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Abstract001

Synthetic dialogues generated by Large Lan-002
guage Models (LLMs) exhibit differences from003
real dialogues in linguistic attributes such004
as naturalness or sentence completeness. To005
bridge this gap, we propose AlignedAug, a006
framework for realistic dialogue augmenta-007
tion. AlignedAug consists of two stages: (1)008
Cognition-aware Dialogue Generation, which009
produces utterances using an LLM-based010
model; (2) Distribution Alignment, which is011
composed of Chat Style Refinement and Sta-012
tistical Selection. Chat Style Refinement sim-013
ulates informal, chat-like responses by ran-014
domly deleting words except for subjects,015
verbs, and negations. Statistical Selection se-016
lects dialogues whose naturalness and coher-017
ence scores are aligned with scores of real dia-018
logues. Experimental results show that the Dis-019
tribution Alignment stage in AlignedAug re-020
duces the gap between real and synthetic dia-021
logues (CollabChat SKS : 0.95 → 0.35). In ad-022
dition, AlignedAug outperforms existing LLM-023
based augmentation methods on classification024
and response selection tasks (classification ac-025
curacy: 0.65 → 0.69, response selection: R@5026
0.77 → 0.84). These findings demonstrate that027
AlignedAug provides synthetic data that not028
only augments dialogues which align real di-029
alogues more closely but also improves the030
performance of models trained on aligned dia-031
logues.032

1 Introduction033

Dialogue data generation using LLMs has recently034

attracted increasing attention (Chen et al., 2024;035

Dai et al., 2025; Yuzbashyan et al., 2024). Dialogue036

data generation is especially useful for domain-037

specific dialogues where data collection is limited038

by privacy issues and costly annotation processes,039

such as dialogues in the education domain (Markel040

et al., 2023; Gao et al., 2025) and dialogues in the041

healthcare domain (Dai et al., 2025). Recently, dis-042

crepancies between real dialogues and synthetic043

Table 1: Comparison of augmentation methods: Con-
vAug (Chen et al., 2024), AugGPT (Dai et al., 2025),
SynAlign (Ren et al., 2025), and AlignedAug. Nat. dist.
and Coh. dist. denote the naturalness distribution and
coherence distribution, respectively.

Method Dialogue-level Alignment target

ConvAug ✓ ✗
AugGPT ✗ ✗
SynAlign ✗ ✓(embedding dist.)

AlignedAug (Ours) ✓ ✓(Nat./Coh. dist.)

dialogues generated by LLMs have attracted atten- 044

tion (Ren et al., 2025), as LLM-generated dialogues 045

tend to be more consistent and controlled than real 046

dialogues (Sandler et al., 2024). Real dialogues 047

exhibit linguistic imperfections such as typos and 048

incomplete sentences, leading to differences in lin- 049

guistic attributes as well as in the distributions of 050

dialogue quality metrics (Zhong et al., 2022), in- 051

cluding naturalness and coherence, as illustrated 052

in Figure 1. However, in dialogue augmentation 053

research, there is a lack of analysis on the differ- 054

ences between real and synthetic dialogue and how 055

to reduce those differences. 056

Previous studies have evaluated the linguis- 057

tic quality or usability of LLM-generated di- 058

alogues (Sandler et al., 2024; Chen and Art- 059

stein, 2024). To the best of our knowledge, no 060

prior work has compared and analyzed distribu- 061

tional differences between real and synthetic dia- 062

logues using quantitative metrics. Thus, we propose 063

AlignedAug, which minimizes distributional dis- 064

crepancies between real and synthetic dialogues 065

using quantitative metrics derived from UniEval, 066

an LLM-based dialogue evaluation model (Zhong 067

et al., 2022). We compare prior work with the pro- 068

posed AlignedAug framework in Table 1. Con- 069

vAug (Chen et al., 2024) and AlignedAug per- 070

form dialogue-level augmentation methods. Con- 071

vAug does not address alignment to reduce dif- 072

ferences between real and synthetic dialogues. 073
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Student2: well wouldn’t it be then
Student1: maybe try first?
Student2: vdf.genres[’names’] \n since it’s dict
Student3: Well because it’s an array of dictionaries
youd have to specify an index but which index

Student2: Then, wouldn’t it be like that?
Student1: Perhaps you should try it out first?
Student2: df.genres[’names’] \n given that it’s a 
dictionary
Student3: Given that it’s an array of dictionaries, you
need to specify an index, but which one do we use?

Differences in linguistic attributes (e.g. typo or incomplete sentences)
Distributional misalignment of naturalness/coherence scores

Real Dialouges 
!!"#$

Synthetic Dialouges
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Naturalness score Coherence score
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Figure 1: An example illustrating misalignment between LLM-generated synthetic dialogue and real dialogue.

