pyg) achieved the highest Span F}
of 0.5307 and a Token F} of 0.6481, while also
misclassifying fewer spans as non-decision, partic-
ularly in minority classes such as Gathering addi-
tional information, Treatment goal, and Deferment.

6.6 Ensemble Models

The ensemble outperformed the individual compo-
nents and all other variants on all but one metric,
achieving the best Token F} (0.6611), Base Score
(0.5955), Worst Group F1 (0.5518), and Overall F
(0.5737) (Table 1). Its Span F} of 0.5300 was the
second highest, narrowly behind Model 3 (0.5307).

Rank Team Span 1 Token F Base Worst 1 Overall
1 billbaumgartner 0.5419 0.6667 0.6043 0.5886 0.5965

2 LAMAR (Ours)  0.5257 0.6750 0.6003 0.5881 0.5942

3 Otter 0.5181 0.6666 0.5924 0.5695 0.5809
4 viahes 0.5237 0.6541 0.5889 0.5723 0.5806

5 ahmed_ayman 0.4900 0.6796 0.5848 0.5601 0.5724
Baseline 0.4363 0.6238 0.5301 0.4922 0.5111

Table 2: Official Leaderboard of MedEXACT Shared
Task (Elgaar et al.,, 2026). Our proposed system
(LAMAR) achieves highly competitive performance,
securing 2"¢ place overall.
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6.7 Test Set Performance

Our system ranked second on the test leaderboard
(Table 2). Compared with the first-place system,
we achieved an Overall F} that was 0.23% lower,
but a 0.83% higher Token F. We also consistently
outperformed the baseline across all scores with
a 7.02% improvement on Base Score. As shown
in Table 3, our method performs consistently well
across all demographic subgroups with the Worst
Group F; at 0.5881 in the Non-English subgroup.

Category Subcategory Span I; Token F; Base Score
Gender Male 0.5117 0.6678 0.5897
Female 0.5495 0.6850 0.6173
White 0.5216 0.6726 0.5971
African American  0.4962 0.6926 0.5944
Ethnicity Hispanic 0.5761 0.6794 0.6277
Asian 0.5319 0.7090 0.6205
Other 0.5538 0.6651 0.6094
Language English 0.5303 0.6853 0.6078
Non-English 0.5156 0.6605 0.5881

Table 3: Test set performance of our proposed system
across demographic subgroups.

7 Qualitative and Error Analysis

Our system missed approximately 40% of ground
truth spans overall, and around 30% of non-
decision spans were misclassified as Defining prob-
lem. Minority classes were the most difficult to pre-
dict. The most extreme case was Model 2 (DFT +
GRPO), which correctly identified only 2 out of 41
Gathering additional information spans (4.88%).
This likely reflects the influence of class imbalance
across data splits (Appendix A) on the model’s
behavior. The most common decision-to-decision
misclassification was Evaluating test results being
predicted as Defining problem, occurring at a rate
of 6.8 —9.1%. We hypothesize that this is due to
the fact that evaluating a test result often requires
inferring the current state of a condition, thereby
blurring the boundary between test-result evalua-
tion and defining clinical problems. The qualitative
example from the validation set is illustrated in
Figure 4.

8 Discussion

The results collectively demonstrate that encoder
baselines perform well on Token Fj by design,
while zero-shot GPT-5 highlights that LLMs can
effectively extract span-level information but still
struggle in token-level settings. Inline-tag fine-
tuning bridges this gap, as even LoRA SFT outper-
forms the baselines across metrics. Among the fine-

Ground Truth Prediction

FINDINGS: <evaluate_result >
There is an enhancing mass

in the left parietal dural mass,
which extends to the calvar-

ium </evaluate_result>.

< evaluate_result > There is mini-
mal, if any, mass effect on the pos-
terior frontal and anterior parietal
parenchyma </evaluate_result>.
< evaluate_result>> No intra-
parenchymal metastatic lesions

are identified </evaluate_result>.
< evaluate_result > Gliosis with
evidence of laminar necrosis is
again seen in the medial right oc-

FINDINGS: <evaluate_result™>
There is an enhancing mass

in the left parietal dural mass,

which extends to the calvar-

ium </evaluate_result>.

< evaluate_result > There is mini-
mal, if any, mass effect on the pos-
terior frontal and anterior parietal
parenchyma </evaluate result>.

< define_problem > No intra-
parenchymal metastatic lesions are
identified </define_problem >.

< define_problem > Gliosis with
evidence of laminar necrosis is
again seen in the medial right occip-
cipital lobe </evaluate_result>, ital lobe, likely sequela of a chronic
likely <define_problem> se- infarction </define_problem>.
quela of a chronic infarction q )
< /define_problem>.

. J

Figure 4: Most common decision-to-decision misclas-
sification: Evaluating test results being predicted as
Defining problem.

tuning strategies, Qwen3.5-4B LoRA with DFT
rank 256 consistently emerged as the strongest
single-model configuration. The reinforcement
learning results behaved as theoretically expected,
with each reward type optimizing its correspond-
ing metric, reinforcing the importance of align-
ing reward signals with evaluation objectives. The
pseudo-label experiments further revealed sensi-
tivity to label noise: a tighter entropy threshold
(P1o) produced cleaner pseudo-labels and meaning-
fully improved minority-class recall. Finally, the
ensemble’s strong overall performance, driven by
complementary prediction patterns between mod-
els trained with DFT, DFT + GRPO, and DFT
with pseudo-labels demonstrates that ensembling
effectively compensates for individual model weak-
nesses. Test-set results further show that the system
generalizes consistently across demographic sub-
groups, with the Worst Group F not arising from
disproportionately small subgroups.

9 Conclusion

Our work demonstrates that the agreement-driven
ensemble consistently outperforms both encoder-
based and zero-shot generative baselines across all
metrics. This suggests that combining predictions
from models with different output distributions can
better capture complementary representations. We
further show that performance can be improved
through fine-tuning with DFT, reinforcement learn-
ing with verifiable rewards, and pseudo-label aug-
mentation, highlighting the value of combining
complementary modeling strategies with targeted
training enhancements.
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Limitations

Our study has several limitations spanning method-
ology, data, and experimental scope. First, full-
document generation with inline tags is more
computationally expensive at inference time than
classifier-based BIO tagging, which may limit prac-
ticality in clinical settings. Although we use a
fidelity reward to reduce hallucinations, this mech-
anism has not been tested across diverse inputs, and
its robustness remains uncertain. Second, our ex-
periments are limited to Qwen3.5-4B and a single
dataset, MedDec (451 documents), leaving gener-
alizability an open question. Third, we observed
overlapping spans within the same category, includ-
ing cases with slightly different offsets and cases
with identical boundaries. Cleaning these annota-
tions led to worse performance than retaining the
original data, likely because overlapping spans are
also present in the validation set. This issue war-
rants further investigation. Fourth, pseudo-label
thresholding remains a challenge. Our results show
slightly negative correlations, suggesting the cur-
rent strategy does not reliably distinguish useful
pseudo-labels from noisy ones. Because entropy
captures only model confidence, it may be insuf-
ficient as the sole filtering criterion. Finally, time
constraints limited our exploration of reinforce-
ment learning policies, and the current setup may
not reflect the optimal policy or ensemble configu-
ration. Although Model 2 shows notable potential
for reward-based improvement, this study priori-
tized ensemble methods, and a deeper investigation
of reward configuration is left for future work.
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A Exploratory Data Analysis

We examined the demographic breakdown of the
train, validation, and test splits. Table 4 highlights
the severe underrepresentation of some groups, par-
ticularly across ethnicities, which can substantially
affect the Worst Group F7 score. Table 5 provides
additional context on the prevalence of each deci-
sion category in the dataset, offering insight into
observed model behavior.

B Internal Validation Set

We reassigned all spans from a section shown in
Figure 5 from Treatment goal to Defining problem
in the original validation set for internal validation.
The original span boundaries were preserved, and
only the category labels were changed.

C Decision Extraction Prompt

We designed the inline tag extraction prompt shown
in Figure 6. This prompt was used for supervised
fine-tuning, RLVR fine-tuning, and GPT-5 zero-
shot evaluation.

D Encoder Model Training
Configurations

For the encoder baselines, we adopted MedDec’s
sliding-window training and non-overlapping win-
dow inference strategy while modifying several
training hyperparameters. The window size for
each model was set to its maximum supported
input length: 512 for RoBERTa, ELECTRA,
and BioMedBERT; 4096 for Clinical Longformer;
and 8192 for ModernBERT. With these settings,
RoBERTa, ELECTRA, and BioMedBERT were
trained on a single NVIDIA A100 80GB GPU,
whereas Clinical Longformer and ModernBERT
required greater computational resources and were

trained using 4 NVIDIA A100 40GB GPUs. All
models were trained for 250 epochs with a learning
rate of 2 x 107, an effective batch size of 32, and
a cosine learning rate scheduler.

Category Subcategory Train Validation Test

Gender Male 204 27 28
Female 146 26 20
White 244 43 35
African American 31 7 4
.. Hispanic 21 1 1
Ethnicity s sian 10 0 2
Native Hawaiian 1 0 0
Other 43 2 6
Language English 197 35 28
Non-English 153 18 20

Table 4: Dataset distribution by category and subcate-
gory across train, validation, and test sets.

Class Train %Train Validation % Validation
Contact related 2293 528 289 4.12
Gathering additional information 376 0.87 41 0.58
Defining problem 17015 39.19 2766 39.39
Treatment goal 107 0.25 46 0.66
Drug related 10930 25.17 1989 28.33
Therapeutic procedure related 5311 12.23 825 11.75
Evaluating test results 5806 13.37 828 11.79
Deferment 84 0.19 10 0.14
Advice and precaution 1496 345 228 3.25

Table 5: Number of spans per class in the train and
validation sets.
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Excerpt of the Internal Validation Set

[...] Review of systems: (+) Per HPI (-) Denies fever, chills,
night sweats, recent weight loss or gain. Denies headache,
sinus tenderness, rhinorrhea or congestion. Denies cough,
shortness of breath, or wheezing. Denies chest pain, chest
pressure, palpitations, or weakness. Denies nausea, vomiting,
diarrhea, constipation, abdominal pain, or changes in bowel
habits. Denies dysuria, frequency, or urgency. Denies
arthralgias or myalgias. Denies rashes or skin changes.

Past Medical History: EtOH Abuse Cirrhosis Hepatitis C:
No prior treatment Diabetes Mellitus 2 - 20 + years Tobacco
Use Depression Hypertension GERD Pancreatitis
Diverticulitis Hemorrhoids Atypical chest pain

Social History: - Tobacco: 1 ppd x 20+ years - Alcohol:
6-12 beers daily - Illicits: None

Family History: No history of bleeding disorders or
abdominal bleeding. Both parents still living. Physical
Exam: Vitals: T: 97 BP: 127/54 P: 112 R: 18 18 O2: 96/RA
General: Alert, oriented, no acute distress HEENT: Sclera
anicteric, MMM, oropharynx clear Neck: supple, JVP not
elevated, no LAD Lungs: Clear to auscultation bilaterally,
no wheezes, rales, ronchi CV: Regular rate and rhythm,
normal S1 + S2, no murmurs, rubs, gallops Abdomen: soft,
non-tender, non-distended, bowel sounds present, no
rebound tenderness or guarding, no organomegaly GU: no
foley Ext: warm, well perfused, 2+ pulses, no clubbing,
cyanosis or edema [...]

Figure 5: Reassigned spans in the internal validation
set. Only spans in this section originally categorized as
Treatment goal were reassigned to Defining problem.

Decision Extraction Prompt

You are an expert specializes in extracting clinical decisions from a
patient’s discharge summary.

### YOUR TASK ###

Given an input discharge summary, return the EXACT SAME text,
but with specific phrases wrapped in inline tags to mark clinical
decisions.

IMPORTANT:

- Do NOT add, remove, or rephrase any text outside the tags.

- Preserve all original punctuation, line breaks, and spacing.

- EVERY opening tag MUST have a corresponding closing tag (e.g.,
<drug_decision>Aspirin 81 mg daily </drug_decision>).

- These tags CAN overlap or nest in one another, as long as they are
VALID TAGS.

#i## DECISION CATEGORIES & TAGS #i##

Use the following tags exactly as defined:

1. <define_problem> : diagnostic conclusions, health state
evaluations, etiological inference, or prognostic judgment.

2. <drug_decision>> : decisions to start, stop, continue, withhold,
or modify medications.

3. <evaluate_result> : interpretation of clinical findings or test
results.

4. <contact_related> : admissions, discharges, follow-ups, or
referrals to other hospitals.

5. <therapeutic_procedure> : decisions to perform, plan, or
refrain from procedures.

6. <advice_and_precaution> : patient instructions, advice, or
precautions.

7. <gather_info> : decisions to order tests and investigations or
consult another colleague.

8. <treatment_goal > : therapeutic goals, aims, or treatment
objectives.

9. <defer_decision> : delaying judgment or action for now.

#i#t# ANNOTATION RULES #i##

1. Boundary: Annotate spans that capture the full clinical decision.
Prefer longer spans than short words.

2. Comprehensiveness: The output should be comprehensively
annotated. Extract as many valid decisions as possible.

3. Exclusions: DO NOT annotate document headers or labels (e.g.,
“Admission Date:”, “Discharge Date:”, “Physical Exam:”).

4. Overlapping Spans: Spans may overlap or belong to multiple
categories. Wrap each span independently with all applicable tags.
Example (nested): <drug_decision>continue warfarin for

< treatment_goal >stroke

prevention</treatment_goal > </drug_decision>

Example (partial overlap): <define_problem>The next previous
examination suggested

<evaluate_result>atelectasis </define_problem>> - density in the
left base cannot be evaluated </evaluate_result>

### OUTPUT FORMAT ###

Return ONLY the fully annotated text. Ensure all tags are properly
closed. Do not include any explanations.

#i## INPUT TEXT ###

{discharge_summary}

Figure 6: Decision extraction prompt used in our system
and for zero-shot evaluation of GPT-5.
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Abstract

Detecting psychological defense mechanisms
in supportive conversations is essential for as-
sisting mental health practitioners. Natural lan-
guage processing techniques are increasingly
integral to such systems, enabling automated
classification of defense levels to better un-
derstand help-seeker behavior and resistance
patterns. In PsyDefDetect at BioNLP 2026,
we address the task of nine-class defense level
classification on the PSYDEFCONYV corpus.
We propose a three-stage pipeline combining
LLM-based dialogue summarization, domain-
specific transformer fine-tuning, and rule-based
ensemble prediction. Additionally, we evaluate
three mental health domain-specific transform-
ers (Mental-BERT, Mental-RoBERTa, Mental-
XLNet) alongside fine-tuned LLMs (Qwen3-
4B, Qwen3-1.7B, Mistral-7B under different
input conditions. Experimental results on the
released test-set gold labels show that our
ensemble approach achieves the best perfor-
mance, reaching 34.69% macro F1 and sur-
passing the baseline by 4.69 percentage points.
On the official PsyDefDetect Leaderboard 1
(labels 1-8), the submitted system achieved
a Macro-F1 score of 23.46%, ranking 15th
out of 21 teams, while on Leaderboard 2 (la-
bels 0-8), it achieved 30.04%, securing 14th
place. These findings demonstrate that domain-
specific transformers substantially outperform
generic LLM fine-tuning on this specialized
clinical task.

1 Introduction

Psychological defense mechanisms are automatic
cognitive and behavioral strategies that individuals
employ to manage emotional distress and inter-
personal conflict (Vaillant, 1992). While defenses
serve adaptive functions, their rigid or excessive
use is strongly associated with poor mental health
outcomes, reduced help-seeking behavior, and re-
sistance to therapeutic intervention (?). In clinical
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and supportive conversations, the ability to auto-
matically identify defense levels in a speaker’s ut-
terances could assist mental health practitioners
in monitoring client progress, tailoring interven-
tions, and reducing annotation burden in large-scale
clinical studies. Despite the growing application
of natural language processing (NLP) to mental
health (Chancellor and Choudhury, 2020), the au-
tomatic detection of psychological defense mecha-
nisms remains largely underexplored. The task is
inherently challenging, as psychological defense
mechanisms are highly dependent on contextual
information, and remain difficult to reliably assess

even for trained clinicians.
& <

g% |

ALl Q°<ﬂ°\
Projection Rationalization Denial 9.‘6;@“52
Yes - he's always irritable! ha ha. So instead of answering,
he launched into this thing about how COVID antibodies disappear,
so the tests are pointless. I know there are some issues with the
various tests. As it happens, I have a PhD in immunology, so I know .

a lot about this stuff... Yes - T want to be friends! It's not me...

Figure 1: An example of defense level classification.
Highlighted spans show the linguistic signals that indi-
cate a Disavowal defense (Label 3) in the target utter-
ance.

The recently introduced PSYDEFCONV cor-
pus (Na et al., 2026b), comprising 200 therapeutic
dialogues across nine defense levels, establishes
a benchmark for this problem. However, even
strong language models achieve only around 30%
macro F1 in zero-shot and fine-tuning settings, and
they consistently tend to overpredict mature de-
fenses due to class imbalance. As illustrated in
Figure 1, the task requires identifying such defense-
indicative signals within helpseeker utterances to
assign one of nine DMRS-defined defense levels.

Proceedings of the BioNLP 2026 (Shared Tasks), pages 191-200
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To address these challenges, we participated in Psy-
DefDetect @BioNLP 2026 (Na et al., 2026a), a
shared task on detecting psychological defense lev-
els in supportive conversations. Our contribution
are as follows:

* We propose a dialogue summarization strategy
using Qwen3-4B-Instruct (Team, 2025) to re-
duce conversational noise and provide global
context for utterance-level defense classifica-
tion.

* We systematically evaluate mental health
domain-specific transformer models and fine-
tuned LLMs, providing comparative analysis
across all nine defense levels. Our results
show that transformers with summarization
guidance achieve more competitive perfor-
mance than raw LLM fine-tuning on this spe-
cialized clinical task.

* We introduce a rule-based ensemble that
leverages per-class model strengths identified
through validation analysis, achieving more
balanced predictions across defense levels.

2 Literature Review

Modeling mental health conversations poses unique
challenges for NLP systems due to their context
dependent nature, and has recently been explored
extensively in the context of large language models
for psychotherapy (Na et al., 2025). The ESConv
corpus (Liu et al., 2021) laid the foundation for
this area, providing 1,053 dialogues annotated with
eight support strategies. Extended ESConv and
ESConv-SRA (Madani and Srihari, 2025) generate
strategy conditioned continuations and analyze how
large language models (LLMs) maintain coherence
across turns. Multi-Strategy ESConv (Bai et al.,
2026) demonstrates that LLMs outperform super-
vised models in producing multi-strategy replies.
Additionally, Zheng et al. (2023a) present AugESC,
which finetunes GPT-J 6B on ESConv to complete
dialogue threads, while Zheng et al. (2023b) create
EXTES via ChatGPT in-context generation. Zhang
et al. (2024) introduce ESD-CoT, extending ES-
Conv with explicit reasoning chains.

Defense mechanisms are unconscious strategies
individuals employ to manage emotional distress
(Freud, 1936). The Defense Mechanism Rating
Scales (DMRS) (Perry et al., 1993) is a validated,
empirically grounded instrument that arranges de-
fenses into a seven level hierarchy from Level 1

(Action defenses) to Level 7 (High Adaptive de-
fenses) (Perry and Henry, 2004; Di Giuseppe and
Perry, 2021). The PSYDEFCONYV corpus (Na
et al., 2026b), the first conversational dataset anno-
tated with DMRS defense levels comprises 2,336
labeled utterances across nine defense classes.
However, strong language models achieve only
around 31% macro F1 in fine tuning settings, with a
marked tendency to overpredict the dominant High
Adaptive class (51.8% of the dataset) due to severe
class imbalance.

Previous work on defense mechanism detection
has either focused on supporting strategies in emo-
tional support conversations or applied general
mental health classification techniques without ex-
plicitly modeling defensive functioning. We ad-
dress this gap through a three-stage pipeline: LLM-
based dialogue summarization to reduce noise, do-
main specific transformer fine tuning with class
imbalance handling, and a rule-based ensemble to
counteract overprediction of the dominant class.

3 Dataset and Task Description

PsyDefDetect@BioNLP 2026 (Na et al., 2026b) is
a shared task focused on analyzing psychological
defense mechanisms in supportive conversations.
The task requires identifying the defense level of a
target utterance within its multi-turn dialogue con-
text, spanning 9 categories described in Appendix
4. Table 1 summarizes the corpus statistics.

Corpus Statistic Train Test
Dialogues 200 189
Utterances 1,864 472
Average turns per dialogue 22.3 16.9
Average words per utterance 18.9 18.3
Seeker-to-Supporter ratio 1.04:1  1.06:1

Table 1: Dataset statistics for train and test splits.

4 System Overview

This study addresses psychological defense mecha-
nism classification from therapeutic dialogues as a
nine-class prediction problem. Our pipeline com-
prises three sequential stages: LLM-based dialogue
summarization, domain-specific transformer fine-
tuning, and a rule-based ensemble that combines
model predictions. Figure 2 represents the architec-
ture of the system. The implementation and source
code are publicly available on GitHub.!

1https://github.com/OarisaR/CS_
Metro-at-PsyDefDetect-BioNLP-2026
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Figure 2: Overview of the proposed method-
ology pipeline, including dialogue summarization,
transformer-based classification, LLM fine-tuning, and
evaluation.

4.1 Data Preprocessing

The dataset presents two primary challenges: irrel-
evant or noisy information that can misguide the
model and a notable class imbalance. To mitigate
these issues, we apply dialogue summarization to
extract the most relevant content from each conver-
sation and use class imbalance handling techniques
to ensure more balanced learning across all classes.

Dialogue Summarization: Each dialogue was
summarized using Qwen3-4B-Instruct to capture
the main intent of the conversation. The dialogues
were first formatted by concatenating speaker turns
as "Speaker: text" and then passed to the model
with instructions to produce a concise summary
within 100 words. The structured prompt used for
this summarization step is provided in Appendix 7.

Class Imbalance Handling: The training data
exhibits a strong class imbalance, with Label 7
(High-Adaptive) originally comprising 968 sam-
ples, making it disproportionately dominant. To
mitigate this effect, we apply targeted undersam-
pling, restricting Label 7 to a maximum of 550
samples. However, since undersampling alone does
not fully resolve the imbalance across the remain-
ing classes, we further compute inverse-frequency
class weights on the undersampled data.

B N
9 x count(c)

(D

We

where NV is the total number of training samples
and count(c) is the number of samples in class c.

4.2 Models

We evaluate two categories of models for multi-
label classification:

Domain-Specific Transformer Models We em-
ploy transformer models which are pretrained
on mental-health related corpora such as Mental-
BERT-base and Mental-RoBERTa-base (Ji et al.,
2022), adn Mental-XLNet-base (Ji et al., 2023).

Fine-tuned Large Language Models We fur-
ther fine-tune instruction-tuned LLMs, includ-
ing Qwen3-1.7B, Qwen3-4B (Team, 2025), and
Mistral-7B? (Jiang et al., 2023), to evaluate their
effectiveness on the task.

4.3 Training

The models are trained end-to-end using the cross-
entropy loss function. All experiments follow a
unified hyperparameter configuration, as summa-
rized in Table 2.

Hyperparameter Value
Epochs 20
Learning rate 2x107°
Batch size 16
Weight decay 0.01

Table 2: Training hyperparameters.

4.4 Rule-Based Ensemble

We construct a rule-based ensemble based on
per-class performance observed on the validation
set. The models exhibit complementary strengths
across labels, with predictions selected from the
model that is relatively more reliable for a given
class. In cases where no clear preference emerges,
the ensemble defaults to the most stable model.
Final predictions are stored along with individual
model outputs for evaluation.

5 Results and Discussion

Table 3 summarizes the performance of all models
on the test set across labels (0-8). The results cor-
respond to evaluation on the released test-set gold
labels. In the official PsyDefDetect Leaderboard
1 (labels 1-8), our submission achieved a Macro-
F1 score of 23.46%, ranking 15th out of 21 teams,
while in Leaderboard 2 (labels 0-8), it achieved a
Macro-F1 score of 30.04%, securing 14th place.

2https://huggingface.co/mistralai/
Mistral-7B-Instruct-ve.3
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Transformers
Model Approach Acc Rec Prec F1
Raw 56.36 28.80 28.25 28.36
MentalBERT Summ 52.97 33.32 31.53 31.21
A -3.39 +4.52 +3.28 +2.85
Raw 57.84 3321 31.79 32.20
MentalRoBERTa Summ 5445 31.56 30.66 29.57
A -3.39 -1.65 -1.13 -2.63
Raw 46.40 23.17 21.69 22.17
MentalXLNet Summ 51.06 33.38 27.94 29.65
A +4.66 +10.21 +6.25 +7.48
Ensemble Summ 51.48 40.00 36.00 34.69

LLMs (Few-shot, 9-example)

Raw 30.72 22.15 18.64 14.65
Llama-3.2-3B-Instruct Summ 31.14 2299 19.51 18.25
A +0.42 +0.84 +0.87 +3.60
Raw 20.34 21.19 21.83 16.15
Qwen3-4B-Instruct Summ 29.03 21.72 24.95 19.48
A +8.69 +0.53 +3.12 +3.33
Raw 3347 18.14 20.29 16.73
Phi-4-mini-instruct Summ 3496 23.60 22.27 19.46
A +1.49 +5.46 +1.98 +2.73
LLMs (Fine-tuned)
Qwen3-4B Raw 63.77 31.31 36.73 30.04
Qwen3-1.7B Raw 5445 30.19 25.27 25.58
Mistral-7B Raw 47.03 29.39 26.56 26.59

Table 3: Performance comparison of transformer-based
models and LLMs (both fine-tuned and few-shot), re-
ported in %. ’Summ’ denotes summarisation of raw
conversations; "Raw’ uses full dialogue history; few-
shot uses 9 examples per label.

Summarization reduces input noise but affects
transformer models differently across architec-
tures. The results suggest that dialogue summariza-
tion has a non-uniform effect on transformer-based
models. Mental BERT and MentalRoBERTa show
a small decrease in accuracy (-3.39 for both), while
recall and F1 increase, indicating that summariza-
tion helps recover relevant information but may
slightly affect precision. In contrast, MentalXLNet
improves across all metrics, with a notable gain in
F1 (+7.48) and recall (+10.21), suggesting better
use of compressed dialogue context.

Model architecture influences sensitivity to com-
pressed dialogue representations. The results
show that transformer variants respond differently
to summarization. MentalRoBERTa performs best
on raw dialogues but degrades more with summa-
rized inputs, whereas Mental XLNet benefits more
consistently from compression. MentalBERT re-
mains comparatively stable but achieves lower over-

all performance. Overall, stronger contextual repre-
sentations appear more effective at handling com-
pressed inputs.

Large language models leverage longer context
windows but remain competitive rather than
outperforming transformer ensembles. Fine-
tuned LLMs showed strong performance, with
Qwen-4B (QLoRA) performing best, followed by
Qwen-1.7B and Mistral-7B. Unlike encoder-based
transformers, these models were trained on raw
dialogues, as their larger context windows reduce
the need for summarization and make them less
sensitive to irrelevant conversational context. How-
ever, despite this advantage, LLMs did not surpass
the transformer ensemble, suggesting that carefully
optimized transformer models with summarization
remain highly effective for this specialized classifi-
cation task.

Few-shot learning remains below fine-tuned
baselines. Although summarization improves per-
formance, the best few-shot F1 score (19.48) re-
mains well below the transformer ensemble (34.69)
and fine-tuned Qwen3-4B (30.04). This gap sug-
gests that limited in-context examples are insuffi-
cient for capturing the nuanced patterns in mental
health dialogues, emphasizing the importance of
task-specific fine-tuning.

5.1 Per-Class Behaviour Analysis

Figure 3 illustrates the class-wise performance dis-
tribution across all models. In particular, No De-
fense and High-Adaptive exhibit higher accuracy
across all models, indicating that these classes dom-
inate the decision space. In contrast, defense cate-
gories such as Disavowal and Neurotic show low
performance.

The observed distribution suggests a strong bias
toward high-frequency, while minority and psy-
chologically nuanced categories remain unstable
across architectures. This indicates that the clas-
sification boundary is primarily shaped by data
imbalance rather than model capacity.

5.2 Error Analysis

Figure 4 presents the confusion matrix of the en-
semble system, highlighting systematic error pat-
terns across all classes. The misclassification
structure is highly non-uniform and reveals strong
semantic entanglement between several defense
mechanism categories.
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Figure 3: Per-class accuracy comparison across models.

Confusion Matrix

NoDef1 55 0 0 0 0 2 1 16 1

Action 0 11 4 0 3 1 D) 4 0

MajDist 0 0 5 0 4 0 3 4 0

Disavow{ 1 ) B8 2 8 0 1 5 0

MinDist 0 1 4 0 3 2 3 8 0

True Class

Neurotic 1 1 0 0 1 1 0 9 0

Obsess{ 1 4 1 1 2 2 15 18 0

HighAdapt 1 10 9 8 1 11 B 21 177 B

Needinfo1 O 1 0 0 0 0 1 4 1

NoDef ~ Action  MajDist Disavow MinDist Neurotic ~Obsess HighAdapt Needinfo
Predicted Class

Figure 4: Confusion matrix of ensemble predictions
over Labels 0-8.

