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Abstract001

This study investigates how large language002
models represent discourse structure in dia-003
logue through two probing tasks: sentence004
ordering and next sentence prediction (NSP).005
Using the STAC corpus of multi-party conver-006
sational data, RoBERTa and BART are eval-007
uated in both pre-trained and fine-tuned set-008
tings. Fine-tuning yields substantial gains009
across both tasks, with BART’s generative010
architecture proving more effective for sen-011
tence ordering (ρ = 0.473) while RoBERTa012
excels at NSP classification (accuracy =013
0.697). Focusing on four core discourse re-014
lations, the analysis finds that models han-015
dle frequent, surface-cued relations (Question-016
Answer Pairs, Comment) effectively but strug-017
gle with relations requiring deeper seman-018
tic dependencies (Continuation, Elaboration).019
These findings highlight both the capabilities020
and limitations of current models in capturing021
discourse-level coherence in dialogue.022

1 Introduction023

Large language models (LLMs) have revolution-024

ized natural language processing but face chal-025

lenges in capturing discourse-level coherence in026

dialogue (Holtzman et al., 2020). While excelling027

at surface-level language tasks, their ability to028

maintain logical flow across multi-turn conversa-029

tions remains limited. This work extends the prob-030

ing framework of (Koto et al., 2021) from mono-031

logic texts to dialogue, evaluating discourse coher-032

ence through sentence ordering and next sentence033

prediction (NSP) tasks.034

The contributions are threefold: (1) demonstrat-035

ing the necessity of fine-tuning for dialogue dis-036

course understanding, (2) revealing architectural037

strengths—BART for generation, RoBERTa for038

classification, and (3) providing focused relation-039

specific analysis on four core discourse relations040

showing that models excel at surface-cued rela-041

tions but struggle with semantic dependencies.042

Using the STAC corpus (Asher et al., 2016) 043

with Segmented Discourse Representation The- 044

ory (SDRT) annotations (Asher and Lascarides, 045

2003), this research offers insights into discourse 046

modeling capabilities of transformer architectures 047

(Vaswani et al., 2017). 048

2 Related Work 049

2.1 Discourse Structure and Dialogue 050

Discourse coherence frameworks like SDRT 051

(Asher and Lascarides, 2003) model conversations 052

through relations between Elementary Discourse 053

Units (EDUs). While resources like RST Dis- 054

course Treebank (Carlson et al., 2001) and Penn 055

Discourse Treebank (Prasad et al., 2008) focus 056

on written texts, the STAC corpus (Asher et al., 057

2016) provides fine-grained discourse annotations 058

for multi-party game dialogues, capturing strate- 059

gic conversations with non-linear discourse links 060

essential for probing dialogue coherence. 061

2.2 Probing Language Models 062

(Koto et al., 2021) established probing tasks in- 063

cluding sentence ordering and NSP to evaluate dis- 064

course awareness, finding RoBERTa and BART 065

most sensitive to discourse phenomena. However, 066

their study focused on monologic texts, leaving di- 067

alogue coherence unexplored. This work extends 068

this approach to conversational data with focused 069

relation-specific evaluation on four core discourse 070

relations. 071

2.3 Sentence Ordering and NSP 072

Sentence ordering serves as a coherence proxy 073

(Barzilay and Lapata, 2008), with neural ap- 074

proaches demonstrating pattern recognition (Lo- 075

geswaran et al., 2018; Gong et al., 2016). BART’s 076

sentence permutation pre-training (Lewis et al., 077

2020) aligns naturally with this task, while 078

RoBERTa’s contextual representations (Liu et al., 079
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2019) suit ranking approaches. NSP, though ques-080

