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Preface

Welcome to the 4th Shared Task on Discourse Relation Parsing and Treebanking (DISRPT 2025).

DISRPT is a shared task on discourse processing across formalisms, for a variety of languages and gen-
res, with three subtasks this year: Task 1: discourse segmentation, Task 2: connective detection, and
Task 3: relation classification.

We provided training, development, and test datasets from all available languages in RST, SDRT, PDTB,
DEP (discourse dependencies), the ISO framework, and the Enhanced Rhetorical Structure Theory
(eRST), using a uniform format. Because different corpora, languages, and frameworks use different
guidelines, the shared task aims at promoting the design of flexible methods for dealing with various
guidelines, to propose a joint evaluation of discourse parsing approaches and to push forward the discus-
sion on converging standards for discourse units and relations.

DISRPT 2025 is part of the joint CODI-CRAC 2025 workshop, a venue that brings together researchers
working on all aspects of discourse in Computational Linguistics and NLP. We hope that the next CO-
DI workshops will also feature shared tasks on discourse analysis, as the domain needs more research
promoting thorough and diversified evaluation as well as more consistent standards and expansions to
languages and text types not yet covered in the field.

We thank the CODI organizers, and the reviewers who helped improve the papers and reproduce the
participating systems. Finally we would like to thank the EMNLP 2025 workshop chairs Sunipa Dev,
Maja Popović, and Eleftherios Avramidis who organized the EMNLP workshop program.

The DISRPT 2025 Organizers,

Chloé Braud, Chuyuan Li, Yang Janet Liu, Philippe Muller and Amir Zeldes
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Abstract
In 2025, we held the fourth iteration of the DIS-
RPT Shared Task (Discourse Relation Parsing
and Treebanking) dedicated to discourse pars-
ing across formalisms. Following the success
of the 2019, 2021, and 2023 tasks on Elemen-
tary Discourse Unit Segmentation, Connective
Detection, and Relation Classification, this it-
eration added 13 new datasets, including three
new languages (Czech, Polish, Nigerian Pidgin)
and two new frameworks: the ISO framework
and Enhanced Rhetorical Structure Theory, in
addition to the previously included frameworks:
RST, SDRT, DEP, and PDTB. In this paper,
we review the data included in DISRPT 2025,
which covers 39 datasets across 16 languages,
survey and compare submitted systems, and
report on system performance on each task
for both treebanked and plain-tokenized ver-
sions of the data. The best systems obtain a
mean accuracy of 71.19% for relation classifi-
cation, a mean F1 of 91.57 (Treebanked Track)
and 87.38 (Plain Track) for segmentation, and
a mean F1 of 81.53 (Treebanked Track) and
79.92 (Plain Track) for connective detection.
The data and trained models of several partici-
pants can be found at https://huggingface.
co/multilingual-discourse-hub.1

1 Introduction

Automatic discourse analysis consists in identify-
ing semantic and pragmatic links between text seg-
ments that organize a monologue or dialogue into
a coherent and meaningful whole. The goal of
discourse parsing is to build a discourse structure
representing these links, such as the tree in Figure
1 or the graph in Figure 2. Typical discourse rela-
tions include explanation, concession, or purpose

*Discourse Relation Parsing and Treebanking (DISRPT
2025) was held in conjunction with CODI-CRAC at EMNLP
2025 in Suhzou, China and Online (https://sites.google.
com/view/disrpt2025/).

1The shared task data are also available on our GitHub, as
well as the evaluation script: https://github.com/disrpt/
sharedtask2025.

Figure 1: An RST tree example from RST-DT, visual-
ized with rstWeb (Gessler et al., 2019).

Figure 2: An SDRT graph (Liu and Chen, 2021).

as in Figure 1, but also relations more specific to
dialogues such as Question-Answer Pair (QAP) in
Figure 2. Discourse relations can be triggered by
specific expressions, namely discourse connectives,
such as and for the conjunction relation in Figure 1,
the relation is then called explicit, in contrast with
implicit relations, which are not explicitly marked.

Discourse relation extraction can be an end task
in itself (e.g. find all concessions in a political
speech), but discourse information has also been
shown to be useful for other tasks, as demonstrated
by studies on text style (Yang and Jin, 2023; Zhu
et al., 2023), anxiety or emotion (Juhng et al., 2023;
Zhang et al., 2023a), and propaganda identification
(Chernyavskiy et al., 2024). In addition, discourse
attracts renewed interest as current models struggle
with long-text modeling and generation (Ivgi et al.,
2023; Li et al., 2023; Liang et al., 2023; Feng et al.,
2023; Buchmann et al., 2024; Wu et al., 2024a).

As in the last two editions of DISRPT, three
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tasks are proposed: Task 1: discourse segmenta-
tion—identifying the elementary discourse units
(EDUs), or more precisely their starting tokens,
that may be linked by discourse relations; Task
2: discourse connective detection—identifying
specific lexical items, called connectives, that can
signal a discourse relation (e.g. while, because, as
long as etc.); Task 3: discourse relation classifi-
cation—identifying a relation label between a pair
of attached discourse units. In addition, tasks 1 and
2 have two tracks, depending on whether sentence
boundaries and additional morpho-syntactic infor-
mation is available (Treebanked) or not (Plain).

The DISRPT shared tasks emerged from the
need to evaluate systems for automatic discourse
analysis beyond the Penn Discourse Treebank
(Prasad et al., 2014, 2019) and RST Discourse
Treebank (Carlson et al., 2001), the two most used
datasets for discourse relation or connective clas-
sification, and discourse segmentation or parsing.
Both datasets consist of Wall Street Journal articles
in English, from the same period of time. Limiting
training/evaluation to these datasets thus greatly
restricts applications and understanding of general
discourse knowledge of models. Since 2019, the
set of datasets composing the DISRPT benchmark
has grown in size and representativeness in terms
of frameworks, languages, domains, and genres.

But in 2023, with 26 datasets, two problems
were raised. First, the total number of labels for
relation classification was very large, despite some
homogenization that allowed to reduce them from
350 to 191 (Braud et al., 2024). This high number
of labels, with almost no overlap between frame-
works, prevents efficiently combining the datasets
and hinders the development of joint models. Sec-
ond, the rapid development in NLP sees the emer-
gence of powerful, but computationally expensive
models, making the reproduction step, which is
crucial in a shared task, more and more difficult,
especially with many tasks and datasets. In this
new edition, we thus attempt to solve the first is-
sue by proposing a unified set of 17 discourse
labels, where similar relations are grouped into
coarse grained classes. In addition, we imposed
two new constraints: each team had to propose
a single model per task – versus one model per
dataset as it was often the case in past editions –
with a limit on the number of parameters at 4B.

This year, the benchmark has been expanded

with 13 new datasets compared to 2023,2 including
datasets from two new frameworks: the ISO frame-
work (Bunt and Prasad, 2016) and the Enhanced
Rhetorical Structure Theory (eRST, Zeldes et al.
2025), and new languages (Polish, Czech, Nigerian
Pidgin). We also included new dialogic data, with
now six datasets including dialogues, vs. two in
2023, and we updated some existing datasets (see
Section 4). In total, 39 datasets were made avail-
able across six frameworks and 16 languages in a
unified format. In the last phase of the shared task,
we released six surprise datasets including data
for two new languages (Polish and Nigerian Pid-
gin) and a new framework (ISO). The benchmark
also contains six out-of-domain (OOD) datasets for
which only dev/test partitions were available.

Five teams participated in the shared task, with
two teams including some of the organizers. Over-
all, three systems were proposed for Tasks 1 and 2,
and five systems for Task 3. For the Treebanked
track, DiscUT, from the MELODI team, ranked
first on the EDU segmentation task and connec-
tive detection, with performance very close to the
HITS team for the latter. For the Plain track, the
SeCoRel system, from AU-KBC Research Centre,
ranked first on EDU segmentation, and MELODI
was first on connective detection. For relation clas-
sification, the DeDisCo system, from Georgetown
University, ranked first. The results demonstrate
that multilingual models are competitive compared
to approaches relying on independent, language-
specific models used in previous editions, but there
is margin for improvements for all tasks, especially
for low-resource languages.

2 Related Work

Automatic Discourse Analysis. This is an active
domain of research, with many researchers mov-
ing toward processing of long-form documents and
conversations and taking advantage of the capabili-
ties of contemporary Pretrained Language Models
(PLMs). Recent work has shown that discourse in-
formation is impactful in varied domains and tasks:
In the Question Answering task, answers often re-
quire multiple sentences (Prasad et al., 2023; Xu
et al., 2023; Zhang et al., 2024), and in summariza-
tion or text simplification, outputs must correctly
relate to discourse and coreference links, but often
fail to do so (Cripwell et al., 2023; Pu et al., 2023;

2Two datasets were already included in the DISRPT
benchmark release (Braud et al., 2024).
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Wu et al., 2024b; Zhang et al., 2023b; Chang et al.,
2024; Li et al., 2025). In machine translation too,
document-level translation has become an impor-
tant challenge (Maruf et al., 2021; Pal et al., 2024),
and new datasets and metrics are being developed
to account for discourse phenomena (Fernandes
et al., 2023; Jiang et al., 2023). The study of rea-
soning in Large Language Models (LLMs) also
benefits from data analyzed at the discourse level,
which remains challenging for models (Newman
et al., 2023; Huang et al., 2024; Sprague et al.,
2023; Kim et al., 2024).

The full task of discourse parsing involves iden-
tifying the minimal text segments–or Elementary
Discourse Units (EDU)–to be linked (segmenta-
tion), then a recursive process involves an attach-
ment step between pairs of discourse units (or
groups of such units) and the labeling of the dis-
course relation between these nodes to create either
a complete graph (SDRT, (e)RST, and discourse
dependencies) or a sparse set of subgraphs (PDTB,
ISO), optionally linked to textual triggers such as
connectives (PDTB, ISO, eRST).

Most of the existing work on discourse pars-
ing focuses on English, either for monologues
(Maekawa et al., 2024) or dialogues (Thompson
et al., 2024a), with also some systems developed
for Chinese (Hung et al., 2020; Peng et al., 2022b).
In order to better understand potential weaknesses
or limits of these systems, a long line of work fo-
cuses on subtasks, such as segmentation (Marcu,
2000; Muller et al., 2019a) and discourse relation
labeling (Dai and Huang, 2018; Xiang and Wang,
2023), but also connective identification, which
can provide important clues for identifying dis-
course relations (Gopalan and Lalitha Devi, 2016;
Yu et al., 2019). Again, these studies mostly focus
on English, and multilingual or multi-domain com-
parisons are rare (Li et al., 2014; Liu and Zeldes,
2023; Metheniti et al., 2024). In addition, most
work on discourse relation classification focuses on
implicit relations (e.g. Liu and Strube 2023; Zhao
et al. 2023), which are not triggered by a connec-
tive and are therefore harder to identify, thereby
hindering our understanding of the difficulty of the
task as a whole.

The DISRPT Shared Task. DISRPT was first
organized in 2019, with only two tasks: segmen-
tation and connective identification (Zeldes et al.,
2019). The third task on relation identification was
added in 2021 (Zeldes et al., 2021), and covered 16

datasets across 11 languages. For the last edition,
in 2023 (Braud et al., 2023), the benchmark was
composed of 26 datasets and 13 languages. In total,
11 teams participated over the three past editions,
and additional experiments were presented on the
DISRPT benchmark in Braud et al. (2024).

The aim of the shared task has been to promote
cross-lingual and cross-framework discourse anal-
ysis. The handling of the multilingual aspect of
the DISRPT benchmark was done either by using
(1) monolingual representations, (2) multilingual
representations with systems trained independently
on each dataset, or (3) multilingual joint training.
For the three past editions, the winning systems for
all three tasks were based on option (1) or (2).

In particular, for discourse relations, the best
system overall was the one proposed in Gessler
et al. (2021), with scores computed on the extended
benchmark in Braud et al. (2024): this system re-
lies mostly on monolingual PLMs with additional
linguistic features, and models were fine-tuned in-
dependently on each dataset. A few attempts have
been made to group small datasets per framework,
for example, the winning system in 2023 (Liu et al.,
2023), or to jointly train over all datasets (Methen-
iti et al., 2023). Interestingly, one participating
system proposed to introduce a relation hierarchy
in order to help with label explosion (Varachkina
and Pannach, 2021).

For segmentation and connectives, previously
two of the winning systems used multilingual em-
beddings or PLMs, but still learning independent
models (Muller et al., 2019b; Metheniti et al.,
2023). Again, attempts have been made to group
datasets by language families (Kamaladdini Ezz-
abady et al., 2021) or to transfer from one dataset
to another (Dönicke, 2021).

For the 2025 edition, we decided to constrain
participants to propose a single model, i.e., one set
of parameters and hyper-parameters, that could be
evaluated over all the datasets, thereby imposing a
multilingual joint approach. Ensemble or pipeline
approaches were allowed, as long as the total num-
ber of parameters did not exceed 4B parameters.
Considering that the very high number of different
relation labels was an important obstacle to joint
learning, we mapped the annotated relations to a
limited set of 17 labels (see Section 4.5).

Existing Mapping Proposals. Previous work
has proposed various mappings across a subset of
the frameworks and languages covered by DIS-

3



RPT (Chiarcos, 2012, 2014; Rehbein et al., 2016;
Sanders et al., 2021), and applications of the map-
pings were also limited to a small number of cor-
pora that either mainly contain news data or are pri-
marily in English (Benamara and Taboada, 2015;
Bunt and Prasad, 2016; Demberg et al., 2019; Costa
et al., 2023). As a result, the generalizability of the
proposed mappings is limited.

The ISO (Bunt and Prasad, 2016) proposal for
annotation of semantic phenomena gives a set of 20
labels, as well as a mapping from some RST, SDRT,
and PDTB corpora. Annotations rely on both a re-
lation label and role labels for arguments, e.g. the
Question-Answer relation corresponds to the ISO
label Functional Dependence and a communicative
function of answer for the second argument. On
the other hand, Sanders et al. (2018) proposed to
decompose relations into primitive concepts (e.g.,
polarity, conditional). These approaches are inter-
esting, but have never been applied to the range of
languages, domains, and frameworks included in
DISRPT. In addition, adopting their formats would
require substantial work and would change the for-
mat of the task too much within the scope of the
DISRPT tracks. Moreover, our aim is not to pro-
duce annotation guidelines, but rather to allow for
cross-framework investigation of the task. How-
ever, we took inspiration from the ISO standard
when defining our own mapping.

Motivated by previous proposals and the need
for generalization in NLP models or LLMs for dis-
course phenomena, Eichin et al. (2025) develop a
unified set of 17 discourse relation labels that en-
ables cross-lingual and cross-framework discourse
analysis using the DISRPT 2023 shared task data
(Braud et al., 2023), covering four frameworks
(RST, PDTB, SDRT, and DEP) and 13 languages
from 23 corpora. While the proposed unified label
set in Eichin et al. (2025) is thorough, it does not
cover the newly introduced framework and datasets.
We thus propose a unified label set also taking in-
spiration from this proposal, but that differs in cer-
tain relation collapses. Section 4.5 presents and
discusses the development of the unified label set.

3 Tasks and Tracks

This year, not all datasets have data annotated
for discourse relation classification (Task 3): the
French SUMM-RE dataset (Hunter et al., 2024;
Prévot et al., 2025) is only annotated for segmen-
tation. For connective detection (Task 2), only

the datasets within the PDTB and ISO frameworks
have annotations, while the others have annotations
for discourse unit segmentation (Task 1).

For Tasks 1 and 2, two tracks were proposed:

• Treebanked: documents are split into sen-
tences or speech turns, morpho-syntactic in-
formation and syntactic parses are provided –
either gold when available or obtained from
an automated tool;

• Plain: plain tokenized documents, without
sentence split nor morpho-syntactic informa-
tion. The tokenization is provided by the au-
thors of the corpora.

In addition, we added two constraints for this
edition: for each task, each team has to propose a
single model that can be evaluated on all datasets,
and the total number of parameters of the model
should not exceed 4B. These constraints make the
replication work more feasible as larger models can
be too large for our computational capacity. More
importantly, it allows to simplify the practical use
of such a model and to evaluate the robustness of
the proposed approaches.

4 DISRPT 2025 Data

4.1 Data Format
The shared task aims at providing an unified format
across varied annotations projects. Three types of
files are provided: the conllu and tok files contain
the data for segmentation and connective identifi-
cation in the CoNLL-U format with one line per
token and the last column containing the label. The
conllu files indicate both sentence and document
boundaries, while the tok files have only the latter.
The rels files correspond to the relation classifica-
tion task, with one pair of discourse units per line,
and additional information such as the correspond-
ing sentences, the type of relation when available,
the original relation name, and the DISRPT label in
the last column. More information on the DISRPT
format can be found in Braud et al. (2024).

4.2 Summary of the Datasets
DISRPT 2025 includes 39 datasets, where a dataset
is a unique combination of a language, a frame-
work, and a corpus name; a multilingual corpus
such as TEDm thus corresponds to several datasets,
one for each language. In total, six frameworks are
represented, now including the new eRST frame-
work (Zeldes et al., 2025) created as an extension
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of RST, and the ISO framework (Tomaszewska
et al., 2024). Data are available for 16 languages,
compared to 13 in 2023, with new datasets for
Czech, Polish, and Nigerian Pidgin. The datasets
also vary in terms of genres and domains, still in-
cluding news, wiki, or scientific documents, but
also more conversations (LUNA, DiscoNaija, and
SUMM-RE), online speech such as vlogs, podcasts,
and eSports (GUM, GENTLE), and even medical,
legal, and poetry writing (Basque RST-TB, GEN-
TLE).

The increase in dialogue data raises issues on
how to build the files used for segmentation or
connective detection: the notion of sentence is of-
ten unclear in dialogues, and some datasets con-
sider speech turns as a way to split documents into
smaller units for the Treebanked track (i.e. the
conllu files). For SUMM-RE (Hunter et al., 2024;
Prévot et al., 2025), a corpus of spoken dialogues,
we discussed with the authors to find an optimal
way of splitting the dialogues. One issue is how to
deal with back-channeling elements (e.g. mm), as
they were transcribed, but usually overlapped the
other speaker’s turn. Corpus creators suggested a
fixed list of short turns overlapping longer turns.

We provide general statistics of all the datasets
in Table 5 and statistics based on the data partitions
in Table 6 in Appendix A.

4.3 Dataset Updates
Compared to the last release of the benchmark in
2024 (Braud et al., 2024), we have implemented
several updates to the datasets. These changes limit
direct comparisons but are crucial to maintain high-
quality data. One important change concerns the
Russian RST dataset (rus.rst.rrt): it has been
substantially reduced, as an author indicated that
the Science section contained faulty annotations,
and this part of the dataset was thus removed.

Another important change is the modification of
the English PDTB v3 splits. This change is moti-
vated by the overlap between the English PDTB
v3 and the English RST-DT train/test sections: two
corpora annotated over a common set of the Wall
Street Journal articles. Since we constrain partic-
ipants to jointly train on all datasets, maintaining
a split where test files from one are present in the
other’s training set was not possible.

More precisely, we decided to follow the par-
tition proposed in RST-DT and use the same for
PDTB v3. It does not lead to the exact same set of
files in each split, since PDTB v3 contains more

Split DISRPT23 DISRPT25

# tokens # files # tokens # files
train 1, 061, 229 / 91.75% 1, 992 / 92.14% 961, 757 / 83.15% 1, 805 / 83.49%
dev 39, 768 / 3.44% 79 / 3.65% 96, 068 / 8.31% 177 / 8.19%
test 55, 660 / 4.81% 91 / 4.21% 98, 832 / 8.54% 180 / 8.33%

Table 1: Comparison of the distributions of the train /
dev / test splits for the English PDTB v3 in DISRPT
2023 and 2025.

articles than RST-DT, but also four files annotated
within the RST-DT do not appear in the PDTB v3.
The RST-DT partitions are not based on sections,
as for PDTB v3, but articles from different sections
are mixed within each set. Using the exact same
set of files as in RST-DT to build PDTB v3 dev
and test sets is not enough: we thus add all files
from sections 21 and 22 to the PDTB v3 test set,
as these sections were used as test in previous
studies (i.e. the so-called Ji and Eisenstein split,
Ji and Eisenstein 2015); all files from sections 00
and 24 are used as development, 24 being usually
used as dev while 00 is generally ignored. Our
final partition for PDTB v3 is shown in Table 1: it
leads to a larger evaluation set, thus making for a
more robust evaluation, and has no conflicts with
RST-DT. The exact composition of each split is
available on GitHub.3

Other minor changes were also necessary: GUM,
which grows annually, was updated to its latest ver-
sion; the Thai corpus was reparsed by the authors;
the STAC corpus was reprocessed entirely based
on its lastest version; For the English PDTB v3,
some missing relations, or relations with a wrong
type, were added back; for the Basque RST dataset,
one relation with the label definitu-gabeko erlazioa
(‘undefined’) was removed because we were un-
able to find its definition; the Chinese GCDT was
reparsed; for the Italian LUNA dataset, speech turn
segmentation was corrected, the entire dataset was
reparsed, and all instances of the relation Inter-
rupted were removed, as they only involve one
argument. For the DiscoNaija dataset, we found
some errors in the annotations where arguments
were overlapping, and thus these examples were
not included in the current version of the dataset
(130 explicit or implicit instances ignored in total).

4.4 Segmentation and Sentence Splitting

Comparing the beginning of sentences in the
conllu files and the label indicating the beginning
of an EDU, we found a large number of instances

3https://github.com/disrpt/sharedtask2025
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(27.27%) where the start of a new sentence is not
annotated as a new segment in the English STS
corpus (eng.rst.sts). Having examined these
cases, we found that, in some documents, the cor-
pus has very long, multi-sentence segments, that
might be longer than 2000 tokens. We expect large
error rates for this dataset on the segmentation task,
and systems could struggle when trying to identify
relations with very long arguments.

Other cases of discrepancies come from er-
rors of the automated tools used to segment
into sentences, as in the previous edition. The
datasets containing errors of this type are:
ANNODIS (fra.sdrt.annodis, 6.12%), the
Basque ERT (eus.rst.ert, 3.01%), the English
OLL (eng.rst.oll, 1.91%), the Russian RRT
(rus.rst.rrt, 1.26%), and the Portuguese CSTN
(por.rst.cstn, 0.39%). We plan to provide new
sentence splitting for these datasets, using updated
tools, for next editions.

4.5 A Unified Set of Relation Labels
For DISRPT 2025, we propose a unified set of
labels, in order to push forward the development
of cross-framework and cross-lingual systems for
relation classification. The choice of the labels
is inspired by previous cross-framework mapping
proposals (See Section 2), but we cannot adopt any
of the existing ones directly. Since we have to in-
tegrate all the existing DISRPT datasets as well as
the new ones, we are forced to take into account the
variety of granularity: for example, some datasets
have a vague Temporal label, and we would need
to reannotate the data in order to keep the finer-
grained distinction between synchronous and asyn-
chronous relations existing in many datasets.

Moreover, since different annotation projects
made different choices in what counts as a dis-
course relation, it is clear that some labels will not
be represented in some datasets. For example, At-
tribution is annotated in RST-style corpora, but it
is not considered a relation in the PDTB-style ones:
we need to keep this label, which corresponds to
a clear definition that could not be merged with
other types of relation, and thus some datasets will
have this label missing. In a similar vein, there are
relations defined for dialogic phenomena, such as
Question-answer, while some monologic datasets
also include similar relations, e.g. Hypophora in
PDTB v3, and these relations could be mixed with
labels less specific to dialogs, such as Solutionhood.
It is however clear that the distribution for such a

class will be very different between monologic and
dialogic datasets.

The final mapping has been established by five
experts in discourse after discussions considering
all the 306 different labels found in the DISRPT
2023 data. They then checked that this set was
also able to integrate labels for datasets added in
2025, and in the end all the new relations were
possible to integrate. They also considered the cov-
erage of this label set, aiming at having most of
the labels represented in all the datasets. The fi-
nal 17 labels are: ALTERNATION, ATTRIBUTION,
CAUSE, COMMENT, CONCESSION, CONDITION,
CONJUNCTION, CONTRAST, ELABORATION, EX-
PLANATION, FRAME, MODE, ORGANIZATION,
PURPOSE, QUERY, REFORMULATION, and TEM-
PORAL. All datasets contain between 9 and 17
labels, eight datasets have the whole 17 labels rep-
resented, 18 have 15 labels or more. The final
labels are shown in Table 7 in Appendix B with
examples of corresponding original labels from dif-
ferent datasets.

In the end, our mapping is rather close to the
ISO standard: ATTRIBUTION, FRAME, COMMENT,
and ORGANIZATION were added, and the first two
have explicitly no corresponding mapping in Bunt
and Prasad (2016), while the last two cover rela-
tions that seem to be considered as elaboration in
ISO; TEMPORAL covers the finer-grained distinc-
tion between synchrony and asynchrony, a choice
dictated by the variety of annotations in DISRPT.4

The same goes for the distinction between condi-
tion and negative-condition that could not be kept.

Compared to Eichin et al. (2025), we reorga-
nized their structuring class, considering that rela-
tion labels such joint or list should be together
(CONJUNCTION), and separated from relations
such as alternation or disjunction (ALTERNATION),
and from relations describing some textual orga-
nization such as preparation, progression, sum-
mary or heading (ORGANIZATION). We also kept
the distinction between CONTRAST and CONCES-
SION which is well-established in the datasets. We
restricted the COMMENT class to commentaries,
and defined a QUERY class to cover several dialog
phenomena (e.g. acknowledgment, clarification
question) but also relations that can be found in
monologues, such as interpretation, evaluation or
problem-solution.

4Corpora with no temporal distinctions:
eng.dep.covdtb, zho.pdtb.cdtb, por.pdtb.crpc,
zho.dep.scidtb, eng.dep.scidtb, fas.rst.prstc.
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Figure 3: Distribution of the unified label set per frame-
work in the DISRT 2025 datasets.

The final mapping is not completely satisfying,
in the sense that several fine-grained distinctions
are lost, but we believe that it is necessary if one
wants to investigate discourse in a cross-framework
setting. Note that, however, the DISRPT format
does keep the direction of the relation as an addi-
tional feature of the relation, allowing to retrieve,
for example, distinctions between cause and result
relations. In addition, Figure 3 shows that, overall,
the label distribution is still unbalanced, and the
distribution is framework dependent.