AugGPT (Dai et al., 2025) and SynAlign (Ren074

et al., 2025) adopt text-level augmentation methods.075

SynAlign aligns the text embedding distributions076

of real and synthetic data, whereas our AlignedAug077

aligns the distributions of qualitative metric scores078

between real and synthetic dialogues.079

AlignedAug is proposed as a dialogue augmen-080

tation framework to reduce the gap between real081

and synthetic dialogues. AlignedAug consists of082

(1) Cognition-aware Dialogue Generation and (2)083

Distribution Alignment. Cognition-aware Dialogue084

Generation adopts a three-step prompting approach085

motivated by theories of human cognition (Chen086

et al., 2024). The prompting strategy is further mod-087

ified to incorporate contextual information. Distri-088

bution Alignment aims to reduce differences in the089

score distributions of naturalness and coherence090

between real and synthetic dialogues. Distribution091

Alignment is composed of Chat Style Refinement092

followed by Statistical Selection.093

Our main contributions are as follows:094

• Synthetic dialogues generated by AlignedAug095

lead to performance improvements on classifi-096

cation and response selection tasks compared097

to existing LLM-based augmentation meth-098

ods (classification accuracy 0.652 → 0.690,099

response selection R@5 0.772 → 0.841).100

• A dialogue augmentation framework,101

AlignedAug, is proposed to reduce the102

gap between real and synthetic dialogues.103

The proposed Distribution Alignment stage104

significantly reduces distributional differences105

(CollabChat SKS : 0.95 → 0.35).106

2 Related Work 107

We review prior work on dialogue augmentation, 108

focusing on the evolution from token-level methods 109

to sentence- and dialogue-level generation using 110

large language models (LLMs). Since synthetic dia- 111

logues often exhibit distributional mismatches with 112

real data, we further review studies on reducing 113

such gaps between real and augmented dialogue 114

distributions. 115

LLM-based Augmentation. Early dialogue aug- 116

mentation methods relied on token-level techniques 117

such as rule-based transformations and contex- 118

tual masking or substitution (Wei and Zou, 2019; 119

Kobayashi, 2018; Kenton et al., 2019). With the 120

advent of LLMs, augmentation has advanced to 121

sentence- and dialogue-level generation (Anaby- 122

Tavor et al., 2020; Yuzbashyan et al., 2024). These 123

methods have been applied to low-resource text 124

classification (Dai et al., 2025) and multi-turn di- 125

alogue generation (Chen et al., 2024). However, 126

LLM-generated dialogues often differ from real 127

dialogues in linguistic and structural properties, 128

leading to distributional mismatches (Ren et al., 129

2025). 130

Distribution Alignment for Data Augmen- 131

tation. Real-world dialogues exhibit diverse 132

discourse characteristics, including short utter- 133

ances, incomplete sentences, and informal expres- 134

sions (Lowe et al., 2015). Augmented data that 135

does not reflect these properties can degrade perfor- 136

mance due to distributional mismatch. To address 137

this issue, recent work defines augmentation quality 138

in terms of distributional similarity and proposes 139

explicit alignment methods (Ren et al., 2025). For 140

example, Zhao and Bilen (2023) minimize Maxi- 141
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Figure 2: Overview of the proposed AlignedAug framework for realistic chat dialogue augmentation. The pipeline
consists of two stages: (1) Cognition-aware Dialogue Generation and (2) Distribution Alignment. Hatched regions
indicate dialogues that are filtered out during the Alignment process.

mum Mean Discrepancy (MMD) between embed-142

ding distributions, while SynAlign aligns LLM-143

generated and real data representations at the sen-144

tence level (Ren et al., 2025).145

Despite these advances, existing alignment ap-146

proaches primarily operate on sentence-level or147

static embeddings and fail to capture dialogue-148

specific properties such as multi-turn interactions149

and discourse flow. Since dialogue quality depends150

on discourse-level factors like coherence and nat-151

uralness across turns, dialogue-level distribution152

alignment is required. Accordingly, we propose153

AlignedAug, a dialogue-level augmentation frame-154

work that explicitly aligns coherence and natural-155

ness score distributions between real and synthetic156

dialogues.157

3 AlignedAug Framework158

AlignedAug is a dialogue augmentation framework159

designed to generate high-quality augmented dia-160

logues by explicitly aligning the distributions of161

naturalness and coherence scores between syn-162

thetic and real data. Given a set of real-world chat163

dialogues Dreal = {Dreal
i }Ni=1, AlignedAug pro-164

duces an aligned dataset Dalign = {Dalign
k }Kk=1,165

where N is the number of real dialogues and K is166

the number of dialogues retained after statistical167

selection. The framework consists of two modules:168

(1) Cognition-aware Dialogue Generation, which169

generates diverse synthetic candidates, and (2) Dis-170

tribution Alignment, which refines and selects syn- 171

thetic dialogues to match the quality-score distribu- 172

tions of real dialogues. 173

3.1 Cognition-aware Dialogue Generation 174

Cognition-aware Dialogue Generation produces 175

synthetic dialogues from real dialogues using GPT- 176

4o. For each real dialogue Dreal
i , we generate M 177

synthetic variants, where the augmentation scale 178

M is set to 6 following prior work (Dai et al., 179

2025). The generation unit is an utterance, en- 180

abling fine-grained control over dialogue structure 181

and content diversity. A synthetic dialogue D
syn
i,j 182

is defined as a sequence of utterances: Dsyn
i,j = 183(

u
syn
i,j,1, . . . , u

syn
i,j,|Dsyn

i,j |
)
, where |Dsyn

i,j | denotes the 184

number of utterances in the dialogue. For each real 185

dialogue, the corresponding synthetic dialogue is 186

D
syn
i = {Dsyn

i,j }Mj=1. The complete synthetic dataset 187

is Dsyn = {Dsyn
i,j }i=1,...,N ; j=1,...,M . 188

To improve data quality and reduce hallucina- 189

tions, we apply the Cognition-aware Prompting 190

Process (Chen et al., 2024). This process follows a 191

multi-step prompting strategy inspired by theories 192

of human cognition, preserving the original topic 193

and intent while introducing surface-level linguistic 194

variations. To maintain label consistency, the label 195

of each real dialogue Dreal
i is directly transferred to 196

all corresponding synthetic variants. 197
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3.2 Distribution Alignment198

