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Abstract001

Dialogue summarization (DS) plays a vital role002
in improving customer service efficiency by au-003
tomatically generating concise summaries from004
lengthy multi-turn dialogues. However, exist-005
ing studies largely overlook the fine-grained006
sentiment dynamics expressed by customers,007
and most DS datasets lack detailed sentiment008
annotations. These limitations hinder both009
accurate service quality assessment and the010
development of sentiment-aware summariza-011
tion models. To address these challenges, we012
propose a three-stage approach to building013
an aspect-aware sentiment dataset, compris-014
ing: (1) aspect-anchored dialogue rewriting,015
(2) dialogue-anchored explainable label gener-016
ation, and (3) label-dialogue integrated sum-017
marization. Building upon this scheme, we018
construct FOCUS, a Fine-grained customer-019
Oriented Chinese dialogUe Summarization020
dataset. FOCUS is the first Chinese dataset021
with 12,948 dialogues annotated for multi-level022
aspects, sentiment polarity, opinion content,023
emotions, as well as customer-oriented format-024
ted and free-style sentiment summaries. To025
demonstrate the challenges and utility of FO-026
CUS, we benchmark a range of summarization027
models on FOCUS and observe that current028
methods often exhibit misalignment between029
aspects and sentiments. Meanwhile, we find030
that a Chain-of-Thought approach can enhance031
faithfulness and interpretability, highlighting032
promising directions for future research on this033
dataset. FOCUS serves as a valuable resource034
to advance research in sentiment-aware DS035
and related tasks. Code: https://anonymous.036
4open.science/r/FOCUS-6D6F037

1 Introduction038

In recent years, AI-powered dialogue agents have039

been widely adopted in customer service, offer-040

ing scalable and cost-effective solutions for han-041

dling large volumes of user interactions (Dias et al.,042

2022). However, these systems often exhibit limi-043

tations in accurately detecting users’ sentiment and044

emotional states (Brun et al., 2025), potentially re- 045

sulting in impersonal or contextually inadequate 046

responses. This shortcoming can diminish user sat- 047

isfaction and hinder merchants’ ability to evaluate 048

the performance of their deployed agents. 049

In this context, customer-oriented dialogue sum- 050

marization (DS) serves as a critical tool—not only 051

for distilling key information from lengthy multi- 052

turn dialogues, but also for enabling downstream 053

analysis of user sentiment and system performance. 054

For instance, generating concise summaries that re- 055

flect a customer’s sentiment attitude toward differ- 056

ent aspects of the service (e.g., delivery or refunds) 057

allows service provider to better understand user 058

needs and monitor AI-agent behavior. 059

However, most existing DS research has fo- 060

cused on domains such as meetings (Kirstein et al., 061

2025) or doctor-patient dialogue (Song et al., 2020), 062

which emphasize the objective factual informa- 063

tion. Unlike other domains, customer service dia- 064

logue in the e-commerce domain exhibit subjective 065

characteristics covering multi-aspect, and dynamic 066

shifts in sentiment states. These traits pose unique 067

challenges for the task of DS. While early efforts 068

like JDDC (Chen et al., 2020) and CSDS (Lin 069

et al., 2021) have contributed large-scale dialogue 070

datasets for this domain, they lack critical sen- 071

timent annotations, and their summary formats 072

are overly simplistic (e.g., role-specific QA pairs). 073

Such limitations pose challenges to capturing the 074

subtle sentiment dynamics required for assessing 075

customer satisfaction and improving quality of ser- 076

vice systems. 077

To solve the above issues, inspired by ESCoT 078

(Zhang et al., 2024), we propose a scalable, three- 079

stage dataset construction scheme based on LLMs 080

to trade off data privacy and annotation costs in 081

e-commerce scenarios. Based on this scheme, 082

we construct FOCUS, a Fine-grained Customer- 083

Oriented Chinese Sentiment Dialogue Summariza- 084

tion Dataset, one sample of which is shown in 085
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Figure 1: An example from FOCUS dataset. Sentences with the same color (purple and red) represent key
informations with the same aspect (purple for packaging and red for receiving method). The numbers contained in
parentheses in the content of label block denote indexes of key utterances.

Figure 1. Each sample in FOCUS consists of086

three blocks, i.e., dialogue, label and summary.087

Dialogue block consists of multi-turn utterances,088

packed with sentiment, between a customer and an089

agent. In label block, the content field is used090

to record the origin of a specific sentiment ex-091

pressed by the customer towards corresponding092

aspect, which can be used as an important reference093

for generating explainable summary. To comple-094

ment sentiment analysis, we categorize four emo-095

tion types reflecting customers’ transient states, en-096

abling dialogue systems to better detect emotional097

shifts. The summary block contains two distinct098

types of summaries, i.e., formatted and free-style099

summary. Unlike existing resources, FOCUS is100

designed as a multi-task dataset to support four101

key sentiment-centric tasks: (1) fine-grained senti-102

ment analysis (using dialogue and label in Figure103

1), (2) emotion attribution analysis (using content104

and emotion), (3) empathetic response generation105

(using label), and (4) sentiment dialogue summa-106

rization (using dialogue and summary).107

Existing approaches consider summary genera-108

tion a black-box process (Tian et al., 2024), result-109

ing in limited consistency control and explainabil-110

ity. These limitations impede practical deployment111

in customer service, where missing key complaints112

and opaque reasoning are critical concerns. Wei113

et al. (2022) first proposed using CoT prompting114

to elicit reasoning in LLMs. Later, CoT is widely 115

used to improve model performance, including ex- 116

plainability and faithfulness (Nachane et al., 2024; 117

Jacovi et al., 2024). Inspired by CoT, we propose 118

COTS2 as a task-aligned baseline that makes as- 119

pect–sentiment reasoning explicit, serving to better 120

diagnose faithfulness issues on FOCUS. 121

Our contributions are summarized as follows: 122

• Dataset. We release FOCUS, a Chinese 123

customer-service COSDS resource with a 124

12,948-dialogue checked corpus and a 5,688- 125

dialogue human-refined benchmark subset, 126

annotated with fine-grained aspects, aspect- 127

level sentiment polarity, opinion evidence, and 128

four emotion types, along with dual-style (for- 129

matted and free-style) customer-oriented sum- 130

maries. 131

• Task and evaluation. We formalize 132

Customer-Oriented Sentiment Dialogue 133

Summarization (COSDS) and propose 134

task-aligned evaluation via Aspect Cover- 135

age Rate (ACR) and Sentiment Accu- 136

racy per Aspect (SAA) (both objective 137

and human-scored), complementing standard 138

ROUGE/BERTScore for fair comparison. 139

• Benchmarks and findings. We benchmark 140

strong PLMs/LLMs on FOCUS and show 141

that current models often fail at multi-aspect 142
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Figure 2: FOCUS construction flow (top) and prompting scheme (bottom). The LLM-generated pool (unchecked)
is filtered into the released checked set (12,948 dialogues). We then sample 6,000 checked dialogues for manual
correction and retain 5,688 as the high-precision refined subset used for the main benchmarks.