5 Participating Systems

CLaC: The CLaC team from Concordia Univer-
sity participated in Task 3: discourse relation classi-
fication. Their baseline systems include fine-tuning
multilingual PLMs based on Transformers with
different encoding of the direction of the relation
and different amounts of frozen layers, and prompt-
ing a generative model in zero- and few-shot set-
tings. Their best system, called HiDAC (Hierarchi-
cal Dual-Adapter Contrastive), achieves the highest
performance while relying on a parameter-efficient
fine-tuning strategy: the backbone PLM is split into
two parts: the lower layers learning representations
of the arguments using LoRA (Hu et al., 2022) and
a contrastive loss, and the upper ones learning task-
specific representations using Mixture-of-Experts
LoRA adapters and cross-entropy loss. The whole
model is optimized based on a combination of the
two losses. In their paper, they report experiments
on the public part of the benchmark, excluding the
datasets under restrictive licenses. Their model
was retrained on all datasets by the organizers dur-
ing the reproducution phase. Their strategy allows
to obtain similar or even better results than full
fine-tuning, at a lower computational cost. On the
other hand, the prompt-based approaches underper-

formed compared to fine-tuning.

DeDisCo: The DeDisCo team from Georgetown
University also participated only in Task 3. Af-
ter experimenting with both the encoder-decoder
(mt5-based) and decoder-only approaches, the team
opted for the latter and used Qwen3-4B (Yang et al.,
2025) as a base model. Since the model was just
over the maximum parameter count (4.02B), the
team first distilled a version with under 4B param-
eters using the layer pruning approach proposed
by Men et al. (2024). They then experimented
with different prompts and finally selected a strat-
egy incorporating not only dataset and language
specific encoding, but also relation direction, ar-
gument and context delimitation, and linguistic
feature encoding (a subset of the ‘DisCoDisCo’
features from Gessler et al. 2021). The final system
was fine-tuned end-to-end on all training datasets,
which were supplemented by data augmentation
on some of the smaller languages. Specifically,
they machine-translated the most similar English
datasets to six smaller language datasets in Basque,
Czech, Dutch, French, German, and Persian in or-
der to create more training data in those languages.
Their paper contains an ablation analysis of each
of these components (augmentation and different
kinds of features) on each dataset.

DiscUT and DiscReT: The MELODI team pre-
sented systems for all the three tasks, DiscReT (Dis-
course Relation Tagger) for relation classification
and DiscUT (Discourse Unit Tagger) for segmen-
tation and connective identification for both tracks.
The models all rely on an architecture based on
Transformers, with a multilingual PLM fine-tuned
on all the datasets. For the Plain track, documents
were segmented using SaT (Frohmann et al., 2024).
They experimented with different ways of combin-
ing the data by language groups or frameworks, in
order to allow the models to gradually learn from
more similar groups of annotations, using sequen-
tial fine-tuning: the model is first fine-tuned on a
specific group, then the fine-tuning continues on
another group. They also introduced features rep-
resenting the framework and the language, and, for
relation classification, the direction of the relation
and its locality. For all tasks, best performance
was obtained when training on the full concatena-
tion of all datasets and all features except locality,
using XLM-RoBERTa-large for relation classifica-
tion, and InfoXLM for the other tasks.

7



HITS: The HITS team participated in all three
tasks with distinct systems. For Task 1, the team
fine-tuned mT5-xl (3.7B parameters) using LoRA,
then applied weighted loss to compensate for class
imbalances (most tokens are not segmentation
points) and adverserial training using the Fast Gra-
dient Method (FGM) to boost robustness. For Task
2, the team combined three multilingual encoders
(RemBERT, XLM-RoBERTa and mDeBERTa-v3),
integrating POS tags and dependency features, and
using a CRF layer with a focal loss and label
smoothing to combat label imbalance. Finally for
Task 3, the team took a two-stage approach, using
Rationale-Enhanced Curriculum Learning, using
a gemma-2-2b student model to output json rep-
resentations of labels with LoRA fine-tuning, and
then using a much larger Qwen2.5-72B-Instruct
model as a tutor, which was used to extract verbal
rationales for cases the learner model failed to clas-
sify correctly. These rationales were fed back to
the student learner in a second training procedure
to produce the final model.

SeCoRel: The SeCoRel team, from the AU-KBC
Research Center, participated in all three tasks and
both tracks. For all three tasks, they proposed an
approach relying on the fine-tuning of a multilin-
gual PLM based on the Transformer architecture
of a relatively small size (XLM-RoBERTa base)
and optimized the hyper-parameter values. In order
to deal with the Plain track, the documents were
segmented into sentences using heuristic rules that
are not detailed in the paper.

6 Results

Results for each track/dataset are in Tables 2–4.

Task 1: Discourse Segmentation (Table 2). For
discourse segmentation on the Treebanked track,
the best results were obtained by the MELODI
team (DiscUT) with at best 91.57 mean F1 over
the 39 datasets. As shown in the previous editions,
performance on this task seems to have reached a
plateau, with a similar score in 2023 (91.87 F1).
These scores tend to demonstrate that a joint ap-
proach can be as effective as models trained sep-
arately on each datasets, and that the newly intro-
duced datasets are not harder than the existing ones.
However, when looking at the scores in detail, we
observe a decrease of around 2 points for GUM and
STAC and 1 point for the RST-DT, and the Basque
ERT. On the other hand, some datasets seem to ben-

efit from the joint training, such as the Portuguese
CSTN (+1.8) and the Dutch NLDT (+1.4 point).
For the Russian RRT, the removal of a problematic
section greatly improves the score (92.50 against
85.58 in 2023). In addition, some scores are still
under 90%, e.g. for the new French SUMM-RE
dataset, but also for datasets included for a longer
time, such as the French ANNODIS, the Spanish
SCTB or the Chinese SciDTB and SCTB, datasets
which future work should study more.

We observe some variance in the scores, with
very close performance reported for MELODI and
HITS, and up to 1.4 points of increase during repro-
duction. Unfortunately, we were not able to report
on several runs, due to time and computational
constraints, but it would be important to test this
variance more thoroughly for all the three tasks.

For Plain, only two teams participated, and
SeCoRel ranked first with 87.38 mean F1. The dif-
ficulty of this track is that documents are not split
into sentences, but PLMs all have input size lim-
its, preventing use of the full documents as inputs.
Both teams pre-processed data to split documents
into sentences: SeCoRel used heuristic rules while
DiscUT (MELODI) relied on a pre-trained model.
The results demonstrate that the tool used did not
make a big difference, and that heuristics can per-
form even better, though scores are clearly lower
compared to the Treebanked track (87.38 against
91.57), indicating some issues with the sentence
splitting.

When comparing the individual results between
the two tracks, we can see a large drop in per-
formance for some datasets. For the MELODI
system, this drop happens either for low-resource
languages / domains or smaller datasets: the Chi-
nese SCTB (−19.7) and SciDTB (−16), the En-
glish STS (−8), GENTLE (−6.4) and OLL (−3.7),
the Spanish SCTB (-5.1), the Portuguese CSTN
(−4.1), the Basque ERT (−3.8), the Czech CRDT
(−3.1); for dialogues datasets for which the tool
is not adapted: the French SUMM-RE (−14.9),
the English MSDC (−10.6) or STAC (−5); and
for datasets containing initially gold sentences: the
English RST-DT (−2.85). Future research should
focus on this more practical setting by improving
pre-processing or evaluating solutions to take a
larger context into account.

Task 2: Connective Identification (Table 3).
For this task, MELODI ranked first in both tracks,
but results are very similar between MELODI and
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Treebanked Track Plain Track
DiscUT (MELODI) HITS SeCoRel (AU-KBC) SeCoRel (AU-KBC) DiscUT (MELODI)

Dataset P R F1 P R F1 P R F1 P R F1 P R F1

ces.rst.crdt 94.26 91.92 93.08 94.27 91.92 93.08 92.50 91.93 92.21 90.18 91.30 90.74 86.28 93.78 89.88
deu.rst.pcc 97.87 93.89 95.84 94.08 91.52 92.78 94.85 93.56 94.20 94.86 93.90 94.38 92.18 95.93 94.01
**eng.dep.covdtb 91.66 93.52 92.58 88.99 94.78 91.80 86.46 94.10 90.12 86.81 93.93 90.23 88.97 95.45 92.10
eng.dep.scidtb 95.05 95.46 95.26 94.42 95.13 94.77 94.00 94.75 94.38 94.00 94.75 94.38 93.77 95.46 94.61
eng.erst.gentle 94.30 93.88 94.09 94.75 88.33 91.43 93.46 83.65 88.28 92.51 75.07 82.89 88.07 87.29 87.68
eng.erst.gum 95.38 92.07 93.70 95.86 90.17 92.93 93.70 87.07 90.27 93.58 90.05 91.78 91.38 91.31 91.34
eng.rst.oll 92.17 89.93 91.03 83.71 90.97 87.19 78.59 89.24 83.58 78.79 90.28 84.14 84.19 90.62 87.29
eng.rst.rstdt 97.32 96.07 96.69 96.59 97.78 97.18 95.84 94.37 95.10 95.38 93.35 94.36 92.71 94.97 93.83
eng.rst.sts 86.74 89.58 88.14 79.44 83.93 81.62 78.65 83.33 80.92 65.10 69.94 67.43 80.48 79.76 80.11
eng.rst.umuc 93.65 84.70 88.95 86.03 88.34 87.17 86.04 87.19 86.61 86.04 87.19 86.61 87.23 87.57 87.40
eng.sdrt.msdc 96.99 94.65 95.81 96.95 93.84 95.37 96.10 93.46 94.76 96.33 93.06 94.67 93.58 78.24 85.23
eng.sdrt.stac 90.75 95.23 92.93 91.64 94.02 92.81 87.72 95.32 91.36 85.33 90.73 87.95 83.50 92.98 87.98
eus.rst.ert 92.45 89.45 90.93 90.04 91.62 90.82 87.76 90.14 88.93 88.06 89.73 88.89 86.43 87.83 87.13
fas.rst.prstc 93.75 94.17 93.96 93.15 93.28 93.21 91.64 94.93 93.26 91.63 94.78 93.18 92.33 91.64 91.98
fra.sdrt.annodis 89.42 87.54 88.47 87.87 86.73 87.30 85.96 79.29 82.49 89.41 80.58 84.77 89.64 86.89 88.24
fra.sdrt.summre 93.84 84.10 88.70 62.23 63.05 62.64 56.83 90.16 69.71 57.45 97.04 72.17 75.44 72.38 73.84
nld.rst.nldt 99.09 96.74 97.90 95.55 95.27 95.41 96.76 97.04 96.90 97.04 96.08 96.56 93.96 96.74 95.33
por.rst.cstn 95.45 96.07 95.76 94.82 95.75 95.28 92.74 96.08 94.38 92.74 90.22 91.46 87.05 96.73 91.64
rus.rst.rrt 94.84 90.27 92.50 93.67 91.36 92.50 92.43 91.64 92.03 92.22 91.60 91.91 90.51 90.09 90.30
spa.rst.rststb 92.24 93.04 92.64 91.84 93.04 92.44 92.46 90.65 91.55 92.00 90.89 91.44 90.31 93.26 91.74
spa.rst.sctb 88.75 84.52 86.58 85.55 88.09 86.80 87.42 82.74 85.02 86.54 80.36 83.33 79.21 83.92 81.50
zho.dep.scidtb 80.34 99.14 88.76 80.07 97.45 87.91 83.15 94.47 88.45 83.15 94.47 88.45 57.75 98.29 72.75
zho.rst.gcdt 91.96 86.99 89.41 92.18 88.46 90.28 87.32 92.67 89.92 86.82 91.12 88.92 85.75 89.28 87.48
zho.rst.sctb 60.29 95.83 74.02 56.63 94.05 70.69 54.14 93.45 68.56 53.24 88.10 66.37 38.16 94.04 54.29

mean 91.61 92.03 91.57 88.35 90.79 89.31 86.94 90.88 88.46 86.22 89.52 87.38 84.54 90.18 86.57

in paper - - 90.19 - - 90.09 - - 86.365 - - 88.005 - - 86.89

Table 2: Results for Task 1: discourse segmentation, Treebanked and Plain tracks. The table contains the
reproduced scores per dataset and average, and we also report the scores for the system’s paper when available.

Treebanked Track Plain Track
DiscUT (MELODI) HITS SeCoRel (AU-KBC) DiscUT (MELODI) SeCoRel (AU-KBC)

Dataset P R F1 P R F1 P R F1 P R F1 P R F1

deu.pdtb.pcc 78.00 82.97 80.41 93.92 92.27 93.09 84.69 88.30 86.46 79.38 81.91 80.62 84.69 88.30 86.46
***eng.pdtb.gentle 90.36 84.54 87.36 86.12 77.57 81.62 89.41 85.19 87.25 90.56 82.40 86.29 87.17 86.05 86.61
eng.pdtb.gum 91.34 81.92 86.37 81.91 80.30 81.09 87.64 74.92 81.78 90.44 81.20 85.57 87.89 72.38 79.38
eng.pdtb.pdtb 94.17 93.50 93.83 93.56 79.17 85.76 92.05 89.47 90.74 95.33 92.41 93.84 87.58 86.30 86.93
**eng.pdtb.tedm 83.82 74.02 78.62 79.78 75.53 77.60 84.24 74.03 78.80 86.36 74.02 79.72 84.24 74.03 78.80
ita.pdtb.luna 65.15 71.64 68.24 87.51 88.62 88.06 47.90 74.33 58.26 65.72 62.45 64.04 47.63 73.18 57.70
pcm.pdtb.disconaija 84.07 77.57 80.69 72.27 60.92 66.11 72.25 71.13 71.69 76.60 80.15 78.33 73.73 70.88 72.27
pol.iso.pdc 72.53 70.65 71.58 94.35 92.46 93.40 68.76 71.83 70.26 70.41 67.60 68.98 68.37 72.07 70.17
por.pdtb.crpc 81.59 79.04 80.29 93.02 48.58 63.83 80.41 78.49 79.44 83.22 73.49 78.05 79.70 77.94 78.81
**por.pdtb.tedm 82.77 85.22 83.98 85.00 73.59 78.89 78.30 81.77 80.00 79.70 79.31 79.50 78.04 82.27 80.10
tha.pdtb.tdtb 88.95 92.71 90.79 75.34 65.26 69.94 81.84 84.15 82.98 87.81 91.89 89.80 78.95 83.47 81.15
tur.pdtb.tdb 91.96 95.19 93.55 82.14 77.06 79.52 80.33 80.20 80.26 90.40 93.79 92.06 87.84 78.46 82.89
**tur.pdtb.tedm 92.80 52.22 66.83 91.64 81.72 86.39 63.01 39.68 48.69 91.48 52.22 66.49 80.33 39.68 53.12
zho.pdtb.cdtb 91.43 75.32 82.60 92.43 83.91 87.96 70.68 55.49 62.17 88.93 74.67 81.18 86.47 57.37 68.98
zho.pdtb.ted 75.03 80.98 77.89 77.03 75.30 76.15 63.01 68.86 65.81 71.66 77.24 74.35 58.75 67.59 62.86

mean 84.26 79.83 81.54 85.73 76.82 80.63 76.30 74.52 74.97 83.20 77.65 79.92 78.09 74.00 75.08

in paper - - 80.11 - - 81.00 - - 72.325 - - 79.79 - - 71.985

Table 3: Results for Task 2: Discourse Connective Detection, Treebanked and Plain Tracks. The Table contains
the reproduced scores per dataset and average, and we also report the average score for the system’s paper.

HITS for Treebanked. It is interesting to note
that when one system is better than the other on a
dataset, it is often by a very large margin, e.g. +21.8
for HITS on the Polish PDC, +19.8 on the Italian
LUNA, +19.6 on the Turkish TEDm, but +20.8
for MELODI on Thai TDTB, +16.5 on Portuguese
CRPC, and +14.6 on Nigerian Pidgin DiscoNaija.
This indicates that these systems operate differently

and some sort of combination could be beneficial
and should be investigated.

The overall best average F1 on the Treebanked
track is 1 point better than in 2023 (81.54 against
80.47), and is very similar for the Plain track

5This system was not originally trained and evaluated
on the licensed datasets, explaining differences between the
reported and reproduced scores.
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Dataset DeDisCO HITS DiscReT CLAC SeCoRel

ces.rst.crdt 56.08 53.38 47.97 47.97 43.92
deu.pdtb.pcc 67.53 63.92 63.92 63.92 53.61
deu.rst.pcc 64.10 59.71 52.75 46.52 47.25
*eng.dep.covdtb 71.46 71.31 69.22 70.46 65.27
eng.dep.scidtb 84.29 81.78 78.22 80.31 78.22
*eng.erst.gentle 68.30 62.42 53.53 54.00 50.08
eng.erst.gum 76.50 67.32 64.21 62.14 58.81
*eng.pdtb.gentle 67.30 64.89 64.25 63.10 55.47
eng.pdtb.gum 73.48 67.88 69.31 66.15 63.71
eng.pdtb.pdtb 83.54 79.95 75.06 76.11 70.43
*eng.pdtb.tedm 68.95 64.96 61.54 61.54 57.83
eng.rst.oll 62.73 58.30 47.23 53.87 46.49
eng.rst.rstdt 73.09 64.92 60.93 64.08 60.46
eng.rst.sts 54.27 54.27 42.68 41.77 36.28
eng.rst.umuc 65.91 63.84 59.09 56.20 56.82
eng.sdrt.msdc 90.00 89.60 85.64 85.79 85.03
eng.sdrt.stac 77.04 75.89 69.50 69.68 67.91
eus.rst.ert 50.10 54.02 54.43 50.93 52.58
fas.rst.prstc 59.29 59.80 57.60 55.41 52.20
fra.sdrt.annodis 60.06 57.00 57.97 53.78 55.23
ita.pdtb.luna 72.00 68.53 66.67 60.27 60.00
nld.rst.nldt 67.38 64.92 59.69 56.31 54.15
pcm.pdtb.disconaija 59.88 60.37 57.72 56.34 56.05
pol.iso.pdc 72.01 72.01 60.03 54.78 52.76
por.pdtb.crpc 78.61 76.12 79.09 76.28 74.12
*por.pdtb.tedm 70.33 65.11 65.66 62.91 61.81
por.rst.cstn 71.32 70.22 68.01 69.12 63.60
rus.rst.rrt 73.93 72.58 66.68 66.43 62.49
spa.rst.rststb 69.25 65.49 61.50 58.22 57.04
spa.rst.sctb 80.50 74.21 67.92 66.04 63.52
tha.pdtb.tdtb 97.10 95.68 97.02 96.95 96.28
tur.pdtb.tdb 68.65 66.03 65.80 61.76 56.29
*tur.pdtb.tedm 58.68 59.50 60.88 60.06 57.02
zho.dep.scidtb 75.35 70.23 69.77 73.49 66.05
zho.pdtb.cdtb 89.97 81.79 77.57 82.32 73.35
zho.pdtb.ted 75.64 70.75 67.74 64.14 58.80
zho.rst.gcdt 75.13 71.46 61.91 62.54 58.87
zho.rst.sctb 75.47 57.86 55.35 60.38 54.09

mean 71.19 67.84 64.32 63.48 60.10

in paper 71.28 66.78 64.01 67.465 55.295

Table 4: Reproduced results for Task 3: Discourse
Relation Classification. The Table also contains aver-
age scores as reported in each system’s paper.

(79.92 against 79.36). It demonstrates once again
the effectiveness of the joint approach. However,
many datasets still obtain a performance lower
than an average F1 of 80, again for small or OOD
datasets (English, Chinese), or low-resource lan-
guages / domains (Turkish TEDm, Italian LUNA,
Polish PDC), indicating room for improvement.

As for segmentation, performance is lowered for
the Plain track, but the drop is less significant,
the sentence segmentation being less relevant for
this task. For some datasets, performance is a bit
higher within this track (e.g. English TEDm), but
we also observe large drops (e.g. Italian LUNA, Pol-
ish PDC, Turkish TEDm), which requires a more
detailed error analysis for future improvements.

Task 3: Relation Classification (Table 4). For
this task, DeDisCo ranked first, with a mean accu-
racy of 71.28, much higher than the performance
obtained by the best system in 2023 (62.36) or the

best scores reported in 2024 (62.21), although this
is not an apples-to-apples comparison as the label
set is different. We note that the scores for almost
all teams are also above the previous results, sug-
gesting that joint learning is effective for the task.
The experiments presented in the DeDisCo paper
demonstrate the effectiveness of the decoder-only
architecture with instruction learning, and the ab-
lation study shows that some of the features used
really boost the performance (especially the direc-
tion and context). The results on data augmentation
are less clear, with increased performance for some
target languages but not all of them, while it im-
proved the results of source datasets overall. The
model proposed in the end has a rather high com-
putational cost, nearly fully using the allowed 4B
parameters, and future studies could investigate ad-
ditional methods to lower this cost while relying
on large generative models.

We observe that scores are still low, under or
just above 60% for several datasets: English STS,
Basque ERT, Farsi PRSTC, Turkish TEDm, French
ANNODIS and Nigerian Pidgin DiscoNaija. Most
of these datasets correspond to small datasets or
to a low-resource language, e.g., Nigerian Pidgin
is close to English but with many lexical and syn-
tactic differences, and there are likely almost no
documents in this language included in the pre-
training data of the PLMs used here, demonstrating
that future effort should focus on this issue. For
English STS, the problem could come from very
long arguments, spanning multiple sentences, that
may require a special processing or handling.

7 Conclusion

In this paper we present the data, systems, and re-
sults for the 2025 edition of the DISRPT shared
tasks on discourse relation segmentation, classifi-
cation and connective detection. The 2025 edition
advances multilingual processing of discourse by
providing new data, launching a new unified la-
bel set, and proposing a single-model, multilingual
setup for each track. With five teams participating
and a range of new SOTA scores, we are look-
ing forward to applications using models from the
shared task, and to proposals to further develop the
benchmark in future tasks in the coming years.
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A DISRPT 2025: Statistics by Partition

Table 5 provides general information for each
datasets, such as the domains covered and overall
stats. Specifically, ‘#Docs’, ‘#Sents’, ‘#Tokens’,
and ‘#EDUs’ correspond to the total number of doc-
uments, sentences (Treebanked track), tokens, and
EDUs. ‘#Conn’ is the number of connectives, and
‘Vocab’ is the number of unique tokens. ‘#Labels’
is the size of the label set, and ‘#Rels’ to the total
number of relations annotated.

Table 6 gives a detailed overview of statistics
for each partition in every dataset. Datasets with 0
training tokens are test-only. Note the the #Units
column refers to the number of EDUs in segmenta-
tion datasets (top part of the table), and the number
of connectives in connective detection datasets (bot-
tom part of the table).

