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Abstract

Chain-of-thought (CoT) distillation is a com-
mon strategy for transferring reasoning abilities
from large teacher models to smaller student
models, but in medical question answering, a
student may produce plausible rationales while
locally drifting toward teacher-disapproved rea-
soning paths. Thus, final-answer supervision
and uniform rationale imitation fail to iden-
tify where reasoning fails. We study this
problem as local reasoning preference col-
lapse in structured medical CoT distillation and
propose Answer-Calibrated Collapse-Aware
Preference Distillation (ACPD). ACPD ex-
poses the student’s local continuation pref-
erences via teacher-guided verbalized candi-
dates and measures domain-level collapse with
a Local Collapse Margin (LCM). It selec-
tively repairs collapse-prone domains by con-
trasting the student’s most preferred teacher-
approved and teacher-disapproved continua-
tions. To ensure local repair improves deci-
sions rather than rationale form, ACPD intro-
duces answer calibration that calibrates the
full structured reasoning prefix against the
correct final choice. Experiments on med-
ical multiple-choice benchmarks show that
ACPD improves answer accuracy and collapse-
sensitive repair metrics over strong distillation
baselines while maintaining competitive out-
of-distribution generalization. Results show
that medical CoT distillation must diagnose
and repair local preferences misaligned with
teacher-approved reasoning, not merely trans-
fer rationales. Code will be released at https:
//github.com/ssh-adventureri123/ACPD.

1 Introduction

Medical chain-of-thought (CoT) distillation aims
to transfer clinically meaningful reasoning traces
from strong teacher models to smaller students,
enabling compact models to produce both accu-
rate answers and reliable intermediate reasoning
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Figure 1: Motivating illustration of local reasoning pref-
erence collapse. A student may preserve the structured
CoT format while locally preferring a misleading con-
tinuation over a teacher-approved one in a target domain
such as Differential Exclusion.

(Wei et al., 2022; Kojima et al., 2022; Wang et al.,
2023b; Ho et al., 2023; Hsieh et al., 2023). This
setting is increasingly important as medical QA
evaluation expands from exam-style benchmarks
such as MedMCQA, MedQA, and HEAD-QA
to physician-oriented evaluations of clinical rea-
soning (Pal et al., 2022; Jin et al., 2021; Vilares
and Goémez-Rodriguez, 2019; Singhal et al., 2023,
2025). However, recent studies show that high
answer-level performance can still mask brittle or
clinically misaligned decision processes (Turpin
et al., 2023; Lanham et al., 2023; He et al., 2023;
Liu et al., 2024; Zhang et al., 2025c¢). As illustrated
in Figure 1, this motivates a repair-oriented ques-
tion: when a student produces structured medical
reasoning, can we identify where its local reason-
ing preference departs from the teacher?

Existing CoT distillation methods improve small-
model reasoning by imitating teacher rationales,
strengthening rationale-answer coupling, or decom-
posing long traces into more manageable supervi-
sion units (Magister et al., 2023; Li et al., 2023;
Wang et al., 2023a; Chen et al., 2024; Wadhwa
et al., 2024; Chen et al., 2025b,a; Shen et al., 2025).
Yet these methods usually treat the rationale as a
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uniformly useful training target. In medical rea-
soning, failures are often localized: a student may
correctly identify symptoms but fail to exclude a
distractor diagnosis, or follow the right patholog-
ical concept but collapse when comparing simi-
lar options. Uniform imitation can therefore allo-
cate supervision to already stable reasoning regions
while under-addressing the specific domain where
the student’s local preference diverges from the
teacher.

We formalize this failure as teacher-relative local
reasoning preference collapse. Instead of relying
on model self-verification, which can be unreli-
able on reasoning tasks (Stechly et al., 2025), we
use an external teacher-guided signal to diagnose
local misalignment inside structured medical rea-
soning. For each reasoning domain, we construct
teacher-approved and teacher-disapproved candi-
date continuations and define a Local Collapse Mar-
gin (LCM), measuring whether the student assigns
more probability mass to teacher-approved con-
tinuations than to teacher-disapproved alternatives.
This connects to process-supervision and verifier-
based reasoning methods (Lightman et al., 2024;
Lu et al., 2024; Wang et al., 2024; Setlur et al.,
2025; Zhang et al., 2025b; Jiang et al., 2025), but
differs in granularity: LCM localizes collapse in-
side semantically meaningful medical reasoning
domains rather than scoring an unstructured se-
quence of steps.

We propose Answer-Calibrated Collapse-
Aware Preference Distillation (ACPD), which
converts LCM diagnosis into targeted repair pres-
sure. ACPD retains domain-wise CoT scaffold
learning, applies LCM-guided preference repair
to collapse-prone domains, and uses answer cali-
bration to align repaired reasoning with the final
medical choice. Experiments on MedMCQA show
that ACPD improves overall accuracy and yields
stronger collapse-sensitive repair behavior com-
pared with strong CoT distillation baselines. Fur-
ther slice-level and qualitative analyses suggest that
ACPD particularly benefits collapse-sensitive ex-
amples, including failures around differential ex-
clusion.

Our contributions are:

* We identify teacher-relative local reasoning
preference collapse as a failure mode in struc-
tured medical CoT distillation.

* We introduce Local Collapse Margin, a domain-
level diagnostic comparing student preference

over teacher-approved and teacher-disapproved
continuations.

* We propose ACPD, an answer-calibrated
preference-distillation framework that targets
LCM-diagnosed collapse-prone domains.

* We evaluate ACPD with answer accuracy,
collapse-sensitive slices, repair rates, and qual-
itative cases, showing that localized prefer-
ence repair improves both final prediction and
reasoning-path recovery.

2 Related Work

Our work is most closely related to three lines
of research: CoT distillation for small language
models, process-level and preference-based reason-
ing supervision, and medical reasoning evaluation.
We organize prior work by technical role rather
than chronology, focusing on how ACPD differs
from methods that transfer rationales, supervise
reasoning processes, or evaluate medical QA per-
formance.

2.1 Chain-of-Thought Distillation

CoT distillation transfers teacher-generated reason-
ing traces to smaller models, building on the obser-
vation that explicit rationales can improve multi-
step reasoning (Wei et al., 2022; Kojima et al.,
2022; Wang et al., 2023b). Early work showed
that teacher rationales can provide effective su-
pervision for compact students, especially when
reasoning traces are aligned with target answers
(Ho et al., 2023; Hsieh et al., 2023; Magister et al.,
2023; Shridhar et al., 2023; Li et al., 2025). Subse-
quent methods improve reasoning transfer through
symbolic rationale distillation, self-consistent dis-
tillation, stronger rationale-answer coupling, step-
wise attention transfer, chunk-wise reasoning com-
pression, and latent CoT representations (Li et al.,
2023; Wang et al., 2023a; Chen et al., 2024; Wad-
hwa et al., 2024; Chen et al., 2025b,a; Shen et al.,
2025). These methods refine how rationales are
represented or transferred, but they generally do
not diagnose which local reasoning domain is frag-
ile for a given student. In contrast, ACPD identi-
fies teacher-relative local preference collapse with
LCM and applies targeted repair pressure to LCM-
diagnosed collapse-prone domains.

2.2 Process Supervision and Preference-Based
Reasoning

Recent work has moved beyond final-answer su-
pervision by using intermediate reasoning signals
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to train verifiers, process reward models, or search-
guided reasoning systems (Lightman et al., 2024;
Wang et al., 2024; Lu et al., 2024; Zhang et al.,
2024; Setlur et al., 2025; Zhang et al., 2025b). Re-
lated studies further explore process-supervised
pretraining, error-aware reward modeling, self-
verification limitations, and medical process re-
ward models (Jiang et al., 2025; Pala et al., 2025;
Stechly et al., 2025; Yun et al., 2025). In paral-
lel, preference optimization methods show that
pairwise preference signals can align language
models without explicit scalar reward modeling
(Rafailov et al., 2023; Gheshlaghi Azar et al., 2024).
These approaches establish the value of interme-
diate and preference-based supervision, but they
typically operate over generic steps, full trajecto-
ries, or broad preference pairs. ACPD shares the
teacher-constructed pairwise preference supervi-
sion of teacher-generated preference distillation,
but uses student-specific LCM diagnosis to de-
termine where repair is applied: only collapsed
or fragile reasoning domains receive additional
domain-level preference supervision.

2.3 Medical Reasoning and Evaluation

Clinical-reasoning research has proposed multi-
ple theories and models, each accounting for only
part of this complex process (Yazdani and Ho-
seini Abardeh, 2019). Medical LLM research has
developed strong clinical QA systems and increas-
ingly realistic evaluation protocols (Singhal et al.,
2023, 2025; He et al., 2023; Liu et al., 2024; Zhang
et al., 2025¢). Recent work also improves clinical
diagnostic reasoning with Toulmin-structured ar-
gumentation and curriculum training (Zhan et al.,
2026). Other work improves medical language
models through test-time adaptation, clinical align-
ment, knowledge aggregation, few-shot reasoning,
or synthetic medical reasoning data (Shi et al.,
2024; Liao et al., 2024; Nachane et al., 2024; Sun
et al., 2025). These studies highlight the impor-
tance of medical reasoning quality, but most eval-
uation remains answer-centric or relies on global
explanation assessment. Our work studies medi-
cal CoT distillation through a repair lens: using
structured reasoning domains, we measure whether
a student locally prefers teacher-approved contin-
uations over teacher-disapproved alternatives and
then train the model to repair those localized fail-
ures.

