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Abstract

Discourse parsing based on Segmented Dis-
course Representation Theory (SDRT) is cru-
cial for capturing the structural dynamics of di-
alogues. However, most prior research focuses
on English, and its effectiveness for Japanese
remains unclear owing to the lack of Japanese
SDRT corpora. To address this issue, we con-
struct Japanese SDRT corpora by translating
existing English SDRT corpora using an LLM.
Through a comparative evaluation of prompt-
based and fine-tuned LLMs, we show that the
models achieve comparable performance be-
tween English and Japanese, suggesting the
cross-lingual applicability of SDRT-based dis-
course parsing. In order to investigate why the
English and Japanese parsers achieve similar
performance, we conduct ablation analyses on
discourse markers and contextual inputs. Our
results reveal that most of the Japanese dis-
course markers we examined have little impact,
and the models’ predictions depend heavily on
contextual discourse relations rather than on the
content of the context clauses. This structural
reliance might explain the comparable perfor-
mance despite the substantial typological dif-
ferences between English and Japanese.

1 Introduction

Understanding a dialogue requires one to compre-
hend not only the meaning of individual discourse
units but also how they are logically and pragmati-
cally related. Discourse parsing is the task of iden-
tifying such relations between individual discourse
units. It benefits numerous downstream tasks, such
as dialogue summarization (Gao et al., 2023), ques-
tion answering (He et al., 2021), and Al-generated
text detection (Kim et al., 2024).

To formalize these discourse relations, sev-
eral theoretical frameworks have been devel-
oped. Segmented Discourse Representation Theory
(SDRT; Asher and Lascarides, 2003) is a prominent
example. Compared to other discourse analysis

frameworks, SDRT is grounded in formal seman-
tics and can handle multiparty conversations.

However, automating SDRT parsing remains
computationally challenging. Recent studies have
explored simple prompt-based approaches (Chan
et al., 2024; Fan et al., 2024). Zero- or few-shot
prompting with models such as ChatGPT has not
achieved satisfactory performance, leaving consid-
erable room for improvement. In contrast, models
trained from scratch or fine-tuned on task-specific
data have achieved high SDRT parsing perfor-
mance in English (Bennis et al., 2023; Fan et al.,
2025; Liu et al., 2025; Thompson et al., 2024a).

Although SDRT is intended to be language-
independent, existing SDRT resources and parsing
studies predominantly focus on English. It there-
fore remains unclear how well existing SDRT pars-
ing methods generalize to other languages. Lan-
guages differ in their lexical inventories and syntac-
tic structures and may consequently use different
cues to signal discourse relations. We hypothesize
that parsers for different languages may rely on dif-
ferent information and achieve different levels of
performance. We take Japanese, which differs sub-
stantially from English in both lexicon and syntax,
as a test case. For example, Japanese sentence-final
particles may provide important cues for predicting
discourse relations because these particles express
the speaker’s attitude toward information (Masuoka
and Takubo, 1989). Differences in the use of con-
nectives and sentence-final particles may therefore
affect SDRT parsing performance.

However, to the best of our knowledge, no
Japanese SDRT corpus is available. This makes it
difficult to train Japanese discourse relation parsers.
Without these parsers, we cannot study to what ex-
tent existing English SDRT parsing methods can be
applied to Japanese, and what kind of information
is crucial for Japanese discourse analysis.

In order to study the linguistic generalizability
of SDRT, we first fill the resource gap. We con-
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struct Japanese SDRT corpora by translating ex-
isting English SDRT corpora automatically. The
translated corpora will be made publicly available
for research purposes!.

Using these corpora, we examine how well
SDRT-based parsing performs across languages.
We first evaluate LLM-based SDRT parsers on
these translated corpora. We consider two kinds
of parsers: fine-tuned ones and prompt-based ones.
We then compare the best-performing Japanese and
English models.

Finally, we study the information that is crucial
for identifying discourse relations. We conduct
three ablation analyses. The first one is on two
types of Japanese discourse markers: connectives
and sentence-final particles. The second one is on
the previous discourse relations of the input. The
third one is on the content of contextual clauses.

Our results show that parsers perform compa-
rably between English and Japanese. The results
of the first ablation show that, while most of the
discourse markers we studied contribute little to
the prediction of discourse relations, demo (T %
“but”) has a substantial impact on identifying Con-
trast relations. The results of the second and third
ablations show that model predictions primarily de-
pend on the previous discourse relations, instead of
the content. The models’ dependence on contextual
discourse relations may explain the small perfor-
mance gap between English and Japanese. Because
our Japanese corpora are translations of the English
ones, these discourse relations are identical across
the two languages, allowing the models to exploit
the same information. As a result, they achieve
comparable performance in both languages.

2 Background

2.1 Discourse Analysis Framework

Segmented Discourse Representation Theory
(SDRT; Asher and Lascarides, 2003) is a theoreti-
cal framework for analyzing discourse structure. In
SDRT, a discourse is considered to be a sequence
of elementary units. There are two types of elemen-
tary units: Elementary Discourse Units (EDUs)
and Elementary Event Units (EEUs). Additionally,
SDRT defines a compound unit, called a Complex
Discourse Unit (CDU), which consists of multi-
ple elementary units. While an EDU refers to a

'Our corpora and experimental code  will
be available at https://github.com/ynklab/
Japanese-Discourse-Analysis
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Figure 1: An extract from MSDC, represented as a
discourse graph. EDUs and EEUs are shown in roman
and italic fonts, respectively.

clause in the text or conversation, an EEU refers
to a salient nonlinguistic action or event in the sur-
rounding context. The entire discourse can then
be represented as a directed acyclic graph (DAG),
whose nodes are EDUs, EEUs, or CDUs, and the
edges represent discourse relations among those
units. Figure 1 presents an example of such a dis-
course graph.

Compared with other frameworks, such as
Rhetorical Structure Theory (RST; Mann and
Thompson, 1988), SDRT has two main advantages.
First, discourse relations in SDRT are defined more
rigorously based on formal semantics. Second,
SDRT can be used to analyze multiparty conversa-
tions.

2.2 SDRT parsing with LLMs

Like many other areas of computational linguis-
tics, discourse relation parsing is increasingly be-
ing tackled with LLMs. In the context of SDRT
parsing, approaches can be categorized into two
groups: prompt-based methods and fine-tuning
methods. Existing prompt-based methods have
not reached satisfactory performance; both zero-
and few-shot prompting leave substantial room for
improvement (Chan et al., 2024; Fan et al., 2024).
In contrast, fine-tuning methods achieved higher
parsing performance. For example, BERTLine
(Bennis et al., 2023) is a fine-tuned BERT. It em-
ploys a multi-task architecture that simultaneously
learns the attachments between EDUs and EEU,
as well as the discourse relations holding between
them. BERTLine outperformed previous neural
models. More recently, Liu et al. (2025) and Fan
et al. (2025) have proposed methods with complex
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multi-module architectures, in which each mod-
ule is built around a fine-tuned LLM. Unlike the
multi-module methods, Llamipa is a straightfor-
ward method that has a single module but shows
competitive performance (Thompson et al., 2024a).
In this study, we select Llamipa as our primary
fine-tuned parser because of its simplicity and effi-
ciency.

Llamipa takes three inputs: (i) a target clause,
(i1) its context, i.e., the preceding clauses within
a fixed window, and (ii1) the discourse relations
among the context clauses. A clause in the con-
text is either an EDU or an EEU. Llamipa uses
a window size of 15, since discourse relations in
SDRT corpora in general rarely span more than 15
clauses (Thompson et al., 2024a). Llamipa then
identifies which context clauses are related to the
target clause and determines the discourse relation
between each such clause and the target clause.