Distribution Alignment aims to reduce discrepan-199

cies between real and synthetic dialogues with re-200

spect to two quality metrics: naturalness and co-201

herence. It operates on the synthetic dataset Dsyn202

and consists of two sequential stages: Chat Style203

Refinement and Statistical Selection.204

Chat Style Refinement Chat Style Refinement205

adjusts synthetic dialogues to better resemble the206

surface characteristics of real chat conversations.207

Specifically, the refinement process applies random208

word deletion to synthetic utterances while preserv-209

ing semantic integrity. Nouns, verbs, and negation210

words are excluded from deletion due to their criti-211

cal role in meaning representation.212

Let usyn
t denote the t-th utterance in a synthetic213

dialogue and let Lt be its token length. With dele-214

tion ratio r = 0.2, the number of deleted tokens dt215

is defined as216

dt = min
(
5,max

(
1, ⌊r · Lt⌋

))
. (1)217

Applying this operation to all utterances yields a re-218

fined dataset Dref. This refinement reflects common219

conversational omissions observed in real-world220

dialogue systems, where speakers often leave con-221

textually inferable information implicit (Cao et al.,222

2024).223

Statistical Selection Statistical Selection filters224

refined dialogues to construct the final aligned225

dataset Dalign. Two complementary strategies are226

employed: AlignedAug-Z and AlignedAug-Q.227

AlignedAug-Z. AlignedAug-Z performs score228

normalization using real-dialogue statistics. Let229

m ∈ {nat, coh} index the metric, and let sm(D) ∈230

R denote the score of dialogue D. For each metric,231

the mean and standard deviation of real-dialogue232

scores are computed as233

µreal
m =

1

N

N∑
i=1

sm(Dreal
i ), (2)234

(σreal
m )2 =

1

N

N∑
i=1

(
sm(Dreal

i )− µreal
m

)2
. (3)235

For a refined dialogue D ∈ Dref, the z-score is236

defined as237

zm(D) =
sm(D)− µreal

m

σreal
m

.238

Since ±1 standard deviation covers approximately239

68% of a normal distribution (Anusha et al., 2019),240

we retain only dialogues within this range for both 241

naturalness and coherence. Specifically, a dialogue 242

D is kept if it satisfies 243

|znat(D)| ≤ 1 ∧ |zcoh(D)| ≤ 1. (4) 244

AlignedAug-Q. AlignedAug-Q aligns the joint 245

distribution of naturalness and coherence scores 246

via two-dimensional quantile-based matching. Let 247

q = 10 denote the number of quantile bins. This 248

choice provides sufficient granularity while main- 249

taining a statistically meaningful number of sam- 250

ples in each bin (Pylkkonen et al., 2016). Quantile 251

boundaries bm0 < · · · < bmq computed from real- 252

dialogue scores partition the score space into q × q 253

bins: 254

Bink,ℓ =
{
D

∣∣ bnat
k−1 ≤ snat(D) < bnat

k , 255

bcoh
ℓ−1 ≤ scoh(D) < bcoh

ℓ

}
, (5) 256

where k ∈ {1, . . . , q} and ℓ ∈ {1, . . . , q} index the 257

quantile bins along the naturalness and coherence 258

dimensions, respectively. The proportion of real 259

dialogues in each bin is 260

ρreal
k,ℓ =

1

|Dreal|
∑

D∈Dreal

I[D ∈ Bink,ℓ] . 261

Aligned dataset is constructed by subsampling dia- 262

logues such that the joint distribution over quantile 263

bins matches that of the real data. Concretely, for 264

all k, ℓ ∈ {1, . . . , q}, 265

|Dalign ∩ Bink,ℓ|
|Dalign|

≈ ρreal
k,ℓ , (6) 266

thereby ensuring that the joint score distribution of 267

the aligned dataset closely follows that of the real 268

data. 269

4 Experiments 270

Three experiments are conducted; 1) Task perfor- 271

mance study on 3 downstream tasks of classifi- 272

cation, response selection and summarization, 2) 273

Ablation study on the two modules of AlignedAug, 274

3) Performance of AlignedAug in terms of reduc- 275

ing distributional gaps between real and synthetic 276

dialogues. The task performance study and abla- 277

tion study experiments are repeated ten times with 278

different random seeds to eliminate randomness, 279

and the mean and standard deviation are reported. 280
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Table 2: Overview of real dialogue datasets. Utt. and Dlg. denote the numbers of utterances and dialogues,
respectively. Spk./Dlg. reports the minimum–maximum numbers of speakers per dialogue (mean in parentheses).
Avg. Utt./Dlg. denotes the average number of utterances per dialogue. Label denotes the label count.

Split CollabChat DeliData NPSChat Ubuntu SAMSum

Train Utt. (Dlg.) 2,040(24) 2,030(65) 1,600(3) 1,541(31) 1,876(194)
Val Utt. (Dlg.) 344(6) 455(17) 552(1) 454(8) 504(49)
Test Utt. (Dlg.) 492(9) 493(19) 974(2) 487(10) 488(50)

Spk./Dlg. 2–5 (3.7) 2–5 (3.1) 35–63 (43.8) 10–25 (17.6) 2–7 (2.4)
Avg. Utt./Dlg. 73.7 29.5 521.0 51.1 9.7
Task (Label) Classification (4) Classification (6) Classification (14) Response Selection (-) Summarization (-)

