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Abstract

This paper describes the submission of the
HITS team to the DISRPT 2025 shared task.
The shared task includes three sub-tasks: (1)
discourse unit segmentation across formalisms,
(2) cross-lingual discourse connective iden-
tification, and (3) cross-formalism discourse
relation classification. For task (1), we use
the google/mt5-xl model as our base model.
Additionally, we combine the weighted cross-
entropy loss function and adversarial training
techniques. For task (2), we propose an ensem-
ble of three encoder models whose embeddings
are fused together with multi-head attention.
We also integrate linguistic features and em-
ploy a CRF layer with label smoothing and
focal loss to further improve performance. Fi-
nally for task (3), we introduce a two-stage cur-
riculum learning framework with knowledge
distillation. A smaller "student" model inter-
nalizes a larger "teacher" model’s reasoning
by first learning simple label prediction and
then learning to analyze Chain-of-Thought ex-
planations before the label prediction for more
difficult samples.

The source code for our models is pub-
licly available at: https://github.com/
HereticFy/disrpt2025

1 Shared Task and Related Work

The shared task of Discourse Relation Parsing
and Treebanking (DISRPT), since 2019, has been
aiming to broaden the scope of discourse stud-
ies by including datasets and inviting researchers
from different discourse theories, to facilitate cross-
framework studies (Zeldes et al., 2019, Zeldes et al.,
2021, Braud et al., 2023). The 2025 shared task
proposes a unified typology of 17 discourse rela-
tions and contains three sub-tasks across sixteen
different languages. It also adds a unique constraint

*Equal contribution. Yi works on discourse segmentation
while Souvik is responsible for connective detection and rela-
tion classification.

of submitting only one multilingual model per sub-
task and the model also has a size constraint of
less than or equal to 4 billion parameters (for the
closed track). Task 1 of the shared task addresses
discourse unit segmentation, the foundational step
of partitioning a text into discourse segments. The
primary challenge lies in the significant diversity
of segmentation guidelines across different anno-
tation formalisms, such as Rhetorical Structure
Theory (RST, MANN and Thompson, 1988), Seg-
mented Discourse Representation Theory (SDRT,
Lascarides and Asher, 2007) and languages. There-
fore, the task aims to promote the development of
a single, flexible model capable of handling this
cross-formalism and cross-lingual variation.

Task 2 of the shared task is focused on dis-
course connective identification. The goal is to
automatically locate and extract the explicit words
or phrases (e.g., but, because, on the other hand)
that signal a relationship between two spans of text.
The provided datasets span multiple languages and
are annotated using two different formalisms: the
Penn Discourse Treebank (PDTB, Miltsakaki et al.,
2004) and the International Organization for Stan-
dardization’s framework for discourse relations
(ISO, Pustejovsky et al., 2008). The primary chal-
lenge lies in the linguistic diversity of connectives
and the structural differences between the two an-
notation schemes, requiring systems to handle both
forms of variation. Both segmentation and connec-
tive identification remains an easy task in English
owing to the large availability of English based
corpora. However, it remains a bit of a challenge
to train more resource constrained languages (for
example, Farsi).

Task 3 concentrates on discourse relation clas-
sification between two discourse units. This is a
challenging task even in a monolingual setting, as
evidenced by the existence of implicit connectives.
Implicit connective classification is a well studied
work in discourse parsing literature (Liu and Strube,
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2023, Liu et al., 2024a, Zhou et al., 2010, Shi et al.,
2017). The task is fundamentally ambiguity heavy
and more so in low resource corpora. Consequently,
building a successful multilingual model requires
a well-designed architecture capable of modeling
the complex relationships between discourse units
across all the diverse formalisms. The datasets’ use
of all the formalisms also means that systems must
contend with potential differences in the sense in-
ventories and annotation criteria between all the
standards.