3 Method

3.1 Overview

We propose Answer-Calibrated Collapse-Aware
Preference Distillation (ACPD), a framework for
diagnosing and repairing local reasoning prefer-
ence collapse in structured medical CoT distillation.
Given a medical multiple-choice question x, the
teacher provides a structured rationale with four
domains: Symptom Mapping, Pathological Rea-
soning, Differential Exclusion, and Final Verdict;
the student is trained to generate both the struc-
tured rationale and the final answer. As shown in
Figure 2, ACPD first exposes the student’s local
continuation preferences under teacher-completed
domain prefixes, then uses teacher scores to com-
pute a Local Collapse Margin (LCM) and identify
domains where the student’s preference shifts to-
ward teacher-disapproved continuations.

After diagnosis, ACPD applies collapse-aware
domain preference repair to increase the likelihood
of teacher-approved continuations over teacher-
disapproved ones, while answer calibration keeps
the repaired reasoning trajectory aligned with the
final medical choice. The following subsections
describe the framework in order: Section 3.2 intro-
duces teacher-guided candidate construction, Sec-
tion 3.3 defines LCM-based collapse diagnosis,
Section 3.4 presents domain-level preference repair,
and Section 3.5 gives the final answer-calibrated
training objective.

3.2 Teacher-Guided Verbalized Candidate
Construction

We use teacher-guided verbalized candidate con-
struction to expose the student’s local continuation
preference inside each structured reasoning domain.
This procedure is inspired by verbalized sampling,
which prompts a model to explicitly verbalize mul-
tiple candidate responses and their associated prob-
abilities (Zhang et al., 2025a). Unlike its original
use for improving open-ended generation diversity,
we use verbalized candidates as a local preference
probe under teacher-completed medical reasoning
prefixes.

For a target domain d, let ¢, denote the preceding
reasoning context, consisting of the question, an-
swer options, and the teacher-completed domains
before d. We prompt the student to generate K
alternative continuations for domain d:

Ca = {(Sap Par) iy, (1)
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Figure 2: Overview of Answer-Calibrated Collapse-Aware Preference Distillation (ACPD). ACPD first uses teacher-
guided verbalized candidate construction to expose the student’s local continuation preferences, then diagnoses
collapse-prone domains with Local Collapse Margin (LCM), and finally applies collapse-aware domain preference

repair with answer calibration.

where s4 , is a verbalized candidate continuation
and pg i, is the student’s self-assigned probability
for that continuation. We normalize the probabili-
ties within each domain so that ), pgqr = 1.

This construction is used as a local preference
probe rather than as a calibrated uncertainty estima-
tor. The probabilities are interpreted only as rela-
tive preference masses over the generated candidate
continuations. In our implementation, we profile
three target domains: Pathological Reasoning, Dif-
ferential Exclusion, and Final Verdict. Symptom
Mapping is used as part of the structured reasoning
scaffold and as an upstream prefix, but it is not
directly profiled for collapse.

3.3 Local Collapse Margin Diagnosis

We diagnose local collapse by comparing the stu-
dent’s probability mass on teacher-approved and
teacher-disapproved continuations. Each candidate
54,k 1s evaluated by the teacher under the same pre-
fix cq using mean token log-likelihood. We then
partition the candidate set into teacher-approved
continuations Sgos and teacher-disapproved contin-
uations Sl‘feg according to the teacher score thresh-
old.

Given the normalized candidate probabilities, we
define the positive and negative preference masses

as:
Pf= > pan
Sd,kesgos
)
Pr= ) pak
dekESf,leg

The Local Collapse Margin for domain d is then:

LCM, = P/ — P;. 3)

A domain is considered collapsed when
LCMy < 0, meaning that the student assigns at
least as much local preference mass to teacher-
disapproved continuations as to teacher-approved
ones. We also treat domains with 0 < LCM, < ¢
as fragile, where € is a small margin threshold. The
first collapsed domain along the structured reason-
ing order is used as the estimated collapse location.
LCM is teacher-relative: it does not claim abso-
lute medical correctness, but measures whether the
student’s local continuation preference agrees with
the teacher’s candidate ranking.

3.4 Collapse-Aware Preference Repair

We convert LCM diagnosis into targeted domain-
level preference repair. For each collapse-prone
profiled domain, ACPD constructs a representa-
tive preference pair from the teacher-approved and
teacher-disapproved candidate sets. Specifically,
we select the student-preferred representative in
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each set:

+ _
S, =arg max pg,

Sd,kES o8

“)
Sd =arg max pqk-
Sa kESneg

Thus, sj is the teacher-approved continuation that
the student already finds most plausible, while s
is the teacher-disapproved continuation that most
attracts the student. Both continuations are con-
ditioned on the same prefix cq4, so the objective
directly contrasts two alternative local reasoning
paths for the same medical context.

For a continuation s = (sq,... ,s‘s‘), we
score it using length-normalized continuation log-
likelihood:

|s]
Z og Py(s¢ | ¢,s<¢).  (5)
—1

lo(s | c) =

For each preference pair, we define the local pref-
erence gap as:

s7) =ALo(s" | ca) — Lo(s

The domain-level repair loss is:

> wi [— log o <Ag) — mdom)}
Do Wi ’

where w; is the LCM-dependent repair weight
and mgqoy, 1s a preference margin. Domains with
LCM,; < 0 receive stronger repair weight than
fragile domains with 0 < LCM, < ¢, while stable
domains are not assigned domain preference pairs.

Unlike uniform rationale imitation, this repair
loss does not apply equal pressure to every part of
the reasoning trace. Stable domains remain primar-
ily supervised by domain-wise scaffold imitation,
while collapsed or fragile domains receive explicit
preference pressure. This directly targets the local
preference reversal measured by LCM, rather than
treating all rationale segments as equally informa-
tive.

Ag(cq, sT, “ | ca). (6)

)

'Cdom =

3.5 Answer-Calibrated Training Objective

ACPD combines domain-wise CoT scaffold learn-
ing, domain-level preference repair, and answer cal-
ibration. The scaffold loss L is implemented as
domain-wise CWT: each training view supervises
one target domain or the final answer while mask-
ing non-target rationale segments. The domain
repair loss L4om repairs local preference reversals

in collapse-prone domains. The answer calibration
loss further encourages the repaired structured rea-
soning prefix to remain consistent with the final
medical choice.

For a collapse-prone example, we construct
answer-level preference pairs under the full struc-
tured rationale prefix c,ng, Which contains the rea-
soning domains before the answer field. The posi-
tive continuation a™ corresponds to the reference
answer, using the dataset gold answer when avail-
able and the teacher answer otherwise. A negative
continuation ¢~ corresponds to an incorrect option.
The objective supports multiple incorrect options;
in our main implementation, we use a single wrong
option for efficiency and stability. We use the same
length-normalized scoring function as in Eq. 5 and
define:

AF® = ly(a

T ] cans) — lo(a™ | cans)-  (8)

The answer-calibration loss is:
Zj vj [— log o (Agf}s — mansﬂ
> 3 Vi ’

where v; is the answer-pair weight and m, s is the
answer preference margin.
The final ACPD objective is:

£ans = ©)

EACPD :»Csft + >\dom (t)»cdom

10
+ >\ans (t)ﬁans- ( )

Here, t denotes the training step. The coefficients
Adom (t) and Aaps(t) use fixed soft ramps: early
training emphasizes domain-wise CoT scaffold
learning, domain preference repair is introduced
after the student has learned the structured for-
mat, and answer calibration is ramped in later to
avoid destabilizing local rationale learning. Addi-
tional implementation details are provided in Ap-
pendix A.

4 Experiments

4.1 Experimental Setup

Datasets and teacher profiles. We use MedM-
CQA as the in-domain benchmark, a large-scale
medical multiple-choice QA dataset covering di-
verse medical subjects (Pal et al., 2022). All dis-
tilled models are trained on the same MedMCQA
distillation split and evaluated on a fixed inter-
nal 5k validation split held out from the official
MedMCQA training set before teacher profiling.
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Each example is converted into a teacher-correct
structured profile with four domains: Symptom
Mapping, Pathological Reasoning, Differential Ex-
clusion, and Final Verdict, followed by the final
answer. The teacher sees only the question and
options, and profiles are retained only when the
teacher’s generated answer matches the dataset
gold label. Before training, we construct offline
profiles for 27,035 filtered training examples. For
each four-option question, ACPD profiles the three
target domains—~Pathological Reasoning, Differen-
tial Exclusion, and Final Verdict—by having the
student produce K = 5 candidate reasoning paths
per domain; the teacher model then computes the
mean token log-likelihood of each candidate under
the same prefix. Out-of-domain benchmarks are
described in Section 4.5.

Models and training protocol. Main experi-
ments use Qwen3-8B as the student backbone and
report the epoch-1 checkpoint. The backbone-
transfer comparison in Figure 3 repeats the same
protocol with Llama-3.1-8B. Across methods, we
keep the training split, maximum length of 896,
learning rate of 2 x 10, and greedy decoding
fixed; only per-device batch size and gradient accu-
mulation are adjusted for memory. Full optimiza-
tion details are provided in Appendix A.