4.1 Experiments for Task Performance on281

Three Downstream Tasks282

This section evaluates whether models trained with283

data augmented by AlignedAug outperform ex-284

isting augmentation methods across three down-285

stream tasks: classification, response selection, and286

summarization. Detailed dataset descriptions are287

provided in the appendix.288

For classification, the input consists of three con-289

text utterances and one target utterance, following290

prior work (Ortega and Vu, 2017; Ghosal et al.,291

2021). Performance is measured using Accuracy292

and Weighted-F1. For response selection, up to293

five previous utterances are used as context un-294

der a binary classification setup, and evaluation295

is conducted over ten candidates. Recall@k met-296

rics (R@1, R@2, R@5) are reported (Lowe et al.,297

2015). For summarization, models generate sum-298

maries from full dialogues and are evaluated using299

ROUGE-1, ROUGE-2, and ROUGE-L (Chen and300

Bansal, 2018; See et al., 2017).301

Dataset We evaluate downstream task per-302

formance using five real-world dialogue303

datasets. For classification, we use Col-304

labChat, DeliData (Karadzhov et al., 2023),305

and NPSChat (Forsythand and Martell, 2007).306

The response selection task is evaluated on the307

Ubuntu Dialogue Corpus (Lowe et al., 2015), and308

summarization is evaluated on the SAMSum Cor-309

pus (Gliwa et al., 2019). Training and validation310

sets are used for data augmentation and model311

training, while test sets are reserved exclusively for312

evaluation. Table 2 summarizes key statistics for313

each dataset, including the number of utterances,314

dialogues, speakers, average dialogue length, and315

task type.316

Baseline Augmentation Methods We compare317

AlignedAug with three representative LLM-based318

text and dialogue augmentation methods to evalu-319

ate downstream task performance. ConvAug (Chen320

et al., 2024) is a dialogue-level augmentation frame- 321

work that employs cognition-aware prompting to 322

preserve semantic consistency. AugGPT (Dai et al., 323

2025) is a zero-shot sentence paraphrasing method. 324

SynAlign (Ren et al., 2025) aligns LLM-generated 325

and real text distributions in embedding space and 326

shows strong performance in low-data regimes. 327

However, as SynAlign generates individual utter- 328

ances by selecting representative samples per label 329

rather than full dialogues, it is excluded from the 330

response selection and summarization baselines. 331

Experimental Setup To ensure reproducibility, 332

we use deterministic generation settings for LLM- 333

based dialogue generation, fixing the random seed 334

to 42 and applying deterministic configurations 335

for both PyTorch and CUDA. The decoding tem- 336

perature is set to 0.0, and identical prompt tem- 337

plates and context formats are used across all ex- 338

periments. Dialogue generation conditions on the 339

five preceding utterances to capture recent conver- 340

sational flow while avoiding outdated context (Shen 341

et al., 2020, 2022). For fair comparison, all down- 342

stream tasks use identical model architectures and 343

training setups. Models are trained for up to 30 344

epochs with early stopping based on validation 345

performance. For classification and response se- 346

lection, we fine-tune BERT-base-uncased using 347

AdamW and CrossEntropyLoss with a learning rate 348

of 2× 10−5, batch size 8, weight decay 0.05, and 349

cosine decay scheduling. For summarization, we 350

fine-tune FLAN-T5-base with AdamW, a learning 351

rate of 5× 10−5, weight decay 0.01, warmup ratio 352

0.05, batch size 4, and beam search with beam size 353

4. 354

4.2 Experiments for an Ablation Study of the 355

AlignedAug Modules 356

This section conducts an ablation study to evalu- 357

ate the effect of the Chat Style Refinement and 358

Statistical Selection modules in the Distribution 359

Alignment stage of AlignedAug. Classification per- 360
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Table 3: Comparison of classification performance across data augmentation methods. Values represent Accuracy
(Acc) and Weighted-F1 (F1) with mean ± standard deviation over 10 runs.

Method CollabChat DeliData NPSChat

Acc F1 Acc F1 Acc F1

NoAugment. 0.471±0.003 0.312±0.026 0.444±0.040 0.304±0.075 0.520±0.000 0.350±0.000

ConvAug 0.638±0.014 0.645±0.014 0.772±0.026 0.774±0.028 0.663±0.023 0.680±0.022

AugGPT 0.645±0.011 0.649±0.012 0.810±0.014 0.811±0.014 0.699±0.026 0.709±0.024

SynAlign 0.652±0.033 0.629±0.056 0.571±0.114 0.528±0.138 0.624±0.051 0.581±0.080

Synthetic Dlg. 0.640±0.011 0.645±0.014 0.798±0.018 0.802±0.015 0.681±0.016 0.695±0.016

AlignedAug-Z 0.690±0.008 0.689±0.009 0.808±0.006 0.810±0.007 0.741±0.015 0.742±0.009

AlignedAug-Q 0.623±0.083 0.591±0.154 0.814±0.014 0.815±0.013 0.725±0.073 0.698±0.123

formance is evaluated when both modules are re-361

moved, and when each module is removed indi-362

vidually. The experimental setup follows the clas-363

sification task setting described in Section 4.1.364

Three classification datasets are used for the ab-365

lation study: CollabChat, DeliData (Karadzhov366

et al., 2023), and NPSChat (Forsythand and Martell,367

2007).368

4.3 Experiments for Evaluating AlignedAug369

Performance on Distributional Gap370

Reduction371

This section evaluates whether the Distribution372

Alignment stage of AlignedAug reduces distribu-373

tional differences between real and synthetic dia-374

logues using the Kolmogorov–Smirnov (KS) test.375

The KS test is applied to assess the statistical sig-376

nificance of distributional differences in natural-377

ness and coherence scores between real dialogues378

Dreal and synthetic dialogues Dsyn. Before apply-379

ing Distribution Alignment, the distributional dif-380

ference is measured using the KS statistic SKS be-381

tween Dreal and Dsyn. After applying Distribution382

Alignment, the SKS is computed between Dreal383

and aligned dialogues Dalign. A reduction in SKS384

and an increase in the corresponding p-value indi-385

cate a reduction in distributional differences. The386

test statistic is denoted as SKS to avoid confusion387

with dialogue notation D. Five real-world dialogue388

datasets are used to evaluate distributional gap re-389

duction. The datasets include DeliData (Karadzhov390

et al., 2023), NPSChat (Forsythand and Martell,391

2007), Ubuntu Dialogue Corpus (Lowe et al.,392

2015), and SAMSum Corpus (Gliwa et al., 2019).393

5 Results and Discussion394

This section analyzes three experimental results:395

1) Task performance study on 3 downstream tasks396

of classification, response selection and summa-397

rization, 2) Ablation study on the two modules398

of AlignedAug, 3) Performance of AlignedAug in 399

terms of reducing distributional gaps between real 400

and synthetic dialogues. 401

5.1 Task Performance on Three Downstream 402

Tasks 403

This subsection presents the effectiveness of data 404

augmented by AlignedAug across three down- 405

stream tasks. The evaluated tasks include classi- 406

fication, response selection, and summarization. 407

Semantic preservation and diversity scores are ad- 408

ditionally analyzed to explain why AlignedAug 409

consistently outperforms baseline methods. 410

Classification Task The proposed AlignedAug 411

achieves the best classification performance on Col- 412

labChat, DeliData, and NPSChat (0.690, 0.814, 413

and 0.741, respectively), as shown in Table 3. 414

All LLM-based augmentation methods, includ- 415

ing AlignedAug, significantly outperform NoAug- 416

ment. Synthetic dialogues Dsyn are generated us- 417

ing LLMs without Distribution Alignment. Perfor- 418

mance remains comparable to existing augmenta- 419

tion methods. AlignedAug-Z and AlignedAug-Q, 420

which apply Distribution Alignment, consistently 421

outperform synthetic dialogues and baseline meth- 422

ods. These results demonstrate the effectiveness of 423

the Distribution Alignment module and validate the 424

superiority of AlignedAug. 425

Response Selection Task AlignedAug achieves 426

the highest performance across all metrics in the 427

response selection task (R@1 0.497, R@2 0.634, 428

R@5 0.841). AlignedAug-Z outperforms the syn- 429

thetic dialogues Dsyn on the Ubuntu Dialogue Cor- 430

pus, as shown in Table 4. These results indicate 431

that Distribution Alignment improves response se- 432

lection performance and confirm the effectiveness 433

of AlignedAug for response selection task. 434
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Table 4: Comparison of response selection performance
(Ubuntu Dataset) across data augmentation methods.
Values represent R@1, R@2 and R@5 (mean ± stan-
dard deviation) over 10 runs.

