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Abstract

Annotated data scarcity has long hindered
progress in dialogue discourse parsing. To fill
this gap, we introduce MIMIC, a framework
for augmenting discourse-annotated corpora
via speaker stylistic transfer using Large Lan-
guage Models (LLMs). MIMIC rephrases ut-
terances while preserving discourse coherence,
using the MASK metric to identify speakers for
replacement that enrich structural diversity and
the MIRROR method to select substitute speak-
ers who have experienced similar discourse in-
teractions. Experimental results on STAC and
Molweni corpora show that parsers trained with
MIMIC-augmented data improve both link pre-
diction and relation classification, with consis-
tent gains for underrepresented discourse pat-
terns and in low-resource scenarios.1

1 Introduction

Discourse parsing in multi-party dialogues under-
pins tasks like action prediction (Chaturvedi et al.,
2024), summarization (Feng et al., 2022), and
dialogue comprehension (Ma et al., 2023), but
progress is slowed by scarce annotated data. Few
discourse-annotated corpora exist, most notably
STAC (Asher et al., 2016) and Molweni (Li et al.,
2020), but their small size and manual annotation
hinder scalability (Zhang et al., 2018).

In this paper, we tackle data scarcity for di-
alogue discourse parsing through dialogue aug-
mentation, a largely unexplored area, particularly
for multi-party and discourse-level tasks (Maha-
jan and Shaikh, 2021). An augmented dialogue
is valid for parser training only if it preserves the
structural annotations of the dialogue it originates
from. The key challenge, therefore, is to gener-
ate dialogues with consistent discourse structures.
To this end, we propose MIMIC (Multi-party
dIalogue augMentation via speaker stylIstiC trans-

1Our code is available at MIMIC.
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Figure 1: Illustration of MIMIC. Dialogues are gen-
erated by identifying structurally rare speakers using
MASK, and rephrasing their utterances in the style of
speakers engaged in similar discourse interactions se-
lected via MIRROR.

fer), a framework leveraging LLMs to perform con-
trolled rephrasing of speaker utterances within an-
notated dialogues drawn from existing discourse
parsing corpora. As shown in Figure 1, it com-
prises three steps: (i) selecting a speaker su to
be substituted, (ii) selecting a speaker sx to re-
place su, and (iii) rephrasing su’s utterances in sx’s
style. In the first step, MIMIC identifies the speaker
whose utterances best support augmentation. Fol-
lowing data-balancing principles (Henning et al.,
2023), which advocate augmenting rare patterns
within a dataset, we introduce MASK (Measure
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of Atypical Structural Knowledge), a metric rank-
ing speakers by the rarity of their discourse pat-
terns. Prior work notes two core challenges in dia-
logue parsing (Chi and Rudnicky, 2022; Li et al.,
2023; Cimino et al., 2024): (i) predicting long-
distance links due to the predominance of direct
links in corpora, and (ii) classifying infrequent re-
lation types. Since relation and link distributions
vary across datasets, MASK adapts its rankings ac-
cordingly. For example, in Figure 1, applied to
the STAC corpus, MASK selects John rather than
Mily because John participates in rare Explana-
tion relations (≈4% in STAC) and links of distance
five (≈3% in STAC), while Mily’s utterances fall
into common Question-Answer relations (≈24% in
STAC) and direct links (≈56% in STAC).

Once a suitable speaker has been selected, in
MIMIC second step such speaker’s utterances are
rephrased while preserving the original discourse
relations. Existing dialogue augmentation methods
rely on direct LLM rephrasing (Mehri et al., 2022;
Chen et al., 2024), but LLMs struggle with rhetor-
ical relations (Fan et al., 2024), potentially yield-
ing paraphrases that distort original structures. To

mitigate this, we propose MIRROR (Modeling
Interlocutor Roles and Relational OveRlap), which
identifies speakers with similar discourse patterns
to serve as stylistic substitutes. Their dialogue his-
tories guide the LLM to preserve relations, e.g.,
using Mark instead of Julia when rephrasing John’s
explanatory and elaborative utterances in Figure 1.

Finally, inspired by personalized dialogue sys-
tems that adapt to styles from dialogue histories
rather than fixed personas (Ma et al., 2021; Qian
et al., 2021; Lu et al., 2023; Cheng et al., 2024), we
instruct the LLM to rephrase utterances based on
the selected substitute speaker’s history. This yields
utterances that are both contextually grounded and
stylistically aligned, enriching training data diver-
sity while maintaining discourse structure2.

To validate MIMIC, we conduct experiments on
the STAC and Molweni corpora, evaluating two dis-
course parsers (Chi and Rudnicky, 2022; Fan et al.,
2022) trained on the synthetically generated data.
The results indicate that MIMIC enhances parser
performance, yielding improvements of up to 3.7%
in structure prediction and up to 8.2% in full pars-
ing relative to parsers trained on the original cor-
pora. Furthermore, MIMIC surpasses both speaker-
and discourse-aware generation methods.

2Appendix J shows examples of augmented utterances.

2 Related Work

Dialogue and Parsing Augmentation via LLMs
Latest dialogue augmentation advances use LLMs
to generate synthetic data, boosting performance
by synthesizing corpora from seed dialogues (Chen
et al., 2022; Zheng et al., 2023). Systems like
DIALOGIC (Li et al., 2022) and LAD (Mehri
et al., 2022) target task-oriented exchanges, while
SDA (Liu et al., 2024) and CONVAUG (Chen
et al., 2024) aim to diversify open-domain and
information-seeking dialogues. These methods
generate fluent but dyadic conversations, strug-
gling with multi-party dialogue, where overlapping
turns, distributed discourse, and role diversity hin-
der discourse-level tasks such as parsing, which
require structural coherence.

Recent work has applied LLMs to parsing. For
example, Zhang et al. (2025) showed that LLMs
can synthesize phrase structures for constituency
parsing by manipulating existing subtrees, yielding
diverse examples that improve cross-domain perfor-
mance. In contrast, MIMIC targets parsing in multi-
party dialogues, augmenting data for discourse-
level rather than sentence-level analysis.
Persona-based Dialogue Generation Early ap-
proaches used explicit persona profiles to enforce
consistent traits, e.g., Zhang et al. (2018) integrated
structured persona data for identity-consistent re-
sponses. Later work embedded persona attributes
directly into LLMs to enhance stylistic and behav-
ioral fidelity (Shea and Yu, 2023; Jandaghi et al.,
2024). However, explicit profiles are hard to main-
tain, as they require detailed user data (Zhao et al.,
2024), and being static, they face cold-start issues
and miss evolving behaviors (Gu et al., 2021). Re-
cent studies instead leverage speaker dialogue his-
tories to dynamically model user style (Ma et al.,
2021; Zhong et al., 2022; Lu et al., 2023; Cheng
et al., 2024). Building on this, MIMIC uses dia-
logue history to synthesize multi-party dialogues,
rewriting utterances in alternative speakers’ styles
while preserving discourse coherence and structure.

Recent work generated dialogues via personas
created by LLMs (Kirstein et al., 2025), asking
the model to define aspects such as tone and style
for each speaker. However, when augmenting dia-
logues for discourse parsing, generic personas hin-
der preserving speaker relations. Using dialogue
histories instead lets the model draw on concrete
examples of speaker behavior, ensuring rephrasings
are contextually coherent and relation-preserving.
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3 Dialogue Infilling for Discourse Parsing

Discourse Parsing Discourse parsing uncovers di-
alogue structure by identifying links between min-
imal textual segments aka Elementary Discourse
Units (EDUs). Let D = (ε1, . . . , εn) be a dialogue
of n EDUs, each attributed to a speaker su ∈ SD,
where SD is the set of participants in D. The goal
is to represent D as a graph G = (V,E, φ), where:

• V = {ε1, . . . , εn} is the set of EDUs.
• E ⊆ V ×V contains links (εk, εi) with 1 ≤ k <
i, in accordance with SDRT’s (Segmented Dis-
course Representation Theory) Turn Constraint
(Afantenos et al., 2015), which disallows back-
ward links. The speaker of εk is referred to as
the initiator, while the speaker of εi is called the
responder. Each EDU must have at least one in-
coming link to ensure rhetorical connectedness.

• φ : E → R maps each edge to a rhetorical
relation in R.

Discourse parsing involves two tasks. Discourse
structure prediction identifies the set of unlabeled
links E, capturing the “naked” graph structure of
the dialogue (Cimino et al., 2024). Full discourse
parsing extends this by assigning each link (εk, εi)
a rhetorical relation rki ∈ R (Fan et al., 2022),
forming triples τp = (εk, εi, rki). The final output
is the full set of labeled triples T =

⋃|E|
p=1 τp.

Dialogue Augmentation as Dialogue Infilling To
enrich discourse parsing corpora, we frame aug-
mentation as a Dialogue Infilling task (Lee and
Berg-Kirkpatrick, 2022).

Let C be a training corpus involving speakers
SC , composed of samples {(Gj ,SGj )}Nj=1, where
Gj = (VGj , TGj ) is a discourse graph and SGj ⊆ SC
the subset of active speakers. We simulate alterna-
tive discourse contributions by replacing the utter-
ances of a speaker su ∈ SGj with style-consistent
paraphrases from another speaker sx ∈ SC \ SGj ,
who appears in other dialogues in C.

We replace all EDUs of su, denoted V su
Gj

=

{εu,1, . . . , εu,m}, with paraphrases V sx
Gj

=

{ε′u,1, . . . , ε′u,m} in sx’s linguistic style. This ex-
tends the original corpus with a new dialogue, cor-
responding to a new graph G′

j = (V ′
Gj
, T ′

Gj
), with

V ′
Gj

= (VGj \ V su
Gj

) ∪ V sx
Gj

and updated triples T ′
Gj

.

Next, we present MIMIC, our dialogue infilling
method for generating structurally consistent dia-
logue variants.

4 MIMIC

The MIMIC pipeline is shown in Figure 2. For an
overview, the process includes: (a) Target Speaker
Selection chooses speaker su based on the rarity
of discourse patterns in their EDUs; (b) Substi-
tute Speaker Selection identifies speaker sx best
positioned to rephrase su, drawing on prior dia-
logues; (c) Interpersonal Relationship Model-
ing captures interpersonal links of participants in
SG who interacted with su; (d) EDU Generation
prompts an LLM to paraphrase su’s EDUs in sx’s
style. The model is guided by discourse-aware ex-
amples to ensure stylistic adaptation; and (e) EDU
Refinement adjusts generated EDUs to preserve
rhetorical relations3. Executing the pipeline dou-
bles the size of the original corpus, while iterative
application allows for arbitrary expansion, enabling
controlled large-scale augmentation4.
Target Speaker Selection To augment an anno-
tated multi-party dialogue via infilling, we first
select a speaker for replacement, prioritizing those
engaged in rare relations and long-distance links to
enhance corpus diversity. This selection is guided
by MASK, a ranking metric that measures speakers’
structural significance.

