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Abstract

Large Language Models (LLMs) excel in di-001
verse tasks but are prone to hallucinations.002
Most existing benchmarks primarily focus on003
evaluating factual hallucinations, while the as-004
sessment of faithfulness hallucinations remains005
underexplored, especially with practical con-006
versations that involve casual language and007
topic shifts. To bridge this gap, we introduce008
CONVFAITHEVAL, the first faithfulness hal-009
lucination evaluation benchmark built on real-010
world customer service conversations. CON-011
VFAITHEVAL features 3, 369 anonymized con-012
versations with generated summaries as well013
as 19, 782 corresponding quiz questions. Two014
tasks, Conversation Summarization and Quiz015
Examination, are designed to comprehensively016
assess faithfulness hallucinations in LLMs. Ex-017
tensive experiments on 23 LLMs reveal that018
faithfulness hallucinations persist across all019
LLMs, with closed-source models consistently020
less affected than their open-source counter-021
parts. To mitigate hallucinations, we further ex-022
plore four strategies and offer valuable insights023
for future development of advanced methods.024

1 Introduction025

Large Language Models (LLMs), such as Chat-026

GPT (Ouyang et al., 2022), GPT-4 (Achiam et al.,027

2023) and LLaMA-series models (Touvron et al.,028

2023; AI, 2024), have achieved exceptional per-029

formance across diverse tasks, e.g. question an-030

swering, creative writing and dialogue. Despite the031

remarkable success, LLMs are prone to hallucina-032

tions, producing content that appears plausible but033

is factually incorrect or nonsensical (Wang et al.,034

2023). Such hallucinations would mislead users,035

undermine trust, and pose risks, hindering the de-036

ployment of LLMs in real-world applications.037

There are generally two types of hallucinations038

in LLMs, factuality hallucination and faithful-039

ness hallucination, where the former emphasizes040

the inconsistency of generated content and world041

knowledge, while the latter captures the diver- 042

gence of generated content from the provided con- 043

text (Huang et al., 2023). Existing hallucination 044

evaluation benchmarks (Lin et al., 2021; Pal et al., 045

2023; Cheng et al., 2023; Wei et al., 2024; Oh 046

et al., 2024) focus on assessing factuality hallu- 047

cinations in LLMs, and only a handful of bench- 048

marks (Tang et al., 2024; Ming et al., 2024) have 049

been proposed to evaluate faithfulness hallucina- 050

tions. Among them, TofuEval (Tang et al., 2024) 051

evaluates the relevance of the LLMs’ generated 052

summary of a dialogue in an interview or meet- 053

ing conversation to its topic; and FaithEval (Ming 054

et al., 2024) assesses the faithfulness of the LLMs’ 055

response w.r.t. the provided context in a single-turn 056

question answering setting. 057

However, real-world conversations often involve 058

casual language (e.g., interjections, emojis, and 059

abbreviations) and topic shifts. In this work, we 060

propose to utilize real-world customer service con- 061

versations to evaluate faithfulness hallucinations 062

in LLMs, which has been the first such attempt 063

in literature. Some examples of the conversations 064

between users and human customer service agents 065

are given in Fig. 1, which are produced on an ac- 066

tive online customer service platform that supports 067

over 20 products across various domains, including 068

e-commerce, advertising, finance, etc. It can be 069

observed that user interactions in these conversa- 070

tions often use casual language, including interjec- 071

tions (e.g. “uh” and “um”), emojis (e.g., and 072

), and abbreviations (e.g. “BTW” and “IDK”). 073

Also, multiple topics may be involved within one 074

single conversation, like topics shifting from “re- 075

quest user information” to “claim to sue” as shown 076

in the fourth sub-figure “Complaint”. These cases 077

would definitely pose great challenges to LLMs in 078

accurately interpreting the context. 079

In light of these observations, we propose CON- 080

VFAITHEVAL, the first faithfulness hallucination 081

evaluation benchmark constructed based on prac- 082
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Transaction

Conversation Type: Transaction
Number of Topics: 1
Summary: The user raised one topic: (1) The user 
requests to disable the dual-column mode entry on 
[Platform], and the customer service agent has 
assisted in resolving the issue.

Hi, I want to turn off that, uh… dual-
column thing. How do I do it?

Oh… okay, cool. Thx a lot!

Oh, uh, yes. Yeah, that’s it.

Conversation Type: Consultation
Number of Topics: 2
Summary: The user raised two topics: (1) The 
account is banned, and the user wonders whether 
he can delete the account. (2) The user inquires 
about whether he can apply for a new account for 
online shopping.

Consultation

Hi there, sorry to hear about this. Un-
fortunately,  your account must be 
unlocked before it can be deleted.

Gotcha, thankyou! 

That sucks. BTW, can I apply for a new 
account for online shopping?

Conversation Type: Feedback
Number of Topics: 1
Summary: The user raised one topic: (1) The user 
inquires about the reason for the backend data not 
being updated and the solution to address the issue.

Feedback

Hey, I just noticed the backend data 
performance hasn’t been updated today.

Oh, thanks for bringing this up! Could 
you send me a screenshot so I can take a 
closer look?

Sure, here it is. It’s exactly the same as 
yesterday. IDK why there’s no change.

Alright, I’ll check again tomorrow.

Conversation Type: Complaint
Number of Topics: 2
Summary: The user raised two topics: (1) The user 
reports a video publisher and seeks his details for 
legal action. (2) The user criticizes [Platform] for its 
poor oversight and inability to provide the pub-
lisher’s information.

Complaint

Hi there, I feel really sorry, but the 
[Platform] has strict privacy policies so 
we can’t provide user information.

What the hell! Now that I’ll sue both 
[Platform] and the user. I’ll get law 
enforcement involved if needed.

I’ve submitted your feedback. Please 
kindly wait for the outcome.

Alright, I’ll wait.

Hi there! � I’m happy to help! Are you 
talking about the “dual-column” mode?

Got it! � The assistant has disabled the 
dual-column mode entry as per your 
request. Please wait for 30 minutes, then 
close and reopen the [Platform].

Hi, um, I wanna delete my account. It 
seems it has been banned right now. �

[Platform] does not impose restrictions 
on new accounts; you are free to create 
an account start shopping without any 
limitations or delays.

Got it. Thanks for the screenshot! � 
We’re already looking into the issue and 
working to fix the data. Can you please 
check back tomorrow? 

Hello, I need the details of the person I 
reported for their video. I’m planning to 
use it in a lawsuit. �

Figure 1: An illustration of CONVFAITHEVAL benchmark (English-translated).It contains four types of customer
service conversations: Transaction, Consultation, Feedback, and Complaint, each containing one or multiple topics
and using casual language (e.g., interjections, emojis, and abbreviations). We also generate the number of topics
and a summary for each conversation.

tical conversations. We design two tasks in CON-083

VFAITHEVAL, Conversation Summarization and084

Quiz Examination, for a comprehensive evaluation085

of faithfulness hallucinations in LLMs. To con-086

struct this benchmark, we first select and filter con-087

versations from a Chinese online customer service088

platform, and apply anonymization to ensure data089

privacy. For each conversation, we adopt GPT-4090

to automatically identify its conversation type and091

number of topics, as well as to generate a summary092

and a quiz. Lastly, we perform strict human verifi-093

cations to ensure the high quality of the benchmark.094

In statistics, CONVFAITHEVAL comprises 3, 369095

practical conversations as the evaluation set, with096

over 88% of them involving multiple topics.097

Based on the constructed CONVFAITHEVAL,098

we examine 23 LLMs, including 16 open- and099

7 closed-source LLMs that have shown impres-100

sive performance in many tasks. Our results re-101

veal that almost all LLMs suffer from faithfulness102

hallucinations on both tasks; comparably, closed-103

source LLMs consistently outperform open-source104

LLMs on both tasks across various metrics. To105

explore mitigating faithfulness hallucinations in106

LLMs, we examine the application of four strate-107

gies: Chain-of-Thought (CoT) (Wei et al., 2022),108

Tree-of-Thought (ToT) (Yao et al., 2024), Few-109

Shot prompting (Brown et al., 2020), and Super-110

vised Fine-Tuning (SFT). To implement the SFT111

strategy, we construct a training set of 30, 000 con-112

versations and corresponding summaries. Exper-113

imental results show that SFT yields an obvious114

improvement compared to the other three strate-115

gies on both tasks. For instance, the fine-tuned116

Qwen2.5-72B (Bai et al., 2023) achieves a substan-117

tial performance boost on the conversation summa-118

rization task, raising the F1 score from 59.2% to 119

73.6%, making it competitive with closed-source 120

LLMs, whereas the other three strategies show no 121

significant improvement. 122

We make three major contributions in this 123

work: (1) We evaluate faithfulness hallucinations 124

in LLMs with user conversations containing ca- 125

sual language and topic shifts, which are ubiq- 126

uitous in real-world scenarios. (2) We construct 127

CONVFAITHEVAL based on real-world customer 128

service conversations, consisting of 30, 000 and 129

3, 369 conversations in its training and evaluation 130

set, respectively. (3) With CONVFAITHEVAL, we 131

design two tasks to comprehensively evaluate faith- 132

fulness hallucinations in 23 LLMs, explore four 133

strategies to tackle the hallucination issue, and pro- 134

vide valuable insights, facilitating the research on 135

hallucination mitigation in future. 136

2 CONVFAITHEVAL Benchmark 137

We elaborate on the construction of the CON- 138

VFAITHEVAL benchmark, as shown in Fig. 2. 139

2.1 Conversation Collection 140

As shown in Fig. 2 (a), we first collect and filter 141

raw conversations from a customer service plat- 142

form, followed by a comprehensive anonymization 143

process to ensure data privacy. 144

Raw conversation selection and filtering. The 145

online platform from which we extract raw data 146

supports services for over 20 products across vari- 147

ous domains, including e-commerce, advertising, 148

finance, etc. To construct CONVFAITHEVAL, we 149

engage employees who are familiar with the plat- 150

form and its products as human annotators. The 151

annotators first select and filter raw conversations 152

2



Complaint

(a) Conversation Collection

Is my account status normal? And why are there no 
danmu when watch videos?