Method R@1 R@2 R@5

NoAugment. 0.427± 0.030 0.561± 0.031 0.772± 0.048

ConvAug 0.406± 0.025 0.520± 0.037 0.737± 0.032

AugGPT 0.434± 0.017 0.553± 0.031 0.765± 0.021

Synthetic Dlg. 0.415± 0.019 0.527± 0.023 0.754± 0.029

AlignedAug-Z 0.497 ± 0.021 0.634 ± 0.011 0.839± 0.016

AlignedAug-Q 0.481± 0.032 0.631± 0.022 0.841 ± 0.017

Summarization Task The highest summariza-435

tion performance is achieved using synthetic dia-436

logues generated by the proposed Cognition-aware437

Dialogue Generation stage (ROUGE-1 0.525,438

ROUGE-2 0.293, ROUGE-L 0.438). Results on439

the SAMSum Corpus dataset are presented in Ta-440

ble 5. Overall performance gains remain modest.441

All augmentation methods rely on paraphrasing442

and do not introduce new information or additional443

learning signals. SAMSum Corpus contains short444

dialogues with high information density, averaging445

9.7 utterances per dialogue. Paraphrasing-based446

augmentation consequently yields limited benefits.447

Table 5: Comparison of summarization performance
(SAMSum Dataset) across data augmentation methods.
Values represent ROUGE-1, ROUGE-2 and ROUGE-L
with mean ± standard deviation over 10 runs.

Method ROUGE-1 ROUGE-2 ROUGE-L

NoAugment. 0.477± 0.009 0.256± 0.011 0.398± 0.011

ConvAug 0.514± 0.006 0.290± 0.007 0.431± 0.007

AugGPT 0.519± 0.009 0.292± 0.011 0.434± 0.008

Synthetic Dlg. 0.525 ± 0.010 0.293 ± 0.009 0.438 ± 0.007

AlignedAug-Z 0.518± 0.013 0.288± 0.009 0.435± 0.012

AlignedAug-Q 0.513± 0.009 0.285± 0.014 0.430± 0.011

Comparison of Meaning Preservation and Di-448

versity across Augmentation Methods We com-449

pare the trade-off between meaning preservation450

and diversity across dialogue augmentation meth-451

ods on CollabChat and DeliData, as shown in Fig-452

ure 3. The x-axis represents BERTScore-F1 (Zhang453

et al., 2020), which measures semantic similarity454

between real and synthetic dialogues. Higher val-455

ues indicate better meaning preservation. The y-456

axis represents Distinct-2 (Li et al., 2016), which457

measures lexical diversity. Higher values indicate458

more diverse expressions. Methods located in the459

upper-right region achieve strong semantic preser-460

vation and high diversity.461

AlignedAug achieves a superior balance across462

all datasets compared to existing augmentation463
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Figure 3: Comparison of meaning preservation and di-
versity across dialogue augmentation methods.

methods. AlignedAug-Q consistently appears in 464

the upper-right region, indicating strong seman- 465

tic preservation and high diversity. AlignedAug-Z 466

maintains high BERTScore-F1 while achieving sig- 467

nificantly higher Distinct-2 values than baseline 468

methods. These results indicate stable semantic 469

preservation and effective diversity enhancement. 470

5.2 Ablation Study of AlignedAug Modules 471

The full configurations of AlignedAug-Z and 472

AlignedAug-Q achieve the highest performance 473

across all datasets compared to variants without 474

refinement, as analyzed through the impact of each 475

component in the AlignedAug framework in Ta- 476

ble 6. Bold values in Table 6 highlight this trend. 477

These results demonstrate the effectiveness of the 478

Chat Style Refinement strategy. 479

Table 6: Ablation study of the proposed AlignedAug
framework. Values represent Accuracy (mean ± stan-
dard deviation) over 10 runs.

Method CollabChat DeliData NPSChat

AlignedAug-Z 0.690±0.008 0.808±0.006 0.741±0.015

w/o Refine 0.471±0.003 0.801±0.011 0.520±0.000

AlignedAug-Q 0.623±0.083 0.814±0.014 0.725±0.073

w/o Refine 0.529±0.154 0.808±0.014 0.520±0.000

w/o Select 0.690±0.082 0.803±0.016 0.730±0.018

w/o Ref. Sel. 0.640±0.011 0.808±0.018 0.681±0.016
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Table 7: Changes in the distributions of naturalness and coherence across datasets after applying Distribution
Alignment

Naturalness (KS-Test SKS↓ (p↑)) Coherence (KS-Test SKS↓ (p↑))
Method CollabChat DeliData NPSChat Ubuntu SAMSum CollabChat DeliData NPSChat Ubuntu SAMSum
Synthetic Dlg. 0.95(4e-29) 0.57(4e-22) 0.79(0.01) 0.92(7e-33) 0.53(4e-56) 0.48(4e-6) 0.30(2e-6) 0.42(0.52) 0.35(3e-4) 0.26(2e-13)

AlignedAug-Z 0.39(0.04) 0.23(1e-3) 0.72(9e-7) 0.21(0.12) 0.20(1e-6) 0.38(0.04) 0.18(0.04) 0.41(0.02) 0.18(0.26) 0.17(6e-5)
AlignedAug-Q 0.35(0.04) 0.14(0.16) 0.75(0.10) 0.15(0.56) 0.07(0.37) 0.40(0.02) 0.18(0.04) 0.83(0.05) 0.12(0.87) 0.06(0.56)