Given a discourse graph G and a speaker s, let
RG

s ⊆ R be the set of discourse relations that occur
within the set of discourse triples T G

s associated
with s in G. For each r ∈ RG

s , let fGs (r) denote its
frequency in T G

s , and define

pC(r) =

∑
G∈C

∑
(εi,εj ,rij)∈TG

Irij=r

∑
G∈C

|TG |

as the empirical probability of r across the training
corpus C, with I(·) denoting the indicator function.
The relation rarity score for s in G is:

ψG
rel(s) =

1

|T G
s |

∑

r∈RG
s

fGs (r)
pC(r)

The link rarity score reflects the average span of
s’s links:

ψG
lin(s) =

1

|T G
s |

∑

(εi,εj ,rij)∈T G
s

|i− j|

We apply min-max scaling over speakers in G to
both scores, obtaining ψ̃G

rel and ψ̃G
lin. The final se-

lection criterion is defined as:
3The prompt templates for EDU generation and refinement

are presented in Appendix B.
4Appendix H discusses sequential applications of MIMIC.
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Figure 2: Overview of the MIMIC augmentation process on an annotated dialogue from STAC (id pilot21_11).

su = argmax
s∈SG

(
ψ̃G

rel(s) + ψ̃G
lin(s)

)

For example, in Figure 2, all speakers exhibit
links of distance 1; consequently, the selection is
based on the rarity of the relations. Since speaker
s3 participates in a particularly rare relation in STAC
(see Table 5a), i.e., Explanation, it achieves the
highest MASK score and is chosen for replacement.
Notably, although framed for single-speaker substi-
tution, MASK generalizes to multi-speaker replace-
ment by selecting the top-K ranked candidates.
Substitute Speaker Selection Once a speaker
su ∈ SG is selected for replacement in G, MIR-
ROR identifies a substitute sx whose linguistic style
is used to rephrase V su

G . We approximate sx’s style
from past dialogue responses (Ma et al., 2021).
This is feasible because, as Figure 2 shows, each
speaker in corpus C participates in diverse conversa-
tions and relation types, providing sufficient stylis-
tic context. Notably, substitutes are chosen not
for linguistic style similarity with original speak-
ers but for shared discourse functions, increasing
the likelihood of preserving the intended rhetorical
role. Formally, given the set of triples T G

su , MIR-
ROR finds a substitute speaker sx ∈ SC \ SG whose
dialogue history contain relations most similar to
those of su in G, through the following two stages:
• Exact Match Stage: MIRROR first searches for a

speaker who has, for each triple in T G
su , a repre-

sentative5 dialogue history including triples with
5Representativeness is defined by a minimum number of

triples, tuned on a validation set (see Appendix A).

same relations and roles. If multiple speakers
qualify, one is chosen at random to foster di-
versity. For example, to replace s3 in Figure
2, MIRROR selects a speaker whose history in-
cludes triples exhibiting Question-Answer pairs
(QAP) in the responder role, as well as triples
corresponding to Explanation and Continuation
pairs in both the initiator and responder roles.

• Dominance-based Stage: If no speaker meets
the exact match condition, MIRROR applies a
dominance-based strategy that prioritizes cover-
age of relations and roles. In this stage, can-
didates are ranked based on how well their di-
alogue histories reflect the discourse functions
of the target speaker’s utterances. For example,
if no candidate exhibits the QAP, Explanation,
and Continuation relations with their respective
roles to replace s3 in Figure 2, MIMIC selects a
substitute that best approximates these patterns,
ensuring structural consistency even without full
discourse-role alignment. Specifically, each can-
didate s is encoded as a vector vs ∈ N2×|RG

su |,
where v(r,ρ)s counts occurrences of relation r un-
der role ρ ∈ {INITIATOR, RESPONDER}. A par-
tial order over speakers is then defined via vector
dominance: sj dominates sk if v(r,ρ)sj ≥ v

(r,ρ)
sk

∀r ∈ RG
su , ∀ρ ∈ {INITIATOR, RESPONDER}.

The dominance score δ(sj) is the number of can-
didate speakers dominated by sj :

δ(sj) =
∑

sk∈SC\SG

I
(
vsj ⪰ vsk

)
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where ⪰ denotes element-wise comparison.
The substitute speaker is chosen as:

sx = arg max
sj∈SC\SG

δ(sj)

Interpersonal Relationship Modeling Interper-
sonal dynamics significantly shape multi-party di-
alogue (Lee et al., 2025), with initiator–responder
relationships influencing response styles (Wei et al.,
2023). These dynamics affect tone, language, and
behavior (Floyd and Morman, 1997), making their
modeling essential for generating socially and con-
textually appropriate responses.

To guide LLM rephrasing of EDUs for target
speaker su, we enrich the prompt with dialogue
history from each participant sq in G who has in-
teracted with su. Formally, for each triple τ =
(εu, εq, r) or (εq, εu, r) ∈ T G

su , we retrieve struc-
turally similar triples τ = (εk, εq, r) or (εq, εk, r)
from other discourse graphs. For example, when
replacing s3 in Figure 2, prior triples with s2 as a
QAP initiator are included, grounding the prompt
in social interaction patterns.
EDU Generation After establishing the knowledge
for EDU rephrasing, generation proceeds sequen-
tially. At each step, the LLM rephrases an EDU εGu,i
by speaker su using a constrained process, incorpo-
rating all triples from TG where εGu,i acts as initiator
or responder to preserve coherence and maintain
alignment with the surrounding discourse.

Beyond coherence, rhetorical relations are criti-
cal for retaining the original communicative intent.
Thus, each EDU is rephrased with explicit relation
constraints. For example, rephrasing εGj

3,1 in Fig-

ure 2 requires maintaining its QAP link with εGj

2,2

and Explanation link with εGj

3,2.
An independent-based strategy is adopted for

EDU rephrasing, wherein each EDU is generated
exclusively with reference to the corresponding
ground truths. This approach mitigates cascading
errors, though potentially at the cost of inter-EDU
coherence. For comparison, Appendix C reports
the evaluation of an incremental strategy, in which
the rephrasing of each EDU is autoregressively
conditioned on previously generated outputs. Al-
though this strategy should mirror human dialogue
better, independent generation proves more robust
for structure-sensitive tasks like discourse parsing.
EDU Refinement While LLMs can follow human
instructions, hallucinations remain a key challenge
in synthetic data generation (Ding et al., 2024).
Our augmentation approach assumes that discourse

Statistic STAC Molweni1k

#Dialogues 947 1000
#EDUs (min / max / avg) 2 / 105 / 11.04 7 / 14 / 8.78
Avg EDU length (in tokens) 4.73 13.74
#Speakers (min / max / avg) 1 / 6 / 2.99 2 / 8 / 3.54

% of dialogues with ≥ n speakers
≥ 2 speakers 96.3% 100.0%
≥ 3 speakers 72.3% 77.2%
≥ 4 speakers 29.5% 46.6%
≥ 5 speakers 0.8% 21.5%
≥ 6 speakers 0.1% 6.6%
≥ 7 speakers − 2.0%
≥ 8 speakers − 0.3%

Table 1: Statistics for STAC and Molweni1k datasets.

structure, and thus rhetorical links, can be pre-
served. However, due to the fluidity of dialogue,
an alternative response may remain coherent (Ma
et al., 2021) while disrupting the original rhetori-
cal relation, introducing noise6. Inspired by self-
refinement techniques in LLMs (Madaan et al.,
2023), we introduce a refinement step to address
this issue. Specifically, for each relation type r, a
binary classifier ϕr checks if candidate EDU pairs
preserve intended relations. If any fail, an LLM is
first prompted to produce a suggestion for the candi-
date EDU to preserve the relation. This suggestion
is then added to the EDU generation prompt, and
generation is repeated to enhance rhetorical fidelity.

5 Experimental Setup

Datasets We apply MIMIC to two popular dis-
course parsing datasets7: STAC (Asher et al., 2016),
comprising dialogues from the game Settlers of
Catan, and Molweni (Li et al., 2020), based on the
Ubuntu Chat Corpus (Lowe et al., 2015). Given
their limited lexical overlap (Liu and Chen, 2021),
these corpora are ideal for cross-domain testing.

For STAC, we use the split from Shi and Huang
(2019): 947 train, 103 validation, and 109 test di-
alogues. We augmented 943 of the training dia-
logues, excluding 4 that contained missing links,
yielding a total of 1, 890 dialogues. To emulate
a comparable low-resource setting, we randomly
selected and augmented 1, 000 training dialogues
from Molweni, hereafter referred to as Molweni1k, re-
sulting in an augmented dataset consisting of 2, 000
dialogues. We use the original validation and test
splits of the Molweni dataset, each comprising 500
dialogues. Both datasets follow SDRT and have
the same relation types (|R| = 16).
Considered Models For dialogue infilling, we

6Appendix I provides an illustrative example.
7Detailed corpus statistics are presented in Table 1.
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Parser Approach
STAC Molweni

UAS LAS UAS LAS

SDDP

Naïve 73.41± 0.5 57.12± 0.6 79.11± 0.2 54.04± 0.3

Context-free Rephrasing 72.95± 0.8 57.28± 0.5 79.21± 0.3 54.88± 0.2

Persona-based Rephrasing 73.02± 0.3 57.33± 0.4 79.38± 0.2 55.01± 0.2

MIMIC (Ours) 74.41 ± 0.3 58.10 ± 0.3 80.60 ± 0.4 55.75 ± 0.3

DAMT

Naïve 70.57± 0.5 49.66± 0.4 76.75± 0.4 54.15± 0.2

Context-free Rephrasing 71.06± 0.2 51.28± 0.5 77.08± 0.5 54.21± 0.5

Persona-based Rephrasing 71.12± 0.3 51.30± 0.4 77.47± 0.5 54.36± 0.5

MIMIC (Ours) 71.72 ± 0.4 52.34 ± 0.3 79.12 ± 0.4 55.29 ± 0.4

Table 2: Performance of SDDP and DAMT on STAC and Molweni test sets across four training setups. Results are
average UAS/LAS over five runs. Statistical testing using t-tests with Holm-Bonferroni correction (Holm, 1979)
confirmed MIMIC significantly outperforms the others (p < 0.05).

use the 8-bit quantized Llama 3.3 70B model
(Grattafiori et al., 2024) with temperature set to
0 for reproducibility. EDU refinement uses binary
BERT classifiers to predict relations between EDU
pairs split by [SEP], all achieving ≥ 71% accuracy
and ≥ 70% precision on test sets8.
Discourse Parsers and Baselines We chose SOTA
models based on: (a) publicly available code, (b)
strong task performance, and (c) no reliance on
proprietary LLMs for reproducibility. We evalu-
ate two models9: (i) SDDP (Chi and Rudnicky,
2022), using matrix-tree learning and a modified
CLE algorithm (Edmonds et al., 1967) for non-
projective parsing, and (ii) DAMT (Fan et al.,
2022), a distance-aware, multi-task model com-
bining transition- and graph-based methods.