Hello, I’m happy to assist you~ The account status 
is normal. Are you unable to see danmu on all 
videos or just specific ones?

Please try long-pressing on the video screen and 
check if there’s a “danmu switch” option on the 
pop-up panel. If it’s there, please turn it on~

The issue with the danmu function has been 
addressed. Please wait for 30 minutes, then restart 
[Platform]. Long-press the video screen, scroll 
down to find the “dammu switch,” and enable it~ 

There is no danmu switch.

All of them.

Okay, thx!

User Support

Se
le

ct
io

n 
an

d 
Fi

lte
ri

ng

Anonymization

(b) Summary Generation and Verification

Q2: {Conversation} + Please extract the key 
information from the consultation and fill in 
following three dimensions: “cause”, “scope”, 
“content”.

Q3: {Conversation} + {A2} + Please summarize the 
consul ta t ion  based  on  the  three  i t ems  in 
conjunction with the source conversation.

Human 
Verification

Conversation Type: Consultation
Number of Topics: 2
Summary: The user raised two topics: (1) Whether 
the account is in a normal state, and (2) The reason 
for the absence of the “danmu” feature and how to 
resolve it.

Omitted topic: The user wants to know whether 
his account status is in a normal state.

Q1:Classify

Transaction Feedback

Consultation

GPT-4

A2: [Cause: ...], [Scope: ...], [Content: ...].

A3: The user raised one topic: (1) The reason for 
the absence of the “danmu” feature and how to 
resolve it.

(c) Quiz Generation and Verification

Multi-choice Question (MCQ)
What type of topic does the user report? ( )
A. Transaction     B. Consultation 
C. Feedback          D. Complaint

Fill-in-the-blank (FIB)
The user report the topic about the absense of _____ 
feature.

True-or-False (T/F)
The “danmu” function can be directly enabled by 
restarting [Platform] and enabling the “dammu 
switch” by scrolling down after long-pressing video 
screen. ( )

Is my account status normal ...

Hello, I’m happy to assist you ...

Conversation

The user raised 
two topics: (1) ..., 
and (2) ...

Summary

GPT-4 Quiz

Human Verification

Figure 2: An illustration of the construction pipeline for our CONVFAITHEVAL benchmark.

from historical conversations on the platform fol-153

lowing four guidelines at below. (1) Random se-154

lection: We select the conversations randomly to155

reflect the distribution of real-world conversations156

on the platform. (2) Contextual integrity: We re-157

move the conversations that are excessively short158

or incomplete, which tend to lack essential context159

or valuable information. (3) Sensitive conversa-160

tion filtering: We exclude the conversations that161

contain politically sensitive, pornographic, or vi-162

olent information, to ensure that only appropriate163

data adhering to ethical standards are collected.164

(4) Noisy conversation filtering: We filter out the165

conversations with excessive noise, such as those166

with overabundant emojis, non-standard grammar,167

or emotional expressions, which may damage the168

clarity and coherence of the content.169

Finally, we obtain 50, 000 high-quality raw con-170

versations from over 1 million conversations on the171

customer service platform for further processing172

and annotation.173

Conversation anonymization. To protect user174

privacy and ensure compliance with data protec-175

tion regulations, we implement comprehensive176

anonymization on collected conversations, with177

following steps. (1) Personal information redac-178

tion: We develop a program to automatically detect179

and remove personal information (like user names,180

phone numbers, addresses, and other unique iden-181

tifiers) from the conversations. (2) Entity replace-182

ment: In cases where removing specific entities183

might result in a loss of contextual information,184

we substitute user and platform information with185

generic placeholders. For example, user names186

are replaced with the token “[user]”, and platform 187

names with “[platform]”, ensuring privacy while 188

maintaining readability. (3) Context obfuscation: 189

For the conversations containing detailed location 190

references or contextual information leading to in- 191

direct identification of an entity, we generalize the 192

content to its more generic forms. For example, 193

specific dates, locations, and numerical values are 194

converted to broader terms, like “March 15, 2024” 195

to “in spring 2024”. (4) Metadata removal: All 196

metadata associated with the conversations, such 197

as timestamps, IP addresses, and device informa- 198

tion, is stripped away. This prevents any backward 199

identification based on indirect attributes or usage 200

patterns. Then, our annotators are asked to val- 201

idate and revise the algorithmically anonymized 202

content, ensuring the accuracy and completeness 203

of the anonymization. 204

2.2 Summary Generation and Verification 205

As shown in Fig. 2 (b), we generate a summary 206

for each collected conversation with GPT-4, which 207

will then be verified to ensure its correctness. More 208

details are presented in Appx. B.1. 209

Summary generation. We adopt GPT-4 to gener- 210

ate an initial summary for each conversation, which 211

should capture key information about the conversa- 212

tion and conclude all topics it involves, with main 213

concerns and queries clearly articulated. We utilize 214

the Tree of Thoughts (ToT) (Yao et al., 2024; Long, 215

2023) framework to instruct GPT-4 to complete 216

the summary generation operation. (1) We pro- 217

vide GPT-4 with definitions of four conversation 218

types, i.e. Transaction, Consultation, Feedback, 219

and Complaint, as context information and instruct 220
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3-15

14.6%

16-30

52.4%

31-45
29.7%

46-61

3.2%

(a) Interaction

1

11.5%

2

75.4%

3

9.8%

4

3.3%

(b) Topic

Transaction

9.0%

Consultation

79.7%

Feedback

6.9%

Complaint

4.5%

(c) Type

Figure 3: The distributional statistics on CONVFAITHE-
VAL evaluation set. “Interaction”, “Topic”, and “Type”
denote interaction turns (each user or customer service
reply counts as one turn), number of topics, and conver-
sation types, respectively.

it to categorize the conversation. For those that fail221

to be categorized to any given type, GPT-4 would222

label it as “invalid conversation”. (2) Based on the223

detected type, we instruct GPT-4 to generate an224

outline for the conversation. Specifically, we first225

define a tailored prompt template with placehold-226

ers for each conversation type; we then utilize the227

template to guide GPT-4 to fill in the placeholders228

with extracted information from the conversation.229

For example, for a Consultation conversation, we230

instruct GPT-4 to extract “cause”, “scope”, and231

“content” from it and replace the corresponding232

placeholders with these elements. (3) We instruct233

GPT-4 to generate a precise summary for each con-234

versation following the outline. In the generated235

summary, we ask GPT-4 to produce a brief descrip-236

tion for each involved topic with a single sentence237

and list all topics and descriptions in a point-by-238

point format to ensure clarity and readability.239

To enhance the quality of generated summaries,240

we apply few-shot prompting (Brown et al., 2020)241

and Retrieval-Augmentation Generation (RAG)242

(Lewis et al., 2020) techniques. In particular, we243

provide GPT-4 with examples of inputs and out-244

puts at each step to enhance its generation. Also,245

we integrate an internal knowledge base compris-246

ing explanations for proprietary terms and business247

abbreviations, which are commonly used on the248

platform, as external knowledge. Thereby, we first249

extract keywords from a conversation, and then re-250

trieve corresponding explanations from this knowl-251

edge base, which are then combined with the input252

conversation to guide GPT-4.253

Summary verification. To enhance correctness of254

generated conversation summaries, we employ hu-255

man annotators to perform careful reviews and fix256

any errors identified, based on following guidelines.257

(1) Summary correction: If a summary is found to258

incorrectly, inadequately, or additionally conclude259

the topics in the conversation, human annotators260

would revise it to an accurate and complete version. 261

For the summaries describing multiple topics, hu- 262

man annotators would improve clarity by rephras- 263

ing or reorganizing the content. (2) Conversation 264

categorization: All conversations are categorized 265

into four types. In particular, Transaction refers to 266

requesting customer service assistance for specific 267

tasks, such as processing returns, filing appeals, 268

or handling refunds; Consultation involves seek- 269

ing advice on issues, like investigating reasons be- 270

hind a problem, exploring solutions, or accessing 271

certain features; Feedback covers user inputs on 272

various aspects, such as reporting bugs, suggest- 273

ing new features, or commenting on content and 274

usability; Complaint refers to reporting dissatisfac- 275

tion regarding an individual, service, or platform. 276

(3) Sensitive information removal: Human annota- 277

tors would check and ensure that all personal and 278

platform-related information has been completely 279

removed or anonymized. 280

For the training set, human annotators are asked 281

to only verify and revise generated summaries, leav- 282

ing out the conversation type and number of topics. 283

2.3 Quiz Generation and Verification 284

In addition to summarization, we also create a quiz 285

for each conversation in the evaluation set to bet- 286

ter assess faithfulness hallucinations in LLMs, as 287

shown in Fig. 2 (c). See more details in Appx. B.2. 288

Quiz generation. We first utilize GPT-4 to gener- 289

ate a diagnostic quiz with inputs of a conversation 290

and its human-verified summary. The quiz consists 291

of three types of questions: multi-choice question 292

(MCQ), fill-in-the-blank (FIB), and true-or-false 293

(T/F), with two questions per type per conversa- 294

tion. We use GPT-4 to generate plausible distrac- 295

tors for MCQ, identify and mask key phrases based 296

on semantic importance for FIB, and synthesize 297

assertions for T/F to test models’ fine-grained un- 298

derstanding about the conversation. 299

Quiz verification. We perform human verification 300

to guarantee correctness of the generated quiz, fol- 301

lowing three steps. (1) Content review: Human 302

annotators are instructed to carefully examine each 303

question to ensure its correctness and relevance. (2) 304

Difficulty calibration: The difficulty of each ques- 305

tion is evaluated to ensure that the quiz is making a 306

challenge that appropriately aligns with the conver- 307

sational complexity. (3) Redundancy elimination: 308

Human annotators identify redundant or repetitive 309

questions, ensuring the diversity of queries cover- 310

ing different aspects of the conversation. 311
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GT Summary

Conversation Type: Consultation
Number of topics: 3
Summary: The user raised three topics: 
(1) How to expedite the review process.
(2) Why it shows “no recording” after completing tasks.
(3) Why not receiving rewards after completing tasks.