Removing Chat Style Refinement (w/o. Refine)480

causes substantial performance degradation across481

most datasets. Performance drops are particularly482

large on CollabChat and NPSChat. AlignedAug-483

Z decreases from 0.690 to 0.471 on CollabChat484

and from 0.741 to 0.520 on NPSChat. AlignedAug-485

Q shows similar patterns. These results indicate486

that unrefined synthetic dialogues fail to capture487

the incompleteness and colloquial nature of real488

conversations.489

Statistical Selection also plays a critical role. Re-490

moving Selection (w/o. Select) reduces average491

performance or increases variance, leading to re-492

duced stability. Standard deviation on CollabChat493

increases from 0.008 to 0.082. Mean performance494

decreases on DeliData and NPSChat from 0.808495

to 0.803 and from 0.741 to 0.730, respectively. Re-496

moving both Refinement and Selection (w/o. Ref.497

Sel.) further degrades performance or increases498

variance compared to the full AlignedAug-Z con-499

figuration. These results demonstrate that Distri-500

bution Alignment contributes to both performance501

and stability.502

5.3 AlignedAug Performance on503

Distributional Gap Reduction504

This subsection demonstrates statistically signif-505

icant differences between real and synthetic dia-506

logues and shows that Distribution Alignment re-507

duces these differences.508

Naturalness and Coherence Score Distribution509

Gap Naturalness score distributions differ signif-510

icantly between real dialogues Dreal and LLM-511

generated synthetic dialogues Dsyn across all512

datasets (p ≤ 0.05), as summarized by the KS513

test results in Table 7. These differences mainly514

stem from sentence completeness: real dialogues515

often contain abbreviations and incomplete utter-516

ances, whereas synthetic dialogues favor grammat-517

ically complete and polished expressions. As il-518

lustrated in Figure 1, this results in higher natu-519

ralness scores for synthetic dialogues. Coherence520

score distributions show dataset-dependent behav- 521

ior. In NPSChat, dialogues involve many speakers 522

and long interactions, making topic consistency 523

difficult to maintain and leading to low coherence 524

scores in both real and synthetic dialogues. Con- 525

sequently, coherence distribution differences for 526

NPSChat are small and statistically insignificant. 527

Reduction of Distributional Differences After 528

Distribution Alignment Distribution Alignment 529

significantly reduces differences in naturalness and 530

coherence score distributions between real dia- 531

logues Dreal and AlignedAug dialogues Dalign 532

across all datasets. The KS statistics SKS for natu- 533

ralness and coherence decrease across all datasets 534

after alignment, as compared in Table 7. Corre- 535

sponding p-values generally increase. CollabChat 536

shows a reduction from SKS 0.95 to 0.35 and a 537

p-value increase from 4e−29 to 0.04. These re- 538

sults indicate that aligned dialogues more closely 539

match real dialogue distributions. Naturalness on 540

NPSChat shows a decrease in p-value from 0.01 541

to 9e−7. Distributional differences in Dsyn are 542

already small for this dataset. Additional improve- 543

ment is consequently limited. 544

6 Conclusion 545

This study proposed AlignedAug, a data augmenta- 546

tion framework for dialogue data. The framework 547

quantitatively analyzes and effectively reduces the 548

differences between real and LLM-generated syn- 549

thetic dialogues. We show that AlignedAug con- 550

sistently decreases the distributional gaps in natu- 551

ralness and coherence between real and synthetic 552

dialogues across all datasets. These findings quan- 553

titatively demonstrate that Chat Style Refinement 554

and Statistical Selection play a crucial role in ap- 555

proximating real dialogue distributions. Further- 556

more, we empirically verify that using distribution- 557

aligned synthetic data improves performance on 558

downstream tasks, including dialogue classifica- 559

tion and response selection. 560
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7 Limitations561

The Chat Style Refinement module relies on condi-562

tional random token deletion and adopts a relatively563

simple design. The strategy captures common prop-564

erties of real dialogues, including incompleteness565

and colloquial variation. The approach does not566

explicitly control higher-level conversational phe-567

nomena. Future work should explore more struc-568

tured refinement strategies. Potential directions in-569

clude modeling abbreviations, ungrammatical ex-570

pressions, and other discourse-level irregularities.571

Such extensions may further improve alignment572

with real-world conversational behavior.573

Despite these limitations, the study provides a574

systematic analysis of distributional mismatch in575

LLM-based dialogue augmentation. The proposed576

framework offers a practical solution for improving577

distribution alignment between real and synthetic578

dialogues.579
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A Dataset Details 742

This study uses five real-world chat dialogue 743

datasets. Three datasets target classification tasks, 744

while the remaining two target response selection 745

and summarization. Five datasets were selected 746

from available dialogue benchmarks to reflect re- 747

alistic chat environments. Table 8 summarizes the 748

labels and descriptions for the three classification 749

datasets. 750

CollabChat is a collaboration-oriented chat 751

dataset collected from a graduate-level introduc- 752

tory data science course at a private R1 univer- 753

sity in the United States. Each utterance is anno- 754

tated with four labels, including three collabora- 755

tive competencies and one non-competency cat- 756

egory. Students were assigned to groups of one 757

to five members and completed three subtasks us- 758

ing a web-based platform that integrates Jupyter- 759

Lab and chat functionality. Data were collected 760

across three semesters from 43 groups. After ex- 761

cluding individual-only groups, chat logs from 39 762

groups were used for analysis. The analyzed set 763

contains 2,876 utterances after removing agent 764

messages from the original 3,242 utterances. Del- 765

iData (Karadzhov et al., 2023) contains collabo- 766

rative dialogues collected during cognitive task- 767

solving processes. The dataset consists of 500 dia- 768

logues and approximately 14,000 utterances. Each 769

utterance is annotated with one of six dialogue 770

acts, such as questions, suggestions, or agreements, 771

enabling utterance-level classification. To reflect 772

utterance-type distributions observed in real col- 773

laborative settings, 101 dialogues were randomly 774

sampled, yielding 2,078 utterances for the classi- 775

fication task. NPSChat (Forsythand and Martell, 776
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2007) is a large-scale dataset collected from online777