B DISRPT 2025: The Unified Label Set

For DISRPT 2025, we defined a mapping from all
the original relations annotated to 17 classes. We
indicate in Table 7 some of the relations covered in
each framework by each class.
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Corpus Domain #Docs #Sents #Tokens Vocab #EDUs #Conn #Labels #Rels References

Tasks 1 and 3: EDU Segmentation and Relation Classification

ces.rst.crdt journalistic texts 54 835 14, 664 6, 065 1, 453 - 17 1, 249 Czech RST Discourse Treebank 1.0
(Poláková et al., 2023)

deu.rst.pcc newspaper commentaries 176 1, 944 32, 836 8, 260 3, 111 - 16 2, 665 Potsdam Commentary Corpus (Stede
and Neumann, 2014)

**eng.dep.covdtb scholarly paper abstracts
on COVID-19

300 2, 343 60, 907 8, 293 5, 705 - 11 4, 985 COVID-19 Discourse Dependency TB
(Nishida and Matsumoto, 2022)

eng.dep.scidtb scientific articles 798 4, 202 102, 534 8, 700 10, 986 - 14 9, 903 Discourse Dependency TB for Scien-
tific Abstracts (Yang and Li, 2018)

**eng.erst.gentle multi-genre 26 1, 334 17, 979 4, 133 2, 716 - 17 2, 552 Genre Tests for Linguistic Evaluation
(GENTLE) (Aoyama et al., 2023)

eng.erst.gum multi-genre 255 14, 158 254, 890 29, 323 32, 428 - 17 30, 747 Georgetown University Multilayer cor-
pus V11 (Zeldes, 2017)

eng.rst.oll online learning discus-
sions

327 2, 156 46, 471 4, 821 3, 079 - 17 2, 751 Online Learning Corpus (Potter, 2008)

eng.rst.rstdt news 385 8, 318 208, 912 19, 160 21, 789 - 17 19, 778 RST Discourse TB (Carlson et al.,
2001)

eng.rst.sts scholarly debate 150 2, 591 71, 206 7, 675 3, 208 - 17 3, 058 Science, Technology, and Society cor-
pus (Potter, 2008)

eng.rst.umuc diplomatic speeches 87 2, 424 61, 590 5, 684 5, 421 - 15 4, 997 Potsdam Multilayer UNSC Corpus (Za-
czynska and Stede, 2024)

eng.sdrt.msdc dialogues 440 14, 744 231, 352 2, 589 23, 160 - 10 27, 848 The Minecraft Structured Dialogue Cor-
pus (Thompson et al., 2024b)

eng.sdrt.stac dialogues 1, 101 7, 394 52, 271 3, 734 12, 552 - 11 12, 271 Strategic Conversations corpus (Asher
et al., 2016)

eus.rst.ert medical, terminological
and scientific

164 2, 380 45, 780 13, 662 4, 202 - 16 3, 632 Basque RST Treebank (Iruskieta et al.,
2013)

fas.rst.prstc journalistic texts 150 2, 179 66, 926 7, 880 5, 853 - 14 5, 191 Persian RST Corpus (Shahmohammadi
et al., 2021)

fra.sdrt.annodis news, wiki 86 1, 507 32, 699 7, 513 3, 429 - 12 3, 321 ANNOtation DIScursive (Afantenos
et al., 2012)

fra.sdrt.summre meeting transcripts 67 21, 695 295, 392 10, 506 35, 907 - - - SUMM-RE (Hunter et al., 2024; Prévot
et al., 2025)

nld.rst.nldt expository texts and per-
suasive genres

80 1, 651 24, 898 4, 935 2, 343 - 16 2, 264 Dutch Discourse Treebank (Redeker
et al., 2012)

pol.iso.pdc multi-genre 556 9, 142 156, 980 37, 833 5, 115 - 12 8, 543 Polish Discourse Corpus (Ogrodniczuk
et al., 2024; Calzolari et al., 2024)

por.rst.cstn news 140 2, 221 63, 332 7, 786 5, 537 - 15 4, 993 Cross-document Structure Theory
News Corpus (Cardoso et al., 2011)

rus.rst.rrt blog and news 234 13, 131 262, 495 48, 691 28, 634 - 15 25, 095 Russian RST Treebank (Toldova et al.,
2017)

spa.rst.rststb multi-genre 267 2, 089 58, 717 9, 444 3, 351 - 16 3, 049 RST Spanish Treebank (da Cunha et al.,
2011)

spa.rst.sctb multi-genre 50 516 16, 515 3, 735 744 - 16 692 RST Spanish-Chinese Treebank (Span-
ish) (Cao et al., 2018)

zho.dep.scidtb scientific 109 500 18, 761 2, 427 1, 407 - 14 1, 297 Chinese Dependency TB for Scientific
Abstracts (Cheng and Li, 2019)

zho.rst.gcdt multi-genre 50 2, 692 62, 905 9, 818 9, 706 - 17 8, 413 Georgetown Chinese Discourse Tree-
bank (GCDT) (Peng et al., 2022b,a)

zho.rst.sctb multi-genre 50 580 15, 496 2, 973 744 - 17 692 RST Spanish-Chinese Treebank (Chi-
nese) (Cao et al., 2018)

Tasks 2 and 3: Connective Detection and Relation Classification

deu.pdtb.pcc newspaper commentaries 176 2, 193 33, 222 8, 359 - 1, 116 11 2, 109 Potsdam Commentary Corpus 2.2
(Bourgonje and Stede, 2020)

eng.pdtb.gentle multi-genre 26 1, 334 17, 979 4, 133 - 466 12 786 Genre Tests for Linguistic Evaluation
(Aoyama et al., 2023)

eng.pdtb.gum multi-genre 255 14, 158 254, 890 29, 323 - 8, 191 13 13, 879 Georgetown University Multilayer cor-
pus v11 (Zeldes, 2017)

eng.pdtb.pdtb news 2, 162 48, 630 1, 173, 379 48, 937 - 26, 048 13 47, 792 Penn Discourse Treebank (Prasad et al.,
2014; Webber et al., 2019)

**eng.pdtb.tedm TED talks 6 381 8, 185 1, 881 - 341 13 529 TED-Multilingual Discourse Bank (En-
glish) (Zeyrek et al., 2018, 2019)

ita.pdtb.luna speech 60 3, 750 25, 242 2, 457 - 1, 071 11 1, 525 LUNA Discourse Data Set (Tonelli
et al., 2010; Riccardi et al., 2016)

pcm.pdtb.disconaija transcribed spoken data 176 9, 242 140, 729 5, 063 - 4, 025 13 9, 903 DiscoNaija (Scholman et al., 2025)
por.pdtb.crpc6 news, fiction, and didac-

tic/scientific texts
302 5, 194 186, 849 22, 208 - 5, 159 12 11, 327 Portuguese Discourse Bank (CRPC)

(Mendes and Lejeune, 2022; Généreux
et al., 2012)

**por.pdtb.tedm TED talks 6 394 8, 190 2, 162 - 305 13 554 TED-Multilingual Discourse Bank (Por-
tuguese) (Zeyrek et al., 2018, 2019)

tha.pdtb.tdtb news 180 6, 534 256, 523 11, 789 - 10, 864 12 10, 861 Thai Discourse Treebank (Prasertsom
et al., 2024)

tur.pdtb.tdb multi-genre 197 31, 197 496, 358 90, 108 - 8, 748 13 3, 176 Turkish Discourse Bank (Zeyrek and
Kurfalı, 2017)

**tur.pdtb.tedm TED talks 6 410 6, 286 2, 771 - 382 13 574 TED-Multilingual Discourse Bank
(Turkish) (Zeyrek et al., 2018, 2019)

zho.pdtb.cdtb news 164 2, 891 73, 314 9, 085 - 1, 660 9 5, 270 Chinese Discourse Treebank (Zhou
et al., 2014)

zho.pdtb.ted TED talks 72 8, 671 181, 910 14, 197 - 5, 958 15 13, 308 TED-Multilingual Discourse Bank (Chi-
nese) (Zeyrek et al., 2018, 2019)

Table 5: DISRPT 2025 dataset stats: ∗∗ indicates an OOD dataset, new dataset are in boldface, and surprise
datasets are underlined.
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Corpus Train Dev Test
#Docs #Toks #Types #Units #Rels #Docs #Toks #Types #Units #Rels #Docs #Toks #Types #Units #Rels

Tasks 1 and 3: EDU Segmentation and Relation Classification

ces.rst.crdt 48 11,766 5,080 1,152 978 3 1,346 777 140 123 3 1,552 874 161 148
deu.rst.pcc 142 26,517 6,988 2,534 2,349 17 3,117 1,446 282 260 17 3,202 1,413 295 273
eng.dep.covdtb 0 0 0 0 0 150 29,405 5,466 2,754 2,399 150 31,502 5,505 2,951 2,586
eng.dep.scidtb 492 62,488 6,715 6,740 6,060 154 20,299 3,540 2,130 1,933 152 19,747 3,341 2,116 1,910
eng.erst.gentle 0 0 0 0 0 0 0 0 0 0 26 17,979 4,133 2,716 2,552
eng.erst.gum 191 193,740 24,681 24,756 23,465 32 30,435 6,311 3,897 3,708 32 30,715 6,828 3,775 3,574
eng.rst.oll 293 37,265 4,330 2,511 2,217 17 4,601 1,276 280 263 17 4,605 1,131 288 271
eng.rst.rstdt 309 169,321 17,016 17,646 16,002 38 17,574 4,000 1,797 1,621 38 22,017 4,808 2,346 2,155
eng.rst.sts 135 57,203 6,816 2,581 2,446 7 7,129 1,859 291 284 8 6,874 1,755 336 328
eng.rst.umuc 77 49,727 5,085 4,333 3,988 4 6,005 1,475 565 525 6 5,858 1,606 523 484
eng.sdrt.msdc 307 166,719 2,199 16,285 19,598 32 17,926 782 1,860 2,232 101 46,707 1,239 5,015 6,018
eng.sdrt.stac 887 42,582 3,355 10,159 9,912 105 5,149 972 1,239 1,231 109 4,540 761 1,154 1,128
eus.rst.ert 116 30,690 10,217 2,785 2,533 24 7,219 3,316 677 614 24 7,871 3,528 740 485
fas.rst.prstc 120 52,497 6,884 4,607 4,100 15 7,033 2,005 576 499 15 7,396 2,061 670 592
fra.sdrt.annodis 64 22,515 5,712 2,255 2,177 11 5,013 1,722 556 523 11 5,171 1,823 618 621
fra.sdrt.summre 47 210,398 8,816 25,532 0 7 28,176 2,675 3,515 0 13 56,818 3,707 6,860 0
nld.rst.nldt 56 17,562 3,911 1,662 1,608 12 3,783 1,227 343 331 12 3,553 1,283 338 325
por.rst.cstn 114 52,177 6,856 4,601 4,148 14 7,023 1,639 630 573 12 4,132 940 306 272
rus.rst.rrt 188 208,982 42,193 22,839 20,014 19 24,490 8,161 2,555 2,266 27 29,023 9,588 3,240 2,815
spa.rst.rststb 203 43,055 7,648 2,472 2,240 32 7,551 2,240 419 383 32 8,111 2,338 460 426
spa.rst.sctb 32 10,253 2,642 473 439 9 2,448 971 103 94 9 3,814 1,271 168 159
zho.dep.scidtb 69 11,288 1,795 871 801 20 3,852 970 301 281 20 3,621 918 235 215
zho.rst.gcdt 40 47,639 8,192 7,470 6,454 5 7,619 2,166 1,144 1,006 5 7,647 2,061 1,092 953
zho.rst.sctb 32 9,655 2,195 473 439 9 2,264 838 103 94 9 3,577 1,137 168 159

Task 2: Connective Detection and Relation Classification

deu.pdtb.pcc 142 26,831 7,071 934 1,723 17 3,152 1,460 88 192 17 3,239 1,424 94 194
eng.pdtb.gentle 0 0 0 0 0 0 0 0 0 0 26 17,979 4,133 466 786
eng.pdtb.gum 191 193,740 24,681 6,240 10,519 32 30,435 6,311 972 1,682 32 30,715 6,828 979 1,678
eng.pdtb.pdtb 1,805 975,544 44,249 21,484 39,524 177 97,449 12,391 2,178 3,973 180 100,386 12,323 2,386 4,295
eng.pdtb.tedm 0 0 0 0 0 2 2,616 842 110 178 4 5,569 1,354 231 351
ita.pdtb.luna 42 16,209 1,846 671 944 6 2,983 708 139 206 12 6,050 1,156 261 375
pcm.pdtb.disconaija 138 111,843 4,454 3,268 7,834 18 14,561 1,140 369 1,052 20 14,325 1,336 388 1,017
pol.iso.pdc 459 129,689 33,063 4,226 7,040 49 13,923 5,769 463 760 48 13,368 5,735 426 743
por.pdtb.crpc 243 147,594 18,821 3,994 8,794 28 20,102 5,243 621 1,285 31 19,153 4,903 544 1,248
por.pdtb.tedm 0 0 0 0 0 2 2,785 934 102 190 4 5,405 1,549 203 364
tha.pdtb.tdtb 139 199,135 10,462 8,277 8,274 19 27,326 3,107 1,243 1,243 22 30,062 3,188 1,344 1,344
tur.pdtb.tdb 159 398,515 77,245 7,063 2,444 19 49,952 17,476 831 311 19 47,891 16,748 854 421
tur.pdtb.tedm 0 0 0 0 0 2 2,159 1,073 135 211 4 4,127 1,957 247 363
zho.pdtb.cdtb 125 52,061 7,049 1,034 3,657 21 11,178 2,806 314 855 18 10,075 2,698 312 758
zho.pdtb.ted 56 144,581 12,382 4,701 10,649 8 17,809 2,913 589 1,329 8 19,520 3,255 668 1,330

Table 6: Dataset statistics by partitions. #Units refers to EDUs for segmentation datasets and connectives for
connective detection datasets. #Types gives the total vocabulary size of unique token forms.
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DISRPT25 labels ISO PDTB (e)RST/DEP SDRT

ALTERNATION disjunction alternative, expan-
sion.disjunction

joint-disjunction, alterna-
tiva

alternation

ATTRIBUTION - - attribution, attribution-
negative

attribution

CAUSE cause contingency.cause.result /
reason

consequence, cause-result result

COMMENT expansion - comment, topic-comment comment
CONCESSION concession comparison.concession

(+speechact)
concession, comparison

CONDITION condition conditional, contin-
gency.condition

contingency-condition, hy-
pothetical

conditional

CONJUNCTION conjunction expansion.conjunction joint-list, topic-drift, topic-
shift

CONTRAST contrast, sub-
stitution

expansion.exception,
contrast, excep-
tion.substitution

antithesis, adversative-
contrast

correction, contrast

ELABORATION elaboration expansion.instantiation,
expansion.level-of-detail

example, elaboration-
process, definition

e-elaboration,
q_elab, elaboration

EXPLANATION cause contingency.cause,
explanation-motivation,
evidence, justify

explanation*, explanation

FRAME - expansion.background background, bg-goal, bg-
compare

frame, background

MODE manner, simi-
larity

expansion.manner, com-
parison.similarity

manner, means, prefer-
ence

-

ORGANIZATION elaboration progression, Expansion organization-heading,
summary

-

PURPOSE purpose contingency.goal, purpose purpose, enablement goal
QUERY functional

dependence
hypophora interpretation, problem-

solution, question-answer
acknowledgment,
clarifica-
tion_question

REFORMULATION restatement expansion.restatement,
repetition

restatement -

TEMPORAL synchrony,
asynchrony

temporal.asynchronous /
synchronous

temporal-after, sequence,
context-circumstance

narration, flash-
back, temploc

Table 7: DISRPT 2025 Label Set. The class defined for the shared task are indicated in the first column, the other
columns are examples of relations covered from different datasets for each framework.
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Abstract

This paper presents the results obtained by the
MELODI team for the three tasks proposed
within the DISRPT 2025 shared task on dis-
course: segmentation, connective identification,
and relation classification. The competition in-
volves corpora in various languages, in several
underlying frameworks, and datasets are given
with or without sentence segmentation. This
year, for the ranked, closed track, the campaign
adds as a constraint to train only one model for
each task, with an upper bound on the size of
the model (no more than 4B parameters). An
additional open track authorizes any size of,
possibly non public, models that will not be re-
produced by the organizers and thus not ranked.
We compared several fine-tuning approaches ei-
ther based on encoder-only transformer-based
models, or auto-regressive generative ones. To
be able to train one model on the variety of
corpora, we explored various ways of combin-
ing data – by framework, language or language
groups, with different sequential orderings –,
and the addition of features to guide the model.

For the closed track, our final submitted system
is based on XLM-RoBERTa large for relation
identification, and on InfoXLM for segmenta-
tion and connective identification. Our experi-
ments demonstrate that building a single, mul-
tilingual model does not necessarily degrade
the performance compared to language-specific
systems, with at best 64.06% for relation identi-
fication, 90.19% for segmentation and 81.15%
for connective identification (on average on the
development sets), results that are similar or
higher that the ones obtained in previous cam-
paigns. We also found that a generative ap-
proach could give even higher results on rela-
tion identification, with at best 64.65% on the
dev sets.1

*Equal contribution.
1Code segmentation / connective: https://gitlab.irit.

fr/melodi/andiamo/discoursesegmentation/discut_
disrpt25 ; relation: https://gitlab.irit.fr/melodi/
andiamo/discourserelations/discret_disrpt25.
Trained models are available on HuggingFace
within the Discourse Hub organization: https:
//huggingface.co/multilingual-discourse-hub

1 Introduction

Discourse parsing, the task consisting in finding
semantic and rhetorical relations between spans of
text (clauses, sentences, or paragraphs) is a well-
known, yet challenging problem in computational
linguistics, and has been shown to help in other
NLP tasks, such as summarization (Zhang et al.,
2023; Cripwell et al., 2023), question-answering
(Fernandes et al., 2023; Jiang et al., 2023a), ex-
plainability (Devatine et al., 2023) or reasoning
(Sharma et al., 2025). These relations reflect the
argumentation structure or presentational choices,
and have also been generalized to conversation,
where dialog-specific phenomena such as adja-
cency pairs can be represented as relations between
utterances – e.g., answer to a question, acknowl-
edgment to a statement.

The field is characterized by significant diver-
gence among different theoretical frameworks,
with various views on the proper units of the struc-
ture, distinct typologies of relation, and heteroge-
nous formats for annotations. The DISRPT shared
tasks have been aiming at a standardization of
discourse-related tasks since 2019, by providing a
unique format for data representation, and aligning
intermediate objectives, such as discourse segmen-
tation into basic units.

The 2025 edition goes a few steps beyond, by
proposing a unified typology of 17 relations – over
around 350 distinct labels originally and 191 in
2023 –, allowing to build systems across the var-
ied annotation projects. The new campaign also
integrates a few new corpora and new languages
(Czech, Polish, Nigerian Pidgin), and take into
account some datasets updates (e.g. the English
PDTB split is modified to avoid overlap with the
RST DT). Note that the label unification does not
solve all discrepancies between datasets. A same
pair of segments can be annotated with 2 distinct
labels, as in (a) below: the same pair of sentences,
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from the same document, is annotated in both the
RST DT and the PDTB, but with different rela-
tions that also correspond to different labels in the
DISRPT label set – resp. contrast and alterna-
tion. This could come from differences between
the frameworks, the annotation project or the anno-
tators training. In addition, the divergence between
annotations is also reflected in the segmentation de-
cisions, and we may have two slightly different pair
of segments with the same label, as in (b), which
could also be confusing for the model. These exam-
ples demonstrate that combining discourse datasets
remains hard for automatic systems.

(a) [Call it a fad.] [Or call it the wave of the
future.] RST DT : contrast ; PDTB : explicit expan-
sion.disjunction (wsj_0633)

(b) [who was derided as a "tool-and-die man"]
[when GE brought him in to clean up Kidder in
1987] RST DT temporal ; PDTB : explicit tempo-
ral.synchronous (wsj_0604)

This year adds a few constraints to reflect the
recent evolution of NLP: instead of allowing for
separate models, it is mandatory to cast each of the
3 sub-tasks (discourse unit segmentation, connec-
tive recognition, relation labelling) into a multilin-
gual approach, with only one model trained on all
datasets available for the task. This makes for more
general model, and acknowledge the existence of
more and more non-monolingual models. With
the advent of "Large" pretrained Language Models
(PLM), questions of reproducibility or accessibil-
ity of resources are now also very important, and
the official track caps the size of pretrained model
to 4B parameters for what are expected to be the
main approaches: fine-tuning a large model or us-
ing an in-context learning approach in a generative
context.

In this work, we describe various comparisons
made between some of those choices, involving
fine-tuning moderately sized encoders or sequence-
to-sequence models, adding specific features to
guide the models, and considering different strate-
gies to manage the variety of data during training.
For all tasks, our best approach relies on fine-tuning
a PLM with a concatenation of the datasets with ad-
ditional features with the following overall results:
90.19% (parsed) / 86.89% (plain) for segmenta-
tion, 80.11% / 79.79 for connective detection, and
64.06% for relation, all on the development sets.
We also showed with the generative model (open
track) how a multilingual approach proves better
than fine-tuning separate models for relation label-

ing ( 64% on average on dev sets), confirming the
importance of multilingual pretrained models.

2 Related work

Segmentation and connective identification have
long been considered as easy and solved tasks, but
most existing studies were on English newswire
from the RST DT (Carlson et al., 2001). However,
performance drop for under-represented languages
and domains, or for dialogues, or when gold infor-
mation such as sentence split is not given (Braud
et al., 2017a; Scholman et al., 2021). Preliminary
studies made use of lexico-syntactic features, e.g.
(Lin et al., 2014) for connective or e.g. (Fisher and
Roark, 2007; Braud et al., 2017b) for segmenta-
tion, while more recent approaches rely on trans-
former architectures, mostly varying the pretrained
language model (PLM) used (Bakshi and Sharma,
2021; Metheniti et al., 2023; Lu et al., 2023).

Discourse relation classification is possibly the
most studied task, especially on the English PDTB
(Miltsakaki et al., 2004; Webber et al., 2019) with
a specific focus on implicit relations – where no ex-
plicit connective such as – e.g. when, because,
if..then – is used to mark the relation. In first
studies, the emphasis was on improving the rep-
resentation using e.g. linguistic features (Lin et al.,
2009), or data augmentation, especially based on
connective information, e.g. (Qin et al., 2017; Shi
et al., 2017). PLMs have allowed to increase per-
formance, especially for domain transfer (Shi and
Demberg, 2019), but there is still a large room for
improvements and many strategies have been pro-
posed, relying on extending contextual information
and external knowledge e.g. (Dai and Huang, 2018;
Liu et al., 2020; Dai and Huang, 2019), leverag-
ing explicit data or sense hierarchy, possibly with
contrastive learning e.g. (Kim et al., 2020; Liang
et al., 2020; Long and Webber, 2022), with also at-
tempts relying on additional pre-training of PLMs
(Kishimoto et al., 2020). Current state-of-the-art
on implicit discourse relation in PDTB3 is around
60% in F1 with a dedicated model relying on the
hierarchical organization of senses and the pres-
ence of implicit connectives in this dataset (Jiang
et al., 2023b). Some attempts have been made to
use large generative models such as ChatGPT for
the task, with, for now, very low scores in zero- or
few-shot settings (Yung et al., 2024).

DISRPT shared tasks allow to build and evaluate
models on a large range of languages, discourse
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frameworks, domains and genres within an uni-
fied format (Zeldes et al., 2019, 2021; Braud et al.,
2023, 2024). Since the first edition, the benchmark
has grown in size and representativeness with now
39 datasets, 5 frameworks, 16 languages, several
domains and both monologues and dialogues (rep-
resented in 6 datasets in 2025 against 2 in 2023).

In all previous editions, the winning systems
involved a fine-tuning approach of an encoder
model on separate datasets. In 2023, the winning
team for segmentation and connective identifica-
tion (Metheniti et al., 2023) did use a multilingual
model (XLM-RoBERTa large) but it was fine-tuned
separately on each dataset. Their best results on the
2024 extended benchmark (Braud et al., 2024) are
92.14 in F1 for segmentation (treebanked track2)
and 82.73 for connective identification.

For relation classification, the same team pre-
sented results for a joint training over all datasets
with, however, performance behind the best system
(Liu et al., 2023) where several models were fine-
tuned – a single one for large datasets, and a joint
training on datasets from the same frameworks for
the others. The best results for relations are still
the ones obtained with the 2021 winning system,
DisCoDisCo (Gessler et al., 2021), also reported
in an extended version of the benchmark in (Braud
et al., 2024), with, at best, 62.21 mean accuracy.
Note that these results are not directly comparable
to ours, since the relation set has changed.

In 2023, one participating team proposed a gen-
erative approach (Anuranjana, 2023) with, however,
results far behind the other systems. Recently, the
DISRPT benchmark has been used to test discourse
understanding of large language models (Eichin
et al., 2025) using an unified set of relations – dif-
ferent from the ones proposed in DISRPT 2025 –,
but even very large models, with more that 10B pa-
rameters, struggle with the task, with performance
under 60% mean accuracy when using only a linear
probe on top of the pretrained frozen models.

3 Data

We train and evaluate our models using all the
datasets provided by the shared task organizers.3

In total, the benchmark is composed of 39 datasets,
covering 13 languages and 6 frameworks. All the
corpora are listed in Appendix A.4. The format

2Results on the Plain track are not indicated in the 2024
paper, but there were very similar to the treebanked track in
2023.

3https://github.com/disrpt/sharedtask2025

and pre-processing steps are described in (Braud
et al., 2024). This year, 13 new datasets were added,
with now data for 3 new languages – Polish, Czech
and Nigerian Pidgin –, and 6 frameworks in total –
PDTB, RST, SDRT, eRST and ISO.

4 Global Approach

Our approach for all tasks relies on a pretrained
language model, based on a Transformer architec-
ture, fine-tuned on a concatenation of the datasets
in different steps. For each task, we report, for ref-
erence, the scores obtained with the same language
model fine-tuned on the separate datasets.

Full concatenation: Our reference / baseline
system corresponds to the concatenation of all
datasets, the model randomly draws instances from
all datasets to form each batch during training. We
then test different approaches meant to help the
model to handle variations between annotations.

Framework/language-based learning: Here we
merge the data in different steps, to test if a model
could be better by learning separately the tasks
for a single framework or group of languages be-
fore being introduced to a new one. The datasets
for one framework / language group are concate-
nated and then learning is done sequentially on
each group. The final performance correspond to
the ones obtained at the end of sequential training,
when all groups have been seen. We didn’t have
enough time to test all possible orders, but a few
different options were investigated, as described
below for each task. We also tested the injection
of a subset of some datasets at the end of the first
fine-tuning step, especially targeting datasets with
very low results, as is done in certain continual pre-
training techniques (Prabhu et al., 2023) to avoid
catastrophic forgetting.

Feature augmentation: We implement some of
the features tested in (Metheniti et al., 2024) to
guide the model during joint training, more specifi-
cally language and framework information. Addi-
tional features for relation identification are indi-
cated in Section 5.1. These information are given
as additional tokens in the input, and ignored in the
loss computation for sequential tasks.

Fine-tuning a generative model (open track ex-
periments): We also compare our approach for
relations to a quantized 4B LLM fine-tuned using
a LoRA adapter (Hu et al., 2022), where the head
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of the language model is restricted to 17 tokens
corresponding to the discourse relations to predict.

5 Segmentation

The segmentation task is a sequential learning task,
with two possible labels – ’B’ and ’O’, resp. begin-
ning or not an EDU (Elementary Discourse units,
the minimal text segments to be linked by discourse
relations). Two tracks are proposed in DISRPT
2025: the Treebanked track where sentence split
and morpho-syntactic information are given – gold
or predicted –, and the Plain track where the full
documents have to be segmented from the provided
tokenization. We optimized our approach on the
Treebanked track, and the best system was retrained
for the Plain track, with the preprocessing indicated
below.

5.1 Settings for segmentation
Preprocessing For both tracks, we test the addi-
tion of features representing the language and the
framework.

Additionally, for the Plain track (segmentation
and connective), we need to split the documents
into subsequences small enough for our models.
Sentence information is very important for segmen-
tation, so we tested a recent, high-performing sen-
tence splitter, SaT – Segment any Text (Frohmann
et al., 2024), available on HuggingFace.4 This
model is multilingual, and designed for robustness
across domains via a new pretraining scheme and
additional fine-tuning. We found that the smaller
version SaT-1L struggles with French quotation
marks, a problem already noticed with Stanza, and
thus chose the SaT-3L version. For the French cor-
pus Annodis, when comparing the beginning of
new sentences and the labels indicating the begin-
ning of a new segment, we found that around 6%
of the sentences do not correspond to a new seg-
ment in the original conllu data – split with stanza
–, while only 2% are still not well segmented when
using SaT3L. Even if the input is tokenized, some
remapping was necessary afterwards to correspond
to the input tokenization.

For dialogic datasets, this tool is far from per-
fect, so we adopted a simple cut-off strategy for
LUNA as done in (Metheniti et al., 2023), but we
experiment with SaT3L for the others.

Model architecture For segmentation and con-
nective identification, contrary to discourse rela-

4https://huggingface.co/segment-any-text

tion classification, we compare "small" models,
under 560M parameters, as we consider these tasks
as lower levels and thus believe that a faster and
cheaper model should be favored.

Training dataset construction When combin-
ing datasets in the same language or group of lan-
guages, we tested sequential learning with the fol-
lowing order: CHINESE > ROM > GERM. The
other datasets, and also some small datasets from
these groups, are not part of the training set and pre-
dicted in zero-shot (e.g. for Farsi or Dutch) as we
noticed it gave better results. CHINESE included
all corpora in mandarin Chinese, ROM all romance
languages (French, Spanish, Italian, Portuguese),
GER all germanic languages (English, German).5

Comparisons As a (likely) upper bound, we fine-
tuned one single system per dataset, as done in
previous DISRPT campaigns, but using a multilin-
gual pretrained model.