sentiment disentanglement (e.g., aspect omis-143

sions and sentiment flips), leading to a marked144

misalignment between standard automatic145

metrics and human judgments. We further146

introduce COTS2 as a task-aligned base-147

line that makes aspect–sentiment reasoning148

explicit and improves faithfulness and aspect-149

level correctness.150

2 Data Construction151

We will discuss the construction flow on how our152

dataset is constructed in this section, including153

source data collection, sample generation, and qual-154

ity control, which is illustrated in Figure 2.155

2.1 Data Source156

Our dataset builds on the real-world CSDS (Lin157

et al., 2021) dataset from JD.com1, ensuring FO-158

CUS’s authenticity. During the selection pro-159

cess, we follow rigorous filter criteria: prioritiz-160

ing lengthy dialogues to ensure substantial infor-161

mational content and greater summarization chal-162

lenges; ensuring a diverse and evenly distributed163

range of aspects; and verifying semantic complete-164

ness across all dialogues. This guarantees the qual-165

ity of our initial data.166

2.2 Sentiment dialogue sample generation167

Given the high cost of manual annotation and168

rewriting, we leverage LLM to automatically169

rewrite dialogues, aiming to preserve core aspects170

from real-world scenarios while enriching them171

with sentiment information. While this process172

introduces stylistic artifacts inherent to LLM gen-173

eration, our five complementary alignment tests174

1https://www.jd.com

demonstrate that FOCUS closely matches real di- 175

alogues (see Section 2.6). LLM-based data gener- 176

ation strategy is widely adopted in top academic 177

conference (Zhang et al., 2024). The dataset con- 178

struction process consists of four main steps: (1) 179

Identifying common aspects in the e-commerce do- 180

main that are likely to elicit user sentiments. (2) 181

Starting from existing e-commerce dialogues, lever- 182

aging LLMs to integrate aspect and sentiment in- 183

formation into the dialogues and rewrite them ac- 184

cordingly, thereby generating sentiment-aware dia- 185

logues (referred to as dialogue in Figure 1). (3) Em- 186

ploying LLMs to locate specific sentences (referred 187

to as content in Figure 1) within the sentiment- 188

aware dialogues from step (2) where customers 189

express sentiment toward a given aspect , and an- 190

alyzing the emotions (referred to as emotion in 191

Figure 1) conveyed in these sentences. (4) Generat- 192

ing a sentiment summary (referred to as summary 193

in Figure 1) for customers based on dialogues ob- 194

tained from (2) and the content obtained from (3). 195

Diversity Aspects We define five representative 196

coarse-grained aspects in the e-commerce domain: 197

Quality, Delivery, After-sale, Discounts, and Sys- 198

tem. Based on these categories, we select several 199

relevant aspects from the CSDS dataset that are 200

likely to reflect customer sentiment. The result- 201

ing two-level aspect framework comprises 25 fine- 202

grained aspects, as presented in Table 1. 203

Generation of Dialogue Data After determin- 204

ing all the aspects, we utilize Qwen2 to rewrite 205

dialogues. To ensure aspect diversity and a bal- 206

anced distribution, we constrain the dataset such 207

that dialogues with one aspect comprise 40%, two 208

2https://bailian.console.aliyun.com
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Quality Delivery After-sale Discounts System
packaging delivery method returns membership discounts order
missing accessories delivery cycle refund threshold discounts shopping cart
color issue shipping damage warranty points discounts payment
authenticity incorrect delivery after-sale installation price protection invoice
shelf life receiving method reshipment cashback account

Table 1: Sentiment-oriented aspects table.

aspects 50%, and three or four aspects combined209

account for the remaining 10%. This aspect-count210

distribution is challenge-oriented: it intentionally211

up-weights multi-aspect cases to stress-test mod-212

els’ ability to disentangle aspect-level sentiments,213

rather than mirroring the long-tailed frequencies214

of raw service logs. We designed an algorithm215

to ensure the diversity of numbers in each dia-216

logue (see Appendix A) and proposed an aspect-217

aware sentiment DS generation scheme based on218

LLMs, consisting of three steps: aspect-anchored219

dialogue rewriting, dialogue-anchored explainable220

label generation, and label-dialogue integrated sum-221

marization. The prompt to each step for generat-222

ing scheme is illustrated in Figure 2. (1) Aspect-223

anchored Dialogue Rewriting: First, we rewrite224

the extracted dialogues, integrating the aspects and225

sentiment into the dialogues during this process.226

Since we conducted a few preliminary tests before227

generation, we found that the model sometimes228

copied the original text and produced too few turns,229

both of which could lead to lower quality of the230

generated dialogues. Therefore, we added con-231

straints to the generation process in the prompts.232

(2) Dialogue-anchored Explainable Label Gen-233

eration: Second, based on the dialogues obtained234

in the first step, we ask the LLM to identify the sen-235

tences that express sentiment regarding the aspect236

and analyze what kind of emotions these sentences237

convey, so that our dataset has good interpretabil-238

ity. As the model tended to overlook emotional239

customer utterances or focus on agent responses,240

we further refined the prompts to guide its atten-241

tion. (3) Label-Dialogue Integrated Summariza-242

tion: Finally, based on the dialogues obtained in243

the first step and the attribution sentences generated244

in the second step, we generate the final customer-245

oriented summary. To mitigate overly verbose out-246

puts, we apply length constraints during generation.247

2.3 Summary Style248

We observe that, without explicit style instructions,249

LLM-generated summaries exhibit diverse forms250

but often lack sufficient detail to meet user needs.251

We refer to these as free-style summaries and ex- 252

amine which summary style best aligns with the 253

objectives of our task. 254

To better capture real-world diversity, we intro- 255

duce additional summary styles. Based on exten- 256

sive analysis, we argue that an effective dialogue 257

summary should identify customer needs, enhance 258

service quality, and track service progress in e- 259

commerce scenarios. Importantly, the summary 260

style should adapt to the customer’s sentiment to- 261

ward each aspect. For negative sentiment, the 262

summary should highlight its cause and the cus- 263

tomer’s expected resolution. For positive sentiment, 264

it should clarify whether satisfaction stems from 265

the dynamic service process or the aspect itself. 266

Accordingly, we design two summary templates, 267

as shown in Table 2. 268

Sentiment Template
Negative The customer expressed {specific

opinions or issues} about {aspect},
particularly regarding {specific de-
tails}. The customer hopes for {de-
sired outcome or solution}.

Positive The customer raised {specific opin-
ions or issues} about {aspect}, and
the agent {handling process}. The
customer was satisfied with {aspect}
because of {reasons why this aspect
satisfied the customer}. Meanwhile,
the customer expressed {attitude}
towards {the actions of the agent}.

Table 2: Templates for summarizing dialogues with
different sentiment tendencies. The negative template
focuses on complaints, specific reasons, and customer
expectations; the positive template highlights service
experiences and customer satisfaction.

We provide both formatted and free-style sum- 269

maries. A pilot study suggests formatted sum- 270

maries are preferred for low-aspect dialogues, 271

while free-style summaries better handle multi- 272

aspect cases; details are in Appendix C. 273
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Subset #Dialogues Supervision Primary use

Checked 12,948 LLM labels +
5,000-sample audit

Released corpus;
statistics; optional
training

Refined 5,688 Human-corrected (from
6,000)

Main benchmarks
(train/dev/test)

Table 3: FOCUS subsets used in this paper. The refined
subset is sampled from the checked set and manually
corrected for high-precision evaluation.

Dataset Lang. # Dia Role Sum. Aspec. Senti. Emoti.
AMI (Carletta et al., 2006) EN 137 No No No No

SAMSum (Gliwa et al., 2019) EN 16,369 No No No No
HET-MC (Song et al., 2020) ZH 44,983 Yes No No No

TOSDS (Zou et al., 2021) ZH 18,860 No No No No
CSDS (Lin et al., 2021) ZH 10,701 Yes Yes No No

JDDC 2.1 (Zhao et al., 2022) ZH 246,000 Yes No No No
ClidSum (Wang et al., 2022) EN→ZH/DE 67,000 No No No No

MDS (Liu et al., 2024) EN/ZH 11,305 No No No No
MISP-Meeting (HangChen et al., 2025) ZH 163 No No No No

FOCUS ZH 12,948 Yes Yes Yes Yes

Table 4: Comparison of different DS datasets. # Dia.
represents total number of dialogues in each dataset.
Aspec., Senti., and Emoti. indicate whether the dataset
contains information related to aspect, sentiment, and
emotion, respectively.