tioned for pre-training utility (Liu et al., 2019), re-081

mains valuable for probing local coherence and082

has been used in dialogue response selection083

(Zhang et al., 2018; Whang et al., 2020).084

2.4 Differences from Previous Work085

This study differs from (Koto et al., 2021) in three086

key aspects: (1) focusing on dialogue rather than087

monologic texts, (2) employing relation-specific088

analysis across discourse types, and (3) com-089

paring architectural preferences across generative090

and discriminative paradigms. Unlike dialogue091

response selection studies (Zhang et al., 2018;092

Whang et al., 2020), this work probes inherent dis-093

course understanding rather than response genera-094

tion performance.095

3 Methodology096

3.1 Dataset and Tasks097

The STAC corpus (Asher et al., 2016) contains098

multi-party online game dialogues annotated with099

SDRT relations. After preprocessing — including100

cleaning malformed text, handling token limits,101

and segmenting utterances into Elementary Dis-102

course Units (EDUs) — dialogues with fewer than103

three EDUs were excluded to ensure meaningful104

evaluation of ordering. The study uses two prob-105

ing tasks:106

Sentence Ordering: Models reconstruct the107

original EDU sequence from shuffled input. The108

task is evaluated by Spearman’s ρ, calculated af-109

ter aligning predicted EDU sequences to gold se-110

quences using the Ratcliff–Obershelp algorithm111

(Ratcliff and Obershelp, 1988), considering only112

overlapping units.113

Next Sentence Prediction: A binary classifi-114

cation task on pairs of EDUs. Positive pairs are115

adjacent EDUs connected by a discourse relation;116

negative pairs are non-adjacent EDUs. Balanced117

accuracy is used to account for class distribution118

across relation types.119

The analysis focuses on four discourse relations120

with substantial data support: Question-Answer121

Pair, Comment, Continuation, and Elaboration.122

3.2 Models and Evaluation123

BART (Lewis et al., 2020): Encoder-decoder fine-124

tuned for sequence generation (sentence ordering)125

and binary classification (NSP).126

RoBERTa (Liu et al., 2019): Encoder-only 127

model used for reranking (sentence ordering) and 128

classification (NSP). 129

Both models were fine-tuned using standard 130

hyperparameters with relation-aware special to- 131

kens. Specifically, relation-type tokens (e.g., 132

[REL:QAP], [REL:CONT]) were prepended 133

to each EDU to make discourse relations ex- 134

plicit in the input. Evaluation uses Spearman’s 135

ρ for sentence ordering and balanced accuracy 136

for NSP. Statistical significance of improvements 137

was tested using paired Wilcoxon signed-rank 138

tests (Wilcoxon, 1945), with confidence inter- 139

vals reported via bootstrap resampling (Cumming, 140

2014). 141

3.3 Experimental Setup 142

Fine-tuning used consistent hyperparameters 143

across both models (Table 1): learning rate of 144

2e5, batch size 16, and 3 epochs. Data splits 145

included cross-validation (sentence ordering) and 146

80/10/10 splits (NSP). All splits were performed 147

at the dialogue level to ensure that EDUs from the 148

same dialogue do not appear in both training and 149

test sets, preventing data leakage. Relation-aware 150

special tokens were added during tokenization. 151

BART ordering used beam search (size 5) with 152

Ratcliff–Obershelp alignment; RoBERTa rerank- 153

ing evaluated 6 permutations per dialogue (inputs 154

truncated to 512 tokens). All runs used early 155

stopping (patience 2) and a fixed random seed. 156

Table 1: Hyperparameter settings for fine-tuning exper-
iments.

Parameter BART RoBERTa

Learning rate 2e-5 2e-5
Batch size 16 16
Training epochs 3 3
Warmup steps 500 500
Weight decay 0.01 0.01
Max sequence length 512 512

4 Results 157

4.1 Overall Performance 158

Fine-tuning yields substantial improvements 159

across both tasks (Table 2). For sentence ordering, 160

BART achieves ρ = 0.473 (vs. 0.130 baseline) 161

while RoBERTa reaches ρ = 0.467 (vs. 0.149 162

baseline). For NSP, RoBERTa achieves higher 163

accuracy (0.697) than BART (0.637), reflecting 164

architectural advantages for classification tasks. 165
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All improvements are statistically significant166

(p < 0.001).167

Table 2: Overall performance across tasks and mod-
els. SO: Sentence Ordering (ρ), NSP: Next Sentence
Prediction (accuracy). Scores are means over test in-
stances. All improvements from fine-tuning are statis-
tically significant (p < .001, paired Wilcoxon signed-
rank tests). Confidence intervals for the improvements
are provided in Section 4.1.1.