The reference system corresponds to the full
concatenation, and we compared different multi-
lingual pretrained models, all uploaded from Hug-
gingFace: multilingual BERT base or large (Devlin
et al.), RemBERT (Chung et al., 2021), XLM-Align
(Chi et al., 2021b), and InfoXLM large (Chi et al.,
2021a). Information on the size of the models is
given in Table 1.

We compare models with or without features
(language and framework), and a full concatenation
vs framework grouping.

In a fully concatenated training scenario using
mdeberta-v3-base, we tested models with language
and/or framework features, as well as without any
features.

Model Size # parameters # layers

mBERT base 0.7 Go 110 M 12
XLM-Align 0.6 Go 125 M 12
InfoXLM large 2.7 Go 559 M 24
RemBERT 2.2 Go 575 M 36

Table 1: Size of the models tested for sequence classifi-
cation: segmentation and connective identification.

Hyper-parameters Our models are fine-tuned
with 30 epochs, a batch-size of 4, a learning rate
of 10−5, the ADAMW optimizer, and training will

5The datasets only predicted in zero-shot are: eng.rst.oll,
deu.rst.pcc, ces.rst.crdt, eus.rst.ert, fas.rst.prstc, nld.rst.nldt,
por.rst.cstn, spa.rst.rststb.
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early stop if the monitored metric does not improve
strictly for 10 consecutive evaluation steps. When
using InfoXLM, the first 6th layers are frozen (out
of 24). The models are optimized based on the
mean F1 over all datasets. The training for one
model on all the datasets is around 2 hours and 40
minutes for the connective identification task, and
2 hours and 20 minutes for the segmentation task.
The training has been done on a L40S GPU.

5.2 Results and analysis

All models are compared based on the results on
the development set and fine-tuned with all datasets,
including the surprise datasets.

5.2.1 Findings from preliminary experiments
Learning with features or in sequence: We re-
port results of different comparisons using BERT
in Table 2. As we can see from the Table, the use of
additional features corresponding to the language
and the framework seems to help the model, and
thus they were kept for the subsequent experiments.
On the other hand, grouping datasets per languages
lead to a drop in performance (85.75) compared to
full concatenation (89.85). Data reinjection, mean-
ing continuing the fine-tuning but only on datasets
corresponding to low performance,6 only leads to
small improvement (86.12).

Model no feat lang lang+fmk grpd

mBERT base 89.85 90.10 90.48 85.75

Table 2: Different segmentation settings with mBERT
base fine-tuned on the concatenation of all datasets: ’no
feat’: no additional features; ’lang’: a token added to
represent the language; ’lang+fmk’: additional tokens
representing the language and the framework; or with se-
quential learning per language without features: ’grpd’:
grouping datasets as described in Section 5.1.

Models comparison We compare different mod-
els for the setting giving the best performance on
BERT – the full concatenation. We also use fea-
tures indicating the language and framework when
datasets are concatenated. As we can see in Ta-
ble 3, all the models tested give very similar re-
sults, between 90.39 and 91.08% mean F1, the best
model being InfoXLM. The results obtained are
also very close to the upper bound corresponding
to single models, with at best 91.59. As noted in

6The datasets reinjected are: fra.sdrt.annodis, spa.rst.sctb,
zho.rst.gcdt, eng.rst.sts, zho.dep.scidtb, rus.rst.rrt, zho.rst.sctb.

(Braud et al., 2024), the performance seems to have
reached a plateau on this task, and using separate
or joint models give similar results when averaged
over the datasets.

BERT large RemBERT XLM-Align InfoXLM

Single

mean 91.05 91.59 91.07 91.54
mean23 91.00 92.08 91.70 91.82

Concatenation

mean 90.17 90.76 90.39 91.08
mean23 90.98 90.96 90.97 91.25

Table 3: Segmentation: Comparison between different
models with single models and full concatenation, mean
F1 score over the datasets in the training+surprise re-
lease. The ’mean23’ corresponds to the average score
considering only the datasets present in DISRPT 2023.

5.2.2 Final results
Final results per dataset for segmentation are given
in Table 4, with a full concatenation, language and
framework features, and InfoXLM as pretrained
language model. Even though the average between
the 2023 and 2025 campaigns is the same, we can
see a lot of differences in the datasets common
to both campaigns. It’s unclear why some corpora
seem to benefit from the multilingual training while
others are best when trained in isolation.

6 Connective identification

Connective identification is a sequential learning
task, with three labels (’B’, ’I’, ’O’, resp. begin-
ning, inside, or outside a connective). We only test
the best setting from the Segmentation task i.e. a
full concatenation, with the language / framework
features.

As for segmentation, our best results are ob-
tained with InfoXLM (at best 80.47% mean F1

in average (on dev). We found that freezing lay-
ers gave the best results with 6 layers frozen (vs
78.70 with all layers kept and 80.04 with 12 layers
frozen). We obtained lower results with RemBERT
(at best 79.18) and XLM-Align (at best 79.97). Our
final results per dataset are given in Table 5. Again
the averages for 2023 and 2025 are similar, with a
lot of variance across common datasets.

7 Relation labeling

Discourse relation labeling is a multi-class classi-
fication task. The unification of the relation sets
make it possible to jointly train over all datasets,
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Treebanked Plain
Dataset Dev Test Test23 Dev Test Test23

ces.rst.crdt 92.42 94.04 - 91.35 89.94 -
deu.rst.pcc 96.48 93.75 96.01 93.31 92.89 94.24
*eng.dep.covdtb 90.13 92.13 91.32 92.00 92.13
eng.dep.scidtb 95.41 94.60 95.07 94.65 94.52 94.49
eng.erst.gentle - 89.45 - - 87.33 -
eng.erst.gum 95.12 90.76 95.50 93.20 93.74 94.46
eng.rst.oll 94.12 89.27 - 85.45 86.19 -
eng.rst.rstdt 95.80 95.99 97.62 94.75 94.55 97.74
eng.rst.sts 79.05 87.52 - 72.55 82.34 -
eng.rst.umuc 90.69 88.21 - 89.46 88.33 -
eng.sdrt.msdc 96.33 93.98 - 86.96 85.41 -
eng.sdrt.stac 93.73 91.01 95.22 88.31 87.49 90.67
eus.rst.ert 90.43 91.08 89.93 87.82 87.14 91.09
fas.rst.prstc 93.73 93.76 93.40 92.75 93.34 93.36
fra.sdrt.annodis 90.39 86.38 88.21 89.29 87.22 90.89
fra.sdrt.summre 88.67 - 76.20 75.01 -
nld.rst.nldt 96.48 96.73 96.54 93.17 93.93 97.19
por.rst.cstn 92.71 94.79 93.98 91.26 91.53 94.36
rus.rst.rrt 92.41 92.56 85.58 90.50 90.86 85.41
spa.rst.rststb 94.52 92.04 95.53 92.68 91.06 93.70
spa.rst.sctb 88.68 88.48 85.63 72.52 80.67 84.21
zho.dep.scidtb 90.34 83.15 89.07 83.31 76.08 90.04
zho.rst.gcdt 89.30 90.29 92.55 87.99 88.73 91.74
zho.rst.sctb 64.52 67.91 81.84 53.76 55.09 78.55

mean 91.08 90.19 91.25 86.63 86.89 91.43

Table 4: Segmentation: Final results per datasets on the
Treebanked and Plain tracks, on both dev and test sets.
Results from DISRPT 2023 are reported from (Braud
et al., 2023). The model is InfoXLM fine-tuned on a full
concatenation of the datasets, with features indicating
the language and framework in the input.

limiting label scarcity issues. However, some group
of relations may be heterogeneous, the distribution
of labels is imbalanced, with large differences be-
tween datasets. For this task, we present two set
of experiments: the fine-tuning of an encoder-only
model (closed track) and the fine-tuning with LoRA
of a generative language model (open track).

7.1 Settings for relation classification

Preprocessing Within the closed track, we test
the addition of features to inform the model with
the language and framework of a specific instance.
In addition, we encode the direction with specific
tokens rather than switching units, as it was proved
more efficient in (Metheniti et al., 2024). We also
experiment with features indicating if the relation
is inter or intra sentential by adding a token local
or non local. With direction, locality and lan-
guage/framework features, our input looks like, e.g.
(from eng.dep.covdtb) : English dep local this
qualitative case study has investigated six issues <
related to preparedness and response to MERS and
poliomyelitis : {

The input of our systems are pairs of segments,

Dataset Treebanked Plain
Dev Test Test23 Dev Test Test23

deu.pdtb.pcc 85.56 76.84 - 85.41 76.60 -
**eng.pdtb.gentle - 87.69 - - 86.41 -
eng.pdtb.gum 88.72 88.49 - 88.10 88.36 -
eng.pdtb.pdtb 92.52 93.59 93.66 93.04 93.88 91.64
*eng.pdtb.tedm 79.25 79.09 78.36 78.22 78.80 75.83
ita.pdtb.luna 73.94 64.65 65.85 67.42 61.92 71.60
pcm.pdtb.disconaija 71.03 78.51 - 68.27 77.68 -
pol.iso.pdc 67.45 70.01 - 63.84 70.08 -
por.pdtb.crpc 85.02 80.04 80.66 81.48 78.00 79.49
*por.pdtb.tedm 80.91 80.30 80.29 75.49 80.29 79.45
tha.pdtb.tdtb 92.18 90.36 85.66 90.42 89.70 69.92
tur.pdtb.tdb 89.67 91.62 92.77 88.93 92.85 91.12
*tur.pdtb.tedm 62.67 65.30 64.10 65.09 65.12 64.78
zho.pdtb.cdtb 79.74 80.00 89.00 76.52 82.25 90.38
zho.pdtb.ted 77.89 75.10 - 79.01 74.93 -

mean 80.47 80.11 81.15 78.66 79.79 79.36

Table 5: Connective: Final results per datasets on the
Treebanked and Plain tracks, on both dev and test sets.
Results from DISRPT 2023 are reported from (Braud
et al., 2023). The model is InfoXLM-large fine-tuned
on a full concatenation of the datasets, with features
indicating the language and framework in the input.

that could be longer than the maximal length of our
models inputs. We truncate the input pairs if too
long, by considering the whole length of the pair
of arguments. Once tokenized, we compute the
length of each unit, and truncate if the total length,
combining both units, is larger than the max length
of our model: if only one unit exceeds half of the
max length, we truncate this unit at (max length -
length of the other unit); if both units are longer
than half of the max length, they are both truncated
at the half of the max length.

Model architecture Contrary to the other tasks,
we aim at testing bigger models, and we thus eval-
uate the fine-tuning of different pretrained multi-
lingual models in the XLM-RoBERTa family until
reaching the limitation of 4B parameters.

For the open track, we test only a large 4B model,
and use LoRA for a faster training. More pre-
cisely, we use a decoder-only quantized 4B model
(Qwen3-4B), finetuned with LoRA. The language
model head is restricted to 17 tokens standing for
each relation, where tokens are characters (from
’A’ to ’Q’), to avoid issue with over generation. In
inference model, we look at the probability given
to these 17 tokens. The prompt is an instruction
to pick a relation among the given list, given two
textual segments. We found just keeping the in-
struction in English with no explicit mention of in-
put languages worked better (example in Appendix
A.2). We tested LoRA with rank 32 and 64, a batch
of 64 for Nk steps (N=3− 5 < 1 epoch), represent-
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ing 65M of trainable parameters

Training dataset formation When combining
datasets based on frameworks, we test the follow-
ing orders:

- PDTB > SDRT > RST+ERST+DEP+ISO
- PDTB > SDRT+RST+ERST+DEP+ISO.
When combining datasets based on languages,

we test the following order: ROM > GER > SLAV
> fas > eus > zho > tur > tha, where upper letters
indicate a group of languages and lower case indi-
cate a single language (possibly covering several
datasets). The list of languages in each group in
indicated in Table 10 in Appendix.

Note that, due to time constraints, we only report
results on the datasets in the regular release for
these variations, not on the surprise datasets.

Baselines / comparisons As an upper bound, we
trained separate models on each dataset with XLM-
RoBERTa-base, to understand how a joint multilin-
gual model fares against a specialized fine-tuning.

The reference joint system corresponds to the
full concatenation, and we compare different sizes
of the multilingual model XLM-RoBERTa, with
possibly some layers frozen due to computational
and time limitations: XLM-RoBERTa base (125M
parameters), XLM-RoBERTa large (561M) and
XLM-RoBERTa XL (3.48B). Our comparison are
mainly done on the base model.

Hyper-parameters The XLM-RoBERTa models
are fine-tuned with 10 epochs, a learning rate of
1−5, the ADAMW optimizer, and early stopping
with a patience of 10 and a minimun delta of 0 and
we evaluate it every 2000 steps. The first 6 layers
are frozen when using XLM-RoBERTa large and
XLM-RoBERTa base, and the first 18 with XLM-
RoBERTa XL. We also adapt our batch size and
gradient accumulation steps forXLM-RoBERTa
large and XLM-RoBERTa base : we get a train-
ing batch size of 4 and a gradient accumulation
of 4 but for XLM-RoBERTa XL we have a train-
ing batch size of 1 and a gradient accumulation of
16. The models are optimized based on the mean
F1 over all datasets. The training time is approxi-
mately 6 hours with XLM-RoBERTa base and 11
with large, and 62 with the XL version. We use one
L40S GPU cards.

7.2 Results and analysis

Sequential learning vs references As described
in Section 4, we compare a joint training to a

Without feature With feature
Single Concat FMK LANG Single Concat FMK LANG

Mean 55.06 62.42 56.97 56.57 55.19 62.54 57.01 57.04
Mean23 55.81 63.33 58.40 56.60 55.90 63.66 58.37 56.88

Table 6: Relation classification: mean accuracy of XLM-
RoBERTa base (regular release, dev set). Systems are
tested with and without features (framework, language,
direction). Single: one model is fine-tuned on each
dataset separately; Concat: all datasets are concatenated
together; FMK: sequential learning based on frame-
works (PDTB > SDRT > RST+ERST+DEP) ; LANG:
sequential learning based on languages (ROM > GER
> SLAVE > fas > ASIAN).

sequential learning approach based on grouping
datasets either by languages (’LANG’) or frame-
works (’FMK’, order 1). Results are given in Table
6 in two settings: without any additional features,
or with features indicating the language, the frame-
work and the direction, see Section 4.

The ’Single’ model was tested as an upper bound,
since a separate model is fine-tuned, specialized
on each dataset, as in most previous approaches to
the task. In both configurations, the joint model
reaches higher performance (at best 62.54% acc.)
than the separate models (at best 55.19% acc.),
demonstrating that datasets from different frame-
works and languages can help each other. The uni-
fication of relation sets probably helps a lot here.

The sequential approaches do not outperform the
full concatenation, neither by grouping frameworks
nor languages. When looking at the performance
at each step of sequential learning, the systems
seem to forget crucial information for the datasets
introduced at the beginning, with performance low-
ering for the initial groups. For the per framework
approach, we also test a sequence PDTB > other
frameworks, and reach 59.19 in accuracy against
57.01 with three groups of frameworks and 62.54
with a simple concatenation: making bigger groups
only closes the gap with the full joint training.

The two sequential approaches give similar re-
sults, but we notice that the mean accuracy is better
with the per framework approach when considering
only the datasets present in 2023 (’mean23’). We
tested with a reinjection, using XLM-RoBERTa
base, of the Czech dataset – on which the perfor-
mance are very low - at the end of the sequential
learning: however, while with 1 additional epoch,
the score on the Czech dataset increases – 43.9 vs
42.28 –, the performance drops if we continue to
10 epochs – 38.21 –, and the overall performance
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are lower (10 epochs: 61.39 against 63.66).

Without features Lang+Fmk+Dir Lang/Fmk+Dir Lang+Fmk+Dir+Loc
FMK LANG FMK LANG FMK LANG FMK LANG

Mean 56.97 56.57 57.01 57.04 56.12 56.35 57.23 56.51
Mean23 58.40 56.60 58.37 56.88 57.12 56.35 58.43 56.59

Table 7: Relation classification: mean accuracy of XLM-
RoBERTa base (regular release, dev set). Systems with-
out features or using different set of features: ’lang’:
language, ’fmk’:framework, ’dir’: direction, ’lang/fmk’:
lang (resp. fmk) features for sequential learning on
frameworks (resp. languages), ’loc’: location.

Feature set As we can see in Table 6, the addi-
tional features do not seem very helpful, with only
limited gain for both reference and sequential ap-
proaches (+0.1%). In addition to tokens represent-
ing the language (’lang’), the framework (’fmk’)
and the direction of the relation (’dir’), we thus
investigated the use of another feature representing
the distance between the arguments – expressed
as local for intra-sentential and non local for inter-
sentential relations (’loc’). We also test the use of
a feature indicating the language when learning per
framework, and the other way around (’lang/fmk’).
However, while adding features generally improve
performance of our sequential approaches, the im-
provement remains very limited with the whole set
of features tested, see Table 7.

Size of the model In the end, our best model was
obtained with the full concatenation of datasets and
features representing the language, the framework
and the direction. Within this setting, we compare
different sizes of the pretrained model. The results
are presented in Table 8. As expected, the per-
formance improves with larger models, but only
slightly (+0.5% acc. between the base and large
version), and even decreases with the largest one,
maybe because of excessive freezing.

Including surprise datasets The final results
are given in Table 9. We evaluate a 0-shot set-
ting: the model trained only on the regular re-
lease is evaluated on the surprise datasets. As
expected, the performance drop: from 62.54 to

XLM-RoBERTa-base XLM-RoBERTa-large XLM-RoBERTa-XL

Mean 62.54 63.04 62.38
Mean23 63.66 63.76 63.75

Table 8: Relation classification: mean accuracy of XLM-
RoBERTa base (regular release, dev set). Full concate-
nation and different model sizes.

Dataset DEV TEST
Zero-shot Full FT Full FT

Base Large Base Large XL Large Test23

ces.rst.crdt 42.28 50.41 43.09 55.28 54.47 48.65 -
deu.pdtb.pcc 34.9 32.29 56.25 57.81 57.81 62.89 -
deu.rst.pcc 53.08 55.0 42.69 49.62 45.0 50.18 26.92
eng.dep.covdtb 69.57 71.99 68.7 65.65 63.86 67.25 41.3
eng.dep.scidtb 78.74 77.39 78.43 79.93 79.46 78.74 67.56
eng.erst.gentle - - - - - 55.13 -
eng.erst.gum 56.45 57.85 56.31 60.25 56.55 64.1 -
eng.pdtb.gentle - - - - - 61.96 -
eng.pdtb.gum 64.27 65.46 64.09 67.18 66.11 68.18 -
eng.pdtb.pdtb 71.36 71.96 71.86 74.33 73.57 73.71 69.25
eng.pdtb.tedm 58.99 58.43 60.11 60.67 60.11 65.53 19.94
eng.rst.oll 54.75 54.75 54.75 57.03 57.79 46.86 -
eng.rst.rstdt 62.12 63.29 59.1 60.33 60.27 60.65 49.98
eng.rst.sts 44.37 45.77 40.49 43.66 41.2 38.72 -
eng.rst.umuc 56.0 57.71 57.14 59.05 56.76 60.33 -
eng.sdrt.msdc 84.45 84.99 84.63 86.02 84.59 85.16 -
eng.sdrt.stac 62.71 65.07 62.63 68.72 60.76 70.74 56.89
eus.rst.ert 53.26 54.89 53.75 57.0 56.03 54.23 51.77
fas.rst.prstc 55.91 53.31 53.31 55.51 56.31 57.26 50.34
fra.sdrt.annodis 61.95 58.51 59.66 62.52 61.19 59.74 44.96
ita.pdtb.luna 58.25 59.22 61.65 60.68 64.56 65.6 58.42
nld.rst.nldt 55.89 52.87 54.98 59.21 55.59 62.15 43.69
pcm.pdtb.disconaija 25.57 35.84 50.57 54.94 47.81 57.92 -
pol.iso.pdc 35.53 38.42 53.16 58.55 56.58 58.41 -
por.pdtb.crpc 68.79 71.52 70.58 73.39 73.15 77.96 72.76
por.pdtb.tedm 58.42 57.89 57.89 63.16 62.63 67.86 54.95
por.rst.cstn 63.7 62.83 64.05 66.49 68.41 66.91 62.87
rus.rst.rrt 62.71 61.87 62.58 64.12 63.77 66.75 61.52
spa.rst.rststb 64.23 63.71 64.75 69.19 65.8 62.44 58.22
spa.rst.sctb 63.83 67.02 64.89 69.15 67.02 66.04 33.33
tha.pdtb.tdtb 95.49 96.14 95.25 96.14 95.9 96.73 95.24
tur.pdtb.tdb 50.8 52.73 56.27 58.84 52.73 64.85 49.05
tur.pdtb.tedm 60.19 56.4 56.87 56.4 55.92 59.23 49.73
zho.dep.scidtb 60.85 61.21 61.57 62.99 59.07 67.44 67.44
zho.pdtb.cdtb 80.7 82.22 79.06 81.29 82.22 78.63 69.13
zho.pdtb.ted 41.46 43.19 62.9 67.12 65.16 67.67 -
zho.rst.gcdt 63.02 64.81 62.13 65.31 61.13 62.85 55.72
zho.rst.sctb 61.7 58.51 62.77 58.51 56.38 52.83 49.06

Mean 59.34 60.15 61.36 64.06 62.38 64.01 -
Mean 2023 63.57 63.72 63.15 65.36 63.75 66.17 54.4

Table 9: Relation classification with full concatenation
and base features (lang, fmk, dir): Mean accuracy in-
cluding the surprise datasets, scores are on the develop-
ment (DEV) or test (TEST) set. ’Zero-shot’ is a system
trained only on the regular release ; ’Full FT’ is a sys-
tem fine-tuned on all datatest (regular+surprise). The
pre-trained language model is XLM-RoBERTa version
base, large or XL. In bold, the best score per dataset.

59.34 for XLM-RoBERTa base, and from 63.04
to 60.15 for the large version. Unsurprisingly, the
datasets with the lowest accuracy are the new ones.
Some of them also correspond to new languages
or frameworks, e.g. ces.rst.crdt, pol.iso.pdc and
pcm.pdtb.disconaija. For others, it is more sur-
prising, as the benchmark already contains similar
data, e.g. deu.pdtb.pcc, eng.rst.oll, eng.rst.sts and
zho.pdtb.ted. It could come from a lack of robust-
ness of our system, or specific features of these
datasets. Interestingly, performance are better in
0-shot for deu.rst.pcc (at best 55 against 45) which
could indicate a form of over-fitting. Overall, when
fine-tuned on the new set of data, scores are im-
proved, reaching 64.06 mean accuracy with XLM-
RoBERTa large on the dev set and 64.01 on the
test set. We tested 2 runs with the large model, and
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obtained stable results (mean= 63.88, std= 0.18).
We tested an even larger model – XLM-

RoBERTa XL – without improving these scores,
but note that, due to computational and time con-
straints, we froze 18 layers, possibly impeding its
performance. Our final scores are a bit lower com-
pared to 2023 (−1.5% on dev), due to the intro-
duction of new, challenging datasets, such as the
Czech ces.rst.crdt (at best 54.4% in acc), the En-
glish eng.rst.sts (at best, 45.77), and other datasets
that remain difficult – deu.rst.pcc (at best 55).

Results for the open track: generative model
The results obtained with the generative approach
are reported in Table 11. While the model we used
is fully open, can be fine-tuned locally, and is un-
der the parameter count constraint, we consider it
in the open track because reproducing the training
will be difficult without a recent high-end GPU (not
necessarily for RAM constraints, as it needs only
8GB but for various configuration issues; we ran it
with an L40S GPU). The model has been uploaded
to the huggingface hub,7 and an inference script is
provided to verify predictions on all corpora. Train-
ing code is available. Mean average accuracy over
the dataset (dev set only) is about 1% higher than
our best model based on a decoder-only model,
demonstrating the potential of this approach. No-
tably, training converges after less than one epoch
over the concatenation of all datasets.

8 Conclusion

The MELODI team submitted systems for the DIS-
RPT 2025 campaign for all tasks and setups: seg-
mentation, connective identification, and relation
classification. We explored various fine-tuning
strategies for both encoder-only (closed track) and
generative decoder-only (open track) models, and
methods for combining diverse datasets across lan-
guages and frameworks. We show that training
only one model on all data can achieve performance
close to separate fine-tuning on each dataset, with
even better results in the case of relation labelling.
Given the time constraints a lot of potentially inter-
esting ideas have not been fully explored and might
be avenues for further progress.
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A Appendix

A.1 Language groups
Table 10 shows which language we grouped for
some of the experiments.

Abbrev. language codes

ROM spa, por, ita, fra
GER nld, deu, eng
SLAV ces, rus

Table 10: Group of languages used in the sequential
learning experiments for discourse relation identifica-
tion. The datasets corresponding to Farsi, Basque, Chi-
nese, Turkish and Thaï are considered as specific groups.

A.2 Prompt example for the generative model
Here you have two discourse units of text prefixed
with <argument1> and <argument2>:

<argument1>: Cuando calienta el Sol
<argument2>: En este artículo daremos una de-

scripción general del Sol , de las capas que lo com-
ponen , de las estructuras que se observan y es-
tudian en cada una de ellas , y de algunos de los
fenómenos solares que inciden más directamente
en nuestro planeta .