chat rooms involving approximately 3,200 users.778

The dataset contains over 470,000 messages cov-779

ering unrestricted, free-topic conversations. Each780

utterance is annotated with one of 14 dialogue act781

labels. Long dialogue flows and multi-speaker in-782

teractions in the dataset reflect characteristics of783

open public chat environments. Six dialogues were784

randomly selected, comprising 3,126 utterances,785

to analyze distributional characteristics under long786

and multi-speaker settings. Ubuntu Dialogue Cor-787

pus (Lowe et al., 2015) consists of multi-turn di-788

alogues exchanged by Ubuntu users seeking tech-789

nical support. The dataset contains approximately790

930,000 two-party conversations and more than791

7 million utterances. Dialogues are unstructured792

text-based chats and are widely used for response793

selection tasks that require contextual understand-794

ing. A subset of 49 dialogues was sampled, result-795

ing in 2,482 utterances for the response selection796

task. SAMSum Corpus (Gliwa et al., 2019) con-797

tains messenger-style chat dialogues paired with798

human-written abstractive summaries. The dataset799

includes approximately 16,000 conversations cov-800

ering a range of formality levels. Each dialogue801

is associated with a third-person summary, mak-802

ing the dataset suitable for dialogue summarization803

tasks. A total of 293 dialogues were selected, in-804

cluding 2,868 utterances, for the summarization805

task.806

Public access is available for DeliData, NPSChat,807

Ubuntu Dialogue Corpus, and SAMSum Corpus,808

while CollabChat is private. Public datasets labeled809

with collaboration competency in authentic edu-810

cational settings are not available, motivating the811

use of CollabChat. CollabChat has a limited size,812

so collaborative utterance augmentation was ap-813

plied to increase training data volume and improve814

model generalization. The augmented data can also815

support future development of collaboration-aware816

assistance systems.817

B Prompt Templates818

The prompt template used for Cognition-aware Di-819

alogue Generation, the first step of AlignedAug, is820

presented in Figure 4. The template provides the tar-821

get utterance along with five preceding utterances822

as context. For classification tasks, each utterance823

is accompanied by its category label and a short824

textual description. Response generation is guided825

by a three-step procedure based on cognition-aware826

prompting strategies. Each generation run produces 827

six paraphrased utterances for the given target ut- 828

terance. 829

Figure 4: Example prompt template

Table 8: Label descriptions for classification task dataset

Dataset Label Description

CollabChat (4)

f1 Constructing shared knowledge
f2 Negotiation / Coordination
f3 Maintaining team function
x Non-collaborative competency

DeliData (6)

Moderation Managing or guiding the discussion process
Reasoning Providing arguments or explanations
Solution Proposing or evaluating task answers
Agree Showing agreement with previous statements
Disagree Expressing disagreement or counter-opinion
None Unrelated utterances (e.g., greetings, hesitation)

NPSChat (14)

Accept Positive response or agreement
Bye Goodbye or farewell
Clarify Clarification or request for clarification
Continuer Backchannel or continuer signal
Emotion Expression of emotion or feeling
Emphasis Emphasizing or reinforcing a statement
Greet Greeting
No Answer No answer to a question
Other Uncategorized or miscellaneous utterance
Reject Disagreement or rejection
Statement Declarative statement
WhQuestion Wh-question
Yes Answer Affirmative answer to yes/no question
ynQuestion Yes/no question
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Figure 5: Distribution of naturalness and coherence scores for real dialogues Dreal vs. synthetic dialogues Dsyn

across datasets. Panels (a)–(e) are based on real-world chat dialogues. Blue: real dialogues Dreal, Red: synthetic
dialogues Dsyn.

C Additional Analysis830

C.1 Naturalness and Coherence Distribution831

Gap832

Distributional differences in naturalness and co-833

herence scores were analyzed between real dia-834

logues Dreal and synthetic dialogues Dsyn across835

CollabChat, DeliData, NPSChat, Ubuntu Dialogue836

Corpus and SAMSum Corpus. The score distri-837

butions are visualized in Figure 5. Across all five838

datasets, synthetic dialogues (red) shows higher839

naturalness and coherence scores than the real dia-840

logues (blue). Real-world chat dialogues frequently841

contain fragmented sentences, abbreviations, and842

typographical errors, which lowers naturalness and843

coherence scores in the real data compared to the844

synthetic data.845

C.2 Distribution Shifts Across Chat Style 846

Refinement and Statistical Selection 847

Additional experiments used the Kolmogorov– 848

Smirnov (KS) test to examine how the natural- 849

ness and coherence score distributions of LLM- 850

generated dialogues change across AlignedAug 851

stages. The analysis emphasizes how Distribution 852

Alignment affects distributional similarity. 853

Chat Style Refinement generally reduces the 854

KS statistic SKS and increases the p-value across 855

datasets, indicating improved similarity to real dia- 856

logue distributions. For example, for naturalness, 857

CollabChat decreases from SKS = 0.95 to SKS = 858

0.43, and DeliData decreases from SKS = 0.57 859

to SKS = 0.21. For coherence, CollabChat de- 860

creases from SKS = 0.48 to SKS = 0.43, and Del- 861

iData decreases from SKS = 0.30 to SKS = 0.16. 862
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Table 9: Changes in the distributions of naturalness and coherence across datasets (CollabChat, DeliData, NPSChat)
after applying Chat Style Refinement and Statistical Selection.

Metric Method CollabChat DeliData NPSChat
KS-Test SKS

↓ (p↑) KS-Test SKS
↓ (p↑) KS-Test SKS

↓ (p↑)

naturalness

Synthetic Dlg. 0.95 (4× 10−29) 0.57 (4× 10−22) 0.79 (0.01)
Chat Style Ref. 0.43 (6× 10−3) 0.21 (3× 10−3) 0.54 (8× 10−4)
Statistical SelZ. 0.39 (0.04) 0.23 (1× 10−3) 0.72 (9× 10−7)
Statistical SelQ. 0.35 (0.04) 0.14 (0.16) 0.75 (0.10)

coherence

Synthetic Dlg. 0.48 (4× 10−6) 0.30 (2× 10−6) 0.42 (0.52)
Chat Style Ref. 0.43 (6× 10−3) 0.16 (0.05) 0.22 (0.55)
Statistical SelZ. 0.38 (0.04) 0.18 (0.04) 0.41 (0.02)
Statistical SelQ. 0.40 (0.02) 0.18 (0.04) 0.83 (0.05)

Table 10: Accuracy across datasets (CollabChat, DeliData, and NPSChat) under a ×6 augmentation setting. C
denotes the context window size used during training, with a fixed random seed of 42.

CollabChat DeliData NPSChat

Category Method Acc@C=1 C=3 C=5 Acc@C=1 C=3 C=5 Acc@C=1 C=3 C=5

Original No Augmentation 0.47 0.46 0.46 0.43 0.77 0.43 0.75 0.52 0.73

GPT-based

AugGPT 0.68 0.65 0.65 0.81 0.79 0.78 0.68 0.67 0.71
ConvAug 0.66 0.62 0.65 0.78 0.79 0.79 0.68 0.64 0.69
Synthetic Dlg. 0.67 0.66 0.66 0.79 0.79 0.81 0.65 0.69 0.52
Chat Style Ref. 0.69 0.67 0.66 0.81 0.80 0.79 0.71 0.72 0.72
Statistical SelZ. 0.71 0.68 0.65 0.80 0.81 0.81 0.74 0.73 0.52
Statistical SelQ. 0.70 0.70 0.63 0.80 0.80 0.79 0.76 0.73 0.74