Llamipa incrementally predicts discourse rela-
tions. Initially, Llamipa receives the first clause
and therefore an empty set of discourse relations.
It then predicts the relation between the second
clause and the first clause. At each subsequent step,
the previously processed target clause is added to
the context, and the next clause becomes the new
target. Meanwhile, the discourse relations between
the previous target clause and the clauses in the
previous context are added to the discourse relation
set.

There are two settings for using Llamipa, de-
pending on which kind of relations we use to update
the discourse relation set. In the gold structure
setting, we use the gold relations. In the predicted
structure setting, we use the relations predicted by
Llamipa. In the predicted structure setting, Llamipa
iterates over the entire discourse and eventually
constructs the entire discourse structure.

2.3 SDRT Corpus

In this paper, we use two English SDRT corpora:
Minecraft Structured Dialogue Corpus (MSDC;
Thompson et al., 2024b) and the Strategic Con-
versation (STAC) corpus (Asher et al., 2016).
MSDC is the Minecraft Dialogue Corpus
(MDC; Narayan-Chen et al., 2019) annotated with
SDRT-based discourse relations?. MDC contains
conversations between two players, a “Builder” and
an “Architect”, as they collaborate on tasks in the

>The description of the relations is provided in Ap-
pendix A.

game Minecraft. Specifically, the Architect pro-
vides instructions to the Builder. The Builder car-
ries out these instructions and constructs specified
structures. Chat messages exchanged between the
two players are treated as EDUs, and the descrip-
tions of the Builder’s actual behaviors (e.g., pick-
ing up or placing blocks) in the game are treated
as EEUs. Figure 1 shows the discourse graph of an
extract from MSDC.

STAC is a corpus of chat logs and in-game events
from the online version of the board game The
Settlers of Catan, all of which are manually anno-
tated according to SDRT. In The Settlers of Catan,
players aim to accumulate victory points by ac-
quiring and trading resources to construct roads,
settlements, and cities. In this context, players use
the chat interface to negotiate resource exchanges.
In STAC, chat messages are treated as EDUs and
game information (e.g., dice rolls, card plays) are
treated as EEUs.

3 Japanese SDRT Corpus

3.1 Corpus Construction

To prepare training data for the Japanese SDRT
parser, we translated MSDC and STAC into
Japanese using GPT-5.13, a proprietary LLM ac-
cessed via the OpenAl API. We translated the cor-
pora clause by clause in order to preserve the orig-
inal order of the discourse units. Furthermore, in
order to ensure context-aware and natural transla-
tions, we provided GPT-5.1 with the target clause
and its corresponding dialogue session.

Because GPT-5.1 sometimes yielded inconsis-
tent translations for EEUs in MSDC, we imple-
mented a rule-based translation approach for all
EEUs to ensure consistency. Specifically, we
mapped predefined English keywords to their
Japanese equivalents®.

In terms of STAC, we followed the methodology
of Thompson et al. (2024a) and applied several sim-
plifications. Details are provided in Appendix D.

3.2 Dataset Statistics

The training set of MSDC contains 288 dialogues,
12,594 EDUs, and 3,439 EEUs, and the test set con-
tains 97 dialogues, 3,886 EDUs, and 1,048 EEUs.
In MSDC, the relation Result is the most frequent,

3We used gpt-5.1-2025-11-13, https://openai.com/
index/gpt-5-system-card/. The prompt utilized for the
translation is provided in Appendix G.

“For more detailed discussion about this issue, please refer
to Appendix F.
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followed by Acknowledgement, Elaboration, and
Narration. The training set of STAC contains 1,017
dialogues, 11,380 EDUs, and 2,488 EEUs, and the
test set contains 113 dialogues, 1,208 EDUs, and
257 EEUs . In STAC, Question-answer pair is
the most frequent relation, followed by Comment,
Acknowledgement, and Result.

3.3 Quality Analysis

We manually evaluated a sample of the Japanese
MSDC corpus, our primary dataset, and automati-
cally evaluated the entire MSDC corpus.

We performed two types of manual evaluation.
First, one of the authors, a native Japanese speaker,
verified the naturalness of the translations and the
consistency of the relation labels after translation.
Second, three of the authors, all native Japanese
speakers, manually scored each speaker’s turn on
a scale from 0 to 100 based on translation quality.
We randomly sampled and evaluated 20 dialogue
sessions out of all 97 test sessions in the Japanese
MSDC. The mean score and standard error for each
annotator are shown in Table 1. Inter-annotator
agreement, measured by Krippendorff’s o with the
interval metric, was 0.132. Although this value is
low, limited agreement is a well-known challenge
in human evaluation of machine translation (Gra-
ham et al., 2013). Examples of translation errors
are presented in Appendix B.

Annotator]  Annotator2  Annotator3
Mean 97.2 88.3 88.7
Standard error 0.3 0.2 0.3

Table 1: Mean translation evaluation scores and standard
errors for each annotator.

For the automatic evaluation, we used XCOMET-
XL (Guerreiro et al., 2024). XCOMET-XL can
take the source and target texts and output a qual-
ity score ranging from 0.0 to 1.0, where higher
scores indicate better translation quality. We cal-
culated scores for both the training and test sets of
the Japanese MSDC. The resulting XCOMET-XL
scores were 0.84 for the training set, 0.85 for the
test set.

SFor both corpora, the statistics are identical for the origi-
nal English and translated Japanese versions.

4 Japanese SDRT Parsers

4.1 Experimental Settings

Llamipa We fine-tune two LLMs, L1ama-3-8B
and Llama-3-Swallow-8B-v@.1 on our Japanese
corpora, yielding two Japanese parsers. Regarding
the English parsers, we fine-tune the L1ama-3-8B
model on the original English corpus. The Swallow
model is based on Llama-3 and has been continu-
ally pre-trained on Japanese text®. For the evalu-
ation, we employ a predicted structure setting (cf.
Section 2.2).

Prompt-Based Parsers We compare Llamipa
against several prompt-based parsers, evaluating
each under zero-shot and few-shot (one-shot and
four-shot) settings. Our prompt design follows
the proposal by Fan et al. (2024). In the orig-
inal dataset, each dialogue corresponds to the
entire process of building one structure in the
Minecraft game world. We count one such
complete dialogue as a single “shot” and sam-
ple these exemplars from the training set. We
use GPT-5.57 and Llama-3.1-8B-Instruct for
English and Japanese experiments, along with
Llama-3.1-Swallow-8B-Instruct-v@.3 for the
Japanese experiments. Note that for prompt-based
parsers, we adopt newer LLLMs than those used for
Llamipa because the context window of Llama-3
(8K tokens) is too short for these prompts.

Evaluation Metrics We calculate the F1-score
for each discourse relation. In order to evaluate the
overall performance, we use the weighted average
F1-score, where the F1-score for each discourse re-
lation is weighted by its support (i.e., its frequency
in the dataset).

4.2 Results

We present the performance of Llamipa and
prompt-based parsers on the Japanese MSDC in
Table 28. Overall, Llamipa achieves the numeri-
cally highest weighted average F1-score, which is
around 0.79. The weighted average F1-scores of
prompt-based parsers do not exceed 0.72.

For individual relations, Llamipa outperforms
prompt-based parsers for the majority of the rela-
tions. However, prompt-based parsers outperform
Llamipa for Conditional and Explanation relations.

Detailed settings are shown in Table 10 in Appendix I.