A clear error pattern is the consistent bias to-
ward High-Adaptive, which behaves as a dominant
sink class. Samples from Disavowal, Minor Image
Distorting, Neurotic, and Obsessional classes are
often misclassified as High-Adaptive, suggesting
that uncertain cases are frequently mapped to a
high-frequency category.

There is also notable confusion between Neu-
rotic and High-Adaptive, indicating that the model
does not clearly separate these two and may treat
them as closely related states.

Minor Image Distorting is particularly unsta-
ble, with predictions spread across several nearby
classes, showing weak and inconsistent learning
for this category.

6 Conclusion

This study investigates psychological defense
mechanism classification within conversations us-

ing transformer-based models and fine-tuned large
language models. Mental BERT, MentalRoBERTa,
and MentalXL.Net were evaluated under raw and
summarized settings alongside an ensemble ap-
proach. The results indicate that summarization
consistently benefits Mental XLLNet, whereas Men-
talBERT and MentalRoBERTa exhibit mixed be-
havior. Fine-tuned LLMs, including Qwen-4B,
Qwen-1.7B, and Mistral-7B, were evaluated on raw
dialogues leveraging their larger context windows.
These models do not consistently outperform the
transformer ensemble. Future research could ex-
plore synthetic augmentation for minority classes,
dialogue compression strategies, and cross-lingual
transfer to enhance generalization.

Limitations

While this study contributes to psychological de-
fense mechanism classification in supportive con-
versations, several limitations exist. Summariza-
tion may discard subtle emotional cues critical for
understanding psychological distress. Resource
constraints prevented exploration of larger LLMs,
alternative compression techniques, multi-turn con-
text, and cross lingual transfer.Models were evalu-
ated on a single dataset (PSYDEFCONYV), which
may not generalize across diverse populations. Fi-
nally, parameter-efficient fine-tuning may not fully
utilize the representational capacity of larger mod-
els compared to full fine-tuning.

Ethical Considerations

The system presented in this study are intended
to support, not substitute, clinical professionals.
Predictions are subject to potential misclassifica-
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tion and may inherit biases present in the training
data. Real-world deployment necessitates human
oversight and compliance with applicable data pro-
tection regulations.
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A Appendix
A.1 Defense Mechanism Labels and Dataset
Distribution

Table 4 presents the definition of nine defense
mechanism labels along with their class distribu-
tion across train and test splits.

Label Level Definition Train  Test

0 No Defense (NoDef) No defensive content. 296 75

1 Action (Action) Distress acted out exter- 108 28
nally.

2 Major Image Distorting (MajDist) ~ All-good or all-bad distor- 61 16
tions.

3 Disavowal (Disavow) Denial, projection, fantasy. 99 25

4 Minor Image Distorting (MinDist)  Idealization or devaluation. 84 21

5 Neurotic (Neurotic) Motives kept out of aware- 48 13

ness.
Logic separates feeling 172 44
from event.

7 High-Adaptive (HighAdapt) Mature emotional coping. 968 243
8 More Info Needed (NeedInfo) Too ambiguous to annotate. 28 7

Total 1864 472

6 Obsessional (Obsess)

Table 4: DMRS label taxonomy with train/test distribu-
tion (Perry et al., 1993).

A.2 QLoRA Fine-Tuning Configuration

We employ parameter-efficient fine-tuning using
QLoRA to adapt a 4-bit quantized Qwen3-4B-
Instruct model for the classification task.

Category Configuration

Quantization 4-bit NF4 with bfloat16 compute
LoRA Rank (r) 16

LoRA Scaling («) 32

Target Modules Attention and MLP projections
Epochs 3

Learning Rate 1x107*
Effective Batch Size 8
Max Sequence Length 512 tokens

Table 5: QLoRA hyperparameter configuration for fine-
tuning Qwen3-4B-Instruct.

A.3 Few-Shot Prompt Structure

All evaluated models used a standardized 9-shot
prompting framework for defense mechanism clas-

sification. Each prompt included a fixed system
instruction, nine in-context examples and a final
target query. The complete prompt structure is
shown below.

System Prompt

You are a clinical psychologist specializing in psychody-
namic defense mechanisms. Classify the psychological
defense mechanism in the given therapy exchange.

Defense levels (choose exactly one):

* 0 — No Defense: No clear defense mechanism ob-
served.

* 1 — Action: Acting out, passive aggression, help-
rejecting complaining.

* 2 — Major Image-Distorting: Splitting, projective iden-

tification, autistic fantasy.

3 — Disavowal: Denial, projection, rationalization.

4 — Minor Image-Distorting: Devaluation, idealization,

omnipotence.

¢ 5 —Neurotic: Repression, reaction formation, displace-
ment.

¢ 6 — Obsessional: Intellectualization, isolation of affect,
undoing.

¢ 7 — High-Adaptive: Humor, sublimation, anticipation,
altruism, affiliation.

* 8 — Needs More Info: Not enough context to classify.

Your response must end with exactly: Label: (digit)
Example: Label: 3
No explanation after the label.

A4 Few-Shot Examples

To construct the few-shot prompting framework,
one representative demonstration example was se-
lected for each defense mechanism category (labels
0-8). Each example comprises an LLM-generated
session summary, a target utterance, and its corre-
sponding gold-standard label. The demonstrations
were formatted using a unified chat-based structure
to maintain consistency across all evaluated mod-
els. The complete set of nine in-context examples
is presented in Table 6.
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Table 6: Nine-shot in-context examples. Session summary is an LLM-generated condensation of the full conversation
history; Target utterance is the text the model must label.

L Class Session summary Target utterance

0 No Defense The dialogue begins with a simple greeting from the Seeker. Overall “hi”
conclusion: no meaningful points, insights, or conclusions can be
drawn due to lack of content beyond a greeting.

1 Action The seeker feels isolated and lethargic due to the cold season and lack “l live in a ho-
of family or friends, living in a hotel during the pandemic. They strug- tel currently. No
gle with motivation to work or write and have no social connections. family or friends
The supporter suggests planning Christmas activities to break the cy- around, especially
cle of loneliness, but the seeker acknowledges they have no support with the virus.”
system currently. Key insight: isolation and lack of social connection
significantly impact emotional well-being, highlighting the need for
intentional connection despite current circumstances.

2 Major Image-Distort The seeker expresses feelings of depression and self-doubt, struggling “I am not sure of
to feel like a good person and believing they are a failure. The supporter that. [ feel like a
validates their pain, offers empathy, and affirms the seeker’s potential to failure.”
become anyone they desire. The key insight is that while the supporter
is not a professional, they provide emotional support and encourage
self-worth, suggesting that personal transformation is possible despite
current feelings of failure.

3 Disavowal The seeker experiences overwhelming anxiety and depression without “That makes a lot
a clear trigger, fueled by overthinking. The supporter emphasizes the of sense. Winter
importance of professional help and shares that engaging in enjoyable makes it tougher
hobbies helps distract from racing thoughts. Both acknowledge that too I think.”
seasonal changes, like winter, can worsen symptoms. Key insight:
consistent self-care, hobbies, and professional support are vital for
managing anxiety and depression on bad days.

4 Minor Image-Distort The seeker feels isolated and lethargic due to the cold season, lack of “I try the dating
family, and pandemic-related restrictions. Living in a hotel with no sites, but they seem
nearby support, they struggle with motivation and loneliness, despite too far away or im-
being a writer. While they try dating sites, they find them impersonal. personal. Just the
The supporter suggests planning a positive future event, like a Christ- current season has
mas gathering next year, to break the cycle of isolation and build hope. me down.”

5 Neurotic The seeker expresses deep frustration and emotional distress over re- “Hm. I tried mov-
curring negative events, particularly their mother’s situation in Mexico ing on. And it just
with a deported partner and financial mismanagement. The supporter appears she gets
validates their feelings and asks about past efforts. Key insight: the worse.”
seeker struggles with a sense of helplessness and cycles of worsening
circumstances, highlighting emotional exhaustion and a lack of per-
ceived progress in personal or familial situations.

6 Obsessional The seeker expresses stress, anxiety, and financial struggles due to “anything really
the pandemic and job market challenges. They feel overwhelmed and atm and sorry to
emotionally drained, seeking any work opportunity. The supporter em- hear that—it’s
pathizes, acknowledges shared difficulties, and asks about the seeker’s tough everywhere,
preferred type of work. Key insight: widespread economic hardship a lot of people
is impacting mental and financial well-being, and emotional support having a hard time
and understanding are crucial. The conversation highlights the need def”
for empathy and tailored support in times of crisis

7 High-Adaptive The seeker struggles with chronic back pain, anxiety, and depression ‘Thank you, I will
for eight years, compounded by grief over their mother’s death and look there for oth-
pandemic-related delays in medical care. The supporter emphasizes ers going through
the importance of talking through emotions, journaling, and seeking the same things, it
support. The dialogue highlights resilience, the value of emotional doesn’t sound silly
support, and hope amid ongoing challenges. at all and you are

an amazing person
too. Thank you for
listening and your
thoughtful help.”

8 Needs More Info The seeker feels shamed by friends for not donating to charity during “Yeah...”

Christmas, due to financial struggles from COVID-19. The supporter
emphasizes that donations should come from genuine capacity, not
guilt. The seeker should contribute based on personal values and cir-
cumstances, not others’ expectations—pride in self-worth is essential.
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A.5 Prompt Design for Dialogue Summarization

Table 7 presents the structured prompt used for LLM-based dialogue summarization. It defines a template
in which a raw dialogue is provided as input and the model generates a concise summary capturing the
key information. The prompt emphasizes clarity and semantic consistency, ensuring that the generated
summary reflects the core content of the dialogue without introducing unnecessary details.

Instruction Prompt

Please summarize the following dialogue in a clear and concise manner, capturing the main points, key
insights, and overall conclusions. Your summary should be within 100 words, focusing on the core ideas
without unnecessary details.

Dialogue: {dialogue}

Summary:

,
.

Table 7: Structured prompt used for LLM-based dialogue summarization.

A.6 Example of Dialogue Summarization

To illustrate the effectiveness of the proposed prompt, an example of input dialogue and the corresponding
generated summary is presented in Table 8.

Example: Input—Output Pair

Dialogue:

 Supporter: hi

* Seeker: Hey You there?

* Supporter: Hi I stepped out, how are you?

* Seeker: I’'m okay I guess. How are you?

* Supporter: Good, I am good. Is there anything I can be of an assistance today?
» Seeker: I don’t know. I’ve been dealing with a lot this last month.

Generated Summary:

The dialogue begins with a friendly greeting and mutual check-in. The supporter expresses well-being
and offers assistance, while the seeker reports experiencing significant challenges over the past month.
This indicates emotional strain and a need for support. Overall, the interaction reflects a supportive
conversational exchange.

\

Table 8: Example of input dialogue and corresponding generated summary using the proposed prompt.
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A.7 Prediction Examples

Table 9 illustrates sample predictions for the dialogue classification task. In this table, sample text inputs
are presented along with their corresponding summaries, actual labels, and predicted labels from the
ensemble model. This provides a qualitative view of how the model performs across different input
examples by comparing the true labels with the predicted outputs.

Summary Current Text Actual Defense | Predicted Defense

The seeker reports chronic severe back pain caus- | Hi I'm experiencing a lot of anx- | High-Adaptive High-Adaptive
ing significant anxiety and depression. The sup- | iety and depression because of
porter offers assistance, indicating a need for | constant severe back pain.
emotional and possibly medical support. Key in-
sight: persistent physical pain is deeply impact-
ing mental health, highlighting the interconnec-
tion between physical suffering and emotional
well-being. Conclusion: Addressing both the
back pain and its psychological effects is essen-
tial for holistic recovery.

The seeker feels depressed, attributing it to | That is true. I should be brave | High-Adaptive Obsessional
pandemic-related isolation and lack of connec- | enough to find out if he will be
tion with loved ones. Despite fears of vulner- | there when the chips are down.
ability, the supporter encourages open commu- | I am going to do it.

nication, noting that sharing emotions can re-
lieve sadness and strengthen relationships. The
key insight is that vulnerability is healthy and
worthy—true love accepts one as they are. The
seeker resolves to be brave and express their feel-
ings to their boyfriend.

The seeker expresses feelings of depression and | I don’t know. Maybe stuck at Neurotic Neurotic
lack of motivation, attributing it to being stuck | one place
in one place. The supporter asks what caused the
depression, indicating a need to explore under-
lying causes. The core insight is that the seeker
feels emotionally stagnant and unmotivated, pos-
sibly due to a lack of change or progress in their
current situation. The key takeaway is that iden-
tifying the root cause of stagnation is essential
for addressing the depression.

Table 9: Sample predictions with actual and predicted defense levels.
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Abstract

Extracting structured medical decisions from
ICU discharge summaries is hard because of
long documents, severe category imbalance
across nine DICTUM decision types, and a
fairness-aware evaluation that penalizes incon-
sistent performance across demographic sub-
groups. We present our system for the MedEx-
ACT 2026 shared task (Elgaar et al., 2026),
which fine-tunes BiomedBERT with a com-
posite loss combining label-smoothed cross-
entropy, a soft token-F1 auxiliary term, and
R-Drop regularization. At inference time we
apply a deterministic ensemble: half-offset
sliding-window augmentation across four win-
dow configurations, dual-branch logit aggrega-
tion from the same checkpoint, per-category
length calibration on the Anchor Branch, and
sparse routing to a context-weighted specialist
branch for Cat7, which has strong span-length
evidence, and Cat4, which is included only as a
rare-category heuristic. In a single-seed valida-
tion run, adding R-Drop improved Overall_F1
by 1.24 points over the CE + soft-F1 baseline,
with a larger 1.70-point gain on Worst-Group
F1; these gains should be interpreted as single-
run observations rather than variance-estimated
effects. Our best submission achieves Span F1
of 0.4900, Token F1 of 0.6796, and an official
Overall_F1 of 0.5724, with the African Ameri-
can subgroup as the Worst-Group bottleneck at
Base_Score 0.5601.

1 Introduction

ICU clinicians record dozens of decisions per pa-
tient in discharge summaries, from drug orders
and referrals to test-result evaluations and disposi-
tion plans. The DICTUM taxonomy (Ofstad et al.,
2016) defines ten decision types. The MedDec
dataset (Elgaar et al., 2024) provides span-level
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annotations over 451 de-identified MIMIC-III dis-
charge summaries (Johnson et al., 2016) with inter-
annotator agreement of Cohen’s x = 0.74, and the
MedExACT 2026 shared task restricts scoring to
nine of these as in-scope (Categories 1-9). The
MedExACT 2026 shared task (Elgaar et al., 2026)
challenges participants to extract these spans and
classify each into one of the nine categories under
a fairness-aware metric that penalizes inconsistent
performance across demographic subgroups.

The task is harder than standard clinical NER
for three reasons. Notes average 1,571 whites-
pace tokens, well beyond the 512-token context
of standard BERT encoders. The nine in-scope
shared-task categories are severely imbalanced in
the official 350-document training split: Category 8
(Deferment) has only 84 annotated spans, whereas
Category 3 (Defining problem) has 17,015. And
the ranking metric (Overall_F1) is the average of
aggregate Base_Score and Worst-Group F1, so im-
proving the aggregate at the expense of any single
demographic subgroup directly costs points.

We describe a system based on a single fine-
tuned BiomedBERT checkpoint (Figure 1). Train-
ing uses a composite loss that adds soft token-F1
and R-Drop regularization to label-smoothed cross-
entropy. Inference applies four half-offset sliding-
window views to reduce boundary truncation, fil-
ters Anchor-branch predictions for three categories
by refined span length, and then replaces Cat7 and
Cat4 predictions with a context-weighted specialist
branch. Cat7 routing is supported by span-length
analysis, while Cat4 routing is a rare-category
heuristic with weak distributional evidence. The
system achieves Overall_F1 of 0.5724 on the offi-
cial test set.

Proceedings of the BioNLP 2026 (Shared Tasks), pages 201-212
July 3-4, 2026 ©2026 Association for Computational Linguistics



2 Related Work

Clinical NER and span extraction. Prior work
on MedDec established that fine-tuned token clas-
sifiers far outperform zero-shot LLMs: MedDecX-
tract (Elgaar et al., 2025) reached 34.8 span F1 with
fine-tuned RoBERTa vs. 4.8 for one-shot Llama-
3.1-8B. BIO labeling over pretrained transformers
is the standard approach for flat clinical NER (Gu
et al., 2022), with domain-specific pretraining con-
sistently outperforming general encoders. Span-
NER (Fu et al., 2021) and the boundary-smoothing
loss of Zhu and Li (2022) point to span-level and
boundary-aware modeling as a more direct fit for
this task: among detected spans, the dominant fail-
ure mode is boundary drift rather than category con-
fusion (Section 7). Overlap-capable extraction (Li
et al., 2021) would also apply since many labeled
MedDec documents contain overlapping spans, but
BIO tagging cannot represent these.

Long-document inference. ERNIE-Doc (Ding
et al., 2021) addresses full-document context via
retrospective attention. Practical sliding-window
inference with half-offset TTA was the most reli-
able option in our setting.

Regularization and fairness-aware selection.
R-Drop (Liang et al., 2021) was our single
largest training gain in the validation run. Group
DRO (Sagawa et al., 2020) and Just Train
Twice (Liu et al., 2021) target training-time worst-
group robustness; Group DRO destabilized train-
ing in our setting (proxy span F1: 15.4 vs. 39.9
baseline), so our fairness-aware contribution is lim-
ited to selecting checkpoints and post-processing
settings by Overall_F1 rather than introducing an
effective training-time fairness method.

3 Task and Evaluation

Given a full ICU discharge summary, systems must
detect contiguous text spans expressing medical
decisions and assign each span one of nine in-scope
DICTUM categories (Elgaar et al., 2026). The
evaluation combines performance and subgroup
robustness. The Base_Score averages span- and
token-level F1:

Span F1 + Token F1

5 ey

Base_Score =

Worst-Group F1 is the minimum subgroup
Base_Score across nine demographic partitions
(sex: Female/Male; race: White, African American,

Encoder P R F1

BiomedBERT fulltext 36.2 428 39.2
BioClinical-ModernBERT-1g 347 447 39.1
BiomedBERT abstract 36.0 42.6 39.0
BioClinical-ModernBERT-base  33.3 422 372
SciBERT 33.8 412 37.1
Bio Discharge Summary BERT 33.8 40.7 36.9
BlueBERT 315 404 354
Bio-GottBERT 302 399 344
Clinical_ModernBERT 106 224 144

Table 1: Backbone comparison (span-level precision,
recall, F1 on proxy scorer, 5,000 training steps, seed
42).

Hispanic, Asian, Other; language: English/Non-
English):

Worst-Group F1 = min({Base_Scorei}fzo) 2)

The final ranking metric is:

Base_Score + Worst-Group F1

2
3)
A model that improves aggregate Base_Score
while degrading any subgroup scores lower on
Overall_F1 than one that simply holds the worst
group steady.

Overall F1 =

4 System Description

4.1 Backbone and Task Formulation

We treat medical decision extraction as BIO to-
ken labeling, assigning each token a label from
{B-k,I-k,0} where k € {1,...,9}, yielding 19
labels. We use BiomedNLP-BiomedBERT-base-
uncased-abstract-fulltext (Gu et al., 2022) as the
encoder, pre-trained on both PubMed abstracts and
full texts. In a preliminary comparison across mul-
tiple biomedical and clinical encoders (Table 1),
BiomedBERT fulltext produced the highest span
F1 (39.2%) and was selected as the foundation for
all subsequent experiments.

A BIO-constrained Viterbi decoder enforces le-
gal tag transitions at inference time: the start state
allows only O or any B-x; I-k is permitted only
after B-k or I-k (same-category continuation only).
BIO tagging is imperfect for this dataset: when two
overlapping spans share a token, only one anno-
tation can be represented, so some gold spans are
silently dropped during training.

4.2 Text Normalization and Preprocessing

MIMIC-III discharge summaries contain format-
ting artifacts that affect both tokenization and span
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Training Pipeline
BiomedBERT (x2 fwd) el A9 G i
Input window Dual Dropout T ’ Best Checkpoint
— Combined loss
512 Token CEont sF1+ R— Drop  Maloss Weights
R Selected by Overall F1
P 2
Preprocessing Dual-branch decoding
per clinical note anchor + specidlist ensemble
"""""""""""" Length Calibration ..
Anchor Branch Cat 26,9 j—
l Anchor Model !
Y-view TTA — Uniform Avg Merge + dedup
sliding windows OOoOO0 anc = 1,2,3,5,6,89
spec —> 4,7
- deduplicated (start, end, class) triple
Anchor Branch
(384,0) — Weighted Avg
(684,192) g ‘ annotated note
(256, 0) H
(256,128) Specialist Branch
multi-scale context =
stride + offset views

Figure 1: System pipeline. Training: 512-token windows (biased toward annotated regions) pass twice through
BiomedBERT under independent dropout. A composite loss is backpropagated for 5500 steps; the best checkpoint
by Overall_F1 is kept. Inference: four half-offset sliding-window views feed an Anchor Branch (uniform avg) and

a Specialist Branch (weighted avg). Length calibration

is applied to the Anchor Branch only, filtering predictions

for Categories 2, 6, and 9 by refined character length. The merge step keeps Categories 1, 2, 3, 5, 6, 8, 9 from the
calibrated Anchor Branch and substitutes Categories 4 and 7 from the Specialist Branch, followed by deduplication

over (s, e, cat) triples.

boundary alignment. We apply a three-step prepro-
cessing pipeline before training.

Character normalization. Unicode whitespace
variants (non-breaking spaces U+00AQ, figure
spaces U+2007, narrow no-break spaces U+202F,
BOM U+FEFF) are mapped to ASCII space. Typo-
graphic quotes (U+2018/U+2019/U+201C/U+201D)
are folded to ASCII equivalents, and en-dashes, em-
dashes, and minus signs (U+2013/U+2014/U+2212)
are replaced with hyphens. Bullets (U+2022) are
likewise mapped to hyphens. All replacements are
single-character to single-character so that charac-
ter offsets are preserved without remapping.

Boilerplate filtering. An extractive line-level
filter removes administrative headers (Admission
Date, Discharge Date, Sex, Service, Attending, etc.)
and section markers (Discharge Medications, Dis-
charge Disposition, Followup Instructions) that
never contain decision spans. Blank lines and dec-
orative separators (___, —, ===) are also removed.
Lines that overlap any gold annotation span are
always kept, regardless of boilerplate matching, so
no annotated text is lost. A bidirectional character-

level offset map tracks the mapping between origi-
nal and shortened documents, allowing predictions
on the shortened text to be projected back to origi-
nal offsets for evaluation.

Whitespace compaction. Runs of consecutive
spaces or newlines that do not overlap an annota-
tion span are collapsed: multi-space runs become a
single space, and runs containing a newline become
a single newline. Runs within annotation spans are
left untouched to preserve byte-identical span text.
This step reduces document length by 8-15% on
average without affecting any gold span content.

Span refinement at evaluation. The official
evaluator applies a refine_span routine dur-
ing matching, which expands boundaries that
cut through an alphanumeric word and strips
leading and trailing punctuation tokens using
NLTK’s TreebankWordTokenizer, preserving de-
identified PHI markers ([**. . .*x]). In the final
routed inference recipe, this routine was used only
to compute refined character length for category-
specific filtering (Cat2, Cat6, Cat9) on the Anchor
Branch; the final submitted offsets remained the
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original decoded span boundaries.

4.3 Training Objective

The composite loss function is:
L= LE" + X Looter + @ LrDrop  (4)

with label smoothing €=0.10, A=0.20, a=0.50.

Label-smoothed cross-entropy. Applied over
all BIO positions to reduce overconfidence on the
dominant O label, which accounts for >85% of
tokens.

Soft token-F1. A differentiable macro soft-F1
over token-category probabilities, computed by
summing P(B-k) + P(I-k) for each category and
forming soft true positives, false positives, and false
negatives:

—_

2TP;, + €

9
Looferl = 1— =
soft-Fl 9 ; 2 TP, + FP), + ENj, + ¢

&)

This matches the training signal to the token-level
component of the evaluation metric.

R-Drop. Each window passes through the model
twice under independent dropout masks. A sym-
metric KL divergence is added between the two
token-logit distributions on the 19 BIO label posi-
tions of valid (non-padding) tokens:

1
LrDrop = 5 [KL(p1|[p2) + KL(p2|lp1)] ~ (6)

where p1, ps are the softmax distributions from the
two forward passes. The primary losses are aver-
aged across both passes before backpropagation.

Figure 2 illustrates the interaction of the three
loss terms. Training uses online patch sampling
with a positive-window bias probability of 0.70,
drawing 512-token windows anchored near an-
notated spans (with +10-character fallback for
tokenizer boundary alignment) rather than feed-
ing full documents. Mixed precision (fp16 auto-
cast/GradScaler) is enabled on CUDA, with gradi-
ent clipping at max norm 1.0.

4.4 Long-Document Inference and TTA

A single 512-token sliding window with a fixed
stride misses spans that fall near window bound-
aries, a non-trivial risk given that documents av-
erage 1,571 whitespace tokens. We use a four-
configuration TTA ensemble with window con-
figurations applied in order: (384,0), (384, 192),

512-tok window
mask A mask B
Pass 1 (p1) Pass 2 (p2)

(=) G @) G
i

[ﬁ:@+0.2ﬁ+0.5KL]

Figure 2: R-Drop training. Each window passes through
BiomedBERT twice under different dropout masks.
Both passes produce CE and soft-F1 losses; the R-Drop
term adds a symmetric KL penalty between p; and p.
Losses are averaged across passes (overbar) before back-
propagation.

Document (1024 tokens)

0 256 3?4
vl [
(384, 0) '

768 1024

< covered by v2—>
v2
(384, 192)

(256, 0)

(256, 128)

Figure 3: Half-offset TTA tiling for a 1024-token doc-
ument. Each row shows sliding windows for one view
(w, 0). Blue: 384-token windows (v1-v2); : 256-
token windows (v3—v4). The dashed line marks where
v1 splits at token 384; v2’s half-offset places this posi-
tion mid-window (red arrow), so every token is covered
under at least two different boundary alignments.

(256,0), (256, 128), where the notation (w, o) de-
notes window size w and starting half-offset o. Fig-
ure 3 shows how the four views tile across a doc-
ument. Token logits from overlapping windows
within each view are averaged in logit space (be-
fore softmax and before decoding) at the document
level. The four views cover each document position
under at least two different boundary alignments,
reducing edge-truncation artifacts without retrain-
ing.

4.5 Sparse Category-Routing Ensemble

Statistical analysis of gold character-level span
lengths provides a clear routing motivation for Cat7,
but not for Cat4. Figure 7 visualizes these distri-
butions. Cat7 (Evaluating test result) has a mean
span of 79.9 characters and a median of 60, com-
pared to a median of 28 across the anchor-pool
categories 3, 5, and 6. A Mann-Whitney test con-
firms this separation for Cat7 (p < 10716, rank-
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biserial = —0.40). Cat4 has much weaker length
evidence (p = 0.21); we include it in the Special-
ist Branch only because it is extremely rare (107
training spans, 0.25% of all training annotations)
and because development runs suggested that the
context-weighted branch could recover occasional
Cat4 spans. We therefore treat Cat4 routing as an
exploratory low-frequency-category heuristic, not
as a statistically justified span-length intervention.

The Anchor Branch handles categories 1,
2, 3,5, 6, 8, and 9 via uniform aggregation
over the four TTA views, i.e. view weights
[0.25,0.25,0.25,0.25] in logit space. The Special-
ist Branch handles categories 4 and 7 via weighted
aggregation with weights [0.4,0.4, 0.1, 0.1] in view
order, biasing toward broader context windows.
Broader routing searches over all nine categories
consistently overfit the 53-document validation set;
two-category routing was the most stable interven-
tion found.

4.6 Character-Level Span-Length Calibration

Before sparse category routing, the Anchor Branch
is filtered with category-specific character-length
thresholds derived from training span statistics,
after which Categories 4 and 7 are replaced by
Specialist-branch predictions and the final span
set is deduplicated. Thresholds are applied to re-
fined character length after a text-boundary repair
step that expands boundaries cut through alphanu-
meric words and strips leading/trailing non-content
tokens (using TreebankWordTokenizer), preserv-
ing PHI-style [#*...**] markers. Three cate-
gories have constraints, applied only to the Anchor
Branch. Thresholds were chosen by a small grid
search on the validation split, seeded near the cor-
responding tail percentile of training-span lengths
(p95 for upper bounds, p05 for lower bounds): cate-
gory 2 drops spans longer than 98 characters (train-
ing p95 is 91 chars; the validation optimum sat
slightly above this percentile); category 6 drops
spans shorter than 3 characters; category 9 drops
spans shorter than 24 characters (training p0S5 is
32 chars; 24 was preferred on validation because
it avoided deleting short but valid spans). The fi-
nal span set is deduplicated over exact (s, e, cat)
triples. No overlap suppression or containment
deletion is applied, since many labeled documents
contain overlapping gold span pairs and blunt dele-
tion damages recall.

4.7 Fairness-Aware Model Selection

We use Overall_F1 as the selection criterion for
checkpoint selection, TTA weight tuning, and cal-
ibration threshold search. This aligns develop-
ment decisions with the shared-task metric, so ag-
gregate gains are not preferred when they reduce
Worst-Group F1. It does not impose fairness con-
straints during optimization. Group DRO (Sagawa
et al., 2020) was explored during development but
achieved only proxy span F1 of 15.4%, most likely
because category-level grouping was too coarse.
Our fairness-aware component is therefore model
and hyperparameter selection by Overall_F1, not a
successful training-time fairness method. R-Drop
(added for regularization) raises Worst-Group F1
more than Base_Score in our single validation run,
by 1.70 vs. 0.77 points (Section 7), but this should
be read as an observed robustness gain rather than
proof of a fairness-optimized training recipe.