Baselines. We compare ACPD with Raw Qwen3-
8B, Standard KD (Hinton et al., 2015), Structured
CoT-SFT, MI-CoT Distillation (Chen et al., 2024),
Reasoning Scaffolding (Wen et al., 2026), and
CWT (Chen et al., 2025a). These baselines cover
answer-level distillation, full-rationale imitation,
rationale-answer coupling, structured reasoning-
flow transfer, and chunk-wise CoT distillation.

Evaluation metrics. We report final-answer ac-
curacy as the primary metric. To evaluate localized
repair, we additionally report collapse-sensitive ac-
curacy, repair rate, Differential Exclusion repair,
and fixed-path reasoning perplexity under teacher
forcing.

4.2 Main Results

We first compare final-answer accuracy across two
student backbones, and then analyze whether the
gains come from repairing collapse-prone reason-
ing regions. Figure 3 reports overall accuracy on
the MedMCQA 5k validation split. ACPD achieves
the highest accuracy on both Qwen3-8B and Llama-
3.1-8B, improving over the strongest non-ACPD

baseline by 0.50 points and 0.82 points, respec-
tively. This indicates that the benefit of collapse-
aware preference repair is not specific to a single
student backbone.

We report four collapse-sensitive metrics. Apjgh
Acc. measures final-answer accuracy on high-
severity collapse examples, defined as examples
whose initial LCM is below —0.1, whose top stu-
dent candidate is teacher-disapproved, and whose
normalized prior entropy is below 0.6. Clean Acc.
measures accuracy on examples whose profiled-
domain LCMs are all above 0.1. Repair Rate mea-
sures the proportion of initially collapsed examples
whose LCM becomes positive after distillation un-
der the same teacher-defined candidate partition,
and thus reflects teacher-relative repair. DE Repair
further reports repair performance on Differential
Exclusion, which is the most frequent and central
option-level collapse domain in our structured rea-
soning profiles.

Table 1 shows that ACPD achieves the best per-
formance across all four collapse-sensitive met-
rics, including high-severity collapse accuracy,
clean-example accuracy, overall repair rate, and
Differential Exclusion repair. Under the teacher-
relative LCM evaluation used here, this indicates
that ACPD improves local preference-repair met-
rics without reducing final-answer performance on
non-collapse examples.

The comparison with CWT is particularly infor-
mative. CWT improves structured rationale learn-
ing by decomposing long CoT traces into smaller
units, but it does not distinguish stable domains
from collapse-prone domains. ACPD improves
over CWT on Ayjgn Acc. by 2.50 points and Re-
pair Rate by 2.29 points, showing that LCM-guided
preference repair provides additional benefit be-
yond domain-wise rationale learning.

ACPD also improves Clean Acc., suggesting that
targeted repair does not simply overfit collapse-
prone examples at the expense of stable examples.
This supports the design of answer calibration: in
the medical multiple-choice QA setting studied
here, it constrains local preference repair to remain
consistent with the final answer while preserving
answer-level performance.

4.3 Collapse-Sensitive Evaluation

Figure 4 first examines where local preference col-
lapse occurs before repair. The diagnosis is com-
puted on the profiled MedMCQA training split us-
ing the same LCM construction as ACPD. Differ-
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Figure 3: Overall accuracy across two student backbones on the MedMCQA 5k validation split. All methods use
the same training split and evaluation protocol; rationale-based methods use the same structured medical CoT
supervision setting. ACPD (Ours) achieves the highest accuracy on both Qwen3-8B and Llama-3.1-8B, suggesting
that collapse-aware preference repair is not tied to a single backbone.

Method Ahnigh Ace. T Clean Acc. T Repair Rate T DE Repair 1 Acc. Diff.  95% CI
Standard KD 77.61 74.25 45.19 50.11 +3.82 [2.62, 5.02]
Structured CoT-SFT 79.29 75.71 51.50 58.98 +0.58 [0.12, 1.08]
Reasoning Scaffolding 80.29 77.39 54.15 55.63 +0.98 [0.52, 1.98]
MI-CoT Distillation 83.58 77.47 55.84 63.10 +1.02 [0.18,2.10]
CWT 81.60 77.43 54.32 62.29 +0.50 [0.34, 1.05]
ACPD 84.10 77.99 56.61 63.91 - -

Table 1: Collapse-sensitive in-domain results on the MedMCQA 5k validation split. Metrics are percentages. Acc.
Diff. is overall accuracy difference between ACPD and each baseline; 95% CI is from paired bootstrap.

ential Exclusion has the highest collapsed-domain
rate and the highest rate of teacher-disapproved top
candidates, indicating that option-level exclusion
is the most fragile structured reasoning domain.
This motivates our collapse-sensitive evaluation
and the dedicated DE Repair metric. This distribu-
tional result should be interpreted under the fixed
profiling protocol. The fixed-candidate alignment
and candidate-generation sensitivity analyses in
Appendix C.4 support this interpretation: regener-
ated candidate sets can change exact instance-level
labels, whereas the aggregate weakest-domain pat-
tern remains Differential Exclusion.

A cross-teacher audit further supports this aggre-
gate pattern: when the Qwen3-32B teacher model
is replaced with Gemma4-31B, Differential Ex-
clusion remains the domain with the lowest mean
LCM (Appendix C.5).

Fixed-path reasoning perplexity. We further
evaluate whether LCM-diagnosed collapse regions
correspond to more difficult reasoning spans. To
ensure a controlled comparison, we do not compute
perplexity on each model’s generated rationales. In-
stead, all models are evaluated under teacher forc-
ing on the same structured teacher profiles, using

Collapsed Domains Distractor-Dominant Collapse

Final Verdict 9.1 :| 26
Diff. Exclusion 25.0 30.5
Path. Reasoning 13.0 9.3

T T T T T T T T T
] 5 10 15 20 25 30 0 10 20 30
LCM = 0 (%) Top-Speg among collapsed (%)

Figure 4: Pre-repair collapse diagnosis on the profiled
MedMCQA training split. Differential Exclusion has
the highest collapsed-domain rate and the highest rate of
teacher-disapproved top candidates, motivating domain-
level collapse repair and the DE Repair metric.

the same tokenized reference paths and the same
initial collapse-domain annotations. Thus, differ-
ences in Table 2 reflect how well each model as-
signs likelihood to an identical structured reasoning
path, rather than differences in generation length,
formatting, or content.

Table 2 shows that ACPD obtains the lowest per-
plexity on both collapse and non-collapse reason-
ing spans, indicating stronger compatibility with
the structured teacher rationale. Across methods,
collapse-domain perplexity is consistently higher
than non-collapse perplexity, supporting the inter-
pretation that LCM identifies locally challenging
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Method Coll. PPL | Non-coll. PPL | Methods (Qwen3-8B) Acc. T A
Raw Qwen3-8B 1.8932 1.8171 CWT 77.76% -0.50
Standard KD 1.8519 1.7331 ACPD 7826% -
Structured CoT-SFT 1.5229 1.4615 - w/o domain repair 77.72% -0.54
Reasoning Scaffolding 1.5188 1.4630 - w/o answer calibration 77.91% -0.35
MI-CoT 1.5928 1.5654 - w/o LCM selection 77.46% -0.80
CWT 1.5558 1.4995 Random-domain repair (equal-budget) 77.72% -0.54
ACPD 1.4826 1.4051

Table 2: Fixed-path reasoning perplexity on the same
structured teacher profiles. Coll. and Non-coll. denote
collapse-domain and non-collapse reasoning spans de-
fined by the same initial LCM diagnosis. Lower PPL
indicates better compatibility with the teacher-provided
structured rationale.

reasoning regions rather than arbitrary segments.

4.4 Ablation Study

We conduct ablations to isolate the contribution
of each ACPD component. Starting from the full
model, we remove domain preference repair, an-
swer calibration, or LCM-guided selection while
keeping the same CWT scaffold and training pro-
tocol. As shown in Table 3, all three removals
reduce MedMCQA validation accuracy, confirm-
ing that ACPD benefits from both local repair and
answer-level calibration. Removing domain repair
hurts more than removing answer calibration, in-
dicating that answer-level calibration alone cannot
replace explicit preference repair inside collapse-
prone domains. The largest drop comes from the
broad/uniform ablation that removes LCM-guided
selection and applies domain repair to all eligi-
ble profiled domains with valid preference pairs;
it falls below the CWT baseline, suggesting that
ACPD’s gain comes from selectively targeting diag-
nosed fragile domains rather than uniformly adding
preference supervision. Under the equal-budget
random-domain control, ACPD remains higher
than random allocation in overall accuracy and
collapse-sensitive metrics, further supporting that
the benefit of LCM-guided allocation is not equiva-
lent to simply adding an equal amount of domain-
level preference supervision.