Classify the discourse relation between the two
arguments using the following labels:

class A: elaboration
class B: attribution
class C: conjunction
class D: temporal
class E: explanation
class F: contrast
class G: causal
class H: purpose
class I: comment
class J: concession
class K: condition
class L: mode
class M: organization
class N: frame
class O: query
class P: reformulation
class Q: alternation
SOLUTION
The correct answer is: class M

A.3 Generative approach: scores per dataset
The scores per dataset with the generative approach
described in Section 7.1 are indicated in Table 11.
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corpus dev test

Mean 64.65 65.54

ces.rst.crdt 47.97 50.00
deu.pdtb.pcc 60.42 65.46
deu.rst.pcc 42.11 54.58
eng.dep.covdtb 65.05 67.52
eng.dep.scidtb 83.13 81.26
eng.erst.gum 62.01 65.00
eng.pdtb.gentle — 63.99
eng.pdtb.gum 67.60 68.71
eng.pdtb.pdtb 76.31 75.18
eng.pdtb.tedm 60.39 64.96
eng.rst.oll 55.70 47.97
eng.rst.rstdt 62.77 63.62
eng.rst.sts 47.36 46.34
eng.rst.umuc 61.00 61.36
eng.sdrt.msdc 88.15 86.61
eng.sdrt.stac 70.22 70.92
eus.rst.ert 52.03 51.34
fas.rst.prstc 56.71 56.76
fra.sdrt.annodis 64.53 60.23
ita.pdtb.luna 68.21 69.07
nld.rst.nldt 58.16 59.69
pcm.pdtb.disc 58.03 60.37
pol.iso.pdc 59.01 59.62
por.pdtb.crpc 74.16 77.80
por.pdtb.tedm 63.16 66.76
por.rst.cstn 68.59 71.32
rus.rst.rrt 65.38 66.68
spa.rst.rststb 70.24 65.02
spa.rst.sctb 69.68 69.18
tha.pdtb.tdtb 95.01 96.73
tur.pdtb.tdb 54.82 61.76
tur.pdtb.tedm 59.72 61.98
zho.dep.scidtb 70.11 70.23
zho.pdtb.cdtb 78.95 76.78
zho.pdtb.ted 66.62 67.97
zho.rst.gcdt 66.15 60.97
zho.rst.sctb 57.98 61.01

Table 11: Relation classification (open track): Results
obtained with a generative model (Qwen4B) fine-tuned
with LoRA. Results on the dev set on average for 2 runs
of training. Test set was done only once on the last
trained model (64.71 acc on the dev for this one). This
is considered in the open track, but trained model can
be found on huggingface hub under user philippemuller,
with a notebook reproducing the test inference and eval-
uation.

A.4 Language Resources
The datasets were obtained from the following
corpora: the Czech RST Discourse Treebank 1.0
(Poláková et al., 2023), the Potsdam Commentary
Corpus (Stede and Neumann, 2014; Bourgonje and
Stede, 2020), the COVID-19 Discourse Depen-
dency Treebank (Nishida and Matsumoto, 2022),
the Discourse Dependency TreeBank for Scien-
tific Abstracts (Yang and Li, 2018; Yi et al., 2021;
Cheng and Li, 2019), the Genre Tests for Linguis-
tic Evaluation corpus (Aoyama et al., 2023), the
Georgetown University Multilayer corpus (Zeldes,
2017), the RST Discourse Treebank (Carlson et al.,
2001), the Science, Technology, and Society cor-
pus (Potter, 2008), the University of Potsdam Mul-
tilayer UNSC Corpus (Zaczynska and Stede, 2024),
the Minecraft Structured Dialogue Corpus (Thomp-
son et al., 2024), the Strategic Conversations cor-
pus (Asher et al., 2016), the Basque RST Treebank
(Iruskieta et al., 2013), the Persian RST Corpus
(Shahmohammadi et al., 2021), the ANNOtation
DIScursive corpus (Afantenos et al., 2012), the
SUMM-RE corpus (Hunter et al., 2024; Prévot
et al., 2025), the Dutch Discourse Treebank (Re-
deker et al., 2012), the Polish Discourse Corpus
(Ogrodniczuk et al., 2024; Calzolari et al., 2024),
the Cross-document Structure Theory News Cor-
pus (Cardoso et al., 2011), the Russian RST Tree-
bank (Toldova et al., 2017), the RST Spanish Tree-
bank (da Cunha et al., 2011), the RST Spanish-
Chinese Treebank (Cao et al., 2018), the George-
town Chinese Discourse Treebank (Peng et al.,
2022b,a), the DiscoNaija corpus (Scholman et al.,
2025), the Penn Discourse Treebank (Prasad et al.,
2014; Webber et al., 2019), the TED-Multilingual
Discourse Bank (English) (Zeyrek et al., 2018,
2019), the LUNA Corpus Discourse Data Set
(Tonelli et al., 2010; Riccardi et al., 2016), the
Portuguese Discourse Bank (Mendes and Lejeune,
2022; Généreux et al., 2012), the Thai Discourse
Treebank (Thai et al., 2022), the Turkish Discourse
Bank (Zeyrek and Webber, 2008; Zeyrek and Kur-
falı, 2017), and the Chinese Discourse Treebank
(Zhou et al., 2014).
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Abstract

We present our submission to Task 3
(Discourse Relation Classification) of the
DISRPT 2025 shared task. Task 3 intro-
duces a unified set of 17 discourse relation
labels across 39 corpora in 16 languages
and six discourse frameworks, posing sig-
nificant multilingual and cross-formalism
challenges. We first benchmark the task
by fine-tuning multilingual BERT-based
models (mBERT, XLM-RoBERTa-Base,
and XLM-RoBERTa-Large) with two
argument-ordering strategies and progressive
unfreezing ratios to establish strong baselines.
We then evaluate prompt-based large language
models (namely Claude Opus 4.0) in zero-shot
and few-shot settings to understand how LLMs
respond to the newly proposed unified labels.
Finally, we introduce HiDAC, a Hierarchical
Dual-Adapter Contrastive learning model.
Results show that while larger transformer
models achieve higher accuracy, the improve-
ments are modest, and that unfreezing the top
75% of encoder layers yields performance
comparable to full fine-tuning while training
far fewer parameters. Prompt-based models lag
significantly behind fine-tuned transformers,
and HiDAC achieves the highest overall
accuracy (67.5%) while remaining more
parameter-efficient than full fine-tuning.

1 Introduction

The 2025 DISRPT shared task addresses three chal-
lenges in discourse parsing1: discourse unit seg-
mentation (Task 1), connective detection (Task 2),
and discourse relation classification (Task 3) which
aims at identifying logical and rhetorical relation-
ships between text segments. This paper presents
our approach to Task 3 which expands the task from
previous years to 39 corpora across 16 languages
and six discourse frameworks.

1https://sites.google.com/view/disrpt2025

This year, the task proposed a unified set of 17
labels to classify the relations across multiple lan-
guages and frameworks, making the classification
problem more challenging due to the diversity of
data and the need to generalize across different
frameworks and languages. This work contributes
to the shared effort of building a multilingual and
cross-framework discourse parser.

For our participation, we evaluated three meth-
ods: transformer-based baselines, prompt engineer-
ing with LLMs, and a custom made model Hi-
DAC Hierarchical Dual-Adapter Contrastive learn-
ing, a novel parameter-efficient framework which
employs a hierarchical adapter backbone and is
trained with a dual-loss objective. Results show
that HiDAC achieved slightly higher overall accu-
racy than the transformer baselines with consider-
ably fewer training parameters, while the prompt-
ing approaches did not perform well.

2 Related Work

Recent work has explored cross-framework and
multilingual discourse relation classification. Costa
et al. (2023) proposed mappings between RST-DT
and PDTB 3.0 frameworks, while Costa and Kos-
seim (2025a,b) developed multilabel hierarchical
models for multilingual implicit discourse relation
recognition. Recently, Eichin et al. (2025) con-
ducted a comprehensive analysis evaluating open-
weight LLMs, in which they defined a unified set
of discourse relation labels to better understand
how these models generalize across languages and
annotation frameworks. The study demonstrated
that LLMs, especially those with multilingual train-
ing corpora, can generalize discourse information
across languages and frameworks. Their error anal-
ysis highlighted overlapping relations, such as fre-
quent confusions between Elaboration, Framing,
and Explanation.

The DISRPT Task 3 itself was first intro-
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duced in 2021, where two teams submitted sys-
tems: DisCoDisCo (Gessler et al., 2021) achieved
61.82%2 accuracy using language-specific BERT-
base models (varying per language) fine-tuned
per corpus with additional hand-crafted features,
while DiscRel (Varachkina and Pannach, 2021)
reached 54.23%2 accuracy using multilingual
Sentence-BERT to embed discourse units, then fed
the Euclidean distance between the unit embed-
dings and directionality as features into a two-level
stacked Random Forest, first predicting five coarse
classes, then fine-grained labels within each class.

The task was proposed again in 2023 where
three teams submitted systems: MELODI (Methen-
iti et al., 2023) used three mBERT-based mod-
els: a baseline fine-tuned model and two adapter-
enhanced variants with layer freezing, achieving
54.44%3 accuracy. HITS (Liu et al., 2023) used
BERT-based encoders with adversarial training,
training separate models for large corpora and a
joint multilingual model for smaller corpora and
achieved an accuracy of 62.36%3. On the other
hand, DiscoFlan (Anuranjana, 2023) used multilin-
gual Flan-T5 based seq2seq model with instruction
fine-tuning to generate discourse relation labels
from input prompts, achieving 31.21%3 accuracy.

3 Methodology

To address Task 3 (Discourse Relation Classifica-
tion), we experimented with three families of mod-
els: (1) BERT-based models as baselines (see Sec-
tion 3.1.1); (2) prompt-based generative models to
use as a baselines as well (see Section 3.1.2), and
(3) a custom model, HiDAC, based on adapters and
contrastive learning (see Section 3.2).

3.1 Baseline Models
3.1.1 BERT-Based Models
Our first baseline models are based on multilin-
gual BERT transformers obtained from Hugging
Face4: bert-base-multilingual-cased, xlm-roberta-
base, and xlm-roberta-large. We conducted two
sets of experiments: (1) we tested both natural argu-
ment ordering as well as relation-directed ordering
with no freezing of the BERT models; the relation
ordering reorders the argument so as to respect the
direction of the relation. For example, given the

2https://sites.google.com/georgetown.edu/
disrpt2021/results

3https://sites.google.com/view/disrpt2023/
results

4https://huggingface.co/

following instance with label purpose and direction
annotated as 1 < 2:
Arg1: We propose a neural network approach
Arg2: to benefit from the non-linearity of corpus-
wide statistics for part-of-speech (POS) tagging.
In this case, the natural ordering is the way the
arguments appear in the text, whereas the relation-
directed ordering is obtained by reversing the argu-
ments to respect the direction of the relation 1 < 2:
Arg1: to benefit from the non-linearity of corpus-
wide statistics for part-of-speech (POS) tagging.
Arg2: We propose a neural network approach

(2) using the original order only, we explored
gradual unfreezing strategies, where we initially
froze all layers and then progressively unfroze 25%,
50%, and 75% of the encoder top layers.

This multilingual encoder approach was tested
because previous BERT-based work mainly fine-
tuned single-language BERT-based models or com-
bined small languages, with, to our knowledge,
across both the 2021 and 2023 versions of the
shared task (Zeldes et al., 2021; Braud et al., 2023),
only one team, MELODI (Metheniti et al., 2023),
attempted a fully multilingual model. With DIS-
RPT 2025’s expanded data and languages, reevalu-
ating a unified multilingual BERT-based approach
is now feasible and promising for cross-lingual
knowledge transfer.

3.1.2 Prompt Engineering
As a second family of baselines, we evaluated both
zero-shot and few-shot prompting strategies using
Claude Opus 4.0. We chose the Claude model
because in a previous work (Turk et al., 2025),
this LLM achieved the highest average macroF1
compared to GPT and Gemini models that were
evaluated to identify PDTB 3.0 Level 2 discourse
relations.

Due to cost constraints of prompting the full
development set, we used stratified sampling to en-
sure a representative evaluation. We first divided
the validation set into 27 equal stratified subsets
using StratifiedKFold from scikit-learn5 which
preserves label distribution, we then randomly se-
lected 4 groups (≈1k samples each). Each selected
subset was evaluated under both zero-shot and few-
shot prompting settings.

In zero-shot prompting, we provided a struc-
tured prompt template (available in our repository6)
without examples and tested both natural-order

5https://scikit-learn.org
6https://github.com/CLaC-Lab/DISRPT-2025
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and relation-directed order argument arrangements.
The template includes DISRPT 2025’s unified set
of 17 discourse relation labels in the label list.

For few-shot prompting, we used the same struc-
tured template but included examples. We devel-
oped a balanced pool of ≈1k examples, stratified
across framework, language, and label (3 examples
for each of the 327 unique framework-language-
label combinations). We then ran three few-shot
prompting experiments: (1) Exp 1 used 4 examples
in total (not per label), sampled randomly from the
balanced example pool in the same language as
the input instance (note that the task instructions
remained in English). (2) Exp 2 used 4 English
only examples from the same pool regardless of
the instance language; and (3) Exp 3 analyzed Exp
1 & 2 results to identify six labels with the low-
est F1 scores, then used 6 English examples from
these low-performing labels plus 2 random English
examples from the remaining pool, doubling the
number of examples.

3.2 The HiDAC Model

Our third method which we call Hierarchical
Dual-Adapter Contrastive (HiDAC) is based on
a parameter-efficient fine-tuning approach. HiDAC
is based on a pre-trained language model (PLM)
with two main additions: (1) a hierarchical adapter
backbone varying adapter types based on layer
depth, and (2) a dual-loss training objective that ap-
plies two different losses at two different points in
the network. An intermediate-layer contrastive loss
is used to train the lower layers to build better repre-
sentations, while a final-layer cross-entropy loss is
used to train the upper layers for the classification
task.

3.2.1 Model Architecture
The overall architecture of HiDAC is shown in Fig-
ure 1. The model processes each discourse argu-
ment independently through a dual-encoder PLM
backbone (XLM-RoBERTa-Large). The architec-
ture is named ‘hierarchical’ because it partitions the
encoder layers into two distinct functional levels,
each with a different adaptation method and train-
ing objective. The lower layers (1-8) are trained
using a Contrastive loss, which operates on the
output representations from layer 8. The goal of
this objective is to learn foundational representa-
tions by explicitly pulling the embedding of an
instance closer to its correct class prototype, while
simultaneously pushing it away from the prototypes

Figure 1: Overview of the HiDAC architecture. The
contrastive loss is applied to an intermediate layer (8) to
structure the embedding space, while the cross-entropy
loss is applied to the representation at the last layer for
the final classification.

of all incorrect classes. The upper layers (12-24)
then receive these structured representations and
are trained by a separate Cross-Entropy loss on
the final-layer outputs to perform the classification
task. The entire model is trained by minimizing a
weighted sum of these two complementary losses.

3.2.2 Discourse Unit Representation and
Enhanced Prediction Head

As shown in Figure 1, HiDAC uses a dual-encoder
framework. From the final layer’s hidden states,
we extract the [CLS] token representation of each
discourse unit, Arg1 and Arg2, resulting in vectors
u ∈ Rd and v ∈ Rd, respectively, where d = 1024,
the model size of XLM-RoBERTa-Large.

To capture relational information for classifica-
tion, we create an enhanced feature vector, z, by
concatenating u and v along with their element-
wise difference and product (Conneau et al., 2017).
We opted for this richer feature representation after
an ablation study showed it outperformed the sim-
pler concatenation of [u;v], which achieved a de-
velopment set accuracy of 67.18% and an F1-score
of 64.64%. As this was lower than the 67.46%
accuracy and 65.14% F1-score of the enhanced
method (see Section 5), we chose the latter for our
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final model. The enhanced vector z serves as the
input to the multi-layer perceptron (MLP) classifier
and is defined as z = [u , v , u− v , u ∗ v].

3.2.3 Hierarchical Adapter Architecture
HiDAC uses a hierarchical Parameter-Efficient
Fine-Tuning (PEFT) strategy, segmenting the back-
bone PLM into lower layers (1 to 8) and upper
layers (12 to 24), each employing distinct adapter
mechanisms.

Lower Layers: Layers (1-8) aim to learn foun-
dational representations using standard LoRA
adapters (Hu et al., 2022). The purpose of these
adapters is to learn basic patterns that help sepa-
rate the different discourse relation classes. They
achieve this by adjusting the model’s early repre-
sentations, grouping instances with the same dis-
course relation together in the embedding space.
These adapters, optimized exclusively by the con-
trastive loss, add minimal computational overhead
and encourage early formation of a well-organized
embedding space.

Upper Layers: Layers (12-24) aim to learn task-
specific representations. The upper layers use
Mixture-of-Experts LoRA adapters (MoE-LoRA),
enabling dynamic, formalism-specific specializa-
tion. Each MoE-LoRA layer is made of multiple
LoRA adapters acting as "experts." For each in-
put token, a gating network computes a softmax
distribution over these experts. The final output
is a weighted sum of all expert outputs, allowing
the model to learn a soft combination of special-
ized adaptations for each token. These adapters are
optimized by the cross-entropy loss.

3.2.4 Dual-Loss Objective
HiDAC uses a dual-loss framework integrating
Cross-Entropy loss (Lce) and Contrastive loss (Llcl)
to optimize model representations and decision
boundaries concurrently. The total loss (Ltotal)
is a weighted sum Ltotal = λce · Lce + λcl · Llcl,
where λce and λcl are hyperparameters.

Cross-Entropy Loss (Lce) This loss is applied
at the final classification layer as the primary objec-
tive for the prediction task.

Contrastive Loss (Llcl) This loss provides the
training signal for the foundational adapters in the
lower layers (1-8) of the encoder. We experimented
with two contrastive objectives: a Label-Centered

loss and a more traditional instance-vs-instance
loss.

As detailed in our analysis (see Section 6), the
Label-Centered method yielded superior perfor-
mance and training stability, and was therefore
selected for our final model. The chosen Label-
Centered SCL, inspired by (Wu et al., 2024), sim-
plifies the contrastive objective by introducing sta-
ble, learnable embeddings corresponding directly
to each class label. Instead of comparing an in-
stance to other random instances, the model’s task
is now much clearer: it learns to make the represen-
tation of an instance (from layer 8) more similar to
the embedding of its correct label, while making it
dissimilar to the embedding of all incorrect labels.
The loss is computed as:

Llcl = − log
exp(sim(hcontrastive, ey)/τ)∑
j∈C exp(sim(hcontrastive, ej)/τ)

Here, hcontrastive is formed by taking the [CLS]
token representation for each discourse unit from
the intermediate layer’s output (layer 8), and then
averaging these two vectors. The terms ey and ej
refer to the learnable class prototypes; where ey is
the embedding of the ground-truth class y, while
the sum in the denominator is over the embeddings
for all 17 labels in the set C. Finally, sim is the
cosine similarity, and τ is the temperature hyperpa-
rameter.

On the other hand, the instance-vs-instance con-
trastive loss works by creating two slightly different
vector representations for the same input text. The
model is then trained to solve a simple matching
task: it learns to pull these two views of the same
text together, while simultaneously pushing them
away from the representations of all other different
texts in the batch. To provide a larger and more
consistent set of negative examples, this method is
augmented with a momentum-updated encoder and
a negative queue (He et al., 2020).

4 Experimental Setup

4.1 Datasets

We trained and evaluated our models using the
datasets provided by the shared task organizers.7

In total, the benchmark is composed of 39 datasets,
covering 16 languages and 6 frameworks. These
datasets were obtained from the following corpora:
the Czech RST Discourse Treebank 1.0 (Poláková

7https://github.com/disrpt/sharedtask2025
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et al., 2023), the Potsdam Commentary Corpus
(Stede and Neumann, 2014; Bourgonje and Stede,
2020), the COVID-19 Discourse Dependency Tree-
bank (Nishida and Matsumoto, 2022), the Dis-
course Dependency TreeBank for Scientific Ab-
stracts (Yang and Li, 2018; Yi et al., 2021; Cheng
and Li, 2019), the Genre Tests for Linguistic Evalu-
ation corpus (Aoyama et al., 2023), the Georgetown
University Multilayer corpus (Zeldes, 2017), the
RST Discourse Treebank (Carlson et al., 2001), the
Science, Technology, and Society corpus (Potter,
2008), the University of Potsdam Multilayer UNSC
Corpus (Zaczynska and Stede, 2024), the Minecraft
Structured Dialogue Corpus (Thompson et al.,
2024), the Strategic Conversations corpus (Asher
et al., 2016), the Basque RST Treebank (Iruskieta
et al., 2013), the Persian RST Corpus (Shahmoham-
madi et al., 2021), the ANNOtation DIScursive cor-
pus (Afantenos et al., 2012), the SUMM-RE corpus
(Hunter et al., 2024; Prévot et al., 2025), the Dutch
Discourse Treebank (Redeker et al., 2012), the Pol-
ish Discourse Corpus (Ogrodniczuk et al., 2024;
Calzolari et al., 2024), the Cross-document Struc-
ture Theory News Corpus (Cardoso et al., 2011),
the Russian RST Treebank (Toldova et al., 2017),
the RST Spanish Treebank (da Cunha et al., 2011),
the RST Spanish-Chinese Treebank (Cao et al.,
2018), the Georgetown Chinese Discourse Tree-
bank (Peng et al., 2022b,a), the DiscoNaija corpus
(Scholman et al., 2025), the Penn Discourse Tree-
bank (Prasad et al., 2014; Webber et al., 2019),
the TED-Multilingual Discourse Bank (English)
(Zeyrek et al., 2018, 2019), the LUNA Corpus Dis-
course Data Set (Tonelli et al., 2010; Riccardi et al.,
2016), the Portuguese Discourse Bank (Mendes
and Lejeune, 2022; Généreux et al., 2012), the
Thai Discourse Treebank (Prasertsom et al., 2024),
the Turkish Discourse Bank (Zeyrek and Webber,
2008; Zeyrek and Kurfalı, 2017), and the Chinese
Discourse Treebank (Zhou et al., 2014).

The dataset is divided into official train/dev/test
splits; however, some corpora are included only as
surprise or out-of-domain (OOD) evaluation sets
and are not represented in the training data. Ad-
ditionally, four corpora are fully masked (i.e., ar-
gument texts are replaced with underscores), and
two are partially masked due to LDC subscription
requirements.

For our experiments, we used the official train
and dev splits to train and evaluate our models,
excluding the instances requiring an LDC subscrip-
tion. As Table 1 shows, the class distribution of

Label Train (≈170k) Dev (≈28k)
1 elaboration 19.9% 23.3%
2 conjunction 17.5% 16.5%
3 causal 11.7% 10.6%
4 temporal 9.4% 8.1%
5 query 6.5% 5.1%
6 contrast 5.2% 4.6%
7 concession 4.5% 4.7%
8 comment 4.0% 3.3%
9 explanation 3.7% 3.9%

10 purpose 3.1% 3.7%
11 condition 3.0% 2.7%
12 attribution 3.0% 3.2%
13 organization 2.9% 3.5%
14 frame 2.3% 2.9%
15 mode 1.4% 2.0%
16 reformulation 1.2% 1.4%
17 alternation 0.7% 0.7%

Table 1: Class distribution of discourse relation labels
in the training and development sets.

the training dataset (≈170K instances) and devel-
opment dataset (≈28K instances) is not balanced
with elaboration and conjunction being overrep-
resented while alternation and reformulation are
severely underrepresented.

4.2 Training Details

For the BERT-based models (see Section 3.1.1),
we used standard fixed hyperparameters: We use
the AdamW optimizer with a learning rate of 3e-
5, batch size of 32, weight decay of 0.01, and
warm-up ratio of 0.1, we set a maximum of 20
epochs and applied early stopping with a patience
of 3 epochs based on the validation loss and
we used fixed random seeds (seed=42) for repro-
ducibility across all experiments. We used the
default AutoModelForSequenceClassification
implementation from Hugging Face Transformers8

with 17 output classes corresponding to DISRPT
2025’s unified label set.

For the prompt-based experiments (see Sec-
tion 3.1.2), we set the temperature to 0 to ensure
fully deterministic outputs. We also fixed a random
seed (seed=42) when selecting examples for the
few-shot prompting setting for reproducibility.