7gpt—S .5-2026-04-23, https://openai.com/index/
gpt-5-5-system-card/

8The performance for English is available in Appendix C.
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Model Llama-3 Swallow-3 Llama-3.1 Swallow-3.1 GPT-5.5

Method Llamipa Oshot 1Ishot 4shot Oshot 1shot 4shot Oshot 1shot 4shot Supports
Ackn. 0.86 0.85 056 043 043 051 036 0.15 056 076 0.78 792
Alte. 0.81 0.90 0.00 0.00 042 000 000 013 076 0.65 0.88 24
Clari-Q. 0.67 0.68 0.08 024 027 0.01 019 0.08 040 058 0.60 134
Comm. 0.58 0.58 0.16 023 0.12 0.19 0.14 0.03 034 047 049 382
Cond. 0.00 0.00 0.00 0.00 0.00 000 000 000 022 022 0.00 13
Conf-Q. 0.91 0.90 0.07 056 056 0.01 055 014 078 089 0.90 159
Contin. 045 0.42 0.04 0.06 0.07 0.06 0.04 003 011 026 040 321
Contr. 0.76 0.81 0.03 0.10 0.07 0.04 0.10 0.00 055 0.77 0.73 68
Corr. 0.75 0.74 0.03 0.08 0.07 0.03 0.08 0.01 022 049 0.60 403
Elab. 0.76 0.75 032 037 041 030 038 0.12 055 072 0.73 720
Expl. 0.00 0.00 0.02 0.04 005 001 004 000 010 0.15 0.16 16
Narr. 0.80 0.81 0.00 0.00 0.01 0.00 0.00 0.00 0.00 0.17 0.68 693
QAP. 0.81 0.82 0.03 041 046 0.03 037 011 063 078 0.79 290
QElab. 0.39 0.42 0.00 0.00 0.00 000 000 000 010 0.12 0.17 38
Resu. 0.90 0.90 035 050 052 030 051 012 051 073 085 1765
Sequ. 0.29 0.00 0.00 0.00 0.00 000 000 000 0.00 0.00 0.00 6
Weighted Average 0.79 0.79 024 032 033 022 030 0.09 041 060 0.72

Table 2: F1-scores for Llamipa and prompt-based parsers on the Japanese MSDC. "Supports" represents the number
of instances per relation in the test data, and discourse relations are abbreviated. Bold values indicate the highest
F1-scores. The models were evaluated on a subset of gold relations from the MSDC corpus (cf. Appendix E).

These two relations have only a few instances in the
training data. This sparsity might have hindered the
fine-tuning quality, making it difficult for Llamipa
to learn these two relations.

Among the prompt-based parsers, GPT-5.5 ben-
efits from the increasing number of few-shot exem-
plars. Its performance improves as the number of
few-shot exemplars increases. In contrast, Llama-
3.1 and Swallow-3.1 do not show the same trend.
For both models, the weighted average F1-score
under the one-shot setting (0.32 for Llama-3.1 and
0.30 for Swallow-3.1) is higher than that under
zero-shot setting (0.24 for Llama-3.1 and 0.22 for
Swallow-3.1). Nevertheless, for the four-shot set-
ting, the weighted average F1-scores increase only
minimally for Llama-3.1 (0.33), or even decrease
substantially for Swallow-3.1 (0.09).

This is likely because adding more exemplars
also increases the input length. Compared with
GPT-5.5, which has a context window of roughly
one million tokens, Llama-3.1 and Swallow-3.1 are
both based on architectures that support context
windows of up to 128K tokens. Specifically, the
publicly released Swallow-3.1 checkpoint is con-
figured with a maximum sequence length of 8,192
tokens, and the prompt length for the four-shot
setting exceeds this, although the inputs were not
truncated. In contrast, GPT-5.5 might be better able
to utilize information across long contexts and thus
benefit more from additional exemplars.

We now turn to the best-performing parser,
Llamipa, and compare its performance on the En-
glish and Japanese corpora. Table 3 shows the
SDRT parsing performance of Llamipa on the
MSDC and STAC corpora.’ For both MSDC and
STAC, performance on the original English corpus
and the translated Japanese corpus is comparable.
Across all parsers, the weighted average F1-score
is around 0.79 for MSDC and 0.60 for STAC. No-
tably, the weighted average F1-score of the English
Llama-3-based model on STAC is lower than the
0.78 reported by Thompson et al. (2024a). This
might be due to differences in the experimental
setup, including computational environments and
simplification of training data.

5 Ablation Tests

We have hypothesized that parsers might achieve
different levels of performance. However, as we
have shown in the previous section, their perfor-
mance is comparable. To investigate why, we study
which information the models rely on to identify
discourse relations. We conduct three ablation
analyses. Our first study is about Japanese dis-
course markers. Japanese discourse markers, such
as sentence-final particles, are linguistic expres-
sions that help speakers and listeners understand
how utterances are related in discourse. We eval-

“We also calculate precision and recall for each relation.
The results are presented in Appendix C.



Dataset MSDC STAC

Language EN JA JA Supports EN JA JA Supports
Base model Llama-3 Llama-3  Swallow-3 Llama-3 Llama-3  Swallow-3

Ackn. 0.86 0.86 0.85 792 0.61 0.62 0.65 173
Alte. 0.90 0.81 0.90 24 0.67 0.59 0.62 10
Back. n/a n/a n/a n/a 0.00 0.20 0.00 9
Clari-Q. 0.69 0.67 0.68 134 0.50 0.46 0.50 48
Comm. 0.58 0.58 0.58 382 0.60 0.60 0.60 222
Cond. 0.00 0.00 0.00 13 0.53 0.78 0.63 12
Conf-Q. 0.93 0.91 0.90 159 n/a n/a n/a n/a
Contin. 0.45 0.45 0.42 321 0.29 0.25 0.36 69
Contr. 0.76 0.76 0.81 68 0.50 0.43 0.49 60
Corr. 0.72 0.75 0.74 403 0.38 0.24 0.31 23
Elab. 0.77 0.76 0.75 720 0.51 0.46 0.44 100
Expl. 0.00 0.00 0.00 16 0.39 0.37 0.38 55
Narr. 0.82 0.80 0.81 693 0.00 0.00 0.00 8
Para. n/a n/a n/a n/a 0.34 0.29 0.34 23
QAP. 0.81 0.81 0.82 290 0.81 0.81 0.78 273
QElab. 0.43 0.39 0.42 38 0.49 0.53 0.50 84
Resu. 0.90 0.90 0.90 1765 0.65 0.61 0.61 145
Sequ. 0.25 0.29 0.00 6 0.78 0.78 0.75 124
Weighted Average 0.79 0.79 0.79 0.60 0.59 0.59

Table 3: Fl-scores of Llamipa on the MSDC and STAC datasets. "Supports” indicates the number of instances per
relation in the test data. Discourse relations are abbreviated. "n/a" indicates that the relation is not included in the
respective dataset. Bold values denote the best F1-scores.

uate the changes in performance before and after
removing discourse markers from the input.

Our second and third studies are about two types
of information in the input. The input of Llamipa
consists of three parts: the context clauses, the dis-
course relations in the context, and the target clause.
The context clauses are largely different in English
and Japanese. However, the discourse relations in
the context are the same for both languages. A plau-
sible hypothesis for the comparable performance in
English and Japanese is that parsers rely more on
the discourse relations than on the context clauses.
We therefore ablate the discourse relations and the
context clauses to verify this hypothesis.

5.1 Settings

Discourse Markers We select connectives that
appear frequently (at least 40 times) at the be-
ginning of EDUs in the MSDC test data. This
yields five connectives: sorekara (€ 31H* 5 ; “and
then”), sositara (¢ U 7z 5; “then”), jaa (U % &;
“well/then”), dakara (727> 5 ; “so/therefore”), and
demo (T H; “but”).