4.5 Out-of-Domain Generalization

We evaluate out-of-domain generalization on
MedQA, a USMLE-style exam benchmark with
1,273 test examples (Jin et al., 2021); the English
clinical subset of HeadQA, covering medicine,
pharmacology, and nursing with 1,375 examples
(Vilares and Gémez-Rodriguez, 2019); and MedEx-

Table 3: Ablation studies on the MedMCQA validation
split. A is computed relative to ACPD. w/o domain
repair removes LCM-guided domain preference repair;
w/o answer calibration removes answer-level prefer-
ence calibration; w/o LCM selection applies domain
repair without LCM-guided selective targeting.

Method MedQA HeadQA MedExpQA
Raw Qwen3-8B 64.80 71.20 66.88
Standard KD 59.50 68.10 67.36
Reasoning Scaffolding  66.77 72.15 66.08
MI-CoT 67.56 74.40 67.04
CWT 67.24 66.33 68.97
ACPD 67.79 73.10 70.10

Table 4: Out-of-domain accuracy on MedQA, HeadQA,
and MedExpQA. All reported methods use Qwen3-8B
as the student backbone. The best result is in bold and
the second-best result is underlined.

pQA, a multilingual medical exam benchmark with
doctor-written explanations (Alonso et al., 2024).
For MedExpQA, we use the pooled English split of
622 examples because the official English test split
1s small, and no model is trained or tuned on Med-
ExpQA. As shown in Table 4, ACPD ranks first on
MedQA and MedExpQA and second on HeadQA;
its unweighted macro-average over the three dis-
played benchmark accuracies is the highest among
the compared methods (70.33, versus 69.67 for
MI-CoT). ACPD also outperforms raw Qwen3-8B
on all three datasets, suggesting that LCM-guided
repair does not simply overfit to MedMCQA.

5 Conclusion

This paper addresses a localized failure mode in
medical CoT distillation: a student can preserve
the structured rationale format while locally pre-
ferring a teacher-disapproved reasoning continu-
ation. We propose ACPD, which diagnoses such
teacher-relative preference collapse with Local Col-
lapse Margin and converts the diagnosis into tar-
geted domain preference repair with answer cal-
ibration. On MedMCQA, ACPD yields modest
final-answer accuracy gains alongside improved
teacher-relative collapse-sensitive repair metrics
and fixed-path reasoning compatibility. Across the
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three out-of-domain benchmarks, ACPD ranks first
on two and second on one, yielding the highest
unweighted macro-average accuracy among the
compared methods. These results suggest that rea-
soning distillation should not only transfer ratio-
nales, but also identify and repair where student
preferences deviate inside the reasoning process.
A key future direction is extending collapse-aware
repair beyond fixed medical QA domains to more
open-ended and clinically realistic reasoning set-
tings.

Limitations

ACPD relies on structured teacher rationales and
teacher-labeled candidate continuations. This de-
sign provides an explicit signal for diagnosing local
reasoning collapse, but the signal is bounded by the
teacher model and the chosen domain schema. If
the teacher produces incomplete rationales or misla-
bels candidates, LCM may reflect teacher-specific
preferences rather than clinically optimal reasoning.
Therefore, LCM should be interpreted as a teacher-
relative diagnostic rather than a direct measure of
clinical correctness.

Our implementation focuses on medical
multiple-choice QA with a fixed set of reasoning
domains, which enables controlled diagnosis and
repair but does not fully capture open-ended clini-
cal decision making, multi-turn patient interaction,
or multimodal medical reasoning. In open clinical
settings, reasoning and management decisions
may be revised as new information arrives, as
documented in a longitudinal acute-care dysphagia
study (Gunasekaran et al., 2024). Accordingly,
ACPD’s four domains are a task-specific, auditable
scaffold for medical multiple-choice QA rather
than a universal clinical-reasoning ontology.
Candidate construction and teacher scoring
constitute an offline profiling cost before training;
at deployment, ACPD uses only the trained
student model, without teacher calls or LCM
recomputation. Although our experiments show
gains on medical QA benchmarks, these metrics
do not replace expert clinical validation before
deployment in safety-critical settings. Future
work may explore more flexible domain induction,
cheaper candidate profiling, and human expert
evaluation in clinically realistic scenarios.
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A Implementation Details

Reproducibility and Release Plan. Upon publi-
cation, we will release, through a public repository,
the materials needed to reproduce this work, includ-
ing training profiles, the teacher-scoring and par-
tition procedures, definitions and annotation con-
ventions for LCM and collapse, ACPD training
code, and the necessary instructions for running
and reproducing the experiments.

Table 5 summarizes the main implementation
settings. Unless otherwise specified, the appendix
reports the Qwen3-8B setting used for the main
ACPD and baseline comparisons. Models are
trained on the same MedMCQA training split and
evaluated on the same 5k validation split with
greedy decoding. For the main comparison, we
report results from the epoch-1 checkpoint to keep
the distillation budget aligned across methods.

Setting Value

Student backbone Qwen3-8B

Teacher model Qwen3-32B

Teacher output format Four-domain CoT + final answer
Optimizer AdamW

Learning rate 2x107°

Max length 896

Checkpoint epoch-1

Precision bfloat16

Decoding Greedy, temp. 0.0, top-p = 1.0
Candidate count K=5

CWT scaffold Domain-wise masked CE

Domain repair Representative pairwise loss over
Spos / Sncg

Pairwise loss over correct/wrong an-
swers

Teacher-score partition 25th percentile by mean token log-
likelihood

Ahnigh: LCM < —0.1, top candidate
in Sheg, normalized prior entropy
< 0.6; clean: all profiled-domain
LCMs > 0.1

Adom = 0.1, Aans = 0.05; margins
Mdom = Mans = 0

Domain: 0.10 — 0.60; answer:
0.50 —0.90 training progress
Collapsed domains: 1.0; fragile do-
mains: 0.5; answer negatives use one
wrong option

Paired bootstrap, 5,000 resamples

Answer calibration

Collapse typing

Preference weights
Loss ramps

Repair weights

Bootstrap CI

Table 5: Implementation details for ACPD and evalua-
tion.

We use Qwen3-32B as the teacher/profiling
model for structured rationale generation, candi-
date scoring, and profile construction. ACPD uses
fixed soft ramps for preference losses. Early train-
ing emphasizes domain-wise structured CoT imita-
tion. Domain preference repair is introduced after

the student has learned the structured reasoning
format, and answer calibration is applied later to
align repaired reasoning paths with the final med-
ical choice. Different baselines may use different
per-device batch sizes due to memory requirements,
but the student backbone, training split, maximum
sequence length, learning rate, and evaluation pro-
tocol are kept fixed.

For the domain-wise CWT scaffold, each train-
ing view supervises only one target domain or the
final answer while masking non-target rationale
spans. This keeps the supervision unit local while
preserving the full structured reasoning context.
For ACPD, domain preference pairs are added only
when the corresponding profiled domain satisfies
the LCM repair threshold, and answer calibration
is applied only to collapse-prone examples. This
design avoids applying preference losses uniformly
to all samples and keeps the additional training
pressure focused on diagnosed local failures.

A.1 Checkpoint Sensitivity

We evaluate ACPD checkpoints after one, two, and
three epochs to justify the epoch-1 checkpoint used
in the main comparison. As shown in Table 6, ad-
ditional epochs reduce validation accuracy. This
suggests that one-pass collapse-aware repair is suf-
ficient in our setting, while further training may
overfit fixed preference pairs or weaken the initially
targeted repair signal.

Checkpoint  Accuracy
Epoch 1 78.26
Epoch 2 75.34
Epoch 3 74.70

Table 6: Checkpoint sensitivity of ACPD on the MedM-
CQA 5k validation split.

B Practical LCM Construction

This appendix provides implementation details for
the LCM diagnosis defined in Section 3.3. The
main text gives the formal definition; here we
specify how candidate continuations are generated,
scored, normalized, and filtered in practice.

For each profiled domain, we condition the stu-
dent on the teacher-completed prefix before that
domain and collect verbalized candidate continua-
tions with self-assigned probabilities. We normal-
ize these probabilities within the same domain and
use them only as relative local preference masses.
The teacher then scores each continuation using
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mean token log-likelihood under the same prefix,
and the score threshold partitions candidates into
Spos and Speg.

A profiled domain can be used for LCM di-
agnosis whenever it has valid scored candidates.
Preference-pair construction additionally requires
both Sp,0s and Syeg to be non-empty; domains with-
out such pair coverage are skipped for pair con-
struction and counted in the coverage statistics in
Appendix C.4. This separation ensures that LCM-
based repair is applied only when the local teacher-
approved versus teacher-disapproved contrast is
well defined.

C Dataset, Prompts, and Candidate
Construction

C.1 Dataset Processing

We use MedMCQA as the source medical multiple-
choice QA benchmark. Since the official test labels
are not publicly available in the same format re-
quired by our collapse profiling pipeline, we create
a fixed internal split from the official MedMCQA
training set. Specifically, we reserve Sk examples
as the validation split for final-answer evaluation
and collapse-sensitive analysis, and use the remain-
ing training examples for distillation. The valida-
tion split is fixed before teacher profiling and is
never used for student training. Each example is
converted into a structured teacher format with four
reasoning domains and one final answer field.