As existing methods generate dialogues with-
out considering discourse relations, we adapt prior
research to discourse parsing to implement three
baselines10 for benchmarking MIMIC. The first,
speaker-level context-free rephrasing, follows ear-
lier work (Mehri et al., 2022; Chen et al., 2024)
by paraphrasing utterances with Llama while omit-
ting speaker cues, isolating fine-grained style trans-
fer from generic effects of diverse paraphrases.
The second, speaker-level persona-based rephras-
ing, extends the work of Kirstein et al. (2025)
by rephrasing utterances in alignment with LLM-
generated personas, using Llama for both persona
construction and rephrasing. The third, dialogue-
level discourse-aware generation, creates new di-
alogues from contextual information (Kim et al.,

8Classifier performance is reported in Appendix D.
9Hyperparameters of the models are listed in Appendix A.

10Baseline approaches are detailed in Appendix E.

2023). Specifically, it leverages discourse relations
derived from annotated graphs in existing corpora
as structural backbones and instructs Llama to gen-
erate dialogues that maintain these relations.
Evaluation Metrics We evaluate parsers with two
metrics: (i) Unlabeled Attachment Score (UAS) for
structure prediction, and (ii) Labeled Attachment
Score (LAS) for full parsing. Following Ma et al.
(2021), we complement automatic metrics with a
human evaluation detailed in Appendix F, showing
that MIMIC rephrasings preserve rhetorical rela-
tions, maintain coherence, and reflect personaliza-
tion through the use of dialogue histories.

6 Experimental Results

We evaluate SDDP and DAMT parsers trained
on original and augmented versions of STAC and
Molweni1k. Evaluation uses the original STAC and
Molweni test sets. Parsers’ score variations from
those reported in prior work, as also noted in (Wang
et al., 2021; Bennis et al., 2023), may stem from
hardware differences. To ensure fairness, all ex-
periments, with and without augmentation, were
executed on the same machine11.
Performance on Discourse Parsing Table 2
presents the performance of SDDP and DAMT
across four training configurations: (i) Naïve, us-
ing only the original corpus; (ii) augmentation
via context-free rephrasing without incorporating
speaker contexts; (iii) augmentation via persona-
based rephrasing; and (iv) augmentation with
MIMIC-generated dialogues12. In each configu-

11A workstation with an NVIDIA RTX 4090 GPU (24GB).
12Appendices G and I provide, respectively, an analysis and

a discussion of the augmented training data.
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Parser Strategy
STAC Molweni

UAS LAS UAS LAS

SDDP

CG 72.54± 0.5 56.99± 0.2 79.01± 0.4 54.26± 0.4

+MA 72.95± 0.8 57.28± 0.5 79.21± 0.3 54.88± 0.2

+MA+MI 73.53± 0.3 57.63± 0.4 79.89± 0.2 55.36± 0.4

+MA+MI+IR 73.72± 0.4 57.76± 0.2 79.99± 0.4 55.43± 0.4

MIMIC 74.41 ± 0.3 58.10 ± 0.3 80.60 ± 0.4 55.75 ± 0.3

DAMT

CG 70.79± 0.4 50.22± 0.6 76.85± 0.5 54.02± 0.5

+MA 71.06± 0.2 51.28± 0.5 77.08± 0.5 54.21± 0.5

+MA+MI 71.39± 0.3 51.70± 0.4 78.01± 0.3 54.68± 0.3

+MA+MI+IR 71.48± 0.2 51.85± 0.4 78.24± 0.3 54.83± 0.3

MIMIC 71.72 ± 0.4 52.34 ± 0.3 79.12 ± 0.4 55.29 ± 0.4

Table 3: Ablation results for SDDP and DAMT trained on augmented datasets.

ration, rephrasing is applied to the utterances of the
top MASK-ranked speaker.

Results show that rephrasing-based augmenta-
tion strategies generally outperforms the Naïve
baseline, though UAS drops for context-free and
persona-based rephrasing with SDDP on STAC.
Among baselines, persona-based performs better
than context-free, highlighting the value of speaker
personalization in the rephrasing process. MIMIC

achieves even stronger results by using dialogue
histories instead of predefined personas. Indeed, al-
though persona-based rephrasing can produce utter-
ances that resemble human-like style, the findings
suggest that predefined personas might be less ef-
fective than concrete examples of how a speaker re-
acts in specific relational contexts. Overall, generic
personas offer limited support for context-sensitive
rephrasing, as the LLM has to depend on broad
traits when reformulating utterances in relationally
grounded situations. In contrast, MIMIC leverages
dialogue histories that are intrinsically tied to the
relational context of the utterances being rephrased,
potentially producing more faithful rewritings.
Ablation Study Table 3 presents the ablation study
evaluating the contribution of each MIMIC com-
ponent. The results suggest that integrating con-
strained generation (CG) with MASK (CG+MA)
outperform CG alone, indicating that selecting
speakers by discourse rarity is better than ran-
dom choice. Further gains come from MIRROR

(CG+MA+MI), which appears to make rephrasing
more effective via stylistic transfer. Adding inter-
personal modeling (CG+MA+MI+IR) continues
this trend, hinting at a potential role of relational
context between participants. The full pipeline
(MIMIC), with EDU-level refinement, further in-

creases both UAS and LAS, showing its impact on
rhetorical accuracy and semantic coherence.
Performance with Multi-speaker Replacement
To further evaluate MIMIC, we test whether pro-
gressively replacing speakers ranked by MASK im-
proves parsing accuracy, as detailed in Table 4. In
STAC (Molweni1k, resp.) only 0.9% (8.9%, resp.) of
dialogues involve ≥ 5 (≥ 6, resp.) speakers, so
these cases were grouped into 4 (5, resp.) speaker
replacements. Since MASK prioritizes structurally
rare speakers, top-ranked ones add richer discourse
patterns, while lower-ranked yield diminishing re-
turns and may add noise. This plausibly explains
why gains plateau after a point: peak accuracy
occurs with three replacements on STAC and four
on Molweni1k, reflecting their differing speaker dis-
tributions (see Table 1). Overall, multi-speaker
replacement outperforms the Naïve baseline, with
SDDP improving +1.9%/ + 2.1% on STAC and
+3.1%/+ 4.6% on Molweni, and DAMT yielding
+3.5%/+ 8.2% on STAC and +3.7%/+ 3.2% on
Molweni (UAS/LAS).
Performance Gains in Relation Prediction We
assess MIMIC’s impact on relation accuracy by
testing whether synthetic dialogues help parsers
predict underrepresented relations. Table 5a shows
relation distributions in STAC and Molweni1k, while
Figure 3 reports per-relation accuracy for SDDP
and DAMT. Results show MIMIC improves accu-
racy on underrepresented relations.

While synthetic dialogues may add noise to fre-
quent relations, as seen in the slight decrease for
Q-Elab in STAC with SDDP, this is not consis-
tent. MIMIC even improves accuracy on common
relations like Comment, QAP, and Clarification-
Question with DAMT on Molweni1k. Overall, both
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Parser #RS
STAC Molweni

UAS LAS UAS LAS

SDDP

1 74.41 ± 0.3 58.10 ± 0.3 80.60 ± 0.4 55.75 ± 0.3

2 74.55 ± 0.4 58.28 ± 0.2 80.89 ± 0.3 55.91 ± 0.4

3 74.80 ± 0.4 58.31 ± 0.2 81.53 ± 0.3 56.11 ± 0.2

4 74.75 ± 0.3 58.27 ± 0.3 81.56 ± 0.2 56.54 ± 0.2

5 − − 81.56 ± 0.3 56.47 ± 0.3

DAMT

1 71.72 ± 0.4 52.34 ± 0.3 79.12 ± 0.4 55.29 ± 0.4

2 72.39 ± 0.3 52.40 ± 0.3 79.30 ± 0.3 55.45 ± 0.2

3 73.01 ± 0.2 53.74 ± 0.3 79.57 ± 0.2 55.61 ± 0.3

4 72.99 ± 0.3 53.68 ± 0.4 79.70 ± 0.3 55.73 ± 0.3

5 − − 79.64 ± 0.3 55.70 ± 0.2

Table 4: Impact of multi-speaker replacement in MIMIC. #RS = # of replaced speakers per dialogue.

ID Relation STAC Molweni1k

0 Comment 16.94 31.38
1 Elaboration 8.57 2.61
2 QAP 23.93 20.01
3 Q-Elab 5.09 3.16
4 Explanation 4.36 1.40
5 Result 3.54 2.61
6 Continuation 9.58 6.43
7 Ack 12.32 3.31
8 Contrast 4.42 1.34
9 Conditional 1.15 1.05

10 Correction 1.91 1.16
11 Background 0.86 0.41
12 Parallel 1.73 0.30
13 Alternation 0.98 0.32
14 Clarification-Question 3.79 24.11
15 Narration 0.83 0.40

(a)

Distance STAC Molweni1k

1 55.81 64.36
2 21.18 21.83
3 10.55 7.49
4 5.15 3.18
5 3.10 1.51

≥ 6 < 1.50 < 1.50

(b)

Table 5: Distribution (%) of relation types (a) and link
distances (b) in original training corpora. No link dis-
tance ≥ 6 reaches 1.50% of the overall distribution.

parsers benefit, with notable gains on underrepre-
sented relations, highlighting MIMIC’s impact on
relation-level parsing.

Performance Gains in Link Prediction Figure 4
indicates that incorporating MIMIC-generated dia-
logues in parser training also improves link predic-
tion, especially for rare links (see Table 5b for link-
distance distributions in STAC and Molweni1k). For
example, SDDP improves on links of lengths 4 and
5 in both datasets and even predicts a long-distance
link of length 13 in STAC. Similarly, DAMT out-
performs the Naïve baseline on links of length 6.