S Experimental Setup

5.1 Data

The MedDec resource (Elgaar et al., 2024) con-
tains 451 de-identified MIMIC-III discharge sum-
maries (Johnson et al., 2016). For MedExXACT, we
restrict training and evaluation to the nine in-scope
categories (Categories 1-9), excluding Categories
10 and 11 present in the broader MedDec anno-
tations. We use 350 documents for training, 53
for validation, and 48 held-out test documents re-
leased by the shared-task organizers for final evalu-
ation. The public release contains 43,640 training
and 7,044 validation annotations. Restricting to
the nine in-scope shared-task categories yields the
43,418 training spans in Table 2 and 7,022 vali-
dation spans; the 222 training annotations and 22
validation annotations excluded are Categories 10
and 11, plus a small number of annotations released
as TBD. Table 2 shows the category distribution in
the training set.

5.2 Implementation Details

We train for 5,500 forward/backward iterations
with gradient accumulation 2, corresponding to
2,750 optimizer updates and 275 linear warmup
steps (10% of optimizer updates). Maximum se-
quence length is 512 tokens. Training time ranges
from 38 minutes (CE variants) to 64 minutes (R-
Drop) on a single NVIDIA T4 (16 GB VRAM).
The full hyperparameter list is in Appendix A; com-
pute and reproducibility details, including the train-

205



Cat DICTUM Type Spans %0 Training objective Base WG Overall
1 Contact related 2,293 5.28 CE + soft-F1 0.5493  0.4499  0.4996
2 Gathering additional information 376 0.87 Weighted CE + soft-F1 ~ 0.4652  0.3772  0.4212
3 Defining problem 17,015 39.19 Focal + soft-F1 0.5441 0.4209 04825
4 Treatment goal 107 0.25 R-Drop + CE + soft-F1 ~ 0.5570  0.4669  0.5120
5 Drug related 10,930 25.17
6 Therapeutic procedure related 5,311 1223 Typle 3: Proxy validation scores for training objective
7 Evaluating test result 5,806 13.37 .
8 Deferment 84 0.19 comparison (0-1 scale). WG = Worst-Group F1. Over-
9 Advice and precaution 1,496 345 all = (Base + WG)/2. Scores use an internal proxy
Total 43418 100.00 scorer; official test results are in Table 5. For reference,

Table 2: Category distribution in the official training
split (350 documents, 43,418 in-scope spans across Cat-
egories 1-9). Categories 10 and 11 are present in the
broader MedDec annotations but are out of scope for
MedExACT and were excluded. Categories 2, 4, and 8
are extremely rare, together accounting for only 1.31%
of all spans.

ing and inference cost of R-Drop and 4-view TTA,
are in Appendix B. All experiments use a fixed ran-
dom seed (42); no variance estimates are available,
so small deltas and component gains should not
be interpreted as statistically reliable. Validation
scores reported in Table 3 use an internal proxy
scorer that matches spans by normalized text rather
than strict character offsets, and are not directly
comparable to the official evaluator used in Table 5.

5.3 Baselines

We compare against the RoOBERTa baseline from El-
gaar et al. (2024), which achieves span F1 of 34.8
and token-level accuracy of 79.9 on the original
MedDec test split (that evaluation uses a different
split and scorer than MedExXACT, so numbers are
not directly comparable).

6 Results

6.1 Training Objective Comparison

Table 3 reports single-seed proxy validation scores
for four training objectives. R-Drop + CE + soft-F1
produced the highest scores on all three metrics
in this run. The CE + soft-F1 baseline reached
Overall_F1 0.4996, 1.24 points below R-Drop, but
this comparison lacks a seed sweep or confidence
interval. Focal + soft-F1 matched the baseline on
Base_Score (0.5441 vs. 0.5493) but fell further on
Worst-Group F1 (0.4209 vs. 0.4499). Weighted
CE + soft-F1 was the worst configuration across
all metrics, with loss scale collapse at initialization
(step-0 loss ~ 0.04 vs. normal ~ 2.9) destabilizing
BIO training.

the RoBERTa baseline of Elgaar et al. (2024) achieves
34.8 span F1 on the original MedDec test split, which
uses a different evaluation protocol and is not directly
comparable.

Approach Proxy Base A

Baseline (BiomedBERT-ft, CE) 41.54 -

Focal loss (v=2.0) 16.78 —24.8
Weighted CE (inv. freq.) 17.82 —23.7
Group DRO (n=0.01) 15.31 —26.2
BioLinkBERT-large (333M) 35.73 —5.8
Sliding window conv (w=3,5,7) 38.94 —2.6
Threshold calibration (per-cat) 31.67 -9.9

Table 4: Failed approaches tested during development.
Proxy Base is reported on a 0—100 scale (i.e., percentage
points), consistent with the baseline value of 41.54. A
is the absolute difference from the CE baseline.

Table 4 lists additional configurations explored
during development that did not improve over the
CE baseline and were not carried forward.

6.2 Official Test Results

Table 5 shows official test set results. Our system
placed fifth in the shared task with Overall_F1 of
0.5724. Token F1 of 0.6796 is the strongest among
the top-five final-score submissions. We attribute
this primarily to the soft token-F1 auxiliary loss,
which optimizes the same token-level score that
the official scorer reports. The result does not by
itself validate the sparse routing design; routing
and length calibration are better viewed as post-
processing heuristics motivated by boundary and
rarity analyses. The 19-point gap between Token
F1 (0.6796) and Span F1 (0.4900) was consistent
across all configurations and reflects the structural
mismatch between token-level BIO labeling and
exact character-span evaluation.

7 Analysis

7.1 Effect of R-Drop on Subgroup Robustness

The R-Drop term in Equation 4 accounts for 1.24
Overall_F1 points in the single-seed validation
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Metric Score
Span F1 0.4900
Token F1 0.6796
Base_Score 0.5848
Worst-Group F1 ~ 0.5601
Overall_F1 0.5724

Table 5: Official test set results. Base_Score = (Span
F1 + Token F1)/2. Worst-Group subgroup is African
American. Overall_F1 = (Base + WG)/2.

comparison (Table 3). The gain is larger on Worst-
Group F1 (+1.70 points: 0.4499 to 0.4669) than
on Base_Score (+0.77: 0.5493 to 0.5570). This is
consistent with the intuition behind R-Drop (Liang
et al., 2021): the KL consistency term reduces dis-
agreement across dropout masks, which may help
harder inputs where the model is less confident.
Because only a single random seed (42) was used,
statistical significance cannot be confirmed and the
size of the R-Drop gain may be unstable.

7.2 Demographic Subgroup Performance

Table 6 and Figure 4 report per-subgroup test
scores. Figure 4a shows a 10.1-point Base_Score
gap between the best group (Hispanic, 0.6611)
and the worst (African American, 0.5601). The
African American subgroup has the lowest Span F1
(0.4639) and one of the lowest Token F1 scores
(0.6562). Figure 4b also shows that the ~ 19-
point aggregate Token—Span gap holds broadly
across subgroups (per-subgroup range 14.7-21.8
points), so the gap is primarily a system-wide
property rather than one concentrated in the worst
group. Structural analysis reveals that African
American notes are harder: mean length 1,756 to-
kens vs. 1,570 for White notes, 140.3 annotations
per note vs. 121.6, and a Cat7 share of 15.4% vs.
11.6% (p = 0.0095, Mann-Whitney). Readability
(Flesch-Kincaid: p = 0.50) and abbreviation den-
sity (p = 0.59) did not differ significantly, ruling
out lexical complexity as the primary driver.

7.3 Boundary Error Analysis

Figure 5 breaks down span matches per category
into exact matches, near-misses (correct category
but shifted offsets), and complete misses. Out of
7,022 in-scope gold spans in the official valida-
tion split, 3,373 (48.0%) are exact matches, 1,449
(20.6%) are near-misses, and 2,200 (31.3%) are
completely missing. Appendix C reports the same
data as per-category recall.

Subgroup Span  Token Base
Hispanic 0.5856 0.7366 0.6611
Female 0.5279 0.7149 0.6214
Other 0.5414 0.6879 0.6146
Asian 0.4800 0.6982 0.5891
English 0.4903 0.6872  0.5887
White 0.4812 0.6782 0.5797
Non-English  0.4893  0.6690 0.5792
Male 0.4677 0.6544 0.5611
Afr. Am. 0.4639 0.6562 0.5601

Table 6: Official test set scores per demographic sub-
group, sorted by Base_Score descending. The African
American subgroup is the Worst-Group bottleneck. The
10.1-point gap between the best (Hispanic) and worst
group motivates future work on training-time fairness
interventions.

Left-boundary errors dominate:
pred_too_short_left (642 instances) is the most
frequent type, followed by pred_too_long_left
(355). Figure 6 shows the full breakdown.
Numbered bullets (“1.”, “2.”, “3.”) are the most
common missed left-boundary tokens — the model
excludes list-item prefixes that are inside the gold
annotation boundary.

7.4 Span-Length Distribution and Routing
Motivation

Figure 7 shows that Cat7 spans are much longer and
more variable than other frequent categories. Cat4
does not show a significant length shift (p = 0.21)
and is routed to the specialist branch only as a
rare-category heuristic (107 training spans), where
the weighted aggregation marginally recovers low-
frequency spans in development runs. Cat9 (Ad-
vice and precaution) contains relatively long spans,
motivating its 24-character minimum-length filter,
which removes spurious short predictions.

7.5 Ablation Study

Table 7 reports single-seed incremental proxy vali-
dation scores as each component is added. These
scores are not directly comparable to the official
test results because the proxy scorer matches spans
by normalized text content while the official scorer
requires exact character offsets. R-Drop is the only
component with a clear positive proxy delta in this
run (41.24 Overall, +1.70 WGQG), although this re-
mains a single-seed observation. Adding TTA ac-
tually reduces proxy Base from 0.5570 to 0.5408,
which at first looks counterproductive. The expla-
nation is that TTA moves predicted span boundaries
to better positions on average, which the official
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(a) Base_Score by subgroup, sorted. The dashed line is the
overall test-set Base_Score (0.5848); the red bar is African
American, the worst group.

0.76
Hispanic
°
Female
0.72 |- Q
E Asian
= (6]
[5)
= English © other
= 0.68 Fwhite
Afr. Am.
Non-Eng.
@ Male
0.64 |-
| | | | |
0.46 0.5 0.54 0.58 0.62
Span F1

(b) Span F1 against Token F1 by subgroup, with marker
area proportional to n. Dotted diagonals are lines of equal
Base_Score. The ~ 19-point aggregate Token—Span gap
holds broadly across subgroups (per-subgroup range 14.7—
21.8 points), so the gap is primarily a system-wide property
rather than one concentrated in any one subgroup.

Figure 4: Test performance by subgroup. (a) Base_Score per group, sorted, with the overall test-set Base_Score
shown as a dashed line and the worst group in red. (b) Span F1 against Token F1 for the same groups, with marker
area proportional to group size and dotted diagonals marking equal Base_Score. Hispanic (n=89) scores highest
and African American (n=313) sets the Worst-Group F1 at 0.5601.
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Figure 5: Per-category span match breakdown on the
official validation split (53 documents; 7,022 in-scope
gold spans across Categories 1-9). Near-misses (correct
category, incorrect offsets) account for 20.6% of all gold
spans, confirming boundary recovery as the dominant
error mode. Categories 2, 4, and 8 are nearly invisible
to the model due to extreme rarity.

character-offset scorer rewards but the proxy text-
match scorer penalizes when the normalized con-
tent was already correct. TTA appeared beneficial
under the official scorer, but a clean controlled final-
system ablation was not recoverable from the saved
artifacts. Length calibration shows no change on
the proxy scorer because the constraints act on char-
acter lengths, which the text-match scorer ignores;
its value is measured by the official evaluator. The

Short L+ Exact R —| ] 642 s
Long L+ExactR —| ] 355 -
ExactL+ShortR - ] 212 -
ExactL+LongR [ ] 147 =

Both short -] 40 L
Short L+LongR —[] 27 L
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Count

Figure 6: Directional breakdown of 1,449 boundary
errors. Left-boundary errors (short or long on the left)
account for 71.4% of near-misses. L = left boundary, R
= right boundary.

final sparse-routing step changes Overall_F1 by
only +0.0010 relative to length calibration on the
proxy scorer, so it should not be interpreted as a
robust validation gain.

7.6 Qualitative Error Analysis

The two categories routed to the Specialist Branch
exhibit distinct failure patterns. Cat7 (Evaluating
test result) spans are long (mean 79.9 chars) and
often straddle chunk boundaries; a span like “CXR
showing bilateral infiltrates, unchanged from prior”
is frequently truncated to the first clause when a
chunk boundary falls mid-sentence. The half-offset
TTA and context-heavier Specialist Branch were
designed to reduce this fragmentation. Cat4 (Treat-
ment goal) is extremely rare (107 training spans);
the model routinely predicts zero Cat4 spans on

208



350

Span length (chars)

Byligyfl

Cl C2 C3 C4 C5 C6 C7 C8 O©9

Figure 7: Gold span-length distributions per category
(character count). : categories routed to the Spe-
cialist Branch (C4, C7). Blue: Anchor categories. C7
has the widest IQR and highest median among frequent
categories (n > 40).

Configuration Base WG Overall
CE + soft-F1 only 0.5493  0.4499  0.4996
+ R-Drop (a=0.5) 0.5570  0.4669  0.5120
+ Viterbi decoding 0.5570  0.4669  0.5120
+ 4-view TTA 0.5408 0.4640  0.5024
+ Length calibration 0.5408 0.4640  0.5024
+ Sparse routing (Cat4,7) 0.5407 0.4660 0.5034

Table 7: Incremental ablation (proxy scorer). TTA and
length calibration appear neutral or negative on this
scorer but were retained in the final official system:
the proxy matches normalized text content and cannot
capture exact-offset gains from TTA or length trimming.
The sparse-routing delta is very small and is not treated
as evidence of a stable improvement.

many notes, and the Specialist Branch provides a
distributional shift that marginally recovers some
of these low-frequency spans, but this choice is not
supported by the length test.

We also observe clinically plausible false posi-
tives, suggesting that some errors reflect mismatch
between model behavior and annotation guidelines
rather than simple confidence miscalibration.

8 Conclusion

We have presented our MedEXACT 2026 system
for extracting nine-category medical decision spans
from ICU discharge summaries. The system uses
a single BiomedBERT checkpoint with no extra
parameters at inference.

R-Drop was the strongest training decision in
our single-seed validation comparison, adding 1.24
Overall_F1 points with a larger 1.70-point gain on
Worst-Group F1. The larger gain on WG than on

Base suggests that the KL consistency term may
help harder or underrepresented inputs where the
model is least confident, but the absence of a seed
sweep prevents a stability claim.

Four-view TTA and sparse category routing did
not improve proxy validation scores, which are
based on text-match rather than offset accuracy.
These components are part of the best official sys-
tem and are consistent with the observed bound-
ary and long-span error patterns, although clean
controlled final-system ablations were not recover-
able. Within sparse routing, Cat7 has strong length-
based support; Cat4 routing is an exploratory rare-
category heuristic and should not be treated as sta-
tistically justified by span length.

The persistent 19-point gap between Token F1
(0.6796) and Span F1 (0.4900) shows that the
model largely finds the right text but consistently
gets the exact start and end characters wrong. This
is a fundamental limitation of BIO token tagging,
which cannot model overlap and has no direct loss
on character offsets. Moving to span-boundary or
span-classification architectures that directly opti-
mize character-level match criteria is the natural
next step.

Limitations

Single seed. All training runs use seed 42; no
variance estimates are available and all reported
gains should be interpreted as single-run observa-
tions. This particularly affects the reported R-Drop
gain and the very small sparse-routing delta. A
complete evaluation would report means and stan-
dard deviations across multiple seeds or confidence
intervals from resampling.

Proxy vs. official scorer. Validation scores in
Tables 3 and 7 use an internal proxy scorer that
matches spans by normalized text rather than strict
character offsets. The proxy scorer and the official
shared-task evaluator differ in token-level scoring
behavior, so validation and test numbers are not
directly comparable.

Sparse routing evidence. Cat7 routing is sup-
ported by a significant span-length difference and
a high near-miss rate, but Cat4 routing is not sup-
ported by a significant length difference (p = 0.21).
Cat4 was included because it is rare and sometimes
benefits from a context-weighted branch in devel-
opment, so this part of the routing recipe should be
viewed as heuristic. The Specialist Branch weights
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[0.4,0.4,0.1,0.1] were chosen to favor broader
context windows but were not selected by a for-
mal grid search.

Fairness-aware optimization scope. Our use of
“fairness-aware optimization” should be interpreted
as metric-aligned development rather than an effec-
tive training-time fairness method. The system’s
fairness contribution is selection-time alignment by
Overall_F1, not training-time robustness. Group
DRO was explored and failed in this formulation.
Dedicated subgroup training, lexical error analysis
by subgroup, variance estimates, and subgroup-
targeted significance testing remain as future work.

Ethics Statement

This work uses the MedDec dataset derived from
MIMIC-III, which contains de-identified clinical
notes from the Beth Israel Deaconess Medical Cen-
ter. Access requires completion of a data use agree-
ment and CITI training through PhysioNet. Our
system processes only de-identified text and does
not attempt re-identification. The fairness-aware
evaluation metric used in MedExACT penalizes
models that perform unevenly across demographic
subgroups, and we report per-subgroup scores in
full (Table 6). We note that our system addresses
fairness only through model selection, not through
training-time interventions, and the 10-point gap
between the best and worst subgroups remains an
open problem.
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Appendices

A Hyperparameter Summary

Table 8 and Table 9 summarize the hyperparame-
ters used in our final submitted system.

Training
Training steps 5,500
Batch size 8 (eff. 16 w/ grad. accum. 2)
Learning rate 2x107°
Warmup steps 275 (10% of 2,750 optimizer updates)
Optimizer AdamW
Weight decay 0.01
Epsilon 1078
Gradient clip 1.0 (max norm)
Max sequence length 512 tokens
Label smoothing € 0.10
Soft-F1 weight A 0.20
R-Drop weight « 0.50
Positive-window bias  0.70
Random seed 42

Precision fp16 (autocast / GradScaler)

Table 8: Training hyperparameters for the final submit-
ted system.

Inference & Post-processing

(384,0), (384,192);

(256, 0), (256, 128)

[0.4,0.4, 0.1, 0.1] (logit space)
98 chars

3 chars

24 chars

unconstrained

O or any B-x

B-k or I-k only

TTA configurations

Specialist weights

Cat. 2 max span length
Cat. 6 min span length
Cat. 9 min span length
Cats. 1,3,4,5,7,8
Viterbi start state

1-k allowed after

Table 9: Inference, post-processing, and decoding con-
straints.

B Compute and Reproducibility

Hardware. All training and inference was run
on an environment with two NVIDIA T4 GPUs
(16 GB VRAM per card, 32 GB total), using fp16
autocast with GradScaler. The BiomedBERT-
base encoder has approximately 110 M parameters;
with the additional 19-way linear BIO classification
head the full model fits comfortably on a single T4.
Individual training runs used a single T4; the sec-
ond card was reserved for parallel ablation sweeps.

Training cost. Single-pass training runs (every
configuration in Table 3 except R-Drop + CE +
soft-F1) complete the 5,500 forward/backward iter-
ations in approximately 38 minutes. R-Drop adds a
second forward pass per training step; the R-Drop
+ CE + soft-F1 configuration takes about 64 min-
utes. Total wall-clock time across the four training-
objective comparison runs in Table 3 is under 3
hours on one T4.

Inference cost. Single-view inference (one slid-
ing window with default stride) is the baseline cost
unit. The 4-view TTA ensemble passes each doc-
ument through the encoder with the four window
configurations in Table 9, so inference compute
scales roughly 4x over single-view. The sparse
routing step adds no extra model cost because both
branches read from the same checkpoint; length
calibration and deduplication are pure Python post-
processing.

C Per-Category Validation Breakdown

Figure 5 reports per-category match counts on the
53-document validation split. Table 10 expresses
those counts as exact and near-miss recall. Three
patterns are visible.

Recall tracks training-set frequency. Cate-
gories 2, 4, and 8 have 376, 107, and 84 training
spans respectively (Table 2), and reach exact recall
of at most 0.152 on validation. Cat 3 alone has
17,015 training spans, more than 200 times Cat
8, and its exact recall is 0.527. A BIO classifier
trained on this split cannot close that frequency gap
without auxiliary supervision, so the rare categories
contribute little to aggregate metrics.

Cat 7 fails at boundaries. Its exact recall (0.365)
is 2.5 percentage points below Cat 6 (0.390), but
its near-miss rate of 26.6% is the highest of any cat-
egory. This is consistent with its long span-length
distribution (median 60 characters, Figure 7): long
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spans are more likely to have boundary errors un-
der the strict span matcher. This is the empirical
motivation for routing Cat 7 through the weighted
Specialist Branch (Section 4.5).

Cat 9 benefits from length calibration. Its exact
recall (0.588) is the highest of any category despite
its mid-range training frequency (1,496 spans). The
24-character minimum-length filter (Section 4.6)
discards short noisy predictions that would other-
wise be scored as false positives under the strict
matcher, which improves precision on Cat 9; the
threshold was chosen on validation to avoid delet-
ing short but valid spans, so recall is preserved.

Counts Recall

Cat Exact Near Miss Exact Exact+near

1 101 59 129 0.349 0.554
2 2 3 36 0.049 0.122
3 1,457 500 809 0.527 0.708
4 7 3 36 0.152 0.217
5 1,047 458 484 0.526 0.757
6 322 178 325 0.390 0.606
7 302 220 306 0.365 0.630
8 1 2 7 0.100 0.300
9 134 26 68 0.588 0.702

Table 10: Per-category validation-split recall, derived
from the counts in Figure 5. Exact recall treats only
strict matches as correct. Exact+near counts any pre-
dicted span that carries the correct category, regardless
of offset. Gold spans per category are the row sums of
the Counts block.
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AlienAnnotators at PsyDefDetect: What Lies Between the Lines: Probing
Lightweight Open-Source LLMs for Psychological Defense Mechanism
Detection

Siam Rahman Karip and Nahid Hossain
United International University
Dhaka, Bangladesh

Abstract

Detecting psychological defense mechanisms
in therapy dialogue is a clinically valuable
but computationally underexplored task. We
present our systematic analysis for PsyDefDe-
tect, a shared task at BloONLP@ACL 2026,
which frames defense detection as a nine-
class utterance-level classification problem
based on the Defense Mechanism Rating
Scale (DMRS). We systematically evaluate
six open-source, instruction-tuned small lan-
guage models (SLMs, <9B parameters) in
zero-shot and fine-tuning settings, and com-
pare a clinically-grounded prompt against the
organizer-provided baseline. Our official sub-
mission achieved 59.96% accuracy and 16.28%
Macro F1. Post-submission experiments show
that fine-tuning combined with 5-fold cross-
validation and logit averaging ensemble sub-
stantially improves performance, with the best
configuration reaching 34.59% Macro F1 and
65.25% accuracy. We find that clinically-
grounded prompts outperform bare label defi-
nitions, model scale does not consistently im-
prove zero-shot performance, and fine-tuning
dramatically recovers even collapsed zero-shot
models. Certain defense tiers remain persis-
tently difficult across all settings, pointing to
clinical ambiguity at tier boundaries as a more
fundamental bottleneck than data imbalance
alone.

1 Introduction

Natural language processing is increasingly applied
to understand different characteristics from client
language in clinical interactions (Voultsiou and
Moussiades, 2026; Na et al., 2025). However, many
clinically meaningful constructs remain difficult
to model computationally, such as, psychological
defense mechanisms. Defense mechanisms are un-
conscious strategies that individuals use to manage
internal conflict and distress. Accurate identifi-
cation of defenses can improve case formulation

and therapeutic outcomes. The Defense Mecha-
nism Rating Scale (DMRS) provides a structured
framework for this task. It organizes defenses into
hierarchical levels based on adaptiveness (Perry
and Henry, 2004).

The PsyDefDetect shared task (Na et al., 2026a)
operationalizes this problem as a nine-class classi-
fication task, based on the DMRS tiers. The task is
challenging by design: the dataset is small, the la-
bel distribution is severely imbalanced (up to 34.6 x
between majority and minority classes), and the tier
boundaries require clinical judgment to distinguish.
These challenges motivate a systematic study of
how small-scale LL.Ms handle this task.

Our main contributions are as follows:

* A systematic zero-shot evaluation of six small-
scale LLMs comparing a clinically-grounded
prompt against the organizer-provided base-
line, revealing that behavioral tier descriptions
consistently outperform bare label definitions,
and that larger model size does not consis-
tently improve fine-grained clinical classifica-
tion.

* A fine-tuning pipeline combining clinically-
grounded DMRS prompt design, dialogue-
grouped cross-validation, and ensemble strate-
gies for robust low-resource clinical classifi-
cation.

* A brief error analysis examining per-tier clas-
sification difficulty, model confusion patterns
across clinically similar defense levels, and
the effect of class imbalance on minority tier
detection.

2 Task and Data

The task uses PSYDEFCONYV (Na et al., 2026b), a
dataset of emotional support dialogues annotated
with DMRS defense levels. Each instance con-
sists of a multi-turn dialogue and a target utterance
produced by the help-seeker, which is assigned
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one of eight DMRS defense levels, or flagged as
requiring more information (L8: Needs More Infor-
mation) when the dialogue context is insufficient
for a confident classification. The official training
set contains 1,864 samples, and the official test set
contains 472 samples. The dataset exhibits severe
class imbalance, with the "Highly Adaptive" tier
(L7) comprising 51.9% of training samples, while
the rarest class, "Needs More Information" (L8),
accounts for only 1.5%, depicting an overall imbal-
ance ratio of 34.6x. Table 1 presents the full label
distribution.

1D Label Count %
LO No Defense 296 15.9
L1 Action 108 5.8
L2 Maj. Image-Distort 61 33
L3 Disavowal 99 53
L4 Min. Image-Distort 84 4.5
L5 Neurotic 48 2.6
L6 Obsessional 172 9.2
L7 High-Adaptive 968 51.9
L8 Needs More Info 28 1.5
Total 1,864 100.0

Table 1: Training set label distribution. Imbalance ratio
is computed relative to the majority class (L7).

3 Methodology
3.1 Model Selection

We evaluate six open source, instruction tuned
LLMs with at most 9B parameters, selected to
cover a range of model families, scales, and
pretraining objectives. From the Gemma fam-
ily, we include Gemma3-1B-it and Gemma2-9B-it
(Team et al., 2024). From the Llama fam-
ily, we include Llama-3.1-8B-Instruct and
Llama-3.2-1B-Instruct (Grattafiori et al., 2024).
From the Qwen3 family, we include Qwen3-1.7B
and Qwen3-8B (Yang et al., 2025). We primarily
focus on general-purpose decoder-only models, as
their instruction-following capability enables zero-
shot evaluation without task-specific adaptation,
which is central to our prompt design comparison.

3.2 Prompt Design

We compare two prompt variants. The organizer-
provided baseline prompt (Variant A) presents
the task instruction alongside bare label names
and their constituent defense mechanisms. Our
clinically-grounded prompt (Variant B) replaces
these with behavioral descriptions derived from the
DMRS manual (Perry and Henry, 2004), providing

the model with observable verbal cues for each tier.
For example, the Disavowal tier is described as:
the speaker denies an obvious reality, externalizes
blame, justifies behavior with plausible-sounding
logic, or retreats into elaborate private fantasy.
Full prompt texts are provided in Appendix 5.

3.3 Zero-Shot Evaluation

We evaluate all six models in a zero-shot setting
using both prompt variants. Each model receives
the full dialogue context and target utterance, and is
required to output a single digit (0-8) with no exam-
ples or additional guidance. We compare Variant A
and Variant B across all models to assess the effect
of clinically-grounded prompt design on zero-shot
classification performance.

3.4 Finetuning

We fine-tune three models: Qwen3-1.7B,
Gemma3-1B-IT and Llama-3.2-1B-Instruct.
All models are trained using standard causal lan-
guage modeling loss with the clinically-grounded
prompt (Variant B) as the input format. To prevent
data leakage across dialogue turns, we apply 5-fold
stratified cross-validation grouped by dialogue ID,
ensuring that all utterances from the same dialogue
appear in the same fold. All models are trained
with a learning rate of 5e-5 with cosine decay to
5e-6, a warmup ratio of 0.1, and a batch size of 4
(effective 16 with gradient accumulation). Training
runs for up to 8 epochs with early stopping
patience of 2 epochs based on validation Macro
F1, and a weight decay of 0.01.

3.5 Ensemble Strategies

Given the 5-fold cross-validation setup, we explore
three ensemble strategies over the fold checkpoints:

* Logit Averaging: Raw output logits are av-
eraged across all five folds before taking the
argmax.

* Majority Vote: The most frequent predicted
label across folds is selected, with ties broken
by logit confidence.

* Best Single Fold: The highest-performing in-
dividual fold checkpoint is used alone, serving
as a non-ensemble baseline.