LLM Summary
Summary: The user raised five topics: 
(1) The user wants to expedite the review process.
(2) The user is prompted “no upload” after completing tasks.
(3) The user does not receive rewards after completing tasks.
(4) The user wants additional compensation.
(5) The user suggests fixing this bug.

Figure 4: An illustration of correct , erroneous , and
fabricated topics in conversation summarization. The
“erroneous” indicates the topic is involved but contains
incorrect details; the “fabricated” means the topic is not
mentioned in the conversation.

2.4 Statistics and Analysis312

The constructed benchmark contains an evalua-313

tion set for evaluating faithfulness hallucinations314

in LLMs and a training set for tuning LLMs.315

Evaluation set. A total of 3, 369 diverse conver-316

sations are included, each annotated with “con-317

versation type”, “number of topics”, and “sum-318

mary”. We present the statistics about the eval-319

uation set in Fig. 3. It is observed that 85.5% of320

conversations involve over 15 interaction turns, and321

88.5% include multiple topics. Meanwhile, con-322

versation types within are primarily dominated by323

Consultation (79.7%), with Complaint (4.5%) be-324

ing the least, aligning with real-world distributions.325

For quiz collection, quizzes are successfully gener-326

ated for 3,297 conversations, resulting in a total of327

19, 782 questions.328

Training set. Total 30, 000 conversations are in-329

cluded, each annotated with a “summary”.330

3 Experiments331

3.1 Experimental Setup332

Evaluation tasks and metrics. On the proposed333

CONVFAITHEVAL, we evaluate faithfulness hallu-334

cinations in LLMs with two tasks: Conversation335

Summarization and Quiz Examination. More de-336

tails are provided in Appx. B.3 and Appx. B.4.337

(1) Conversation Summarization: LLMs are re-338

quired to generate a summary to describe all top-339

ics discussed in a given conversation. The gener-340

ated summary is then compared against the human-341

verified ground-truth (GT) in CONVFAITHEVAL.342

Since manual evaluation is time-consuming and343

labor-intensive, we use GPT-4 as the discriminator344

to judge whether the generated summary is hallu- 345

cinated following previous practices (Cheng et al., 346

2023; Liang et al., 2023; Zhu et al., 2024). 347

We define five metrics for evaluations on this 348

task. Formally, given a conversation containing 349

m topics, the LLM generates summaries contain- 350

ing n topics, which are categorized into a cor- 351

rect, b erroneous, and c fabricated topics, where 352

n = a + b + c, as shown in Fig. 4. The formula 353

of the five metrics are as follows: Omission Rate 354

(O = 1 − a
m ), Error Rate (E = b

n ), Fabrica- 355

tion Rate (F = c
n ), Recall (R = a

m ), Precision 356

(P = a
n ), and F1 Score (F1). 357

(2) Quiz Examination: We instruct LLMs to answer 358

questions in the quiz based on the conversation. 359

We report the accuracy of each question type, i.e. 360

MCQ, FIB, and T/F, as well as the average accuracy 361

as the quiz score. 362

Baselines. We evaluate on our CONVFAITHE- 363

VAL various LLMs that span different versions and 364

scales, including open-source LLMs1: InternLM 365

(InternLM, 2023), Qwen (Bai et al., 2023), LLaMA 366

(Touvron et al., 2023; AI, 2024), and GLM (Du 367

et al., 2022), and closed-source ones2: GPT-series 368

(OpenAI, 2022, 2023), Claude-series (Anthropic, 369

2024), and Gemini (Anil et al., 2023). To reduce 370

randomness in LLM responses, we set all temper- 371

ature parameters to zero. Note that we apply one- 372

shot prompting to all LLMs for both evaluation 373

tasks to ensure consistency of the response format. 374

3.2 Main Results 375

We report the main evaluation results on 23 LLMs 376

in Table 1, and make the following observa- 377

tions. (1) Closed-source LLMs consistently out- 378

perform open-source LLMs on both evaluation 379

tasks across various metrics. For conversation 380

summarization, Claude 3.5 Sonnet achieves the 381

highest F1 of 80.4%, surpassing the best open- 382

source model, Qwen2.5-72B, which scores 59.2%. 383

Furthermore, closed-source LLMs such as GPT- 384

4o and Claude 3.5 Sonnet show superior R, with 385

82.9% and 80.6%, respectively, compared to open- 386

source LLMs like InternLM2.5-20B (78.6%) and 387

Qwen2.5-72B (72.7%). For quiz examination, 388

closed-source LLMs continue their leading places, 389

1InternLM-7B, InternLM-20B, InternLM2.5-7B-Chat and
InternLM2.5-20B-Chat; Qwen2-7B, Qwen2-72B, Qwen2.5-
7B, and Qwen2.5-72B; LLaMA-2-7B-Chat, LLaMA-2-13B-
Chat, LLaMA-3-8B, LLaMA-3-70B, LLaMA-3.1-8B, and
LLaMA-3.1-70B; ChatGLM2-6B and ChatGLM3-6B.

2GPT-3.5, GPT-3.5-Turbo, GPT-4, and GPT-4o; Claude 3
Opus and Claude 3.5 Sonnet; Gemini 1.5 Pro.
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Conversation Summarizaton Quiz ExaminationLLMs
O ↓ E ↓ F ↓ R ↑ P ↑ F1 ↑ MCQ ↑ FIB ↑ T/F ↑ Average ↑

InternLM-7B 30.1 45.7 20.7 69.9 35.7 47.2 54.7 58.9 60.8 58.1
InternLM-20B 26.1 40.3 16.2 73.9 44.3 55.3 58.9 61.9 62.8 61.2
InternLM2.5-7B 22.7 41.6 17.1 77.3 41.3 53.8 57.1 60.1 62.9 60.0InternLM

InternLM2.5-20B 21.4 38.3 15.5 78.6 46.3 58.3 64.9 64.6 65.2 64.9

Qwen2-7B 32.5 46.8 23.8 67.5 33.9 45.1 93.7 79.5 86.3 86.5
Qwen2-72B 29.1 38.9 15.4 70.9 42.7 53.3 91.5 81.5 87.6 86.9
Qwen2.5-7B 33.4 41.7 20.9 66.7 36.8 47.4 94.4 80.2 88.6 87.7Qwen

Qwen2.5-72B 27.3 35.6 13.7 72.7 49.9 59.2 96.0 77.1 91.5 88.2

LLaMA-2-7B 56.7 62.4 34.7 43.3 19.9 27.3 46.2 42.9 47.9 45.7
LLaMA-2-13B 53.1 60.3 30.3 46.9 22.4 30.3 50.8 46.9 55.7 51.1
LLaMA-3-8B 53.9 57.6 31.9 46.1 21.6 29.5 47.9 43.3 48.9 46.7
LLaMA-3-70B 49.8 53.2 27.6 50.2 25.9 34.2 54.9 59.6 60.2 58.2
LLaMA-3.1-8B 52.1 55.9 30.9 47.9 23.2 31.3 49.2 45.8 50.3 48.4

LLaMA

LLaMA-3.1-70B 30.7 44.7 22.8 69.4 35.7 47.1 57.9 62.9 63.3 61.4

ChatGLM2-6B 33.6 47.9 40.7 66.4 30.2 41.5 10.8 61.3 66.2 46.1GLM ChatGLM3-6B 26.8 33.2 33.4 73.2 33.4 45.9 14.8 68.2 71.7 51.6

GPT-3.5 19.2 22.5 10.0 80.8 68.7 74.3 90.7 83.6 85.8 86.7
GPT-3.5-Turbo 17.8 21.1 9.9 82.2 70.9 76.1 91.9 84.5 87.6 88.0
GPT-4 17.1 19.7 9.1 82.9 73.7 78.0 93.2 85.4 87.0 88.5GPT

GPT-4o 18.1 18.1 7.9 81.9 78.7 80.2 94.1 85.8 87.6 89.2

Claude 3 Opus 21.8 20.5 9.3 78.2 79.4 78.8 91.7 83.8 87.3 87.6Claude Claude 3.5 Sonnet 19.4 19.4 9.0 80.6 80.2 80.4 93.6 83.2 88.5 88.4

Gemini Gemini 1.5 Pro 22.4 18.8 10.4 77.7 79.4 78.5 91.1 82.7 85.6 86.5

Table 1: Main results. We evaluate 23 LLMs across seven families with different versions and scales, on Conversation
Summarization and Quiz Examination tasks. MCQ, FIB, and T/F refer to multiple-choice question, fill-in-the-blank,
and true-or-false. All results are shown in percentages (%), and the best and second-best results are marked in bold
and underline for open- and closed-LLMs, respectively.

with GPT-4o achieving the highest average score390

of 89.2% and Claude 3.5 Sonnet following closely391

at 88.4%. GPT-4o also excels in the T/F subtask,392

scoring 85.8%, while Claude 3.5 Sonnet leads in393

FIB with a score of 88.5%. These results highlight394

the stronger performance of closed-source LLMs395

in handling both summarization and understanding396

tasks, which can be attributed to the comprehensive397

closed-source resources and optimization strategies398

employed in their development, giving them a clear399

edge over open-source LLMs in mitigating faithful-400

ness hallucinations. (2) LLMs with more advanced401

versions and larger scales consistently outperform402

their inferior counterparts on both tasks. For ex-403

ample, within the InternLM family, InternLM-20B404

achieves higher scores in P , R, and F1 than the405

smaller InternLM-7B, with improvements in F1406

(55.6% vs. 50.0%) and R (46.3% vs. 35.7%). Sim-407

ilarly, for the Qwen family, Qwen2.5-72B demon-408

strates superior performance across multiple met-409

rics compared to Qwen2-7B and Qwen2-72B, par-410

ticularly in R (49.9% vs. 42.7%) and F1 (59.2% vs.411

53.3%). This pattern is not limited to open-source412

LLMs; closed-source LLMs exhibit improved per-413

formance with larger versions as well, where GPT-414

4, with a parameter size considerably larger than415

GPT-3.5, leads in F1 (85.4%) and R (82.9%) com- 416

pared to GPT-3.5. These results emphasize the pos- 417

itive correlation between model version/size and 418

performance, revealing both more advanced ver- 419

sions and larger models enable more accurate and 420

less hallucinated outputs. (3) Chinese LLMs out- 421

perform non-Chinese counterparts within the open- 422

source category on both tasks. Our benchmark 423

focuses on hallucinations in Chinese, and on it Chi- 424

nese LLMs consistently exhibit better performance, 425

aligning with expectations. For example, Qwen2.5- 426

72B, a Chinese LLM, outperforms LLaMA-3.1- 427

70B on both tasks, achieving higher F1 (59.2% 428

vs. 47.1%) and F1 (59.2% vs. 47.1%). Similarly, 429

InternLM2.5-7B and InternLM2.5-20B, also Chi- 430

nese LLMs, exhibit stronger performance in these 431

tasks when compared to their LLaMA counterparts, 432

with the former beating LLaMA-2-7B in both tasks. 433

3.3 In-Depth Analysis 434

To analyze the impact of topic shift and topic do- 435

main on triggering LLM hallucinations, we exam- 436

ine model performance w.r.t. the “number of topics” 437

and “conversation type” of the evaluation set. 438

Performance w.r.t. number of topics. Fig. 5 (a) 439

shows the performance comparison in F1 of vari- 440
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(a) Number of topics
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LLaMA-3.1-70B w/ SFT
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Gemini 1.5 Pro