Figure 3: Relation prediction accuracy (%) for SDDP
and DAMT trained with MIMIC, and variation (%) vs.
the Naïve baseline. IDs align with Table 5a. † and ⋄
denote underrepresented relation types (<4%) in STAC
and Molweni1k. Unpredicted relations are omitted.

As with relation prediction, slight drops some-
times occur on frequent links, e.g., length 2 for
SDDP on STAC or length 1 for DAMT on Molweni,
though the trend is inconsistent. MIMIC also boosts
frequent links, such as length 1 for SDDP on STAC
and length 2 for DAMT on Molweni.

Comparison with Unconstrained Generation Ta-
ble 6 shows that LLM-generated synthetic dia-
logues improves UAS over the Naïve baseline (see
Table 2). However, MIMIC attains even greater
improvements. This is likely due to its constrained
rephrasing grounded in authentic speaker styles,
in contrast to the open-ended generation of the
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Parser Approach
STAC Molweni

UAS LAS UAS LAS

SDDP
Dialogue-level Generation 73.71± 0.2 57.69± 0.3 79.73± 0.1 54.41± 0.4

MIMIC (Ours) 74.80 ± 0.4 58.31 ± 0.2 81.56 ± 0.2 56.54 ± 0.2

DAMT
Dialogue-level Generation 71.04± 0.3 51.18± 0.4 77.81± 0.3 54.64± 0.2

MIMIC (Ours) 73.01 ± 0.2 53.74 ± 0.3 79.70 ± 0.3 55.73 ± 0.3

Table 6: Performance of SDDP and DAMT on STAC and Molweni test sets across two training setups. MIMIC
improvements are statistically significant (p < 0.05).

Figure 4: Link prediction accuracy (%) for SDDP and
DAMT trained with MIMIC, and variation (%) vs. the
Naïve baseline. † and ⋄ denote underrepresented dis-
tances (<4%) in STAC and Molweni1k. Unpredicted link
distances are omitted.

dialogue-level approach, which is more prone to
producing hallucinations (Yang et al., 2023).

LAS gains over the Naïve baseline stem from
better prediction of relations like QAP and Com-
ment, highlighting the challenge of dialogue-level
generation, which demands deep understanding of
discourse relations, a known difficulty for LLMs
(Chan et al., 2023; Fan et al., 2024). MIMIC miti-
gates this by rephrasing existing utterances instead
of generating full dialogues, with an EDU refine-
ment step enforcing rhetorical consistency. This
constrained approach preserves discourse structure
more reliably than unconstrained generation.
Incremental Evaluation on Molweni We evaluate
MIMIC on Molweni using an incremental setup that
mirrors real-world augmentation practices. Start-
ing with 1k real dialogues, we add 1k randomly

selected instances up to 9k (the full dataset), gener-
ating an equal number of synthetic dialogues with
MIMIC to double the training set at each step.

Figure 5 reports SDDP and DAMT performance
under Naïve and MIMIC-based training setups.
MIMIC consistently improves UAS/LAS, with
largest gains in low-resource conditions and con-
tinued benefits as data grows. Notably, MIMIC’s
improvements parallel those from adding real data,
showing that (a) discourse parsing remains diffi-
cult even with more gold data, and (b) MIMIC helps
close the gap. In many cases, MIMIC-augmented
setups even outperform larger real-data baselines
(e.g., 2k real + 2k MIMIC > 3k real), confirming
its value as a complement to costly annotations.

Figure 5: Parser performance on Molweni with incre-
mental data augmentation. N = Naïve, M = MIMIC.

7 Conclusion

This paper presents MIMIC, a framework for dia-
logue augmentation in discourse parsing. Across
both STAC and Molweni, parsers trained with MIMIC

consistently outperformed those trained on orig-
inal or alternatively augmented data, achieving
higher accuracy in both structure and relation pre-
diction. Results demonstrate that MIMIC is es-
pecially effective for underrepresented discourse
patterns and in low-resource conditions, showing
that style-informed rephrasings can enrich training
corpora and strengthen parser robustness.
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8 Limitations

The computational complexity of MIMIC stems
from its three components: MASK, MIRROR, and
LLM-based rephrasing. The MASK metric, which
ranks speakers by the rarity of their discourse
relations and link distances, scales linearly with
the number of active speakers in a dialogue, i.e.,
O(|SD|). MIRROR, which identifies stylistically
appropriate substitutes from the corpus, scales with
the number of speakers in the entire dataset, exclud-
ing those in the current dialogue, i.e., O(|SC \SD|).
Although both are theoretically linear, practical
optimizations reduce runtime. For MASK, effi-
ciency improves through precomputing and in-
dexing speaker-level discourse statistics, enabling
constant-time lookups instead of repeated scans.
For MIRROR, clustering speakers by discourse
style or using approximate nearest-neighbor search
(Malkov and Yashunin, 2018) yields sub-linear per-
formance while maintaining substitute quality. The
main computational cost lies in EDU generation
and refinement, which depend on LLM inference
speed. On a Mac Studio (M2 Ultra, 192 GB RAM)
running Llama 3.3 70B (8-bit), rephrasing a single
EDU averages 6 seconds without refinement and
17 seconds with it. This can be mitigated using
optimized inference frameworks such as vLLM13.

The refinement phase in MIMIC utilizes binary
classifiers trained on labeled data to evaluate rhetor-
ical coherence. While their effectiveness may be
limited by the scarcity of annotated examples, ex-
perimental results show that parsers trained on aug-
mented datasets achieve improved performance
even for rare discourse relations. This suggests
that, despite potential noise in classifier predic-
tions, the augmentation mechanism effectively fa-
cilitates their learning. Furthermore, relation clas-
sification remains challenging even for advanced
models such as ChatGPT (Chan et al., 2023; Fan
et al., 2024), indicating that supervised methods
still offer more reliable performance.

Concerns arise regarding the scale of augmenta-
tion. Although MIMIC enables large-scale corpus
expansion, prior work shows that beyond a certain
point additional data may not improve performance
(Longpre et al., 2020) and may even lead to degra-
dation (Okimura et al., 2022). Future work should
therefore focus on assessing and regulating the di-
versity of generated dialogues to avoid redundancy.

The space of speaker substitution combinations
13https://github.com/vllm-project/vllm

in MIMIC is extremely large. Empirical results
show that replacing multiple speakers yields mea-
surable gains, yet the full combinatorial space re-
mains unexplored due to high computational and
resource demands. This space also includes cross-
domain stylistic substitution, where speakers from
different datasets rephrase utterances in the tar-
get corpus. Exploring such cross-domain transfer
could further enhance MIMIC’s generalizability.

Finally, although MIMIC has significantly im-
proved discourse parser performance across bench-
mark datasets, it is important to note that all syn-
thetic data in this study was generated using a
quantized version of the Llama 3.3 70B model.
While quantization provides substantial computa-
tional benefits, it can also limit the model’s expres-
sive capacity and stylistic fidelity. Consequently,
employing more powerful or full-precision LLMs
could further enhance the quality and effectiveness
of MIMIC’s augmentations, highlighting clear op-
portunities for future improvement.

9 Ethical Considerations

MIMIC is a framework for augmenting multi-party
dialogue corpora using speaker stylistic transfer
via LLMs. As with any system generating syn-
thetic data, it raises ethical concerns related to data
provenance, representation, and downstream use.

First, MIMIC operates solely on publicly avail-
able datasets, namely STAC and Molweni, and does
not rely on personally identifiable or sensitive user
data. The framework further avoids predefined
speaker profiles, instead inferring stylistic traits
from the dialogue context, thereby reducing risks
related to profiling and privacy.

Second, while the generation pipeline in-
cludes mechanisms to ensure coherence, such
as discourse-constrained prompting and classifier-
based refinement, synthetic utterances may still
deviate from the intended meaning or introduce in-
appropriate content. This limitation reflects broader
safety concerns in LLM-based generation and mo-
tivates the need for human oversight and post-
generation filtering when using synthetic data.

Finally, although synthetic augmentation can im-
prove model robustness, it may also amplify biases
present in the original corpora. Careful evaluation
of fairness and generalizability, together with trans-
parent reporting of generation settings and failure
cases, is essential for responsible deployment.
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A Implementation Details

In the context of the EDU refinement process, bi-
nary classifiers were individually trained on EDU
pairs corresponding to specific relations from the
training set and evaluated on the respective pairs
from the test set. Training was conducted using
a maximum sequence length of 128, a batch size
of 15, 10 epochs, and a learning rate of 1× 10−5.
Each classifier was applied in accordance with the
relevant discourse relations, with the refinement
process iterated up to two times.

For both EDU generation and refinement,
prompt tuning was conducted using a validation
set. This process involved evaluating the quality of
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rephrased utterances with respect to the linguistic
style of the substitute speaker and the nature of
the underlying interpersonal relationships. Conse-
quently, for each relevant relation considered dur-
ing the augmentation process, up to five discourse
triples were selected.

For the training of SDDP and DAMT, we
largely relied on the hyperparameters specified in
their respective original publications (Chi and Rud-
nicky, 2022; Fan et al., 2022), applying only minor
adjustments to accommodate the newly augmented
corpora. In particular, for DAMT, a batch size
of 180 was used when training on the augmented
STAC dataset. In contrast, SDDP was trained on
the same dataset for 4 epochs with a batch size of
2. When training SDDP on the augmented Molweni
dataset, we employed a batch size of 8 and allo-
cated the initial 5% of training steps for warm-up.

B Prompt Templates

The structured prompt templates supporting the
MIMIC augmentation framework’s generation and
refinement steps are embedded throughout the fol-
lowing discussion. The generation phase begins
with a system prompt that instructs the model
to rephrase Speaker A’s utterance in the style of
Speaker B, ensuring that both discourse coherence
and interactional intent are preserved:

EDU Generation - System Prompt

You are an advanced assistant specializing
in transforming dialogues while preserving
the coherence of discourse relations. You
will be provided with a structured dialogue
where speaker A’s utterances interact with
one or more other speakers, creating
multiple discourse relations.

Your task is to rephrase a specific
utterance from speaker A according to the
linguistic style of speaker B while also
considering the speaking tendencies of the
other participants in the dialogue.

Your primary objectives are:
• Rephrase speaker A’s utterance using
speaker B’s typical language patterns,
ensuring that speaker B’s linguistic
style is preserved.

• The utterance should be rewritten
based on examples of speaker B’s past
interactions.