Most recent work relies on fine-tuning pre-
trained language models to achieve the best perfor-
mance (Bakshi and Sharma, 2021, Lu et al., 2023).
This is further demonstrated by the winning teams
in the previous edition of the shared task. In 2023,
the best performance in the discourse segmentation
and connective identification task was achieved by
the MELODI team (Metheniti et al., 2023). They
fine-tuned a multilingual RoBERTa model for each
language separately. For the relation classification
task, the best performance was achieved by our
previous team (Liu et al., 2023). They fine tune
multilingual RoBERTa model for large datasets sep-
arately. But for others, they group datasets by their
frameworks and jointly train model on framework
groups.

Now with the advent of LLM, it remains to
be seen how generative approaches would bene-
fit such tasks. (Eichin et al., 2025) probes large
language models (LLMs) to see whether they cap-
ture discourse knowledge that generalizes across
languages and frameworks. This work provides
wonderful insight into what model would be best
suitable for the shared task objectives.

For more details on the statistics of the
shared task dataset, we kindly invite the
reader to refer to https://github.com/disrpt/
sharedtask2025.

2 Discourse Unit Segmentation across
Formalisms

2.1 Method

Following the shared task requirements for a sin-
gle multilingual model under 4 billion parameters,
we select google/mt5-xl (3.7B parameters) as our
base model for Task 1. We employ the Low-Rank
Adaptation (LoRA) technique (Hu et al., 2021) for
parameter-efficient fine-tuning. Building upon find-
ings that demonstrate the effectiveness of multilin-
gual training in fields such as machine translation

(Johnson et al., 2017; Dong et al., 2015; Aharoni
et al., 2019), we adopt a multilingual joint fine-
tuning strategy. This approach has been shown to
outperform monolingual fine-tuning for each lan-
guage, corroborated by Chen et al. (2024).

To investigate the impact of data composition
on model performance, we designed and compared
three distinct experimental configurations. Our pri-
mary setup involves fine-tuning a single fully mul-
tilingual model on the combined training data from
all available languages, which is subsequently eval-
uated across all corresponding test sets. For com-
parison, we established a monolingual baseline, in
which a separate model is trained and evaluated ex-
clusively on the data for each language. We found
that the group-specific configuration explores an
intermediate approach by partitioning the corpora
into two macro-groups: one for Chinese and an-
other for all other languages, which can achieve
the best performance for Task 1. For this setup, a
specialized model was trained for each group and
evaluated only within its respective language set.

Besides, due to time constraints, we are unable to
investigate the role of linguistic typology in cross-
lingual transfer for our task. Although our current
experiments examine broad data compositions, a
more fine-grained analysis could involve partition-
ing the training data based on language families.
For example, we could train specialized models
on families such as Romance or Germanic lan-
guages. This approach would enable a systematic
evaluation of how typological proximity influences
knowledge sharing and performance in discourse
segmentation. A more interesting setup in these
experiments would be to include language isolates
like Basque. Such a setup could offer valuable
insights into the boundaries and mechanisms of
cross-lingual transfer. We aim to address this in
future work.

Besides, the discourse segmentation task shows
a significant class imbalance, with the Seg=O (non-
boundary) tag being overwhelmingly dominant.
We employ a weighted cross-entropy loss function
during training to address this issue and encour-
age the model to focus on the rare but essential
Seg=B-seg (boundary) tags. The weight for each
class c, represented as wc, is calculated using the
inverse of the class frequency, a standard method
for managing imbalance. The formula is defined
as Equation 1, where N is the total number of to-
kens in the training set, C is the total number of
unique classes, and Nc is the count of occurrences
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Corpus F1 Corpus F1

nld.rst.nldt (Redeker et al., 2012a) 97.47 rus.rst.rrt (Pisarevskaya et al., 2017;
Toldova et al., 2017a)

92.75

eng.rst.rstdt (Lynn Carlson, 2002; Carl-
son et al., 2003)

97.40 eng.erst.gentle (Aoyama et al., 2023a) 92.00

eng.sdrt.msdc (Thompson et al., 2024a) 95.64 eus.rst.ert (Iruskieta et al., 2013a; Aranz-
abe et al., 2015)