3.6 Evaluation Metrics

We report three metrics for all experiments. Macro
F1 is our primary metric, as it weights all classes
equally regardless of support, directly capturing
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Variant A (Baseline) Variant B (Clinical)
Model Acc F1 MAE Acc F1 MAE
Qwen3-1.7B 25.85 12.17 2.32 34.32 14.57 2.77
Qwen3-8B 22.67 11.16 3.97 29.24 13.63 3.23
Gemma3-1B-it 18.97 8.01 345 21.17 12.10 3.01
Gemma2-9B-it 28.97 15.01 4.29 31.14 18.79 3.10
Llama-3.2-1B-Instruct 10.41 7.14 4.21 9.75 6.93 3.46
Llama-3.1-8B-Instruct 15.77 10.79 2.47 16.74 12.41 2.23

Table 2: Zero-shot results under Variant A (organizer-provided baseline) and Variant B (clinically-grounded)
prompts on the official test set. Accuracy and Macro F1 (F1) are given in percentage(%) values. Best Macro F1 per

model is bolded.

performance on minority tiers. Accuracy measures
overall correctness but is susceptible to majority-
class bias given the severe class imbalance. Mean
Absolute Error (MAE) treats the DMRS tiers as
an ordinal scale and penalizes predictions propor-
tionally to their distance from the true tier, which is
clinically meaningful given the hierarchical struc-
ture of the DMRS.

4 Results and Analysis
4.1 Zero-Shot Results

Table 2 presents the zero-shot performance of all
six models under both prompt variants. Variant
B (clinically-grounded) consistently outperforms
Variant A (baseline) across most models in terms of
Macro F1, demonstrating the benefit of behavioral
descriptions over bare label names for this task.

4.2 Fine-Tuning and Ensemble Results

Table 3 presents the test set performance of the
three fine-tuned models under three ensemble
strategies and our leaderboard submission. Our
official leaderboard submission was based on a
fine-tuned Qwen3-1.7B model, achieving 59.96%
accuracy and 16.28% Macro F1. Ensembling con-
sistently improves over the best single fold across
all models, with logit averaging and majority vote
yielding comparable results. The results reported
here reflect post-submission experiments with im-
proved methodology. The official submission used
the organizer-provided baseline prompt (Variant
A) and was fine-tuned on a 75/15/15 train/valida-
tion/test split of the training set, as the official test
set was not available during the submission pe-
riod. Post-submission, we adopted the clinically-
grounded prompt (Variant B), applied 5-fold cross-
validation grouped by dialogue ID, and evaluated
on the released test set, which accounts for the
substantial improvement from 16.28% to 34.59%
Macro F1.

Model Strategy Acc F1 MAE
Logit Avg 65.25 3459 0.94
Qwen3-1.7B* Maj. Vote 63.35 3129 1.15
Best Fold 5890 3347 1.28
Logit Avg 65.25 3421 1.16
Llama-3.2-1B'  Maj. Vote 63.14 3374 1.25
Best Fold 59.98 32.63 1.33
Logit Avg 59.75 27.85 1.34
Gemma3-1B-it'  Maj. Vote 56.89 26.51 1.38
Best Fold 59.30 2946 1.35
Qwen3-1.7B2 Official Sub. 59.96 16.28 245

Table 3: MAE = Mean Absolute Error. Accuracy and
Macro F1 (F1) are given in percentage(%) values.!Post-
submission Fine-tuning and ensemble experiment re-
sults on the official test set. 2Official leaderboard sub-
mission.

4.3 Analysis

Effect of Model Scale in Zero-Shot setting:
Larger models do not consistently outperform
smaller ones in zero-shot. Within the Qwen3 fam-
ily, the 1.7B model (F1=14.57%) outperforms the
8B model (F1=13.63%). In the Gemma and Llama
families, larger models do improve over their
smaller counterparts, but only modestly (+6.69pp
and +5.48pp respectively). This reflects the highly
specialized nature of the task: DMRS tier classi-
fication requires expert clinical reasoning that is
not well-represented in general pretraining data,
limiting the benefit of additional parameters.

Per-Tier Difficulty and Class Learnability:
Across all models and settings, L2 (Major Image-
Distorting), L5 (Neurotic), and L6 (Obsessional)
remain the hardest tiers, with near-zero F1 in zero-
shot and modest improvement after fine-tuning,
as shown in Figure 1. These tiers are both low-
resource and clinically subtle, their boundaries re-
quire distinguishing between cognitively similar
defensive patterns (e.g., intellectualization vs. ratio-
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nalization), which current small models struggle to
capture reliably. LO (No Defense), by contrast, is
consistently well-learned across all fine-tuned mod-
els with F1 ranging from 77% to 91%, despite not
being the majority class. L7 (High-Adaptive), de-
spite comprising 51.9% of training samples, shows
more variable F1 (74%-81%) and is frequently
confused with L0, as evidenced by consistent off-
diagonal mass in the L7 row of the confusion matri-
ces (Appendix, Figure 17). L8 (Needs More Info)
shows partial recovery under fine-tuning, reaching
up to 33% F1 with logit averaging, likely because
its defining characteristic (insufficient context) is
more lexically identifiable than subtle tier distinc-
tions. Figure 17 further illustrates the per-tier im-
provement from zero-shot to fine-tuning. These
patterns suggest that class frequency alone does not
determine learnability, and that clinical ambiguity
at tier boundaries is a more significant bottleneck
than data imbalance.

Ordinal Proximity of Predictions: Despite
modest Macro F1 scores, models show meaning-
ful ordinal awareness after fine-tuning. Qwen3-
1.7B with logit averaging achieves an MAE of
0.9428, the only configuration to fall below 1.0
(Table 3). This indicates predictions are on aver-
age less than one DMRS tier away from the true
label. Llama-3.2-1B with logit averaging follows
closely with MAE = 1.1695. In contrast, zero-
shot models show substantially higher MAE, with
Llama-3.2-1B-Instruct reaching 3.4597, indicating
near-random tier assignment. This gap confirms
that fine-tuning not only improves exact classifica-
tion but also brings predictions significantly closer
to the correct tier on the ordinal scale.

Fine-Tuning Rescues Collapsed Zero-Shot Mod-
els: Llama-3.2-1B-Instruct nearly collapses in
zero-shot evaluation, achieving only 6.93% Macro
F1, effectively predicting low-tier labels for almost
all inputs. Similarly, Gemma3-1B-it achieves only
12.10% Macro F1 in zero-shot, with L2, L4, L5,
and L8 all at zero F1. Despite these failures, fine-
tuning brings Llama-3.2-1B to 32.63% Macro F1
(second best overall) and Gemma3-1B-it to 29.46%,
representing improvements of 4.7 x and 2.43 x re-
spectively. Qwen3-1.7B, which already performs
best in zero-shot among the fine-tuned models
(F1=14.57%), also benefits the most in absolute
terms, reaching 33.47% after fine-tuning. These
results demonstrate that zero-shot performance is
a poor predictor of fine-tuning potential, and that

even severely collapsed models can be effectively
adapted with task-specific training. Tables 2 and 3
show the detailed results.

Per-Class F1 Score Heatmap — Zero-Shot Models

Uama-31-884nstruct { 31.5% 12.9% 0.0% 24.4% 0.0%

6.2% 11.1% 256% 0.0%

LUama-3.2-18-nstruct | 35.6%  9.9% 57% 10.5% 0.0% 0.0% 0.0% 0.8% 0.0%

quen3-178{ 41.3% 9.5% 0.0% 15.9% 14.8% 0.0% 0.0% | 49.6% 0.0%

owen3-se{ 41.4% 182% 0.0% 19.0% 4.9% 0.0% 0.0% | 39.2% 0.0%

gemma-2-9b-it{ 43.2%  20.2% 22.2% 7.1% 26.9% 2.7% 43% | 423% 0.0%

gemma-3-1bt{ 45.5% 12.2% 0.0% 12.4% 0.0% 0.0% 82% 30.4% 0.0%

Acion  Majimg  Disavowal  Minimg  Neuotic  Obsess.  Hi-Adapt

Figure 1: Per-class F1 heatmap for all six zero-shot mod-
els. L2 (Major Image-Distorting), L5 (Neurotic), and
L6 (Obsessional) show near-zero F1 across all models,
reflecting both low support and high clinical ambiguity.

Ensemble Effect: Logit averaging consistently
outperforms majority vote and best single fold
across fine-tuned models. For Qwen3-1.7B, logit
averaging achieves F1=34.59% vs. 32.29% for ma-
jority vote and 33.47% for best single fold, con-
firming that aggregating probability distributions
across folds is more effective than hard-label vot-
ing. Llama-3.2-1B also showed competitive perfor-
mance by reaching 34.21% Macro F1, with similar
results for Majority Voting. On the other hand,
Gemma performed very inconsistent with its best
fold performance (29.46% F1) being better than
ensembling. Table 3 shows detailed results.

5 Conclusion

We presented a systematic study of small language
models for psychological defense mechanism clas-
sification under the DMRS framework. Across six
models in zero-shot and fine-tuning settings, we
find that task-specific fine-tuning combined with
logit averaging ensemble is the dominant factor in
performance, reaching 34.59% Macro F1 (Qwen3-
1.7B), nearly doubling the best zero-shot result of
18.79% (Gemma2-9B-IT). Model scale does not
consistently improve zero-shot performance, sug-
gesting that the task’s clinical specificity limits the
benefit of additional parameters. Certain defense
tiers, particularly L2, L5, and L6, remain persis-
tently difficult across all settings, pointing to clini-
cal ambiguity at tier boundaries as a fundamental
challenge beyond data imbalance.
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Limitations

Due to GPU constraints, fine-tuning is restricted
to models at or below 1.7B parameters. Ensem-
ble strategies are limited to fold-level aggregation
within each model, and all evaluations use a single
dataset, leaving generalization untested. A broader
exploration of prompt strategies, including few-
shot and chain-of-thought prompting, remains for
future work.
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Appendix

Variant A: Organizer-Provided Baseline
Prompt

You are a Defense Mechanism Rating Scale
(DMRS) specialist. Examine the dialogue
carefully and select the single most
appropriate defense tier. When multiple
defenses seem plausible, choose the
tier with the strongest supporting
evidence; if evidence is weak or
contradictory, default to ‘@‘ (No
defense).

Dialogue context: {conversation}
Target utterance: {current_text}

Labels:

0@ = No defense

1 = Action Defense Level (Acting Out /

Help-Rejecting Complaining / Passive

Aggression)

Major Image-distorting Defense Level

(Splitting / Projective Identification)

Disavowal Defense Level (Denial /

Projection / Rationalization / Autistic

Fantasy)

Minor Image-distorting Defense Level

(Devaluation / Idealization /

Omnipotence)

Neurotic Defense Level (Displacement /

Dissociation / Reaction Formation /

Repression)

Obsessional Defense Level

(Intellectualization / Isolation of

Affects / Undoing)

Highly Adaptive Defense Level

(Affiliation / Altruism / Anticipation

/ Humor / Self-Assertion /

Self-Observation / Sublimation /

Suppression)

8 = Need More Information

Return the label digit (©-8) ONLY. No
additional content is allowed.
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Variant B: Clinically-Grounded Prompt

You are a clinician trained in the Defense
Mechanism Rating Scale (DMRS; Perry,
1990). Analyze the dialogue and
identify the defense mechanism in the
target utterance based strictly on
observable verbal behavior.

Dialogue context: {conversation}
Target utterance: {current_text}
@ = No defense: The speaker communicates
directly with no defensive distortion.
Action: Acts on impulse, expresses
hostility indirectly, or repeatedly
seeks yet rejects help.

Major Image-distorting: Rigidly splits
others into all-good/all-bad, or
projects own feelings onto others.
Disavowal: Denies reality, externalizes
blame, justifies behavior with
plausible logic, or retreats into
fantasy.

Minor Image-distorting: Subtly
belittles self/others, idealizes
unrealistically, or expresses special
invulnerability.

Neurotic: Redirects emotion onto safer
target, shows emotional blankness,
expresses opposite of what is felt.
Obsessional: Detaches via abstract
reasoning, focuses on trivial details
to avoid affect, or attempts to undo
thoughts.

Highly Adaptive: Seeks support, acts
for others, plans ahead, uses humor
constructively, asserts needs calmly.
Need More Information: Defense is
suspected but insufficient evidence to
confirm any tier.

Return the digit (0-8) ONLY. No additional
content is allowed.
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Figure 2: Confusion matrix for Gemma3-1B-IT (Ze-
roshot).

Zero-Shot Confusion Matrix — gemma-2-9b-it
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Figure 3: Confusion matrix for Gemma2-9B-IT (Ze-
roshot).
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Figure 4: Confusion matrix for Qwen-3-1.7B (Ze-
roshot).
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Figure 5: Confusion matrix for Qwen-3-8B (Zeroshot).

Zero-Shot Confusion Matrix — Llama-3.1-8B-Instruct
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Figure 6: Confusion matrix for Llama-3.1-8B-Instruct
(Zeroshot).
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Zero-Shot Confusion Matrix — Llama-3.2-1B-Instruct
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Figure 7: Confusion matrix for Llama-3.2-1B-Instruct
(Zeroshot)

Finetuned: Qwen3-1.7B — Best Fold (2)
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Figure 8: Confusion matrix for Qwen3-1.7B (Best
Fold).
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Figure 9: Confusion matrix Gemma-3-1B-it (Best Fold).

Finetuned: Llama-3.2-1B-Instruct — Best Fold (2)
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Figure 10: Confusion matrix for Llama-3.2-1B-Instruct
(Best Fold).

Finetuned: Qwen3-1.7B — Majority Vote

Majority Vote | Macro F1=0.323
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Figure 11: Confusion matrix for Qwen3-1.7B (Ensem-
bling - Majority Voting).
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Finetuned: Gemma-3-1B-it — Majority Vote

Majority Vote | Macro F1=0.265
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Figure 12: Confusion matrix for Gemma-3-1B-it (En-

sembling - Majority Voting).

Finetuned: Llama-3.2-1B-Instruct — Majority Vote
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Figure 13: Confusion matrix for Llama-3.2-1B-Instruct

(Ensembling - Majority Voting).

Finetuned: Qwen3-1.7B — Logit Avg
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Figure 14: Confusion matrix for Qwen3-1.7B (Ensem-

bling - Logit Averaging).

Finetuned: Gemma-3-1B-it — Logit Avg
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Figure 15: Confusion matrix for Gemma-3-1B-it (En-

sembling - Logit Averaging).
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Figure 16: Confusion matrix for Llama-3.2-1B-Instruct

(Ensembling - Logit Averaging).
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Zero-Shot vs Finetuned — Per-Class F1 Score
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Figure 17: Per-class F1 comparison between the best zero-shot model (Gemma2-9B-IT) and the best fine-tuned
model (Qwen3-1.7B, logit averaging). Fine-tuning improves most tiers, though L2, L5, and L6 remain difficult.
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Figure 18: Per-class F1 comparison between Qwen3-1.7B and Qwen3-8B in zero-shot. The larger model underper-
forms on several tiers.

Scale Effect — Gemma: Small vs Large
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Figure 19: Per-class F1 comparison between Gemma3-1B-IT and Gemma2-9B-IT in zero-shot.
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Scale Effect — Llama3: Small vs Large
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Figure 20: Per-class F1 comparison between Llama-3.2-1B-Instruct and Llama-3.1-8B-Instruct in zero-shot.
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Team Aurum at MedExACT 2026 @ACL: Data Augmentation and Clinical
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Abstract

This paper describes the system submitted by
team Aurum to the Medical Decision Extrac-
tion, Analysis, and Classification Task (MedEx-
ACT) at BioNLP 2026. The task requires
the extraction and classification of contiguous
text spans representing medical decisions from
lengthy ICU discharge summaries. To address
the dual challenges of long document lengths
and severe class imbalance within a limited
training set of 350 notes, we propose a two-
pronged strategy. First, we employ a tripar-
tite data augmentation pipeline utilizing rule-
based entity replacement, LLM-based contex-
tual paraphrasing, and synthetic note genera-
tion to expand the training data to over 2,300
notes. Second, we fine-tune a domain-specific
Clinical Longformer model equipped with a
sliding-window inference mechanism and Fo-
cal Loss to handle sequences up to 2,048 to-
kens while focusing on rare decision categories.
Paired with a targeted post-processing module,
our system achieved a Final Score of 0.5251,
demonstrating high token-level detection (To-
ken F1: 0.6311) and strong stability across pa-
tient demographics.

1 Introduction

Clinical discharge summaries document critical
medical decisions, ranging from diagnostic assess-
ments to therapeutic procedures, that shape down-
stream patient care. However, these decisions are
embedded in dense, unstructured, and often lengthy
free-text narratives (Agrawal et al., 2022). The
MedExACT 2026 shared task (Elgaar et al., 2026)
aims to advance the automatic extraction of these
decisions by framing it as a joint span detection and
classification problem. Crucially, systems are eval-
uated not only on average performance but also on
their worst-group robustness across demographic
lines.

Extracting medical decisions from the MedDec
dataset (Elgaar et al., 2024) presents two primary
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bottlenecks. First, the training set is relatively small
(350 notes), leading to rapid model overfitting. Sec-
ond, discharge summaries average between 2,000
and 6,000 tokens in length. Standard Transformer
encoders limited to 512 tokens (e.g., Clinical BERT,
ELECTRA) inevitably truncate 60—80% of the text,
discarding vital sections like the Hospital Course.

To overcome these limitations, we engineered a
pipeline that combines extensive Data Augmenta-
tion with Clinical Longformer Fine-Tuning. Our
augmentation strategies expand linguistic and en-
tity diversity, while the Longformer architecture
(Beltagy et al., 2020) ensures that decisions lo-
cated deep within the document are successfully
processed.

2 Task Description and Background

The MedExACT 2026 task is built upon the Med-
Dec dataset (Elgaar et al., 2024), derived from
the MIMIC-III critical care corpus (Johnson et al.,
2016). The utility of this dataset extends be-
yond static benchmarks, having recently supported
the development of MedDecXtract, an interactive
downstream tool designed to assist clinicians in
extracting, visualizing, and annotating medical de-
cisions in real-time (Elgaar et al., 2025).

Task Definition: Given a full discharge summary,
systems must detect contiguous text spans that ex-
press medical decisions and assign each span one
of nine DICTUM (Ofstad et al., 2016) decision cat-
egories (Contact related, Gathering information,
Defining problem, Treatment goal, Drug, Thera-
peutic procedure, Evaluating test result, Deferment,
Advice and precaution) or a None label when no
decision is present.

Note: Some MedDec annotations may include
Category 10 (Legal/insurance related) and Cate-
gory 11 (Others). These categories are out of scope
for MedEXACT @ACL 2026 and are ignored by
the official evaluator.
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Decision Type Sex Race Lng. Proficiency
(Ir)2-3 (Ir)4-9 (Ir)10-11 Male Female  White AA Hispanic Asian NH  Other En Non-En
(n=259) (n=192) (n=327) (n=42) (n=25) (n=15) (n=1) (n=21) (n=260) (n=45)
Defining Problem 39.2 38.8 39.5 37.5 38.0 36.4 30.9 38.6 38.7 39.2
Drug 26.0 25.1 25.7 24.4 25.0 27.5 19.1 27.0 26.1 25.6
Evaluation 12.9 13.6 12.6 16.6 13.3 12.7 25.5 12.8 13.1 13.9
Therapeutic proc. 12.2 12.4 12.4 12.5 11.7 13.2 10.6 12.2 12.0 12.0
Contact 4.9 52 5.0 4.6 6.0 54 8.5 43 4.8 5.1
Adyvice 34 35 35 32 4.2 33 0.0 39 39 3.0
Gathering info 0.8 0.9 0.8 0.7 1.2 1.3 53 0.9 0.9 0.6
Treatment goal 0.3 0.3 0.3 0.3 04 0.2 0.0 0.2 0.2 0.4
Deferment 0.2 0.2 0.2 0.2 0.2 0.0 0.0 0.1 0.2 0.2
Legal/Insurance 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Total Count 33,054 24,235 41,666 5,684 3,264 1,737 94 3,078 37,026 6,295

Table 1: Percentage of annotated spans for each decision category across protected variables in the MedDec dataset.
n is the number of discharge summaries for each category and the last row shows the total count of decisions per

variable.

Dataset and Demographics: The dataset ex-
hibits extreme class imbalance. As shown in Table
1, Defining Problem and Drug decisions dominate
the annotations, accounting for roughly 65% of all
spans. Conversely, categories such as Treatment
Goal, Gathering info, and Deferment each repre-
sent less than 1% of the data. Table 1 details the dis-
tribution of these spans across protected variables,
which is fundamental to the task’s worst-group ro-
bustness evaluation.

3 Methodology

We formulate the medical decision extraction task
as a token-level sequence tagging problem. We
apply a standard BIO (Begin, Inside, Outside) la-
beling scheme to the 9 in-scope DICTUM cate-
gories, resulting in 19 distinct prediction classes
(9 categories x 2 + 1 ‘O‘-tag). Our methodol-
ogy comprises a multi-strategy data augmentation
pipeline, a domain-adapted Clinical Longformer
backbone, specialized loss functions, and targeted
post-processing.

3.1 Tripartite Data Augmentation Pipeline

With only 350 training notes and models contain-
ing over 140 million parameters, overfitting and
memorization are significant risks. To prevent the
model from simply memorizing the training set,
we designed a three-pronged augmentation strat-
egy to inject entity, linguistic, and volume diversity,
thereby expanding the training corpus to over 2,300
notes.

Strategy 1: Rule-Based Entity Replacement.
To increase entity diversity, we utilized curated
medical dictionaries to replace specific drugs, con-

ditions, and therapeutic procedures with clinically
similar alternatives (e.g., swapping vancomycin
with meropenem, or pneumonia with bronchitis).
Replacements were executed with a 30% probabil-
ity per entity. Crucially, because string lengths vary,
our algorithm dynamically recalculates and shifts
the exact character offsets for all subsequent an-
notations in the document. This zero-cost method
generated roughly 1,050 augmented notes.

Strategy 2: LLM Contextual Paraphrasing.
To increase linguistic diversity and make the model
robust to different physician writing styles, we
leveraged the Claude Sonnet Large Language
Model (LLM) via the OpenRouter API. We parsed
the training documents into decision spans and the
non-annotated "gaps" between them. We prompted
the LLM to rewrite only the gap texts while keep-
ing the annotated spans strictly verbatim. This
forces the model to learn the semantic boundaries
of decisions regardless of surrounding syntax (e.g.,
altering “was diagnosed with [SPAN]” to “workup
was consistent with [SPAN]”). This process yielded
approximately 700 paraphrased notes.

Strategy 3: Synthetic Note Generation. Cate-
gories such as Treatment Goal (Cat 4), Gathering
Info (Cat 2), and Deferment (Cat 8) are severely
starved, appearing in less than 1% of annotations.
We prompted the LLM to generate entirely syn-
thetic discharge summaries targeting these rare cat-
egories using the following prompt template:

“Generate a realistic hospital discharge summary
for a patient with [Disease]. Include 40-80 med-
ical decisions across categories 1-9. Return the
note text AND a JSON list of annotations with
exact character offsets.”
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For the sampling strategy, we utilized a temperature
of 0.7 and Top-P of 0.9 to ensure varied but clini-
cally plausible outputs. Because LLM-generated
character offsets are notoriously inaccurate (often
hallucinating string lengths), we implemented strict
programmatic filtering: the system searched the
generated text for the exact predicted string. Anno-
tations that could not be perfectly substring-aligned
were discarded. This targeted generation success-
fully increased the representation of starved cate-
gories (Cat 2, 4, 8) from under 1% to approximately
6% of the total training spans, yielding 200 high-
quality synthetic notes.

Augmentation Quality and Validation. To vali-
date the quality of our augmented data, we manu-
ally inspected a random sample of 50 notes from
each strategy. Entity replacement maintained near
100% clinical plausibility as it relied strictly on
curated medical dictionaries (e.g., matching drug
classes). LLM paraphrasing preserved the exact
decision spans, introducing minor syntactic arti-
facts in only ~4% of the surrounding gaps. For the
synthetic generation, manual inspection revealed
an initial LLM offset error rate of roughly 20-25%;
however, our strict substring-matching filter effec-
tively eliminated these misalignments, dropping
the final annotation error rate in the synthetic set
to under 2% while maintaining coherent clinical
narratives.

3.2 Clinical Longformer Architecture

Discharge summaries in the MedDec dataset av-
erage between 2,000 and 6,000 tokens. Standard
Transformer encoders (e.g., BERT, ELECTRA) im-
pose a 512-token limit, which effectively truncates
60% to 80% of a standard discharge summary, com-
pletely discarding critical sections such as the Hos-
pital Course where the majority of medical deci-
sions reside.

To resolve this, we utilized the Longformer ar-
chitecture (Beltagy et al., 2020), which replaces
O(n?) full self-attention with a sparse attention
pattern combining a sliding local window (512 to-
kens on each side) and task-specific global atten-
tion on the [CLS] token. This reduces complexity
to O(n x w) and extends the maximum sequence
length to 4,096 tokens.

Specifically, we selected
yikuan8/Clinical-Longformer, which was
further pre-trained on MIMIC-III clinical notes.
This domain-specific pre-training ensures the

model tokenizer is adapted to medical vocabulary
and inherently understands discharge summary
structures (e.g., section headers, de-identification
markers).

Layer Freezing and Custom Classification Head.
To prevent catastrophic forgetting of pre-trained
domain knowledge and to stabilize training on our
small dataset, we froze the bottom 6 layers of the
12-layer encoder. This reduced the trainable pa-
rameter count from 149M to approximately 75M.
The output of the trainable top 6 layers was fed
into a custom 2-layer classification head: a linear
projection from 768 to 256 dimensions, followed
by a GELU activation, a 0.2 dropout layer, and a
final projection to the 19 BIO classes.

3.3 Addressing Class Imbalance with Focal
Loss

The class distribution in the MedDec dataset is
exceptionally skewed, with the ‘O° (Outside) tag
comprising 95.2% of all tokens in the training data.
Under standard Cross-Entropy loss, the model eas-
ily achieves high overall accuracy by defaulting to
‘O* predictions, thereby ignoring the sparse medical
decision boundaries.

To penalize the model for relying on easy back-
ground tokens, we replaced Cross-Entropy with
Focal Loss (Lin et al., 2017):

FL(pt) = —au(1 — pt)” log(pt) (D

We set the focusing parameter v = 2.0 to aggres-
sively down-weight easily classified examples. Fur-
thermore, we applied a class-specific weighting
factor ap = 0.3 strictly to the ‘O° tag, ensuring
that the loss gradients are dominated by the hard,
rare decision boundaries (Categories 1-9) rather
than background medical text.

3.4 Inference Strategy and Post-Processing

Due to GPU memory constraints during training,
sequences were cropped to a maximum length of
2,048 tokens. However, during evaluation, we im-
plemented a non-overlapping sliding window in-
ference mechanism. The document is processed
in 2,048-token chunks, and the resulting hidden
states are concatenated before being passed to the
classification head. This ensures that a single, uni-
fied prediction array is generated for notes of any
length.

Converting token-level predictions back to the
exact character-level offsets required by the of-
ficial shared task evaluator introduces further
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challenges. Standard forward-searching token-to-
character mapping frequently misaligns boundaries.
We resolved this by implementing a bidirectional
search mapping, which eliminated thousands of
near-miss offset errors.

Finally, error analysis on our validation set high-
lighted systematic failure modes that we addressed
via a targeted rule-based post-processing pipeline:

1. Boundary Cleaning: Striping trailing punctu-
ation (e.g., periods, commas) and whitespaces
from predicted spans to match the strict evalu-
ator.

2. Regex Recovery for Rare Classes: Em-
ploying regular expressions to identify and
tag highly specific, heavily missed patterns
for Deferment (e.g., “deferred to outpatient
follow-up”) and Gathering Info (e.g., “ordered
CT of the chest”).

3. Deduplication: Removing completely identi-
cal spans that occasionally arise at the bound-
aries of sliding inference windows.

4 Experimental Setup

Models were trained using PyTorch and Hugging-
Face. We trained the Clinical Longformer for 5,000
steps using the AdamW optimizer with a learning
rate of 4e-5 and a 10% linear warmup. Due to the
memory footprint of 2,048-token sequences, we
utilized a batch size of 4 with 2 gradient accumula-
tion steps (effective batch size of 8). Checkpoints
were evaluated every 500 steps, and the best model
was selected based on validation Span F1.

5 Results and Analysis

Our system, submitted under the team name Au-
rum, achieved the results detailed in Table 2 on the
official hidden test set.

Metric Score
Final Score 0.5251
Base Score 0.5362
Worst Group Score  0.5140
Token F1 0.6311
Span F1 0.4414

Table 2: Official hidden test set results for Team Aurum.

5.1 Ablation Study

To isolate the contribution of each system compo-
nent, we conducted an ablation study on our local

validation split. Table 3 illustrates the incremental
performance gains starting from a standard 512-
token baseline.

Model Configuration Token F1 Span F1
Baseline (ELECTRA-Base, 512) 0.452 0.301
+ Clinical Longformer (2048) 0.584 0.387
+ Data Augmentation 0.612 0.415
+ Focal Loss 0.625 0.430
+ Post-Processing (Final) 0.631 0.441

Table 3: Incremental ablation study showing the impact
of each architectural and methodological choice.