2.4 Check and Annotation274

We audit 5,000 unchecked instances with 3 an-275

notators using dialogue-level and summary-level276

rubrics; agreement is substantial (Fleiss’ κ in [0.59,277

0.71]) and averaged scores indicate high quality278

(details in Appendix B).279

To improve the real-world applicability of our280

experiments, we manually refined a portion of the281

data during quality checking to better simulate real-282

world dialogues. Specifically, we randomly sam-283

pled 6,000 instances from the checked dataset for284

additional human annotation, correcting inaccurate285

aspect and emotion labels where necessary. After286

filtering, 5,688 high-quality instances were retained287

to form the refined dataset.288

2.5 Dataset Statistics and Comparison289

The FOCUS dataset consists of the checked and290

refined dataset, with the former serving as the core291

component and the latter tailored for real-world292

evaluation. Table 3 summarizes the size and role293

of each subset. In this section, we focus on ana-294

lyzing the checked dataset. A comparison with295

existing datasets is provided in Table 4, where, to296

the best of our knowledge, FOCUS is the first Chi-297

nese sentiment DS dataset annotated with aspects,298

sentiments, and emotions.299

We further present key statistics of the dataset:300

Figure 3 (a) shows the frequency of 25 aspects301

and their sentiment distributions, highlighting the302

aspects most frequently discussed or complained303

about; Figure 3 (b) presents the distribution of dia-304

logue turns, indicating the typical length and com-305

plexity of customer service interactions; Figure 3306

(c) illustrates the relationship between aspects and 307

emotions, capturing the emotional nuances asso- 308

ciated with different aspects; Figure 3 (d) shows 309

the co-occurrence of emotions, demonstrating the 310

dataset’s ability to reflect complex, mixed emo- 311

tional states. Additional statistics for both the 312

checked and refined dataset are provided in the 313

Appendix D. 314

2.6 Validation of Data Authenticity and 315

Real-World Alignment 316

Because FOCUS includes LLM-rewritten dia- 317

logues based on real CSDS interactions, we first 318

checked whether these rewrites introduced subtle 319

style artifacts before running benchmarks. We 320

compared FOCUS with 3000 held-out authen- 321

tic CSDS dialogues using five tests: (1) conver- 322

sation structure (Kolmogorov–Smirnov on turn 323

counts), (2) aspect and polarity prevalence (Pear- 324

son r over 25 aspects), (3) sentiment dynamics 325

within dialogues (polarity-shift rate), (4) stylomet- 326

ric n-gram divergence (character 4-gram JSD), and 327

(5) a style-artifact detector (linear classifier AUC 328

on stylometric features). Results show synthetic 329

and real dialogues to be essentially the same: KS 330

D=0.024 (p>0.05); Pearson r=0.92/0.89; shift 331

rates 18.4% vs. 17.8%; median JSD 0.013 (95% 332

CI [0.012, 0.016]); and detector AUC 0.54 (95% 333

CI [0.50, 0.58]). Full details and acceptance crite- 334

ria are provided in the Appendix I, supporting the 335

authenticity and reliability of FOCUS. 336

3 Experiment 337

3.1 Task Definition 338

We define the Customer-Oriented Sentiment Di- 339

alogue Summarization (COSDS) task as follows. 340

Given a multi-turn dialogue 341

D = {(r1, u1), (r2, u2), . . . , (rn, un)}, 342

where each utterance ui is associated with a speaker 343

role ri ∈ {customer, agent}, the goal is to gener- 344

ate a customer-oriented sentiment summary 345

S = {(a1, s1, x1), (a2, s2, x2), . . . , (am, sm, xm)}. 346

Each segment (aj , sj , xj) denotes an aspect aj , its 347

sentiment polarity sj ∈ {positive, negative}, 348

and an explanation xj of the reason and expecta- 349

tion. 350

The summary focuses on customer opinions and 351

is structured to reflect aspect-specific sentiment 352

with explanatory context. 353
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Figure 3: Analysis of FOCUS.

3.2 Evaluation of Models and Metrics354

Compared to traditional DS tasks, COSDS is355

more challenging. In this subsection, we select356

baseline models as follows. PLMs: 1) mengzi-357

t5-base (T5) (Zhang et al., 2021), 2) bart-large-358

chinese (BART) (Yunfan SHAO, 2024); LLMs: 3)359

Llama3-Chinese-8B-Instruct (Llama) (Grattafiori360

et al., 2024), 4) DeepSeek-R1-Distill-Qwen-14B361

(DeepSeek) (DeepSeek-AI, 2025).362

For evaluation metrics, we conduct comprehen-363

sive evaluations in 3 different ways(i.e., objective,364

human and ChatGLM (GLM-4) evaluation). Ob-365

jective evaluation includes: ROUGE (Lin, 2004),366

BERTScore (Zhang* et al., 2020). Subjective eval-367

uation include Faithfulness, Fluency, Informative-368

ness, and Conciseness (Gao et al., 2023).369

We report ROUGE/BERTScore mainly for com-370

parability with prior DS work; however, they are371

insensitive to aspect-level sentiment correctness,372

which is central to COSDS. To evaluate the qual-373

ity of COSDS, we propose two task-specific met-374

rics: Aspect Coverage Rate (ACR) and Senti-375

ment Accuracy per Aspect (SAA). ACR measures376

whether the key aspects discussed in the dialogue377

are retained in the summary, while SAA evaluates378

whether the sentiment associated with each aspect379

is correctly preserved. Our evaluation combines380

both human judgments and automatic scores. De-381

tailed definitions and computation procedures are382

provided in the Appendix G.383

3.3 Experiment Setup384

We conduct experiments on the refined dataset385

from FOCUS. We use the refined subset for386

benchmarking because our aspect-aware metrics387

(ACR/SAA) require high-precision ground truth.388

To verify robustness to scale and label noise, we389

additionally train on the full checked set and evalu-390

ate on the refined test set; the conclusions remain391

unchanged (Appendix J). The dataset is split into392

a training set (80%), a validation set (10%), and393

a test set (10%) for both formatted and free-style 394

fine-tuning strategies. 395

Model Training We fine-tune PLMs with full FT 396

and LLMs with LoRA under standard settings; full 397

hyperparameters and prompts are in Appendix F. 398

3.4 Result and Analysis 399

3.4.1 Multi-view Evaluation 400

We report the overall performance of all models 401

on both formatted and free-Style summarization 402

settings in Table 5, evaluated by both automatic 403

metrics and human judgments. Human evaluations 404

were conducted by three annotators with NLP ex- 405

pertise. Inter-annotator agreement, measured via 406

Fleiss Kappa, averaged 0.82, indicating high relia- 407

bility. Additional evaluation results for ChatGLM 408

are provided in the Appendix H. We summarized 409

our findings from following aspects: 410

1) In the formatted setting, Our analysis re- 411

veals that while LLMs like DeepSeek achieve high 412

ROUGE scores, they can struggle with faithful- 413

ness and sentiment accuracy. An explicit rea- 414

soning approach, as used in our COTS2 baseline, 415

demonstrates significant improvements in human- 416

evaluated metrics like Faithfulness (4.90), Fluency 417

(4.93), Informativeness (4.70), ACR (4.50), and 418

SAA (4.80), indicating that the structured reason- 419

ing path is a key challenge presented by our dataset. 420

2) In the free-Style setting, COTS2 continues to 421

outperform other baselines in human evaluation. It 422

surpasses all models in Faithfulness (4.80), Fluency 423

(4.97), and SAA (4.75), indicating that COTS2 re- 424

mains robust even in less constrained generation 425

styles. Moreover, it maintains competitive perfor- 426

mance on ROUGE-1 (51.89), better than most other 427

models. 428

3) Existing models are prone to mismatch be- 429

tween aspects and sentiments in COSDS. In con- 430

trast, our COTS2, by leveraging an explicit reason- 431

ing path guided by label information, significantly 432
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enhances both controllability and accuracy in com-433

plex sentiment summarization tasks.434

4) We observe a clear misalignment between435

automatic metrics and human evaluations in436

both settings. In particular, some models (e.g., T5)437

obtain unexpectedly high ROUGE despite weaker438

human preference, likely due to issues like content439

repetition. We analyze such discrepancies through440

three representative case studies (see Appendix L).441

Why standard metrics misalign with COSDS442

In COSDS, a summary can achieve high443

n-gram overlap by copying aspect keywords444

while flipping sentiment polarity or introduc-445

ing unsupported claims—errors that are fatal for446

customer-service diagnosis but largely invisible to447

ROUGE/BERTScore. Table 6 decomposes com-448

mon failure types. We find that models with higher449

ROUGE may still have higher rates of (i) miss-450

ing gold aspects, (ii) sentiment flips on covered451

aspects, whereas COTS2 reduces these errors and452

aligns better with human faithfulness.453

We further test transfer to CSDS and domain-454

adaptive training on JDDC; results suggest COTS2455

scales and transfers beyond FOCUS (Appendix K)456

3.4.2 Multi-aspect Evaluation457

To investigate the robustness of models under dif-458

ferent levels of aspect complexity, we assess the459

model’s performance on dialogue samples that in-460

clude one to four aspects in formatted summary461

setting. As shown in Figure 4, all models exhibit462

performance fluctuations as the number of as-463

pects increases, revealing fluctuations that high-464

light the inherent challenges of the task. Specifi-465

cally, traditional PLMs such as T5 and BART show466

a noticeable decline in all metrics with more as-467

pects involved, indicating difficulty in capturing468

multi-aspect information consistently. In contrast,469

LLMs demonstrate stronger resilience. For ex-470

ample, COTS2 and DeepSeek maintain compet-471

itive ROUGE and BERTScore across different as-472

pect settings, even achieving performance gains473

when moving from single to double-aspect sam-474

ples. These results highlight that while increas-475

ing aspect numbers poses significant challenges476

for summarization, LLMs can better adapt to com-477

plex semantic structures, showing potential in real-478

world multi-aspect dialogue scenarios. We provide479

free-style results in Appendix H.480
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Figure 4: Model performance across dialogue samples
containing one to four aspects under the formatted set-
ting. Metrics include ROUGE-1/2/L and BERTScore.