(b) Conversation type
Figure 5: In-depth analysis. We select six representative LLMs and analyze the impact of number of topics (a) and
conversation type (b) upon F1 on Conversation Summarization. For comparison, we also report the results of three
open-source LLMs after applying SFT on our training set.

ous LLMs on the conversation summarization task441

across conversations involving different numbers442

of topics. The analysis reveals three key obser-443

vations. (1) As the number of topics increases,444

there is a noticeable decline in performance for all445

LLMs, including advanced closing-source LLMs446

like GPT-4o. This highlights the inherent challenge447

of managing hallucinations in more complex con-448

versational scenarios, where topic shifts are more449

frequent. (2) Closed-source LLMs consistently out-450

perform their open-source counterparts in all tests,451

demonstrating their advantages in reducing faith-452

fulness hallucinations. (3) Confronted with such453

hallucinations, SFT substantially improves the per-454

formance of open-source LLMs, enabling them to455

achieve comparable performance to closed-source456

ones (Qwen2.5-72B w/ SFT), thereby highlight-457

ing the importance of task-specific adaptations in458

narrowing the domain gap with our training set.459

Performance w.r.t. conversation type. Fig. 5 (b)460

compares the model performance across four con-461

versation types. The tested LLMs do not exhibit462

significant differences in performance across the463

four conversation types, indicating their relatively464

uniform handling capability of different conversa-465

tional types. Notably, SFT still leads to substan-466

tial improvements across all conversation types,467

further validating this strategy’s effectiveness and468

highlighting the importance of the training set in469

addressing domain gaps from a data perspective.470

3.4 Faithfulness Hallucination Mitigation471

We explore applying four strategies to mitigate472

faithfulness hallucinations in LLMs. Among them,473

(1) Chain of Thoughts (CoT) enhances reasoning474

by breaking tasks into sequential steps (Wei et al.,475

2022); (2) Tree of Thoughts (ToT) extends CoT476

by exploring multiple reasoning paths (Yao et al.,477

2024); (3) Few-shot prompting uses a few exam-478

ples in the prompt to make LLMs learn tasks with 479

minimal data (Brown et al., 2020), and we adopt 480

three-shot compared to the baseline (one-shot); (4) 481

Supervised Fine-tuning (SFT) trains LLMs on our 482

labeled training set, refining their task-specific per- 483

formance. More details on prompt designs are 484

shown in Appx. B.5. 485

The results are shown in Table 2, from which 486

we make the following observations. (1) Although 487

LLaMA exhibits a great improvement from 47.1% 488

to 59.0% in F1 after applying SFT, it still lags 489

significantly behind other LLMs. This could be 490

attributed to its inherently inferior capability in 491

understanding Chinese. (2) CoT and ToT im- 492

prove performance on both tasks for closed-source 493

LLMs (80.4% to 82.0% for Claude 3.5) but ex- 494

hibit limited effects for open-source LLMs. This 495

could be attributed to the parameter scale between 496

them. Larger scales could facilitate closed-source 497

LLMs in better understanding long-form conversa- 498

tions, especially with multiple topics and casual 499

languages. (3) Increasing prompting examples 500

(from 1-shot to 3-shot) is beneficial for closed- 501

source LLMs (e.g., F1 of Claude 3.5 from 80.4% 502

to 81.7%) but not significant for open-source ones 503

(e.g., F1 of Qwen2.5-72B from 59.2% to 58.8%). 504

This may be due to the larger parameter scale of 505

closed-source LLMs, allowing them to better uti- 506

lize additional context in few-shot scenarios. (4) 507

SFT significantly improves performance compared 508

to prompt-based strategies. SFT offers a more sub- 509

stantial improvement by addressing data distribu- 510

tion discrepancies. In total, applying SFT to these 511

three LLMs leads to significant improvements on 512

both evaluation tasks: 54.8% to 67.4% in average 513

F1 and 71.5% to 81.0% in average accuracy. This 514

highlights that SFT can help LLMs generalize bet- 515

ter across diverse scenarios, resulting in a more ef- 516

fective approach compared to prompt adjustments. 517
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Conversation Summarization Quiz ExaminationLLMs O ↓ E ↓ F ↓ R ↑ P ↑ F1 ↑ MCQ ↑ FIB ↑ T/F ↑ Quiz Score ↑

InternLM2.5-20B 21.4 38.3 15.5 78.6 46.3 58.3 64.9 64.6 65.2 64.9
w/ SFT 20.0 25.7 13.7 80.0 61.9 69.8 94.6 84.9 90.8 90.1

Qwen2.5-72B 27.3 35.6 13.7 72.7 49.9 59.2 96.0 77.1 91.5 88.2
w/ CoT 26.7 36.8 13.1 73.3 50.5 59.8 96.8 77.9 92.2 88.9
w/ ToT 27.8 37.9 14.2 72.2 50.9 59.7 95.3 76.5 92.1 88.0
w/ Three-shot 27.1 37.9 13.7 72.9 49.2 58.8 95.0 77.5 91.2 87.9
w/ SFT 21.1 19.3 9.4 78.9 69.0 73.6 95.4 80.5 93.2 89.7

LLaMA-3.1-70B 30.7 44.7 22.8 69.4 35.7 47.1 57.9 62.9 63.3 61.4
w/ CoT 31.1 42.8 20.2 68.9 35.4 46.8 58.8 63.5 63.8 62.0
w/ ToT 31.4 43.7 23.7 68.6 35.1 46.5 57.5 62.9 62.2 60.8
w/ Three-shot 31.7 43.4 20.8 68.3 35.0 46.3 57.2 62.4 63.4 61.0
w/ SFT 25.5 31.9 17.7 74.5 48.8 59.0 63.2 63.9 62.7 63.3

GPT-4o 18.1 18.1 7.9 81.9 78.7 80.2 94.1 85.8 87.6 89.2
w/ CoT 16.9 17.5 7.1 83.1 79.2 81.1 93.6 86.3 86.7 88.9
w/ ToT 17.2 18.2 8.4 82.8 78.7 80.7 94.9 86.5 88.1 89.8
w/ Three-shot 16.4 17.0 7.6 83.6 78.1 80.8 94.4 86.1 87.7 89.4

Claude 3.5 Sonnet 19.4 19.4 9.0 80.6 80.2 80.4 93.6 83.2 88.5 88.4
w/ CoT 18.2 18.8 8.5 81.8 81.2 81.5 93.1 83.7 86.1 87.6
w/ ToT 17.9 18.3 8.2 82.1 81.9 82.0 93.6 84.1 88.2 88.6
w/ Three-shot 19.0 19.2 8.2 81.0 82.4 81.7 93.8 83.8 89.0 88.9

Gemini 1.5 Pro 22.4 18.8 10.4 77.7 79.4 78.5 91.1 82.7 85.6 86.5
w/ CoT 21.7 19.0 9.7 78.3 78.5 78.4 90.6 82.1 86.8 86.5
w/ ToT 22.1 19.4 9.9 77.9 80.5 79.2 91.5 83.6 85.0 86.7
w/ Three-shot 21.0 18.7 9.5 79.0 76.9 77.9 91.7 82.1 85.0 86.3

Table 2: Hallucination mitigation results. The best result of each LLM series is marked in bold.

4 Related Works518

Hallucination benchmarks. Exisitng benchmarks519

for evaluating LLM hallucinations can be divided520

into two groups. The first group, hallucination521

evaluation benchmark, emphasizes the assessment522

of the extent of hallucinations in LLM responses,523

while the other, hallucination detection benchmark,524

focuses on evaluating the hallucination differentia-525

tion capabilities (Wang et al., 2023). For hallucina-526

tion evaluation benchmarks, two types of hallucina-527

tions are considered: factuality hallucinations and528

faithfulness hallucinations. Most existing works529

focus on evaluating factuality hallucinations with530

factual questions (Lin et al., 2021; Cheng et al.,531

2023; Pal et al., 2023; Wei et al., 2024; Oh et al.,532

2024; Zhu et al., 2024), assessing whether the re-533

sponses of LLMs contradict verified facts. Compa-534

rably, only a few works (Tang et al., 2024; Ming535

et al., 2024) evaluate faithfulness hallucinations,536

i.e. whether LLMs’ responses are inconsistent with537

the provided context. For hallucination detection538

benchmarks, existing works investigate various as-539

pects including hallucination granularity, context540

complexity, and topic varieties (Miao et al., 2023;541

Li et al., 2023; Zhao et al., 2024; Liang et al., 2023;542

Chen et al., 2024). Our CONVFAITHEVAL is con-543

structed primarily for benchmarking faithfulness544

hallucination evaluation, which can also be applied545

for measuring LLMs’ hallucination detection per-546

formance (see Appx. A).547

Faithfulness hallucination mitigation. To mit- 548

igate faithfulness hallucinations, numerous task- 549

specific solutions have been proposed in aligning 550

context consistency (Gu et al., 2022; Choi et al., 551

2023; Lei et al., 2023) and logical consistency (Li 552

et al., 2024; Paul et al., 2024; Xu et al., 2024). 553

Meanwhile, general approaches, such as CoT, ToT, 554

and few-shot prompting (Wei et al., 2022; Yao et al., 555

2024; Brown et al., 2020), have also demonstrated 556

effectiveness in reducing LLM hallucinations. In 557

this work, we explore applying four strategies to 558

mitigate faithfulness hallucinations of LLMs on our 559

CONVFAITHEVAL, and provide valuable insights. 560

5 Conclusion 561

In this paper, we introduce CONVFAITHEVAL, a 562

benchmark for evaluating faithfulness hallucina- 563

tions in LLMs using real-world customer service 564

conversations. Unlike prior work, it considers the 565

challenges of casual language and topic shifts in 566

multi-turn conversations. We conduct evaluations 567

of 23 LLMs on our new benchmark, revealing 568

closed-source models outperforming open-source 569

ones. We further explore hallucination mitigation 570

strategies, and find that SFT is the most effective. 571

This work not only proposes a robust framework for 572

evaluating and enhancing the reliability and faith- 573

fulness of LLMs in real world, but also provides 574

critical insights into hallucination mitigation. 575
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6 Limitations576