The implementation of HiDAC uses XLM-
RoBERTa-Large as the foundational model.
Adapter modules are applied using forward hooks,
preserving the pre-trained weights while updating
only the small adapter matrices. During inference,

8https://huggingface.co/docs/transformers
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BERT-based Models
mBERT XLM-R-Base XLM-R-Large

Category Size (%) NO RO 0 0.25 0.5 0.75 NO RO 0 0.25 0.5 0.75 NO RO 0 0.25 0.5 0.75
Overall – 64.4% 63.5% 53.4% 64.0% 64.1% 64.3% 65.4% 64.6% 33.3% 63.8% 65.3% 65.1% 66.4% 65.8% 32.2% 65.9% 66.5% 66.8%
Framework
pdtb 27.0 65.6% 65.1% 51.6% 65.0% 65.5% 65.3% 67.3% 66.6% 25.5% 65.5% 67.1% 67.1% 68.8% 67.7% 22.9% 67.8% 68.8% 68.5%
rst 26.5 57.8% 57.4% 47.8% 58.4% 58.4% 58.5% 59.2% 58.3% 28.7% 57.2% 59.5% 59.0% 60.2% 60.5% 27.6% 60.2% 59.8% 60.2%
dep 16.7 72.2% 70.3% 62.5% 70.6% 71.2% 71.7% 72.0% 69.8% 46.4% 71.7% 70.1% 71.2% 72.2% 70.2% 46.1% 70.6% 72.4% 72.1%
sdrt 14.5 75.3% 74.1% 64.4% 74.7% 73.9% 75.0% 75.6% 75.4% 49.5% 74.4% 75.8% 75.0% 76.2% 75.6% 51.2% 76.4% 76.7% 76.7%
erst 12.5 56.0% 55.6% 46.8% 56.2% 55.7% 56.3% 56.7% 56.9% 24.2% 54.4% 57.6% 57.2% 58.2% 58.9% 21.6% 58.4% 59.5% 60.5%
iso 2.8 47.2% 45.7% 40.7% 47.2% 48.2% 46.3% 52.1% 50.7% 29.2% 49.2% 53.4% 50.8% 55.3% 51.4% 31.4% 53.0% 52.6% 56.7%
Language
eng 51.0 67.0% 66.0% 57.7% 66.5% 66.3% 66.7% 67.6% 66.6% 38.0% 66.1% 67.2% 67.6% 68.1% 67.2% 37.1% 67.7% 68.6% 68.9%
zho 9.8 60.3% 62.0% 47.6% 59.9% 60.4% 60.3% 60.7% 61.8% 26.9% 60.1% 62.2% 60.6% 64.2% 64.0% 24.9% 61.0% 63.9% 63.1%
rus 8.2 62.5% 61.2% 52.2% 62.0% 62.8% 62.9% 63.8% 62.6% 30.4% 60.5% 63.5% 63.4% 63.5% 63.8% 28.9% 63.7% 63.7% 64.2%
por 7.4 64.7% 64.2% 55.6% 65.8% 65.8% 65.2% 67.0% 66.9% 33.3% 65.6% 66.9% 66.3% 68.3% 68.0% 30.0% 68.9% 67.8% 68.0%
tha 4.5 93.5% 94.2% 66.3% 94.4% 94.0% 94.4% 96.0% 95.9% 26.7% 95.0% 96.1% 95.7% 95.7% 95.9% 26.5% 95.5% 95.9% 96.0%
pcm 3.8 51.0% 49.6% 33.3% 49.6% 48.8% 50.0% 52.9% 51.0% 22.9% 47.4% 50.5% 51.7% 56.1% 54.2% 21.0% 52.3% 53.5% 52.8%
pol 2.8 47.2% 45.7% 40.7% 47.2% 48.2% 46.3% 52.1% 50.7% 29.2% 49.2% 53.4% 50.8% 55.3% 51.4% 31.4% 53.0% 52.6% 56.7%
eus 2.2 50.3% 48.4% 37.8% 49.3% 50.8% 52.6% 52.4% 51.3% 22.5% 52.3% 54.1% 54.2% 54.6% 57.2% 21.8% 56.7% 53.7% 58.6%
fra 1.9 61.2% 54.5% 51.8% 60.6% 59.5% 59.1% 58.5% 57.6% 38.4% 60.0% 59.3% 54.5% 62.0% 58.1% 37.1% 62.9% 62.5% 62.5%
fas 1.8 55.1% 53.5% 45.9% 52.9% 53.5% 54.5% 54.3% 54.3% 28.1% 54.7% 54.1% 55.5% 57.9% 57.7% 30.1% 56.5% 56.5% 57.7%
spa 1.7 68.1% 65.6% 50.9% 67.7% 67.7% 69.2% 66.2% 66.7% 27.5% 63.5% 68.3% 64.8% 68.3% 68.1% 26.8% 68.3% 70.4% 66.9%
deu 1.6 44.7% 44.2% 37.6% 45.4% 47.6% 45.8% 47.1% 46.2% 18.6% 47.3% 48.2% 45.4% 49.3% 46.9% 19.2% 49.3% 45.6% 44.9%
nld 1.2 53.2% 51.1% 38.4% 54.4% 54.7% 56.5% 56.5% 50.5% 29.9% 56.5% 54.7% 55.9% 55.3% 57.1% 28.4% 58.9% 55.9% 54.7%
tur 0.8 51.7% 44.5% 44.1% 46.4% 50.2% 49.8% 54.0% 45.0% 30.8% 52.1% 52.1% 52.6% 52.6% 50.7% 32.2% 53.6% 54.5% 54.5%
ita 0.7 60.7% 63.1% 54.4% 62.1% 60.2% 59.2% 63.1% 63.6% 22.8% 59.7% 59.2% 60.7% 58.7% 60.7% 21.8% 62.6% 62.1% 65.0%
ces 0.4 40.7% 47.2% 33.3% 45.5% 39.8% 45.5% 48.0% 46.3% 22.0% 41.5% 39.8% 44.7% 45.5% 55.3% 23.6% 46.3% 53.7% 48.0%

Table 2: Accuracy of the BERT-based models (mBERT, XLM-RoBERTa-Base & XLM-RoBERTa-Large) across the
two argument ordering and freezing strategies with subset size (%) on the development (≈28k) dataset. Note: NO =
Natural ordering; RO = Relation-based ordering. The percentages represent the portion of the encoder’s top layers
that we unfreeze after initially freezing the entire model. All progressive unfreezing experiments were conducted
with NO argument ordering only. Light green cells indicate the highest accuracy within each model family for a
given framework/language, while dark green cells indicate the overall best accuracy across all families.

Prompt-based Models Custom Model
Zero-Shot Few-Shot HiDAC

Category Size (%) NO RO Exp 1 Exp 2 Exp 3 Instance * Instance Label Centered Final HiDAC
Overall – 40.85% 31.93% 39.90% 39.6% 34.7% 66.88% 66.97% 67.46%
Framework
pdtb 27.0 43.22% 35.30% 43.50% 41.8% 37.50% 67.89% 67.64% 69.00%
rst 26.5 39.36% 28.80% 36.33% 36.9% 31.60% 60.63% 60.98% 60.92%
dep 16.7 51.78% 35.70% 48.60% 48.0% 38.65% 75.70% 75.96% 75.89%
sdrt 14.5 30.76% 31.30% 31.48% 32.2% 31.13% 76.17% 76.62% 76.67%
erst 12.5 36.90% 26.05% 37.85% 37.9% 33.50% 58.97% 58.68% 59.49%
iso 2.8 37.33% 39.18% 39.35% 40.4% 36.55% 50.79% 50.53% 51.97%
Language
eng 51.0 40.36% 30.38% 39.90% 40.0% 34.70% 69.67% 69.75% 70.00%
zho 9.8 36.15% 27.68% 37.18% 35.5% 32.83% 64.35% 64.24% 65.06%
rus 8.2 45.12% 34.90% 39.15% 40.3% 37.53% 64.17% 63.64% 64.61%
por 7.4 47.38% 31.38% 41.53% 39.7% 34.78% 68.16% 68.36% 69.92%
tha 4.5 64.30% 64.30% 66.18% 64.4% 57.70% 95.82% 95.58% 95.90%
pcm 3.8 28.23% 23.75% 36.23% 32.3% 24.33% 51.24% 50.76% 53.33%
pol 2.8 37.33% 39.18% 39.35% 40.4% 36.55% 50.79% 50.53% 51.97%
eus 2.2 33.18% 26.35% 34.83% 35.9% 30.78% 55.54% 55.70% 53.75%
fra 1.9 45.63% 45.63% 35.30% 38.7% 37.38% 56.02% 57.36% 57.36%
fas 1.8 35.83% 29.60% 37.28% 38.8% 32.60% 52.30% 55.51% 55.31%
spa 1.7 34.68% 17.68% 38.80% 38.1% 30.33% 66.88% 66.88% 67.71%
deu 1.6 27.25% 25.88% 23.00% 23.0% 23.95% 56.86% 57.52% 56.64%
nld 1.2 34.50% 34.18% 31.65% 25.4% 24.03% 49.85% 53.47% 52.27%
tur 0.8 40.08% 28.98% 40.08% 36.5% 19.05% 48.82% 51.66% 52.61%
ita 0.7 33.75% 20.00% 30.00% 30.0% 37.50% 60.68% 60.19% 59.71%
ces 0.4 16.08% 16.08% 6.25% 13.4% 9.38% 49.59% 51.22% 49.59%

Table 3: Accuracy of Prompt Engineering using Claude Opus 4.0 (Zero-Shot, Few-Shot) and HiDAC on the
development (≈28k) dataset. Note: NO = Natural ordering; RO = Relation-based ordering; Exp 1 = Multilingual
examples; Exp 2 = English-only examples; Exp 3 = English-only mainly from weak-label examples. Light green
cells indicate the highest accuracy within each model family for a given framework/language, while dark green cells
indicate the overall best accuracy across all families.
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the trained LoRA adapter weights are loaded on
top of the frozen base model. This approach adds
negligible computational latency compared to us-
ing the base model without any adapters, as the
forward pass only involves a few small matrix mul-
tiplications (Hu et al., 2022). The hyperparameters
were tuned empirically based on performance on
the development set. Our final model uses a LoRA
rank (r) of 128 with a scaling factor (α) of 256 for
all adapters. For the contrastive loss, the temper-
ature (τ ) was set to 0.1. The final loss weighting
coefficients were set to λce = 1.0 and λcl = 0.3.
We trained the model using the AdamW optimizer
with a learning rate of 2e-5 and a cosine learn-
ing rate scheduler with a warmup period covering
the first 2 epochs. The model was trained with a
batch size of 32, fixed random seed (seed = 42) and
we used early stopping with patience of 2 epochs
based on the accuracy of the development set. All
experiments were conducted on Google Colab us-
ing a single NVIDIA A100 GPU. Training run took
approximately 5 hours for the argument-ordering
and HiDAC models, while the progressive unfreez-
ing ones were shorter and varied depending on the
unfreezing ratio.

5 Results

Tables 2 and 3 summarize the results across all
three model families where we report the accu-
racy values overall, as well as by framework and
language. Table 2 shows the results for the two
argument-order arrangements and for the progres-
sive unfreezing experiments at 0%, 25%, 50%,
and 75% unfreezing ratios. Overall, accuracy in-
creases across unfreezing ratios for all models, with
the highest scores observed at the 75% unfreezing
ratio, and natural argument ordering consistently
outperformed relation-directed ordering across all
models. Table 3 shows prompting results, with
zero-shot achieving 40.85% and few-shot reach-
ing 39.90%. HiDAC achieved the highest overall
performance at 67.46%, outperforming both the
best BERT baseline without progressive unfreezing,
where the model is fully trainable (XLM-RoBERTa-
Large at 66.43%) and with progressive unfreezing
(66.76% with 75% unfreezing).

6 Analysis

We analyze the results of Tables 2 and 3 to better
understand the impact of model choices.

6.1 BERT-Based Models

Effect of Model Size: As shown in Table 2
larger models tend to perform slightly better.
XLM-RoBERTa-Large (550M parameters) achieves
66.4%, compared to XLM-RoBERTa-Base (65.4%,
270M parameters) and mBERT (64.4%, 179M pa-
rameters). Although the absolute gains are modest,
this trend suggests that increased capacity may help
the model capture complex semantic relationships
across languages and annotation frameworks.

Effect of Progressive Unfreezing: Progressive
unfreezing leads to modest performance improve-
ments as more layers are unfrozen; accuracy
steadily increases from the 25% to the 75% unfreez-
ing ratio across all models. At 75% unfreezing,
performance is comparable to or slightly higher
than full fine-tuning while being significantly more
parameter-efficient. For example, XLM-RoBERTa-
Large achieves 66.8% accuracy while training only
41% of parameters (vs. 66.4% fully trained), and
mBERT reaches 64.3% while training 36% of pa-
rameters (as opposed to 64.4% fully trained). This
suggests that full fine-tuning may be unnecessary
to achieve strong performance, allowing reductions
in computational resources.

Cross-Formalism Analysis: The training data
is dominated by PDTB (28.3%) and RST (31.8%).
In contrast, SDRT and DEP represent only 18.7%
and 4% of the training data, respectively. However,
on the development set, SDRT (14.5% of dev) and
DEP (16.7% of dev) achieve notably higher accu-
racy than PDTB (27% of dev) and RST (26.5% of
dev) across models. For example, on the XLM-
R-Large with unfreezing ratio of 0.75, we have
the following accuracy values: SDRT = 76.7%,
DEP = 72.1% vs. PDTB = 68.5%, RST = 60.2%.
This raises the question of whether the 17 proposed
unified labels may align more with these frame-
works or whether other factors, such as the ratio of
implicit to explicit relations, contribute to this dis-
crepancy. Further analysis is needed to understand
the source of these differences.

6.2 Prompt-based Models

Prompt engineering was significantly affected by
relation-directed ordering, suggesting that LLMs
may prefer the natural flow of arguments regard-
less of discourse relation source or direction. Sur-
prisingly, performance did not improve when us-
ing few-shot prompts with four examples, whether
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English-only or instance-language-specific, show-
ing the difficulty of designing effective prompts for
the proposed labels; particularly, for the following
labels, which achieved F1 scores below 15%: con-
cession, explanation, frame, mode, organization,
and reformulation. When doubling the examples in
Exp 3, accuracy dropped to 34.7%, which could be
because the model became overwhelmed by con-
flicting patterns and noise. Too many examples
could have created confusion rather than clarity.
The instructions in all cases were in English only;
it is worth investigating the use of language-specific
instructions. Also, we only investigated with the
Claude model; it may be beneficial to evaluate other
LLMs on the unified discourse labels for a broader
comparison.

6.3 HiDAC Model

Effect of Contrastive Learning Objective: We
assess two distinct supervised contrastive learn-
ing (SCL) objectives. As shown in Table 3, the
instance-based supervised contrastive learning ob-
jective, augmented with a momentum encoder and
negative queue (He et al., 2020) achieved strong
performance, comparable to our other methods.
However, a closer analysis of the training dynam-
ics revealed a significant issue: the contrastive loss
value remained stagnant after the initial warm-up
period, indicating that the model was failing to
optimize this objective. We hypothesize this was
caused by two factors. First, random in-batch nega-
tives often included semantically similar pairs (e.g.,
two elaboration instances), which may have pro-
vided a contradictory training signal. Second, the
constantly changing nature of the negative exam-
ples prevented the model from learning against a
fixed target. Although the loss stagnated, it did lead
to a strong performance.

The Label-Centered SCL improved the learn-
ing dynamics. Unlike the stagnant loss observed
with the instance-vs-instance method, the Label-
Centered objective resulted in a consistent decrease
in the contrastive loss throughout training. This
indicates that the model was able to effectively
learn from the clearer, more stable training signal
provided by the fixed label embeddings. While
the final performance scores were comparable to
the instance-based method, we selected the Label-
Centered approach for our final model due to its
demonstrably superior training stability.

HiDAC Final Tuning: Our final model incor-
porates few tuning enhancements to the Label-
Centered architecture.

As a regularization technique, we used label
smoothing within the cross-entropy loss func-
tion and applied gradient clipping during training.
These methods mitigate overfitting, stabilize train-
ing dynamics, and facilitate smoother convergence.

In addition, we replaced the linear learning rate
scheduler with a cosine annealing scheduler. This
modification ensures a more gradual and stable
reduction in learning rate, improving convergence
behavior during the final training stages.

As shown in Table 3, these refinements delivered
a final incremental performance boost, ultimately
yielding our best overall results.

7 Conclusion

This paper presented three approaches for Task 3
of DISRPT 2025: transformer-based baselines,
prompt-based models, and HiDAC, a hierarchi-
cal adapter-based model with a dual-loss objec-
tive. Our experiments showed that natural argu-
ment ordering and progressive unfreezing gener-
ally improved performance, while prompt-based ap-
proaches underperformed compared to fine-tuned
transformers. HiDAC achieved the best overall ac-
curacy while training on fewer parameters, showing
that adapter-based methods can reduce training cost
without sacrificing accuracy. Future work could
focus on improving prompt-based models and ex-
ploring multi-task training across Tasks 1-3. Also
we plan to explore a multi-layer contrastive loss,
applying the SCL objective across several interme-
diate layers to build a more robust representation.
Additionally, we will investigate using Focal Loss
with class-aware weighting to better address the
severe class imbalance in the dataset and improve
performance on underrepresented labels.

8 Limitations

For the BERT-based models, we used fixed hyper-
parameters across all models and datasets with-
out additional fine-tuning on the validation sets.
Our prompt engineering experiments, although one
setup included language-based examples, used in-
structions only in English. While we explored both
zero-shot and few-shot prompting, we did not ex-
periment with chain-of-thought reasoning and only
used the Claude model.
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With respect to HiDAC, the hierarchical dual-
adapter design introduces additional computational
overhead during training; specifically, calculating
two separate losses and extracting representations
from intermediate layers makes the training process
slower than a standard approach. Furthermore, ex-
periments revealed that the model’s performance is
sensitive to the balance between the cross-entropy
and contrastive loss weights (λce and λcl). This sug-
gests that applying this framework to new datasets
would require careful hyperparameter tuning.

The architectural choices of HiDAC could also
be explored. The division of the PLM into lower
(1-8) and upper (12-24) layers was based on prior
work (Wu et al., 2024) and was not optimized;
other partitioning schemes might yield different
outcomes. Similarly, the gating mechanism in the
upper-layer MoE adapters uses a simple soft mix-
ture, and more advanced sparse routing strategies
were not explored. Finally, the performance of the
model is fundamentally dependent on the capabili-
ties of the underlying XLM-RoBERTa backbone,
and its effectiveness may vary when applied to dif-
ferent pre-trained encoders.

Finally, due to time constraints, we did not per-
form tests of statistical significance on the perfor-
mance difference of the various experiments.
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Abstract

This paper presents DeDisCo, Georgetown Uni-
versity’s entry in the DISRPT 2025 shared task
on discourse relation classification. We test two
approaches, using an mt5-based encoder and a
decoder based approach using the openly avail-
able Qwen model. We also experiment on train-
ing with augmented dataset for low-resource
languages using matched data translated auto-
matically from English, as well as using some
additional linguistic features inspired by en-
tries in previous editions of the Shared Task.
Our system achieves a macro-accuracy score
of 71.28, and we provide some interpretation
and error analysis for our results.1

1 Introduction

Recent computational work on discourse relations
has introduced richer multilingual corpora (Liu
et al., 2024; Zeldes et al., 2025) and advanced
transformer-based methods for implicit and explicit
discourse relation classification (e.g. Li et al. 2024;
Metheniti et al. 2024). While most previous studies
focus on implicit relations within a single language
(Liu and Strube, 2023), the DISRPT shared-task
setting requires handling both explicit and implicit
relations across multiple languages and annota-
tion frameworks (Braud et al., 2024). This means
that for example explicit CAUSAL relations as in
1, where the relation can be identified thanks to
the explicit connective ‘because’, are targeted next
to implicit ones, as in 2, where it is implied that
it’s hard for the speaker to think about food (be-
cause) they are not hungry (both example taken
from eng.erst.gum).

(1) [I bought it]unit1 [because it was funny]unit2

1Full disclosure: our team includes both organizers and
dataset annotators from the shared task. Results were repro-
duced independently by other organizers. All code is available
at https://github.com/gucorpling/disrpt25-task.

(2) [I’m so not hungry right now,]unit1 [it’s hard
for me to think about food.]unit2

In DISRPT 2025 (see Braud et al. 2025), we de-
signed and tested two architectures – one based on
an encoder model and one based on a decoder – and
submitted the decoder-only system, which is called
DeDisCo (Decoder-based Discourse Cognoscente),
which was trained via supervised fine-tuning with
instruction-style prompts, tailored for multilingual
discourse relation classification. Given the shared
task constraint of a single multilingual model, su-
pervised fine-tuning allowed us to efficiently fine-
tune a compact decoder architecture while main-
taining robust generalization across languages. Al-
though we also explored encoder-based alternatives
for methodology comparison, the decoder model
formed the core of our official submission.

2 Related Work

2.1 Discourse Frameworks and Datasets

Multiple frameworks have been used to analyze and
organize natural language discourse such as RST
(Mann and Thompson, 1988) and eRST (Zeldes
et al., 2025), PDTB (Marcu and Wong, 2004),
SDRT (Lascarides and Asher, 2007), Discourse
Dependencies (Stede et al., 2016), and ISO 24617-
8 (Tomaszewska et al., 2024). These frameworks
apply different structural and semantic guidelines
for this purpose. However all of these frameworks
utilize components such as discourse units and rela-
tions to build either shallow, or hierarchical/graph
based discourse structures. Discourse units are
then combined with discourse relations labels to
describe the complex discourse structures present
in texts.

Considerable efforts have been dedicated to
building discourse corpora in multiple languages
containing various text types. Combined with the
variety of frameworks, many corpora contain fea-
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tures specific to languages, genres, and frameworks:
for example, in RST, most datasets use clauses as
discourse units, but only some datasets allow for
discontinuous units; in PDTB, some datasets fo-
cusing on implicit relations only allow relations
between sentences, while in others, smaller units
are included. Additionally, the nature of the text
will make some relations more or less prevalent,
such as questions (the QUERY relation), which ap-
pear almost only in dialogic text types. Hence, both
language and genre-specific considerations can be
applied in many instances, leading to heterogeneity
in the data parameterized by the language, frame-
work, corpus, and genre. Previous DISRPT Shared
tasks (Zeldes et al., 2019, 2021; Braud et al., 2023)
have brought together collections of these varied
datasets, with the previous iteration (DISRPT 2023
Braud et al., 2023) containing 26 corpora anno-
tated across 4 frameworks and 13 languages, and
the 2025 edition bringing these up to 39 datasets
in coming from 6 frameworks and 16 languages.
New in this edition is also the unification of the
label set to the same 17 labels across all datasets;
however, labels may exhibit subtle differences in
usage across corpora, meaning once again that en-
coding dataset specific input may be crucial for
high performance across benchmarks.

2.2 Discourse Parsing and Relation
Classification

The task of discourse parsing refers to construct-
ing discourse structures (in a given scheme) from
natural language text. This involves sub-tasks such
as segmenting discourse units, connecting them
in order, identifying lexical units that signal rela-
tions (in PDTB and eRST), and assigning relation
labels. In addition to the inherent challenges of
these tasks, heterogeneity leads to systems that
are useful for only a small subset of the corpora.
With neural models, this challenge is more severe
due to the need for substantial amounts of train-
ing data to build such systems. The multilingual
and multi-track nature of the DISRPT shared task
may alleviate some of these problems by posing the
problem as a multilingual one across all datasets,
allowing low-resource languages to gain in perfor-
mance from the additional data available in high-
resource languages. The tracks on discourse unit
segmentation, connective identification, and rela-
tion classification also allow systems to focus on
these problems in isolation – in this paper we target
only the latter task of relation classification, given

the units connected by the relation.
Regardless of the labels used, which are com-

monly framework-specific (Hovy, 1990), relation
classification can be considered a single-label clas-
sification task over two ordered, non-overlapping
textual input units. Multiple methods have been
applied to the task, including in the context of full
hierarchical discourse parsing, such as shift-reduce
parsing (Marcu, 1999), feature based and neural
parsers (Ji and Eisenstein, 2014), and simple span-
based transformer encoder (Gessler et al., 2021;
Metheniti et al., 2024), and decoder (Anuranjana,
2023) models.

2.3 Feature Encoding and Data Augmentation
Several past top systems Yu et al. (2019); Gessler
et al. (2021); Metheniti et al. (2023) used hand-
crafted features to mitigate discourse parsing chal-
lenges, even with transformer-based models. These
range from corpus-level features such as language
and framework, document-level features such as
length or genre, and sample- or unit-level features
such as lexical overlap or position. Unique features
like whether two units share the same speaker were
also crafted in corpus-specific systems. Features
can be represented categorically (e.g., one-hot), as
dense embeddings in neural architectures, or as
plain text in LLM prompts.

Data augmentation has been used to improve
both dataset and language-specific performance.
Task-specific augmentation entails transforming
or synthesizing data that is similar to the target
dataset based on a distribution that also adheres to
the dataset design. e.g. Liu et al. (2023) grouped to-
gether data for multiple languages with smaller cor-
pora for such augmentation. For language-specific
augmentation, the same or similar source for differ-
ent languages can be translated into the target lan-
guage, providing higher training data for the target
language. This is popularly known as the translate-
train paradigm (Conneau et al., 2018), which we
employ below.

3 Data and Approach

The Discourse Relation Classification task of the
DISRPT 2025 aims to classify discourse relations
across a diverse set of languages and annotation
frameworks. The relation classification task in-
cludes 38 of the joint task’s 39 corpora, spanning
16 languages and 6 different frameworks, with a
unified set of 17 labels provided. For convenience,
the language, corpora, and framework are part of

49



the listed in appendix D (Table 6). The majority
of the data are annotated using Rhetorical Struc-
ture Theory (RST; Mann and Thompson, 1988) and
the Penn Discourse Treebank framework (PDTB;
Marcu and Wong, 2004). A smaller subset of the
corpora is annotated using SDRT, discourse depen-
dencies (DEP), eRST, and the ISO frameworks.

For our system, we experimented with both
encoder-based and decoder-based models. Af-
ter evaluating their performance, we selected the
stronger decoder-based model for our official sub-
mission. Below, we described how each model was
implemented with our feature set and data augmen-
tation.

3.1 Features
Language Corpus Framework (LCF) As noted,
the training data spans multiple annotation frame-
works, corpora, and languages, which poses a chal-
lenge for generalization since relations defined un-
der different schemes or languages are not always
directly comparable. To address this diversity, we
incorporate metadata into the input to help the
model distinguish and generalize across datasets.
We refer to these elements collectively as LCF fea-
tures (Language, Corpus, Framework). For exam-
ple, the dataset identifier zho.rst.gcdt indicates
a Chinese corpus (zho) named GCDT (Peng et al.,
2022b), annotated using the RST framework.
DiscoDisco Features The DiscoDisco system
(Gessler et al., 2021) introduced several hand-
crafted discourse features extracted from the data
for the relation classification task (see Table 1),
which were later shown to be highly effective
(Metheniti et al., 2023). We selectively incorpo-
rated a subset of these features into our models, see
Table 5 in appendix B for a detailed list of which
DiscoDisco features are used in the decoder and
the encoder separately. For exact details of these
features we refer to the original DiscoDisco paper
and system implementation.
Direction Discourse relations are marked be-
tween two segments of text, referred to as Arg1
and Arg2. In the DISRPT datasets, these segment
pairs follow the text’s original sequence, and an
extra column specifies the intended argument di-
rection for the annotated relation (e.g., 1>2). For
example in a cause relation, the cause points to the
result, but may appear first (1>2) or second (1<2).
This directional information is incorporated into
both of our models, but encoded in different ways
(see below).

Context Text context beyond the two units being
classified plays a crucial role in discourse relation
classification. Notably, Dai and Huang (2018)
demonstrated that paragraph-level context signifi-
cantly enhances the prediction of implicit discourse
relations. In our models, we explore adding context
to the model input and the impact of varying con-
text window sizes surrounding the target sentence.

To clarify the experimental setup, Table 4 in
appendix B provides an overview of which features,
context, and data augmentation used in each model
configuration.

3.2 Data Augmentation
Given the limited size of training data for cer-
tain languages, many of which also exhibit lower
model accuracy, we apply targeted data augmen-
tation to enhance performance. We focus on six
low-resource languages: Czech (14.6K tokens),
Dutch (24.9K), French (32.7K), Basque (45.7K),
German (66K), and Persian (67K), covering a total
of seven datasets. While these six corpora are not
strictly the smallest by token count, they exemplify
low-resource conditions due to the combination
of restricted training data for the entire language,
and comparatively weak baseline performance. We
therefore targeted them for augmentation to miti-
gate these weaknesses. Our augmentation strategy
involves translating English training instances from
a source corpus into the target languages using API
calls to the ChatGPT 4.1 model (OpenAI et al.,
2024), and providing this data for system training
and replication following the shared task rules (our
system does not access ChatGPT in any way at
training or testing time).