In the Japanese MSDC corpus, sorekara fre-
quently co-occurs with the discourse relation Nar-
ration. We hypothesize that the parser uses this
expression as a strong cue when predicting Nar-
ration. Similarly, sositara and jaa often co-occur
with Result and Narration, dakara with Elabora-

tion, and demo with Contrast; we hypothesize that
these expressions are crucial for predicting the dis-
course relations with which they most frequently
CO-OCCUr.

Apart from the five connectives mentioned
above, we also include the sentence-final particles
yo, ne, and ka according to the established theoreti-
cal discussion. The particle yo draws the listener’s
attention to information they are presumed not to
know (Masuoka and Takubo, 1989). The particle ne
confirms information that is assumed to be shared
between the speaker and the listener (Masuoka and
Takubo, 1989). Based on these functions, we ex-
pect yo to be crucial for Correction relations and
ne to be crucial for Acknowledgement. The particle
ka expresses questions or doubts, so we expect it
to be crucial for Clarification-Q, Confirmation-Q,
and Question-answer pair. Table 4 presents the
statistics of these expressions, relations, and their
CO-Occurrences.

Contextual Discourse Relations For the dis-
course relations, we simply compare the parsers’
performance with and without discourse relations
given. We conduct an ablation analysis by remov-
ing them all from the preceding context. Specif-
ically, we provide the input context without any
discourse relation information.



Expression Relation  Occurrence  Position
Z D5 (sorekara)  Narr. 36/54 y
%z U 7= 5 (sositara) g::l'. ;gﬁg z
L (jaa Rew. 6B b
722 5 (dakara) Elab. 41/47 Yy
T%H (demo) Contr. 46/54 y
& (yo) Corr. 22/222 Yy
1 (ne) Ackn. 145/369 Y
Clari-Q.  24/60 Y
D> (ka) Conf-Q.  8/60 Yy
QAP. 37/60 T

Table 4: The statistics of the ablation study on target
expressions. The “Occurrence” column is presented in
the format (a/b), where a is the number of times the
linguistic expression appears at the position specified
in the “Position” column, and b is the total number of
clauses in which the expression occurs. In the “Position”
column, z and y denote the first and second arguments
of the discourse relation, respectively.

Context Clauses In order to investigate model
performance when provided with only the dis-
course relations and the target clause, we mask
the content of the context clauses. We replace each
context clause with the string [MASKED] while leav-
ing other information unchanged. An example of
this process is shown in Figure 2.

For the aforementioned three studies, we use
the Llama-3-based Llamipa parser for English and
Japanese, and the Llama-3-Swallow-based Llamipa
parser for Japanese only. These studies are con-
ducted on the MSDC test set and under the gold
structure setting (cf. Section 2.2) in order to keep
the contextual discourse relations of the input fixed.
Under the predicted structure setting, the input it-
self could differ before and after each ablation,
making it difficult to isolate the effect of the ab-
lated component.

Context: Context:
0 <Buil> Mission has started 0 <Buil> [MASKED]

1 =Arch= hey. 1 <Arch>= [MASKED]
2 <Arch= this should be pretty easy # 2 <Arch= [MASKED]
Structure: ACK(0,1) COM(0,2) Structure: ACK(0,1) COM(0,2)

MNew Turn: 3 <Buil> ok MNew Turn: 3 <Buil> ok

Figure 2: Depiction of the context clause masking.

Model Llama-3-base Swallow-base

Expression Rel. F1 Pred. F1 Pred.
Thirs Narr.  0.89/0.90  46/31  0.89/0.90  43/33
(sorekara)
ZUL7%zo Narr.  0.89/0.89  35/33  0.89/0.89  36/34
(sositara) Resu.  0.91/091 35/34  091/091  36/35
U%»» Narr.  0.89/0.89 282/272 0.89/0.88 290/274
(jaa) Resu.  0.91/0.91 308/300 0.91/0.91 313/298
s Elab.  0.77/0.77  42/41  0.76/0.76  39/39
(dakara)

T% (demo)  Contr.  0.73/0.11 46/2  0.77/0.14 482
X (yo) Corr.  0.79/0.79  30/28  0.81/0.81  22/20
12 (ne) Ackn.  0.86/0.85 145/142 0.86/0.86 140/135

Clari-Q. 0.68/0.69  23/23  0.68/0.67  26/24
» (ka) Conf-Q. 0.92/0.92 515 0.91/0.91 4/4
QAP.  0.83/0.83  35/30  0.85/0.85  34/33

Table 5: Fl-scores and the number of predictions (Pred.)
before and after ablation. In the “F1”° column, the no-
tation b/a indicates the scores before (b) and after (a)
ablation, respectively. Similarly, in the “Pred.” col-
umn, b/a denotes that out of b original predictions, a
remained unchanged after the target expressions were
ablated.

5.2 Results

Table 5 presents the results of the ablation tests for
the discourse markers (connectives and sentence-
final particles). We compare the F1-scores before
and after ablation and measure the number of ini-
tial predictions that remained unchanged after the
target expressions were removed.

When demo is removed, the F1-score for predict-
ing Contrast decreases from 0.73 to 0.11 for the
Llama-3-based model and from 0.77 to 0.14 for
the Llama-3-Swallow-based model. Furthermore,
of the 46 Contrast predictions in which demo ap-
pears in the second argument, only 2 remained
unchanged after ablation for the Llama-3-based
model (2 of 48 for the Llama-3-Swallow-based
model). These results suggest that the constructed
Japanese SDRT parsers rely heavily on the pres-
ence of demo to identify Contrast.

In contrast, removing sorekara changed a consid-
erable proportion of the Narration predictions: 15
of the 46 predictions changed after ablation for the
Llama-3-based model (10 of 43 for the Llama-3-
Swallow-based model). Nevertheless, the F1-score
for Narration remained almost unchanged (0.89
— 0.90 for both models), possibly because these
instances account for only a small fraction of the
Narration relations in the test set. This suggests
that the models use sorekara as a cue for predicting
Narration, although its impact on overall perfor-



Model Llama-3-base Swallow-base Model Llama-3-base Swallow-base
Language EN JA JA Language EN JA JA
Before/After  Before/After  Before/After Before/After  Before/After  Before/After