NPSChat shows a decrease in coherence from863

SKS = 0.42 to SKS = 0.22, while the natural-864

ness p-value decreases from 0.01 to 8× 10−4. The865

pattern suggests that Synthetic Dialogue already866

exhibits a smaller distribution gap for NPSChat867

compared to CollabChat and DeliData.868

Statistical Selection yields additional alignment869

gains in some datasets. For naturalness, CollabChat870

improves from SKS = 0.43 to SKS = 0.35 under871

QSelect, and DeliData improves from SKS = 0.21872

to SKS = 0.14. In contrast, NPSChat increases873

from SKS = 0.54 to SKS = 0.75, indicating re-874

duced alignment. Similar trends appear for coher-875

ence. CollabChat slightly improves from SKS =876

0.43 to SKS = 0.38, while DeliData increases877

from SKS = 0.16 to SKS = 0.18 and NPSChat878

increases from SKS = 0.22 to SKS = 0.41. Deli-879

Data already reaches a statistically similar regime880

after refinement (p = 0.05), limiting further gains881

from selection. NPSChat exhibits small distribu-882

tion gaps prior to selection (naturalness: p = 0.01,883

coherence: p = 0.52), so filtering can increase di-884

vergence.885

C.3 Comparison Between AlignedAug-Z and 886

AlignedAug-Q 887

AlignedAug-Z and AlignedAug-Q provide 888

complementary benefits. AlignedAug-Z pri- 889

marily improves classification performance, 890

while AlignedAug-Q more effectively reduces 891

distributional gaps in naturalness and coherence. 892

Lower SKS values and higher p-values appear 893

more frequently under AlignedAug-Q, indicating 894

closer reproduction of score distributions from 895

real dialogues Dreal. DeliData illustrates the 896

trend clearly: AlignedAug-Z yields SKS = 0.23 897

with p = 1 × 10−3, while AlignedAug-Q yields 898

SKS = 0.14 with p = 0.16. Quantile-based 899

filtering preserves distribution shape, including tail 900

regions. 901

AlignedAug-Z aligns synthetic data around the 902

mean and variance of real dialogue distributions 903

using z-score thresholds. The approach can yield 904

slightly larger SKS values in some datasets while 905

removing extreme outliers. Classification perfor- 906

mance improves consistently, and stable training 907

behavior is reflected by small variance in accuracy 908
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Table 11: Accuracy across augmentation scales from ×1 to ×6 for each dataset, using a context window size of C =
3 and a fixed random seed of 42.

CollabChat Delidata NPSChat

Category Method ×1 ×2 ×3 ×4 ×5 ×6 ×1 ×2 ×3 ×4 ×5 ×6 ×1 ×2 ×3 ×4 ×5 ×6

Original No Aug. 0.47 – – – – – 0.77 – – – – – 0.52 – – – – –

GPT-based

AugGPT 0.67 0.67 0.67 0.65 0.65 0.65 0.75 0.74 0.77 0.76 0.75 0.79 0.59 0.70 0.64 0.72 0.65 0.67
ConvAug 0.65 0.64 0.65 0.60 0.64 0.62 0.78 0.79 0.80 0.79 0.78 0.79 0.70 0.73 0.72 0.72 0.69 0.64
Synthetic Dlg. 0.67 0.66 0.68 0.69 0.67 0.66 0.82 0.81 0.81 0.75 0.76 0.79 0.73 0.77 0.68 0.70 0.71 0.69
Chat Style Ref. 0.64 0.58 0.69 0.67 0.68 0.67 0.81 0.84 0.82 0.82 0.81 0.80 0.74 0.74 0.75 0.74 0.70 0.72
Statistical SelZ. 0.63 0.65 0.64 0.67 0.70 0.68 0.79 0.84 0.83 0.84 0.83 0.81 0.55 0.52 0.68 0.68 0.52 0.73
Statistical SelQ. 0.49 0.64 0.68 0.69 0.69 0.70 0.79 0.82 0.84 0.82 0.83 0.80 0.52 0.56 0.73 0.72 0.72 0.73

(CollabChat 0.690, NPSChat 0.741).909

C.4 Case Study910

Model Response
NoAugment. maybe just move on, we will get

result for task 2
ConvAug let’s just proceed, we’ll see the

outcome for task 2.
AugGPT Perhaps we should proceed; the

results for task 2 will come.
AlignedAug Perhaps we should continue the

results for task 2 will come

Table 12: Example responses generated by baselines
and AlignedAug.

Generation examples show that AlignedAug bal-911

ances meaning preservation with chat-style real-912

ism. NoAugment responses exhibit properties com-913

mon in conversational data, including omitted sub-914

jects, loosely connected clauses, and missing arti-915

cles. ConvAug and AugGPT produce well-formed916

sentence structures, which can increase natural-917

ness scores. AlignedAug uses vocabulary similar to918

AugGPT while retaining slightly unpolished clause919

connections. The output avoids overly refined style920

and preserves imperfections closer to real-world921

chat.922

C.5 Classification Accuracy by Context Size923

Classification accuracy varies with context win-924

dow size used during training. Table 10 reports925

results for context sizes C ∈ {1, 3, 5}. CollabChat926

achieves the best performance at C = 1, where927

AlignedAug-Z reaches 0.71 with a fixed seed of928

42. DeliData shows limited sensitivity to context929

size. Chat Style Refinement reaches 0.81 at C = 1,930

while Statistical Selection (Z) reaches 0.81 at C =931

3 and C = 5. NPSChat shows inconsistent trends932

across context sizes, but Statistical Selection (Q)933

achieves the best performance of 0.76 at C = 1.934

Overall, AlignedAug-based methods outperform 935

baselines in most settings (bolded). In the main 936

experiments, the context window size was set to 5. 937

C.6 Classification Accuracy by Augmentation 938

Scale 939

Augmentation scale does not monotonically im- 940

prove performance. Table 11 reports accuracy 941

across augmentation scales ×1 to ×6 with C = 3. 942

CollabChat baselines (AugGPT, ConvAug) achieve 943

peak performance at ×3 or ×4. Synthetic Dia- 944

logue and Chat Style Refinement also peak at ×3 945

or ×4. AlignedAug-Z and AlignedAug-Q achieve 946

peak performance at ×5 or ×6. DeliData and 947

NPSChat show non-monotonic trends. Results sug- 948

gest that sufficient augmentation scale is required 949

for AlignedAug to show consistent advantages, es- 950

pecially when distribution gaps are small. 951
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