• Maintain all discourse relations
involving the rephrased utterance. If
speaker A’s utterance is part of multiple
relations, ensure the rewritten version
satisfies all of them.

• If linguistic tendencies of the other
speakers are provided, take them into

account to ensure the rephrased utterance
fits naturally within the broader
conversational dynamics. Otherwise,
focus solely on speaker B’s past
interactions.

• Ensure that the logical coherence
and meaning of the conversation are
preserved.

You will be provided with:
• The original dialogue, including all
relevant interactions, where one specific
utterance by speaker A needs to be
rephrased.

• Examples of speaker B’s past interactions
categorized by discourse relation type.

• (Optional) Examples of how the other
speakers in the dialogue typically
communicate, to account for their
linguistic tendencies.

For each relation type, a brief explanation
is provided to help you preserve its
meaning:
{Relation Explanations}

This is followed by a user prompt that supplies
the dialogue context and stylistic examples to guide
the model in producing an accurate rephrasing:

EDU Generation - User Prompt

Here is a structured dialogue where
speaker A’s utterance needs to be rephrased
according to the linguistic style of
speaker B. Ensure that speaker B’s
rewritten utterance matches the provided
examples of their past interactions and
preserves all discourse relations in the
original dialogue.

If examples of the linguistic tendencies
of the other speakers are provided, ensure
the rephrased utterance also aligns with
these interactional nuances. If not, focus
solely on reproducing speaker B’s style.

Speaker A’s Original Dialogue:
{Speaker A’s Discourse Relations}

Speaker B’s Dialogue History:
{Speaker B’s Dialogue History}

Interpersonal Relationships:
{Other Speakers’ Dialogue History}

Please rephrase the {Speaker A’s Utterance}
while ensuring that:
• Speaker B’s linguistic style is
maintained.

• All discourse relations in the original
dialogue remain intact.

• The relational and interpersonal dynamics
in the dialogue are preserved when
possible.

Generate only the rephrased utterance,
without any explanation or reasoning.

The process then transitions to refinement. A
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dedicated system prompt prompts the model to
identify potential disruptions in rhetorical relations
within the rephrased EDU and to propose high-
level suggestions for improvement:

EDU Refinement - System Prompt

You are an expert in understanding why a
rephrased utterance no longer satisfies the
{Relation Type} relation when compared to
another utterance.

The {Relation Type} relation is defined as
follows:
{Relation Explanation}

Given the original pair of utterances that
previously satisfied this relation, one
of the utterances has now been rephrased.
Your task is to provide high-level guidance
on how the rephrased utterance should be
adjusted to restore the relation, without
providing a specific rephrasing. The
suggestion should focus on the key aspects
that need to be preserved or modified in
the rephrased utterance to ensure it aligns
with the original utterance in terms of the
defined relation.

This is paired with a user prompt that presents
both the original and rephrased utterances, asking
the model to offer revisions that enhance alignment
while retaining meaning:

EDU Refinement - User Prompt

You are given the following inputs:
• {Original Utterance 1}
• {Original Utterance 2}
• {Relation Type}
• {Rephrased Utterance}
The rephrased utterance is a modified
version of {Original Utterance 1}, and it
no longer satisfies the given relation with
{Original Utterance 2}. Your task is to
generate a high-level suggestion on how
{Rephrased Utterance} can be improved to
restore the relation {Relation Type} with
{Original Utterance 2}.

Here’s what you need to do:
• Analyze the two original utterances and
understand the relation {Relation Type}
between them.

• Examine {Rephrased Utterance} and
determine why it no longer satisfies the
relation with {Original Utterance 2}.

• Provide a high-level suggestion on how
{Rephrased Utterance} can be modified
to restore the relation. Focus on the
key aspects that need to be preserved
or modified in {Rephrased Utterance} to
ensure it aligns with {Original Utterance
2} according to the given relation.

Do not generate a new rephrased utterance,
nor reference the current one in your
output. Instead, provide concise,

one-sentence guidance on how the rephrasing
should be approached.

Collectively, these templates embody the frame-
work’s emphasis on preserving rhetorical co-
herence and speaker-specific interaction patterns
across the augmentation pipeline. The discourse
relations referenced in these prompts are detailed
in Table 7.

C Comparison of EDU Generation
Strategies

A key design consideration in the MIMIC frame-
work concerns the strategy for generating EDUs.
While the main experiments adopt an independent
(IND) approach—where each EDU is rephrased in
isolation using gold-standard context—it is also
natural to consider an incremental (INC) alternative
that conditions each generation step on previously
produced outputs.

Table 8 reports the results of this comparison.
The IND strategy yields consistently superior per-
formance compared to INC, irrespective of the
parser or dataset. The gap stems from context han-
dling: INC conditions each EDU on previously
generated ones, improving local fluency but risk-
ing error accumulation that harms coherence. IND

avoids this by generating each EDU in isolation,
relying on gold context, thus reducing cascading
errors and producing more structurally sound out-
put. These observations carry important practical
implications. While INC should better mirrors hu-
man conversational patterns, results suggest that for
structure-sensitive tasks like discourse parsing, ro-
bustness outweighs realism. IND generation seems
therefore better suited for augmentation, especially
in structurally complex settings.

D Performance Evaluation of Relation
Classification Models

Tables 9 and 10 show the results of the BERT-based
classifiers used for relation classification in EDU
refinement on the STAC and Molweni corpora, respec-
tively. The classifiers were trained on the complete
STAC corpus and the Molweni1k subset of the Molweni
corpus. As shown, all classifiers achieve a mini-
mum accuracy of 71%, with precision not falling
below 70%, demonstrating their potential for vali-
dating relations between EDU pairs. The variations
in performance observed can be attributed to the
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Relation Description

Comment A Comment relation typically indicates that one utterance provides a comment or opinion on
the content of another utterance. It shows a speaker’s perspective or evaluation of the preceding
statement.

Clarification-Question In a Clarification-Question relation, one utterance poses a question seeking clarification or ad-
ditional information about the content of another utterance. It implies a request for further
explanation.

Elaboration An Elaboration relation signifies that one utterance expands upon or provides more details about the
content of another utterance. It is used to enhance understanding by offering additional information
or context.

Acknowledgment An Acknowledgment relation indicates that one utterance acknowledges or recognizes the content
of another utterance. It signifies that the speaker has taken note of what was said.

Continuation A Continuation relation suggests that one utterance continues the topic or discussion from a
previous utterance. It signifies a logical progression in the conversation.

Explanation An Explanation relation pertains to one utterance offering an explanation or clarification in response
to a question or confusion expressed in another utterance. It aids in providing clarity.

Conditional A Conditional relation implies that one utterance presents a condition or hypothetical scenario
related to the content of another utterance. It often involves “if-then” statements.

Question-Answer A Question-Answer relation indicates that one utterance contains a question, and another utterance
immediately follows with an answer to that question. It demonstrates a direct question-and-answer
interaction.

Alternation An Alternation relation shows that two utterances present alternative options or choices. It is used
when discussing multiple possibilities or courses of action.

Q-Elab A Q-Elab relation signifies that one utterance asks a question, and another utterance follows with
an elaboration or further explanation of the question or its context.

Result A Result relation indicates that one utterance discusses the outcome or consequence of the content
presented in another utterance. It shows a cause-and-effect relation.

Background In a Background relation, one utterance provides background information or context that is relevant
to the content of another utterance. It helps set the stage for the discussion.

Narration A Narration relation holds when the main eventualities of two utterances occur in sequence.
Correction A Correction relation shows that one utterance corrects or revises the content of another utterance.

It is used to rectify errors or inaccuracies.
Parallel A Parallel relation occurs when two or more utterances share similar or related content, often in a

parallel or analogous manner. It emphasizes similarities or comparisons.
Contrast A Contrast relation signifies that one utterance presents content that is in contrast or opposition to

the content of another utterance. It highlights differences or contradictions in the conversation.

Table 7: Descriptions of discourse relations in STAC and Molweni corpora.

Parser Approach
STAC Molweni

UAS LAS UAS LAS

SDDP
MIMICINC 72.22± 0.3 57.28± 0.2 79.74± 0.4 55.11± 0.3

MIMICIND 74.41 ± 0.3 58.10 ± 0.3 80.60 ± 0.4 55.75 ± 0.3

DAMT
MIMICINC 71.09± 0.3 51.49± 0.3 78.02± 0.3 54.68± 0.4

MIMICIND 71.72 ± 0.4 52.34 ± 0.3 79.12 ± 0.4 55.29 ± 0.4

Table 8: Performance of SDDP and DAMT on STAC
and Molweni test sets across Incremental (INC) and In-
dependent (IND) strategies.

differing amounts of training pairs available for
each relation type.

E Baseline Approaches

To assess the effectiveness of our proposed aug-
mentation strategy, we compare it against three
baseline approaches that differ in their use of
speaker and discourse information: (i) Speaker-

Level Context-Free Rephrasing, (ii) Speaker-Level
Persona-Based Rephrasing, and (iii) Dialogue-
Level Discourse-Aware Generation.
Speaker-Level Context-Free Rephrasing This
baseline is designed to evaluate whether using the
dialogue history of a target speaker yields better
rephrasings than context-free paraphrasing. Specif-
ically, it generates a reformulation of each utter-
ance without accounting for speaker interaction
patterns. The model receives the utterance along
with its associated discourse relations and produces
a rephrased version intended to preserve the origi-
nal semantic content and relational coherence.

Context-Free Rephrasing - System Prompt

You are an advanced assistant specializing
in transforming dialogues while preserving
the coherence of discourse relations. You
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Metric (%)
Relation

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Accuracy 83 83 93 87 81 73 77 89 73 89 71 92 87 92 89 77
Precision 88 86 93 86 79 72 79 85 75 82 74 86 82 86 96 89
Recall 77 78 94 88 84 75 75 95 72 100 71 100 93 100 82 74
F1-score 82 82 93 87 82 73 77 90 73 90 72 92 87 92 88 81

Table 9: Performance metrics of BERT-based classifiers for each relation type on STAC. The relation IDs correspond
to those listed in Table 5a.

Metric (%)
Relation

0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Accuracy 71 75 89 79 73 81 71 87 80 86 73 81 83 78 89 75
Precision 72 73 89 79 76 83 71 88 78 84 73 86 79 86 92 70
Recall 70 78 88 79 71 78 84 87 84 89 72 75 92 74 86 88
F1-score 71 75 88 79 74 80 77 87 81 86 72 80 85 80 89 78

Table 10: Performance metrics of BERT-based classifiers for each relation type on Molweni. The relation IDs
correspond to those listed in Table 5a.

will be provided with a structured dialogue
where speaker A’s utterances interact with
one or more other speakers, creating
multiple discourse relations.