90.97

por.rst.cstn (Cardoso et al., 2011a) 95.64 zho.rst.gcdt (Peng et al., 2022c,a) 90.90
eng.dep.scidtb (Yang and Li, 2018a) 95.08 eng.rst.umuc (Zaczynska and Stede,

2024a)
88.21

deu.rst.pcc (Stede and Neumann,
2014a)

94.52 fra.sdrt.annodis (Afantenos et al.,
2012a)

88.06

fas.rst.prstc (Shahmohammadi et al.,
2021a)

94.03 zho.dep.scidtb (Cheng and Li, 2019a; Yi
et al., 2021a)

87.83

ces.rst.crdt (Poláková et al., 2023a) 93.71 spa.rst.sctb (Cao et al., 2018a, 2017c,a,
2016a)

86.80

eng.erst.gum (Zeldes et al., 2025) 93.56 eng.rst.oll (Potter, 2008a) 86.66
eng.dep.covdtb (Nishida and Mat-
sumoto, 2022a)

93.36 eng.rst.sts (Potter, 2023) 82.90

eng.sdrt.stac (Asher et al., 2016a) 93.34 zho.rst.sctb (Cao et al., 2018b, 2017d,b,
2016b)

73.24

spa.rst.rststb (da Cunha et al., 2011a) 93.05 fra.sdrt.summre (Hunter et al., 2024b) 65.04
Mean 90.09

Table 1: Discourse Segmentation: Results per datasets on the Treebanked data, on test set

of class c. This approach assigns a higher penalty
to misclassifications of minority classes, thereby
improving the model’s F1 score on these critical
tags.

wc =
N

C ×Nc
(1)

To enhance the model’s robustness and general-
ization capabilities, particularly on subtle discourse
cues, we incorporate adversarial training into our
fine-tuning process. Specifically, we use the Fast
Gradient Method (FGM) inspired by Goodfellow
et al. (2015) to create adversarial perturbations on
the word embedding layer. During each training
step, after the standard backpropagation, FGM de-
termines a perturbation, radv, for the embedding
parameters θemb based on the gradient of the loss
L, as shown in Equation 2, where ϵ is a hyperparam-
eter controlling the size of the perturbation. This
perturbation is then added to the original embed-
dings, the model then performs a second forward
and backward pass to compute and gather the ad-
versarial loss. This approach helps the model learn
a smoother and more resilient decision boundary
in the embedding space.

radv = ϵ
∇θembL(θ)

∥∇θembL(θ)∥2
(2)

2.2 Results

Table 1 shows our experiment results for Task 1.
The results in Table 1 show that our model performs
strongly across most English-language datasets.
This aligns with previous findings (Liu et al., 2023).
However, we notice considerably lower perfor-
mance on two specific corpora, fra.sdrt.summre
and zho.rst.sctb, which warrants a closer qualita-
tive analysis.

Our model performs the worst on the
fra.sdrt.summre corpus. Our detailed inves-
tigation shows that its content, which comes from
multi-party meeting dialogues, exhibits frequent
linguistic disfluencies (e.g., "euh"), repetitions
(e.g., "ok, voilà, donc"), and non-standard punc-
tuation. This spoken, spontaneous style contrasts
sharply with the formal news articles or blog
articles prevalent in other datasets. We hypothesize
that the leading cause of performance decline is
the lack of sentence-ending periods and proper
capitalization, along with differences between
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spoken and written language. This is supported by
the fact that several different models tested on this
dataset also produced poor results. This points out
two major limitations of current models: the input
text needs to be properly formatted with correct
punctuation and capitalization, and while they
do well with formal written text, they struggle to
identify segmentation cues in noisy, conversational
dialogue.

Another dataset where our model underperforms
is zho.rst.sctb. We attribute this to a potential data
imbalance. Compared to the other two Chinese
corpora in Task 1, zho.rst.sctb includes a broader
range of genres and topics. However, this variety
is paired with a smaller amount of training data,
which likely hampers the model’s ability to gener-
alize effectively across its diverse content.