Task Model n Base. Fine.

SO BART 712 0.130 0.473
RoBERTa 188 0.149 0.467

NSP BART 1,776 0.499 0.637
RoBERTa 293 0.510 0.697

4.1.1 Statistical Analysis of Improvements168

The effects of fine-tuning were quantified using169

mean gains (∆) with 95% confidence intervals170

(CIs) derived from paired bootstrap resampling171

(10,000 iterations). For sentence ordering, BART172

shows ∆ρ = 0.343 (95% CI: [0.309, 0.377]),173

while RoBERTa shows ∆ρ = 0.318 (95% CI:174

[0.201, 0.434]). For NSP, the gains are ∆acc =175

0.137 (95% CI: [0.105, 0.171]) for BART and176

∆acc = 0.187 (95% CI: [0.155, 0.219]) for177

RoBERTa. All fine-tuned models perform signif-178

icantly above chance level (one-sided Wilcoxon179

test: p < .001 for ρ > 0 or acc > 0.5). Com-180

plete results for all 15 discourse relations ana-181

lyzed (including Acknowledgement, Explanation,182

and Contrast) are consistent with this pattern and183

are provided in the supplementary material. All184

experiments used a fixed random seed, with results185

based on single runs and statistics aggregated over186

the test set.187

4.2 Relation-Specific Analysis188

Performance is analyzed across four core dis-189

course relations to understand model capabilities190

at different levels of discourse complexity (Table191

3).192

Question-Answer Pairs show the strongest193

performance across both tasks, with both models194

achieving high scores in ordering and NSP. Com-195

ment relations demonstrate solid performance196

in sentence ordering but more modest gains in197

NSP. Continuation proves challenging for BART198

in ordering but both models handle it well in199

NSP. Elaboration shows the largest architecture-200

dependent variation, with RoBERTa substantially201

outperforming BART in NSP.202

Table 3: Performance by discourse relation type (fine-
tuned models). Values are mean scores over test in-
stances. Confidence intervals and full statistical details
are available upon request.

Relation Sentence Ordering (ρ) NSP (Accuracy)

BART RoBERTa BART RoBERTa

Question-Answer 0.498 0.487 0.675 0.701
Comment 0.450 0.431 0.544 0.630
Continuation 0.384 0.552 0.678 0.699
Elaboration 0.395 0.342 0.548 0.691

5 Discussion 203

5.1 Discourse Awareness Through 204

Fine-Tuning 205

The significant performance gap between base- 206

line and fine-tuned models demonstrates that pre- 207

training alone is insufficient for reliable discourse 208

coherence modeling. While pretrained models 209

show basic syntactic and semantic knowledge, 210

domain-specific fine-tuning is essential for captur- 211

ing dialogue-specific discourse patterns, particu- 212

larly for the four focal relations. 213

5.2 Architectural Alignment with Task 214

Demands 215

The results reveal clear architectural prefer- 216

ences: RoBERTa’s encoder-only design excels 217

at classification tasks (NSP), while BART’s 218

encoder-decoder framework benefits generation 219

tasks (sentence ordering). This pattern is 220

most pronounced for Elaboration relations, where 221

RoBERTa achieves 0.691 NSP accuracy compared 222

to BART’s 0.548, suggesting RoBERTa’s discrim- 223

inative approach better captures semantic depen- 224

dencies. 225

5.3 Relation-Specific Capabilities and 226

Limitations 227

The focused analysis reveals a clear hierarchy of 228

model capabilities across the four relations: 229

Question-Answer Pairs represent the most ac- 230

cessible relation type, benefiting from strong adja- 231

cency patterns and lexical complementarity within 232

the game negotiation context. Models reliably 233

learn to preserve question-response sequences af- 234

ter fine-tuning. 235

Comment relations show intermediate perfor- 236

mance, with models successfully grouping related 237

evaluative utterances but sometimes failing to cap- 238

ture pragmatic ordering conventions. 239

Continuation exposes limitations in tracking 240
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procedural logic across turns. While models iden-241