3.4.3 Ablation and Exploration of CoT 481

Building on the superior performance of COTS2 in 482

Faithfulness, ACR, and SAA, we conducted com- 483

prehensive ablation studies to identify the optimal 484

CoT structure. We compared our fixed three-step 485

CoT against several variants, including step re- 486

moval, order permutations, a two-step Short CoT, 487

and CoTs generated by external LLMs (DeepSeek- 488

R1, QwQ-32B). All experiments used DeepSeek- 489

R1-Distill-Qwen-14B as the base model.The tem- 490

plates generated based on FOCUS labels and those 491

generated by LLMs are both provided in the Ap- 492

pendix E. 493

The results in Table 7 unequivocally demonstrate 494

the superiority of our proposed CoT. We found that 495

the canonical order is critical, as any permutation 496

degraded performance, especially those starting 497

with step S. Furthermore, each step proved nec- 498

essary; removing any step (A, O, or S) harmed 499

performance, with the omission of A causing the 500

largest drop. Simpler variant, such as the Short 501

CoT was progressively less effective. Finally, CoTs 502

generated by external LLMs also underperformed, 503

likely because their over-extended and instance- 504

specific reasoning failed to generalize well for our 505

base model and data scale. 506

4 Related Work 507

Datasets DS is particularly challenging due to its 508

multi-turn structure, overlapping speaker roles, and 509

implicit sentiment shifts. Existing datasets span 510

diverse domains such as political debates (Rennard 511

et al., 2023), multilingual conversations (Wang 512

et al., 2022; Feng et al., 2022), and clinical interac- 513

tions (Song et al., 2020). In e-commerce, Chen et al. 514
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Type Models Params
Objective metrics Human evaluation

R-1 R-2 R-L BS ACRobj SAAobj Fai. Flu. Inf. Con. ACRhum SAAhum

Formatted

T5 220M 61.64 35.86 51.78 82.49 69.80 75.40 4.53(0.7) 4.43(0.7) 3.96(0.8) 4.36(0.8) 3.86(1.1) 4.13(1.0)
BART 406M 57.18 35.72 45.65 78.62 68.10 73.20 4.60(0.7) 4.70(0.7) 3.53(0.7) 4.80(0.3) 3.56(1.0) 3.83(0.9)
Llama 8B 64.51 44.00 58.02 83.72 79.60 84.30 4.70(0.6) 4.90(0.4) 4.63(0.7) 4.53(0.5) 4.46(0.8) 4.60(0.7)
DeepSeek 14B 65.34 45.28 58.50 83.67 78.90 83.90 4.76(0.4) 4.90(0.3) 4.60(0.7) 4.83(0.3) 4.43(0.8) 4.60(0.6)
COTS2 14B 63.92 42.77 57.13 83.31 81.80 86.20 4.90(0.3) 4.93(0.2) 4.70(0.5) 4.63(0.4) 4.50(0.7) 4.80(0.4)

Free-Style

T5 220M 51.75 29.12 43.19 79.53 59.20 62.30 4.13(1.1) 4.23(0.9) 4.17(0.9) 3.90(1.2) 4.57(0.7) 4.23(1.1)
BART 406M 51.82 26.47 42.98 78.98 58.70 62.10 4.53(0.8) 4.90(0.3) 3.97(1.0) 4.67(0.7) 4.30(1.1) 4.40(1.0)
Llama 8B 51.03 26.60 43.85 79.94 66.10 70.50 4.57(0.7) 4.87(0.3) 4.37(0.8) 4.57(0.6) 4.53(0.9) 4.63(0.8)
DeepSeek 14B 50.78 24.67 42.69 79.31 65.00 69.80 4.77(0.5) 4.90(0.2) 4.33(0.9) 4.56(0.6) 4.67(0.8) 4.71(0.8)
COTS2 14B 51.89 26.55 43.73 79.59 66.90 71.20 4.80(0.5) 4.97(0.2) 4.41(1.0) 4.58(0.3) 4.69(0.9) 4.75(0.8)

Table 5: Overall results in terms of Objective metrics and Human evaluation. The mean and standard deviation of
the evaluation scores from human evaluation are reported.

Model ROUGE-L↑ ACRobj ↑ SAAobj ↑ Aspect omission↓ Sentiment error↓

T5 51.78 69.80 75.40 30.20 24.60
BART 45.65 68.10 73.20 31.90 26.80
Llama 58.02 79.60 84.30 20.40 15.70
DeepSeek 58.50 78.90 83.90 21.10 16.10
COTS2 57.13 81.80 86.20 18.20 13.80

Table 6: Error-type decomposition in the formatted set-
ting. These error types are central to COSDS but are
weakly reflected by ROUGE.

CoT Variant R-1 R-2 R-L BS ACRobj SAAobj
Ablations / Variants of our 3-step CoT
Ours 46.58 19.27 32.90 74.23 85.10 92.50

w/o Aspect recognition 40.82 12.89 28.81 72.75 75.21 88.13
w/o Opinion localization 43.15 16.03 30.14 73.49 80.54 90.32
w/o Sentiment extraction 42.51 15.72 29.56 73.11 81.23 87.55
Order swap: O→A→S 45.76 18.55 32.20 73.90 84.55 91.84
Order swap: A→S→O 45.10 18.00 31.95 73.68 84.12 91.53
Order swap: O→S→A 45.15 18.05 32.00 73.70 84.19 91.60
Order swap: S→A→O 44.65 17.40 31.25 73.35 83.51 90.98
Order swap: S→O→A 44.38 17.20 31.05 73.28 83.30 90.71
Short CoT: A→S only 44.78 17.65 31.40 73.55 83.82 91.22
Short CoT: O→S only 44.36 17.28 31.05 73.32 83.41 90.83

External CoTs
QwQ 42.34 11.90 28.57 73.01 78.90 89.54
DS-R1 40.15 12.51 28.56 72.58 77.34 88.91

Table 7: Ablation and variant results for our fixed 3-step
CoT (aspect recognition→ opinion content localization
→ sentiment extraction). Rows remove one step, swap
order, or shorten the CoT; External CoTs are LLM-
generated chains for comparison.

(2020) introduced JDDC, a large-scale Chinese515

dataset based on real-world customer service dia-516

logues. Lin (2021) proposed CSDS, a fine-grained517

dataset emphasizing dialogue summarization with518

role information. JDDC 2.1 (Zhao et al., 2022) fur-519

ther expanded the scope to multimodal data with520

over 246K sessions and 507K images. In English,521

Feigenblat et al. (2021) released TWEETSUMM,522

a high-quality dataset of annotated summaries for523

customer service. However, these datasets lack524

sentiment-level annotations and often ignore cus-525

tomer emotion, limiting their utility for assessing526

service satisfaction or building sentiment-aware527

summarization models. In contrast, FOCUS in-528

troduces fine-grained aspect-sentiment labels, four529

emotion categories, and dual-style summaries, en-530

abling research into explainable COSDS.531

Methods Early DS approaches adapted docu- 532

ment summarization techniques directly to dia- 533

logues (Gliwa et al., 2019). Later work proposed 534

dialogue-specific enhancements, including the use 535

of dialogue acts (Goo and Chen, 2018), key phrases 536

and entity tracking (Narayan et al., 2021), and 537

role-aware modeling (Lin et al., 2022). To im- 538

prove performance, recent studies explored MoE 539

architectures (Tian et al., 2024). However, most 540

prior methods treat summarization as a black-box 541

generation task (Zhong and Litman, 2025), lack- 542

ing faithfulness, controllability, and interpretability. 543

In contrast, COTS2 integrates explainable aspect- 544

sentiment reasoning into the generation process. 545

This improves alignment between user opinions, 546

emotional tone, and the resulting summaries, set- 547

ting new benchmarks for interpretable DS in real- 548

world applications. 549

5 Conclusion 550

In this paper, we construct a novel Chinese 551

customer-oriented sentiment dialogue summary 552

dataset named FOCUS ,which is the first Chinese 553

dataset with 12,948 dialogues annotated for multi- 554

level aspects, sentiment polarity, opinion content, 555

emotions, as well as customer-oriented summaries. 556

We also do elaborate experiments on FOCUS and 557

draw some instructive conclusions on method per- 558

formance and dataset difficulties. Furthermore, we 559

find that a CoT approach significantly enhances the 560

explainability of the summary generation process, 561

along with improvements in faithfulness and aspect 562

matching accuracy. FOCUS serves as a multi-task 563

dataset designed to support sentiment-centric sum- 564

marization and related tasks. Future work will ex- 565

plore diverse downstream applications extending 566

beyond DS, such as fine-grained sentiment analy- 567

sis, emotion attribution analysis, and the generation 568

of empathetic responses. 569
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Limitations570