These findings highlight the significant chal-
lenges of out-of-domain generalization for dis-
course segmentation. Bridging the performance
gap between written and spoken language, as well
as between well-structured and disorganized texts,
remains an important area for future research. We
leave this as a direction for future work.

3 Discourse Connective Identification
across Languages

3.1 Methodology: A Linguistically-Aware
Ensemble with Multi-Feature Fusion

For the task of identifying discourse connectives
across languages, we found encoder-only models
to be significantly more effective and efficient than
decoder-based generative architectures. The inher-
ent bidirectionality of encoders is crucial for this
task, and their smaller size enabled us to construct
a powerful ensemble of multilingual models. This
ensemble approach allows the strengths of each en-
coder to complement one another, leading to more
robust performance. Recognizing that connective
detection is a fundamentally linguistic challenge,
we also enhanced our models by explicitly injecting
linguistic information.

3.1.1 Model Architecture
Our proposed system for multilingual discourse
connective identification is centered around a pow-
erful ensemble of pretrained transformer-based en-
coders. They are further enhanced with explicit
linguistic features: Part of Speech tags and depen-
dency relations. It employs a fusion mechanism
to fuse the hidden representations of the different

encoders. A structured output layer that consists of
a classification layer and a CRF layer. This section
details the core components of our model architec-
ture and training strategy.

Multi-Encoder Ensemble Backbone Our ap-
proach uses an ensemble of three heterogeneous
multilingual models to create a robust feature repre-
sentation that mitigates model-specific biases. We
selected RemBERT for its strong cross-lingual
transfer (Chung et al., 2021), XLM-RoBERTa
(Large) for its proven performance on multilin-
gual tasks (Conneau et al., 2020), and mDeBERTa-
v3 (Base) for its improved disentangled attention
mechanism (He et al., 2023)

For a given input sequence, each encoder inde-
pendently generates contextualized hidden state
representations, Hi ∈ RL×Di , where L is the se-
quence length and Di is the hidden dimension of
encoder i. This is our system to leverage the com-
plementary strengths of each architecture.

Linguistic Feature Integration To make the
model explicitly aware of grammatical context, we
integrate two types of syntactic features derived
from CoNLL-U file annotations: Part-of-Speech
(POS) tags and Dependency Relations (Dep-Rels).
These categorical features are converted into dense
vectors via separate embedding layers, Epos and
Edep. The resulting embeddings are concatenated
and passed through a linear projection layer with a
ReLU activation, allowing the model to learn com-
plex interactions between these features. (Kiper-
wasser and Goldberg, 2016)

Feature Fusion Module We explore three strate-
gies to fuse the outputs from the multiple encoders:

1. Concatenation (concat): The hidden states
from all encoders are concatenated along the
feature dimension:

Hfused = [H1, H2, . . . ,HN ] (3)

2. Weighted Fusion (weighted): Each en-
coder’s hidden state Hi is projected to a com-
mon dimension and the weights w are normal-
ized via a softmax function.

Hfused =

N∑

i=1

softmax(w)i ·Lineari(Hi) (4)

3. Attention Fusion (attention): Multi-Head
Attention layer processes the concatenated
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Corpus F1 Corpus F1

eng.pdtb.pdtb (Prasad et al., 2008, 2018,
2019)

93.15 deu.pdtb.pcc (Bourgonje and Stede,
2020)

79.37

tur.pdtb.tdb (Zeyrek and Kurfalı, 2017) 93.07 por.pdtb.tedm (Zeyrek et al., 2019,
2018a)

78.38

eng.pdtb.gentle (Aoyama et al., 2023b) 89.20 eng.pdtb.tedm (Zeyrek et al., 2019,
2018a)

78.18

eng.pdtb.gum (Liu et al., 2024b) 87.09 zho.pdtb.ted (Long et al., 2020) 76.04
tha.pdtb.tdtb (Sriwirote et al., in press;
Boonkwan et al., 2020)

86.14 pol.iso.pdc (Ogrodniczuk et al., 2024a) 72.18

zho.pdtb.cdtb (Zhou et al., 2014a) 84.01 ita.pdtb.luna (Tonelli et al., 2010; Ric-
cardi et al., 2016)

70.81

por.pdtb.crpc (Mendes and Lejeune,
2022)

80.86 tur.pdtb.tedm (Zeyrek et al., 2018a,
2019)

65.80

pcm.pdtb.disconaija (Scholman et al.,
2025)

80.82

Mean 81.00

Table 2: Discourse Connective Identification: Results per datasets on the Treebanked data, on test set

hidden states to dynamically learn token-level
combinations of the different representations.