The limitations of this work primarily stem from577

the scope and structure of the CONVFAITHEVAL578

benchmark. While the dataset is derived from579

real-world customer service conversations, it is fo-580

cused on a single domain, potentially limiting its581

generalizability to other conversational contexts582

or languages beyond Chinese. Meanwhile, while583

SFT shows significant improvements, its applica-584

bility depends on access to high-quality labeled585

data, which may not always be feasible compared586

with general prompting techniques. Furthermore,587

the benchmark primarily assesses hallucinations588

related to faithfulness, leaving aspects such as user589

intent interpretation and contextual nuance under-590

explored. These limitations highlight opportuni-591

ties for future work to broaden the dataset scope,592

explore additional evaluation dimensions, and de-593

velop methods requiring fewer labeled resources.594

7 Ethical Statement595

In this study, we adhere to strict ethical standards596

to ensure the responsible use of data and technol-597

ogy. All customer service conversations used in598

the CONVFAITHEVAL benchmark were carefully599

anonymized to protect user privacy, removing per-600

sonal and identifiable information through auto-601

mated processes and thorough human review. The602

study complies with data protection regulations603

and ethical guidelines to prevent misuse of sensi-604

tive information. Furthermore, the benchmark and605

findings aim to improve the reliability and safety606

of LLMs, with the ultimate goal of reducing risks607

such as misinformation and user trust erosion in608

real-world applications. The research emphasizes609

transparency and accountability, encouraging the610

responsible development and deployment of LLMs.611
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A Results for Hallucination Detection789

We additionally collect 404 representative con-790

versations to benchmark hallucination detection,791

each of which is accompanied by both halluci-792

nated and human-corrected (non-hallucinated) sum-793

maries during the summary annotation process in794

Sec. 2.2. In this context, LLMs are tasked to pre-795

dict a binary outcome based on the input conver-796

sation and its corresponding summary. Results797

are shown in Fig. 6, where we have the follow-798

ing conclusions: (1) Smaller LLMs struggle to799

detect hallucinations at the conversation level.800

Given the limited parameter scales, smaller LLMs801

like InternLM2.5-7B, Qwen2-7B, and LLaMA-802

3.1-8B achieve detection accuracies around 50%,803

akin to random guessing. Their inability to cap-804

ture sufficient context hampers accurate hallucina-805

tion detection. (2) Closed-source LLMs demon-806

strate superior hallucination detection perfor-807

mance to open-source ones. Closed-source LLMs,808

such as GPT-4o (78.5%) and Claude 3.5 Son-809

net (80.1%), consistently outperform open-source810

LLMs like LLaMA-3.1-70B (66.9%) and Qwen2.5-811

72B (72.1%). This performance gap suggests that812

proprietary data and optimizations in closed-source813

LLMs contribute to their enhanced ability to detect814

hallucinations. (3) Scaling and advanced versions815

can facilitate LLMs in hallucination detection.816

LLMs like GPT-4 and Claude 3.5, with greater817

parameter scales and refined training, show signifi-818

cantly higher detection accuracy, enabling them to819

better capture complex conversational patterns and820

detect hallucinations. The same applies to open-821

source LLMs.822

B Implementation Details823

B.1 In Summary Generation and Verification824

In Sec. 2.2, we employ the Tree of Thoughts (ToT)825

framework (Yao et al., 2024; Long, 2023) to guide826

the automatic summary generation process through827

three main steps: (1) Conversation classification828

(Fig. 7): We classify the conversations into one of829

four predefined types: Transaction, Consultation,830

Feedback, and Complaint. (2) Outline extraction831

(Fig. 8, 10, 12, and 14): Using GPT-4, we prompt832

the model to generate corresponding fine-grained833

outlines based on the classified conversation type.834

(3) Summary generation (Fig. 9, 11, 13, and 15):835

Finally, GPT-4 is prompted to write a summary836
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Figure 6: We compare the hallucination detection accu-
racies for 23 LLMs, with each series distinguished by a
different color for clarity.

by synthesizing the conversation content and fine- 837

grained outlines. 838

B.2 In Quiz Generation and Verification 839

In Sec. 2.3, We utilize GPT-4 to generate a diag- 840

nostic quiz with input from the conversation and its 841

corresponding human-verified summary, including 842

multiple-choice question (MCQ), fill-in-the-blank 843

(FIB), and true-or-false (T/F). The detailed prompt 844

structures are illustrated in Fig. 16. 845

B.3 In Conversation Summarization 846

This task encompasses two components of prompt 847

design: (1) LLM summary generation: We instruct 848

the LLM to generate a summary given a conver- 849

sation, and (2) GPT-4 discrimination: We prompt 850

GPT-4 to compare the LLM-generated summary 851

with the ground truth summary for evaluation pur- 852

poses. Detailed prompts are shown in Fig. 17 and 853

Fig. 18. 854

B.4 In Quiz Examination 855

In this task, we instruct LLMs to respond to three 856

question types (MCQ, FIB, and T/F) in our quiz. 857

For each question type, a tailored prompt is used 858

to ensure that the LLM can understand the context, 859

interpret the requirements, and provide an accurate 860

response. Detailed prompts are shown in Fig. 19, 861

20, and 21. 862

B.5 In Hallucination Mitigation 863

CoT prompting is employed to guide the process 864

of summary generation through a systematic three- 865

step framework. (1) Conversation classification 866

(Fig. 22): The first step involves identifying the 867

type of input content. Similar to ToT, we cate- 868

gorize the feedback into three distinct types. (2) 869

12



Step1: Conversation Classification

#角色:

你是一名客服专家

##目标:

-准确对用户与客服的对话进行分类，判断属于「咨询类」、「反馈类」、「举报类」和「办事类」其中一种。如果用户反馈了多个问题，

只关心用户多次提到且强烈关注的主要问题。

##标签定义:

-「咨询类」：用户咨询信息，包括xxx怎么搞/啥时候/xxx是什么/能否xxx/功能入口等。

举例1：原账户信用卡注销了，订单退款能否退到其他账户。

举例2：想开通店铺授权号，但需要先开通企业号，如果用营业执照开通会不会和店铺冲突

举例3：自己发布的视频为被封禁的原因

-「反馈类」：用户投诉反馈或吐槽功能不好用/有bug、举报主播/现象、吐槽xxx功能/事件。

举例1：用户在下载【某平台】后，登录时同意个人信息后页面空白无反应的问题

举例2：【某平台】直播间遇到一位主播说脏话，认为该主播有赌博行为，希望平台能够处理。

举例3：用户反馈推荐的内容不喜欢，包含很多低质内容。

-「办事类」：用户办啥事、诉求。希望客服/平台退款/申诉解封账号或店铺/取消限流/关闭xx功能/寻求帮助等。

举例1：用户在xx平台上发布视频后，有人在评论区辱骂他，希望能够屏蔽此类人员。

举例2：用户希望客服帮忙解封账号。

举例3：用户希望客服帮忙进行订单退款，订单改约。

-「举报类」：用户对违规行为、内容或现象进行举报，期望平台介入并处理。举报内容通常针对违反平台规则的行为，包括诈骗、欺诈、

恶意信息传播、色情或暴力内容、侵权行为等。

举例1：用户举报某直播间存在赌博行为，并提供相关证据截图，要求平台尽快处理。

举例2：用户发现某视频中存在欺诈信息（如假冒产品销售），希望平台下架该视频并对发布者进行处罚。

举例3：用户举报一位主播涉嫌传播不实信息，要求平台核查并封禁账号。

-「无效反馈」：对话信息量不足，或者用户未有明确问题。

##输出格式:

-输出「咨询类」、「反馈类」、「办事类」、「举报类」和「无效反馈」其中一种。

##以下是一段用户和客服对话：

<Conversation Here>

##该对话属于「咨询类」、「反馈类」、「办事类」和「无效反馈」其中哪一种:

Figure 7: Prompts used in Summary Generation and Verification (Step1).