The transition from a 512-token baseline to the
Clinical Longformer yielded the most substantial
improvement (+0.132 Token F1), confirming that
document truncation was the primary bottleneck.
The tripartite data augmentation pipeline provided
the second-largest boost (+0.028 Token F1), vali-
dating our hypothesis that injecting linguistic and
rare-class diversity mitigates overfitting. Finally,
Focal Loss and rule-based post-processing pro-
vided targeted gains, specifically improving bound-
ary alignment and the recall of heavily starved
classes like Deferment.

5.2 Error Analysis

Span vs. Token F1 Trade-off: The results high-
light a pronounced gap between Token F1 (0.6311)
and Span F1 (0.4414). This pattern aligns with
the task organizers’ observations regarding the dif-
ficulty of exact span extraction. Our high Token
F1 indicates that the Longformer successfully lo-
cates the correct semantic regions; however, the
strict character-level exact-match required by the
Span F1 evaluator harshly penalizes minor bound-
ary discrepancies (e.g., including an extra article
like "a" or missing a trailing word). Precise span
calibration remains a bottleneck.

Subgroup Robustness: A key feature of our
performance is the minimal gap between the
Base Score (0.5362) and the Worst Group Score
(0.5140), a difference of only 0.022 points. This
indicates that our model exhibits strong fairness
across the evaluated demographic buckets. We at-
tribute this robustness to two factors: the extensive
linguistic variety introduced by our LLM paraphras-
ing augmentation, and the inherent demographic
representation captured within the MIMIC-III pre-
training of the Clinical Longformer backbone.
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6 Conclusion

In this paper, we presented team Aurum’s submis-
sion to the MedExXACT 2026 shared task. By re-
placing standard 512-token encoders with a Clin-
ical Longformer, we solved the critical issue of
document truncation in ICU discharge summaries.
Furthermore, leveraging a multi-strategy data aug-
mentation pipeline and Focal Loss allowed us to
successfully train a robust model on a small, highly
imbalanced dataset. While our approach yielded
strong demographic stability and token-level detec-
tion, future work must focus on advanced boundary-
refinement modules to bridge the gap between To-
ken F1 and exact-match Span F1.
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Abstract

This paper describes the system developed
for the Medical Visual Answer Localization
(MVAL) task at MedGenVidQA 2026. Accu-
rately locating surgical or instructional steps in
medical videos is inherently challenging due to
audio-visual asynchrony and the visual homo-
geneity of surgical scenes. We propose a Cas-
cade Multi-modal Alignment Framework that
integrates Large Language Models (LLMs) to
bridge the semantic-temporal gap. Our pipeline
utilizes WhisperX for word-level speech tran-
scription to ensure precise textual anchoring.
We then employ Gemini3 as a high-level se-
mantic ranker to generate multi-scale textual
priors. Crucially, we transform these discrete
semantic scores into a continuous 1D Gaus-
sian Soft Prior, which is injected as an at-
tention bias into our cross-modal fusion net-
work. This mechanism preserves global tem-
poral context while guiding the model to focus
on query-relevant frames. Our system achieves
highly competitive performance on the valida-
tion leaderboard, particularly under strict evalu-
ation metrics, reaching an loU@0.7 of 67.5%.

1 Introduction

Temporal Video Grounding (TVG) in the medi-
cal domain, specifically Visual Answer Localiza-
tion (VAL), requires a system to predict the precise
start and end timestamps of a video segment that
answers a given medical query. Unlike generic
instructional videos, medical and surgical videos
often feature high visual redundancy and "semantic
drift," where the practitioner’s verbal explanation
does not perfectly align with the visual execution
of a step.

Most existing cascade localization systems rely
on "hard truncation,” where a text-retrieval mod-
ule first crops the video into short candidate clips.
While efficient, this approach is prone to "bound-
ary collapse" if the initial text-based window is too
narrow or slightly shifted, leading to significant

performance degradation at high Intersection over
Union (IoU) thresholds.

To overcome these limitations, we propose a
soft-prior alignment strategy inspired by recent suc-
cesses in event segmentation(Zhai et al., 2020). Our
contributions are three-fold:

1. We implement a precision ASR pipeline using
WhisperX to extract word-level timestamps,
ensuring that the foundational textual data is
accurately anchored to the video timeline.

2. We design a semantic scoring module using
Gemini3 that aggregates multi-scale textual
windows to capture both local actions and
global surgical stages.

3. We introduce a 1D Gaussian Soft Prior that
serves as an attention guidance mechanism, al-
lowing the visual module to refine boundaries
beyond the speech-indicated segments.

2 Related Work

2.1 Medical Visual Answer Localization

The MedVidQA and MedGenVidQA bench-
marks(Gupta and Demner-Fushman, 2022; Gupta
et al., 2023, 2025, 2026) have established the Med-
ical Visual Answer Localization (MVAL) task as a
core challenge in multi-modal healthcare Al. Early
approaches relied heavily on pure visual span pre-
dictors(Gao et al., 2017; Zhang et al., 2020), which
often struggled with the visual homogeneity of
endoscopic or laparoscopic footage. Subsequent
research demonstrated that leveraging ASR tran-
scripts can act as a powerful prior for localization.

2.2 LLMs for Multi-modal Grounding

Recent trends in TRECVID challenges show a
shift toward using Large Language Models (LLMs)
as zero-shot or few-shot reasoners. Specifically,
the use of LLMs to generate temporal "proposals”
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Figure 1: Overall architecture of the proposed Cascade Medical Video Localization System. The framework
leverages a 1D Gaussian Soft Prior to inject textual relevance directly into the cross-modal fusion transformer via

Attention Bias, ensuring high-precision boundary regre

or "summaries" has proven effective(Zhang et al.,
2023; Ren et al., 2023). Our work builds upon
these insights by moving from discrete proposal
generation to continuous probabilistic weighting.

3 Methodology

Figure 1 illustrates the complete architecture of our
proposed Cascade Multi-modal Alignment Frame-
work. It consists of three main stages: (1) Preci-
sion ASR extraction and multi-scale aggregation;
(2) LLM-based semantic scoring and 1D Gaussian
Soft Prior generation; and (3) Cross-modal fusion
with attention biasing for final localization.

3.1 ASR and Multi-scale Construction

As shown in Figure 2, the frontend utilizes a spe-
cialized pipeline for audio-to-text transcription. We
employ WhisperX, which improves upon standard
Whisper models by using forced alignment (e.g.,
via Wav2Vec2) to provide word-level timestamps.

For each identified segment s; with text T;, we
define the interval as [t%,,, t. ,]. To capture vary-
ing semantic granularities and mitigate the issue
of fragmented speech, we construct multi-scale
windows W,,, ;. by aggregating m consecutive seg-
ments. This ensures that the system can capture

ssion without the risks of hard truncation.

video_id: C4.mpd Comprehensive Annotated Subtitles

(val_cjson)
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&
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(val.json) Precision Medical Video Subtitle Pipeline (JSON)

Figure 2: The Precision Medical Video Subtitle Pipeline
utilizing WhisperX/Wav2Vec2 for extracting forced
word-level timestamps.

quick actions (e.g., "cutting a suture") as well as
prolonged stages (e.g., "organ dissection").

3.2 LLM Semantic Ranking

We utilize Gemini3 to calculate the relevance score
S; for each window W; relative to the medical
query (. Instead of direct generation, we extract
the logits for the positive ("Yes") token to obtain
a continuous probability p; = P(Relevant|Q, ;).
This provides a more granular signal than binary
classification.
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3.3 1D Gaussian Soft Prior Modeling

Given the highest-scoring window [tstqrt, tend), We
define the temporal center pt = (tsiart + tend)/2-
To allow the model to explore boundaries outside
this window, we model the temporal prior as a 1D
Gaussian distribution G(¢):

(1
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G(t) = exp <_“‘“>2>

where o is a hyperparameter that controls the
"width" of the soft prior. This distribution rep-
resents the probability that a specific frame at time
t belongs to the answer segment according to the
linguistic evidence.

3.4 Cross-modal Attention Biasing

We extract dense spatio-temporal visual features
V € RE*? ysing a pre-trained I3D (Inflated 3D
ConvNet) encoder. Unlike frame-level spatial ex-
tractors, I3D inherently captures local motion dy-
namics, which synergizes with our temporal soft
prior. Let H, be the visual hidden states and H,
be the query embedding. In the cross-modal fusion
layer (Stage 2 in Figure 1), we inject G(t) as an
Attention Bias. Modifying the pre-softmax atten-
tion scores with explicit structural biases has been
shown to effectively guide the attention distribution
(Press et al., 2022). The standard cross-attention
matrix A is modified as follows:

QK]
Vd

A; j = Softmax ( + A -log(G; + 6)) 2)
where A is a scaling factor. This bias guides the
attention mechanism to prioritize frames within the
high-confidence Gaussian region while still permit-
ting the visual network to attend to outlying frames
if the visual evidence is strong.

4 Experimental Setup

4.1 Datasets

We evaluate our system on the MedGenVidQA
2026 validation set. Evaluation is based on IoU at
thresholds {0.3, 0.5, 0.7} and mean IoU (mIoU).

4.2 Implementation Details

For the visual stream, the I3D feature extractor
processes the video using a 16-frame sliding win-
dow without overlap, yielding a continuous feature
sequence that perfectly aligns with our 1D Gaus-
sian bias temporal resolution. We utilize LoRA(Hu

et al., 2021) with a rank » = 32 for parameter-
efficient adaptation. Detailed hyperparameters are
provided in Table 1.

Hyperparameter Value
Visual Backbone I3D
LoRA Rank (r) 32
LoRA Alpha (@) 64
Optimizer AdamW
Learning Rate 1x107*
Gaussian o Dynamic
Bias Scale A 0.5

Table 1: Hyperparameter configurations for the pro-
posed system.

5 Results and Analysis

5.1 Quantitative Results

Table 2 compares our "Soft Prior" approach with
baseline methods. Our system significantly outper-
forms the "Hard Truncation" baseline, especially at
the strict IoU @0.7 threshold.

Approach IoU@0.3 IoU@0.5 IoU@0.7
Pure Visual 68.75 52.5 26.25
Hard Truncation 86.25 75.0 60
Soft Prior 92.5 81.25 67.5

Table 2: Comparative performance results on MedGen-
VidQA.

5.2 The Impact of Soft Priors

The primary advantage of the 1D Gaussian Soft
Prior is its ability to handle asynchrony. In surgical
instructional videos, a surgeon might say "Now I
am suturing the incision" while the visual action
of suturing continues for several seconds after the
speech ends. Hard truncation would lose the end of
this action, whereas our soft prior allows the visual
module to "track" the action to its true conclusion.

5.3 Error Analysis

We observed performance drops in two specific
scenarios: (1) Silent Videos: In videos where
instructions are purely visual or provided via on-
screen text, our ASR-based prior fails. (2) Implicit
Semantics: In cases involving sarcasm or com-
plex medical metaphors, the LLM scoring becomes
noisy, leading to a flattened Gaussian distribution.
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6 Discussion and Future Work

Our findings align with previous work in
TRECVID QFISC(Awad et al., 2023), suggest-
ing that the audio modality is often more infor-
mative for step boundary detection than the raw
visual stream. However, the fusion of these modal-
ities remains non-trivial. Future work will explore
Mixture-of-Experts (MoE) architectures to dynam-
ically weight the audio and visual streams based on
the detected presence of speech or on-screen text.

7 Conclusion

Team NJUST-KMG’s submission for MedGen-
VidQA 2026 leverages a cascade multi-modal
framework. By combining precision ASR extrac-
tion with LLM-driven Gaussian soft priors, we suc-
cessfully bridge the semantic gap in medical video
localization. Our results demonstrate that replac-
ing rigid temporal cropping with attention-guided
soft priors is a superior strategy for achieving high-
precision boundary regression.
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Abstract

This paper presents an approach to localiz-
ing visual answers within continuous medical
videos using a multi-step multimodal genera-
tion pipeline with the MedGenVidQA dataset.
We frame visual answer localization as a
multimodal fusion problem, integrating raw
video, timestamped ASR transcripts, and VLM-
generated scene descriptions into structured
contextual blocks, enabling the model to cross-
reference spoken commentary against observ-
able physical events. We show that targeted
guidance, which forces the model to treat audio
transcripts as supplementary hints with observ-
able visual movements, significantly outper-
forms baseline approaches. It achieves state-
of-the-art performance on the test leaderboard,
yielding an mloU of 79.55, alongside IoU@0.3,
ToU@0.5, and IoU @0.7 scores of 93.75, 90.00,
and 77.50, respectively. Our findings highlight
the effectiveness of combining multimodal con-
text fusion with targeted guidance to overcome
text bias, establishing a promising approach for
achieving the micro-level precision required in
the medical domain. We release our code on
GitHub at github.com/biodatlab/medgenvidqa-
lamar.

1 Introduction

Multimodal data captures the complexity of
medicine and advances medical question answer-
ing (AlSaad et al., 2024). Medical video question
answering (MedVidQA) with large language mod-
els (LLMs) supports healthcare professionals by
providing information from procedural videos. (Li
et al., 2024a) State-of-the-art models generate flu-
ent, in most cases, medically accurate responses
but lack spatiotemporal precision to localize visual
answers in videos (Xiao et al., 2023).

The shift toward multimodal large language mod-
els (MLLMs) has improved audio-visual QA by
combining spatial and temporal cues with textual
data (Zhang et al., 2023a). These models succeed

in understanding general video but reveal a gap in
the medical domain (Wang et al., 2025). General-
purpose MLLMs often suffer from temporal hallu-
cinations, providing broad or incorrect timestamps
that fail to pinpoint clinical task boundaries (Li
et al., 2025). In medical procedural, identifying
these requires more than simple object recognition.
It demands a strict visual distinction between the
preparation and the actual start of a medical step
(Timoh et al., 2023).

We propose a novel approach for localizing vi-
sual answers in the MedGenVidQA 2026 Task C
dataset (Gupta et al., 2026). This task requires pin-
pointing precise start and end timestamps within
continuous medical videos to directly answer a nat-
ural language clinical query. Our empirical analysis
reveals that arbitrary text chunking fragments the
continuous chronological flow required for observ-
able physical events. Therefore, we reframe visual
answer localization as an end-to-end multimodal
generation task. Our architecture integrates times-
tamped ASR transcripts, VLM-generated structural
scene descriptions, and raw video directly into the
Gemini-3-Flash model. Guided by procedurally-
targeted heuristic prompt that prioritizes physical
visual movements over auditory dialogue, our sys-
tem achieves state-of-the-art IoU @0.3, IoU @0.5,
IoU@0.7, and mloU scores of 93.75, 90.00, 77.50,
and 79.55, respectively, on the leaderboard.

2 Related work

Medical Visual Answer Localization (MVAL)
benchmarks, such as MedVidQA and MedVidCL
(Gupta et al., 2023), alongside automated corpora
like HealthVidQA (Gupta et al., 2024), establish
the foundation for medical instructional video anal-
ysis. While Temporal Answer Grounding in Videos
frequently treats localization as a text-span pre-
diction problem—relying on subtitles and learned
visual prompts (Li et al., 2024b)—this approach
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struggles with the temporal asynchrony of complex
medical procedures because spoken commentary
often misaligns with physical execution.

Temporal sentence grounding isolates video seg-
ments that match natural language queries (Zhang
et al., 2023b). While classical methods relied on
cross-modal interactions to predict boundaries (Cao
et al., 2021; Wu et al., 2020; Zhang et al., 2021),
the field has recently shifted toward unified frame-
works that consolidate grounding tasks for large-
scale pretraining and zero-shot application (Lin
et al., 2023).

Despite the proven potential of multimodal
LLMs in healthcare, accurate temporal grounding
in medical videos remains a persistent challenge
(AlSaad et al., 2024; Chen et al., 2025; Xiao et al.,
2023). Recent corpus-level frameworks attempt
to optimize large-scale retrieval and localization
using subtitle enhancement and contrastive learn-
ing (Zhang et al., 2024). However, their funda-
mental reliance on textual alignment excels only
at macro-level identification, leaving the micro-
temporal asynchrony of individual surgical proce-
dures unresolved. This gap highlights the necessity
for strictly bounded, visually anchored multimodal
fusion strategies. These strategies ensure that local-
ization accurately reflects the physical execution in
the videos.

3 Datasets

We utilized the MedVidQA dataset (Gupta
et al., 2023), originally comprising 3,010 human-
annotated QA pairs from 900 health-related videos.
Due to platform-level download restrictions, we use
and evaluate 49 unique videos consisting of 148
QA pairs from the dataset. The development set
features a mean video length of 445.62 + 239.89
seconds and an average annotation span of 57.72
+ 41.84 seconds. For the final evaluation, we used
the official MedGenVidQA 2026 Task C test data
set (Gupta et al., 2026), which contains 80 medi-
cal questions assigned to 65 unique instructional
videos with a mean video duration of 544.72 +
432.74 seconds.

As the organizers withhold the official test
ground truth, we conducted a manual annotation of
the 80 test QA pairs. We utilized these annotations
exclusively for qualitative error analysis, ensuring
our primary quantitative metrics reflect our official
leaderboard submission.

4 Methodology

We frame temporal localization as a generative pre-
diction task: given a medical video and a clinical
query, a large language model (LLM) must output
the start and end timestamps of the relevant action.
Our core hypothesis is that enriching the LLM’s
input with structured, multi-source context yields
more accurate localization than any single modality
alone. To test this, we evaluated context configu-
rations using transcript only, video only, and their
combination with VLM-generated scene descrip-
tions to identify the strongest data representation.

4.1 Unimodal Baselines

To isolate the predictive contribution of each modal-
ity, we established two baselines. Transcription-
Only provides the LLM with only the clinical query
and the full ASR transcript composed of timestamp-
aligned, sentence-level groupings, predicting tem-
poral boundaries from spoken commentary alone.
Video-Only provides the LLM with only the clin-
ical query and the raw untrimmed video, relying
entirely on visual reasoning without any textual
input. These baselines quantify whether temporal
boundaries are primarily signaled by spoken com-
mentary or by observable physical actions, and they
provide a lower bound for multimodal integration.

4.2 Retrieval-Augmented Generation (RAG)
on Transcripts

Medical transcripts are often lengthy and noisy.
Rather than feeding the full transcript to the LLM,
we also experimented using RAG (Lewis et al.,
2020) to select only the most query-relevant seg-
ments. We evaluated two complementary partition-
ing schemes, each tuned empirically on the devel-
opment set: time-based chunking and retrieving,
which applies a temporal sliding window with a
fixed overlap to preserve context across boundaries
and retrieve a fixed number of top candidates, and
sentence-based chunking and retrieving, which
applies a sentence-count sliding window with a
fixed overlap to maintain chronological continuity.
We utilized a dynamic percentage threshold for re-
trieval to ensure proportional and adaptive content
coverage.

Temporal Reciprocal Rank Fusion.

Because arbitrary chunk boundaries can split a con-
tinuous medical action, we designed a rank-based
temporal merging algorithm (Rackauckas, 2024).
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Each retrieved chunk, c, receives a base weight in-
versely proportional to its retrieval rank. Adjacent
chunks whose time spans overlap are iteratively
fused into a single segment, C, with an accumu-
lated relevance score:

1
SCOI‘C(C) = Z M (1)

c,eC

Merging continues until no remaining candidates
overlap. The fused segment with the highest accu-
mulated score is selected as the context block for
the generative model.

4.3 Generating Scene Description Context

To produce a structured visual context, we parti-
tioned each video into segments at natural cam-
era cuts using PySceneDetect (Castellano and con-
tributors, 2025). Each segment was then passed
through Qwen3-VL (Bai et al., 2025), which gen-
erated a textual description of the observable phys-
ical events within that time span. We tempo-
rally aligned the ASR transcript with these VLM-
generated scene descriptions. The resulting fused
contextual blocks, each containing both the visual
scene descriptions and spoken dialogue for a spe-
cific time span, served as the structured context
input for the LLM (Figure 1).

4.4 VLM-Enhanced Context

We hypothesize that enriching the LLM’s input
with structured, multi-source context, rather than
relying on any single modality, yields more accu-
rate temporal localization. Specifically, by fusing
raw video with fused contextual blocks, the model
can cross-reference spoken commentary against
observable physical events, resolving ambiguities
that neither modality addresses alone. Under this
hypothesis, the primary lever for improving perfor-
mance is not architectural modification or retrieval
tuning, but contextual guidance: carefully design-
ing what information the LLM sees and how it is
structured.

We evaluated two approaches that combine vi-
sual information and ASR transcripts. Transcript-
Video Fusion processes the raw video, the full
ASR transcript, and the query through the LLM.
VLM-Enhanced Context processes the raw video
with fused contextual blocks, and the query. This
approach adds observable physical events rather
than transcripts alone.

Input
Video

{§SPNECARE

ASR Model PySceneDetect

l

Video segments

Transcription l

N &
Qwen-VL-8B
\ Scene Descriptions

with Timestamp

Fused contextual block
1
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Inference-Time Contextual Guidance

Output
Timestamp

{4 SPINECARE

Start End

Figure 1: Overview of the proposed VLM-Enhanced
Context pipeline for medical video analysis.

4.5 Boundary Trimming

Across all pipelines, final temporal localization was
performed by Gemini-3-Flash. The data representa-
tion varied by pipeline, ranging from full transcript,
RAG-filtered context block, raw video, to video
with fused contextual block, to output precise start
and end timestamps for the queried action.

4.6 Inference-Time Contextual Guidance

To improve upon the model’s clinical reasoning and
enforce temporal precision within the surgical do-
main, we evaluated four constraint-based guidance.
Each strategy constrains how the MLLM weighs
textual evidence against visual observations during
inference.

» Zero-Shot with Reasoning: The model was
instructed to directly predict temporal bound-
aries, explicitly requiring a justification of its
visual logic (intermediate reasoning) prior to
outputting the final timestamps.

* Strict Visual Boundary: The instruction ex-
plicitly guide the model to prioritize visual
evidence over auditory commentary exclud-
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ing unrelated sections such as pre-operative
verbal planning, introductory remarks.

* Chain of thought (CoT): The model was re-
quired to identify specific observable physical
events e.g., scalpel makes first tissue contact
and the end of the event. This intermediate
reasoning step prevents the model from copy-
ing timestamps from the transcript.

* Heuristic Context (Loose): In this strategy,
the transcript and audio were treated as sup-
plementary heuristics only, and boundaries
were derived from physical movements in the
video.

5 Evaluation

We measure temporal localization performance us-
ing Intersection over Union (IoU) between the pre-
dicted and ground-truth time intervals. MedVidQA
benchmark (Gupta et al., 2023) reports accuracy
at three IoU thresholds (0.3, 0.5, and 0.7) where a
prediction is counted as correct if its loU with the
ground truth meets or exceeds the threshold.

6 Results and Discussions

Our experimental framework evaluates visual an-
swer localization as an end-to-end generative pro-
cess (Figure 1). Across all pipelines, final bound-
aries were predicted by Gemini-3-Flash. Inputs
varied by configuration: text-driven approaches
processed only the query and textual context, while
multimodal approaches directly ingested raw video
alongside the query, transcript, and scene descrip-
tion.

6.1 Development Phase: Transcription-only
Pipeline Comparison

To generate the transcript context, we initially eval-
uated three transcription models: Parakeet-tdt-0.6b-
v2 (NVIDIA, 2024), Whisper large-v3 (Radford
et al., 2022), and Qwen3-ASR-1.7B (Shi et al.,
2026). To standardize the input, word-level outputs
were programmatically grouped into timestamp-
aligned, sentence-level blocks.

Quantitative analysis of these unimodal
transcription-only baselines revealed that Parakeet
achieved the highest overall mloU (66.03),
demonstrating a slight edge over Qwen3-ASR
(65.20) in strict boundary regression (Table 1).
While both models tied at the IoU @0.3 threshold
(82.58), Parakeet outperformed Qwen3-ASR at the

stricter 0.5 and 0.7 thresholds. Whisper large-v3
lagged significantly across all metrics.

Despite Parakeet’s marginal advantage, we se-
lected Qwen3-ASR, as the standard transcription
for all subsequent experiments. This architectural
decision prioritizes downstream structural utility:
Qwen3-ASR with forced aligner generates the pre-
cise word-level timestamps essential for success-
fully implementing text alignment in our multi-
modal pipelines.

6.2 Development Phase: Architecture and
Modality Evaluation

With the base modalities established, we tuned our
integration strategies. For Retrieval-Augmented
Generation baselines, hyperparameters were tuned
empirically to optimize IoU. Time-based chunk-
ing utilized 20-second windows with a 2-second
overlap (top-k=10), while sentence-based chunk-
ing employed 5-sentence blocks with a 4-sentence
overlap (dynamic top 40%). The chunks were
embedded using google/embeddinggemma-300m
(Schechter Vera et al., 2025) and fused using the
Temporal RRF algorithm.

As shown in Table 1, RAG strategies performed
worst overall. Because standard RAG retrieves
text based on semantic keyword matching, it fre-
quently pulled out-of-sync narrative snippets, re-
flecting the asynchronous nature of instructional
medical videos.

Conversely, the Transcript-Video Fusion
pipeline achieved the highest overall mloU of
72.35 and IoU@0.3 of 90.32. However, the
Video-Only baseline maintained the highest
precision at the strictest threshold. Introducing
fused contextual block underperformed the simpler
fusion pipeline, suggesting that over-engineering
the context block with secondary descriptions or
rigid reasoning constraints introduces noise that
distracts from the primary visual signal.

6.3 Test Phase Evaluation

In the test phase, the Video-Only baseline achieved
a highly competitive mloU of 79.51. Consistent
with development set findings, introducing textual
data with complex reasoning constraints (Zero-
Shot with Reasoning) significantly degraded perfor-
mance, dropping the mIoU to 70.95 and IoU @0.7
to 63.75. This confirms that generative models
suffer from text-reliance bias (Winterbottom et al.,
2020), prematurely aligning boundaries with spo-
ken dialog rather than actual physical interventions.
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Pipeline Configuration Modality Guidance Prompt mloU IoU@0.3 IoU@0.5 IoU@0.7
Comparison of ASR model

Transcription-Only (Parakeet) Transcript Only Zero-Shot 66.03 82.58 72.26 56.13
Transcription-Only (Qwen3-ASR)  Transcript Only Zero-Shot 65.20 82.58 71.61 54.84
Transcription-Only (Whisper) Transcript Only Zero-Shot 57.86 81.94 60.65 40.65
Visual, Retrieval, and Multimodal Architectures

Video-Only Video Only Zero-Shot 71.78 89.03 78.71 67.10
RAG (Time-based Chunking) Transcript Only Zero-Shot 40.09 54.84 38.71 28.39
RAG (Sentence-based Chunking)  Transcript Only Zero-Shot 46.62 63.23 50.97 32.90
Transcript-Video Fusion Video + Transcript Zero-Shot 72.35 90.32 78.71 63.87
VLM-Enhanced Context Video + Fused contextual block  Zero-Shot with Reasoning  68.75 87.74 79.35 58.06
VLM-Enhanced Context Video + Fused contextual block ~ Strict Visual Boundary 67.56 87.10 77.42 56.77
VLM-Enhanced Context Video + Fused contextual block Chain-of-Thought (CoT) 68.41 88.39 78.06 60.00
VLM-Enhanced Context Video + Fused contextual block Heuristic Context (Loose)  70.59 89.03 78.71 63.87
Test Phase

Video-Only Video Only Zero-Shot 79.51 96.25 87.50 73.75
VLM-Enhanced Context Video + Fused contextual block Zero-Shot with reasoning ~ 70.95 90.00 78.75 63.75
VLM-Enhanced Context Video + Fused contextual block ~ Strict Visual Boundary 76.44 92.50 85.00 70.00
VLM-Enhanced Context Video + Fused contextual block Chain-of-Thought (CoT)  74.53 92.50 83.75 68.75
VLM-Enhanced Context Video + Fused contextual block Heuristic Context (Loose)  79.55 93.75 90.00 77.50

Table 1: Development and test phase performance. Development results compare ASR models, unimodal baselines,
multimodal fusion, and RAG pipelines. Test results evaluate Inference-Time Contextual Guidance on the best-
performing configuration. Test phase metrics reflect official MedGenVidQA leaderboard scores

To counteract this bias, we evaluated explicitly
constrained guidances. The Strict Visual Boundary
(mlIoU 76.44) and Chain-of-Thought (mloU 74.53)
strategies recovered substantial precision by forc-
ing the model to anchor predictions to observable
actions. However, these rigid constraints occasion-
ally caused over-correction, leading the model to
discard valuable macro-level transcript context.

The Heuristic Context (Loose) strategy proved
most effective, achieving the highest overall mIoU
(79.55) and peak performance at strict thresholds
(IoU@0.5 of 90.00, IoU@0.7 of 77.50). By fram-
ing the transcript as a supplementary heuristic
rather than heavily penalizing its use, this strat-
egy establishes a two-step framework: macro-
localization followed by micro-trimming. The
model uses spoken commentary to broadly navi-
gate to the correct procedural phase, but the prompt
dictates that final timestamps must strictly bound
the active physical procedure, explicitly excluding
verbal introductions or planning segments.

While the Heuristic Context offers only a
marginal quantitative gain over the Video-Only
baseline (mloU 79.51), it delivers a critical leap in
clinical reliability. The Video-Only baseline model
efficiently recognizes raw physical movements, but
struggles with abstract queries requiring a broader
procedural context. The Heuristic pipeline resolves
this by using transcripts for macro-localization dur-
ing visually obscured or repetitive phases, while its
strict visual micro-trimming preserves the bound-
ary precision of a dedicated vision model.