The final fused representation is concatenated with
our linguistic feature embeddings. We found that
the attention fusion works best empirically. The
results provided in Table 2 use the same fusion
method.

Classifier Head and CRF Layer The combined
representation is passed through a multi-layer clas-
sifier head before a final linear layer projects the
features into the label space, producing logits. In-
stead of making independent predictions, we em-
ploy a Conditional Random Field (CRF) layer.
A CRF models dependencies between adjacent
labels by learning a matrix of transition scores.
The final output is determined by the Viterbi al-
gorithm, which finds the globally optimal sequence
of labels, thus ensuring syntactically valid tag se-
quences (e.g., an ‘I-conn‘ must follow a ‘B-conn‘).

3.1.2 Training and Optimization
The model is trained end-to-end using a strategy
designed for robustness and performance on imbal-
anced data.

Hybrid Loss Function We train the model end-
to-end with a hybrid loss function designed for
robustness on imbalanced data. The total loss com-
bines the following components:

• CRF Loss: The negative log-likelihood of the
gold-standard label sequence, calculated by a

final Conditional Random Field (CRF) layer
(Lafferty et al., 2001).

• Focal Loss: To address the severe class im-
balance between ‘O‘ (outside) labels and con-
nective labels (‘B-conn‘, ‘I-conn‘), we incor-
porate Focal Loss (Lin et al., 2017). Similar
to the method in task 1, this loss modifies the
standard cross-entropy to focus training on
hard-to-classify examples with a weight cal-
culation dependent on the training set itself:

FL(pt) = −αt(1− pt)
γ log(pt) (5)

where γ is a tunable focusing parameter. The
loss is computed on the logits before the CRF
layer.

• Label Smoothing: We also apply Label
Smoothing (Szegedy et al., 2016), a regular-
ization technique that discourages overconfi-
dence in the model’s predictions to improve
calibration and generalization.

3.2 Results
Table 2 shows the F1-score for the various PDTB
corpora and the ISO corpus. The F1-scores span
a wide range, from a low of 65.80 to a high of
93.15, with a mean of 81.00. This highlights the
varying difficulty and perhaps the maturity of the
annotation schemes and resources across differ-
ent languages and domains. Corpora like Italian
(ita.pdtb.luna at 70.81) and Polish (pol.iso.pdc at
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72.18) are on the lower end of the performance
spectrum. The ita.pdtb.luna corpus is a corpus of
conversational spoken dialogues. This is a signifi-
cant difference from corpora based on written text,
like the Penn Discourse Treebank (PDTB), which
uses news articles. Spoken language is often less
structured and can contain interruptions, overlaps,
and less formal grammatical constructions, mak-
ing discourse relations more ambiguous. As for
pol.iso.pdc, we note that the dataset is not very
large. Another reason could be Polish is a strongly
inflected language, resulting in high type counts
and bad generalizability for word-piece based mod-
els across different forms of the same lexical item.

The corpora based on TED talks consistently
have lower F1-scores compared to other corpora
in the same language (tur.pdtb.tedm, zho.pdtb.ted,
eng.pdtb.tedm, por.pdtb.tedm). This is most likely
because they have no training set and are test-only,
which suggests our method can’t generalize well
from other datasets. Clearly, the choice of corpus
(i.e., the type of text) has a massive impact on
performance, often more so than the language itself.
Further analysis needs to be done to understand the
nuances in the score difference. We also tried out
adversarial training strategies, but the scores were
barely affected by the strategy.