Outline extraction (Fig. 23): Based on the classi-870

fication result, a fine-grained outline is generated.871

This outline serves as a blueprint, breaking down872

the input into its essential components. (3) Sum-873

mary generation (Fig. 24): In the final step, the874

system utilizes both the classification type and the875

fine-grained outline to construct the summary. This876

framework ensures the generation of structured and877

contextually relevant summaries, tailored to the spe-878

cific needs of diverse input tasks. Meanwhile, ToT879

prompting follows the same pipeline in Sec. B.1.880

B.6 In Hallucination Detection 881

In Appx. A, we prompt LLMs to identify any dis- 882

crepancies or hallucinations within the summaries 883

to benchmark faithfulness hallucination detection. 884

Detailed prompts are shown in Fig 25. 885
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Step2: Outline Extraction (Transaction)

#角色: 你是一名客服专家

##目标:

-给你一段用户与客服的对话，请你针对用户咨询的办事类问题进行要素提取，要素分3个维度：「范围」、「原因」、和「诉求」。

「范围」咨询的办事内容发生在哪个平台页面、功能比如「直播」、「账号」、「店铺」、「视频」等

「原因」遇到了什么事导致用户有诉求

「诉求」用户希望办啥事、诉求，比如希望客服/平台退款/解封/取消限流/关闭xx功能/寻求帮助

##输出格式:

「范围」：

「原因」：

「诉求」：

##例子：

-例子1:

以下是一段用户反馈

用户在视频评论区发现辱骂他，希望能够屏蔽此类人员

输出:

「原因」：有人在评论区辱骂他

「范围」：评论区

「诉求」：希望屏蔽辱骂他的人员

-例子2:

以下是一段用户和客服对话：

客服: 客服代表【客服号】为您服务。

...

输出:

「范围」：账号

「原因」：用户未及时补充账号资料导致申请过期

「诉求」：希望客服重新发送补充资料的链接

-例子3:

"客服: 客服代表【客服号】为您服务。

客服: 你好，小助手很高兴为您服务，请问有什么可以帮您？

用户: 唉，你好，我想问一下我这个我的【某平台】号被封禁了。

...

输出:

「范围」：账号

「原因」：用户账号可能因违规发布医疗相关内容被封禁

「诉求」：希望解封账号，且申诉失败，寻求其他解决办法

+

「范围」：注册

「原因」：用户账号被封禁，考虑能否用原手机号再注册

「诉求」：了解原手机号能否再注册【某平台】号

##要求：

1. 如果原文没有提到「范围」、「原因」、和「诉求」相关的内容，则对应位置输出“无”

2. 如果原文反馈不同的问题，则分多点输出，不同问题之间用“+”符号分割，最多输出2组问题要素，如果无额外问题内容则只输出1组问题

要素。

##以下是一段用户和客服对话：

<Conversation Here>

##输出:

Figure 8: Prompts used in Summary Generation and Verification (Step2: Transaction).
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Step3: Summary Generation (Transaction)

#角色:

你是一名客服专家，擅长信息提炼与概括

##目标:

-给你一段用户与客服的对话，请你结合用户办事诉求的3个要素来简要总结用户反馈的问题，

要素分3个维度「范围」、「原因」、和「诉求」。

「范围」咨询的办事内容发生在哪个平台页面、功能比如「直播」、「账号」、「店铺」、「视频」等

「原因」遇到了什么事导致用户有诉求

「诉求」用户希望办啥事、诉求，比如希望客服/平台退款/解封/取消限流/关闭xx功能/寻求帮助

##例子：

-例子1:

以下是一段用户和客服对话：

客服: 客服代表【客服号】为您服务。

客服: 您好，小助手很高兴为您服务，请问有什么可以帮您？

用户: 我我这个账号【某平台】为什么给我封掉了？

...

问题的要素：

「范围」：账号

「原因」：用户账号被封，申诉失败，且账号内还有钱

「诉求」：希望解封账号

结合以上问题要素该用户反馈的问题：用户账号因被封申诉失败且账号有钱希望能解封。

-例子2:

客服: 客服代表【客服号】为您服务。

...

问题的要素：

「范围」：账号

「原因」：用户账号可能因违规发布医疗相关内容被封禁

「诉求」：希望解封账号，且申诉失败，寻求其他解决办法

+

「范围」：注册

「原因」：用户账号被封禁，考虑能否用原手机号再注册

「诉求」：了解原手机号能否再注册【某平台】号

结合以上问题要素该用户反馈的问题:

用户反馈了两个问题：

1. 用户【某平台】账号因违规被封申诉失败，希望解封

2. 用户咨询账号被封禁的原手机号能否再注册。

##输出格式:

-包括客户在什么范围因什么原因下的诉求，如果要素点「无」则跳过

-输出字数限制在35字以内

-逗号控制在1个以内

-如果用户没有明确的问题则输出：用户没有明确问题。

-如果用户没有明确说明原因，则不需要输出原因相关解释

##以下是一段用户和客服对话：

<Conversation Here>

问题的要素：

<Fine-grained Outlines Here>

##结合以上问题要素该用户反馈的问题:

Figure 9: Prompts used in Summary Generation and Verification (Step3: Transaction).
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Step2: Outline Extraction (Consultation)

#角色:
你是一名客服专家
##目标:
-给你一段用户与客服的对话，请你针对用户咨询的问题进行要素提取，要素分3个维度：「原因」、「范围」、「咨询内容」。
「原因」指什么原因让用户来咨询
「范围」（可选），咨询的内容发生在哪个平台页面、功能比如「直播」、「账号」、「店铺」、「视频」等
「咨询内容」xxx怎么搞/啥时候/xxx是什么/能否xxx等

##输出格式:
「原因」：
「范围」：
「咨询内容」：

##例子：
-例子1:
以下是一段用户和客服对话：
客服: 客服代表为您服务。
客服: 你好，【用户】，很高兴为您服务，请问什么可以帮您？
用户: 唉，你好啊，我想问一下，我【某平台】账号的啊，私信功能被处罚了，不能用7天，我想问一下是为什么？
客服: 你好，先生！
客服: 噢，先生，您的问题就是说是你本次来电的这个账号私信被处罚了，然后咱要咨询这个处罚的原因，是这意思吧？
用户: 对对对对！
客服: 嗯，好的啊，就是看到你这个处罚了。先生，他是说提示为什么处罚，是说这个私信里边涉及色情低俗，是因为这个受到处罚的。
用户: 但是啊但是我我我账号里面唯一没作品然后因为噢我是因为反反正我这账号他也就是没有处罚之前我我我也是不能给没有互关的朋
友这样子发信息的我记得是。
客服: 因为你看他给到你的提示说账号返有色情低俗相关内容，包括单不限于啊，这个你有查看到对吧，先生，就是因为这里边包括单不
限于这个，就是因为这个受到处罚的，当然他也就是几天的处罚，到期之后就会自动解除处罚。但是我看到先生您进行申诉，申诉失败
了，那申诉失败之后啊，只要以你的手机页面提示为准，就到期之后自动解除这个处罚了。
...
客服: 嗯，不可以啊，因为它是申诉，几乎只有一次。
用户: 噢，行。
客服: 嗯，确实很抱歉啊，先生。嗯，不能直接帮助到您，先生。
用户: 好行，谢谢。
客服: 嗯，好的啊，感谢您的理解，先生也辛苦您对对本人，对您的服务做个评价，那就不打扰您了，祝您生活愉快，再见！
客服: 嗯，好，拜拜。
输出:
「原因」：私信功能因涉及色情低俗被处罚，不能用7天
「范围」：账号、私信功能
「咨询内容」：账号私信功能被处罚的原因以及如何申诉提前解除
-例子2:
以下是一段用户和客服对话：
用户: 我的视频为什么流量低
客服: 您的视频当前流量相较历史视频较低，主要可能是由于视频被粉丝观看的时间较短或者视频时长较长，视频完播的情况不是很理想
哦～根据自身情况，决定是否要适当调整视频时间，尝试优化一下视频的完播情况。可以在视频制作上增加更多能够引发用户观看、停留
兴趣的内容，比如在剧情制作上增加反转内容、尝试使用一些特效、关联一些平台内热点话题等等方式。
用户: 线索管理：员工号/客服号设置
客服: 您这边是当前账号想要咨询【绑定员工个人号】的问题对吧
用户: 企业员工号可以继承换绑对吧
客服: 企业员工号可以通过离职重新启用更换员工
客服: 企业员工号是指：企业申请创建新的【某平台】号分配给员工进行使用，员工离职之后可转交给其他员工继续使用该账号。
用户: 我的员工号登录不上了
客服: 企业员工号还是员工个人号呢方便登录的页面发我下吗辛苦您啦
客服: 关于您反馈的【员工号】问题，小助手帮您核实到当前设备环境无法安全运行人脸识别功能，为了您的账号安全，请卸载掉设备上
可能安装的各种多开、分身、虚拟环境等软件或插件，恢复设备系统初始安全环境后重试若您尝试以上步骤后无法正常使用刷脸功能，请
更换设备后进行刷脸尝试若依旧无法使用，请24H后面部无遮挡在光线好的地方本人刷脸尝试哦
客服: 小助手看到咱们之前给您处理过这个问题您可以更换设备重新登录看下哈辛苦您啦
用户: 都不行
用户: 就是频繁
客服: 咱们这个原因是因为同一个员工号多次识别登录导致的频繁哈您可以过段时间重新登录看下哈如果多次操作的话系统识别频繁的
...
客服: 您好，由于长时间没有收到您的新消息，系统已暂时为您结束会话。若您当前问题暂未解决或有其他问题需要咨询，可以随时在当
前页面再次咨询人工客服，小助手将随时为您服务。感谢您的理解，祝您生活愉快
输出:
「原因」：员工号登录不上
「范围」：企业员工号
「咨询内容」：企业员工号能否继承换绑、员工号登录不上的原因及解决办法
+
「原因」：视频流量较低
「范围」：视频
「咨询内容」：视频流量较低的原因及优化办法

##要求：

1. 如果原文没有提到「原因」或「范围」或「咨询内容」相关的内容，则对应位置输出“无”

2. 如果原文反馈不同的问题，则分多点输出，不同问题之间用“+”符号分割，最多输出2组问题要素，如果无额外问题内容则只输出1组问题

要素。

##以下是一段用户和客服对话：

<Conversation Here>

##输出:

Figure 10: Prompts used in Summary Generation and Verification (Step2: Consultation).16



Step3: Summary Generation (Consultation)

#角色:

你是一名客服专家，擅长信息提炼与概括。

##目标:

-给你一段用户与客服的对话，请你针对用户咨询的3个要素内容结合原文来简要总结用户反馈的问题，要素分3个维度：「原因」、「范

围」、「咨询内容」。「原因」指什么原因让用户来咨询。「范围」（可选），咨询的内容发生在哪个平台、功能比如「直播」、「账

号」、「店铺」、「视频」等。「咨询内容」xxx怎么搞/啥时候/xxx是什么/能否xxx等。

##输出格式:

-包括客户在什么范围因什么原因咨询某事，如果要素点「无」则忽略过该要素

-输出字数限制在35字以内，逗号控制在1个以内

-如果用户没有明确的问题则输出：用户没有明确问题。如果有多组问题要素，则总结多个问题。如果用户没有明确说明原因，则不需要输

出原因相关解释

##例子

-例子1:

以下是一段用户和客服对话：

...