To ensure compatibility with the target language,
we select English data for translation based on
four criteria: annotation framework, discourse rela-
tion label distribution, genre alignment, and over-
all dataset size. The detailed correspondences are
provided in Table 2. For each target corpus, we
generated augmented data equivalent to approxi-
mately 75% of its original size. This ratio was
chosen to enrich the training set without overshad-
owing the signals from the original in-domain ex-
amples. To ensure the quality and relevance of
the synthetic data, we implemented a multi-faceted
filtering strategy. First, we maintained a label dis-
tribution in the augmented set that closely mirrored
the original. Second, we aligned the data’s genre;
for instance, as the German deu.rst.pcc contains
mostly editorial texts and news, we primarily drew
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Feature Type Ex. Description

Genre Cat. reddit Document genre (e.g., eng.erst.gum)
Children Num. 2 Child units each discourse unit has
Discontinuous Cat. false Unit tokens not contiguous
Is Sentence Cat. true Unit is a complete sentence
Length Ratio Num. 0.3 Token length ratio (u1 vs. u2)
Same Speaker Cat. true Same speaker for u1 and u2
Doc. Length Num. 214 Document length in tokens
Position Num. 0.4 Unit position in doc (0–1)
Distance Num. 7 Other units between u1 and u2
Lexical Overlap Num. 3 Shared non-stoplist words

Table 1: Features used in 2021 DiscoDisco system.

Target Corpus Source Corpus Selected Source Genres

ces.rst.crdt eng.erst.gum essay, news
deu.pdtb.pcc eng.pdtb.gum essay, news, speech
deu.rst.pcc eng.erst.gum essay, news, speech
eus.rst.ert eng.erst.gum textbook, academic
fra.rst.prstc eng.erst.gum news, academic
nld.rst.nldt eng.rst.(oll, sts) bio, news, letter
fas.rst.prstc eng.rst.rstdt all

Table 2: Source–Target Genre & Framework Alignment
for Translation-Based Data Augmentation

source material from the ‘essay’ and ‘news’ gen-
res from the English GUM corpus, supplementing
it with a small amount of ‘speech’ data to reach
the target volume. Finally, we tried to enforce an-
notation guideline consistency. For example, we
observed that German RST annotations do not seg-
ment relative clauses, unlike its counterpart in En-
glish. Therefore, we excluded any source examples
with these incompatible structural patterns from the
German augmentation set.

3.3 Pruned Qwen3-4B Decoder Only

For our decoder-only approach, we frame discourse
relation classification as a generative task. Specifi-
cally, we feed a prompt to a decoder-only model,
instructing it to directly select the correct label
from a predefined label set included within the
prompt itself. We employ the Qwen3-4B model2

(Yang et al., 2025), chosen for its strong multilin-
gual capabilities, supporting over 100 languages
and dialects, which aligns well with the multilin-
gual classification task. We apply supervised fine-
tuning with instruction-style prompts to improve
its task-specific performance.

Pruning The public Qwen3-4B model originally
contains 4.02 billion parameters, slightly exceeding
the shared task’s 4B parameter limit. To address
this, we adopt a pruning strategy based on layer

2https://huggingface.co/Qwen/Qwen3-4B

removal as proposed by Men et al. (2024), which
identifies redundant layers by measuring the sim-
ilarity between their input and output representa-
tions. We determined that removing a single, most
redundant layer was sufficient to meet the param-
eter requirement. After fine-tuning, the resulting
pruned model3 achieved performance on par with
its unpruned counterpart.

Supervised Fine-Tuning Our methodology in-
volves full-parameter supervised fine-tuning of the
model on the task-specific dataset, which is refor-
mulated into an instruction-style prompt format.
Each instruction is enriched with a comprehen-
sive set of features, including LCFs, direction, con-
text, and selected DiscoDisco features (e.g., same
speaker, position), as detailed in Section 3.1. The
context is constructed from the sentence immedi-
ately preceding the first argument, the sentence(s)
containing both arguments, and the sentence imme-
diately following the second argument. We experi-
mented with two distinct styles for prompt design:
Verbose Instructional Prompt and a Structured Tem-
plated Prompt. The verbose prompt, illustrated
in Figure 1, uses natural language to explicitly de-
fine the model’s role, the task objective, the various
input components, and decision-making guidelines.
This contrasts with the structured prompt, which
organizes the raw inputs into a compact, delimiter-
separated format (e.g., ... $$ Arg1 $$ > ## Arg2 ##
...), resembling the input format for encoder models
(Section 3.4). Although a large part of the verbose
instructions is repeated identically in all samples,
and may therefore be considered redundant, our ex-
periments consistently showed that the verbose in-
structional prompts yielded superior performance,
improving model accuracy by approximately 1–2%
compared to the more concise, structured variants.

3https://huggingface.co/JuNymphea/
Georgetown-qwen3-4B-pruned-for-disrpt2025
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## Role and Goal:
You are an expert in discourse analysis, tasked with 
identifying the discourse relation between two 
sentence units based on the provided label. Your 
goal is to accurately determine the relationship 
between these two units.

## Guidelines:
1. You will receive Unit1 and Unit2. Unit1 appears 
before Unit2 in the original text.
2. You will also be informed about the language of 
these units.
3. You will also be informed of the corpus from 
which the data is drawn, which may help guide your 
analysis.
4. The framework for analysis will be provided, 
outlining the structure used for discourse analysis.
5. You will be informed whether Unit1 and Unit2 are 
spoken by the same speaker.
6. You will also be given the distance between Unit1 
and Unit2.
7. You will be provided with the percentage position 
of Unit1 and Unit2 in the original document.
8. You will be given the context in which these two 
units appear.
9. The direction of the relationship between these 
two units will be given.
10. You will be provided with a set of labels 
representing possible discourse relations. Choose 
one label that best fits the relationship between 
Unit1 and Unit2, and output only the chosen label.

## Labels:
contrast, condition, mode, organization, frame, 
temporal, concession, reformulation, comment, query, 
attribution, alternation, purpose, explanation, 
elaboration, causal, conjunction

## Language:
eng

## Corpus:
gum

## Framework:
erst

## Same Speaker:
True

## Distance Between Unit1 and Unit2:
51

## Percentage Position of Unit1:
0.0

## Percentage Position of Unit2:
0.7979

## Context:
Aesthetic Appreciation and ... on 
visitor visual behaviour .

## Direction:
From Unit1 to Unit2.

## Unit1:
Aesthetic Appreciation and Spanish 
Art :

## Unit2:
In this study we used eye - tracking 
in the first stage

Prompt Design

Figure 1: Illustration of the Verbose Instructional Prompt used in Qwen3-4B experiments.

3.4 mT5 Encoder

We also experimented with mT5 (Xue et al., 2021),
a multilingual T5 variant pretrained on a Com-
mon Crawl-based corpus covering 101 languages.
Specifically, we selected the mT5-XL variant, com-
prising 3.7 billion parameters, which comes closest
to the shared task 4B limit. For our classification
task, we used only the encoder and added a clas-
sification head. We explored two strategies for
incorporating metadata and discourse features: (1)
encoding them as special input tokens, and (2) us-
ing separate embedding layers concatenated with
the encoder input.

Feature Injection via Input Tokens We
prepended LCF features as special input tokens
(e.g., LANG_eng, FW_erst, CORP_gum), so that
the model can incorporate this metadata directly in
its tokenized input sequence. Since mT5 is trained
to interpret prompt-like text, this approach natu-
rally lets the model condition on task-specific con-
text. This makes metadata injection especially ef-
fective in our setting, where the goal is to classify
discourse relations across varied domains and an-
notation schemes.

In addition to metadata, we also applied this in-

jection strategy to categorical features from the Dis-
coDisco feature set (Gessler et al., 2021), which
capture properties such as whether the units are
full sentences, whether the relation is discontin-
uous, and whether the two units share the same
speaker. We encoded these features as explicit
key-value tokens, for example IS_SENTENCE_1,
DISCONTINUOUS_0, and SAME_SPEAKER_1. This
design differs from the method of Metheniti et al.
(2024), who append only raw feature values (e.g.,
0.3, 0.5) in a fixed order, with each position im-
plicitly corresponding to a particular feature. While
their strategy reduces vocabulary size, it ties in-
terpretation to positional indexing, making it less
robust to reordering. By contrast, our approach
makes the semantics of each feature explicit and
order-independent, which aligns more naturally
with mT5’s training paradigm and improves inter-
pretability.

Furthermore, we implemented pseudo-
directional features from DiscoDisco. Specifically,
for relations labeled as left-to-right (1>2), we in-
serted direction using the tokens } and > before and
after the first argument span to signal directional
flow. For right-to-left (1<2) relations, the inverse
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markers were used. These directional cues are
lightweight but informative, and help disambiguate
argument structure across instances, especially
in genres with flexible syntax or conversational
turn-taking.

The resulting input sequence is organized as fol-
lows: metadata (LCF features), followed by cate-
gorical DiscoDisco features, and finally the target
argument span:

(3) LANG_eng FW_erst CORP_gum [SEP]
IS_SENTENCE_1 DISCONTINUOUS_0
SAME_SPEAKER_1 GENRE_academic
[SEP] } Aesthetic Appreciation
and Spanish Art: > Arg2: In this
study we used eye-tracking in the
first stage

Feature Embedding(s) We hypothesized that
treating argument spans (arg1 and arg2) together
as a single sequence separated by a special to-
ken [SEP] might better leverage mT5’s native rel-
ative positional embeddings and attention dynam-
ics. Meanwhile, surrounding context (Pre/Post) and
metadata features were proposed to be embedded
separately, since context can be long and sparse,
which may attenuate positional signal strength if
concatenated directly with argument spans. Thus,
our proposed embedding schema is:

(4) Concat(Embed(meta + features) +
Embed(pre-context) + Embed(arg1 [SEP]
arg2) + Embed(post-context))

This setup preserves the association between argu-
ment spans, while mitigating positional confusion
or noise from long context sequences.

Exploratory experiments on a smaller develop-
ment subset indicated that this structure offered
modest conceptual clarity but did not substantially
outperform simply prepending LCF and categorical
DiscoDisco features as special tokens.

4 Results

4.1 Performance Comparison of
Encoder-Only and Decoder-Only Model

Table 3 reports the test scores of the encoder-only
and decoder-only models across all 38 corpora.

We note several coarse observations at the
outset: First, the decoder model outper-
forms the encoder model in all datasets ex-
cept four: eng.dep.covdtb, eus.rst.ert,
tur.pdtb.tdb, tha.pdtb.tdtb. However, the
difference is minor (around 1 accuracy point or

Corpus Decoder (DeDisCo) Encoder

ces.rst.crdt 52.70 51.35
deu.pdtb.pcc 67.01 56.19
deu.rst.pcc 67.03 49.82
eng.dep.covdtb 68.21 73.05
eng.dep.scidtb 83.66 79.58
eng.erst.gentle 67.08 61.29
eng.erst.gum 73.45 62.98
eng.pdtb.gentle 67.94 61.07
eng.pdtb.gum 71.39 65.20
eng.pdtb.pdtb 83.77 77.32
eng.pdtb.tedm 71.79 61.54
eng.rst.oll 62.73 51.66
eng.rst.rstdt 73.27 62.60
eng.rst.sts 58.54 49.39
eng.rst.umuc 67.36 59.09
eng.sdrt.msdc 90.00 84.11
eng.sdrt.stac 75.80 65.96
eus.rst.ert 54.64 55.67
fas.rst.prstc 60.47 57.77
fra.sdrt.annodis 60.39 52.82
ita.pdtb.luna 70.13 66.13
nld.rst.nldt 68.62 53.85
pcm.pdtb.disconaija 59.39 41.40
pol.iso.pdc 74.02 55.05
por.pdtb.crpc 79.17 75.64
por.pdtb.tedm 68.41 64.84
por.rst.cstn 70.22 69.85
rus.rst.rrt 74.85 68.95
spa.rst.rststb 69.72 64.55
spa.rst.sctb 83.02 76.73
tha.pdtb.tdtb 96.73 96.80
tur.pdtb.tdb 64.13 65.08
tur.pdtb.tedm 59.23 54.55
zho.dep.scidtb 80.00 68.37
zho.pdtb.cdtb 88.65 86.54
zho.pdtb.ted 75.49 66.24
zho.rst.gcdt 75.55 65.37
zho.rst.sctb 74.21 66.67

Macro Average 71.28 64.34
Micro Average 76.13 69.74

Table 3: Accuracy of encoder-only and decoder-only
models on the test sets of 38 corpora. We use cor-
pus codes for simplicity (check Table 6 in appendix D
for language and framework information), with accu-
racy scores reported separately for the decoder-only and
encoder-only models. Macro and micro averages are
reported at the bottom.

less) in all but eng.dep.covdtb, which is a ‘test-
only’ dataset, meaning the models have seen no
data of the same kind – although a few other
datasets are also test-only, they do have ‘related’
datasets (eng.erst.gentle, Aoyama et al. 2023,
is modeled on eng.erst.gum, and the *.tedm
datasets closely follow recent versions of PDTB,
Prasad et al. 2018). Aside from this unique prop-
erty, we are unsure what sets this dataset apart.

By contrast, in the most extreme case the decoder
achieves a 19 gain compared to the encoder on
the Polish pol.iso.pdc. We can rule out data
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contamination with gold data as a reason, since the
data was released in the surprise test set and was
reported to be annotated very recently.

Beyond individual dataset differences, we ob-
served a broader trend with respect to data scale.
In lower-resource settings, such as Czech (14.6K
tokens), Dutch (24.9K), and French (32.7K), the
decoder model consistently shows a substantial ad-
vantage over the encoder, with accuracy gains ex-
ceeding 10 points in some cases. These datasets
have limited supervision and lack related training
corpora, making them particularly reliant on pre-
trained representations. The decoder’s autoregres-
sive architecture and larger capacity appear to en-
able better generalization under these conditions.
On the other hand, in larger datasets such as Thai
(256K tokens), Turkish (496K), and English PDTB
(1.17M), the performance gap narrows. In fact, the
encoder slightly outperforms the decoder on Thai
PDTB, suggesting that when sufficient labeled data
is available, the simpler encoder-only setup can be
just as effective, if not more so.

We also observed differences in how the two ar-
chitectures respond to feature integration. LCF
and DiscoDisco features consistently improved
the encoder model, but in many cases degraded
performance for the decoder. This suggests that
encoder-only models can more effectively leverage
categorical metadata and structural cues as addi-
tional signals, whereas decoder-only models are
more sensitive to such injections. In contrast, ex-
tending the context window benefited the decoder
but often harmed the encoder.

4.2 Decoder Model Ablation Tests
To assess the contribution of each additional fea-
tures, we conduct an ablation study on the decoder-
only model. In each experiment, one specific fea-
ture is removed from the input to evaluate its impact
on performance. Detailed results are presented in
appendix E ( Table 7).

We find that direction is the most influential fea-
ture. When direction information is removed, 32
out of the 38 corpora experience a drop in accuracy
of more than 4%, and 12 corpora suffer a decrease
of over 10%. By contrast, for tha.pdtb.tdtb, di-
rection contributes only marginal gains, and for
tur.pdtb.tedm, it even leads to a performance
drop. This is likely because Turkish is a free-word-
order left-branching language, where in most subor-
dinate constructions the clause with the connective
precedes the main clause, causing direction fea-

Figure 2: Confusion matrix over the entire dataset.

tures based on linear order to introduce noise rather
than useful signal (Zeyrek et al., 2009).

The second most impactful feature is context.
Although prior work (Judge et al., 2024) suggests
that adding context may not always be beneficial,
we observe that context is a highly effective in-
put for the decoder-only model. However, its im-
pact varies significantly across corpora. For in-
stance, deu.rst.pcc and pcm.pdtb.disconaija
see gains exceeding 15%, and even up to 20% in
pol.iso.pdc. For most corpora, the improvement
is around 3%, though performance actually deteri-
orates on tur.pdtb.tdb and ita.pdtb.luna.

By comparison, LCF features tend to have
smaller or even negative effects across many cor-
pora. Nevertheless, they yield notable improve-
ments (greater than 5%) for deu.rst.pcc and
zho.rst.sctb.

A surprising finding emerges regarding data aug-
mentation: it does not always improve perfor-
mance on the target corpus. For example, For
example, we observe gains on five corpora, ex-
cept for ces.rst.crdt and deu.pdtb.pcc. On
the other hand, for the source corpora, all five En-
glish datasets show consistent improvements from
data augmentation, despite the source samples for
the augmented entries also existing in the English
training.

As for the DiscoDisco features, their overall im-
pact was less pronounced across most corpora. The
most notable exception was eng.dep.covdtb. For
this unique, test-only dataset with no in-domain
training data, removing these features surprisingly
boosted performance by nearly 5%, suggesting they
may introduce counterproductive noise.

54



(a) tha.pdtb.tdtb (b) ces.rst.crdt

Figure 3: Confusion Matrices for Common Relations in the Highest and Lowest Scoring Datasets.

5 Error analysis

Strengths and Confusions at the Relation Level
The confusion matrix in Figure 2 indicates very
high performance on key discourse relations includ-
ing ELABORATION, CONJUNCTION, CAUSAL, and
TEMPORAL, demonstrating that the model reliably
classifies these central categories. However, we ob-
served minor yet notable confusion between ELAB-
ORATION and CONJUNCTION, and this might be-
cause that ELABORATION and CONJUNCTION are
frequently conflated due to their semantic and struc-
tural similarity, especially when explicit lexical sig-
nals are absent or ambiguous, which is often the
case for ELABORATION, the most over-predicted
label in the dataset. Teasing apart CONJUNCTION

and TEMPORAL is also challenging, especially in
cases where consecutive events are not signaled ex-
plicitly, but implicitly form a temporal succession
relation.
Strengths and Confusions at the Corpus
Level Figure 3 shows the confusion matri-
ces for the highest- and lowest-scoring datasets,
tha.pdtb.tdtb (TDTB) and ces.rst.crdt
(CRDT). In CRDT, the model frequently defaults
to the majority relation CONJUNCTION, reflect-
ing strong over-prediction of common classes.
The label distribution is also highly imbalanced:
CONJUNCTION and ELABORATION dominate the
dataset, while many relations (e.g., ALTERNATIVE,
REFORMULATION, MODE) appear only rarely, mak-
ing them difficult for the model to learn.

Relations marked by overt lexical cues, such
as CONJUNCTION, achieve high accuracy in both
datasets. Performance in TDTB is further aided by

the fact that this dataset covers only 12/17 possible
labels, substantially reducing the possibilities for
confusion compared to CRDT, which covers the
full set of 17 labels.

6 Conclusion

We present DeDisCo, a decoder-only model, using
a pruned Qwen3-4B basis, for the multilingual dis-
course relation classification task in the DISRPT
2025 Shared Task. Our system DeDisCo leverages
supervised fine-tuning together with rich features,
including metadata and instance-level cues such as
unit distance, document position, and gold speaker
information. We also incorporated augmented
datasets to improve coverage for low-resource lan-
guages.

Our results suggest that decoder-only architec-
tures are effective for this task, as their structure
allows the model to integrate diverse sources of
information (e.g., metadata, features, and context)
within a unified text stream. Carefully designed
instruction templates and feature injection further
improve generalization, and natural prompt styles
are helpful despite textual redundancy, even in a
full fine-tuning setup. This enables the model to
condition on a broad range of cues when mak-
ing predictions, while adhering to a format the
model is familiar with from its initial supervised
fine-tuning. Error analysis highlights class imbal-
ance as a persistent challenge, often leading to
over-prediction of majority classes. Nonetheless,
augmented data yielded measurable gains for low-
resource languages, underscoring the importance
of data enrichment strategies in this task.
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bank. In Proceedings of the Third Linguistic An-
notation Workshop (LAW III), pages 44–47, Suntec,
Singapore. Association for Computational Linguis-
tics.

Deniz Zeyrek and Bonnie Webber. 2008. A discourse
resource for Turkish: Annotating discourse connec-
tives in the METU corpus. In Proceedings of the 6th
Workshop on Asian Language Resources.

Yuping Zhou, Jill Lu, Jennifer Zhang, and Nian-
wen Xue. 2014. Chinese Discourse Treebank 0.5
LDC2014T21.

A Data

We train and evaluate our models using all the
datasets provided by the shared task organizers.4

In total, the benchmark is composed of 39 datasets,
covering 13 languages and 6 frameworks. These
datasets were obtained from the following corpora:
the Czech RST Discourse Treebank 1.0 (Poláková
et al., 2023), the Potsdam Commentary Corpus
(Stede and Neumann, 2014; Bourgonje and Stede,
2020), the COVID-19 Discourse Dependency Tree-
bank (Nishida and Matsumoto, 2022), the Dis-
course Dependency TreeBank for Scientific Ab-
stracts (Yang and Li, 2018; Yi et al., 2021; Cheng
and Li, 2019), the Genre Tests for Linguistic Evalu-
ation corpus (Aoyama et al., 2023), the Georgetown
University Multilayer corpus (Zeldes, 2017), the
RST Discourse Treebank (Carlson et al., 2001), the
Science, Technology, and Society corpus (Potter,
2008), the University of Potsdam Multilayer UNSC
Corpus (Zaczynska and Stede, 2024), the Minecraft
Structured Dialogue Corpus (Thompson et al.,
2024), the Strategic Conversations corpus (Asher
et al., 2016), the Basque RST Treebank (Iruskieta
et al., 2013), the Persian RST Corpus (Shahmoham-
madi et al., 2021), the ANNOtation DIScursive cor-
pus (Afantenos et al., 2012), the SUMM-RE corpus
(Hunter et al., 2024; Prévot et al., 2025), the Dutch
Discourse Treebank (Redeker et al., 2012), the Pol-
ish Discourse Corpus (Ogrodniczuk et al., 2024;
Calzolari et al., 2024), the Cross-document Struc-
ture Theory News Corpus (Cardoso et al., 2011),
the Russian RST Treebank (Toldova et al., 2017),
the RST Spanish Treebank (da Cunha et al., 2011),
the RST Spanish-Chinese Treebank (Cao et al.,
2018), the Georgetown Chinese Discourse Tree-
bank (Peng et al., 2022b,a), the DiscoNaija corpus
(Scholman et al., 2025), the Penn Discourse Tree-
bank (Prasad et al., 2014; Webber et al., 2019),
the TED-Multilingual Discourse Bank (English)

4https://github.com/disrpt/sharedtask2025

(Zeyrek et al., 2018, 2019), the LUNA Corpus Dis-
course Data Set (Tonelli et al., 2010; Riccardi et al.,
2016), the Portuguese Discourse Bank (Mendes
and Lejeune, 2022; Généreux et al., 2012), the
Thai Discourse Treebank (Prasertsom et al., 2024),
the Turkish Discourse Bank (Zeyrek and Webber,
2008; Zeyrek and Kurfalı, 2017), and the Chinese
Discourse Treebank (Zhou et al., 2014).

B Feature Utilization in Decoder and
Encoder Models

Feature Group Decoder Encoder
LCF features + +
DiscoDisco features + +
Direction + +
Context (window size) + –
Augmented dataset + +

Table 4: Feature groups and dataset augmentation used
in decoder vs. encoder models (“+” = included, “–” =
excluded).

DiscoDisco Feature Decoder Encoder
Genre – +
Children – –
Discontinuous – +
Is Sentence – +
Length Ratio – –
Same Speaker + +
Document Length – –
Position + –
Distance + –
Lexical Overlap – –

Table 5: Detailed inclusion (“+”) or exclusion (“–”) of
all DiscoDisco features for each model.

C Experimental Setup of Decoder

The model was trained on four NVIDIA H100
GPUs. Training one epoch took approximately
three hours, and evaluation on the test sets required
an additional one and a half hours. With a per-
device batch size of 1, and using 16 gradient accu-
mulation steps, the effective batch size was 64.

On rare occasions, the generative model pro-
duced outputs that were not part of the predefined
set of valid labels. In such cases, our evaluation
script replaced the output with a randomly selected
valid label. This was extremely infrequent, occur-
ring fewer than five times across all evaluations.
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D Corpora from DISRPT 2025 Shared
Task

Language Framework Corpus
Name (Code) LFC Short Code

Czech (ces) RST ces.rst.crdt
Standard German (deu) PDTB deu.pdtb.pcc
Standard German (deu) RST deu.rst.pcc
English (eng) DEP eng.dep.covdtb
English (eng) DEP eng.dep.scidtb
English (eng) eRST eng.erst.gentle
English (eng) eRST eng.erst.gum
English (eng) PDTB eng.pdtb.gentle
English (eng) PDTB eng.pdtb.gum
English (eng) PDTB eng.pdtb.pdtb
English (eng) PDTB eng.pdtb.tedm
English (eng) RST eng.rst.oll
English (eng) RST eng.rst.rstdt
English (eng) RST eng.rst.sts
English (eng) RST eng.rst.umuc
English (eng) SDRT eng.sdrt.msdc
English (eng) SDRT eng.sdrt.stac
Basque (eus) RST eus.rst.ert
Persian (fas) RST f as.rst.prstc
French (fra) SDRT fra.sdrt.annodis
French (fra) SDRT fra.sdrt.summre′
Italian (ita) PDTB ita.pdtb.luna
Dutch (nld) RST nld.rst.nldt
Nigerian Pidgin (pcm) PDTB pcm.pdtb.disconaija
Polish (pol) ISO pol.iso.pdc
Portuguese (por) PDTB por.pdtb.crpc
Portuguese (por) PDTB por.pdtb.tedm
Portuguese (por) RST por.rst.cstn
Russian (rus) RST rus.rst.rrt
Spanish (spa) RST spa.rst.rststb
Spanish (spa) RST spa.rst.sctb
Thai (tha) PDTB tha.pdtb.tdtb
Turkey (tur) PDTB tur.pdtb.tdb
Turkey (tur) PDTB tur.pdtb.tedm
Chinese (zho) DEP zho.dep.scidtb
Chinese (zho) PDTB zho.pdtb.cdtb
Chinese (zho) PDTB zho.pdtb.ted
Chinese (zho) RST zho.rst.gcdt
Chinese (zho) RST zho.rst.sctb

Table 6: Collation of the data in DISRPT 2025 Shared
task with the corresponding Language and Framework
for reference. The frameworks include RST (Mann
and Thompson, 1988), PDTB (Marcu and Wong, 2004),
DEP (Stede et al., 2016), SDRT (Lascarides and Asher,
2007), eRST (Zeldes et al., 2025), and ISO 24617-8
(Bunt and Prasad, 2016; Tomaszewska et al., 2024).
The languages are sorted based on the language code
(ISO 639-35). The corpus fra.sdrt.summre marked
with ′ is not part of the relation classification task.