4 Discourse Relation Classification across
Formalisms

4.1 Method Introduction: A Two-Stage
Curriculum Learning Framework

Our approach to multilingual discourse relation
classification is a two-stage fine-tuning framework
designed to transfer the nuanced reasoning capa-
bilities of a very large "teacher" model to a com-
pact "student" model (≤ 4B parameters). We call
this methodology Rationale-Enhanced Curriculum
Learning (RECL). It combines supervised fine-
tuning with hard-sample mining and a weighted
curriculum, structured in a way that mimics a stu-
dent’s learning process: first, a broad initial study,
followed by targeted tutoring on difficult topics.

Given size constraints, the core idea is to use
knowledge distillation (Hinton et al., 2015), not by
copying the output probabilities, but by transferring
the explicit reasoning process of the teacher model
to the student through chain-of-thought (CoT) ratio-
nales (Wei et al., 2022). This is particularly suited
for a relatively complex task like discourse rela-
tion classification. Our framework is also explicitly

designed to mitigate catastrophic forgetting (Kirk-
patrick et al., 2017) by ensuring that the model
consolidates its existing knowledge while learning
from its mistakes.

4.2 Foundational Model and Task
Formulation

Our student model is google/gemma-2-2b-it. A 2B
parameter model was chosen because it empirically
outperformed the larger 3-4B models we evaluated
by a small margin. We formulate the task as a
generative problem. The model is prompted with
two text units (Argument 1 and Argument 2), the
full sentence they are part of (full context), the
direction of the relation, and a list of all 17 labels.
All this information is parsed from the training files
themselves. Finally, the model’s task is to generate
a single, structured JSON output.

This strict output format simplifies parsing
and ensures reliable evaluation. The system
prompt explicitly instructs the model on its
role and output format. The output format is
{"label": "classification"}.

You are a discourse relation
classifier. Your task is to
analyze text pairs and classify
their discourse relationship and
label them from the given labels.

IMPORTANT: Your response must be
ONLY a JSON object in the format
{"label": "your_classification"}

Do not include any other text or
explanations outside of the JSON.

4.3 Stage 1: Initial Supervised Fine-Tuning
(SFT)

Objective To train a competent classifier that
learns the general patterns of discourse rela-
tions across multiple languages. This stage
is analogous to a student attending a general
lecture course.

Data The full training set, with samples from all
available languages, is loaded and combined
into a unified dataset for comprehensive train-
ing. It exposes the model to the full diversity
of the task.
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Corpus Accuracy Corpus Accuracy
tha.pdtb.tdtb 93.97 spa.rst.rststb 66.43
eng.sdrt.msdc 88.90 eng.pdtb.tedm 66.38
eng.dep.scidtb 81.41 por.pdtb.tedm 65.93
eng.pdtb.pdtb 79.32 eng.pdtb.gentle 65.65
por.pdtb.crpc 75.48 nld.rst.nldt 64.92
eng.sdrt.stac 75.00 eng.rst.rstdt 64.64
spa.rst.sctb 74.84 eng.erst.gentle 62.66
rus.rst.rrt 71.87 eng.rst.umuc 61.57
zho.pdtb.cdtb 71.37 zho.rst.sctb 59.75
zho.dep.scidtb 70.23 tur.pdtb.tedm 58.68
eng.dep.covdtb 70.07 fas.rst.prstc 58.45
pol.iso.pdc 69.99 deu.rst.pcc 58.24
por.rst.cstn 69.49 pcm.pdtb.disconaija 57.82
zho.rst.gcdt 68.52 deu.pdtb.pcc 56.70
eng.pdtb.gum 67.46 eng.rst.oll 54.98
eng.erst.gum 67.26 eus.rst.ert 53.20
ita.pdtb.luna 67.20 fra.sdrt.annodis 52.82
zho.pdtb.ted 67.07 eng.rst.sts 52.74
tur.pdtb.tdb 66.75 ces.rst.crdt 52.03
Macro Average 66.78
Micro Average 72.24

Table 3: Discourse Relation Classification: Results per datasets on test set

Training We use Parameter-Efficient Fine-Tuning
(PEFT) with the LoRA (Low-Rank Adap-
tation) strategy (Hu et al., 2021). This
efficiently adapts the model by training
only a small number of parameters in
the attention mechanism’s projection layers
(q_proj, k_proj, v_proj, o_proj) and
the feed-forward network layers (gate_proj,
up_proj, down_proj).