用户: 留咨组件找不到

...

「原因」：线索经营打不开

..

结合以上问题要素该用户反馈的问题:用户咨询【某平台】来客的线索经营功能如何打开

-例子2:

...

用户: 没有团购入口

...

问题的要素：

..

「咨询内容」：没有团购入口，希望避开中午1点到2点回电

结合以上问题要素该用户反馈的问题：用户咨询找不到团购入口并希望避开特定回电时间

-例子3:

以下是一段用户和客服对话：

用户: 我的视频为什么流量低

...

问题的要素：

「原因」：企业员工号登录不上

..

+

..

「咨询内容」：视频流量较低的原因

结合以上问题要素该用户反馈的问题:

用户反馈了两个问题：

1. 用户咨询企业员工号的继承换绑及登录不上的问题

2. 用户咨询视频流量低的原因

##以下是一段用户和客服对话：

<Conversation Here>

问题的要素：

<Fine-grained Outlines Here>

##结合以上问题要素该用户反馈的问题:

Figure 11: Prompts used in Summary Generation and Verification (Step3: Consultation).
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Step2: Outline Extraction (Feedback)

#角色:

你是一名客服专家，请你分析用户针对某个功能页面反馈内容。

##目标:

-给你一段用户与客服的对话，请你针对用户咨询的问题进行要素提取，要素分3个维度：「范围」、「场景」和「故障现象」。

「范围」能够明确问题/故障发生在哪个产品页面或者功能。

「场景」“正在做什么/准备做什么”的时候出现

「故障现象」具体出现的问题/故障的现象是什么

##举例：

-例子1:

以下是一段用户的问题：

用户在下载【某平台】后，登录时同意个人信息后页面空白无反应的问题。

问题的要素：

「范围」【某平台】

「场景」登录同意个人信息时

「故障现象」页面空白无反应

-例子2:

以下是一段用户的问题：

...

用户: 为什么你们的【某平台】后台总是自己掉，每次都要重新登陆

客服: 我帮您备注清楚了晚点您上线看下当前窗口的处理回复最晚24小时内回复，这边就先交给我吧有了结果会第一时间回复您的哈

用户: 而且为什么【某平台】的网页经常崩溃

客服: 收到，我们会及时优化

「范围」【某平台】

「场景」使用中

「故障现象」后台总是自动掉线，需要重新登陆

+

「范围」【某平台】

「场景」使用中

「故障现象」网页经常崩溃

##要求：

1. 如果原文没有提到「范围」或「场景」或「故障现象」相关的内容，则对应位置输出“无”

2. 如果原文反馈不同的大问题，则分多点输出，不同问题之间用“+”符号分割，最多输出2组问题要素，如果无额外问题内容则只输出1组问

题要素。

##以下是一段用户和客服对话：

<Conversation Here>

##问题的要素：

Figure 12: Prompts used in Summary Generation and Verification (Step2: Feedback).

18



Step3: Summary Generation (Feedback)

#角色:

你是一名客服专家，擅长信息提炼与概括

##目标:

-给你一段用户与客服的对话，请你结合用户反馈的问题要素来简要总结用户反馈的问题，

要素分多个维度：

「范围」能够明确问题/故障发生在哪个产品页面或者功能。

「场景」“正在做什么/准备做什么”的时候出现

「故障现象」具体出现的问题/故障的现象是什么

##输出格式:

-包括客户在什么范围或场景因什么原因反馈某事，如果要素点「无」则跳过该信息

-输出字数限制在35字以内

-逗号控制在1个以内

-如果用户没有明确的问题则输出：用户没有明确问题。

-如果有多组问题要素，则总结对应的多个问题。

-如果用户没有明确说明原因，则不需要输出原因相关解释

##例子

-例子1:

以下是一段用户和客服对话：

用户: 长按视频这块怎么没有保存相册了，不好分享不了视频别扭，没有保存视频了，望改进

...

问题的要素：

「范围」无

「场景」长按视频时

「故障现象」无法保存视频到相册，不能分享视频。

结合以上问题要素该用户反馈的问题:用户反馈在长按视频时无法保存视频到相册，不能分享视频。

-例子2:

以下是一段用户的问题：

...

用户: 为什么你们的【某平台】后台总是自己掉，每次都要重新登陆

客服: 我帮您备注清楚了晚点您上线看下当前窗口的处理回复最晚24小时内回复，这边就先交给我吧有了结果会第一时间回复您的哈

用户: 而且为什么【某平台】的网页经常崩溃

客服: 收到，我们会及时优化

问题的要素：

「范围」【某平台】

「场景」使用中

「故障现象」后台总是自动掉线，需要重新登陆

+

「范围」【某平台】

「场景」使用中

「故障现象」网页经常崩溃

结合以上问题要素该用户反馈的问题:

用户反馈了两个问题：

1. 用户反馈【某平台】在使用中后台总是自动掉线，需要重新登陆。

2. 用户反馈【某平台】在使用中网页经常崩溃。

##以下是一段用户和客服对话：

<Conversation Here>

问题的要素：

<Fine-grained Outlines Here>

##结合以上问题要素该用户反馈的问题:

Figure 13: Prompts used in Summary Generation and Verification (Step3: Feedback).
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Step2: Outline Extraction (Complaint)

#角色:

你是一名客服专家，请你分析用户的举报内容。

##目标:

-给你一段用户与客服的对话，请你针对用户举报的问题进行要素提取，要素分3个维度：「范围」、「对象」和「举报原因」。

「范围」能够明确问题发生在哪个产品页面或者功能。

「对象」举报对象，包括主播、视频、商家等，

「举报原因」因为啥举报

「吐槽内容」指用户对xx行为的表态、xx的现象的不喜欢

##举例：

例子1:

以下是一段用户的问题：

直播间遇到一位主播说脏话，且该主播在直播期间有赌博行为，希望平台能够处理。

问题的要素：

「范围」直播间

「对象」主播

「举报原因」说脏话、赌博行为

例子2:

以下是一段用户的问题：

用户: 不新鲜

...

问题的要素：

「范围」【某平台】生活服务

「对象」商家

「举报原因」餐品不新鲜、有异味、口味不好

-例子3:

以下是一段用户的问题：

客服: 您好，您可以尝试描述遇到的问题或者点击下方问题列表，小助手也可以帮您解决哦

客服: 您好，小助手很高兴为您服务，请问有什么可以帮您？

用户: 停业了还卖卷

...

问题的要素：

「范围」【某平台】生活服务

「对象」无

「举报原因」商家停业了还卖券

+

「范围」直播

「对象」主播/直播间

「举报原因」主播违规，未被处理，投诉工单无结果且显示结束

##要求：

1. 如果原文没有提到「范围」或「对象」或「举报原因」相关的内容，则对应位置输出“无”

2. 如果原文反馈不同的大问题，则分多点输出，不同问题之间用“+”符号分割，最多输出2组问题要素，如果无额外问题内容则只输出1组问

题要素。

##以下是一段用户和客服对话：

<Conversation Here>

##问题的要素：

Figure 14: Prompts used in Summary Generation and Verification (Step2: Complaint).
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Step3: Summary Generation (Complaint)

#角色:

你是一名客服专家，擅长信息提炼与概括

##目标:

-给你一段用户与客服的对话，请你结合用户反馈的问题要素来简要总结用户反馈的问题，

要素分多个维度：

「范围」能够明确问题/故障发生在哪个产品页面或者功能。

「对象」指举报或者吐槽抱怨的对象，包括用户、视频、商家、页面功能等

「举报原因」指用户举报的原因

「吐槽内容」用户对xx行为的表态、xx的现象的不喜欢

##输出格式:

-包括客户在什么范围或场景因什么原因反馈某事，如果要素点「无」则跳过该信息

-输出字数限制在35字以内

-逗号控制在1个以内

-如果用户没有明确的问题则输出：用户没有明确问题。

-如果有多组问题要素，则总结对应的多个问题。

-如果用户没有明确说明原因，则不需要输出原因相关解释

##例子

-例子1:

以下是一段用户的问题：

用户: 别推荐游戏视频给我了 ...

问题的要素：

...

「故障现象」即使点击“不感兴趣”和进行相关设置，仍大量推荐游戏视频

+

「范围」无

...

结合以上问题要素该用户反馈的问题:

用户反馈了两个问题：

1. 用户反馈在【某平台】刷视频时即使点击“不感兴趣”，仍大量推荐游戏视频

2. 用户反馈长按视频时无法保存相册和分享视频。

-例子2:

以下是一段用户的问题：

用户: 不新鲜

...

问题的要素：

「范围」【某平台】生活服务

「对象」商家

「举报原因」餐品不新鲜、有异味、口味不好

结合以上问题要素该用户反馈的问题:

用户反馈了一个问题：

1. 用户反馈在【某平台】生活服务买的餐品不新鲜、有异味

##以下是一段用户和客服对话：

<Conversation Here>

问题的要素：

<Fine-grained Outlines Here>

##结合以上问题要素该用户反馈的问题:

Figure 15: Prompts used in Summary Generation and Verification (Step3: Complaint).
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Quiz Generation

##角色:

你是一名负责生成阅读理解题目的专业教育专家，专注于设计高难度且精准的问题，尤其擅长制造可能引发其他模型幻觉的情景。

##任务:

根据给定的“用户和客服对话”和对应的“摘要”，从对话的深层含义、细节、隐含信息、背景知识等多个方面入手，生成以下三类问题，并

严格按照指定格式输出。问题需具备一定迷惑性，但答案必须唯一且准确。注意确保答案的唯一性，并通过精确措辞避免歧义。

1. **选择题**: 共 <NUM1>道，每道题提供4个选项，有且仅有一个正确答案，其他选项需具备迷惑性且与对话内容紧密相关。

2. **填空题**: 共 <NUM2>道，要求根据对话或摘要填空，设计隐含信息填空或需要推理的空格内容，避免表面化问题。如果填空题有多

个空，每个空的正确答案用’；’分割。

3. **判断题**: 共 <NUM3>道，每道题为"True"或"False"判断，问题可涉及推理或对话隐含的态度、立场等细节，增加误判可能性。

##输出格式（JSON格式）:

{

"选择题": [

{

"问题": "[问题内容]",

"选项": {"A": "[选项1]","B": "[选项2]","C": "[选项3]","D": "[选项4]"}, "正确答案": "[答案]"

},

...