Although FOCUS is packed with sentiment labels571

and summary styles, due to the high cost of man-572

ual annotation, over 10,000 raw data entries were573

generated by LLMs in FOCUS. Despite human574

checking is performed, only 5,688 samples were575

meticulously annotated by humans, reaching a cer-576

tain quality standard. However, the overall quality577

of the dataset still requires further optimization.578

Furthermore, the current scope of FOCUS is579

monolingual, exclusively featuring Chinese dia-580

logues. This presents a clear opportunity for fu-581

ture work to extend the data construction methodol-582

ogy to other languages, thereby creating a valuable583

multilingual resource for sentiment-aware dialogue584

summarization. The dataset is also domain-specific,585

centered on e-commerce customer service. Con-586

sequently, the established aspect taxonomy and587

observed conversational patterns may not directly588

transfer to other domains like technical support,589

healthcare, or financial services, where customer590

needs and sentiment expression can differ signif-591

icantly. Finally, our emotion analysis is confined592

to four categories (joy, anger, surprise, anxiety),593

which simplifies the rich spectrum of human emo-594

tional states. Future work could explore more gran-595

ular emotion taxonomies to capture finer nuances596

in customer sentiment.597

Although we introduce automated metrics for598

scalable evaluation, our analysis reveals critical599

limitations that motivate the need for future work600

in this area:601

• Lack of Precision in ACR: The definition of602

ACR as ACR =
|Agold∩Apred|

|Agold| exclusively mea-603

sures recall. It does not penalize the model604

for including irrelevant or factually incorrect605

aspects, thus failing to capture the precision606

of the generated summary.607

• Conditional Dependence of SAA: The SAA608

metric evaluates sentiment accuracy only for609

the intersection of correctly predicted and610

gold-standard aspects (|Agold ∩ Apred|). This611

makes it a conditional probability that can be612

misleading. For instance, a model with a very613

low ACR could still achieve a perfect SAA,614

masking its inability to identify most relevant615

aspects.616

• Absence of a Unified Score: The two metrics617

operate independently, requiring a separate in-618

terpretation of aspect coverage and sentiment619

accuracy. This complicates model comparison 620

and lacks a single, holistic score that captures 621

the overall quality of the aspect-based sum- 622

mary. 623

These shortcomings underscore the need for a 624

more comprehensive objective metric that is both 625

efficient and more closely aligned with a nuanced 626

human assessment of summary quality. Therefore, 627

there is an urgent need to propose a more reason- 628

able, efficient, and comprehensive objective evalu- 629

ation metric for assessing summary quality. 630

Ethics Statement 631

Data and privacy. We build on an anonymized 632

CSDS corpus; content is further paraphrased and 633

filtered to reduce re-identification. We never at- 634

tempt to link dialogues to real individuals, and 635

examples are illustrative. 636

LLM rewriting and authenticity. To mitigate 637

synthetic artifacts, we compare rewritten dialogues 638

with held-out authentic data using complementary 639

tests (structure statistics, aspect/polarity prevalence, 640

shift rates, n-gram/stylometric divergence, and a 641

small discriminator near chance). 642

Human evaluation. Annotators were trained, 643

consented, compensated, and worked indepen- 644

dently; agreement (Fleiss’ κ) and evaluation rubrics 645

are reported to support reproducibility. 646

Risks, intended use, and licensing. Labels may 647

reflect domain biases and rewriting may shift dis- 648

tributions; users should report disaggregated re- 649

sults and avoid high-stakes use without valida- 650

tion. The release is for research only, prohibits 651

re-identification or harmful use, and includes a 652

takedown channel. 653

Compute and limitations. We favor parameter- 654

efficient tuning and report configurations to aid 655

transparency. Residual stylistic artifacts and sub- 656

jective ratings may remain, and cultural/domain 657

shifts can affect generalization. 658
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A How to control the diversity of aspects 878

To ensure the diversity of aspects embedded in the 879

dialogues and the controllability of dataset quality, 880

we design the following rules. For single-aspect, 881

we sequentially identify all dialogue samples corre- 882

sponding to the aspect from the original CSDS and 883

rewrite the dialogues by incorporating either posi- 884

tive or negative sentiment towards the aspect. For 885

multi-aspect, taking double aspects as an example, 886

we have a total of 25 fine-grained aspects, which 887

allows for 300 possible combinations. Due to cost 888

constraints, we plan to select 100 combinations out 889
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of 300. To achieve this, we devise Algorithm 1 to890

perform selection, in which we define a dynamic891

weight for each aspect. The weight is related to the892

number of times it has been selected. This ensures893

uniformity during the selection process. Each time,894

we select from a weight distribution, a process that895

guarantees randomness in aspect selection. Finally,896

when adding aspects to the set, we remove dupli-897

cate combinations, guarantees the uniqueness of898

aspect pair selection. For samples with triple as-899

pects, we select 20 from 2300 combination. For900

samples with quadruple aspects, we select 5 com-901

binations.902

Algorithm 1 Uniform Double-Aspect Combina-
tions Selection

1: Input: A set of aspect identifiers T =
{1, 2, . . . , 25}

2: Output: A list R containing 100 selected pairs

3: C ← {(i, j) | i, j ∈ T, i < j} {Generate all
valid pairs}

4: for all t ∈ T do
5: count[t]← 0; weight[t]← 1.0
6: end for
7: R← ∅
8: for iteration = 1 to 100 do
9: for all (i, j) ∈ C do

10: pair_weight(i, j) ← weight[i] +
weight[j]

11: end for
12: total_weight←

∑
(i,j)∈C pair_weight(i, j)

13: for all (i, j) ∈ C do
14: probability(i, j)← pair_weight(i,j)

total_weight
15: end for
16: Sample (i, j) from C according to

probability
17: Append (i, j) to R
18: for t ∈ {i, j} do
19: count[t]← count[t] + 1
20: weight[t]← exp(−count[t])
21: end for
22: end for
23: return R

B Manual evaluation903

We randomly sampled 5,000 instances from the904

unchecked dataset for manual evaluation across905

two levels and eight dimensions: dialogue-level906

maximum average minimum
turn 7 21.13 63
dialogue 124 461.94 1094
summary 17 50.13 169

Table 8: Statistics of FOCUS.

(Aspect Relevance, Polarity Relevance, Aspect Co- 907

herence, Emotion Relevance) and summary-level 908

(Faithfulness, Fluency, Informativeness, Concise- 909

ness). Each instance was independently annotated 910

by three evaluators. Inter-annotator agreement, 911

measured by Fleiss’ kappa (Fleiss, 1971), ranged 912

from 0.59 to 0.71 across the dimensions (0.67, 0.63, 913

0.60, 0.64, 0.61, 0.59, 0.61, 0.71). Given the high 914

agreement, we aggregated the scores to assess data 915

quality. The averaged dimension scores were: 0.86 916

for dialogue-level (Aspect Relevance: 0.83, Po- 917

larity Relevance: 0.94, Aspect Coherence: 0.92, 918

Emotion Relevance: 0.78), and 0.96 for summary- 919

level (Faithfulness: 0.92, Fluency: 1.00, Informa- 920

tiveness: 0.93, Conciseness: 1.00). As shown in 921

Figure 2, the checked dataset meets our quality 922

standards across both evaluation levels. 923

C Pilot study 924

To compare the practical effectiveness of differ- 925

ent summary styles, we conducted a pilot study. 926

We randomly sampled 40 dialogues, each paired 927

with both a free-style and a formatted summary, 928

and asked three annotators to evaluate them. As 929

shown in Figure 5, the vote counts for the two styles 930

are comparable overall. Formatted summaries per- 931

formed better when dialogues involved fewer as- 932

pects, benefiting from their concise and structured 933

presentation. However, as the number of aspects 934

increased, their rigidity led to redundancy, whereas 935

free-style summaries proved more effective due to 936

their flexibility. 937

Figure 5: A pilot comparison of free-style versus for-
matted summaries. Skyblue and coral bars indicate
annotator votes for each style. The vertical axis shows
vote counts. Samples 0–9 contain one aspect, 10–19
two, and so forth, up to four aspects in 30–39.
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D Dataset statistics938