Ackn. 0.86/0.71 0.86/0.70 0.86/0.74 Ackn. 0.86/0.81 0.86/0.80 0.86/0.70
Alte. 0.88/0.65 0.79/0.67 0.90/0.83 Alte. 0.88/0.88 0.79/0.82 0.90/0.91
Clari-Q. 0.70/0.33 0.68/0.21 0.68/0.52 Clari-Q. 0.70/0.62 0.68/0.65 0.68/0.66
Comm. 0.59/0.40 0.58/0.46 0.59/0.48 Comm. 0.59/0.54 0.58/0.52 0.59/0.54
Cond. 0.00/0.00 0.00/0.00 0.00/0.00 Cond. 0.00/0.00 0.00/0.00 0.00/0.00
Conf-Q. 0.93/0.82 0.92/0.90 0.91/0.90 Conf-Q. 0.93/0.88 0.92/0.89 0.91/0.89
Contin. 0.51/0.27 0.48/0.21 0.46/0.24 Contin. 0.51/0.40 0.48/0.44 0.46/0.40
Contr. 0.77/0.70 0.73/0.66 0.77/0.70 Contr. 0.77/0.77 0.73/0.59 0.77/0.73
Corr. 0.79/0.33 0.79/0.55 0.81/0.57 Corr. 0.79/0.70 0.79/0.57 0.81/0.68
Elab. 0.77/0.67 0.77/0.59 0.76/0.71 Elab. 0.77/0.72 0.77/0.75 0.76/0.71
Expl. 0.00/0.00 0.00/0.00 0.00/0.00 Expl. 0.00/0.00 0.00/0.00 0.00/0.11
Narr. 0.90/0.03 0.89/0.04 0.89/0.02 Narr. 0.90/0.73 0.89/0.78 0.89/0.73
QAP. 0.82/0.16 0.83/0.29 0.85/0.30 QAP. 0.82/0.79 0.83/0.71 0.85/0.73
QElab. 0.52/0.42 0.34/0.27 0.42/0.33 QElab. 0.52/0.36 0.34/0.32 0.42/0.36
Resu. 0.91/0.26 0.91/0.53 0.91/0.59 Resu. 0.91/0.86 0.91/0.87 0.91/0.84
Sequ. 0.25/0.22 0.29/0.10 0.00/0.16 Sequ. 0.25/0.15 0.29/0.09 0.00/0.00
Weighted  0.81/0.38 0.81/0.47 0.81/0.52 Weighted  0.81/0.75 0.81/0.75 0.81/0.74

Table 6: Fl-scores before and after ablation of input
discourse relations. The “Weighted” row indicates the
overall performance weighted by relation frequency.

mance is limited.

However, for the other connectives (sositara, jaa,
and dakara), and the sentence-final particles (yo,
ne, and ka), no substantial changes in performance
are observed when predicting their respective dis-
course relations. This suggests that our hypothesis
that these expressions contribute to predicting spe-
cific discourse relations was not empirically sup-
ported.

Table 6 presents the results of the ablation study
on the gold discourse relations among the context
clauses. The performance substantially decreases;
the weighted average F1-scores drop by at least
0.29 for all parsers. The largest decrease is ob-
served for Narration, which drops by at least 0.85.
Notably, the decrease for Contrast in the Japanese
models is relatively small. This is consistent with
the result of the first ablation, which suggests that
the models rely heavily on demo. Since demo ap-
pears in the target clause, it remains available to the
models even after the contextual discourse relations
are removed.

Table 7 presents the performance of the models
before and after masking the content of the con-
text clauses. Across all models, we only observe a
slight decline in the weighted average. Combined
with the results for the ablation on gold discourse
relations in input, these results suggest that the
parsers primarily rely on the discourse relations in
the input rather than on the context clauses, support-

Table 7: Fl-scores before and after masking of the
content of the context clauses. The “Weighted” indicates
the overall performance weighted by relation frequency.

ing our hypothesis. Thus, the reason why Japanese
and English SDRT parsers show comparable perfor-
mance might be that parsers rely on the discourse
structure, which is shared across Japanese and En-
glish corpora, rather than on the content of the
context clauses.

6 Conclusion

In this paper, we used Japanese as a test case
to investigate the cross-linguistic generalizability
of LLM-based Segmented Discourse Representa-
tion Theory (SDRT) parsing. We first constructed
Japanese corpora by automatically translating the
English MSDC and STAC corpora. We then com-
pared the performance of fine-tuning-based and
prompt-based parsing approaches on Japanese and
English. Our results show that fine-tuned parsers
achieve higher SDRT parsing performance than
prompt-based parsers and perform comparably
across English and Japanese.

In order to explain why English and Japanese
models perform comparably, we conducted three
ablation studies to analyze the types of information
on which the models rely when identifying dis-
course relations. First, we studied the influence of
Japanese connectives and sentence-final particles
that frequently co-occur with particular discourse
relations in our translated Japanese MSDC corpus.
The results show that demo (T % ; “but”) particu-
larly influences the prediction of the Contrast re-



lation. However, the impact of the other expres-
sions was not as large as that of demo. Our second
and third ablation studies examined the effects of
removing the gold discourse relations among the
context clauses and of masking the context clauses
in the input, respectively. The results suggest that
the models rely heavily on the discourse relations
provided in the input. This reliance may explain the
small performance difference between our English
and Japanese SDRT parsers.

Overall, our findings suggest the cross-linguistic
generalizability of LLM-based SDRT parsing to
Japanese and show that language-specific cues,
such as demo, can facilitate the prediction of par-
ticular discourse relations. We achieved strong
Japanese discourse parsing performance using a
simple approach based on clause-by-clause transla-
tion and model training, suggesting that generative
LLMs offer considerable potential for cross-lingual
transfer in discourse parsing.

Building on these results, one promising direc-
tion for future work is to investigate the general-
izability of LLM-based discourse parsing to lan-
guages beyond English and Japanese. Such an in-
vestigation is crucial for extending discourse pars-
ing to a wider range of languages. Another worth-
while direction is to conduct more fine-grained
analyses that distinguish linguistic expressions pro-
viding critical cues for discourse-relation predic-
tion from those that provide little or no useful in-
formation. Such analyses may clarify the discourse
functions of specific lexical items in Japanese and
ultimately improve Japanese discourse parsing per-
formance. Finally, a promising direction for future
work is to analyze how LLMs process discourse
relations using interpretability methods such as that
of Miao and Kan (2025), which would shed light
on how LLMs represent and interpret discourse
structure.

Limitations

In this study, we used only MSDC and STAC,
which are corpora of chat logs collected during
gaming sessions. Moreover, due to time and
staffing constraints, we did not manually evaluate
the entire Japanese translation corpus. One direc-
tion for future research is to expand such resources
to include other domains and genres. Another issue
regarding corpora is that the Japanese corpora are
constructed based on machine translation. Trans-
lated Japanese might be unnatural and different

from what native Japanese speakers produce. This
unnaturalness and difference might introduce con-
founding factors that affect parser performance.
Therefore, constructing a native Japanese SDRT
corpus is also necessary as future work.

Ethical Statement

In this study, we construct and release a
Japanese Segmented Discourse Representation
Theory (SDRT) corpus by translating existing En-
glish corpora (the MSDC and STAC datasets) using
a Large Language Model (LLM). This dataset is re-
leased strictly for academic and research purposes.
In doing so, we carefully consider all licensing and
copyright implications. Because our Japanese cor-
pus is derived from the original English datasets,
we strictly adhere to their terms of use and licenses.
The translated dataset will be distributed under an
appropriate license that aligns with the restrictions
of the source materials, ensuring that the original
authors’ intellectual property is fully respected.
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A Semantics of Discourse Relations used
in MSDC and STAC

Below are the relations used in MSDC and STAC,
along with illustrative examples of each. In the
dataset, relation instances are represented as pairs
of indices associated with a specific discourse re-
lation label. The first and second arguments (z, y)
represent the source and target of the directed edge
in the discourse graph, respectively. In the fol-
lowing examples, the upper clause corresponds to
argument x and the lower clause to argument y.

* Acknowledgement(x,y)...y entails that the
speaker of y has accepted or achieved the in-
tention of the speaker of x

(1) a. Builder: “place orange 2 1 2,
place orange 0 1 3”

b. Architect: “Great!”
* Alternation(z,y)...Either z or y is true.

(2) a. Builder: “so parallel?”

b. Builder: “or perpendicular?”

* Background(x,y)...x provides some stage set-
ting for the event that happens in y, or vice
versa.

(3) a. Dave: While we’re talking about
trading,

b. Dave: does anyone have sheep?

* Clarification-Q(z,y)...y provides a question
about z. It occurs when one does not follow
what happened or what is said.