6.4 Qualitative Error Analysis

We conducted a qualitative diagnostic review to
evaluate the impact of text-reliance bias and our
mitigation strategies across both validation and test
sets. Since official test labels are withheld, our
test set analysis is based on manual inspection of
model outputs rather than comparison against gold-
standard annotations (Figure 2). We categorize
our observations into three scenarios: transcript-
assisted correction, transcript-induced bias, and
visual guidance as a fix.

Scenario A: Transcript-Assisted Correction.
Visual features should theoretically be enough
to locate a procedure yet Video-Only baselines
sometimes fail due to visual distractions or a lack
of step-by-step reasoning. In a validation video
of an AC joint test (Sample 2812), the baseline
starts at 05:01, capturing the test itself but miss-
ing the necessary first step of locating the AC joint
(04:18-05:01). This shows that video-only mod-
els can jump straight to the most obvious action
and ignore the clinical context. In a test video of
smile reconstruction (C64), the baseline predicts
03:38-03:42, which shows only a title slide, while
missing the actual procedure (03:42-03:51). Our
Heuristic Context guidance fixes these errors by
using the transcript to ensure all required medical
context is included.

Scenario B: Transcript-Induced Bias. The
spoken transcript can also mislead the model when
narration and physical action are not temporally
aligned. In a test video of an endoscopic surgery
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Figure 2: Qualitative error analysis illustrating three scenarios across development and test samples.

(C34), the VLM-Enhanced Context pipeline with
Zero-Shot with reasoning guidance starts at 00:39,
which is the exact moment the instructor mentions
the procedure. However, this includes 19 seconds
of an MRI scan before surgery actually begins at
00:58. Similarly, in a validation video of a chin-
tuck exercise (Sample 2796), the same pipeline
starts at 07:23 during the anatomical explanation,
capturing a 41-second gap before the physical ex-
ercise starts at 08:04. In both cases, the model
anchors on spoken keywords rather than visual evi-
dence, causing it to include verbal explanations.

Scenario C: Visual Guidance as a Fix. Our
Heuristic Context guidance corrects this misalign-
ment by requiring visual confirmation before an-
choring the start boundary. In the surgical video
(C34), the model uses the transcript to find the
general timeframe but is guided to wait for the ac-
tive surgical field to appear, successfully starting
at 00:58. In the chin-tuck video (Sample 2796),
the pipeline ignores the 41-second explanation and
correctly starts at the onset of physical movement
(08:08). These results demonstrate that adding vi-
sual constraints helps the model resolve the tem-
poral gap between speech and action, resulting in
higher boundary precision.

7 Conclusion

In this paper, we addressed the challenge of precise
temporal localization in medical videos through
a generative, multimodal lens. We identified a
vulnerability in standard multimodal LLM archi-
tectures: text-reliance bias. We demonstrated
that naively feeding textual commentary or RAG-
retrieved chunks into a generative model degrades
temporal precision. The model prematurely aligns
boundaries to spoken words rather than physical
surgical actions.

To overcome this, we introduced a highly con-
strained, end-to-end multimodal pipeline utilizing
Gemini-3-Flash. By directly fusing raw video with
fused contextual block and employing a "Heuris-
tic Context" guidance strategy, we successfully
forced the generative model to treat textual con-
text as supplementary hints while anchoring its
final temporal boundaries to visual physical evi-
dence. This approach achieved an mloU of 79.55
and a strict loU@0.5 of 90.00 on the test set. Our
findings suggest that for complex medical video
question-answering, decoupling text-based context
from actual physical execution through rigorous
visual prompting is essential for achieving micro-
level temporal precision.
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Limitations

Despite its precision, our approach has several lim-
itations. First, final boundary prediction relies on
a proprietary model (Gemini-3-Flash), as current
open-source alternatives struggle with our strict rea-
soning constraints. This commercial dependency
poses privacy and reproducibility barriers for lo-
cal clinical deployment, emphasizing the need for
fine-tuned, end-to-end open-source systems. Sec-
ond, our evaluation is limited to the English-centric,
procedure-specific MedVidQA dataset; validating
our prompting strategies on diverse, multilingual
corpora remains essential.

Finally, explicitly prioritizing visual evidence
introduces modality-specific vulnerabilities. Our
system is highly sensitive to visual degradation
common in real-world surgical recordings (e.g.,
lens obstruction or sudden focus loss). Further-
more, this visual-first approach is ill-suited for
dialogue-heavy clinical videos, such as patient
history-taking, where temporal cues are inherently
audio-driven and require transcription-reliant pro-
cessing.
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A Appendix

A.1 Inference-Time Contextual Guidance
Templates

In this section, we provide the complete prompt
templates used to evaluate our final multimodal
architecture on the test dataset. Because optimal
temporal localization requires careful cross-modal
reasoning, we experimented with varying levels
of constraint-based guidance. The following tem-
plates illustrate the progression from a baseline
extraction method (Zero-Shot with Reasoning) to
increasingly constrained visual-priority strategies
(Strict Visual Boundary, CoT, and Heuristic Con-
text).

A.2 Implementation Details and

Hyperparameters
All multimodal generative inferences
were executed utilizing the Gemini API
(gemini-3-flash-preview). Experiments

were systematically conducted between February
and April 2026. The model operated with a
knowledge cutoff of January 2025 and utilized
a context window of 1 million input tokens and
64,000 output tokens. We enforced a JSON
output constraint via the API configuration
(response_mime_type="application/json").
All sampling hyperparameters were retained at
their model defaults, notably a Temperature of 1.0,
with the internal reasoning parameter (thinking
level) set to high (dynamic).
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Prompt: Zero-Shot with Reasoning

Role: You are an expert medical video analyst. You
will be provided with a medical question, a medical
video, and supplemental data (including visual context
descriptions and audio transcripts).

Your Task:

Identify the precise timestamp boundaries in the video
that comprehensively answers the user’s question. Vi-
sual evidence is your absolute highest priority. You
must prioritize what is actively being shown or demon-
strated on screen, using the additional data primarily as
supporting verification.

Step-by-Step Instructions:

1. Analyze: Analyze the given medical question to
understand exactly what information, anatomical
structure, or procedure is being asked about.

2. Locate (Visuals First): Find the exact moment
the video visually demonstrates the answer. If the
audio discusses it but the visuals do not show it,
exclude it.

3. Refine Boundaries: Do not simply copy the pro-
vided supplemental segment times. Crop your
timestamps tightly to the exact start and end of
the visual answer.

4. Explain: Briefly justify your visual logic in the
"reasoning" field.

Output Format:

You MUST output a valid JSON object ONLY. Do not in-
clude any conversational text outside of the JSON block.
Use the following exact keys and data types:

{

"reasoning”: "A brief explanation
of why these specific visuals answer
the question.”,

"answer_start”: "MM:SS",

"answer_end"”: "MM:SS"

Inputs:
The Question: {question}
Context and Transcription: { Additional}

Figure A: The system prompt for the Zero-Shot Baseline

pipeline.
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Prompt: Strict Visual Boundary

Role: You are an expert medical video analyst. Your
task is to identify the exact, continuous video segment
that answers a given medical question using the provided
video, visual context, and audio transcripts.

Core Directives:

1. Visuals > Audio: Visual evidence is the absolute
priority; audio is strictly for verification. Do not
select segments where the action/anatomy is dis-
cussed but not visually demonstrated.

2. Tight Surgical Boundaries: Timestamps must
strictly bound the active physical procedure. Ex-
clude all introductions, verbal planning, and text
slides. Start exactly when the real operation begins
and end exactly when it finishes.

3. Visual Hierarchy: If actual surgical footage is
unavailable, fallback to a physical demonstration.
If that is also unavailable, fallback to a text-based
explanation.

Output Format:

Output ONLY a valid JSON object. Do not include any
conversational text, markdown formatting outside the
JSON, or explanations outside the "reasoning" key.

{

"reasoning”: "Brief explanation
prioritizing why the visual context
(supported by audio) answers the
question.”,

"answer_start”: "MM:SS",

"answer_end": "MM:SS"

}
Inputs:

The Question: {question}
Context and Transcription: {Additional}

Figure B: The system prompt for the Strict Visual
Boundary strategy.



Prompt: Chain-of-Thought (CoT)

Role: You are an expert medical video analyst. Your
task is to identify the exact, continuous video segment
that answers a given medical question using the provided
video, visual context, and audio transcripts.

Core Directives:

1. Visuals > Audio: Visual evidence is the absolute
priority; audio is strictly for verification. Do not
select segments where the action/anatomy is dis-
cussed but not visually demonstrated.

2. Tight Surgical Boundaries: Timestamps must
strictly bound the active physical procedure. Ex-
clude all introductions, verbal planning, and text

and end exactly when it finishes.

3. Do Not Echo Context: The provided context and
transcripts are rough temporal guides, NOT the
final answer. You must independently discover the
micro-boundaries within them. Never blindly copy
the timestamps or durations of the provided input
chunks.

4. Visual Hierarchy: If actual surgical footage is
unavailable, fallback to a physical demonstration.
If that is also unavailable, fallback to a text-based
explanation.

5. Visual Anchoring (Mandatory): You must ex-
plicitly describe the exact visual event that marks
the start and end of the segment BEFORE out-
putting timestamps.

Output Format:

Output ONLY a valid JSON object. Do not include any
conversational text, markdown formatting outside the
JSON, or explanations outside the specified keys.

{

"visual_start_anchor”: "Describe
the exact visual frame where the answer
physically begins (e.g., ’Scalpel makes
first contact with skin’).”,

"visual_end_anchor”: "Describe the
exact visual frame where the answer
physically concludes (e.g., ’Suture is

cut and tool is removed from frame’).",

of how these visual anchors directly
answer the question, ensuring the
timestamps are tighter than the
provided transcript chunks."”,
"answer_start”: "MM:SS",
"answer_end"”: "MM:SS"

Inputs:
The Question: {question}
Rough Segments (Context/Audio): { Additional}

Figure C: The system prompt for the Chain-of-Thought
(CoT) strategy.
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slides. Start exactly when the real operation begins Prompt: Heuristic Context (Loose)

Role: Expert Medical Video Analyst.
Task: Identify the exact video segment that answers the
question.

Inputs:
Question: {question}
Reference Notes (Transcripts & Scenes): { Additional }

Instructions:

Watch the video. The Reference Notes are provided
only as a background hint. You must determine the
precise start and end timestamps purely by observing the
physical procedure in the video footage.

Output Format:
Output ONLY a valid JSON object:

{
"first_physical_movement":
"Briefly state the wvisual action
that starts the segment.”,
"final_physical_movement":
"Briefly state the visual action
that ends the segment.”,
"answer_start”: "MM:SS",
"answer_end”: "MM:SS"

Figure D: The system prompt for the Heuristic Context
"reasoning”: "Brief explanation (Loose) strategy.
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Abstract

This paper presents our submission to Task A
of the MedGenVidQA 2026 shared task (Gupta
et al., 2026), which challenges participating
systems to simultaneously retrieve relevant
PubMed documents and medical videos for 60
consumer health topics (A1-A60). Rather than
treating these as independent retrieval prob-
lems, we design a unified multi-stage pipeline
combining dense and sparse retrieval with
cross-encoder re-ranking. For video retrieval,
we fine-tune a PubMedBERT bi-encoder on
the MedVidQA training set (2,710 samples
across 800 unique videos) using BM25-driven
hard negative mining. Dense retrieval re-
sults are fused with BM25 sparse scores
through weighted Reciprocal Rank Fusion
(RRF), and queries are expanded using a T5-
based doc2query model to bridge the vocabu-
lary gap between consumer-phrased questions
and clinical text. A cross-encoder provides
final re-ranking. For document retrieval, we
query the NCBI PubMed E-utilities API with a
progressive keyword fallback strategy. Our sys-
tem achieves a MAP of 0.4229, Recall@5 of
0.6903, Recall@10 of 0.7226, and NDCG@10
of 0.4971, with complete 60/60 topic coverage
for both modalities.

1 Introduction

The proliferation of medical video content on plat-
forms such as YouTube has created both an opportu-
nity and a challenge for health information retrieval.
Consumers increasingly seek answers to clinical
and procedural questions through video, yet most
IR systems index only textual documents such
as PubMed abstracts. The MedGenVidQA 2026
shared task (Gupta et al., 2026) directly addresses
this gap by requiring systems to perform dual re-
trieval: identifying both relevant PubMed docu-
ments and relevant instructional medical videos for
consumer health topics.

bighanesuhani@gmail.com

agphakatkar@pict.edu

Task definition. Task A requires each system
to submit, for each of 60 test topics (A1-A60),
a ranked list of up to 10 PubMed document IDs
(PMIDs) and up to 10 video IDs. The test set com-
prises 155 question-answer samples spanning 50
unique YouTube videos. The input is a natural-
language consumer health question; the output is
two ranked lists of at most 10 items each.

Challenges. The primary challenges are: (1) vo-
cabulary mismatch—consumer health questions
use colloquial terminology differing from clini-
cal language in abstracts and transcripts; (2) tran-
scription noise—auto-generated subtitles intro-
duce errors degrading text-matching quality; and
(3) corpus heterogeneity—relevant content spans
YouTube videos and MEDLINE abstracts, requir-
ing distinct retrieval strategies per modality.

Approach. We address these challenges through
a pipeline combining a domain-specific PubMed-
BERT bi-encoder fine-tuned with BM25-driven
hard negative mining, T5-based query expansion,
weighted RRF fusion of dense and sparse retrieval,
and a cross-encoder re-ranking stage. PubMed doc-
ument retrieval uses a multi-pass NCBI API strat-
egy with exponential backoff.

2 Related Work

Dense Retrieval and Bi-Encoders. Dense re-
trieval using pre-trained language models has sub-
stantially advanced open-domain IR. Karpukhin
et al. (2020) showed that bi-encoders can match
or outperform BM25 for open-domain QA. Pub-
MedBERT (Gu et al., 2021) provides strong ini-
tialisation for biomedical dense retrieval. Hard
negative mining (Xiong et al., 2021) further im-
proves bi-encoder precision by exposing the model
to false-positive candidates.

Hybrid Retrieval and Rank Fusion. Hybrid sys-
tems combining BM25 and dense retrievers con-
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sistently outperform either alone (Ma et al., 2022).
Reciprocal Rank Fusion (RRF) (Cormack et al.,
2009) is a robust, score-free fusion method widely
adopted for its effectiveness across diverse retrieval
settings.

Re-ranking with Cross-Encoders. Cross-
encoders jointly encode query-passage pairs and
provide higher precision than bi-encoders at the
cost of inference speed (Nogueira and Cho, 2019).
MS-MARCO-trained MiniLM cross-encoders
offer a practical speed-accuracy trade-off.

Medical Video Retrieval. Gupta and Demner-
Fushman (2023) introduced MedVidQA—
consumer health instructional videos with
timestamped QA annotations—and established
transcript-based retrieval as the dominant
paradigm. Subsequent MedVidQA shared task sys-
tems (Gupta et al., 2026) explored BM25 baselines,
dense bi-encoders, and cross-modal approaches.
Our work extends transcript-based retrieval with
domain-specific fine-tuning, multi-stage fusion,
and a dedicated document retrieval branch.

3 Data

3.1 Dataset

The corpus is drawn from MedVidQA (Gupta and
Demner-Fushman, 2023), consumer health instruc-
tional YouTube videos with timestamped QA anno-
tations. Table 1 summarises the statistics.

Split Samples Unique Videos
Train 2,710 800
Validation 145 49
Test 155 50

Table 1: MedVidQA dataset statistics. Each sample
contains a question and timestamped answer boundaries
used to identify positive transcript segments.

3.2 Transcript Corpus Construction

Video transcripts were downloaded using yt-d1p!
and parsed from VTT format using webvtt-py.2
The corpus covers 833 unique videos with 217,153
raw transcript lines. For videos without automatic
subtitles, OpenAl Whisper ASR was used as a fall-
back. After temporal chunking (Section 4.1), the
corpus yields 32,489 indexed segments.

"https://github.com/yt-dlp/yt-dlp
Zhttps://github.com/glut23/webvtt-py

4 System Description

Our system has four sequential stages: (1) tempo-
ral chunking, (2) PubMedBERT bi-encoder fine-
tuning, (3) hybrid retrieval with RRF fusion and
cross-encoder re-ranking, and (4) PubMed docu-
ment retrieval. Figure 1 shows the architecture.

FAISS Weighted Cross-Encoder Top-10
(PubMedBERT) RRF Fusion Re-Ranker Videos
Input [
Question { T5 Query BM25 }

Expansion Sparse

[ NCBI ESearch Top-10
{ API PubMed Docs

Figure 1: Hybrid retrieval pipeline: dense
(FAISS/PubMedBERT) and sparse (BM25/T5-
expanded) results fused via weighted RRF, re-ranked
by a cross-encoder for videos; NCBI ESearch for
documents.

4.1 Temporal Chunking

Given transcript 7' = {(t;,d;, ;) }}., (start time,
duration, spoken text), we form overlapping chunks
with window W =30s, stride S=10s:

Cr = {Si ’ (tiJFdi) >kES ANt < k:SJrW} (D)

Each chunk stores its parent video_id for dedu-
plication. This yields 32,489 chunks, each a 768-
dimensional dense vector.

4.2 Bi-Encoder Fine-Tuning

Base model. We build on PubMedBERT (Gu
et al., 2021),3 pre-trained on full PubMed abstracts
for strong biomedical domain coverage.

Training objective. We fine-
tune as a bi-encoder using
MultipleNegativesRankinglLoss (Reimers

and Gurevych, 2019). Positive passages overlap
the ground-truth answer span by >10s. Hard
negatives are the highest BM25-scoring non-
overlapping window in the same video, forcing
the model to distinguish passages sharing medical
terminology but differing in procedural content.

Hyperparameters. Batch size 8, 4 epochs, 100
warmup steps, max sequence length 256 tokens.
A TripletEvaluator runs on the validation split
twice per epoch.

huggingface.co/microsoft/BiomedNLP-PubMedBERT
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Embedding index. All 32,489 chunks are en-
coded with mean pooling and L2 normalisa-
tion (32,489 768 matrix) and indexed in FAISS
IndexFlatIP (Johnson et al., 2019).

4.3 Hybrid Retrieval, Fusion, and
Re-Ranking
4.3.1 Query Expansion via T5

Each query is expanded using a T5 doc2query
model* generating three passage-style expansions
(top-k=10 sampling, max length 64):

Qexp = 4 © [T5—expand(q)]1”3 2)

Jexp feeds BM25; the original ¢ feeds FAISS to
preserve embedding alignment.

4.3.2 Weighted Reciprocal Rank Fusion

FAISS and BM250kapi each return top K =200

chunks. Fusion uses weighted RRF (Cormack et al.,

2009):

_ Wq + Ws
k+rqlc)  k+rs(c)

RRF(c) 3)

with £=60, w;=0.75, w;=0.25.

4.3.3 Cross-Encoder Re-Ranking

Top-200 RRF candidates are re-ranked by a
MiniLM cross-encoder’ (Nogueira and Cho, 2019).
The final output is the top-10 unique video_id
values (highest score per video across all chunks).

4.4 PubMed Document Retrieval

We use NCBI ESearch with a sequential fallback
chain:

1. Full question text.

2. Top-10 non-stop-word tokens.
3. Top-6 tokens.

4. Top-3 content-bearing tokens.

Failed requests retry with exponential backoff (5
retries, base 0.4 s). PMIDs are scored by rank:

score(r) = 0.5 4+ 0.49 - ¢ 703" 4)

mapping rank 0 to ~0.990 and rank 9 to ~0.537.
Results are cached incrementally.

*doc2query/msmarco-t5-base-v1
Scross-encoder/ms-marco-MinilLM-L-6-v2

5 Experimental Setup

5.1 Datasets and Preprocessing

Training uses the MedVidQA train split (2,710 sam-
ples, 800 videos). The validation split (145/49)
monitors bi-encoder training only. The test split
(155/50) is used exclusively for final evaluation.

5.2 Baselines

We submitted one run (hybrid_rerank_exp_v3); no
external baseline comparisons are available as no
other system runs on this test set are public at time
of writing.

5.3 Evaluation Metrics
Standard TREC metrics via pytrec_eval: MAP,
Recall@5/10, Precision@5/10, and NDCG@5/10.

5.4 Implementation Details

Python 3.10, PyTorch, HuggingFace Transform-
ers, Sentence-Transformers, FAISS. BM25 via
rank_bm25.% Training on a single consumer GPU;
inference on CPU or GPU.

6 Results and Discussion

6.1 Quantitative Results

Metric Score
MAP 0.4229
Recall@5 0.6903
Recall@10 0.7226
Precision@5 0.1381
Precision@10 0.0723
NDCG@5 0.4857
NDCG@10 0.4971
Topic Coverage 60/ 60

Avg. Docs/Topic 7.6
Avg. Videos/Topic 6.6

Table 2: Evaluation results on the MedGenVidQA 2026
Task A test set (hybrid_rerank_exp_v3 run).

Our system achieves full 60/60 topic coverage
for both retrieval modalities. Recall@10 of 0.7226
indicates our top-10 list covers ~72.3% of all rele-
vant videos per topic. The close agreement between
NDCG@5 (0.4857) and NDCG@10 (0.4971) con-
firms that most relevant videos are ranked in posi-
tions 1-5, with only marginal gain from positions
6-10.

The MAP of 0.4229 reflects strong average pre-
cision overall. However, 44 of 155 test queries

®https://github.com/dorianbrown/rank_bm25
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received Recall@10=0.0, representing procedure-
specific or rare clinical topics for which the tran-
script corpus contained no closely matching con-
tent.

Precision@5 (0.1381) and Precision@10
(0.0723) reveal a recall-precision gap: the system
retrieves most relevant videos but does not
consistently rank them at the very top positions.
We attribute this partly to the cross-encoder being
trained on general web passages (MS-MARCO)
rather than biomedical text, limiting its ability to
make fine-grained relevance distinctions in the
medical domain.

6.2 Analysis

Corpus coverage. Our 833-video corpus (32,489
temporal chunks) substantially exceeds the 50 test
videos, providing broad candidate coverage and
reducing the risk of corpus gaps.

Hard negative mining. BM25-driven hard nega-
tives expose the bi-encoder to passages that share
medical terminology with the correct answer but
differ in procedural or temporal context—critical
for distinguishing adjacent instructional segments
within the same recording session.

Query expansion. T5-based expansion bridges
colloquial consumer questions (e.g., “How fo fix
a crick in my neck?”) and the clinical register of
video transcripts, improving BM25 recall through
synonym-level coverage.

PubMed retrieval reliability. The multi-pass
fallback strategy was essential: full-question
queries frequently failed due to PubMed’s query
length constraints and low-frequency medical ter-
minology. Incremental caching ensured 60/60 topic
coverage without repeated API calls.

Failure mode analysis. Inspection of the 44 zero-
recall queries reveals two dominant failure patterns:
(1) topic specificity—questions about rare clinical
procedures for which the corpus contains only pe-
ripherally related videos; and (2) video duplica-
tion—the same popular medical education video
dominating retrieval across multiple topics, reduc-
ing per-topic diversity.

6.3 Future Scope

Our current system is purely text-based; several
directions offer clear paths to improvement:

* Multi-modal retrieval. Incorporating visual
keyframes, on-screen text (OCR), and audio
prosody features alongside transcript embed-
dings would allow the system to handle vi-
sually informative but verbally sparse videos
that currently receive low retrieval scores.

* Domain-adapted cross-encoder. Fine-tuning
the re-ranker on biomedical QA corpora (e.g.,
MedVidQA training pairs) rather than relying
on the general MS-MARCO model would di-
rectly address the observed recall-precision
gap and improve precision at early ranks.

Local PubMed neural indexing. Replac-
ing the live NCBI API with a local dense
index over PubMed abstracts (e.g., using
BioLinkBERT or SPECTER) would enable
faster retrieval, richer ranking signals, and
rate-limit-free operation.

* Video metadata integration. Including
YouTube video titles, channel descriptions,
and view counts as auxiliary signals could
improve retrieval for topics where transcript
content alone is ambiguous.

Ablation study. A controlled ablation
varying individual components (bi-encoder
vs. BM25 only, with/without TS5 expansion,
with/without cross-encoder) would quantify
the contribution of each stage and guide future
architecture decisions.

7 Conclusion

We presented the Varja-Dominators system for
MedGenVidQA 2026 Task A: a fine-tuned Pub-
MedBERT bi-encoder with BM25-driven hard neg-
atives, T5 query expansion, weighted RRF fusion
over 32,489 temporal chunks, and cross-encoder
re-ranking. PubMed document retrieval uses a
multi-pass NCBI API strategy, achieving 60/60
topic coverage. Our system achieves MAP 0.4229,
NDCG@10 0.4971, and Recall@10 0.7226. Fu-
ture work includes multi-modal retrieval with video
frames and metadata, local neural PubMed index-
ing, and domain-adapted cross-encoders for im-
proved precision.

Limitations

This system relies entirely on spoken transcript
text; no visual or audio features are used. PubMed

246



retrieval is live via a public API, introducing rate-
limiting latency without neural document ranking.
We submitted one run without a controlled ablation
study, so individual component contributions are
not empirically isolated.

Ethics Statement

All data is publicly available: MedVidQA from the
competition organisers and PubMed abstracts via
the NCBI open API. No personally identifiable in-
formation is collected or processed. This system is
for research purposes only and must not substitute
for professional medical advice.
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Abstract

This paper describes the Pride-Boiler system
submitted to MedGenVidQA 2026 Shared Task
A, which asks for retrieving relevant PubMed
articles and medical instructional videos in
response to consumer health queries. Our
approach pairs Pyserini BM25 retrieval with
LLM-driven query rewriting and a corrective
self-verification loop inspired by the Correc-
tive Retrieval-Augmented Generation (CRAG)
paradigm. Given a consumer query, the
pipeline first asks Google Gemini to generate
clinically optimized search text, one targeting
PubMed abstracts with MeSH terms and clini-
cal synonyms, and another targeting video sub-
titles with procedural action language. BM25
retrieves a broad candidate pool, and Gemini
then scores each candidate against the orig-
inal query, blending its relevance judgment

with the normalized lexical signal. A qual-
ity grader assesses the top results: if they are
judged insufficient, the pipeline triggers a cor-
rective cycle with reformulated terminology
and retries up to three attempts. The entire
workflow is orchestrated as a LangGraph state
machine. In the official shared task evalua-
tion, Pride-Boiler ranked first among all par-
ticipating systems on PubMed article retrieval,
achieving an nDCG of 0.6532 and MAP of
0.5550, both exceeding the organizer-provided
Text-RR baseline. Our performance on video
(text) retrieval achieves 0.5304 in MAP and
0.5927 in nDCG, outperforming other systems
but falling below that of baseline, indicating
the structural limitations of lexical matching
over noisy subtitle text. We release the pipeline
code to support reproducibility on GitHub at
https://github.com/basill1007/BioNLP.

PRIDE-BOILER SYSTEM FOR MedGenVidQA 2026 SHARED TASK A: MED & VIDEO RETRIEVAL

Broad

Candidate Pool

—> —_—
PubMed
Target Query
Consumer (MESH Terms,
Health < Clinical Synonyms)

By Pyserini
Query Google Gemini !'

BM25
C )/ Howto LLM Query Retrieval
" health burny Rewriting

like

l

User

“How to treat (?au;ild{irduaTe
aburn? \- Video Subtitles — Pool
Target Query

(Procedural Action
Language)
Corrective
Maximum Self-Verification Loop
3 Retries Reformulated

Terminology

Normalized
Lexical Signal

Grader (LangGraph
State Machine)
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Results

LLM :
(Google Gemini) Sufficient? Pu.bMed
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Evaluation Results

PubMed Retrieval
(1st Rank, 0.6532 nDCG, 0.5550 MAP)

Video Retrieval
(0.5304 MAP, 0.5927 nDCG, but < Baseline)

Figure 1: Workflow of the Pride-Boiler’s system. Generated with Google Gimini.
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1 Introduction

The volume of biomedical knowledge published
each year far exceeds what any individual can ab-
sorb. PubMed alone indexes over 36 million ab-
stracts (Lu, 2011), and the number of medical in-
structional videos hosted on open platforms contin-
ues to grow rapidly (Gupta et al., 2023). For clin-
icians seeking the latest evidence on a treatment
protocol, or for patients trying to understand a pro-
cedure they have been recommended, the challenge
is no longer the access to information, but finding
the most relevant pieces of information amid an
overwhelming surplus.

The MedGenVidQA 2026 Shared Task A (Gupta
et al., 2026) formalizes these challenges into a con-
crete benchmark. Given a natural-language medi-
cal question, participating systems are asked to re-
turn the ten most relevant PubMed articles and the
ten most relevant medical instructional videos from
2 corpora: one containing over 28 million abstracts
and another with 57,166 video entries (Gupta et al.,
2025). The task is designed to approximate the
real-world scenario in which a user searches for
both textual evidence and visual demonstrations of
a clinical procedure.

In this paper, we present our Pride-Boiler system
submitted to Task A. Rather than training a domain-
specific neural retriever which would demand sub-
stantial labeled data, embedding infrastructure, and
compute, we take a deliberately lightweight ap-
proach. We retain Best Match 25 (BM25) as the
retrieval backbone, served through Pyserini (Lin
et al., 2021), and augment it with a large language
model at two critical junctures: before retrieval,
where the LLM rewrites each consumer query into
clinically precise BM25 search strings with rich
MeSH terms and procedural terminology; and after
retrieval, where the LLM scores each candidate
document against the original query, promoting ar-
ticles it judges to be genuinely relevant over those
that are merely topically adjacent.