Teacher-correct filtering. For each MedMCQA
training example, the teacher model generates a
structured four-domain rationale and a final answer
using only the question and options. The gold an-
swer is not included in the teacher prompt. We
then parse the JSON output, verify that all required
reasoning domains are present and non-empty, and
compare the teacher’s top-level answer with the
dataset gold label. Examples are retained only
when the structured output is valid and the teacher
answer is correct. This filtering prevents the student
from imitating incorrect teacher rationales while
avoiding gold-answer leakage during teacher gen-
eration. All distilled methods use the same filtered
teacher-profile split.

C.2 Teacher Prompt

The teacher prompt is designed to produce pro-
files that are usable for both rationale distillation
and local collapse diagnosis. First, the gold an-
swer is withheld from the teacher prompt, so the

teacher must infer the answer from the question, op-
tions, and medical knowledge rather than restating
a provided label. This avoids gold-answer leakage
during teacher generation. Second, the prompt en-
forces a fixed four-domain schema, which makes
the resulting rationales comparable across exam-
ples and enables domain-level profiling in ACPD.
In particular, requiring a dedicated Differential Ex-
clusion field encourages the teacher to compare
candidate options explicitly, which is necessary for
diagnosing option-level preference collapse.

The JSON-only constraint is included for re-
liable parsing and downstream training. Since
ACPD constructs candidate continuations, teacher-
approved and teacher-disapproved sets, and answer-
level preference pairs from the structured profile,
malformed outputs would introduce noise into both
distillation and LCM computation. We therefore re-
quire all four domains to be present and non-empty,
and require the final answer to appear as a top-level
field. These constraints make the teacher profile
a stable supervision object rather than a free-form
explanation.

C.3 Verbalized Candidate Construction

This subsection records the candidate artifacts used
by the profiling pipeline. For each profiled rea-
soning domain, we store the candidate continua-
tion text, the normalized student probability, the
teacher score, and the resulting teacher-approved
or teacher-disapproved partition label. These fields
are reused consistently for LCM computation, do-
main preference-pair construction, and coverage
analysis.

The profiled domains include Pathological Rea-
soning, Differential Exclusion, and Final Verdict.
Symptom Mapping is used as part of the struc-
tured reasoning scaffold but is not included in the
candidate-level collapse profiling.

C.4 Candidate Coverage and Probing Validity

We use teacher-prefix-conditioned verbalized sam-
pling as a local preference probe rather than as a
calibrated uncertainty estimator. Given the teacher-
completed prefix before a target reasoning domain,
the student verbalizes multiple candidate continu-
ations and assigns a probability to each candidate.
We normalize these probabilities and treat them
only as relative local preference masses.

Table 7 shows that verbalized probing produces
sufficient positive/negative candidate coverage and
exposes measurable teacher-relative preference re-
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Teacher Prompt

System role. You are a rigorous medical teacher model
for structured reasoning distillation.

Task. Read one medical multiple-choice question and
produce a structured four-domain reasoning chain based
on accurate medical knowledge.

Important constraints.
1. The gold answer is not provided.

2. The best answer must be inferred only from the
question, options, and medical knowledge.

3. The output must preserve exactly four domain la-
bels: Symptom Mapping, Pathological Reasoning,
Differential Exclusion, and Final Verdict.

4. Differential Exclusion must explicitly compare can-
didate options and rule out at least two incorrect
options.

5. The output must be valid JSON only.

6. The answer field must contain exactly one of A, B,
C, orD.

Required schema.

{ “id”: “string”,

“domains”: {

“Symptom Mapping”: “string”,

“Pathological Reasoning”: “string”,
“Differential Exclusion”: “string”,
“Final Verdict”: “string”
}’
“answer”: “A/B/C/D”
}
\ J

versals. Examples without both teacher-approved
and teacher-disapproved candidates are excluded
from preference-pair construction but remain part
of standard scaffold training and final-answer eval-
uation.

Domain Pair Coll. Top-neg LCM
Path. Reason. 65.7 13.0 9.3 0.503
Diff. Excl. 69.0 250 30.5 0.350
Final Verdict 47.8 9.1 2.6 0.530
All 60.8 16.5 20.5 0.453

Table 7: Candidate coverage and validity check for
teacher-prefix-conditioned verbalized preference prob-
ing. Values are percentages except LCM. Pair de-
notes domains with both Sp,.¢ and Syeg; Coll. denotes
LCM < 0; Top-neg denotes the fraction of collapsed
domains whose highest-probability verbalized candidate
isin Speg.

Table 7 shows that verbalized probing produces
sufficient positive/negative candidate coverage and
exposes measurable teacher-relative preference re-
versals. Differential Exclusion has the highest

collapsed-domain rate, the highest Top-S,¢. rate
among collapsed domains, and the lowest mean
LCM, supporting our observation that option-level
exclusion is the most fragile structured reasoning
domain. We do not interpret the verbalized proba-
bilities as calibrated confidence; they are used only
as relative local preference masses for LCM-based
diagnosis.

To directly validate this probe, we fixed can-
didate continuations for 400 held-out validation
examples (1,200 reasoning nodes). Under the same
question, answer options, teacher-completed prefix,
and candidate text, we compared the student’s nor-
malized verbalized probabilities with next-token
probabilities over candidate IDs elicited from the
same Qwen3-8B model by a forced-choice prompt.
This setup separates probability assignment from
variation in candidate generation. For LCM-related
metrics, we retained the same teacher-defined can-
didate partition and recomputed the margin from
each probability distribution. All intervals use
sample-cluster bootstrap 95% Cls.

Metric Result 95% CI
Rank p 0.514 [0.487, 0.541]
Top-1 0.674 [0.647, 0.702]
Pairwise 0.727 [0.715, 0.739]
Bad-mass p 0914 [0.895, 0.930]
LCM sign 0.883 [0.865, 0.901]

Table 8: Fixed-candidate alignment of verbalized and
forced-choice preferences. All values are reported on
a 0-1 scale; Rank p and Bad-mass p are Spearman
correlations. Teacher-disapproved mass and LCM are
recomputed under the same teacher-defined candidate
partition.

Rank p compares within-node candidate rank-
ings, whereas Top-1 and Pairwise measure agree-
ment at the best-candidate and candidate-pair lev-
els. Bad-mass p compares the total probability
assigned to teacher-disapproved candidates, and
LCM sign compares the direction of the margin
recomputed from the two probability distributions.
Candidate-ranking and node-level mass/LCM-sign
permutation tests all yield p < 0.001. Thus, within
fixed candidate sets, verbalized probabilities align
with the model’s forced-choice relative preferences
and with LCM-relevant mass allocation, supporting
their use as relative local preference masses.

The fixed-candidate audit isolates the validity of
probability assignment, but candidate regeneration
can change exact instance-level LCM types. On
the same 200 held-out examples, we varied candi-
date count and decoding temperature. Across all
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candidate-count variants, Differential Exclusion ac-
counted for 76.81-87.39% of collapsed samples;
across temperature variants, it accounted for 79.00-
81.72%. In a separate prompt-paraphrase audit on
1,000 held-out examples, changing only the system
prompt yielded 82.42% domain-level LCM-sign
agreement, and Differential Exclusion remained
the domain with the lowest mean LCM under both
prompts. Together, these analyses define LCM
as a teacher-relative local preference probe under
a fixed profiling protocol: candidate regeneration
can affect exact instance-level labels, whereas the
aggregate weakest-domain pattern remains Differ-
ential Exclusion.

C.5 Teacher-Model Sensitivity

We conduct a matched 200-example audit to as-
sess whether the aggregate diagnosis depends on
the main Qwen3-32B teacher model. We replace
Qwen3-32B with Gemma4-31B for structured pro-
file construction and candidate scoring, while hold-
ing the student model, domain schema, candidate-
generation settings, and audited examples fixed.
The sample-level collapse rates are 84.5% under
Qwen3-32B and 88.5% under Gemma4-31B; these
values are the proportions of the matched examples
diagnosed as collapsed under each teacher model,
not model probabilities. Differential Exclusion re-
mains the domain with the lowest mean LCM under
both teacher models.

D Blinded Medical Plausibility Audit

LCM and repair metrics are constructed from a
teacher-defined candidate partition and are there-
fore teacher-relative. To assess whether this parti-
tion has external medical plausibility, we conducted
a two-rater blinded pairwise audit.

Candidate-pair construction. For each audited
item, we held fixed the same medical multiple-
choice question, answer options, and teacher-
completed prefix preceding the target reasoning do-
main. The student generated multiple candidate rea-
soning fragments at that domain and assigned rel-
ative preference probabilities. The teacher scored
the candidates under the same prefix and parti-
tioned them into a teacher-approved set Spos and a
teacher-disapproved set Sy,¢s. For each hard item,
we selected the highest teacher-scored fragment in
Spos and the highest student-probability fragment
in Syeg. The latter is the locally student-attractive

but teacher-disapproved reasoning path that can
give rise to preference collapse.

Sampling and blinding. The audit contains 200
hard candidate pairs: 100 from Differential Exclu-
sion, 50 from Pathological Reasoning, and 50 from
Final Verdict. Of these pairs, 120 were diagnosed
as collapsed and 80 as fragile. Two independent
medical-background annotators evaluated all 200
pairs, yielding 400 individual judgments. Each an-
notator saw only the question, answer options, fixed
upstream reasoning context, target domain, and
anonymized Candidate A and Candidate B. They
did not see model identities, teacher labels, teacher
scores, student preference probabilities, LCM val-
ues, gold answers, or teacher answers. Candidate
order was independently randomized for the two
annotators.