(4) a. Architect: “anyway please place
the first purple block on the right-
most red block”

b. Builder: “is it connected?”

» Comment(x,y)...y provides an opinion or
evaluation of the content associated with x.

(5) a. Architect: “I am sorry for the in-
correct instructions”

b. Builder: “you did a good job!”

* Conditional(x,y)...v is a hypothesis and y is
a consequence of the hypothesis.

(6) a. Architect: “so if you take a di-
rectly top-down view,”

b. Architect: “it will look like a stair-
case going up and right”

* Confirmation-Q(x,y)...y is a question about
whether x is correct.

(7) a. Builder: “place orange -1 4 1,
place orange -1 4 0, place orange
-14-17
b. Builder: “like that?”

* Continuation(x,y)...Both x and y are subject
to the same topic.

(8) a. Architect: “you will be removing
the middle block of the last row
you added.”

b. Architect: “and the middle three
blocks of the row youre about to
add.”

* Contrast(x,y)...x and y have similar semantic
structures, but contrasting themes.

(9) a. Architect: “I have bad news”
b. Architect: “but it’s an easy fix”

e Correction(z,y)...y corrects a part of x.

(10) a. Architect: “and 1 space to the
right”
b. Architect: “I meant to say 1 space
to the left”

e Elaboration(z,y)...y provides more informa-
tion about the eventuality introduced in .

(11) a. Architect: “we’ll now do orange”

b. Architect: “place on orange to the
right of the red closest to you”

* Explanation(x,y)...y explains why, or gives
the cause of, what happened in x.

(12) a. Builder: “I'll stay in a fixed posi-
tion”
b. Builder: “so it’s easier to give me
directions with respect to what
I’'m looking at”



* Narration(x,y)...The main eventualities of =
and y occur in the sequence in which they are
described.

(13) a. Architect: “then 1 red on top of
the right red”

b. Architect: “then another red to the

bottom right of the right ground
red block.”

* Parallel(x,y)...z and y share a common topic
and have similar semantic structures.
(14) a. You can trade for more sheep with
Rennoc,

b. You can also trade with me

* Question-answer pair(x,y)...z is a question,
and y is an answer to it.
(15) a. Builder: “Whats our mission this
time?”
b. Architect: “we have a difficult
one ahead of us this time build-

E)

Cr.

* Q-Elaboration(x,y)...y is a question intended
to get more information about .

(16) a. Architect: “we have a difficult

one ahead of us this time builder.”

b. Builder: “describe the structure?”

* Result(z,y)...The main eventuality of x is un-
derstood to cause the eventuality given by y.
(17) a. Architect: “now connect these red
blocks with three more red blocks
making a 3x3”

b. Builder: “place red 0 7 0, place
red 06 0, place red 05 0”

o Sequence(x,y)...x and y happen consecu-
tively.

(18) a. Builder: “Mission has started”

b. Builder: “place purple -1 1 3, pick
purple -1 13”

B Translation Examples and Error
Analysis for MSDC

In this section, we provide examples of translations
and several error analyses of MSDC. Table 8 shows
examples of the translations. The sentence above
is the original English, while the sentence below is
the Japanese translation.

Examples of translation errors are presented in
Table 9. In each example, the upper segment pro-
vides the original English excerpt, while the lower
segment presents its corresponding Japanese trans-
lation.

The first example is shown in the upper section
of the table. In this excerpt, the Builder intends
to ask the Architect if any color of block can be
placed, saying “any color.” However, the resulting
translation fails to reflect the interrogative intent of
the original utterance. Therefore, a more appropri-
ate translation would be “& A LA TH NN 7?7
(“Is any color fine?”) rather than “& A 721 TH
WU K7 (“Any color is fine.”).

The second excerpt is located in the middle sec-
tion of the table. In this instance, the translation
of the preposition “on” is incorrect. The speaker
intends for the Builder to place a block to the left
of the topmost block. Consequently, the translation
“—FEDALV VIO TEY ZDEIZ” (“on
top of the top orange block™) is inappropriate. The
correct translation should be “—#& LD A L ¥
@ 7'\ Z1Z”(*“on the top orange block”).

The final example is located in the bottom sec-
tion of the table. In this case, the phrase “ L&
{Z” (“on top and bottom”) is redundantly repeated.
Therefore, the phrase “ I & (2> in the second
clause should be removed to ensure a more natural
translation.

C Detailed Experimental Results

Tables 11 and 12 present the detailed performance
metrics (precision, recall, and F1-score) of the con-
structed SDRT parsers on the MSDC and STAC
corpora, respectively. Table 13 details the perfor-
mance of the prompt-based methods on the MSDC
corpus in both English and Japanese.

D Simplification of STAC

We applied several simplifications to the dataset
following the methodology of Thompson et al.
(2024a) because Llamipa cannot deal with CDUs
directly. First, we flattened CDUs into their con-
stituent EDUs or EEUs. Second, we merged con-



Index  Speaker Text
. “lets do this”
2 Builder “X> 2 3 g
. “place a red block in front of the
3 Architect blue block”

“HFW7 oy 7ZORNZKFEWT A
W I BEBEBNWTL I W

“along the line toward the purple
block”

o7 T ZITAH D RRTH
->7T”

“placered 4 1 0”

“ERIEAR 4107

4 Architect

5 Builder

Table 8: Examples of translation of MSDC. The sen-
tence above is the original English, while the sentence
below is the Japanese translation.

Speaker Text

Builder “any color”

Builder “or still orange?”

Builder “CARBTHEVWVL?

Builder “CENEEALVDEEFTLVY

Architect  “on the top orange block”

Architect  “put a yellow block to the left of it”

Architect “—FHREDALVIYDTOvy ID Iz

Architect “ZOLEMIZEHBDOT O Y ZEENTL
X

Architect  “On the top and bottom”

Architect  “we are going to add 2 block extensions”

Architect “ k& TFIiZ, ”

Architect “EEFIZ, 7HvZ7& “OHREHIE

£3

Table 9: Examples of translation errors. In each exam-
ple, the upper segment provides the original English
excerpt, and the lower segment presents its correspond-
ing Japanese translation.

secutive EEUs into single units. Finally, we re-
moved any EEUs that lacked relations to EDUs.

E Evaluation on All Relations of MSDC

In Tables 2 and 3, some gold relations in the origi-
nal MSDC dataset are excluded from the evaluation
following Thompson et al. (2024a). This is because
Llamipa does not predict relations whose distance
exceeds its context window size. Therefore, such
relations are excluded from the training and test
data. The evaluation for all relations is presented
in Table 14.

F LLM-translation inconsistencies for
EEUs in MSDC

Directly translating EEUs using GPT-5.1 fre-
quently introduces inconsistencies. The following
examples illustrate this issue:

(19) a. place green 0 3 -1, place green 0 4 -1
b. place green 0 3 -1, place green 0 4 -1
(20) a. pickred275
b. A% 275055
(21) a. pick purple -2 4 1, pick purple 1 4 1

L% 241 %20, %% 141 %[
1Y

In each example, the first line (a) represents
the original English EEU, and the second line (b)
shows the LLM-generated translation. In Exam-
ple (19), the EEU remains completely untrans-
lated, whereas in Example (20), it is translated into
Japanese. Furthermore, the translation in Example
(21) is ungrammatical.

Because such inconsistencies could negatively
impact the performance of SDRT parsers, we im-
plemented a rule-based translation approach for
all EEUs to ensure structural and linguistic consis-
tency. Specifically, “place” was mapped to “FX &
and “pick” to “£ZHY”. The color words “orange,”
“blue,” “green,” “yellow,” “red,” and “purple” were
mapped to “A L > I <F ) hk) CH ) AR

and “5%.” respectively.