The pipeline is further equipped with a correc-
tive self-verification loop inspired by the Correc-
tive Retrieval-Augmented Generation (CRAG)
paradigm (Yan et al., 2024). After scoring, a sep-
arate LLM call evaluates whether the top results
are relevant to the query. If the verdict is insuf-
ficient, the system loops back with the grader’s
explicit failure reason which is not a generic retry,
but a targeted steer toward different terminology
and re-executes retrieval from the scratch. The en-

tire workflow is implemented as a four-node Lang-
Graph state machine: query transformation, BM25
retrieval, LLM reranking, and quality grading. The
corrective edge between the grader and the trans-
former closes the loop, capped at three attempts to
bound latency.

The central question behind this design is
whether a capable LLLM can compensate for the
well-known semantic limitations of BM25 bridg-
ing the lay-to-clinical vocabulary gap on the query
side, and separating clinically specific evidence
from merely related material on the scoring side
without requiring dense retrieval, fine-tuned en-
coders, or domain-specific training data.

2 Related Work

Biomedical IR has long relied on lexical re-
trieval. BM25 (Robertson and Zaragoza, 2009) re-
mains competitive in domain-specific settings like
BioASQ (Tsatsaronis et al., 2015), where clinical
terminology creates a vocabulary that dense models
must be explicitly trained to handle. Dense passage
retrieval (Karpukhin et al., 2020) has narrowed the
gap on general benchmarks, but requires substan-
tial labeled data that is scarce in the biomedical
setting. Pyserini (Lin et al., 2021) has made BM25
the de facto reproducible baseline in the community.
Our system keeps BM25 as the retrieval backbone
precisely because it does not require training, and
invests the complexity budget elsewhere.

Query reformulation addresses the vocabulary
mismatch between consumer questions and clini-
cal literature. Hypothetical Document Embedding
(Gao et al., 2023) encodes an LLLM-generated an-
swer as a dense query vector; we take a simpler
route, prompting the LLM to produce a clinical
keyword string directly for BM25, avoiding the em-
bedding infrastructure HyDE requires. Prior neural
query rewriting work operates on formal queries;
our setting is harder because the input is lay con-
sumer language, not a clinician’s search string.

Retrieval-augmented generation (Lewis et al.,
2020) grounds LLM outputs in external evidence.
CRAG (Yan et al., 2024) introduced the correc-
tive loop we adapt here: when retrieved results are
judged insufficient, the system reformulates and
retries. Self-RAG (Asai et al., 2024) pursues a
similar self-evaluation idea but interleaves it with
text generation. Video retrieval for medical content
is a younger problem. MedVidQA (Gupta et al.,
2023) introduced the instructional video setting that
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(BM25 + Dense/FAISS + HyDE)
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Figure 2: Architecture of the Pride-Boiler retrieval pipeline. A medical query enters the Query Understanding
& Decomposition node (1), which uses an LLM to rewrite it into BM25-optimized and video-optimized search
strings. These are issued to PubMed and video BM25 indexes via Multi-Signal Retrieval (2). Candidates are fused
(3) and scored by the LLM in a Tiered Reranking step (4). A Corrective Verification node (5) evaluates result
quality: if deemed insufficient, the pipeline loops back to node 1 with a reformulated query, up to three attempts.

the MedGenVidQA 2026 task (Gupta et al., 2026,
2025) extends to joint textual and video retrieval.
No prior system has tackled this joint setting; ex-
isting work either addresses PubMed retrieval or
video understanding in isolation. The subtitle-
text challenge we encounter—spoken, fragmented,
procedurally oriented—has no direct precedent in
prior biomedical IR, which motivates the modality-
specific query strategy we develop.

3 System Architecture

Figure 1 illustrates the workflow of the Pride-Boiler
system with the functional units and data flow. Fig-
ure 2 presents an architectural overview of the
Pride-Boiler pipeline, which is implemented as
a LangGraph state machine with four processing
nodes and a conditional retry edge.

3.1 Node 1: Query Transformation

The raw consumer query is passed to Google Gem-
ini! with a prompt that requests two optimized
search strings. The first, BM25_QUERY, targets
PubMed abstracts and emphasizes MeSH terms,
clinical synonyms, anatomical terms, and drug or

'"We used gemini-3-flash-preview throughout the
pipeline.

procedure names, restricted to 8—12 keywords with
no filler. The second, VISUAL_QUERY, targets med-
ical video subtitles and emphasizes step-by-step
procedural language and action-oriented phrases.

On retry attempts triggered when the CRAG
grader judges the previous results insufficient, the
prompt additionally includes the grader’s failure
reason (e.g., “results focused on pediatric indica-
tions rather than adult surgical approaches”), and
instructs the LLLM to use completely different medi-
cal terminology. This explicit feedback mechanism
ensures that successive attempts do not simply re-
peat the same search query. Appendix A provides
a concrete example of the query transformer output
and retrieved results for topic Al.

3.2 Node 2: Retrieval

Both optimized queries are issued to their respec-
tive indexes across two retrieval signals. For
PubMed, we run a BM25 search over a Pyserini
Lucene index of 28,372,706 abstracts with k1 =
0.9 and b = 0.4, retrieving k¥ = 1000 candidates
per query.

For video retrieval, we use a dense FAISS in-
dex over subtitle embeddings encoded with Sap-
BERT (Liu et al., 2021), a transformer pre-trained
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on biomedical entity synonyms via self-alignment
with UMLS concepts. Subtitle texts are encoded
into 768-dimensional vectors and stored in a FAISS
IndexFlatIP for cosine similarity search, retriev-
ing kK = 1000 candidates per query. We chose
SapBERT over a purely lexical approach for video
because subtitle text is short, spoken, and procedu-
rally oriented conditions under which BM25 term
overlap is unreliable.

In addition to BM25 and dense retrieval, we in-
corporate a Hypothetical Document Embedding
(HyDE) signal (Gao et al., 2023) as a third parallel
retrieval path. For each query, Gemini generates
a short synthetic PubMed abstract that would con-
stitute an ideal answer, using clinical vocabulary,
MeSH terms, and procedure names. With the same
SapBERT encoder used for the dense index, this
hypothetical abstract is encoded as a dense vector
against the FAISS index query. The intuition is that
a synthetic clinical document sits closer to the rele-
vant literature in the embedding space than the orig-
inal consumer query, bridging the lay-to-clinical
vocabulary gap at the vector level. The BM?25,
dense, and HyDE ranked lists are then fused us-
ing Reciprocal Rank Fusion (Cormack et al., 2009)
before being passed to the reranker.

3.3 Node 3: LLM Reranking

This node is the primary quality filter. The top 100
BM25 candidates are batched into a single prompt
with each document’s ID and a 300-character con-
tent snippet. The LLM scores each item on a 0.0—
1.0 scale against the original query, where 1.0 in-
dicates a document that directly answers the query
and 0.0 indicates a completely irrelevant one.

The final score for each candidate is a weighted
blend:

SBM25

s=0.7 % spim + 0.3 X —————
M SESs + e

(1
where sppm € [0, 1] is the relevance score assigned
by the LLM, sgmps is the raw BM25 score for the
candidate, sgyyss is the highest BM25 score in the
batch, and ¢ = 10~ prevents division by zero
when all BM25 scores are zero. The division by
spyiss normalises lexical scores into [0, 1] so they
are directly comparable to s m.

The 0.7/0.3 weighting reflects a deliberate de-
sign choice: the LLM signal is the primary judge of
clinical relevance, while BM25 acts as a tiebreaker
among candidates the LLLM scores similarly. A
pure LLLM score would discard the lexical signal

Metric Docs  Videos
Mean top-1 score 0.926  0.823
Top-1 > 0.90 53/60  43/60
Top-1 > 0.80 58/60  49/60
Perfect top-1 score (1.00) 3/60 3/60

Score drop (rank 1 — rank 10)  0.118  0.404

Table 1: Relevance score statistics across 60 submitted
topics. “Score drop (rank 1 — rank 10)” is the average
difference between the relevance score of the top-ranked
result and the tenth-ranked result, computed per topic
and averaged over all 60 topics. A smaller value in-
dicates that the system returns a uniformly confident
shortlist rather than a single strong result followed by
weaker candidates.

entirely; a pure BM25 score would undo the se-
mantic reasoning the LLM provides. The 0.7/0.3
split was set empirically on a small held-out sample
of 10 queries drawn from the training set, where
it produced the highest mean nDCG@ 10 among
the splits {0.5/0.5,0.6/0.4,0.7/0.3,0.8/0.2} we
tested. Candidates are sorted by s and the top 10
are retained per modality.

3.4 Node 4: Quality Grading (CRAG Loop)

Before finalizing the results, a separate Gemini
call inspects the top three documents and top three
videos against the original query. The grader as-
signs one of three labels:

RELEVANT: At least one top result directly ad-
dresses the query. The pipeline terminates
and returns the results.

INCOMPLETE: Results are partially related but
miss key aspects. If the attempt count is be-
low three, control returns to Node 1 with the
grader’s reason.

IRRELEVANT: All results are off-topic. Same

retry logic applies.

4 Experiments

4.1 Submission Output Quality

The shared task requires exact top ten ranked
PubMed documents and top ten ranked videos per
query, each accompanied by a relevance score in
[0, 1]. Table 1 summarizes the score distributions
across all 60 evaluation topics.

The document retrieval performance is strong:
the system places a high-confidence article at the
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Rank Doc Video
1 0.926 0.823
2 0.891  0.700
3 0.869 0.619
4 0.854 0.575
5 0.842  0.549
6 0.834 0.496
7 0.825 0.470
8 0.821 0.441
9 0.814 0.431
10 0.808  0.420

Table 2: Mean relevance scores by rank position, aver-
aged over 60 topics. Document scores degrade gradu-
ally; video scores decline more noticeably after Rank 3.

top for 88.3% of queries, and the gentle score de-
cline across ranks (mean score drop 0.118) sug-
gests that the reranker is producing a coherent,
well-ordered shortlist rather than a noisy grab-bag.
Three topics achieved a perfect document relevance
score of 1.0 at rank 1 (A34, A36, A37), all in-
volving highly specific procedural queries where
the BM25 query transformation precisely matched
the target literature. A separate set of three topics
achieved a perfect video relevance score of 1.0 at
rank 1; notably, only topic A37 appears in both
groups, suggesting that strong document retrieval
and strong video retrieval are largely independent
outcomes driven by different corpus characteristics.

4.2 Score Progression Across Ranks

Table 2 reports the mean relevance scores at each
output position, averaged over all 60 topics.

Document scores remain above 0.80 even at
rank 10, indicating that the entire returned list tends
to be relevant, not just the top few items. Video
scores tell a different story: they drop from 0.823 at
rank 1 to 0.420 at rank 10, with a particularly steep
cliff between ranks 3 and 6. This is consistent with
the nature of the video corpus many medical topics
simply do not have ten highly relevant instructional
clips available, particularly for specialized procedu-
ral queries like “How do you perform endoscopic
transsphenoidal salvage surgery?” (topic A37). In
those cases, the system fills the lower ranks with
the best available candidates, which are only tan-
gentially related.

4.3 The CRAG Loop in Practice

The corrective loop fires when the quality grader
judges the initial retrieval insufficient. Across our
60-topic run, the majority of queries achieved REL-
EVANT status within one or two attempts. The retry

mechanism proved most valuable for queries with
ambiguous lay terminology, where the first BM25
query missed the right clinical angle. For exam-
ple, a query about “crowded arteries” (topic A20)
initially retrieved literature on arterial crowding in
dental contexts; the grader flagged this, and the re-
formulated query correctly targeted coronary artery
disease and atherosclerotic stenosis.

S Implementation Details

The entire pipeline runs on a single RunPod in-
stance equipped with an NVIDIA RTX 6000 GPU
(98 GB VRAM), 188 GB system RAM, and 16 vC-
PUs, running Ubuntu 24.04 with Python 3.10 (Run-
Pod PyTorch image 1.0.2-cul28-torch289).
The PubMed BM25 index occupies roughly 15 GB
on disk and the video index under 400 MB. All
LLM calls use Gemini 3 Flash Preview via the
Google GenAl APL. BM25 search is handled by
Pyserini 1.2.0 with OpenJDK 21. The pipeline is
orchestrated with LangGraph, which manages the
state machine transitions and the conditional retry
edge.

Per-query wall-clock time is dominated by the
LLM calls, and each query transformation takes
roughly 1-2 seconds. BM25 retrieval responds in
less than a second, and a batch reranking call fin-
ishes in 5-15 seconds depending on the candidate
count. A single pass through the pipeline com-
pletes in approximately 10-20 seconds; queries
that trigger the CRAG retry loop take proportion-
ally longer, up to about a minute for the maximum
three attempts.

6 Results and Discussion

The official evaluation results are summarized in
Table 3.

On PubMed retrieval, our Pride-Boiler system
ranked first among all participating systems, achiev-
ing an nDCG of 0.6532 and MAP of 0.5550, both
above the Text-RR baseline. This is notable given
that the less powerful machinery the system uses:
no dense index, no fine-tuned encoder, no learned
reranker. The result validates the core hypothe-
sis behind our design that a capable LLM, applied
at the query reformulation and candidate scoring
stages, can extract substantial relevant documents
from a classical BM25 backbone.

Video retrieval tells a different story. Our nDCG
of 0.5927 falls below the Video-RR baseline’s
0.6616, and the MAP gap is similarly unfavorable.
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MAP R@5 R@10 P@5 P@10 nDCG
PubMed Article Retrieval
Baseline  0.5404 0.5505 0.5863 0.5133 0.2700 0.6460
Ours 0.5550 0.5571 0.5866 0.5333 0.2817 0.6532
Instructional Video Retrieval
Baseline  0.5884 0.6067 0.6528 0.4100 0.2217 0.6616
Ours 0.5304 0.5478 0.5833 0.3900 0.2100 0.5927

Table 3: Performance of our system in comparison with the Baseline results. Boldfaced numbers indicate the higher

values within each modality.

This is the clearest evidence that neither lexical
nor entity-centric dense retrieval fully addresses
the subtitle matching problem. BM?25 over sub-
title text has a structural ceiling that query refor-
mulation alone cannot raise: subtitles are short,
fragmented, often auto-transcribed, and written
in spoken register, so even a well-crafted proce-
dural query can only match videos that happen
to contain the exact terms. The dense index, en-
coded with SapBERT (Liu et al., 2021), does not
resolve this. SapBERT was pre-trained on biomed-
ical entity synonyms via UMLS concept alignment,
making it strong at matching clinical terminology
across surface forms for example, recognising that
myocardial infarction and heart attack refer to the
same concept. Subtitle text, however, is not a col-
lection of biomedical entities; it is procedural nar-
ration (“now we retract the flap and identify the
vessel”), and SapBERT has no training signal for
this register. The result is that both retrieval sig-
nals fail for the same underlying reason: the query
and the subtitle live in different linguistic worlds,
and neither BM25 term overlap nor entity-level em-
bedding alignment can bridge that gap without a
model trained specifically on procedural spoken
language. The pattern across modalities is instruc-
tive. PubMed abstracts are long, terminologically
dense, and written in standardized clinical prose ex-
actly the kind of text BM25 handles well once the
right query terms are in place. Video subtitles vio-
late nearly every assumption BM25 makes about
document structure. The performance gap is not
a failure of the pipeline design but a clean signal
about where denser retrieval signals are needed.

The CRAG corrective loop proved most valuable
on queries with ambiguous lay terminology, where
the first reformulation landed in the wrong clinical
neighborhood. The grader’s failure reason gave
the transformer a concrete steer on retry, not just
“try again”, but “the results discussed X when they
should address Y.” That said, the loop has a hard

ceiling: when ground-truth documents never enter
BM25’s candidate pool, no amount of reformula-
tion will surface them.

7 Error Analysis

Across 60 topics, the system places a highly rele-
vant document (grade 2) at rank 1 for 38 queries
and a partially relevant document for a further 15.
The remaining 7 topics return an irrelevant result
at rank 1, and 4 topics A15, A44, A49, and A56
return zero relevant documents in the entire top-
10 (FP2: missed top-ranked documents (Barnett
et al., 2024)). Inspection of these four queries re-
veals a consistent pattern: the query transformer
confidently reformulated toward the broader condi-
tion using incorrect clinical terminology, steering
BM25 toward adjacent literature rather than the
target. Topic A44, for example, uses lay phras-
ing that maps to a narrow clinical subterm; the
query transformer confidently reformulated toward
the broader condition, and the relevant abstracts
which use the specific subterm never entered the
candidate pool. No amount of CRAG retry can
recover from this: once the wrong clinical neigh-
borhood is established in the first reformulation,
subsequent attempts explore nearby but equally
incorrect regions. A second failure mode affects
7 topics (A10, Al16, A17, A19, A25, A51, A57),
which retrieve some relevant documents but miss
more than half the available relevant set. These are
multi-faceted queries with both pharmacological
and procedural dimensions. The LLM transformer
consistently resolves the ambiguity by committing
to one clinical angle usually the more salient one
while the documents covering the secondary an-
gle rank below the top-10 cutoff. Recall here is
structurally capped by query specificity. The most
pervasive issue cuts across all categories: on aver-
age, 6.77 of the 10 retrieved documents per topic
are unjudged meaning they appear nowhere in the
relevance pool assembled by the task organizers.
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These are not necessarily irrelevant; they may be
genuinely useful documents that assessors never
evaluated. Under standard TREC scoring, how-
ever, unjudged documents count as non-relevant,
which suppresses all precision metrics. This gap re-
flects a fundamental tension between a system that
searches a 28-million-document corpus freely and
an annotation pool necessarily bounded by human
annotator effort.

Video retrieval fails more severely: 13 of 60 top-
ics return zero relevant videos, and the top-ranked
result is irrelevant in 18 topics nearly three times
the document rate. The root cause is a linguistic
register mismatch that query reformulation cannot
bridge. BM2S5 is built on term overlap. PubMed
abstracts and the clinical queries we generate share
vocabulary by design. Subtitle text does not. A re-
formulated query like uvulopalatopharyngoplasty
obstructive sleep apnea surgical outcomes” finds
nothing useful in a subtitle corpus where the same
procedure is described as removing tissue from the
back of the throat to widen the airway.” The query
transformer generates clinical prose; subtitles speak
in lay procedural language. The gap is not a vo-
cabulary mismatch in the abstract sense it is a mis-
match in the very register of the text. A secondary
cause is corpus sparsity. For specialized procedu-
ral queries robotic surgery variants, rare metabolic
conditions, niche anatomical procedures fewer than
ten relevant instructional videos may exist in the
entire 57,166-entry corpus. The system correctly
identifies the available relevant videos at top ranks
for these queries, but must fill lower positions with
tangentially related content. This is not a retrieval
failure; it is a coverage limitation of the corpus that
no retrieval algorithm can overcome. Finally, the
LLM reranker operates on 300-character subtitle
snippets. For PubMed abstracts, 300 characters
reliably captures the core claim of a structured ab-
stract. For subtitles, 300 characters may span a
single procedural instruction “now we retract the
flap and identify the vessel” with no indication of
the broader procedure being demonstrated. The
reranker has insufficient context to judge video
relevance accurately, and in 18 topics it ranks an
irrelevant video first as a result.

8 Conclusion

We presented Pride-Boiler, a retrieval system for
MedGenVidQA 2026 Shared Task A that demon-
strates how the performance of a classical BM25

backbone can improve when augmented with LLM-
driven query transformation and corrective self-
verification. The system is deliberately simple,
with four nodes in a LangGraph state machine, no
fine-tuned encoders, no learned reranker, and dense
retrieval limited to video subtitle embeddings, and
yet it ranked first among all participating teams
on textual retrieval. The architecture is modular
by design: each node can be replaced or extended
independently, and the corrective loop generalizes
beyond the specific retrieval backend. We view this
submission less as a finished system and more as
a baseline that establishes what lightweight LLM
augmentation can achieve on its own, so that fu-
ture work on denser retrieval components can be
measured against a clear reference point.

Looking ahead, the most immediate priority is
stronger retrieval for the video modality, where
BM25 over subtitle text has a structural ceiling
that query reformulation alone cannot raise. We
plan a comparative evaluation of three biomedi-
cal encoders MedCPT (Jin et al., 2023), BMRe-
triever (Xu et al., 2024), and BiCA (Sinha et al.,
2026) fused with BM25 via Reciprocal Rank Fu-
sion (Cormack et al., 2009) to recover ground-truth
documents that lexical retrieval misses entirely.
Three further extensions follow naturally from the
error analysis: replacing the 300-character snippet
reranker with a cross-encoder over full text, decom-
posing compound queries into modality-specific
sub-queries, and replacing the CRAG grader’s
three-way categorical label with a continuous con-
fidence score for more calibrated retry decisions.

Limitations

Three limitations bear directly on the results re-
ported here. First, For PubMed retrieval, the sys-
tem relies entirely on BM25 for its initial candidate
pool. When ground-truth documents use vocabu-
lary that diverges from even a well-crafted clini-
cal query—as in the four complete-miss topics no
reranking or CRAG retry can surface them. Dense
retrieval over document embeddings would miti-
gate this by matching semantic intent rather than
surface terms, but we deliberately excluded it to
test how far a lexical system could go when paired
with a capable LLM.

Second, the single-query strategy applies the
same reformulated clinical string to both PubMed
and video subtitle retrieval. PubMed abstracts
reward clinical precision. Subtitle text rewards
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procedural, action-oriented lay language. Using
one query for both modalities guarantees that
one of them is systematically mismatched. A
modality-specific query generator producing a sep-
arate action-oriented search text for video would
directly address the 13 complete-miss topics in the
video track.

Third, the LLM reranker scores candidates from
a 300-character snippet. For PubMed abstracts this
is usually sufficient; the opening sentences of a
structured abstract convey the central claim. For
subtitle chunks it is rarely sufficient: 300 characters
of spoken procedural narration lack the context to
determine what intervention the video is actually
demonstrating. A cross-encoder operating over full
transcript text, or over title and metadata fields,
would give the reranker the context it currently
lacks.

Ethics Statement

This system retrieves published biomedical liter-
ature and educational instructional videos for in-
formational purposes. It is not intended as a clin-
ical decision-support tool and should not be used
to make medical decisions without professional
guidance. All corpora are publicly available. LLM-
generated content (query rewrites, relevance scores,
quality judgments) is used exclusively to guide re-
trieval; no LLM output is presented to users as
clinical evidence.
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A An Example Query Decomposition

For topic A1 “What surgical approaches are effec-
tive for reducing symptoms in adult patients with
obstructive sleep apnea? How are they performed?”
the query transformer produced the following opti-
mized search strings:

{

"original_query": "What surgical approaches
are effective
for reducing symptoms in adult patients with

obstructive

sleep apnea? How are they performed?”,

"BM25_QUERY": "uvulopalatopharyngoplasty
maxillomandibular
advancement hypoglossal nerve stimulation
surgical
treatment obstructive sleep apnea adults
outcomes”,

"VISUAL_QUERY": "surgical procedure sleep
apnea palate
tissue removal airway widening step-by-step
operating
room technique demonstration”

The BM25_QUERY correctly introduced clini-
cal procedure names (uvulopalatopharyngoplasty,
maxillomandibular advancement, hypoglossal
nerve stimulation) absent from the original con-
sumer question this reformulation is what enables
BM25 to bridge the vocabulary gap. The pipeline
returned the following top-3 results per modality
for this topic:

{
"query_id": "A1",
"pubmed_results”: [
{"id": "33418179", "score": 0.9307},
{"id": "20451028", "score": 0.9255},
"id": "19784401", "score"”: 0.9199}
]y
"video_results”: [
{"id": "PMC3197034_jove-52-2652.mp4", "score
" 0.91703%,
{"id": "PMC5755377_jove-129-56369.mp4", "
score”: 0.8566%},
{"id": "PMC2841570_jove-35-1437.mp4", "
score”: 0.8339}
1
3

The sharp score drop after rank 3 in the video
results is consistent with the corpus sparsity dis-
cussed in the error analysis: highly relevant sur-
gical demonstration videos for obstructive sleep
apnea are sparse in the 57,166-entry corpus.
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Abstract

Medical visual answer localization requires
identifying the temporal span in a video where
a medical question is answered or visually ex-
plained. We present a simple retrieval-and-
selection pipeline for Task C that treats visual
answer localization as segment-level answer
paragraph selection over timestamped video
transcripts. Given a question and a segmented
transcript, our system prompts DeepSeek to se-
lect a contiguous range of transcript segments
rather than directly generating timestamps. The
final start and end times are then computed
deterministically from the selected segment
boundaries, decreasing the risk of hallucinated
or malformed temporal outputs. To support
long videos, we apply overlapping sliding-
window prompting and rank candidate ranges
using lexical question. In a 20-sample sanity
check on test dataset, a completeness-biased
configuration achieved an mloU of 0.3217,
while a shorter duration-penalized configura-
tion improved performance to 0.4815. These re-
sults suggest that constrained LLM-based seg-
ment selection, combined with deterministic
timestamp extraction, is a practical baseline for
medical visual answer localization.

1 Introduction

Instructional medical videos contain procedural
and explanatory information that is often difficult
to convey using text alone. For consumer health
questions, first-aid procedures, and medical edu-
cation scenarios, the answer may correspond not
to an entire video but to a short temporal interval
in which a specific action, tool, or explanation is
shown. Medical visual answer localization there-
fore requires a system to identify the relevant start
and end timestamps for a natural-language medical
query.

The MedGenVidQA shared tasks formalize this
problem as medical video question answering with
temporal grounding. In visual answer localization,

Wilmington, USA
dogang@uncw. edu

a system is given a medical query and a video and
must return the temporal segment where the an-
swer is shown or explained (Gupta and Demner-
Fushman, 2022; Gupta et al., 2023, 2026). The
task is challenging because medical videos can be
long, contain multiple related procedural steps, and
include terminology that may be paraphrased or
only indirectly expressed in the transcript.

Our system is designed around three principles.
First, transcript segments should preserve their
original timestamp boundaries. Second, the LLM
should make a semantic localization decision but
should not invent timestamps. Third, candidate
answer spans should be biased toward concise in-
tervals because overly long predictions reduce tem-
poral Intersection-over-Union.

The main contributions of this paper are:

* a constrained LLM prompting strategy that
predicts only start and end segment identifiers

* a sliding-window search procedure for long
timestamped transcripts

* a deterministic timestamp extraction step that
converts selected segment ranges into valid
Task-C outputs

* a duration-penalized candidate scoring func-
tion that improves mloU in our sanity-check
evaluation

2 Background and Related Work

Medical video question answering extends tradi-
tional question answering by requiring systems to
reason over visual and temporal evidence. The
original MedVidQA shared task introduced medi-
cal video understanding tasks including visual an-
swer localization, where the goal is to identify
the start and end timestamps of the relevant an-
swer segment (Gupta and Demner-Fushman, 2022).
The MedVidQA dataset contains human-annotated
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medical instructional questions paired with visual
answer timestamps (Gupta et al., 2023). Later
work expanded the setting with additional medical
video resources and monomodal and multimodal
approaches for health-related question answering
from videos (Gupta et al., 2024).

The current MedGenVidQA Task C setting fo-
cuses on visual answer localization. Given a medi-
cal query and a video, the system must locate the
temporal region where the answer is shown or ex-
plained (Gupta et al., 2026).

Our method is transcript-centered rather than
fully multimodal. Instead of learning a video-text
model, we exploit timestamped transcript segments
as the grounding substrate. This makes the method
lightweight and submission-oriented: the LLM per-
forms semantic selection over transcript text, while
the system preserves temporal reliability through
deterministic post-processing.

3 Task Definition

We focus on Task C, Visual Answer Localization.
Given a medical question ¢ and a video v, the
system must predict a temporal interval [ps, pe]
indicating where the answer to ¢ is shown or ex-
plained. In our setting, each video is represented
by a timestamped transcript containing ordered seg-
ments S = {s1,..., sy}, where each segment s;
has text, a start time, and an end time.

The output for each test instance consists of an
identifier, an answer start time, and an answer end
time. The system is evaluated using temporal over-
lap between the predicted interval and the ground-
truth interval. Following the shared-task setup, we
report mean Intersection-over-Union (mloU) and
use the same interval-overlap formulation in our
internal sanity-check experiments.

4 System Overview

Our system decomposes temporal localization into
two steps: semantic segment selection and deter-
ministic timestamp extraction. The LLM is respon-
sible only for identifying which transcript segments
contain the answer. It is not asked to generate times-
tamps directly. Once a segment range is selected,
the predicted start time is taken from the first se-
lected segment and the predicted end time is taken
from the last selected segment.

This design reduces the output space of the LLM
from arbitrary temporal strings to two integer seg-
ment identifiers. It also makes the system easier to

debug: every predicted timestamp can be traced
back to the transcript segment that produced it.
For long transcripts, we apply the same segment-
selection prompt over overlapping windows and
then score all non-null candidate ranges before se-
lecting the final prediction.

S Experimental Setup

5.1 Data and inputs

We use timestamped video transcripts as the pri-
mary input representation. Each transcript is con-
verted into a list of numbered segments, where each
segment contains a segment identifier, start time,
end time, and transcript text. This format allows
the LLM to inspect both the semantic content and
the temporal boundaries of each candidate answer
span.