Your task is to rephrase a designated
utterance from Speaker A in such a way
that all discourse relations connected to
this utterance remain intact, ensuring the
original meaning is preserved while the
phrasing is altered.

For each relation type, a brief explanation
is provided to help you preserve its
meaning:
{Relation Explanations}

Context-Free Rephrasing - User Prompt

Here is a structured dialogue where speaker
A’s utterance {Speaker A’s Utterance}
needs to be rephrased. Ensure that the
rephrased utterance preserves all discourse
relations.

Speaker A’s Original Dialogue:
{Speaker A’s Discourse Relations}

Generate only the rephrased utterance,
without any explanation or reasoning.

Speaker-Level Persona-Based Rephrasing This
baseline extends context-free rephrasing by in-
corporating LLM-generated speaker personas to
guide the reformulation of utterances. The ob-
jective is to evaluate whether rephrasings guided
by generic personas, rather than treated as neutral
paraphrases, offer improvements in coherence and

relation-preserving, and to compare these gains
against MIMIC, which instead grounds rephras-
ings in dialogue histories. The process unfolds
in two stages. First, a persona generation step cre-
ates a structured personality profile for each tar-
get speaker. Separate prompts were designed for
the two domains considered: for STAC, the per-
sona describes communication traits of a Catan
player (e.g., competitive tone, negotiation style, ar-
gument structure), while for Molweni, it captures
interactional patterns of a participant in Ubuntu-
related technical discussions (e.g., cooperative trou-
bleshooting style, choice of technical language).
Each persona is represented across five dimensions
(Kirstein et al., 2025): Tone, Language, Communi-
cation, Structure, and Other, ensuring a systematic
description of speaker behavior. Second, a persona-
based rephrasing step uses these generated traits to
guide the rewriting of target utterances. The sys-
tem prompt specifies that the LLM must produce
a rephrasing that simultaneously (i) preserves all
annotated discourse relations, (ii) maintains the
original semantic intent, and (iii) reflects the stylis-
tic attributes encoded in the provided persona. The
user prompt then delivers the structured dialogue
context, the utterance to be rephrased, and the cor-
responding persona traits, instructing the model to
output the rephrased utterance.
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STAC Persona Generation - System Prompt

You are a persona generator for
role-playing tasks.
Your goal is to create a coherent
personality profile for a player in the
board game Catan.
Catan is a strategic board game where
players compete to build settlements,
roads, and cities using five types of
resources: wheat, wood, ore, brick, and
sheep. Players collect resources based on
dice rolls, trade with one another, and may
use the robber to block opponents.
Focus on how the player communicates and
interacts during the game, considering
actions like trading, negotiating, and
strategic planning. Output the persona
structured into the following five
categories:
• Tone: emotional tone in speech
(e.g., enthusiastic, sarcastic, calm,
competitive).

• Language: choice of words and expressions
(e.g., formal, slangy, diplomatic,
blunt).

• Communication: typical interaction
style (e.g., persuasive, confrontational,
cooperative, secretive).

• Structure: how sentences and arguments
are organized (e.g., short and
direct, long and elaborate, logical
step-by-step).

• Other: any additional quirks or habits in
communication (e.g., often jokes, tends
to repeat themselves, uses metaphors,
impatient interruptions).

STAC Persona Generation - User Prompt

Generate a persona for a Catan player.
Describe how this player typically speaks
and interacts during the game.
Output only a list containing the 5
personality traits categories: Tone,
Language, Communication, Structure, Other.
For each category, provide a description of
the player’s style.
Do not include any additional text or
explanations outside of this list.

Molweni Persona Generation - System
Prompt

You are a persona generator for
role-playing tasks.
Your goal is to create a coherent
personality profile for a participant in
Ubuntu-related conversations.
Ubuntu is a Linux-based operating system.
The dialogues take place between users
discussing technical issues, sharing
solutions, and offering advice related to
system usage and configuration.
Focus on how the participant communicates
and interacts during discussions,

considering behaviors like asking for help,
providing guidance, debating solutions,
and troubleshooting collaboratively.
Output the persona structured into the
following five categories:
• Tone: emotional tone in speech
(e.g., enthusiastic, sarcastic, calm,
competitive).

• Language: choice of words and expressions
(e.g., formal, slangy, diplomatic,
blunt).

• Communication: typical interaction
style (e.g., persuasive, confrontational,
cooperative, secretive).

• Structure: how sentences and arguments
are organized (e.g., short and
direct, long and elaborate, logical
step-by-step).

• Other: any additional quirks or habits in
communication (e.g., often jokes, tends
to repeat themselves, uses metaphors,
impatient interruptions).

Molweni Persona Generation - User Prompt

Generate a persona for a participant in
Ubuntu-related conversations.
Describe how this participant typically
speaks and interacts during discussions
about system usage, troubleshooting, and
configuration.
Output only a list containing the 5
personality traits categories: Tone,
Language, Communication, Structure, Other.
For each category, provide a description of
the player’s style.
Do not include any additional text or
explanations outside of this list.

Persona-Based Rephrasing - System Prompt

You are an advanced assistant specializing
in transforming dialogues while preserving
the coherence of discourse relations.
You will be provided with a structured
dialogue where speaker A’s utterances
interact with one or more other speakers,
creating multiple discourse relations,
accompanied by a list of personality traits
to inform the rephrasing of a single
utterance from Speaker A.
Your task is to rephrase a designated
utterance from Speaker A in such a way that:
• All discourse relations connected to this
utterance remain intact.

• The original meaning is preserved.
• The utterance reflects the provided
personality traits.

For each relation type, a brief explanation
is provided to help you preserve its
meaning:
{Relation Explanations}

2710



Persona-Based Rephrasing - User Prompt

Here is a structured dialogue where speaker
A’s utterance {Speaker A’s Utterance} needs
to be rephrased. Ensure that the rephrased
utterance preserves all discourse relations
and reflects the provided personality
traits.

Speaker A’s Original Dialogue:
{Speaker A’s Discourse Relations}

Personality Traits:
{Personality Traits}

Generate only the rephrased utterance,
without any explanation or reasoning.

Dialogue-Level Discourse-Aware Generation
This baseline constructs full dialogues from scratch,
conditioned on a set of predefined rhetorical rela-
tions between EDUs. This approach aims to en-
sure global coherence by aligning the generated
content with a discourse graph and maintaining
a consistent interaction flow among participants.
The objective is to evaluate whether generating en-
tire dialogues conditioned on existing discourse
structures—rather than rephrasing utterances as in
MIMIC—can effectively preserve coherence and
relational accuracy, thereby assessing the impact
of unconstrained generation in dialogue discourse
parsing. Prompts include background information
about the dialogue domain (e.g., board gameplay
for STAC or technical discussion for Molweni), the
list of relevant discourse relation definitions, and
the number of distinct speakers.

STAC Dialogue Generation - System
Prompt

You are an advanced assistant specialized
in generating realistic and coherent
conversations between players during a game
of Catan.
Catan is a strategic board game where
players compete to build settlements,
roads, and cities using five types of
resources: wheat, wood, ore, brick, and
sheep. Players collect resources based on
dice rolls, trade with one another, and may
use the robber to block opponents.
You will be given a list of discourse
relations between fictional Elementary
Discourse Units (EDUs). Each EDU is a
short utterance spoken by a player during
gameplay.
Each dialogue you generate must:
• Take place within the context of a Catan
game.

• Involve exactly {Number of Speakers}
players.

• Respect the discourse relations provided,
which define how the EDUs are logically
or rhetorically connected.

Guidelines:
• Invent the content of each EDU using
natural and realistic language.

• The EDUs should reflect typical
interactions in Catan, such as proposing
trades, responding to dice outcomes,
blocking with the robber, building, or
reacting to others’ actions.

• Assign each EDU to one of the fictional
players (e.g., Alice, Bob, Clara, etc.).

Here are the types of discourse relations
that will appear in the current dialogue:
{Relation Explanations}

STAC Dialogue Generation - User Prompt

Below is a list of discourse relations
between EDUs in a fictional dialogue
between players during a game of Catan.
Each relation connects two EDUs, indicating
how one relates to the other (e.g., comment,
explanation, question-answer, etc.).
Your task is to generate the content of
each EDU (EDU0, EDU1, EDU2, ...) so that:
• The conversation reflects typical player
interaction in Catan.

• The rhetorical/discourse structure
aligns with the relations.

• The flow of the conversation is coherent
and natural.

Return the output in the following format:
“edus”: [“speaker”: “...”, “text”: “...”,
“speechturn”: 0, “speaker”: “...”, “text”:
“...”, “speechturn”: 1,
...]
Here are the discourse relations to follow:
{Relations}

Molweni Dialogue Generation - System
Prompt

You are an advanced assistant specialized
in generating realistic and coherent
conversations between users discussing
topics related to Ubuntu.
Ubuntu is a Linux-based operating system.
The dialogues take place between users
discussing technical issues, sharing
solutions, and offering advice related to
system usage and configuration.
You will be given a list of discourse
relations between fictional Elementary
Discourse Units (EDUs). Each EDU is a
short utterance spoken by a user during
the discussion.
Each dialogue you generate must:
• Take place within the context of a
discussion about Ubuntu.

• Involve exactly {Number of Speakers}
users.

• Respect the discourse relations provided,
which define how the EDUs are logically
or rhetorically connected.
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Guidelines:
• Invent the content of each EDU using
natural and realistic language.

• The EDUs should reflect typical
interactions in Ubuntu-related
discussions, such as asking for
technical help, offering solutions,
reporting issues, suggesting commands,
or reacting to others’ suggestions.

• Assign each EDU to one of the fictional
users (e.g., Alice, Bob, Clara, etc.).

Here are the types of discourse relations
that will appear in the current dialogue:
{Relation Explanations}

Molweni Dialogue Generation - User
Prompt

Below is a list of discourse relations
between EDUs in a fictional dialogue
between users discussing Ubuntu.
Each relation connects two EDUs, indicating
how one relates to the other (e.g., comment,
explanation, question-answer, etc.).
Your task is to generate the content of
each EDU (EDU0, EDU1, EDU2, ...) so that:
• The conversation reflects typical
user interaction in Ubuntu-related
discussions.

• The rhetorical/discourse structure
aligns with the relations.

• The flow of the conversation is coherent
and natural.