4.4 Stage 2: Rationale-Enhanced Curriculum
Learning

This stage refines the model by focusing on its spe-
cific weaknesses, guided by the principle that ex-
plicit reasoning can help solve complex problems.
It unfolds in three phases.

4.4.1 Identifying the Student’s Weaknesses
(Hard-Sample Mining)

First, we identify the samples that the Stage 1
model struggles with. We run inference on the
entire training set using the model fine-tuned from
stage 1. The samples for which the model predicts
incorrectly are classified as “hard samples". These

samples represent the gaps in the model’s initial
understanding and form the basis for our targeted
curriculum. One should also note that the valida-
tion set and test set remain untouched throughout
the whole process. We deliberately use the training
set for this identification, rather than the develop-
ment set, to ensure the development set remains a
true proxy for unseen test data. Using it to inform
the training curriculum would mean it no longer
simulates genuine test conditions, which would
compromise its ability to provide an unbiased eval-
uation of the model.

4.4.2 Generating Expert Explanations
(Knowledge Distillation)

To provide the necessary "tutoring" for
these hard samples, we distill knowledge
from a vastly more powerful teacher model,
Qwen/Qwen2.5-72B-Instruct. We prompt
this teacher model to act as a "distinguished
computational linguist" and generate a detailed
Chain-of-Thought rationale for each hard sample.
This rationale explains why a specific label is
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correct, citing linguistic evidence and comparing
it against other plausible labels. We have also
added handwritten Chain-of-Thought rationales
for 4 samples from the training dataset. Those
handwritten rationales serve as few-shot examples
for the model to aid in rationale generation. This
process generates high-quality, explanatory data.
This large-scale generation task was made feasible
by using the vLLM (Kwon et al., 2023) library for
high-throughput inference on a multi-GPU cluster.
For the shared task, we submit the file containing
the rationales to avoid the need for loading such a
huge model.

4.4.3 Targeted Tutoring with Memory
Consolidation (Weighted Fine-Tuning)

Curriculum learning is a training strategy inspired
by human education where a model is not shown
training samples in a random order, but rather in
a meaningful sequence that progresses from easy
to more complex examples. This approach helps
guide the model towards a better solution and can
improve generalization by allowing it to first learn
simple concepts before tackling more difficult ones
(Bengio et al., 2009). Thus, the final step is to re-
train the model, but with a curriculum designed to
fix its mistakes while retaining its existing knowl-
edge. We start with the weights of the Stage 1
model, not the original pre-trained model.

The training data for this stage is a strategic mix:

Hard Samples These are the previously misclas-
sified samples. They are now presented to
the model with a new prompt that includes
the expert-generated CoT rationale under the
heading "Expert Analysis." This explicitly
guides the model through the reasoning pro-
cess it failed to grasp initially.

Easy Samples To prevent catastrophic forgetting,
the samples that the model classified cor-
rectly in Stage 1 are also included. These are
presented with the original, simpler prompt
from Stage 1, reinforcing the model’s existing
strengths.

To force the model to prioritize learning from
its mistakes, we apply a weighted loss function
during training. The hard samples with rationales
are assigned a loss weight of 1.5, while the easy
samples retain a weight of 1.0. This ensures the
training gradient is more significantly influenced by
the need to correct prior errors. The learning rate

was also much lower compared to the first stage,
and the epoch was kept at 1.