Annotation and results. For each pair, annota-
tors selected whether Candidate A or Candidate B
was medically better, whether both were acceptable,
whether both were problematic, or whether they
could not judge. After annotation, we used a pri-
vate key to decode Candidate A/B into Spos/Sneg-
Across 400 individual judgments, annotators ex-
plicitly preferred Sp,,¢ in 66.0% of judgments (con-
servative item-level 95% CI: 59.2-72.2%), whereas
they explicitly preferred Syee in only 7.5% (4.6—
12.0%). In Differential Exclusion, the strict sup-
port rate for S5 was 65.0% (55.3-73.6%). The
remaining judgments did not explicitly favor either
candidate, for example because both were accept-
able, both were problematic, or the annotator could
not judge. We compute confidence intervals with
items, rather than the 400 individual judgments, as
the statistical unit to avoid treating two judgments
on the same item as fully independent.

Taken together, under a fixed medical question
and reasoning context, teacher-approved local can-
didates are usually aligned with independent med-
ical judgment, whereas student-attractive teacher-
disapproved candidates are rarely explicitly pre-
ferred. The same directional evidence holds in
Differential Exclusion, the domain of primary in-
terest to ACPD. LCM and repair metrics remain
teacher-relative, but their comparison direction is
externally medically plausible rather than a wholly
arbitrary teacher-specific preference.
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E Additional Robustness Checks

We conduct four robustness checks to validate the
stability of LCM-based diagnosis under threshold
variation, probability perturbation, domain-level
statistical testing, and candidate-length effects.

E.1 Threshold Sensitivity

We vary the teacher-score percentile threshold used
for candidate partitioning from 15% to 35%. As
shown in Table 9, increasing the threshold pre-
dictably changes the size of the detected collapse
set, while the agreement of detected collapse do-
mains remains stable under moderate perturbations.
Here, HS denotes high-severity collapse samples,
Coll. denotes the collapse rate, Type denotes agree-
ment of the diagnosed collapse type with the de-
fault 25% threshold, and D, denotes agreement of
the first detected collapse domain with the default
25% threshold. This check evaluates whether LCM
diagnosis is sensitive to the teacher-score cutoff
used for candidate partitioning.

T pct. HS Coll. Type D,

15% 0.0375 0.1429 0.8306 0.8366
20% 0.0566 0.2126 0.9075 0.9083
25% 0.0778 0.2913 1.0000 1.0000
30% 0.1004 0.3712 0.9017 0.9036
35% 0.1221 0.4512 0.8054 0.8067

Table 9: Threshold sensitivity of candidate partitioning.

E.2 Robustness to Probability Noise

To test whether LCM depends on finely calibrated
absolute probabilities, we inject Gaussian noise
into saved candidate-level student probabilities and
recompute LCM-based rankings. Table 10 shows
that Kendall’s 7 remains high under moderate per-
turbations, indicating that LCM mainly relies on
relative preference structure.

Noise 0 MeanT MedianT MinT MaxT
0.05 0.8739 0.8740 0.8731 0.8749
0.10 0.7960 0.7959 0.7949 0.7975

Table 10: LCM ranking robustness under probability
noise.

E.3 Domain-Level Statistical Reliability

We conduct non-parametric statistical tests to verify
that domain-level LCM differences are not random
fluctuations. A Friedman test over domain-wise
LCM values is significant (x*> = 5579.51, p <
0.001), and post-hoc comparisons show significant

differences among all domain pairs. As shown
in Table 11, Differential Exclusion has the lowest
mean LCM and the lowest average rank, indicating
that it is the most fragile reasoning domain under
our LCM diagnosis.

Domain Median Mean Avg. rank
Path. Reasoning 0.9000 0.6674 2.0024
Diff. Exclusion 0.6000 0.4579 1.7027
Final Verdict 1.0000 0.7746 2.2949
Table 11: Domain-level LCM reliability statistics.

Lower mean LCM and lower average rank indicate
greater local fragility.

E.4 Length Bias Check

Since teacher scores are computed as mean token
log-likelihood, the main scoring definition already
normalizes for candidate length. As an additional
sanity check, we compute the Spearman correla-
tion between candidate length and teacher score.
Table 12 shows that the correlations are statistically
significant but small in magnitude, suggesting lim-
ited residual length dependence rather than a domi-
nant length-driven explanation for LCM-based col-
lapse diagnosis.

Length metric Spearman p p-value
Character length 0.2283 < 0.001
Word length 0.2304 < 0.001

Table 12: Correlation between candidate length and
teacher score.

Taken together, these robustness checks support
the stability of the LCM diagnosis from four com-
plementary angles. Threshold sensitivity shows
that the diagnosed collapse structure is not an ar-
tifact of a single teacher-score cutoff. Probability-
noise analysis indicates that LCM relies on relative
preference ordering rather than finely calibrated
probability values. Domain-level statistical test-
ing confirms that Differential Exclusion is consis-
tently more fragile than the other profiled domains,
while the length-bias check suggests that candi-
date length is not the dominant explanation for the
teacher-score partition. These results strengthen the
interpretation of LCM as a teacher-relative local
preference diagnostic rather than a brittle scoring
heuristic.
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F ACPD Pseudocode

Algorithm 1 Answer-Calibrated Collapse-Aware Prefer-
ence Distillation

Input: Training examples D, teacher profiles, student
model Py, profiled domains Dp.or = {PR,DE,FV},
repair threshold e.

Output: Updated student model.

1. For each example x € D, construct a structured
teacher rationale with four domains: SM, PR, DE,
and FV, followed by the final answer.

2. For each profiled domain d € Dp,of, build the teacher-
completed prefix cq and generate verbalized student
candidates Cq = {(Sd,kypd,k)}kK:p with Zk Pd.k =
1.

3. Score each s4,; with the teacher under the same prefix
using mean token log-likelihood, and partition candi-

dates into Sgos and Srcxleg'

4. Compute the local collapse margin:

LCMq = Z DPd,k — Z Pd k-
5,k €S os 5,k €S teg
5. Select repair domains Dyep = {d € Dprot

LCM, < €}

6. For each pair-valid d € D,.p, with non-empty Sgos
and S,‘feg, construct one representative preference
pair:

+ _
Sq = arg max pPd.k,

5d,kESTos sq,k €SS

neg

7. Construct answer-level preference pairs by contrasting
the reference answer with an incorrect option under
the full structured rationale prefix.

8. Train the student with

LACPD - Lsft + )\dorn (t)Ldom + )\ans (t)ﬁans

G Qualitative Repair Case Study

This appendix provides qualitative evidence for
how ACPD changes local reasoning behavior in
collapse-prone medical domains. We focus on in-
domain examples from the MedMCQA 5k evalu-
ation split whose risk slice is A_high and whose
diagnosed collapsed domain is either Differential
Exclusion or Pathological Reasoning. These exam-
ples are used as qualitative case studies rather than
as additional quantitative evidence.

Selection protocol. We first identify evaluation
samples with LCM < 0 in the profiled domains.
We then select representative cases from Differen-
tial Exclusion and Pathological Reasoning where
ACPD predicts the correct answer while CWT pre-
dicts an incorrect answer. The selected cases are
chosen for interpretability and expose clear local

S§; =arg max Dd,i-

distractor preferences. This selection is intention-
ally diagnostic rather than statistically representa-
tive: the goal is to inspect the type of local failure
that ACPD is designed to repair, while the aggre-
gate effect is evaluated separately by repair rate
and collapse-sensitive accuracy in the main experi-
ments.

How to read the cases. These cases analyze lo-
cal reasoning behavior rather than provide addi-
tional quantitative evidence. We focus on the di-
agnosed collapsed domain and examine whether
each model gives stronger support to the teacher-
aligned reasoning path than to the competing dis-
tractor. Cases 1-3 show Differential Exclusion fail-
ures, while Case 4 shows a Pathological Reasoning
failure. A model may mention relevant biomedical
concepts yet still fail if its local reasoning favors
the wrong distractor; ACPD targets this teacher-
relative preference collapse rather than rationale
length or fluency. Table 13 summarizes the local
contrast in each case.

Compared baselines. The compared baselines
highlight complementary failure modes. Standard
KD transfers answer-level behavior without local-
domain pressure, while Structured CoT-SFT and
Reasoning Scaffolding improve rationale format
or procedure but can still make an incorrect dis-
tractor appear coherent. CWT is the strongest
structural baseline because it trains local rationale
chunks, yet it treats chunks as supervision units
rather than diagnosed failure locations. MI-CoT
strengthens rationale-answer coupling and solves
some collapse-prone cases, but it does not explicitly
locate or repair domains where student preferences
shift toward teacher-disapproved continuations.

Error-pattern analysis. In Case 1, most incor-
rect models recognize that both Mycoplasma and
spirochetes are relevant to motility without ex-
ternal flagella, but resolve the ambiguity toward
the surface cue that Mycoplasma can exhibit glid-
ing motility. Standard KD, Structured CoT-SFT,
Reasoning Scaffolding, and CWT therefore pro-
duce fluent rationales while failing to prioritize the
teacher-aligned contrast between external flagella
and internal axial filaments. ACPD instead treats
Mycoplasma as a plausible distractor and assigns
stronger local support to spirochetes, matching the
diagnosed repair target.