The proportion distributions of our FOCUS dataset939

over single, double, triple and quadruple aspects940

are 38.36%(4978), 54.74%(7085), 5.79%(741) and941

1.11%(144), respectively, which is much close to942

the scheduled proportion specified in Diversity As-943

pects of Section generation. The maximum, min-944

imum, and average number of dialogue turns, as945

well as the character counts in both the dialogues946

and summaries, are presented in Table 8.947

The numbers of occurrence for each coarse-grain948

aspect appeared in FOCUS are 4218, 4378, 4439,949

4511 and 4375 for Quality, Delivery, After-sale,950

Discounts and System, respectively, which show951

the balance of aspect distribution. The word cloud952

diagrams for dialogue and summary are illustrated953

in Figure 6, from which, we can see that the com-954

parable word cloud patterns in both dialogue and955

summary suggest that the summary adequately cap-956

tures the dialogue’s essential content.957

E CoT construction958

We use the explainable label of samples in FOCUS959

to construct CoT for COTS2. To exemplify this, an960

example is shown in Figure 7, in which CoT mainly961

contains three steps: aspect recognition, opinion962

content location, sentiment extraction. Three label963

elements involving three steps are highlighted in964

CoT prompt template for COTS2 with bold and965

underline in braces.966

F Model training967

We conducted three types of training settings. For968

PLM training, we applied full fine-tuning on a sin-969

gle A100 GPU with batch size 32, learning rate970

2 × 10−5, warmup ratio 0.1, and 10 epochs. For971

LLM training, we employed LoRA for parameter-972

efficient fine-tuning using the same GPU and learn-973

ing rate, but with batch size 16 and 5 epochs. For974

COTS2 training, we performed instruction tuning975

initialized with DeepSeek-R1-Distill-Qwen-14B,976

also using LoRA for efficiency, with batch size 16,977

learning rate 2× 10−5, warmup ratio 0.1, 5 epochs,978

and a maximum sequence length of 2048. The979

instruction prompt guided the model to generate980

a sentiment summary from customer service dia-981

logues, incorporating a CoT process comprising982

aspect recognition, opinion content localization,983

and sentiment extraction, with detailed CoT con-984

struction provided in the Appendix E.985

G Evaluation criteria for ACR and SAA 986

To provide a comprehensive assessment, we evalu- 987

ate these metrics through two complementary ap- 988

proaches: 989

G.1 Automated Evaluation 990

To create objective, automated versions of ACR 991

and SAA, we define them mathematically based on 992

the ground-truth labels and the generated summary. 993

Let G = {(ai, si)gold} be the set of ground- 994

truth aspect-sentiment pairs from the dialogue’s 995

label. Let P = {(aj , sj)pred} be the set of aspect- 996

sentiment pairs extracted from the model-generated 997

summary. Let Agold = {ai|(ai, si)gold ∈ G} be 998

the set of unique aspects in the ground truth. Let 999

Apred = {aj |(aj , sj)pred ∈ P} be the set of unique 1000

aspects in the prediction. 1001

Rule-based extraction of aspect–sentiment pairs 1002

We extract P deterministically with a rule-based 1003

procedure (no LLM judging / LLM-as-a-judge / 1004

model-based scoring). Aspects are detected by 1005

dictionary matching over the fixed inventory of 25 1006

fine-grained aspects (Table 1), and each detected 1007

aspect is assigned a polarity using nearby sentiment 1008

trigger words. 1009

Normalization and segmentation. Given a model- 1010

generated summary, we first normalize it by (i) 1011

Unicode NFKC (full-width/half-width conversion), 1012

(ii) lowercasing Latin letters, and (iii) collapsing 1013

repeated whitespace and punctuation into single 1014

separators. We then split the normalized text into 1015

segments using line breaks, bullet/number markers, 1016

and sentence-final punctuation; the same purely 1017

rule-based segmentation is applied to both format- 1018

ted (line/bullet-like) and free-style (sentence-like) 1019

summaries. 1020

Aspect extraction (dictionary matching). Let A 1021

be the fixed set of 25 canonical aspect names (Ta- 1022

ble 1). For each a ∈ A, we define a small fixed 1023

alias set alias(a) containing the canonical name 1024

and common surface forms (2–4 examples: packag- 1025

ing 7→packaging, package, outer package, pkg; 1026

receiving method 7→receiving method, delivery 1027

option, shipping method; refund 7→refund, 1028

money back, returned payment; price protec- 1029

tion7→price protection, price-match, price 1030

guarantee). We scan each segment for any alias: 1031

ASCII aliases are matched with case-insensitive 1032

word-boundary patterns (to avoid partial matches), 1033

while non-ASCII aliases (e.g., Chinese surface 1034

forms used in the implementation) are matched 1035
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Figure 6: Word cloud diagram for dialogue and summary.

Models Fai. Flu. Inf. Con. ACR SAA Fai. Flu. Inf. Con. ACR SAA
T5 3.80 4.38 3.51 3.83 3.43 3.67 3.90 3.92 3.66 3.11 3.87 3.79
BART 3.87 4.41 3.56 3.88 3.62 3.79 3.89 4.00 3.69 3.21 3.93 3.85
Llama 3.97 4.43 3.63 3.90 3.70 4.00 4.00 4.23 3.97 3.27 4.53 4.02
DeepSeek 4.05 4.57 3.77 4.13 3.97 4.27 4.03 4.30 3.90 3.37 4.33 3.90
COTS2 4.10 4.49 3.81 3.97 4.01 4.13 4.09 4.20 3.98 3.23 4.48 4.03

Table 9: ChatGLM evaluation results for free-style and formatted strategies

by exact substring. Repeated mentions are dedu-1036

plicated so each aspect contributes at most once to1037

P .1038

Sentiment polarity (trigger words, no LLM).1039

For each detected aspect mention in a segment,1040

we search for sentiment triggers within a fixed1041

window in the same segment (within ±30 char-1042

acters around the matched alias span). Positive trig-1043

gers include, e.g., good, great, satisfied, happy,1044

efficient, helpful, resolved; negative triggers1045

include, e.g., bad, poor, unsatisfied, angry,1046

complain, delay, damaged, wrong, missing. If1047

both polarities are triggered in-window, we select1048

the polarity whose nearest trigger occurrence (by1049

character distance to the aspect span) is closer; ties1050

deterministically default to negative. If no trigger1051

is found in the window, we drop the aspect (i.e., we1052

do not add any (a, s)pred to P for that aspect).1053

Output used by ACR/SAA. The resulting P is1054

the set of unique predicted (a, s) pairs used in1055

the ACR/SAA equations in Appendix G.1 This1056

rule-based extraction is used only for objective1057

automated scores (ACRobj/SAAobj) as a fast1058

large-scale metric, complementary to human and1059

ChatGLM-based evaluations.1060

Aspect Coverage Rate (ACR): The automated
ACR can be defined as the recall of the ground-truth
aspects in the generated summary. This directly
measures the model’s ability to identify and retain

all the key topics discussed by the customer.

ACR =
|Agold ∩Apred|
|Agold|

Where |Agold ∩ Apred| is the number of unique as- 1061

pects correctly identified by the model, and |Agold| 1062

is the total number of unique aspects in the ground 1063

truth. 1064

Sentiment Accuracy per Aspect (SAA): The au-
tomated SAA evaluates the sentiment polarity accu-
racy exclusively for the aspects that were correctly
identified by the model. This isolates the model’s
ability to correctly interpret sentiment from its abil-
ity to identify aspects.