G The prompt used for the translation

This appendix provides the prompts utilized to
translate the original MSDC and STAC into
Japanese. The prompts below are reproduced as
used in our experiments, including typographical
errors in the original prompts (e.g., "Ouptput" for
"Output" and "as possible as naturally" for "as nat-
urally as possible"). We retain them so that our
experiments can be replicated exactly. The follow-
ing prompt is used for MSDC. Note that although
the MSDC prompt mentions translations of the two
previous clauses, these were not included in the
actual input; the model received only the dialogue
session and the target clause, as described in Sec-
tion 3.1.



{"role": "system",

"content”:

## Task

You are given a multi-turn Minecraft
chat log in JSON format,a target
clause,

and your translation of the two previous
clauses of the target clause.

The target clause is one of the clauses
in the chat log.

Translate the clause into Japanese as
possible as naturally.

## INPUT FORMAT
You are given the following JSON
structure as input:

# Context

[{"text": "<clausel>", "speaker":
"<speaker1>"},{"text":
"<clause2>", "speaker”:
"<speaker2>"},...]

# Target clause

{"text": "<target_clause>","speaker":
"<target_speaker>"}

## Rules
- No comments
- Translate only the target clause
- Ouptput only the translated text
- The transcript includes descriptions
of in-game actions. Keep them as
they are.
- For example, if the text is "pick
yellow @ @ 1, place red 1 @ 0",
Do not translate the action
commands. Keep them in English
- Translate as naturally as possible
while considering the context and
previous translated clauses.

nnn

}

{"role": "user"”, "content":
"#Context\n" + <dialogue session>}

{"role": "user"”, "content”: "# Target

clause\n"” + <target clause>}

The following is used for STAC.

{"role": "system",

"content”:

## Task

You are an expert translator
specializing in board games.

Your task is to translate logs from the
online version of the game The
Settlers of Catan (STAC corpus) into
natural Japanese.

You will be provided with a target
clause and the surrounding dialogue
context.

## INPUT FORMAT

# Context

[{"text": "<clausel>","speaker":
"<speaker1>"},{"text":
"<clause2>","speaker":
"<speaker2>"3},...]

# Target clause
{"text": "<target_clause>","speaker”:
"<target_speaker>"}

## Rules

- Translate only the target clause.

- Output only the translated text. Do
not include any explanations or
comments.

- Tone & Style:

- If the speaker is a player: Use a
natural, conversational chat
style.

- If the speaker is "Server" or
"UI": These represent system
actions or game events.
Translate them as clear, concise
system messages or objective
descriptions.

- Ensure the translation reflects the
strategic intent of the negotiation
if the context involves trading.

- Do not translate player names. Keep
them exactly as they appear in the
original text.

nnn

3

{"role": "user", "content”:
"#Context\n" + <dialogue session>}

{"role": "user”, "content”: "# Target

clause\n" + <target clause>}

H Prompts for Prompt-Based Discourse
Parsing

This appendix presents the full text of the prompts
utilized in our prompt-based experiments. The sys-
tem prompt consists of general instructions and
examples for in-context learning (ICL), while the
user prompt contains the target dialogue for dis-
course parsing. The prompt is reproduced as used
in our experiments. Note that it contains errors,
including "Segmented Discourse Rhetorical The-
ory" (for "Segmented Discourse Representation
Theory") and "Dialougue” (for "Dialogue"). We re-
tain them because all reported results were obtained
with this prompt.



{"role": "system",

"content”:

According to the Segmented Discourse
Rhetorical Theory, the rhetorical
structure of a dialogue can be
represented by a directed acyclic
graph, where nodes are utterances or
actions and edges are the following
16 relations:

["Elaboration”, "Acknowledgement"”,
"Continuation”, "Contrast”,
"Correction”, "Result”, "Comment”,
"Question-answer_pair”,
"Narration”,
"Clarification_question”,
"Confirmation_question”, "Q-Elab”,
"Explanation”, "Alternation”,
"Conditional”, "Sequence"]

please annotate the rhetorical
structure of the following dialogue
and represent it in the form of
[index1, index2, 'relation'], where
index1 and index2 are the index of
two utterances, and the 'relation'
is one of the above relations to
connect the two utterances.

Dialougue:
@: Builder said, Mission has started .
1: Builder said, hi

Annotation:
[
[0, 1, "Acknowledgement”],

{"role": "user",

"content”:

"@: Builder said, Mission has started.

1: Architect said, We'll be making a
pair of horseshoes

2: Architect said, First, start by
making a 3x3 square of red bricks on
the ground

I Hyperparameters

Table 10 details the hyperparameters used for train-
ing the SDRT parsers.

GPUs
NVIDIA Hopper H100
Hyperparameters
training epochs 3
batch size 1
optimizer Adam
learning rate 2e-4

linear warm-up and

learning rate scheduler . .
cosine annealing

warm-up ratio 0.03

gradient clipping 0.3

LoRA T 64

LoRA (alpha) 16

LoRA dropout ratio 0.1

LoRA target modules Only A.ttentior% Blocks
(q_proj, v_proj)

quantization 4-bit NormalFloat

Table 10: Hyperparameters for the training.



EN (Llama-3-base)

JA (Llama-3-base)

JA (Swallow-base)

Relation Prec. Recall Fl1 Prec. Recall Fl1 Prec. Recall Fl1 Supports
Ackn. 0.86 0.85 0.86 0.86 0.87 0.86 0.85 0.85 0.85 792
Alte. 0.85 0.96 090 0.70 0.96 0.81 0.85 0.96 090 24
Clari-Q. 0.67 0.72 0.69 0.66 0.69 0.67 0.66 0.70 0.68 134
Comm. 0.62 0.54 0.58 0.63 0.54 0.58 0.65 0.53 0.58 382
Cond. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 13
Conf-Q. 097 0.89 093 093 0.88 091 093 0.88 0.90 159
Contin. 040 0.52 045 041 0.51 045 039 045 042 321
Contr. 0.90 0.66 0.76 0.87 0.68 0.76 091 0.74 0.81 68
Corr. 0.73 0.71 0.72 0.77 0.72 0.75 0.81 0.69 0.74 403
Elab. 0.78 0.76 0.77 0.77 0.76 0.76 0.73 0.78 0.75 720
Expl. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 16
Narr. 0.82 0.82 0.82 0.80 0.81 0.80 0.81 0.81 0.81 693
QAP. 0.85 0.78 0.81 0.83 0.80 0.81 0.83 0.81 0.82 290
QElab. 048 0.39 043 041 037 0.39 044 0.39 042 38
Resu. 0.90 091 0.90 090 0.90 0.90 0.90 0.90 0.90 1765
Sequ. 0.50 0.17 025 1.00 0.17 0.29 0.00 0.00 0.00 6
Weighted Average 0.80 0.79 0.79 0.80 0.79 0.79 0.79 0.78 0.79

Table 11: Performance of the constructed SDRT parsers. The “Supports” column indicates the number of instances
for each relation in the test data. The Relation labels are shown in abbreviated form. The best F1-scores among the

models are highlighted in bold.