In Case 2, the baselines fail through different
distractors: Standard KD and CWT overemphasize
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Case Local Failure and ACPD Repair

Casel  Mycoplasma motility distracts the model;
ACPD emphasizes internal axial filaments in
spirochetes.

Case2  Phagocytosis and healing distract the model;
ACPD separates macrophage function and
broad healing from antigen presentation.

Case3  Carbolic-acid irritation distracts the model;
ACPD links erethism to mercury poisoning
rather than surface irritation cues.

Case4  Necrotic diathesis and button-collar lesion dis-
tract the model; ACPD identifies Azzopardi
effect as the specific pathological cue.

Table 13: Summary of the local reasoning failures il-
lustrated in the qualitative cases. Cases 1-3 involve
Differential Exclusion, while Case 4 involves Pathologi-
cal Reasoning.

healing or granuloma formation, while Structured
CoT-SFT and Reasoning Scaffolding are pulled to-
ward phagocytosis. This shows that preserving a
structured exclusion paragraph does not guarantee
correct option ranking. ACPD repairs the contrast
by separating macrophage-associated phagocyto-
sis and broad healing from the teacher-preferred
antigen-presentation function. MI-CoT also solves
these cases, indicating that the examples are not
impossible for strong rationale-answer coupling
methods; ACPD differs by explicitly targeting the
diagnosed collapsed domain.

In Case 3, local collapse appears in a compact
toxicological association rather than a long mech-
anistic rationale. Standard KD and CWT link
blushing and vasodilation to carbolic-acid irrita-
tion, whereas ACPD preserves the teacher-aligned
association between erethism and mercury poison-
ing. This suggests that LCM can expose failures
where a short medical cue is attached to a plausible
but incorrect distractor.

Case 4 extends beyond option-exclusion failures.
CWT recognizes the necrotic background of small-
cell lung carcinoma but maps the finding to the
broader term necrotic diathesis. The collapsed
domain is Pathological Reasoning: the failure is
identifying the specific mechanism in which DNA
from necrotic tumor cells deposits along vessel
walls. ACPD repairs this mechanism-level prefer-
ence by selecting the Azzopardi effect, showing
that collapse-aware repair can target local concept
formation rather than only final option elimination.
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Case 1: Motility without external flagella

Question: The following organism is motile with no external flagella.

Options: (A) Brucella (B) Mycoplasma (C) Chlamydia (D) Spirochetes

Gold / Collapse: Gold: D; risk slice: A_high; diagnosed collapsed domain: Differential Exclusion; LCM = —0.7
Teacher rationale: Brucella is non-motile, Chlamydia is non-motile and intracellular, and the stem classically points to
spirochetes because they are motile through internal axial filaments rather than external flagella. Mycoplasma is a plausible
distractor because some species exhibit gliding motility without flagella, but under the teacher’s structured interpretation,
the stronger discriminative cue is internal axial-filament motility in spirochetes.

Standard KD Pred.: B; Gold: D; Correct: No

Collapsed-domain reasoning: Option A (Brucella) is a non-flagellated, intracellular bacterium that is not motile in the
traditional sense. Option B (Mycoplasma) is a non-flagellated, cell-wall-deficient bacterium that is motile through a gliding
mechanism. Option C (Chlamydia) is a non-flagellated, obligate intracellular bacterium that is not motile in the traditional
sense. Option D (Spirochetes) is a non-flagellated, spiral-shaped bacterium that is motile through a unique corkscrew-like
movement. Therefore, Option B (Mycoplasma) is the most likely answer.

Final Verdict: The organism described in the question is motile but lacks external flagella. Among the options provided,
Mycoplasma is the only organism that is motile through a gliding mechanism and lacks external flagella. Therefore, the
correct answer is Option B (Mycoplasma).

Structured CoT-SFT Pred.: B; Gold: D; Correct: No

Collapsed-domain reasoning: Option A (Brucella) is not motile. Option C (Chlamydia) is an obligate intracellular parasite
and is not motile. Option D (Spirochetes) are motile due to axial filaments, not external flagella. Option B (Mycoplasma) is
motile through gliding, which does not involve external flagella, making it the correct choice.

Final Verdict: The correct answer is Option B, as Mycoplasma is motile without external flagella.

MI-CoT Pred.: D; Gold: D; Correct: Yes

Collapsed-domain reasoning: Option A (Brucella) is non-motile and lacks flagella. Option B (Mycoplasma) is not selected
as the best answer in this setting. Option C (Chlamydia) is non-motile and obligate intracellular. Option D (Spirochetes) is
motile via axial filaments, making it the correct choice.

Final Verdict: Option D is the most likely answer as spirochetes are motile without external flagella.

Reasoning Scaffolding Pred.: B; Gold: D; Correct: No

Collapsed-domain reasoning: Option A (Brucella) is non-motile and lacks flagella. Option C (Chlamydia) is obligate
intracellular and non-motile. Option D (Spirochetes) are motile due to axial filaments, not external flagella. Option B
(Mycoplasma) is motile through gliding, not flagella, making it the correct choice.

Final Verdict: The correct answer is Option B, as Mycoplasma is motile without external flagella.
CWT Pred.: B; Gold: D; Correct: No

Collapsed-domain reasoning: Option A (Brucella) is not motile and lacks flagella. Option C (Chlamydia) is an obligate
intracellular parasite and is not motile. Option D (Spirochetes) are motile due to axial filaments, not external flagella.
Option B (Mycoplasma) is motile through a gliding mechanism and lacks external flagella, making it the correct choice.

Final Verdict: Based on the absence of external flagella and the presence of motility, the correct answer is Option B.
ACPD Pred.: D; Gold: D; Correct: Yes

Collapsed-domain reasoning: Option A (Brucella) is not motile. Option B (Mycoplasma) is a plausible distractor because it
lacks external flagella, but the question is better aligned with organisms that use internal axial filaments. Option C
(Chlamydia) is intracellular and non-motile. Option D (Spirochetes) are motile due to axial filaments, which are internal
rather than external flagella, making it the teacher-aligned choice.

Final Verdict: The correct answer is Option D, as spirochetes are motile through axial filaments rather than external flagella.

Table 14: Case panel for motility without external flagella. Several baselines contain the relevant biomedical terms,
but their local Differential Exclusion preference is pulled toward the Mycoplasma distractor. ACPD recovers the
teacher-aligned contrast between external flagella and internal axial filaments.
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Case 2: Epithelioid cell function in tuberculosis

Question: The most important function of epithelioid cells in tuberculosis is:

Options: (A) Phagocytosis  (B) Secretory  (C) Antigenic (D) Healing

Gold / Collapse: Gold: C; risk slice: A_high; diagnosed collapsed domain: Differential Exclusion; LCM = —0.6
Teacher rationale: Phagocytosis is primarily associated with macrophage activity, secretory function is not the primary
role, and healing is too broad to identify the key function of epithelioid cells in tuberculosis. The teacher-preferred option is
antigenic function, corresponding to antigen presentation in the immune response to tuberculosis.

Standard KD Pred.: D; Gold: C; Correct: No
Collapsed-domain reasoning: Option A (Phagocytosis) is incorrect because epithelioid cells are not primarily involved
in phagocytosis. Option B (Secretory) is incorrect because epithelioid cells are not primarily secretory in the context of
tuberculosis. Option C (Antigenic) is incorrectly down-ranked. Option D (Healing) is selected because epithelioid cells are
interpreted as important in the healing process of granulomas in tuberculosis.

Final Verdict: The most important function of epithelioid cells in tuberculosis is healing. Therefore, the correct answer is
Option D.

Structured CoT-SFT Pred.: A; Gold: C; Correct: No
Collapsed-domain reasoning: Option B (Secretory) is incorrect because epithelioid cells are not primarily secretory
in function. Option C (Antigenic) is treated as misleading, even though antigen presentation is the teacher-preferred
interpretation. Option D (Healing) is incorrect because healing is a broader process involving multiple cell types, not the
primary role of epithelioid cells.

Final Verdict: The most important function of epithelioid cells in tuberculosis is phagocytosis, making Option A the correct
answer.

MI-CoT Pred.: C; Gold: C; Correct: Yes
Collapsed-domain reasoning: Option A (Phagocytosis) is incorrect because epithelioid cells are not primarily phagocytic;
this is the role of macrophages. Option B (Secretory) is incorrect as epithelioid cells do not have secretory function as
their main role. Option D (Healing) is incorrect because healing is a broader process involving multiple cell types, not
specifically epithelioid cells.

Final Verdict: Option C is the most accurate as epithelioid cells are antigen-presenting cells that play a key role in the
immune response to tuberculosis.

Reasoning Scaffolding Pred.: A; Gold: C; Correct: No
Collapsed-domain reasoning: Option A (Phagocytosis) is selected because epithelioid cells are interpreted as primarily
involved in phagocytosis and antigen presentation. Option B (Secretory) is incorrect as epithelioid cells are not primarily
secretory in this context. Option C (Antigenic) is down-ranked as secondary to phagocytic activity. Option D (Healing) is
incorrect as epithelioid cells are not directly involved in tissue healing in tuberculosis.