5https://www.iso.org/iso-639-language-code

61

https://www.iso.org/iso-639-language-code


E Ablation Test Results of Decoder

Corpus Decoder w/o LCF w/o DiscoDisco w/o Direction w/o Context w/o Aug
abs. gain abs. gain abs. gain abs. gain abs. gain

ces.rst.crdt 52.70 54.73 -2.03 55.41 -2.71 46.62 6.08 50.00 2.70 57.43 -4.73
deu.pdtb.pcc 67.01 63.92 3.09 65.98 1.03 62.37 4.64 62.37 4.64 69.07 -2.06
deu.rst.pcc 67.03 59.71 7.32 64.84 2.19 48.72 18.31 51.28 15.75 64.10 2.93
eng.dep.covdtb 68.21 70.46 -2.25 73.16 -4.95 57.39 10.82 71.04 -2.83 71.81 -3.6
eng.dep.scidtb 83.66 84.29 -0.63 83.87 -0.21 82.57 1.09 81.05 2.61 83.56 0.1
eng.erst.gentle 67.08 62.93 4.15 65.99 1.09 60.27 6.81 64.62 2.46 67.32 -0.24
eng.erst.gum 73.45 71.29 2.16 73.11 0.34 64.72 8.73 66.84 6.61 72.41 1.04
eng.pdtb.gentle 67.94 65.27 2.67 67.05 0.89 63.61 4.33 67.43 0.51 66.79 1.15
eng.pdtb.gum 71.39 68.00 3.39 70.86 0.53 65.38 6.01 68.47 2.92 70.8 0.59
eng.pdtb.pdtb 83.77 83.19 0.58 84.07 -0.30 73.22 10.55 82.61 1.16 83.80 -0.03
eng.pdtb.tedm 71.79 68.95 2.84 71.23 0.56 64.67 7.12 68.09 3.70 69.52 2.27
eng.rst.oll 62.73 60.89 1.84 60.52 2.21 49.45 13.28 59.41 3.32 59.04 3.69
eng.rst.rstdt 73.27 67.38 5.89 73.41 -0.14 68.54 4.73 69.51 3.76 72.99 0.28
eng.rst.sts 58.54 55.49 3.05 56.71 1.83 45.43 13.11 50.00 8.54 54.88 3.66
eng.rst.umuc 67.36 66.53 0.83 66.53 0.83 61.16 6.2 61.16 6.20 62.4 4.96
eng.sdrt.msdc 90.00 89.75 0.25 90.03 -0.03 88.82 1.18 86.14 3.86 89.08 0.92
eng.sdrt.stac 75.80 76.33 -0.53 75.98 -0.18 70.92 4.88 70.66 5.14 74.73 1.07
eus.rst.ert 54.64 56.49 -1.85 51.96 2.68 43.30 11.34 46.60 8.04 52.16 2.48
fas.rst.prstc 60.47 59.12 1.35 59.12 1.35 51.52 8.95 50.84 9.63 59.63 0.84
fra.sdrt.annodis 60.39 56.04 4.35 61.19 -0.80 53.14 7.25 51.53 8.86 58.94 1.45
ita.pdtb.luna 70.13 70.40 -0.27 70.13 0 61.6 8.53 70.93 -0.80 72.53 -2.40
nld.rst.nldt 68.62 69.85 -1.23 69.54 -0.92 55.08 13.54 61.23 7.39 67.69 0.93
pcm.pdtb.disconaija 59.39 60.96 -1.57 61.16 -1.77 51.13 8.26 42.97 16.42 60.18 -0.79
pol.iso.pdc 74.02 73.08 0.94 73.62 0.40 62.99 11.03 53.97 20.05 72.14 1.88
por.pdtb.crpc 79.17 79.09 0.08 78.85 0.32 73.48 5.69 77.48 1.69 77.72 1.45
por.pdtb.tedm 68.41 68.68 -0.27 68.41 0 65.11 3.30 65.38 3.03 67.03 1.38
por.rst.cstn 70.22 70.96 -0.74 71.32 -1.10 69.12 1.10 70.59 -0.37 71.32 -1.1
rus.rst.rrt 74.85 74.81 0.04 75.31 -0.46 66.18 8.67 69.52 5.33 74.46 0.39
spa.rst.rststb 69.72 71.83 -2.11 70.66 -0.94 64.55 5.17 65.96 3.76 70.42 -0.70
spa.rst.sctb 83.02 77.99 5.03 80.50 2.52 70.44 12.58 76.73 6.29 86.16 -3.14
tha.pdtb.tdtb 96.73 96.88 -0.15 96.5 0.23 96.58 0.15 96.73 0 96.50 0.23
tur.pdtb.tdb 64.13 66.03 -1.90 66.75 -2.62 59.86 4.27 64.61 -0.48 66.75 -2.62
tur.pdtb.tedm 59.23 58.4 0.83 59.78 -0.55 59.5 -0.27 58.95 0.28 58.4 0.83
zho.dep.scidtb 80.00 78.6 1.40 77.21 2.79 69.77 10.23 74.42 5.58 76.28 3.72
zho.pdtb.cdtb 88.65 88.52 0.13 90.5 -1.85 83.91 4.74 87.34 1.31 88.79 -0.14
zho.pdtb.ted 75.49 76.09 -0.60 75.86 -0.37 67.97 7.52 71.95 3.54 75.79 -0.30
zho.rst.gcdt 75.55 73.66 1.89 75.13 0.42 62.96 12.59 70.51 5.04 76.71 -1.16
zho.rst.sctb 74.21 67.30 6.91 73.58 0.63 62.26 11.95 70.44 3.77 71.70 2.51

Macro Average 71.28 70.10 1.18 71.21 0.08 63.80 7.49 66.56 4.72 70.82 0.47
Micro Average 76.13 75.15 0.98 76.38 -0.25 69.53 6.60 72.24 3.89 75.86 0.27

Table 7: Accuracy results of the ablation study on the decoder-only model: next to the scores from Table 3, we
report scores without LCF features, without DiscoDisco features, without direction, without context and without
data augmentation, as well as the “gain” for each (non-ablated score – ablated score).
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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.

68



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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A Data

We train and evaluate our models using all the
datasets provided by the shared task organizers.*
In total, the benchmark is composed of 39 datasets,
covering 13 languages and 6 frameworks. These
datasets were obtained from the following corpora:
the Czech RST Discourse Treebank 1.0 (Poláková
et al., 2023b), the Potsdam Commentary Corpus
(Stede and Neumann, 2014b; Bourgonje and Stede,
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UNSC Corpus (Zaczynska and Stede, 2024b), the
Minecraft Structured Dialogue Corpus (Thompson
et al., 2024b), the Strategic Conversations corpus
(Asher et al., 2016b), the Basque RST Treebank
(Iruskieta et al., 2013b), the Persian RST Corpus
(Shahmohammadi et al., 2021b), the ANNOtation
DIScursive corpus (Afantenos et al., 2012b), the
SUMM-RE corpus (Hunter et al., 2024a; Prévot
et al., 2025), the Dutch Discourse Treebank (Re-
deker et al., 2012b), the Polish Discourse Cor-
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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Abstract

The work presented here describes our partici-
pation in DISRPT 2025 shared task in three
tasks, Task1: Discourse Unit Segmentation
across Formalisms, Task 2: Discourse Connec-
tive Identification across Languages and Task
3: Discourse Relation Classification across For-
malisms. We have fine-tuned XLM-RoBERTa,
a language model to address these three tasks.
We have come up with one single multilingual
language model for each task. Our system han-
dles data in both the formats .conllu and .tok
and different discourse formalisms. We have
obtained encouraging results. The performance
on test data in the three tasks is similar to the
results obtained for the development data.

1 Introduction

This paper describes our system, used in DIS-
RPT2025 shared task “Discourse Relation Pars-
ing and Treebanking (DISRPT)”. This is a Shared
Task on Discourse Segmentation, Connective and
Relation Identification across Formalisms. The
shared task has the following three tasks: a) Task
1- Discourse Segment Identification, b) Task 2 –
Discourse Connective Identification and c) Task
3 – Relation Identification. The organizers have
provided data from different languages and annota-
tions on these data follow different discourse for-
malisms. One of the main goals is that only one
language model has to be developed which will
apply to all languages and formalisms.

Discourse relations are the coherence relations
between two discourse segments or also called as
Elementary Discourse Units (EDUs) that can be
realized explicitly or implicitly in a text. Discourse
connectives play a role in signaling the relations
in a discourse. They connect two discourse units,
which may be a sentence, clause or multiple sen-
tences. The relations can be intra sentential or inter
sentential i.e. within a sentence or across sentences.

Thus the main objective of the work presented
here is to develop a single language model for each
of the task which will work for all languages and
formalisms. The pre-trained XLM-RoBERTa lan-
guage model was adapted through fine-tuning. In
the following sections, we give a detailed descrip-
tion of our system.

2 Data

We train and evaluate our models using all the
datasets provided by the shared task organizers.1

In total, the benchmark is composed of 39 datasets,
covering 16 languages and 6 frameworks. These
datasets were obtained from the following corpora:
the Czech RST Discourse Treebank 1.0 (Poláková
et al., 2023), the Potsdam Commentary Corpus
(Stede and Neumann, 2014; Bourgonje and Stede,
2020), the COVID-19 Discourse Dependency Tree-
bank (Nishida and Matsumoto, 2022), the Dis-
course Dependency TreeBank for Scientific Ab-
stracts (Yang and Li, 2018; Yi et al., 2021; Cheng
and Li, 2019), the Genre Tests for Linguistic Evalu-
ation corpus (Aoyama et al., 2023), the Georgetown
University Multilayer corpus (Zeldes, 2017), the
RST Discourse Treebank (Carlson et al., 2001), the
Science, Technology, and Society corpus (Potter,
2008), the University of Potsdam Multilayer UNSC
Corpus (Zaczynska and Stede, 2024), the Minecraft
Structured Dialogue Corpus (Thompson et al.,
2024), the Strategic Conversations corpus (Asher
et al., 2016), the Basque RST Treebank (Iruskieta
et al., 2013), the Persian RST Corpus (Shahmoham-
madi et al., 2021), the ANNOtation DIScursive cor-
pus (Afantenos et al., 2012), the SUMM-RE corpus
(Hunter et al., 2024; Prévot et al., 2025), the Dutch
Discourse Treebank (Redeker et al., 2012), the Pol-
ish Discourse Corpus (Ogrodniczuk et al., 2024;

1GitHub: https://github.com/disrpt/
sharedtask2025, and HuggingFace: https:
//huggingface.co/multilingual-discourse-hub.
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Calzolari et al., 2024), the Cross-document Struc-
ture Theory News Corpus (Cardoso et al., 2011),
the Russian RST Treebank (Toldova et al., 2017),
the RST Spanish Treebank (da Cunha et al., 2011),
the RST Spanish-Chinese Treebank (Cao et al.,
2018), the Georgetown Chinese Discourse Tree-
bank (Peng et al., 2022b,a), the DiscoNaija corpus
(Scholman et al., 2025), the Penn Discourse Tree-
bank (Prasad et al., 2014; Webber et al., 2019),
the TED-Multilingual Discourse Bank (English)
(Zeyrek et al., 2018, 2019), the LUNA Corpus Dis-
course Data Set (Tonelli et al., 2010; Riccardi et al.,
2016), the Portuguese Discourse Bank (Mendes
and Lejeune, 2022; Généreux et al., 2012), the
Thai Discourse Treebank (Prasertsom et al., 2024),
the Turkish Discourse Bank (Zeyrek and Webber,
2008; Zeyrek and Kurfalı, 2017), and the Chinese
Discourse Treebank (Zhou et al., 2014).

The shared task was held in 2019 (Zeldes et al.,
2019), 2021 (Zeldes et al., 2021), 2023 (Braud
et al., 2023) and 2025 (), with more information on
the data format in (Braud et al., 2024).

3 System Description

Motivated by the works presented in the previous
DISRPT 2021 and 2023 workshops, a fine-tuning
strategy was chosen. XLM-RoBERTa architecture
is considered suitable for multilingual tasks, like
question answering, discourse parsing because it
employs self-attention mechanisms to effectively
capture contextual dependencies within the text.

For discourse relation identification (task 3), the
problem is framed as a classification task, in which
it will learn to categorize discourse relations be-
tween different parts of the text.

Tasks 1 and 2 are handled as a sequence label-
ing task. This approach aims to identify and label
the boundaries of discourse units within a given
sequence of text.

XLM-RoBERTa is a transformer network-based
model framework which relies on a strong self-
attention mechanism to understand and interpret
context effectively. This self-attention mechanism
allows the model to weigh the significance of differ-
ent parts of the input sequence, irrespective of their
position, leading to a more nuanced understanding
of the input data (Conneau et al., 2020).

XLM-RoBERTa-base (XLM-R-B) is a multilin-
gual language model, well-suited for this shared
task. XLM-R-B has a relatively smaller param-
eter size of 2.55B compared to XLMR Large,

which translates to fewer computational resources
required for processing. This efficiency makes it a
practical choice for the present shared task.

3.1 Hyper-parameter Fine Tuning

In our approach, for fine-tuning XLM-RoBERTa
we follow on the work of (Wolf et al., 2019), who
offered a thorough framework for training for text
classification models with Hugging Face’s Trans-
formers library. Although their configuration pro-
vided a strong basis for training the model, we mod-
ified it to better fit the discourse datasets provided
in the shared task. Increasing the number of epochs
from the initial setting to 10 was a crucial change
that enabled the model to go through more thor-
ough training and better absorb the subtleties of the
data. In order to achieve effective gradient descent
during training and maximize the trade-off between
stability and quick convergence, we also changed
the learning rate. Refining the batch sizes was
another important modification. We set the evalua-
tion batch size at 16 and the training batch size at 8.
These modifications were designed to ensure ade-
quate data flow for model learning while managing
memory limitations on our hardware. In order to
avoid over fitting, we also adjusted regularization
parameters like the weight decay. The model’s effi-
ciency and generalization were enhanced by these
adjusted parameters in conjunction with the moni-
toring of training and evaluation performance. All
these optimizations were same for all three tasks.
We were not able to get access to licensed datasets
such as pdtb, thus these datasets were trained with-
out words.

4 Results

Evaluation was done on the outputs produced by
the system using the evaluation script provided by
the organizers. The results are tabulated in the
Tables 1, 2, 3, 4 and 5, for each of the tasks on
different file formats and languages. Table 1 and 2
display the results obtained for task 1. Table 3 and
4 display the results obtained for task 2, And Table
5 displays the results obtained for task 3.

In task1 and task 2, the major challenge was to-
kenizing the input data into sentences. The data
being multilingual we had to employ a multilingual
sentence splitter. We had developed a basic sen-
tence splitter using heuristic rules which handles
different language texts. The results for (*.tok) files
evidently shows the impact of sentence splitting.
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File
name

Prec
Dev

Prec
Test

Rec
Dev

Rec
Test

F1
Dev

F1
Test

ces.
rst.crdt

93.40 89.63 91.40 91.30 92.40 90.46

eng.
erst.gum

95.60 91.80 83.00 79.84 88.80 85.40

eng.
rst.sts

60.30 71.18 89.30 73.51 72.00 72.32

eng.
sdrt.stac

88.60 85.02 91.20 90.00 89.80 87.45

fra.
sdrt.annodis

92.13 90.65 82.19 80.00 86.88 85.05

rus.
rst.rrt

90.90 91.99 92.25 92.59 91.60 92.29

zho.
dep.scidtb

93.72 86.69 94.35 97.02 94.03 91.56

deu.
rst.pcc

95.63 97.13 93.26 91.86 94.43 94.42

eng.
rst.oll

80.00 85.76 97.14 89.99 87.74 87.79

eng.
rst.umuc

87.28 89.73 91.15 85.27 89.17 87.45

eus.
rst.ert

92.05 90.71 90.69 89.72 91.36 90.21

nld.
rst.nldt

96.00 96.75 97.95 97.04 96.96 96.89

spa.
rst.rststb

93.67 90.02 95.46 92.17 94.56 91.08

zho.
rst.gcdt

91.57 93.58 84.52 82.87 87.90 87.90

eng.
dep.scidtb

96.52 96.49 92.48 92.39 94.46 94.39

eng.
rst.rstdt

83.37 82.66 83.41 82.73 83.39 82.70

eng.
sdrt.msdc

97.00 96.36 93.97 93.55 95.46 94.94

fas.
rst.prstc

92.79 93.15 93.92 93.43 93.35 93.29

por.
rst.cstn

91.66 90.96 92.53 95.42 92.10 93.14

spa.
rst.sctb

78.04 85.20 93.20 85.71 84.95 85.45

zho.
rst.sctb

49.20 55.71 93.20 89.88 64.42 68.72

Mean 88.00 88.00 91.00 89.00 89.00 88.00

Table 1: Evaluation Results for Task 1: Discourse Seg-
mentation (for *.tok files)

For some language files such as ita.pdtb.luna, the
sentence splitting was not efficient. In general it is
observed that the results obtained for *.tok files are
better. One probable reason is that for these files
our sentence splitting algorithm worked better.

We observe that there are many false positives
in zho.rst.sctb and spa.rst.sctb which has led to
high recall and low precision. In the dataset
eng.rst.umuc, the system has failed to learn seg-
ment start which is with-in the sentence. This has
affected both recall and precision. Similar problem
is observed in eng.rst.rstdt dataset also.

In task 2, the system has identified single word
connectives with high precision and recall. It has
poorly identified connectives with multiple words
and apostrophe such as ‘the same way’, ‘it would
be same thing if’, ‘because of that’, ‘years have
passed’ etc. Improving the tokenization and contex-
tual learning will boost the accuracy of connective
identification.

In the relation identification task (task 3), we
observed that the major errors are in the identifi-
cation of ‘elaboration’ and ‘conjunction’ relation
types. ‘Elaboration’ relation type is confused with
relation types such as ‘conjunction’, ‘organization’,
‘temporal’ and ‘frame’. Similarly ‘conjunction is
confused with ‘temporal’, ‘explanation’, ‘frame’
and ‘causal’. We need to address these two relation
types for improving the accuracy of the relation
identification system. We need to train the system
with syntactic features.

5 Conclusion

We have submitted our test runs for all the three
tasks of the DISRPT 2025 shared task. We have
fine-tuned the XLM-Roberta to handle multilingual
and multi-formalism data. The three models and
the system runs are available in the following link:
https://drive.google.

com/drive/folders/
1g3Rcve50OvlEWuqDzr8twiFipP8YLGhC?usp=
sharing
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File
name

Prec
Dev

Prec
Test

Rec
Dev

Rec
Test

F1
Dev

F1
Test

ces.
rst.crdt

93.00 91.93 91.00 91.93 92.00 91.93

deu.
rst.pcc

96.35 97.13 93.62 91.86 94.96 94.43

eng.
dep.scidtb

96.52 96.50 92.44 92.39 94.44 94.40

eng.
erst.gum

95.85 96.00 83.60 83.89 89.31 89.54

eng.
rst.oll

81.52 85.62 96.07 88.89 88.20 87.22

eng.
rst.rstdt

54.17 54.49 24.59 23.53 33.83 32.87

eng.
rst.sts

63.40 86.09 93.47 88.39 75.56 87.22

eng.
rst.umuc

87.29 90.08 91.15 85.09 89.18 87.51

eng.
sdrt.msdc

97.47 96.68 93.12 92.98 95.24 94.80

eng.
sdrt.stac

90.26 88.36 92.74 95.41 91.48 91.75

eus.
rst.ert

92.46 90.60 90.55 89.86 91.49 90.23

fas.
rst.prstc

92.80 93.16 93.92 93.58 93.36 93.37

fra.
sdrt.annodis

91.02 87.35 82.01 80.42 86.28 83.74

fra.
sdrt.summre

61.06 57.22 87.85 89.17 72.05 69.71

nld.
rst.nldt

95.73 96.75 97.96 96.75 96.83 96.75

por.
rst.cstn

91.67 90.97 92.54 95.42 92.10 93.14

rus.
rst.rrt

91.26 92.28 92.72 92.65 91.98 92.47

spa.
rst.rststb

93.43 90.59 94.99 92.17 94.20 91.38

spa.
rst.sctb

77.42 86.14 93.20 85.12 84.58 85.63

zho.
dep.scidtb

93.73 86.69 94.35 97.02 94.04 91.57

zho.
rst.gcdt

93.04 93.88 85.31 84.34 89.01 88.86

zho.
rst.sctb

49.75 57.14 96.12 95.24 65.56 71.43

Mean 85.42 86.62 88.79 87.55 86.17 86.36

Table 2: Evaluation Results for Task 1: Discourse Seg-
mentation (for *.conllu files)

File
name

Prec
Dev

Prec
Test

Rec
Dev

Rec
Test

F1
Dev

F1
Test

deu.
pdtb.pcc

80.85 81.31 86.36 78.72 83.51 79.99

eng.
pdtb.gum

87.64 87.89 92.69 86.00 90.10 86.93

eng.
pdtb.tedm

79.00 83.41 71.81 76.19 75.23 79.63

ita.
pdtb.luna

81.37 68.29 59.71 53.63 68.87 60.08

pcm.
pdtb.disconaija

64.48 74.09 56.09 73.71 60.00 73.90

pol.
iso.pdc

71.20 70.20 57.66 63.61 63.72 66.74

por.
pdtb.crpc

82.95 81.62 76.81 71.87 79.76 76.44

por.
pdtb.tedm

75.49 77.40 75.49 79.31 75.49 78.34

tha.
pdtb.tdtb

- - - - - -

tur.
pdtb.tedm

78.33 78.43 34.81 32.38 48.20 45.84

Zho.
pdtb.ted

78.54 - 82.68 - 80.56 -

Mean 77.98 78.08 69.41 68.38 72.54 71.98

Table 3: : Evaluation Results for Task 2: Discourse
Connective Identification (for .tok files)
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File
name

Prec
Dev

Prec
Test

Rec
Dev

Rec
Test

F1
Dev

F1
Test

deu.
pdtb.pcc

80.00 81.32 86.36 78.72 83.06 79.99

eng.
pdtb.gum

86.55 90.65 83.43 82.23 84.96 86.23

eng.
pdtb.tedm

79.00 83.89 71.82 76.62 75.24 80.09

ita.
pdtb.luna

78.49 64.11 52.51 51.34 62.93 57.02

pcm.
pdtb.
dis-
conaija

61.89 70.47 47.97 65.21 54.04 67.74

pol.
iso.pdc

71.28 71.39 57.88 65.02 63.88 68.06

por.
pdtb.crpc

83.24 81.42 76.81 71.69 79.89 76.25

por.
pdtb.tedm

74.76 76.92 75.49 78.82 75.12 77.86

tha.
pdtb.tdtb

75.27 77.15 84.23 86.16 79.49 81.40

tur.
pdtb.tedm

76.27 78.43 33.33 32.39 46.39 45.84

zho.
pdtb.ted

78.67 69.10 82.68 82.03 80.62 75.02

Mean 76.86 76.80 68.41 70.02 71.42 72.32

Table 4: : Evaluation Results for Task 2: Discourse
Connective Identification (for .conllu files)

File name Dev Data Ac-
curacy

Test Data Ac-
curacy

ces.rst.crdt 39.02 42.57
deu.pdtb.pcc 54.17 59.28
deu.rst.pcc 42.31 45.05
eng.dep.covdtb 66.28 68.10
eng.dep.scidtb 81.27 79.84
eng.erst.gentle - 44.95
eng.erst.gum 43.61 46.89
eng.pdtb.gentle - 46.31
eng.pdtb.gum 49.23 49.58
eng.pdtb.pdtb 28.29 26.92
eng.pdtb.tedm 49.44 53.28
eng.rst.oll 53.23 41.33
eng.rst.rstdt 10.12 10.90
eng.rst.sts 40.80 35.06
eng.rst.umuc 58.10 59.09
eng.sdrt.msdc 85.80 84.86
eng.sdrt.stac 65.88 67.64
eus.rst.ert 51.30 54.64
fas.rst.prstc 52.10 51.52
fra.sdrt.annodis 59.27 51.85
ita.pdtb.luna 60.68 65.07
nld.rst.nldt 51.06 55.69
pcm.pdtb.discon 54.47 56.54
pol.iso.pdc 47.89 50.07
por.pdtb.crpc 69.11 73.88
por.pdtb.tedm 58.42 64.29
por.rst.cstn 61.78 61.40
rus.rst.rrt 60.11 62.70
spa.rst.rststb 69.19 57.98
spa.rst.sctb 65.96 65.41
tha.pdtb.tdtb 95.66 96.21
tur.pdtb.tdb 25.40 24.94
tur.pdtb.tedm 50.71 49.04
zho.dep.scidtb 65.48 67.44
zho.pdtb.cdtb 60.81 58.92
zho.pdtb.ted 59.74 59.92
zho.rst.gcdt 60.44 55.93
zho.rst.sctb 52.13 55.97
Average 52.61 55.29

Table 5: Evaluation for Task 3 Discourse Relation Clas-
sification
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Ziembicki, Sebastian Żurowski, Ryszard Tuora, and
Aleksandra Zwierzchowska. 2024. Polish Discourse
Corpus (PDC): Corpus design, ISO-compliant anno-
tation, data highlights, and parser development. In
(Calzolari et al., 2024), pages 12829–12835.

Siyao Peng, Yang Janet Liu, and Amir Zeldes. 2022a.
Chinese Discourse Annotation Reference Manual.
Research Report, Georgetown University (Washing-
ton, D.C.).

Siyao Peng, Yang Janet Liu, and Amir Zeldes. 2022b.
GCDT: A Chinese RST Treebank for Multigenre and
Multilingual Discourse Parsing. In Proceedings of
the 2nd Conference of the Asia-Pacific Chapter of
the Association for Computational Linguistics and
the 12th International Joint Conference on Natural
Language Processing, pages 382–391, Online only.
Association for Computational Linguistics.

Lucie Poláková, Šárka Zikánová, Jiří Mírovský, and
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