Return the output in the following format:
“edus”: [“speaker”: “...”, “text”: “...”,
“speechturn”: 0, “speaker”: “...”, “text”:
“...”, “speechturn”: 1,
...]
Here are the discourse relations to follow:
{Relations}

F Human Evaluation

We conducted a human evaluation of rephrased
utterances, equally sampled from STAC and Molweni.
A total of 100 dialogues (50 from each dataset)
were assessed.
Annotators Three researchers, all fluent in English
and with backgrounds in computer science and dis-
course parsing, served as annotators. Each had
prior familiarity with SDRT. To ensure reliable
judgments across datasets, the annotators received
additional preparation: they were introduced to the
rules and objectives of the Settlers of Catan game
for STAC, while their technical expertise facilitated
accurate assessment of Molweni. The tasks were
carried out during regular working hours without
specific monetary compensation. Annotators re-
quired on average 3–4 minutes per STAC dialogue
and 5–7 minutes per Molweni dialogue, with the
longer EDUs in Molweni accounting for the addi-

tional time.
Annotation procedure For each dialogue, annota-
tors were presented with (i) the original dialogue
with a missing utterance, (ii) the generated filler,
(iii) the rhetorical relations to be preserved, and
(iv) the substitute speaker’s dialogue history.
Evaluation criteria Dialogues were rated along
three dimensions:

• Coherence — how well the generated utter-
ance fits the dialogue context (1 = not coher-
ent, 2 = partially coherent, 3 = fully coherent).

• Intentionality — the extent to which rhetorical
relations are preserved (1 = none, 2 = partial,
3 = full preservation).

• Personalization (Ma et al., 2021) — whether
the utterance reflects the substitute speaker’s
stylistic traits (e.g., lexical choices, modality),
scored 0 for not personalized and 1 for person-
alized.

Results Table 11 presents the results of the human
evaluation conducted on STAC and Molweni. The
three augmentation approaches plausibly reflect
distinct strengths depending on the dataset charac-
teristics. In STAC, where utterances are typically
short and fragmentary, context-free rephrasing of-
ten produces less coherent outputs. Persona-based
rephrasing offers moderate improvements by intro-
ducing stylistic markers that contribute to textual
coherence. MIMIC attains the highest scores in this
setting: by leveraging dialogue history and refining
EDUs, it more effectively maintains rhetorical flow.
Annotators even rated some MIMIC outputs more
effective than gold utterances in conveying rhetor-
ical relations, likely due to EDU refinement en-
forcing rhetorical fidelity. In Molweni, where utter-
ances are generally longer and more self-contained,
rhetorical cues remain explicit even without dia-
logue history. This likely accounts for the ability
of context-free rephrasing to reach intentionality
levels slightly higher than the other approaches.
Nevertheless, MIMIC still improves coherence by
grounding generation in prior speaker responses,
which plausibly explains its superior performance.

Across both datasets, annotators frequently
noted authentic personalization, showing MIMIC’s
gains stem not just from paraphrase diversity but
from genuine stylistic transfer.
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Approach
STAC Molweni

C I P C I P

MIMIC (Ours) 2.79 2.91 0.85 2.77 2.71 0.80
Context-free Rephrasing 2.51 2.61 N/A 2.74 2.76 N/A
Persona-based Rephrasing 2.60 2.68 N/A 2.74 2.70 N/A

Ground-Truth 2.83 2.87 N/A 2.83 2.75 N/A

Table 11: Human evaluation results. C: Coherence; I:
Intentionality; P: Personalization. Fleiss Kappa scores:
C=0.57, I=0.64, P=0.48 for STAC; C=0.43, I=0.50,
P=0.73 for Molweni. All Fleiss Kappa scores (≥ 0.43)
indicate substantial inter-annotator agreement.

G Effect of Data Quantity and Quality

To evaluate the impact of both the quality and quan-
tity of augmented data on parser performance, we
conduct an analysis varying these two factors. For
quantity, the augmented dialogues are randomly
partitioned into three equally sized subsets: the
943 dialogues in STAC are split into three subsets,
as are the 9, 000 dialogues in Molweni. For qual-
ity, we modify a small, fixed number of turns per
dialogue, following prior shuffling and perturba-
tion approaches applied to the same datasets (Li
et al., 2023). Specifically, one sentence is replaced
in dialogues with fewer than five EDUs, two sen-
tences for dialogues containing six to nine EDUs,
and three sentences for dialogues exceeding ten
EDUs. Three levels of quality are considered: (i)
low, in which selected utterances are randomly re-
placed with utterances from other dialogues; (ii)
medium, in which selected utterances are randomly
replaced with utterances drawn from those hav-
ing a similarity score above 0.6, derived from co-
sine similarity applied to sentence embeddings ob-
tained via the SentenceBERT model (Reimers and
Gurevych, 2019); and (iii) high, where the original
dialogues generated by MIMIC are retained. The
first two configurations simulate potential halluci-
nation scenarios that may occur with LLMs: in the
low-quality setting, the replacement utterance may
be entirely inconsistent with the dialogue context,
while in the medium-quality setting, the replace-
ment utterance may partially align with the context
but may not be fully coherent.

Figures 6 and 7 present the results of the analysis
for DAMT and SDDP, respectively. In these fig-
ures, the size of each circle corresponds to the UAS
or LAS score obtained for a specific combination
of augmented data quantity and quality, combined
with the original corpora for parser training. Larger
circles indicate higher UAS/LAS scores. As we
can see, data quality exerts a decisive influence on

both UAS and LAS. For each level of data quan-
tity, optimal performance is consistently observed
under the high-quality setting, in which the origi-
nal MIMIC-generated dialogues are preserved with-
out perturbations. Furthermore, a monotonic trend
emerges with respect to data quantity: increasing
the volume of MIMIC-generated data invariably
results in higher UAS and LAS values.

In the low- and medium-quality settings, dis-
tinct trends emerge for UAS and LAS. Even when
parsers are trained on augmented data containing
partially incoherent EDUs, increasing the num-
ber of dialogues generally leads to improved UAS
scores, indicating that larger training samples pos-
itively affect structure prediction. Conversely, as
the number of dialogues with incoherent EDUs
(and thus erroneous rhetorical relations) increases,
parser performance on LAS either declines or re-
mains stable. This divergence indicates that, while
structure prediction is relatively robust to certain
levels of noise, relation classification is more sensi-
tive to data fidelity.

Overall, these results suggest that expanding
the number of dialogues can enhance parser per-
formance on structure prediction, even under
hallucination-like conditions introduced by low-
and medium-quality samples. In contrast, substan-
tial improvements in the full parsing task require
higher-quality data that more effectively preserve
rhetorical consistency between EDUs.

Figure 6: DAMT parser performance with varying
quantities and qualities of augmented data. Circle size
corresponds to UAS/LAS scores. Larger circles corre-
spond to higher scores.
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Figure 7: SDDP parser performance with varying quan-
tities and qualities of augmented data. Circle size corre-
sponds to UAS/LAS scores. Larger circles correspond
to higher scores.

Parser Approach
STAC Molweni

UAS LAS UAS LAS

SDDP
MIMIC1 74.80 ± 0.4 58.31 ± 0.2 81.56± 0.2 56.54± 0.2

MIMIC2 74.45± 0.4 58.17± 0.5 81.84 ± 0.3 56.71 ± 0.4

MIMIC3 74.12± 0.3 57.89± 0.4 81.27± 0.3 56.40± 0.5

DAMT
MIMIC1 73.01 ± 0.2 53.74 ± 0.3 79.70± 0.3 55.73± 0.3

MIMIC2 72.84± 0.3 53.38± 0.4 79.85 ± 0.2 56.06 ± 0.4

MIMIC3 72.76± 0.4 52.98± 0.3 78.99± 0.5 55.51± 0.4

Table 12: Impact of progressively expanded training
data on discourse parsing performance (UAS/LAS) for
SDDP and DAMT across STAC and Molweni.

H Sequential Dialogue Augmentation

In the previous experiments, we applied MIMIC

to augment discourse corpora by doubling their
size. However, the framework naturally extends to
large-scale, iterative augmentation.

Let C1
M denote the set of n synthetic dialogues

generated by applying MIMIC to a corpus C of size
n. This process replaces speakers in the original di-
alogues with speakers drawn from other dialogues
in C, implicitly creating new dialogue histories that
simulate how these speakers might respond in dif-
ferent situations while retaining their stylistic ten-
dencies. Using these generated histories, MIMIC

can be reapplied to produce a new set of n syn-
thetic dialogues C2

M , synthesizing utterances in C
according to the stylistic distributions in C1

M . More
generally, this supports an iterative augmentation
chain, where each new set Ci

M is produced by ap-
plying MIMIC to C with substitute speakers from
Ci−1
M . This iterative design enables scalable genera-

tion of arbitrarily large synthetic corpora.
Table 12 presents the results achieved by the

SDDP and DAMT parsers when trained on pro-
gressively augmented corpora. In this context,
MIMICi indicates that the parser is trained on the
original corpus augmented with the automatically
generated corpora C1

M , . . . , Ci
M . Compared to train-

ing with MIMIC1, the results show improved per-
formance on Molweni when MIMIC2 is considered,
whereas performance on STAC declines. Instead,
training with MIMIC3 leads to a decrease in per-
formance for both corpora. These results suggest
that successive augmentations may introduce re-
dundancy, leading to diminishing returns. In cor-
pora with relatively homogeneous dialogue con-
texts, such as STAC, where interactions frequently
revolve around repetitive selling and purchasing
scenarios, additional synthetic examples plausibly
tend to replicate existing conversational structures,
producing diminishing returns. Conversely, in cor-
pora with greater contextual diversity, such as Mol-
weni, where dialogues cover varied Ubuntu-related
issues, successive augmentations can potentially
generate genuinely novel variations, improving
parser performance. However, even in this case,
an excessive enlargement of the training set may
ultimately lead to redundancy, constraining the ef-
fectiveness of additional augmentation. These
findings align with prior research suggesting that
beyond a certain point, additional augmentation
yields diminishing returns, as the new informa-
tion may already be captured by earlier learning
(Longpre et al., 2020), and substantially enlarging
a corpus can sometimes even degrade performance
(Okimura et al., 2022). Accordingly, while Ap-
pendix G shows that increasing dialogue count can
improve parser performance, such gains likely de-
pend on introducing meaningful variation; without
it, the benefits are expected to be limited. Eval-
uating the diversity of newly generated samples
relative to existing data could address this limita-
tion, which we leave for future work.