SAA =

∑
(a,s)pred∈P I[(a, s)pred ∈ G]

|Agold ∩Apred|

Where the numerator sums the number of correctly 1065

predicted aspect-sentiment pairs. I[·] is the indi- 1066

cator function, which is 1 if the condition is true 1067

and 0 otherwise. The denominator is the number of 1068

correctly identified aspects. If no aspects are cor- 1069

rectly identified (i.e., the denominator is 0), SAA 1070

is defined as 0. 1071

These automated metrics allow for rapid, large- 1072

scale model comparison and address the need for 1073

more efficient evaluation protocols. 1074
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Models R-1 R-2 R-L BS
T5 41.80/53.62/58.86/52.54 17.69/32.11/36.51/29.49 33.24/45.03/51.27/40.45 74.16/80.09/83.57/81.36
BART 49.82/51.24/54.11/53.05 24.31/26.64/28.25/26.82 42.54/43.89/42.88/40.87 77.84/79.31/79.96/77.96
Llama 46.02/52.27/54.80/ 49.32 21.41/27.88/30.20/26.14 38.87/45.26/47.80/40.56 76.31/80.95/82.36/79.50
DeepSeek 43.76/52.37/55.02/53.26 16.56/28.3/27.66 /26.85 36.09/44.11/46.38/46.61 75.13/80.54/81.55/80.59
COTS2 44.56/56.14/52.43/57.96 18.41/29.57/28.74/34.96 36.88/45.94/46.39/49.04 76.42/81.10/80.54/80.97

Table 10: The objective metric results for various aspect number in free-style strategy. Each block has 4 values,
representing single, double, triple and quatra aspect appeared in each dialogue from left to right.

Score Aspect Coverage Rate (ACR) Sentiment Accuracy per Aspect (SAA)
5 All key aspects in the dialogue are accurately

covered in the summary
All aspect-level sentiments are correctly pre-
served and naturally expressed

4 Most aspects are covered, with minor omis-
sions

Most sentiments are correctly preserved with
minor mismatches

3 Around half of the key aspects are covered Sentiments are partially preserved, with some
errors or ambiguities

2 Only a few aspects are mentioned Most sentiments are missing or incorrect
1 No key aspect is preserved Sentiment expression is entirely wrong or

missing

Table 11: Annotation criteria for ACR and SAA scores on a 5-point Likert scale.

G.2 Human Evaluation1075

We engaged ten volunteers for human evaluation:1076

five were undergraduate students majoring in com-1077

puter science, and the other five were first-year1078

graduate students also majoring in computer sci-1079

ence. Ultimately, we conducted human evaluations1080

on 60 summaries outcomes produced by predic-1081

tions from different models. On average, each1082

dialogue-summary pair received assessments from1083

3 annotators.1084

To ensure consistency in the evaluation process,1085

we trained these 10 students on six criteria and1086

required them to conduct assessments using a back-1087

to-back approach, meaning they scored indepen-1088

dently without knowledge of each other’s ratings.1089

We used the kappa value to adjust and estimate1090

the consistency of their evaluation results; If the1091

kappa score did not exceed 0.55, we reconvened the1092

evaluators for discussions aimed at reaching a con-1093

sensus on the criteria. ACR and SAA are metrics1094

first proposed in this paper. Therefore, we specifi-1095

cally drafted a scoring standard table(as elaborated1096

in Table 11) and held pre-assessment discussions1097

with the evaluators based on this table to reach a1098

consensus on scoring standards.1099

This manual process captures the nuances of1100

language that automated metrics might miss and1101

serves as the ultimate benchmark for model perfor-1102

mance.1103

H Experimental result 1104

In this subsection, We provide the evaluation re- 1105

sults of ChatGLM in Table 9, which show that, 1106

regardless of formatted-based or free-style strat- 1107

egy, our COTS2 demonstrate advantages in FAI., 1108

ACR, and SAA. Meanwhile, all models exhibit in- 1109

sufficient performance in terms of informativeness, 1110

further indicating that this task is highly challeng- 1111

ing. Additionally, compared to free-style strategy, 1112

all models experience a noticeable decline in Con. 1113

when dealing with formatted summaries, as they 1114

are longer and contain more information. 1115

We present results of different models under free- 1116

style summaries with varying numbers of aspects in 1117

Table 10. Results show that most models perform 1118

best on triple-aspect data. We argue that when 1119

the number of aspects is small, the model may 1120

identify additional aspects, leading to a decrease in 1121

performance. Prompt templates for CoT generation 1122

and ChatGLM evaluation are shown in Table 19. 1123

I Evaluation of LLM-generated 1124

Dialogues and Real-World Interaction 1125

Patterns 1126

To further address concerns regarding the use of 1127

LLM-generated data, we conducted a comprehen- 1128

sive evaluation of real-world customer service dia- 1129

logues and compared their interaction patterns to 1130

those in our synthetic FOCUS dataset. This anal- 1131
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ysis demonstrates that our generated data closely1132

aligns with real-world dialogues in terms of struc-1133

tural and sentiment characteristics, thereby mit-1134

igating potential biases introduced by automatic1135

generation.1136

I.1 Data Collection1137

We randomly sampled 3000 dialogues from the1138

original CSDS corpus that were not used in FO-1139

CUS construction. These real-world dialogues en-1140

compass diverse customer inquiries across the five1141

coarse-grained aspects (Quality, Delivery, After-1142

sale, Discounts, System) and exhibit natural varia-1143

tions in turn length and sentiment expression.1144

I.2 Methodology1145

Our evaluation focused on five key dimensions:1146

1. Turn Distribution: We compared the1147

dialogue turns in real-world versus1148

LLM-generated dialogues, using Kol-1149

mogorov–Smirnov tests to assess distribu-1150

tional similarity.1151

2. Aspect and Sentiment Coverage: We calcu-1152

lated the frequency of each fine-grained aspect1153

and associated sentiment polarity in both sets,1154

measuring correlation via Pearson’s r.1155

3. Sentiment Dynamics: We analyzed the co-1156

occurrence of sentiment shifts (e.g., negative-1157

to-positive within a dialogue) to verify that the1158

generated data preserved realistic emotional1159

transitions.1160

4. Stylometric n-gram Divergence (char 4-1161

gram JSD): We measured Jensen–Shannon1162

divergence (JSD) between per-dialogue char-1163

acter 4-gram distributions and a bootstrapped1164

real baseline, reporting median JSD and 95%1165

CI, complemented by a permutation test. The1166

protocol segmented text at the character level,1167

computed TF distributions per dialogue, and1168

averaged via bootstrap over real samples. Ac-1169

ceptance required median JSD < 0.02 and1170

95% CI < 0.03, with qualitative salience anal-1171

ysis as a complement.1172

5. Style-Artifact Detector (linear classifier1173

AUC): We trained a lightweight classifier to1174

test whether systematic style artifacts could1175

separate synthetic from real data. Features1176

included TF–IDF of char n-grams (3–5),1177

function-word and punctuation rates, and turn- 1178

length statistics. Models used logistic regres- 1179

sion with 5×2 cross-validation; AUC was 1180

evaluated with DeLong 95% CI. An ablation 1181

kept only non-lexical stylometry to attribute 1182

separation. Acceptance required AUC CI in- 1183

cluding 0.5 with the upper bound < 0.60. Pro- 1184

tocol standardized features, stratified folds by 1185

dialogue length, and reported macro-AUC. 1186

I.3 Results 1187

Turn Distribution The Kolmogorov–Smirnov 1188

statistic (D = 0.024, p > 0.05) indicates no sig- 1189

nificant difference in their distributions, suggesting 1190

comparable conversation lengths. Detailed turn- 1191

count frequencies are provided in Table 12.

Turn Count Real-World LLM-Generated
12 90 78
13 192 174
14 288 300
15 330 324
16 432 384
17 390 420
18 324 336
19 270 252
20 228 240
21 162 180
22 108 120
23 72 60
24 48 60
25 30 36

26–30 36 36

Table 12: Dialogue turn distribution for real-world and
LLM-generated samples (3000 dialogues each).

1192

Aspect and Sentiment Coverage Across 25 fine- 1193

grained aspects, the Pearson correlation between 1194

real and synthetic frequency counts is r = 0.92 1195

(p < 0.001), and for sentiment polarity distribu- 1196

tions r = 0.89 (p < 0.001), confirming high align- 1197

ment in topic and sentiment prevalence. 1198

Sentiment Dynamics We counted the number of 1199

dialogues exhibiting at least one within-dialogue 1200

sentiment polarity shift. Out of 3000 samples per 1201

set, 552 real-world dialogues and 534 synthetic 1202

dialogues contained shifts, corresponding to shift 1203

rates of 18.4% and 17.8%, respectively. The full 1204

contingency is given in Table 13. 1205

Character Distribution Character 4-gram distri- 1206

butions show very small divergence between FO- 1207

CUS and real dialogues. The median JSD is 0.013 1208

(95% CI [0.012, 0.016]); a permutation test finds 1209

no practically meaningful shift (p = 0.21). These 1210
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Outcome Human-Authored LLM-Generated
With Shift 552 534
Without Shift 2448 2466

Table 13: Counts of dialogues containing at least one
sentiment polarity shift (3000 dialogues each).

values are comfortably within our acceptance re-1211

gion (median < 0.02, CI < 0.03). The full result1212

is given in Table 14.1213

Set Median JSD Mean JSD 95% CI (Median) Permutation p

Real vs. Real (bootstrap baseline) 0.012 0.013 [0.011, 0.015] –
FOCUS vs. Real 0.013 0.014 [0.012, 0.016] 0.21

Table 14: Stylometric divergence : JSD over character
4-grams. We report median, mean, and a bootstrap 95%
CI for the median across dialogues.