tify related terms in negotiations, they often break242

the sequence of proposals and counteroffers, indi-243

cating reliance on lexical coherence over logical244

flow.245

Elaboration demonstrates the potential for246

learning semantic dependencies, particularly with247

RoBERTa’s strong NSP performance. However,248

the relation remains challenging for sentence or-249

dering, suggesting difficulties with global coher-250

ence modeling.251

5.4 Error Analysis and Case Studies252

Qualitative analysis reveals systematic error pat-253

terns. The following examples illustrate how mod-254

els, particularly BART, can confuse Continuation255

(a sequential, procedural relation) with Elabora-256

tion (a semantic dependency relation) due to over-257

lapping lexical cues.258

Example 1 (Continuation misidentified as259

Elaboration):260

Gold order: “I need wood.” → “I can261

give you clay for it.” → “No, I need262

wood for a settlement.”263

Predicted order (BART): “I need wood.”264

→ “No, I need wood for a settlement.”265

→ “I can give you clay for it.”266

Here, the model groups the two “need wood” ut-267

terances together (treating them as Elaboration)268

and detaches the offer (“clay for it”), breaking the269

negotiation Continuation. The model prioritizes270

lexical repetition over procedural logic.271

Example 2 (Elaboration with spurious causal272

chain):273

Gold: “He stole my sheep.” → “That’s274

why I’m attacking next turn.”275

Predicted (BART): “I’m attacking next276

turn.” → “He stole my sheep.”277

The model reverses the cause–effect order, placing278

the action before its explanation, thereby losing279

the Elaboration link. RoBERTa’s NSP classifier280

correctly identifies the true order in this case, re-281

flecting its stronger grasp of semantic dependency.282

For Continuation relations, models frequently283

misorder negotiation sequences, placing coun-284

teroffers before initial proposals when they share285

lexical overlap. In Elaboration examples, BART286

often generates plausible but incorrect causal287

chains, while RoBERTa more reliably identifies288

true explanatory relationships. A notable failure 289

case involves nested relations, where models cor- 290

rectly handle local coherence but fail to maintain 291

global discourse structure across multiple turns. 292

5.5 Impact of Input Length Constraints 293

The 512-token input constraint, particularly for 294

RoBERTa, limited the evaluation to shorter dia- 295

logues (n=188 for ordering vs. BART’s n=712). 296

This truncation may remove contextual cues nec- 297

essary for global coherence modeling in longer 298

conversations, potentially underestimating the 299

models’ capabilities on relations like Continuation 300

and Elaboration that span multiple turns. Future 301

work should explore long-context architectures or 302

hierarchical encoding to better capture extended 303

dialogue structure. 304

6 Conclusion 305

This work extends discourse probing to dialogue 306

through focused analysis of four core relations. 307

The results demonstrate that fine-tuning is essen- 308

tial for discourse coherence modeling and reveal 309

clear architectural preferences: RoBERTa for clas- 310

sification, BART for generation. The relation- 311

specific hierarchy—from easily learned Question- 312

Answer Pairs to challenging Continuation and 313

Elaboration relations—provides a nuanced under- 314

standing of current capabilities and limitations. 315

Future research could explore specific hybrid ar- 316

chitectures, such as a pipeline where BART gen- 317

erates candidate sequences and RoBERTa reranks 318

them, or incorporate graph neural networks to ex- 319

plicitly model SDRT structures. Additionally, ex- 320

panding to more diverse dialogue domains beyond 321

game negotiations would test the generalizability 322

of these findings. 323

Limitations 324

This study focuses on four discourse relations 325

from the STAC game dialogues, which may limit 326

generalizability to other relation types and do- 327

mains. The 512-token input constraint particu- 328

larly affects RoBERTa’s sentence ordering eval- 329

uation, limiting analysis of longer conversational 330

sequences. Future work should expand to include 331

other dialogue domains and address input length 332

constraints. 333
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