Final Verdict: The most important function of epithelioid cells in tuberculosis is phagocytosis, making Option A the correct
answer.

CWT Pred.: D; Gold: C; Correct: No
Collapsed-domain reasoning: Option A (Phagocytosis) is incorrect because phagocytosis is primarily the function of
macrophages, not epithelioid cells. Option B (Secretory) is not a primary function of epithelioid cells. Option C (Antigenic)
is treated as vague and not the most accurate description of their role. Option D (Healing) is selected because epithelioid
cells contribute to granuloma formation, which is interpreted as part of healing in tuberculosis.

Final Verdict: The most important function of epithelioid cells in tuberculosis is their role in the healing process by forming
granulomas. Therefore, the correct answer is Option D.

ACPD Pred.: C; Gold: C; Correct: Yes
Collapsed-domain reasoning: Option A (Phagocytosis) is incorrect because epithelioid cells are not primarily phagocytic;
this is more directly associated with macrophages. Option B (Secretory) is also incorrect as epithelioid cells are not known
for secretory function as their main role. Option D (Healing) is vague and not the primary function being tested. Option C
(Antigenic) is the most accurate, as epithelioid cells are involved in antigen presentation to T cells.

Final Verdict: The most important function of epithelioid cells in tuberculosis is antigenic, as they play a central role in
antigen presentation and immune response. Therefore, the correct answer is Option C.

Table 15: Case panel for epithelioid-cell function in tuberculosis. The baselines fail through different distractors,
either phagocytosis or healing, while ACPD preserves the teacher-aligned local ranking and selects antigenic
function.
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Case 3: Toxicological sign association

Question: Frequent blushing (“erethism”) is associated with poisoning of

Options: (A) Mercury (B) Lead (C) Phenolic acid (D) Carbolic acid

Gold / Collapse: Gold: A; risk slice: A_high; diagnosed collapsed domain: Differential Exclusion; LCM = —0.1
Teacher rationale: Lead poisoning is more commonly associated with abdominal pain, anemia, and neurological symptoms
such as wrist drop, not blushing. Phenolic acid and carbolic acid are more associated with irritation or systemic toxicity, but
not the specific symptom of erethism. The teacher-preferred answer is mercury poisoning.

Standard KD Pred.: D; Gold: A; Correct: No
Collapsed-domain reasoning: Mercury poisoning typically presents with neurological symptoms, such as tremors, ataxia,
and cognitive impairment. Lead poisoning is characterized by abdominal pain, constipation, and anemia. Phenolic acid
poisoning is less commonly reported and typically presents with gastrointestinal symptoms rather than the characteristic
erethism seen with carbolic acid poisoning.

Final Verdict: Based on the characteristic clinical presentation of erethism and the known pathophysiology of carbolic acid
poisoning, the most likely answer is Option D.

Structured CoT-SFT Pred.: A; Gold: A; Correct: Yes
Collapsed-domain reasoning: Lead poisoning is more commonly associated with neurological and hematological symptoms,
such as encephalopathy and anemia, rather than blushing. Phenolic acid and carbolic acid are not typically associated with
erethism; they are more relevant in the context of chemical burns or local irritation.

Final Verdict: Based on the clinical association of erethism with mercury poisoning and the lack of such a link with the
other options, the most likely answer is Option A.

MI-CoT Pred.: A; Gold: A; Correct: Yes
Collapsed-domain reasoning: Option B (Lead) is associated with neurological and renal toxicity but not typically with
blushing. Option C (Phenolic acid) and Option D (Carbolic acid) are not commonly linked to this symptom. Option A
(Mercury) is known to cause vasomotor instability and is the most likely to be associated with frequent blushing.

Final Verdict: Option A is the most likely answer based on the known toxic effects of mercury on vascular reactivity.

Reasoning Scaffolding Pred.: A; Gold: A; Correct: Yes
Collapsed-domain reasoning: Lead poisoning typically presents with neurological and hematological symptoms, not
vasomotor instability. Phenolic acid and carbolic acid are not commonly associated with erethism. Mercury, however, is
well documented for causing this symptom.

Final Verdict: Based on the clinical association between mercury poisoning and erethism, the most likely answer is Option
A

CWT Pred.: D; Gold: A; Correct: No
Collapsed-domain reasoning: Mercury poisoning typically presents with neurological and renal symptoms, not blushing.
Lead poisoning is associated with abdominal pain, anemia, and encephalopathy. Phenolic acid is not a recognized toxic
agent in standard medical literature and is not associated with blushing. Carbolic acid, however, is a known cause of
vasodilation and skin irritation, making it the most likely option.

Final Verdict: Based on the clinical association of blushing with vasodilation and the known effects of carbolic acid, the
most likely answer is Option D.

ACPD Pred.: A; Gold: A; Correct: Yes
Collapsed-domain reasoning: Lead poisoning typically presents with neurological and renal symptoms, not vasodilation
or blushing. Phenolic acid and carbolic acid are not commonly associated with erethism; they are more likely to cause
irritation or systemic toxicity without the specific vascular effects seen in mercury poisoning.

Final Verdict: Based on the clinical association between mercury poisoning and frequent blushing, the most likely answer is
Option A.

Table 16: Case panel for toxicological sign association. Standard KD and CWT are pulled toward a surface
association between blushing and chemical irritation, whereas ACPD preserves the teacher-aligned association
between erethism and mercury poisoning.
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Case 4: Azzopardi effect in small-cell lung carcinoma

Question: Small cell Ca lung, DNA of the necrotic cells get deposited on vessels?

Options: (A) Psammoma body (B) Azzopardi effect (C) Button collar lesion (D) Necrotic diathesis

Gold / Collapse: Gold: B; risk slice: A_high; diagnosed collapsed domain: Pathological Reasoning; LCM = —0.5
Teacher rationale: In small-cell lung carcinoma, tumor necrosis is common because of rapid growth and poor vascularity.
Necrotic material, including DNA, may be deposited along vascular structures. The specific named phenomenon for DNA
from necrotic tumor cells deposited on vessel walls is the Azzopardi effect, rather than psammoma bodies, button-collar
lesions, or the broader concept of necrotic diathesis.

Standard KD Pred.: B; Gold: B; Correct: Yes
Collapsed-domain reasoning: In small cell lung cancer, necrotic cells can release DNA into the vascular space. This
phenomenon is known as the Azzopardi effect.

Final Verdict: The phenomenon described in the question is the Azzopardi effect, which is the deposition of DNA from
necrotic cells into the vascular space. Therefore, the correct answer is Option B.

Structured CoT-SFT Pred.: D; Gold: B; Correct: No
Collapsed-domain reasoning: In small cell lung cancer, the deposition of DNA from necrotic cells on blood vessels is a
known phenomenon. This is due to the high mitotic activity and necrosis within the tumor, which leads to the release of
nuclear material into the vascular system.

Final Verdict: The most accurate and specific term for the described phenomenon is not explicitly listed, but the best
available option is Option D (Necrotic diathesis), as it most closely aligns with the general concept of necrotic changes in
the tumor microenvironment.

MI-CoT Pred.: C; Gold: B; Correct: No
Collapsed-domain reasoning: In small cell lung cancer, the necrotic cells release DNA, which can be deposited on blood
vessels, forming a characteristic pattern known as the button-collar lesion or Azzopardi effect. This is a well-documented
histopathological feature in this tumor type.

Final Verdict: Option C is the most accurate and specific term for the described histopathological feature in small cell lung
cancer.

Reasoning Scaffolding Pred.: C; Gold: B; Correct: No
Collapsed-domain reasoning: In small-cell lung cancer, the DNA of necrotic tumor cells can be released into the bloodstream
and deposited on the endothelial lining of blood vessels, forming a characteristic pattern known as the button collar lesion.
This is a hallmark of SCLC and is not typically seen in other types of lung cancer.

Final Verdict: The most accurate and specific term for the described histopathological feature in small cell lung cancer is
button collar lesion. Therefore, the correct answer is Option C.

CWT Pred.: D; Gold: B; Correct: No
Collapsed-domain reasoning: In small cell lung cancer, the DNA of necrotic tumor cells can be released and deposited on
blood vessels, a phenomenon that is a known histological feature of this aggressive malignancy.

Final Verdict: The most accurate and specific term for the described histological finding in small cell lung cancer is necrotic
diathesis. Therefore, the correct answer is Option D.

ACPD Pred.: B; Gold: B; Correct: Yes
Collapsed-domain reasoning: In small cell lung cancer, the necrotic cells release DNA, which can be seen as a fine, thread-
like material deposited on blood vessels. This is a characteristic feature of the Azzopardi effect, a known histopathological
finding in this malignancy.

Final Verdict: The most accurate and specific histopathological finding described in the question is the Azzopardi effect,
which is associated with the deposition of DNA from necrotic cells in small cell lung cancer. Therefore, the correct answer
is Option B.

Table 17: Case panel for Azzopardi effect in small-cell lung carcinoma. Unlike the previous Differential Exclusion
cases, this example illustrates a Pathological Reasoning collapse: several baselines recognize DNA deposition from
necrotic tumor cells but map it to an overly broad or incorrect histological term. ACPD recovers the teacher-aligned
pathological concept and selects Azzopardi effect.
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