5.2 Model configuration

We use DeepSeek as the segment-range selector.
The model is prompted with the question and a
window of timestamped transcript segments, and
it is instructed to output only two fields: the start
segment identifier and the end segment identifier.
All outputs are parsed with a deterministic post-
processing script. Invalid or null outputs are dis-
carded unless no valid candidate is available.

5.3 Candidate selection

For transcripts that exceed the context budget, we
divide the segment list into overlapping windows.
Each window produces zero or one candidate an-
swer range. We then score candidates using lexi-
cal overlap between the question and the selected
paragraph, minus a penalty proportional to the pre-
dicted duration. This scoring function favors spans
that are both semantically relevant and temporally
concise.

5.4 Evaluation protocol

We first evaluated the pipeline on the first 20
examples from MedVidQA/test. json as a sanity
check. We compared a completeness-biased con-
figuration, which allowed expanded ranges, with
a shorter duration-penalized configuration. The
final Task-C submission was generated using the
tuned short-span configuration and formatted as
task_c_submission. json.
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6 Methodology

Our approach is a retrieval-and-selection temporal
grounding pipeline using DeepSeek as a segment-
range selector, coupled with deterministic times-
tamp extraction. The design goal is to let the model
decide where the answer is, but never let the model
invent timestamps.

6.1 Segment-based context representation

Given a transcription with segments S = {s;}, we
build a prompt context of the form:

[segment_id]
segment_text

(start_time - end_time)

This representation provides the model both tex-
tual content and precise segment boundaries while
keeping the output interface simple.

6.2 LLM as answer paragraph locator
(segment-range prediction)

For a question ¢, we prompt DeepSeek to output
only two fields:

START_SEGMENT_ID: <int or null>
END_SEGMENT_ID: <int or null>

The model is instructed to select a contiguous seg-
ment range that corresponds to the answer para-
graph. This design avoids brittle JSON generation
and mitigates long-form reasoning outputs.

6.3 Long transcript handling via
sliding-window search

For long transcripts, we apply a sliding window
strategy: we split segments into windows of size
W with overlap O, query the model per window,
and convert window-local selections to global seg-
ment ids. This approximates searching the whole
transcript while keeping each LLM call bounded.

6.4 Candidate scoring with duration penalty

When multiple windows yield non-null ranges, we
select the best candidate using:

Score = Overlap(q, paragraph) — A - Duration

ey
where Overlap(-) counts lexical overlap between
question tokens and the concatenated paragraph to-
kens, Duration = end_time — start_time, and
A is a tunable length penalty to discourage overly
long spans.

6.5 Deterministic timestamp extraction and
formatting

Once a segment range [a, b] is selected, timestamps
are computed deterministically:

pred_start = start_time(s,),

. 2
pred_end = end_time(sy)
For Task-C submission formatting, seconds are
converted to MM: SS; the start uses floor and the end
uses ceil to ensure coverage of the answer.

6.6 Output generation

For Task-C we output a submission file
task_c_submission.json with entries id, an-
swer_start, answer_end. For analysis, we retain an
intermediate file task_c_answer_paragraphs.json
including selected segment ranges, paragraph text,
and raw seconds.

7 Results

7.1 Evaluation Metric

We report temporal mean Intersection-over-Union
(mlIoU) over predicted and ground-truth answer
intervals:

[oU — |[Ps:Pe] N [gs,ge]\, )
|[Pss pe] U [gs, ge]|
1 N
mloU = v ; ToU; (3b)

Following the shared-task evaluation protocol, we
additionally report the proportion of predictions
achieving IoU above fixed thresholds (IoU@0.3,
IoU@0.5, IoU@0.7), which measure fine-grained
temporal localization accuracy.

7.2 Sanity-Check Results (First 20 Samples)

We first evaluated the pipeline on the first 20 exam-
ples from MedVidQA/test. json as a sanity check.
An initial completeness-biased configuration (with
expanded ranges) achieved mloU = 0.3217. After
introducing a duration penalty and disabling ex-
pansion (expand_before =0, expand_after =0),
performance improved substantially; one setting
achieved mloU = 0.4815 with length_penalty
= 0.06. A similar short+penalty regime yielded
mloU = 0.4689. These sanity checks confirmed
that penalizing overly long spans is beneficial for
temporal localization.
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7.3 Full Test Set Results (MedGenVidQA
Task C)

We ran the complete Task C test set (80 instances,
designated C1-C80) using the tuned short+penalty
configuration. Table 1 summarizes the final perfor-
mance.

Table 1: Performance on the full MedGenVidQA 2026
Task C test set.

Metric Value
mloU (%) 52.31
IoU@0.3 (%) 71.25
IoU@0.5 (%) 52.50
IoU@0.7 (%) 42.50

The mloU of 52.31% indicates that, on average,
the predicted temporal segment overlaps with the
ground truth by more than half of their union. The
high IoU@0.3 (71.25%) shows that the majority of
predictions have at least a modest overlap with the
correct interval, while the gradual drop at stricter
thresholds (IoU@0.5 and IoU@0.7) reflects the in-
herent difficulty of exact boundary alignment in
medical procedural videos. These results demon-
strate that constrained LLM-based segment selec-
tion, combined with deterministic timestamp ex-
traction, provides a practical and competitive base-
line for medical visual answer localization, even
without any training or fine-tuning of the underly-
ing model.

7.4 Qualitative Behavior

In typical success cases, the model selects a seg-
ment range corresponding to the procedural ex-
planation rather than surrounding narration. Even
when a tool name in the question is absent ver-
batim in the transcript, the model can still focus
on segments describing the corresponding instru-
ment or action. Failure cases often involve videos
with very long transcripts where the answer spans
across multiple sliding windows, or where ASR
errors introduce misleading or missing text. The
duration penalty effectively suppresses excessively
long predictions, but occasionally over-penalizes
correctly long answer spans, leading to underesti-
mated boundaries.

7.5 Task-C Output Generation

Using the tuned short+penalty configuration, we
ran the full Task-C set (C1-C80) and produced a
submission file task_c_submission. json in the

IoU@0.3 IoU@0.5 ToU@0.7 Mean IoU

1  LAMAR-2 93.75 90.00 77.50 79.55
2  NJUST-KMG 92.50 81.25 67.50 75.48
3 405621 60.00 55.00 47.50 50.78
4 TXT66 (Seahawk)  71.25 52.50 42.50 52.30
5 UNCC 62.50 36.25 22.50 42.57
6 ADAPT 10.00 10.00 8.75 8.62

Table 2: Task C validation results for submitted sys-
tems. Scores are shown at IoU thresholds 0.3, 0.5, and
0.7, together with mean IoU. Systems are ordered by
IoU@0.7.

required format. The results reported in Table 1 are
computed directly from that submission against the
held-out ground truth.

8 Conclusion

We presented a practical pipeline for LLM-assisted
temporal answer grounding in medical procedu-
ral videos using segment-aligned transcriptions.
Restricting the LLM to selecting segment ranges
rather than generating timestamps enables deter-
ministic and robust timestamp extraction. Sliding-
window prompting scales the approach to long
transcripts, and duration penalties significantly im-
prove mloU by discouraging overly long spans.
Future improvements include higher-quality ASR,
boundary refinement, and embedding-based candi-
date scoring for robustness to paraphrase.

9 Limitations

Despite the promising results, our approach has
several limitations. First, the system relies entirely
on timestamped transcripts derived from automatic
speech recognition (ASR); errors in transcription
or timing can directly degrade localization perfor-
mance. Second, the current method is text-only
and does not use visual information from the video
frames, which may be essential for recognizing
actions, instruments, or visual cues that are not
well described in the transcript. Third, the sliding-
window strategy approximates full-video reason-
ing but may miss answer spans that cross window
boundaries or fall into low-overlap regions. Fourth,
the duration penalty and other hyperparameters
(e.g., window size, overlap, \) were tuned on a
small sanity-check set; their generalizability to the
full test set is not guaranteed. Fifth, the segment-
range selection prompt assumes that the answer
corresponds to a contiguous block of transcript seg-
ments, which may not hold for videos where the
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answer is interleaved with irrelevant narration. Fi-
nally, invalid or null LLM outputs are still possible,
and we fill missing predictions with placeholders,
which limits the system’s robustness in produc-
tion settings. Future work should address these
issues by incorporating multimodal cues, refining
boundary detection, and developing more robust
prompting or fine-tuning strategies.
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Abstract

MedGenVidQA 2026 Task C evaluates visual
answer localization in medical videos. The
system receives a video and a question, then re-
turns the start and end time of the visual answer.
Our framework used timestamped automatic
speech recognition (ASR) as a proposal source
rather than as a final boundary label. The frame-
work generated transcript tables, phase maps,
lexical and dense candidate windows, schema-
constrained ranking inputs, selective key-frame
checks, and a deterministic validation pass for
the final JSON file. The ranker selected among
bounded candidate intervals instead of generat-
ing arbitrary timestamps over a full transcript.
Each output can be traced to segment identi-
fiers, candidate source families, selected an-
chors, phase labels, and validation flags. Our
best run ranked fifth among six participant sys-
tems, with 62.50 IoU@0.3, 36.25 IoU@0.5,
22.50 IoU@0.7, and 42.57 mloU. The thresh-
old pattern suggests that coarse temporal re-
trieval was more reliable than strict start-end
localization.

1 Introduction

MedGenVidQA 2026 includes retrieval, answer
generation, and visual answer localization tasks for
medical video question answering (Gupta et al.,
2026, 2023, 2024, 2025). This paper describes
the UNCC submission for Task C. Given a video-
question pair, the system predicts one interval
[ts,te] that contains visual evidence for the an-
swer. The official evaluation reports mean Inter-
section over Union (mloU) and thresholded over-
lap at IoU@0.3, IoU@0.5, and IoU@0.7 (Gupta
et al., 2026; Gupta and Demner-Fushman, 2022).
IoU@0.3 gives credit for reaching the correct
temporal neighborhood. IoU@0.7 requires much
tighter start and end boundaries.

Task C requires temporal grounding beyond
transcript-level lexical matching. ASR alignment
and visual evidence do not always refer to the same

Wlodek Zadrozny
Department of Computer Science,
University of North Carolina Charlotte,
Charlotte, NC, USA

temporal boundary. A transcript row may contain
a relevant answer term while the corresponding
visual action occurs earlier or later in the video.
Spoken instruction can introduce a step before it
is performed, continue after the action is com-
pleted, or reuse similar wording across adjacent
demonstrations. The UNCC framework used ASR
timestamps as proposal cues rather than fixed tem-
poral boundaries. It expanded transcript matches
into candidate intervals and checked the candidates
with phase labels, local transcript context, duration
guards, candidate-source agreement, and selective
key-frame checks.

The framework preserves intermediate artifacts
to support traceable timestamp selection. It stores
transcript tables, phase-map rows, candidate rows,
selected anchors, ranker outputs, validation records,
and the final submission JSON. Model calls receive
a bounded candidate list with local evidence snip-
pets. They do not search the entire transcript for an
unconstrained timestamp pair. This design allows
prediction errors to be mapped to ASR segmenta-
tion, proposal recall, candidate ranking, boundary
adjustment, or JSON export.

The submitted system did not rely on task-
specific fine-tuning or a learned dense video en-
coder. This design kept the shared-task run simple
and auditable, but it also limited boundary preci-
sion. Transcript and phase evidence can organize
the temporal search space for coarse overlap. The
system remains weaker when the answer depends
on a small visual indicator that is not tightly syn-
chronized with the spoken content.

2 Related Work

Medical video question answering is part of mul-
timodal medical question answering, where sys-
tems answer medical questions from textual and
visual evidence sources (Demirhan and Zadrozny,
2023). The video setting includes both video-level
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answer prediction and temporally grounded evi-
dence selection. MedVidQA introduced medical
instructional video question-answer pairs with an-
notated visual answer spans (Gupta et al., 2023).
HealthVidQA expanded the scale through automati-
cally generated health-related QA examples (Gupta
et al., 2024). Earlier MedVidQA shared-task sys-
tems showed that transcript-based methods can be
effective when narration matches the visual step,
but exact span placement remains difficult (Gupta
and Demner-Fushman, 2022; Kusa et al., 2022).

Temporal grounding methods match a language
query to a moment in a video. Early work scored
candidate segments against a query (Anne Hen-
dricks et al., 2017; Gao et al., 2017; Wang et al.,
2019). Later models improved cross-modal inter-
action, proposal construction, and start-end predic-
tion (Mun et al., 2020; Zhang et al., 2020b,a; Lei
etal., 2021). Long-video grounding adds coarse-to-
fine search and query-conditioned representations
so that a model need not score every frame at full
resolution (Hou et al., 2023; Moon et al., 2023).

Long-form video QA and video-language
models provide stronger multimodal alternatives
(Zhong et al., 2022; Nguyen et al., 2024). Re-
cent systems add explicit temporal information to
video LLMs or combine multimodal evidence for
grounding (Ren et al., 2024; Guo et al., 2025; Li
et al., 2025; Pramanick et al., 2025; Xiao et al.,
2025). The UNCC system did not train such a
model. It kept the models fixed and placed struc-
ture around preprocessing, proposal construction,
constrained ranking, and validation. Classical re-
trieval and sentence embeddings remained useful
because they can score timestamped transcript units
directly (Robertson and Zaragoza, 2009; Reimers
and Gurevych, 2019).

3 Task and Data

Task C requires one interval prediction for each
video-question pair (Gupta et al., 2026). A submis-
sion contains start and end timestamps. The hidden
gold span is used for overlap scoring. A prediction
can identify the correct procedure step and still lose
strict-overlap score if it includes setup narration, a
repeated demonstration, or a post-action explana-
tion.

The task builds on prior medical video QA
resources. MedVidQA contains 3,010 human-
annotated questions paired with visual answer
spans from 899 health-related instructional videos
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Figure 1. Task C inference pipeline. Timestamped transcript
rows and phase blocks define candidate intervals; the ranker
chooses from that bounded set, and the final layer validates
the JSON interval before submission.

(Gupta et al., 2023). HealthVidQA contains
roughly 76K automatically generated question-
answer-span examples from about 16K health-
related videos (Gupta et al., 2024). Test examples
and submissions are handled through CodaBench
(Gupta et al., 2026; CodaBench, 2026).

Two data properties shaped the implementation.
First, the target duration varies by question type. A
“how” question may require a full procedure step,
while a “where” or anatomy question may need a
short visual interval. Second, multiple questions
can refer to the same video. The system must sep-
arate adjacent steps without losing the procedure
order shared across those questions.

4 System Description

4.1 Transcript and phase-map construction

The first stage constructs a reusable transcript rep-
resentation for each video. The framework down-
loads the video, extracts the audio track, and ap-
plies GPT-40 Transcribe Diarize to produce times-
tamped automatic speech recognition (ASR) seg-
ments. It stores the resulting transcript in JSON,
plain-text, and subtitle-style formats. Each tran-
script row contains the video identifier, segment
identifier, start time, end time, and recognized text.
Questions associated with the same video share this
transcript table.

The framework derives overlapping transcript
windows from adjacent ASR rows. This representa-
tion reduces sensitivity to individual ASR segment
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boundaries and provides retrieval units that contain
enough local context for a procedural step while
remaining temporally grounded. The framework
also constructs a coarse phase map for each video
by grouping transcript content into procedure-level
blocks. The phase map is cached at the video level
and reused as contextual evidence and as a source
of candidate intervals.

This intermediate representation constrains tem-
poral prediction to explicit evidence units. Each
candidate interval links to transcript rows, phase
rows, or both. The ranker receives local snippets
and candidate identifiers instead of the full tran-
script. This design does not provide frame-level
boundary estimation, but it makes each timestamp
traceable during error analysis.

4.2 Candidate interval generation

Candidate generation was designed for recall. The
system scores transcript windows with lexical
matching and dense sentence representations. Lex-
ical scores preserve rare anatomy terms, device
names, and procedure verbs. High-scoring win-
dows are expanded locally, snapped to nearby seg-
ment boundaries, and merged when they overlap.

The precision branch adds additional candidate
families. Segment-neighborhood candidates center
a span around top-ranked transcript rows. Phase
candidates cover a complete procedure block when
the question appears broad. Question typing sup-
plies duration priors, so a short visual question and
a full-step question do not inherit the same pre-
ferred length.

The candidate list is redundant by design. The
goal is to keep the gold neighborhood available for
the ranker. Each candidate stores start time, end
time, support text, retrieval scores, phase labels,
source family, and local context. The ranker com-
pares these alternatives; it does not search the video
from scratch.

4.3 Constrained ranking and boundary
refinement

The ranking stage uses GPT-5.4 with a fixed JSON
schema. For each question, the prompt contains
the question, video duration, a bounded candidate
table, transcript excerpts around candidate bound-
aries, and optional same-video context. The re-
sponse must identify one candidate and may adjust
boundaries only when the adjustment is tied to lo-
cal evidence.

Same-video context is used when multiple ques-
tions share a video. The prompt includes neigh-
boring question summaries and candidate regions.
This helps when repeated demonstrations or adja-
cent steps contain similar words and would other-
wise receive nearly identical intervals.

The frame path is selective. The framework
samples key frames near the selected interval for
anatomy, viewpoint, incision-site, and instrument-
placement questions. These frames are used as a
boundary check after transcript retrieval narrows
the search space. The branch is not a dense video
encoder, and the paper does not claim frame-level
temporal grounding as the primary signal.

The final layer is deterministic. It rounds times-
tamps, clips them to video length, checks order-
ing, enforces nonempty intervals, removes dupli-
cate identifiers, and writes the required JSON. If a
model call fails or returns invalid JSON, the frame-
work falls back to the best scored candidate rather
than leaving the example empty.

S Implementation Details

The implementation uses one tabular representa-
tion after transcript extraction. Video rows, ques-
tion rows, transcript rows, phase rows, candidate
rows, and prediction rows are joined through video
and question identifiers. Timestamp bookkeeping
stays outside the language model, and one tran-
script table can serve all questions from the same
video.

Intermediate artifacts are cached after each video
group. The cache stores video metadata, transcripts,
phase maps, candidate tables, question-level re-
ports, and predictions. The cache makes long runs
resumable. It also supports post-run debugging,
since a wrong timestamp can be traced to ASR cov-
erage, proposal recall, candidate selection, bound-
ary adjustment, or final packaging.

Model outputs use JSON schemas whenever a
model must select or refine an interval. The parser
attempts repair when the output is close to valid
JSON, but repaired outputs still pass through de-
terministic validation. These checks do not add
semantic evidence. They prevent avoidable submis-
sion errors and keep the same validation behavior
across all examples.

6 Evidence Traceability Analysis

Evidence traceability helped explain why a pre-
dicted interval was selected. For each question,
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the framework stores the selected candidate source,
transcript anchors, phase label, retrieval mode, pre-
dicted duration, confidence score, final timestamps,
and frame-verification status. These fields connect
the final answer span to the transcript and phase
evidence used by the ranker.

Candidate accountability provided the clearest
traceability signal. Each interval given to the ranker
has an identifier, a source family, a support ex-
cerpt, and timestamps copied from transcript or
phase evidence. This made the outputs easier to
inspect. Earlier direct timestamp generation some-
times produced plausible times that were not tied to
transcript rows. Candidate-constrained ranking re-
duced this problem by forcing the model to choose
from explicit intervals.

The framework also checked transcript quality
before ranking. The audit flagged videos with too
few segments, low transcript coverage, unusually
long segments, large time gaps, repeated text, or
timestamps that were not in chronological order.
These checks were useful because weak transcript
evidence can lead to weak candidate intervals. If
the transcript skips part of the video or contains
long gaps without speech, the ranker has less evi-
dence for exact boundary placement.

Source agreement was another useful traceability
signal. Candidate sets came from lexical windows,
dense-retrieval windows, segment-neighborhood
spans, and phase-based spans. If multiple candidate
sources pointed to the same temporal region, the se-
lected interval had stronger support. If the sources
disagreed, the prediction was more likely to drift
toward nearby narration or a broader procedure
block. Future systems can use this disagreement as
a signal to apply stronger visual verification near
the candidate boundaries.

7 Experimental Setup

The official run processed the Task C test set using
the submitted inference pipeline. Videos sharing
the same URL reused the same transcript table,
phase map, and candidate-generation outputs. The
final submission used the augmented branch de-
scribed in Section 4.

Transcript extraction used GPT-40 Transcribe
Diarize. Candidate ranking and boundary refine-
ment used GPT-5.4. No supervised fine-tuning was
performed. Duration behavior came from question-
type heuristics, candidate construction, prompting,
and deterministic guards.

Rank Team Run 0.3 0.5 0.7 mloU
Baseline
TimeLens-7B78.75 63.75 48.75 61.09

Participant systems

— Baseline

1 LAMAR-2 Best 93.75 90.00 77.50 79.55
2  NJUST-KMG Best 92.50 81.25 67.50 75.48
3 405621 Best 60.00 55.00 47.50 50.78
4  TXT66 Best 71.25 52.50 42.50 52.30
5 UNCC Best 62.50 36.25 22.50 42.57
6  ADAPT Best 10.00 10.00 8.75 8.62

Table 1. Organizer-reported Task C VAL results. The numeric
columns are IoU thresholds 0.3, 0.5, and 0.7, followed by
mloU. Ranking follows best-run loU@0.7, the primary met-
ric in the shared-task overview and CodaBench leaderboard
(Gupta et al., 2026; CodaBench, 2026).

The ranking prompt used a fixed structure: ques-
tion text, video duration, candidate identifiers, start
and end times, support excerpts, phase labels,
source-family metadata, and local neighboring tran-
script rows. The expected response was a JSON
object with the selected candidate, optional bound-
ary adjustment, confidence, and short rationale. In-
valid, missing, or out-of-range fields were repaired
only when they could be mapped back to stored
evidence; otherwise the framework used the top
scored candidate.

Run logs were retained for qualitative analysis.
For each question, the report stores the selected
candidate, transcript anchors, phase context, final
interval, validation status, and whether frame verifi-
cation was invoked. These logs were not submitted
to the official scorer, but they were used to analyze
boundary failures after the run.

8 Results

The official Task C VAL ranking uses loU@0.7 as
its primary metric (Gupta et al., 2026). Our UNCC
run ranked fifth among six participant systems. It
scored 62.50 at IoU@0.3, 36.25 at IoU@0.5, 22.50
at [oU@0.7, and 42.57 mloU. The top-ranked sys-
tem, LAMAR-2, scored 77.50 at IoU@0.7.

Table 1 suggests that boundary refinement was
a larger weakness than initial evidence retrieval.
In the reviewed failures, lexical windows, dense-
retrieval windows, and phase spans could point to
a similar procedural region, while the final interval
still included neighboring actions or explanatory
narration. This pattern appeared when a transcript
window covered more than one procedural step or
when adjacent spans reused similar terminology.

The candidate-constrained design improved
traceability during post-run inspection. Each
prediction could be linked to transcript rows,
phase labels, candidate families, and validation
records. This made it possible to separate proposal-
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generation errors from ranking errors. Some fail-
ures occurred because none of the generated candi-
dates tightly covered the reference interval. Other
failures occurred even when a reasonable candidate
existed, indicating that the ranking stage preferred
broader spans with stronger transcript overlap.
The submitted framework also exposed limita-
tions of transcript-centered localization. Broad pro-
cedural questions can be supported by multiple
neighboring transcript windows, while short visual
questions may depend on evidence that is weakly
represented in narration. Sparse key-frame checks
could reject some incorrect regions, but they did
not provide consistent boundary refinement. These
cases suggest that future versions should combine
transcript-grounded retrieval with stronger local
visual verification around candidate boundaries.

9 Error Analysis

Post-run inspection showed that errors came from
different stages of the framework. Transcript gran-
ularity was the first source. Some ASR rows cov-
ered more than one procedural action. When these
rows became strong evidence units, the candidate
generator produced intervals that were too wide.
The ranker then had limited support for selecting a
tighter span.

The reviewed boundary errors followed a small
set of patterns. Some intervals started too early be-
cause setup narration was included with the target
action. Others ended too late because follow-up
explanation remained in the selected span. Long
ASR segments produced coarse anchors. Nearby
questions sometimes caused adjacent procedural
steps to merge. These errors reflected imprecise
temporal boundaries rather than a completely unre-
lated medical topic.

Transcript quality also affected candidate re-
trieval. Medical terms, anatomy names, abbrevia-
tions, and device labels were not always transcribed
consistently. This reduced lexical matching before
the ranking step. Dense retrieval helped in some
cases because it could recover related transcript
windows without exact word overlap.

Question type changed the difficulty of tem-
poral localization. Broad procedure questions
could support longer intervals. Short visual ques-
tions required tighter evidence. Transcript retrieval
could identify a likely region, but sparse key-frame
checks did not always refine the exact boundary.

Boundary calibration remained difficult under

candidate-constrained ranking. Earlier uncon-
strained prompting sometimes produced times-
tamps that were not tied to transcript evidence. Can-
didate constraints reduced this issue by forcing the
model to choose from explicit intervals. Selected
spans could still be too long when the spoken ex-
planation extended beyond the visible action.

Key-frame checks are selective and boundary-
local rather than dense visual modeling. This de-
sign made the run easier to inspect, but it limited
frame-level precision. Future versions should add
stronger local visual verification around candidate
boundaries while keeping the constrained candi-
date structure.

10 Discussion

The final system makes a useful but limited trade-
off. It favors bounded, auditable timestamp selec-
tion over an end-to-end video grounding model. A
timestamp pair by itself is hard to debug. A times-
tamp pair with candidate identifiers, transcript ex-
cerpts, phase labels, source-family metadata, and
validation flags gives enough context to inspect the
decision. In medical videos, that context matters
because the answer may be described before the
visual step is fully visible.

Some development choices were kept out of the
final branch. Full-transcript prompting was one of
them. It led the model toward broad regions around
the answer phrase instead of local evidence win-
dows. Windowed retrieval gave the ranker shorter
evidence and separated same-video questions more
cleanly. Direct timestamp generation was also re-
moved because the output could look reasonable
while having no transcript anchor.

Phase maps helped when used as context and
as one proposal family. A phase block can repre-
sent a meaningful procedural step, but many gold
spans are shorter than a phase. Copying full phase
boundaries into the prediction produced long in-
tervals. The final branch pairs phase candidates
with segment-neighborhood candidates and dura-
tion guards so that the ranker can choose a shorter
local span when needed.

The frame check was deliberately narrow. A
few frames around the selected interval can catch
obvious mismatches, such as an anatomy question
whose proposed span shows only a talking head or
setup. It cannot replace dense visual grounding. A
future version could add visual embeddings as an-
other proposal signal before the LLM ranker. The
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transcript branch would identify a manageable tem-
poral region, visual similarity could rescore short
windows inside that region, and the ranker could
compare candidates with both transcript and visual
evidence. Another option is boundary-local mul-
timodal refinement: after a candidate is selected,
sample densely near the proposed start and end,
then score small shifts with a video model trained
for temporal grounding. This would address the
text-reliance concern without discarding the au-
ditable candidate structure.

No ablation experiments were added after the
official run. The paper reports diagnostics rather
than claiming that one component is empirically
optimal. Useful statistics for future versions in-
clude proposal recall, fallback rate, selected source-
family distribution, predicted-duration distribution,
and the effect of boundary refinement. The current
report format already records some of these fields.
They would separate a proposal-generation failure
from a ranker failure and would make comparisons
against multimodal baselines more informative.

The next version should keep the parts that made
the run inspectable and add denser visual evidence
where the scores show a gap. A first stage can
maximize recall with transcript, phase, and frame
evidence. A second stage can rank candidates with
source-agreement features and local evidence. A
third stage can run boundary-specific visual checks
near the selected start and end. A final stage can
export both the interval and the audit record.

11 Conclusion

The UNCC Task C system frames visual answer
localization as constrained temporal interval se-
lection. The framework extracts timestamped
transcripts, builds phase maps, generates redun-
dant candidate spans, ranks candidates through
a schema-controlled model call, applies selective
key-frame boundary checks, and validates the fi-
nal JSON output. The official run achieved 42.57
mloU and ranked fifth among participant systems.
The error profile matches the system design. Tran-
script and phase evidence support coarse tempo-
ral grounding, while strict localization needs finer
temporal evidence, denser boundary checks, and
learned duration calibration.

12 Limitations

The system runs at inference time only. It does not
learn temporal calibration from released supervi-

sion. Duration behavior comes from question-type
heuristics, candidate construction, prompting, and
deterministic guards. These priors prevent some
obvious failures, but they have not been validated
as learned parameters.

The method depends on transcript quality. ASR
errors, coarse segments, and narration that is offset
from visible action can move candidate spans away
from the true visual answer. The frame branch
handles only selected question types and samples
sparsely, so it cannot recover every boundary error
caused by text-video misalignment.

The evaluation uses a single official test run. We
do not report ablations over ASR choice, phase-
map construction, candidate families, or boundary
refinement. The diagnostics identify likely causes
of errors, but they do not quantify the contribu-
tion of each component. Reproducibility is also
limited by proprietary model calls for transcrip-
tion, ranking, and refinement, although the paper
specifies the inputs, output schema, stored artifacts,
validation behavior, and fallback logic used by the
framework.

Finally, the output format requires one interval
per question. Some instructional videos show the
same answer in repeated demonstrations or mul-
tiple camera views. The system must choose one
span even when more than one interval contains
valid evidence.
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