EN (Llama-3-base)

JA (Llama-3-base)

JA (Swallow-base)

Relation Prec. Recall Fl1 Prec. Recall Fl1 Prec. Recall Fl1 Supports
Ackn. 0.64 0.58 0.61 0.63 0.61 0.62 0.65 0.66 0.65 173
Alte. 0.75 0.60 0.67 0.71 0.50 0.59 0.83 050 0.62 10
Back. 0.00 0.00 0.00 1.00 0.11 0.20 0.00 0.00 0.00 9
Clari-Q. 044 0.58 0.50 039 054 046 046 054 0.50 48
Comm. 0.58 0.62 0.60 0.58 0.63 0.60 0.58 0.62 0.60 222
Cond. 0.71 042 053 0.82 0.75 0.78 0.86 0.50 0.63 12
Contin. 0.27 0.30 029 023 0.28 025 034 0.38 0.36 69
Contr. 0.53 047 0.50 047 040 043 052 047 049 60
Corr. 0.50 0.30 038 036 0.17 0.24 038 0.26 0.31 23
Elab. 0.50 0.1 051 048 044 046 043 045 0.44 100
Expl. 040 0.38 039 036 0.38 0.37 039 0.36 0.38 55
Narr. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 8
Para. 0.50 0.26 034 045 0.22 029 0.50 0.26 034 23
QAP. 0.80 0.83 0.81 0.82 0.81 081 0.77 0.79 0.78 273
QElab. 0.58 042 049 0.58 049 053 0.54 046 0.50 84
Resu. 0.67 0.64 0.65 0.63 0.60 0.61 0.65 0.58 0.61 145
Sequ. 0.82 0.75 0.78 0.82 0.75 0.78 0.78 0.73 0.75 124
Weighted Average 0.62  0.60 0.60 0.61 0.59 0.59 0.60 0.59 0.59

Table 12: Performance of the constructed SDRT parsers on STAC. The “Supports” column indicates the number of
instances for each relation in the test data. The Relation labels are shown in abbreviated form. The best F1-scores

among the models are highlighted in bold.



Llama-3 Swallow-3 Llama-3.1 Swallow-3.1 GPT-5.5

Llamipa Oshot Ishot 4shot Oshot  Ishot 4shot Oshot Ishot 4shot
Relation ~EN JA JA EN JA EN JA EN JA JA JA JAA EN JA EN JA EN JA Support
Ackn. 0.86 0.86 0.85 0.56 0.56 047 043 040 043 051 036 015 055 056 0.76 076 0.78 0.78 792
Alte. 0.90 0.81 0.90 0.00 0.00 0.00 0.00 032 042 000 0.00 0.13 068 0.76 088 0.65 0.88 0.88 24

Clari-Q.  0.69 0.67 0.68 0.06 0.08 022 024 029 027 001 0.19 008 044 040 0.60 0.58 0.56 0.60 134
Comm. 0.58 0.58 0.58 0.16 0.16 028 023 025 0.12 019 0.4 003 033 034 045 047 052 049 382
Cond. 0.00  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.00 000 020 022 019 022 0.29 0.00 13
Conf-Q. 093 0091 0.90 0.04 0.07 058 056 049 056 001 055 014 076 0.78 088 0.89 0.88 0.90 159
Contin. 045 045 0.42 0.07 0.04 0.06 006 0.11 0.07 006 0.04 003 0.15 0.11 024 026 041 040 321
Contr. 0.76  0.76 0.81 0.07 0.03 0.11 0.10 0.00 0.07 004 0.10 000 052 055 069 077 0.78 0.73 68

Corr. 0.72  0.75 0.74 0.02 0.03 009 0.08 008 0.07 003 0.08 001 026 022 047 049 0.60 0.60 403
Elab. 0.77 0.76 0.75 035 0.32 040 037 039 041 030 038 0.12 059 055 070 0.72 0.74 0.73 720
Expl. 0.00 0.00 0.00 0.01 0.02 000 0.04 002 0.05 001 004 000 0.17 0.10 020 0.15 0.19 0.16 16
Narr. 0.82 0.80 0.81 0.00 0.00 0.00 0.00 002 0.01 000 0.00 0.00 0.00 000 0.11 0.17 0.68 0.68 693
QAP. 0.81 0.81 0.82 0.05 0.03 043 041 042 046 003 037 0.11 065 063 079 0.78 081 0.79 290
QElab. 043 0.39 0.42 0.05 0.00 0.00 0.00 000 0.00 000 0.00 0.00 0.11 0.10 0.05 0.12 0.16 0.17 38
Resu. 0.90 0.90 0.90 038 0.35 054 050 050 052 030 051 012 049 051 067 073 085 0.85 1765
Sequ. 025 0.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6
Weighted

Average 0.79 0.79 0.79 026 024 035 032 033 033 022 030 009 042 041 057 0.60 0.73 0.72

Table 13: Fl-scores for Llamipa and prompt-based methods, evaluated on a subset of gold relations from the MSDC
corpus (cf. Appendix E). "Support" represents the number of instances per relation in the test data, and discourse
relations are abbreviated.

Llama-3  Swallow-3 Llama-3.1 Swallow-3.1 GPT-5.5
Llamipa Oshot Ishot 4shot Oshot  1shot 4shot Oshot 1shot 4shot
Relation EN  JA JA EN JA EN JA EN JA JA JA JA EN JA EN JA EN JA Support
Ackn. 0.86 0.86 0.85 0.56 0.56 047 043 040 043 051 036 0.15 055 056 076 0.76 0.78 0.78 792
Alte. 0.90 0.81 0.90 0.00 0.00 0.00 0.00 032 042 000 0.00 0.13 068 0.76 088 0.65 088 0.88 24

Clari-Q.  0.69 0.67 0.68 0.06 0.08 022 024 029 027 001 0.19 008 044 040 0.60 0.58 0.56 0.60 134
Comm. 0.54 0.54 0.54 0.15 0.14 026 021 023 0.11 0.18 0.13 003 031 032 042 043 048 0.46 434
Cond. 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 000 0.17 027 0.16 0.18 0.24 0.10 17
Conf-Q. 093 0091 0.90 0.04 0.07 058 056 049 056 001 055 014 076 0.78 0.88 0.89 0.88 0.90 159
Contin. 045 045 0.42 0.07 0.04 0.06 006 0.11 0.07 006 0.04 003 015 0.11 024 026 041 040 321
Contr. 0.76  0.76 0.81 0.07 0.03 0.11 0.10 0.00 0.07 0.04 0.10 0.00 052 055 069 077 0.78 0.73 68

Corr. 0.72  0.75 0.74 0.02 0.03 0.09 008 0.08 0.07 003 008 001 026 022 047 049 0.60 0.60 405
Elab. 0.77 0.76 0.75 035 032 040 037 039 041 030 038 012 059 055 070 072 0.74 0.73 720
Expl. 0.00 0.00 0.00 0.01 0.02 0.00 0.04 0.02 0.05 001 004 000 017 0.10 020 0.15 0.19 0.16 16
Narr. 0.79 0.78 0.78 0.00 0.00 0.00 0.00 002 0.01 000 0.00 000 0.00 000 011 0.17 0.68 0.68 739
QAP. 0.81 0.81 0.82 0.05 0.03 043 041 042 046 003 037 011 065 063 079 0.78 081 0.79 290
QElab. 0.43 0.39 0.42 0.05 0.00 0.00 0.00 000 0.00 000 0.00 000 0.11 0.10 0.05 0.12 0.16 0.17 38
Resu. 0.90 0.90 0.90 038 035 054 050 050 052 030 051 012 049 051 067 073 085 0.85 1765
Sequ. 025 0.29 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 6

\Zili};:: 0.78 0.78 0.78 025 024 034 032 032 033 021 030 009 041 041 057 0.60 072 0.72

Table 14: F1-scores for Llamipa and prompt-based methods on the MSDC corpus, evaluated across all gold relations.
"Support" represents the number of instances per relation in the test data, and discourse relations are abbreviated.
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