I Impact of Training Data on Parsing

Training Data Volume The proposed MIMIC

framework enables a substantial expansion of the
original training corpora, as described in Appendix
H. Moreover, applying MIMIC across domains
(e.g., introducing Molweni-style speakers into the
STAC corpus, or vice versa) facilitates the integra-
tion of additional training data, which may further
enhance performance. It should be noted, however,
that training time scales linearly with the amount of
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augmented data, highlighting a practical trade-off
between computational cost and parsing accuracy.

Increasing the number of substituted speakers
in the training data has been shown to enhance
discourse parsing performance. However, this im-
provement is most pronounced when the substi-
tuted speakers exhibit structurally rare discourse
patterns. Extending substitution to more commonly
represented speaker profiles may yield diminish-
ing returns, as the added data contributes less to
structural diversity.
Training Data Fidelity In the absence of the EDU-
level refinement step, parser performance deterio-
rates due to the inclusion of noisy or rhetorically
inconsistent utterances. This underscores the criti-
cal importance of preserving fine-grained rhetorical
relations during the augmentation process. To ex-
emplify this issue, consider the following excerpt
from the STAC corpus (id pilot01_2):

(ε3) A: Don't give Tomm wheat

(ε6) A: If he gets wheat

(ε7) B: Aww :(

(ε8) C: Can you give wheat to me, Dave?

(ε9) B: Sadly, the man does have a point

(ε10) A: Uh, I might get some on my turn, so maybe

ε6

ε7
ε8

ε9
ε10

Comment

Elab

Result

ε3

Ack

QAP

In this example, where Elab stands for Elaboration
and Ack for Acknowledgement, if MASK selects A
for substitution, when rephrasing ε10, the LLM re-
ceives (ε8, ε10,QAP) as ε10 has only one incoming
link and no outgoing ones. Under these conditions,
Llama outputs “Wait, do you mean you want to
trade right now?”, which replaces “Uh, I might get
some on my turn, so maybe”. While structurally
valid, it changes the rhetorical intent. The new utter-
ance implies a Clarification-Question, not a QAP
relation, breaking rhetorical consistency. By con-
trast, the EDU refinement yields “Maybe wheat on
my turn”, which better preserves the original rhetor-
ical relation. As a result, the refinement module
enhances the alignment of generated EDUs with
their corresponding discourse relations, thereby im-
proving communicative clarity.

J Examples of Augmented Utterances

Tables 13–15 present examples of utterances aug-
mented using the MIMIC framework. In these ex-
amples, brown text represents portions of the di-
alogue history that the LLM (Llama) referenced

when rephrasing the original utterance. Blue text
indicates discourse relations present across the orig-
inal dialogue and the dialogue histories.

In Table 13, speaker B’s original utter-
ance—“You restart x and it works automati-
cally”—is rephrased as “You may want to try
restarting x, it should work automatically then”,
using the stylistic profile of speaker D. The revised
utterance maintains the original’s explanatory func-
tion while adapting both tone and modality to re-
flect speaker D’s communicative style. In particu-
lar, the expression “You may want to try restarting x”
echoes the more tentative, advisory phrasing used
by speaker D in “You may want to try the main
repositories”. Here, the direct imperative (“You
restart x”) is softened into a suggestion, aligning
with speaker D’s tendency to avoid assertive di-
rectives. Moreover, the phrase “it should work
automatically then” introduces a degree of epis-
temic hedging through the modal should, contrast-
ing with the original’s more definitive “it works au-
tomatically”. This nuance appears influenced by an-
other utterance in speaker D’s dialogue history—“I
would accept the install. Probably some minor
error with the mirror you are using”—which also
exhibits a cautious tone via the inclusion of prob-
ably. Overall, this example illustrates MIMIC’s
effectiveness in replicating speaker D’s stylistic
tendencies, not only lexically but also in terms of
pragmatic and epistemic framing.

Table 14 offers a further illustrative exam-
ple, wherein the English expression “You too” is
rephrased as its French counterpart “À toi aussi”.
This transformation likely stems from the fact that
the substitute speaker, speaker C, had previously
used the French phrase “Pas de problèmes” in
their dialogue history. The occurrence of this non-
English expression—presumably employed in a
light-hearted or humorous tone—served as a stylis-
tic signal prompting the model to adopt a similarly
playful and multilingual register in the generated
utterance. Importantly, the rephrased version pre-
serves the original communicative function, while
infusing it with the stylistic character of the sub-
stitute speaker. This example highlights MIMIC’s
sensitivity not only to syntactic and pragmatic cues
but also to sparse and contextually subtle stylistic
markers, such as multilingual expressions embed-
ded in speaker histories.

Finally, Table 15 presents a case that underscores
the relevance of modeling interpersonal dynam-
ics in the rephrasing process. The original utter-
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ance—“No danger of me winning here”—was asso-
ciated with a speaker whose substitute, speaker C,
lacked directly corresponding stylistic examples in
their dialogue history. Nevertheless, the model pro-
duced a rephrased version—“I’m not looking like
a winner this time around”. This alternative draws
upon the broader relational context of speaker C’s
dialogue history. Specifically, it echoes an earlier
utterance by another speaker—“Looks like it caught
up”—which was directed at speaker A within a
Contrast relation. The rephrased version mirrors
the syntactic structure and indirect tone of self-
deprecation found in that earlier turn. This case
exemplifies MIMIC’s ability to transcend speaker-
specific modeling by incorporating relational and
interactional information, ensuring that the gener-
ated utterance remains socially and contextually
grounded even in the absence of direct stylistic
precedents.
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Molweni ID: 4412

Ü Original Dialogue . . .
A: How do I turn on 3d in ubuntu when the driver is installed?
. . .
B: You restart x and it works automatically (Original utterance)
. . .
C: Press altf2 and run : compiz – replace

¨ Discourse Relations
(Speaker B)

The utterance “How do I turn on 3d in ubuntu when the driver is installed?”
by speaker A is in a QAP relation with the utterance “You restart x and it
works automatically” by speaker B

The utterance “You restart x and it works automatically” by speaker B is in
an Explanation relation with the utterance “Press altf2 and run : compiz –
replace” by speaker C

¨ Discourse Relations
(Speaker D)

The utterance “You may want to try the main repositories” by speaker D is
in an Explanation relation with the utterance “I changed it to main server, I
hope it works.”

The utterance “I would accept the install. Probably some minor error with
the mirror you are using” by speaker D is in an Explanation relation with the
utterance “I went to software sources and I have there multiverse enabled, if
this helps.”
. . .

© Interpersonal Rela-
tionships

The utterance “I have xp shares, typical shares, no server” is in an Explana-
tion relation with the utterance “The system sharing the file is essentially a
fileserver” by speaker C
. . .

# Augmented Dialogue . . .
A: How do I turn on 3d in ubuntu when the driver is installed?
. . .
(Augmented utterance)
D: You may want to try restarting x, it should work automatically then
. . .
C: Press altf2 and run : compiz – replace

Table 13: Example of MIMIC-augmented utterance demonstrating style-aware rephrasing grounded in dialogue
history. The original response “You restart x and it works automatically” is rewritten as “You may want to try
restarting x, it should work automatically then”, reflecting the indirect and advisory tone characteristic of the
substitute speaker, whose dialogue history includes utterances such as “You may want to try the main repositories”.
Brown text highlights the retrieved utterances from the substitute speaker’s dialogue history used to guide stylistic
transfer. Blue text indicates discourse relations present across the original dialogue and the dialogue histories.

2717



STAC ID: s1-league3-game6_12

Ü Original Dialogue . . .
A: Good luck
B: You too (Original utterance)
B: :)

¨ Discourse Relations
(Speaker B)

The utterance “Good luck” by speaker A is in a Continuation relation with
the utterance “You too” by speaker B

The utterance “You too” by speaker B is in a Comment relation
with the utterance “:)” by speaker B

¨ Discourse Relations
(Speaker C)

The utterance “Good luck all” is in a Continuation relation with the
utterance “Good luck!” by speaker C

The utterance “Pas de problèmes ;)” by speaker C is in a Comment
relation with the utterance “My french is not so good” by speaker C

© Interpersonal Rela-
tionships

The utterance “I’m innis,” by speaker A is in a Continuation relation with
the utterance “He’s niko”

The utterance “Thanks for everything” by speaker A is in a Contin-
uation relation with the utterance “See you!”
. . .

# Augmented Dialogue . . .
A: Good luck
C: À toi aussi (Augmented utterance)
C: :)

Table 14: Illustration of stylistic transfer across languages within MIMIC augmentation. The original English
utterance “You too” is rephrased as the French equivalent “À toi aussi”, influenced by the substitute speaker’s prior
use of the French expression “Pas de problèmes”. This example underscores MIMIC’s sensitivity to multilingual
cues and informal registers. Brown text denotes the relevant non-English utterance in the dialogue history, while
blue text indicates discourse relations present across the original dialogue and the dialogue histories.

2718



STAC ID: s2-league4-game3_15

Ü Original Dialogue A: Last time you won...
. . .
B: No danger of me winning here (Original utterance)
A: Expect the unexpected..

¨ Discourse Relations
(Speaker B)

The utterance “Last time you won...” by speaker A is in a Contrast relation
with the utterance “No danger of me winning here” by speaker B

The utterance “No danger of me winning here” by speaker B is in a
Contrast relation with the utterance “Expect the unexpected..” by speaker A

¨ Discourse Relations
(Speaker C)

The utterance “I was hoping to build another road last time to protect it” is
in a Contrast relation with the utterance “You’ll pop back up to 8 next turn”
by speaker C

The utterance “I need clay” by speaker C is in a Contrast relation
with the utterance “I have sheep”
. . .

© Interpersonal Rela-
tionships

The utterance “Looks like it caught up” is in a Contrast relation with the
utterance “Ok.. seems like it’s working” by speaker A
. . .

# Augmented Dialogue A: Last time you won...
. . .
C: I’m not looking like a winner this time around (Augmented utterance)
A: Expect the unexpected..

Table 15: Example showcasing the importance of interpersonal relationship modeling in MIMIC augmentation. The
original utterance “No danger of me winning here” is rephrased as “I’m not looking like a winner this time around”.
Although the substitute speaker’s own history lacked stylistically relevant content, the model successfully mimicked
the interactional tone of prior Contrast relations involving speaker A, drawing on the utterance “Looks like it caught
up”. Brown text refers to the retrieved utterance from related interpersonal interactions, and blue text indicates
discourse relations present across the original dialogue and the dialogue histories.
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