Stylometric Discrimination A lightweight dis-1214

criminator trained on stylometric features performs1215

at near-chance levels. With full features (char 3–5-1216

gram TF–IDF + function/punctuation rates + turn-1217

length stats), mean AUC is 0.54 (DeLong 95% CI1218

[0.50, 0.58]). Using only non-lexical stylometry1219

(function/punctuation/turn stats) yields 0.51 [0.48,1220

0.55]. Char n-grams alone reach 0.56 [0.52, 0.59].1221

All CIs include 0.5 and remain < 0.60 at the upper1222

bound, satisfying our acceptance criterion and in-1223

dicating no learnable, systematic style fingerprint1224

beyond weak lexical cues. The full result is given1225

in Table 15.1226

I.4 Discussion1227

These findings corroborate that our LLM-based1228

generation scheme reliably imitates real-world dia-1229

logue structures and sentiment patterns. By validat-1230

ing against real-world data, we alleviate concerns1231

about synthetic artifacts and reinforce the credibil-1232

ity of the FOCUS dataset for downstream research1233

and practical deployment.1234

J Training on the Full Checked Set1235

To test whether conclusions drawn from the re-1236

fined benchmark generalize to a larger, noisier train-1237

ing pool, we additionally train models on the full1238

checked set and evaluate on the same refined test1239

set.1240

K Domain Adaptation and Cross-Dataset1241

Transfer1242

K.1 Domain-adaptive training on JDDC1243

We further test whether domain-adaptive training1244

on a larger in-domain corpus (JDDC) improves1245

Feature set AUC (mean) 95% CI
Full stylometric + char n-grams 0.54 [0.50, 0.58]
Non-lexical stylometry only 0.51 [0.48, 0.55]
Char n-grams only 0.56 [0.52, 0.59]

Table 15: Style-artifact detector (M5): Linear classifier
AUC with DeLong 95% CI and feature ablations.

Strategy Model ROUGE-L↑ BERTScore↑ ACRobj ↑ SAAobj ↑ Faithfulness↑

Formatted DeepSeek 57.92 83.32 78.52 82.32 4.72
COTS2 57.02 83.19 81.26 85.94 4.83

Free-style DeepSeek 43.65 80.21 66.12 70.14 4.81
COTS2 44.72 80.59 68.35 73.34 4.84

Table 16: Generalization when trained on the full
checked set. Models are trained on checked and evalu-
ated on the refined test set. COTS2 remains robust and
consistently improves task-aligned metrics (ACR/SAA)
and faithfulness.

performance before applying the COSDS prompt- 1246

ing/tuning. 1247

K.2 Cross-dataset evaluation on CSDS 1248

Although CSDS does not contain the same fine- 1249

grained aspect/emotion supervision as FOCUS, we 1250

evaluate transferability by directly testing a model 1251

trained on FOCUS on CSDS. 1252

L Detail of case study 1253

To demonstrate the effectiveness of COTS2, we 1254

present a sample case generated by different mod- 1255

els in Figure 9, where three aspects are covered, i.e., 1256

returns, reshipment and invoice. First, T5 success- 1257

fully identifies all three aspects, but its summary 1258

contained factual inconsistencies regarding returns. 1259

Specifically, the summary mentions that the cus- 1260

tomer expressed gratitude for the explanation pro- 1261

vided by agent, whereas in the original dialogue, 1262

the customer only indicated satisfaction with the 1263

service instead of gratitude. A similar issue exists 1264

in DeepSeek, where two aspects are identified, and 1265

the summary mentions that the customer expressed 1266

frustration about invoice issues, while the origi- 1267

nal dialogue convey that the customer was puzzled 1268

about the invoice. For BART, the summary only 1269

covers two aspects, resulting in aspects missing. 1270

Although Llama successfully identifies all aspects, 1271

the summary related to invoice issue lacks detailed 1272

information. In Conclusion, it is evident that ex- 1273

isting models are prone to factual inconsistencies, 1274

aspect missing, and mismatches between aspects 1275

and sentiments when generating summaries, while 1276

our COTS2 can effectively mitigate all the issues 1277

mentioned above. Besides, COTS2 outlined the 1278

reasoning process, with the three steps in the chain 1279

17



Setting Model Training Data ROUGE-L↑ BERTScore↑ ACRobj ↑ SAAobj ↑

Formatted
DeepSeek FOCUS only 58.50 83.67 78.90 83.90
COTS2 FOCUS only 57.13 83.31 81.80 86.20
COTS2 + JDDC JDDC + FOCUS 59.62 84.32 82.14 87.32

Free-style
DeepSeek FOCUS only 42.69 79.31 65.00 69.80
COTS2 FOCUS only 43.73 79.59 66.90 71.20
COTS2 + JDDC JDDC + FOCUS 45.13 81.29 68.48 72.94

Table 17: Domain adaptation on JDDC before COSDS
training.

Training → Test Model R-1↑ R-2↑ R-L↑ BERTScore↑ Faithfulness↑

FOCUS → CSDS COTS2 65.12 45.21 61.32 88.73 4.93
FOCUS → FOCUS COTS2 63.92 42.77 57.13 83.31 4.90

Table 18: Cross-dataset evaluation of COTS2 on CSDS
without additional fine-tuning.

of thought (aspect identification, sentence local-1280

ization, and sentiment recognition) ensuring the1281

controllability of summaries generation process.1282

From Figure 8, sentences with the same color1283

represent duplication for the same content. We1284

see that in these two cases, there indeed exists a1285

significant amount of information redundancy in1286

the outputs generated by T5. Through manual ran-1287

dom sampling of 20 samples, it is found that 11 of1288

the predicted outcomes contain instances of infor-1289

mation repetition. Additionally, 4 of the samples1290

exhibited severe redundancy, meaning that more1291

than two core pieces of information were repeated.1292

To demonstrate the effectiveness of COTS2, we1293

present a sample case generated by different mod-1294

els in Figure 9, where three aspects are covered, i.e.,1295

returns, reshipment and invoice. The red-shaded1296

content indicates issues with the generated sum-1297

maries. From the case shown in this figure, it1298

can be seen that T5 has inconsistencies with the1299

facts; BART predictions lack an invoice aspect; The1300

summary produced by Llama suffers from insuf-1301

ficient information; DeepSeek’s prediction results1302

exhibit mismatches between sentiment and aspect,1303

and missing key aspects.1304
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Task Prompt Template
CoT generation Based on the following dialogue and summary in the field of e-commerce,

generate a chain of thought that demonstrates how the given dialogue
is distilled into the given summary. The chain of thought should be
presented in paragraph form and explain how the key information in the
dialogue is extracted and integrated into the summary.
Dialogue: {dialogue}
Summary: {summary}
Requirements:
Analyze the key information points in the dialogue. Explain how these
information points were selected and integrated into the summary. Present
the reasoning process from the dialogue to the summary.

ChatGLM evaluation You will be provided with a dialogue and its paired summary. Your task is
to evaluate the quality of the summary based on the dialogue. Please rate
each summary on six dimensions: Faithfulness: whether the summary is
correct based on the dialogue; Fluency: whether the summary is fluent and
grammatically correct; Informativeness: whether the summary includes
all key information; Conciseness: whether the summary is very concise
(not redundant); ACR: whether the summary covers the aspects present
in the dialogue; SAA: whether the aspects and sentiments expressed in
the dialogue are correctly reflected in the summary. Return the output
in the following JSON format: {Faithfulness: value, "Fluency": value,
"Informativeness": value, "Conciseness": value, "ACR": value, "SAA":
value}. You should rate on a scale from 1 (worst) to 5 (best). Do not
provide detailed explanations.
Dialogue: {dialogue}
Summary: {summary}

Table 19: Prompting templates for CoT generation and ChatGLM evaluation
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Figure 7: CoT prompt for COTS2

Figure 8: Two cases: summaries generated by T5. Sentences with the same color represent duplication for the same
content.
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Figure 9: Case analysis and CoT prompt for COTS2
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