4.5 Results

For evaluation, we first merge the Stage 1 LoRA
adapter into the base model’s weights and then ap-
ply a new LoRA adapter for Stage 2. This sequen-
tial adaptation approach is a common practice for
multi-stage fine-tuning, allowing the model to first
acquire broad knowledge before specializing in a
subsequent task, a methodology employed in devel-
oping specialized models (Wu et al., 2024). This
process is efficiently managed using standard li-
braries designed for parameter-efficient fine-tuning
(Mangrulkar et al., 2022)

The ultimate goal of our two-stage process is
to produce a more capable standalone classifier.
The evaluation protocol measures this outcome di-
rectly by tasking the model with classifying un-
seen samples from the test set using only the stan-
dard prompt from stage 1. This approach rigor-
ously tests whether the knowledge distilled from
the teacher model’s rationales has been successfully
integrated into the student model’s own parameters,
leading to a genuine enhancement of its intrinsic
reasoning abilities.

As can be seen from the results in 3, the accuracy
scores for a lot of languages are quite low. This
highlights the incredibly difficult nature of the task
itself. There does not seem to be any sort of clear
trend, but the ted datasets perform poorly here as
well. A more thorough investigation is required that
involves ablation studies. This would reveal which
component of our two-stage fine-tuning process
contributes the most or, conversely, least to the
accuracy score. We found that there was a 2.12
% increase in micro average score from stage 1 to
stage 2. This suggests that the model does use the
Chain-Of-Thought rationales to its advantage, but
not quite to the extent of warranting the use of such
a technique on a wider scale. Future work could
look at using task vectors or changing the model’s
internal, like the representation space, to explicitly
make the model “internalise" the rationales for the
harder samples.

5 Conclusion

This paper presents our strategies for the DISRPT
2025 Shared Task. In Task 1, our approach involves
fine-tuning through multilingual joint training on
linguistically motivated language groups. We in-
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corporated two key techniques to improve model
performance: a weighted loss function to address
the task’s significant class imbalance and Fast Gra-
dient Method (FGM) adversarial training to boost
the model’s robustness.

In task 2, our approach involves building an en-
semble of three encoder models whose embeddings
are smartly fused together with a multi-head atten-
tion layer. We also add Part-Of-Speech tags and
dependency relations present in the training file
as linguistic features. A CRF layer is added after
the classification layer to account for dependencies
between adjacent labels. To account for label imbal-
ance, we use focal loss and label smoothing. This
ensures our model is robust and flexible enough to
handle different languages.

In task 3, we use a two-stage fine-tuning frame-
work designed to transfer the nuanced reasoning
capabilities of a very large "teacher" model to a
compact "student" model so that the smaller model
can learn complex discourse relationships. The
fine-tuning process follows a curriculum learning
framework. In such a framework, the model learns
to perform increasingly harder tasks. In our case,
the model first learns to look at the discourse units
and then predict the label, followed by looking at
Chain-Of-Thought reasoning for harder examples.
This way, it can learn to internalise such reason-
ing and increase prediction accuracy on the harder
samples. Future work could use this method of
knowledge distillation and curriculum learning for
more complex discourse-related tasks.
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pus (Ogrodniczuk et al., 2024b; Calzolari et al.,
2024), the Cross-document Structure Theory News
Corpus (Cardoso et al., 2011b), the Russian RST
Treebank (Toldova et al., 2017b), the RST Span-
ish Treebank (da Cunha et al., 2011b), the RST
Spanish-Chinese Treebank (Cao et al., 2018c), the
Georgetown Chinese Discourse Treebank (Peng
et al., 2022d,b), the DiscoNaija corpus (Schol-
man et al., 2025), the Penn Discourse Treebank
(Prasad et al., 2014; Webber et al., 2019), the TED-
Multilingual Discourse Bank (English) (Zeyrek
et al., 2018b, 2019), the LUNA Corpus Discourse
Data Set (Tonelli et al., 2010; Riccardi et al., 2016),
the Portuguese Discourse Bank (Mendes and Leje-
une, 2022; Généreux et al., 2012), the Thai Dis-
course Treebank (Prasertsom et al., 2024), the Turk-
ish Discourse Bank (Zeyrek and Webber, 2008;
Zeyrek and Kurfalı, 2017), and the Chinese Dis-
course Treebank (Zhou et al., 2014b).
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