],

"填空题": [

{"问题": "[问题内容，空格部分用“____”表示]","正确答案": "[答案]"},

...

],

"判断题": [{"问题": "[问题内容]","正确答案": "[True/False]"},

...

]

}

##以下是一段用户和客服对话：

<Conversation Here>

##以下是该对话的摘要：

<Summary Here>

请按照要求生成问题：

Figure 16: Prompts used in Quiz Generation and Verification.
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LLM Summary Generation

#角色:

你是一名专业的客服专家，擅长用精炼语言提取用户反馈的关键信息。

##目标:

根据以下用户与客服的对话内容，使用简洁清晰的语言总结用户反馈的主要问题。

请确保输出内容没有冗余，仅包含用户反馈的主要问题，避免重复或不相关的信息，不需要对客服的回答进行总结。

##输出要求:

1. 仅保留用户反馈的主要问题，忽略无关或不明确的内容，不要总结客服的回答。

2. 确保问题表述准确、清晰。

##输出格式要求:

请按以下格式输出，无需额外分析：

1. <问题1>

2. <问题2>

...

##例子:

-输入对话内容:"客户: 我的喜欢列表被自动私密了没有入口

客户: 如何设置个人主页喜欢列表的可见范围

客户: “喜欢页”被限制查看怎么办

客户: 视频处罚/没流量怎么办

客户: 为什么我无法设置点赞列表查看权限

客户: 无法显示我的喜欢列表直接消失了这个功能

坐席: 您好，小助手为您服务；请稍等下，小助手先看下咱们的问题

坐席: 请问咱们是想要公开主页的喜欢列表吗

客户: 是的

坐席: 您好，设置个人页喜欢列表公开的问题已经为您处理了，您可等待30分钟后重启【某平台】再进行查看

坐席: 已经为您加入了哦，辛苦您稍后重启试试哦

坐席: 没有其他问题的话,小助手就先关闭会话了后续有问题还可以继续咨询小助手哦同时也辛苦您稍后对小助手的服务进行评价,祝您生活

愉快,再见"

-输出摘要:"1. 用户咨询个人主页喜欢列表的相关问题及解决办法

2. 用户咨询视频被处罚及没流量的解决办法"

##对话内容:

<Conversation Here>

##输出:

Figure 17: Prompts used in LLM Summary Generation.
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GPT-4 Discrimination

你是一个对话摘要的专家，我会给你一个分点的人工总结摘要和分点的模型生成摘要。人工总结摘要是绝对正确的，你需要将模型生成摘

要和人工总结摘要进行比较，输出。

###请注意以下定义：

正确：该点与人工总结内容中的某一点含义完全一致。

错误：该点与人工总结内容中的某一条相关，但细节或表述不正确，或者表述不完整。

编造：该点与人工总结内容中的所有点都无关。

###请回答以下问题：

模型输出摘要的所有点中，正确的有几个？

模型输出摘要的所有点中，错误的有几个？

模型输出摘要的所有点中，编造的有几个？

###请根据以下格式输出，无需额外分析：

{

"correct": <正确的部分数量>,

"incorrect": <错误的部分数量>,

"fabricated": <编造的部分数量>,

}

###输入

人工总结摘要：<GT_SUMMARY Here>

模型输出摘要：<MODEL_SUMMARY Here>

###输出

Figure 18: Prompts used in GPT-4 Discrimination.
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MCQ Answering

#角色:

你是一名专业的客服专家，擅长作答各种客服领域内的题目。

##目标:

根据以下用户与客服的对话内容，回答选择题。

##输出要求:

1. 仅输出选项字母（A、B、C、D），无需任何解释。

##对话内容:

<Conversation Here>

##选择题:

<Question Here>

请回答

Figure 19: Prompts used in MCQ Answering.

FIB Answering

#角色:

你是一名专业的客服专家，擅长作答各种客服领域内的题目。

##目标:

根据以下用户与客服的对话内容，回答填空题。题目中只

有"____"的部分需要你填空。如果有多个空，你的回答中每个空

的答案用’；’分割。

##输出要求:

1. 仅输出答案，不要输出任何额外字符。

##对话内容:

<Conversation Here>

##填空题:

<Question Here>

请回答

Figure 20: Prompts used in FIB Answering.

T/F Answering

#角色:

你是一名专业的客服专家，擅长作答各种客服领域内的题目。

##目标:

根据以下用户与客服的对话内容，用True或False回答判断题。

##输出要求:

1. 仅输出True或False，无需任何解释。

##对话内容:

<Conversation Here>

##判断题:

<Question Here>

请回答

Figure 21: Prompts used in T/F Answering.
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Step1: Conversation Classification

#角色:

你是一名客服专家

##目标:

-准确对用户与客服的对话进行分类，判断属于「咨询类」、「反馈类」、「举报类」和「办事类」其中一种。如果用户反馈了多个问题，

只关心用户多次提到且强烈关注的主要问题。

##标签定义:

-「咨询类」：用户咨询信息，包括xxx怎么搞/啥时候/xxx是什么/能否xxx/功能入口等。

举例1：原账户信用卡注销了，订单退款能否退到其他账户。

举例2：想开通店铺授权号，但需要先开通企业号，如果用营业执照开通会不会和店铺冲突

举例3：自己发布的视频为被封禁的原因

-「反馈类」：用户投诉反馈或吐槽功能不好用/有bug、举报主播/现象、吐槽xxx功能/事件。

举例1：用户在下载【某平台】后，登录时同意个人信息后页面空白无反应的问题

举例2：【某平台】直播间遇到一位主播说脏话，认为该主播有赌博行为，希望平台能够处理。

举例3:用户反馈推荐的内容不喜欢，包含很多低质内容。

-「办事类」：用户办啥事、诉求。希望客服/平台退款/申诉解封账号或店铺/取消限流/关闭xx功能/寻求帮助等。

举例1：用户在xx平台上发布视频后，有人在评论区辱骂他，希望能够屏蔽此类人员。

举例2：用户希望客服帮忙解封账号。

举例3：用户希望客服帮忙进行订单退款，订单改约。

-「举报类」：用户对违规行为、内容或现象进行举报，期望平台介入并处理。举报内容通常针对违反平台规则的行为，包括诈骗、欺诈、

恶意信息传播、色情或暴力内容、侵权行为等。

举例1：用户举报某直播间存在赌博行为，并提供相关证据截图，要求平台尽快处理。

举例2：用户发现某视频中存在欺诈信息（如假冒产品销售），希望平台下架该视频并对发布者进行处罚。

举例3：用户举报一位主播涉嫌传播不实信息，要求平台核查并封禁账号。

-「无效反馈」：对话信息量不足，或者用户未有明确问题。

##输出格式:

-输出「咨询类」、「反馈类」、「办事类」和「无效反馈」其中一种。

##以下是一段用户和客服对话：

<Conversation Here>

##该对话属于「咨询类」、「反馈类」、「办事类」、「举报类」和「无效反馈」其中哪一种:

Figure 22: Prompts used in CoT prompting (Step1).
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Step2: Outline Extraction

#角色:

你是一名客服专家

##目标:

-给你一段用户与客服的对话和对话的分类，请你针对用户咨询的问题进行要素提取。对话的分类属于「咨询类」、「反馈类」和「办事

类」其中一种。要素可以分为：「原因」、「范围」、「咨询内容」、「场景」、「故障现象」、「对象」、「举报原因」、「吐槽内

容」、「诉求」，从中选取你觉得相关的要素类别进行提取。

##输出格式:

「要素类别」：

「要素类别」：

「要素类别」：

##例子：

-例子1:

–以下是一段用户和客服对话：

用户: 唉，你好啊，我想问一下，我【某平台】账号的啊，私信功能被处罚了，不能用7天，我想问一下是为什么？

...

–对话分类:「咨询类」

–输出:

「原因」：私信功能因涉及色情低俗被处罚，不能用7天

...

-例子2:

–以下是一段用户的问题：

用户: 为什么你们的【某平台】后台总是自己掉，每次都要重新登陆

...

–对话分类:「咨询类」

–输出:

「故障现象」后台总是自动掉线，需要重新登陆

...

+

「范围」【某平台】

...

-例子3:

以下是一段用户和客服对话：

用户: 因为我之前申请了那个账号的问题，要补充资料，我啊，昨天没来得及补充，然后那个电池已经过期了，你帮我再发个链接，我补

充一下资料。

...

–对话分类:「办事类」

–输出:

「原因」：用户未及时补充账号资料导致申请过期

...

##要求：

2. 如果原文反馈不同的问题，则分多点输出，不同问题之间用“+”符号分割，最多输出2组问题要素，如果无额外问题内容则只输出1组问题

要素。

##以下是一段用户和客服对话：

<Conversation Here>

对话分类：<Type Here>

##输出:

Figure 23: Prompts used in CoT prompting (Step2).
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Step3: Summary Generation

#角色:

你是一名客服专家，擅长信息提炼与概括

##目标:

-给你一段用户与客服的对话，请你针对用户咨询的几个要素内容结合原文来简要总结用户反馈的问题，

##输出格式:

-包括客户在什么范围因什么原因咨询某事，如果要素点「无」则忽略过该要素

-输出字数限制在35字以内，逗号控制在1个以内

-如果用户没有明确的问题则输出：用户没有明确问题。如果有多组问题要素，则总结多个问题。如果用户没有明确说明原因，则不需要输

出原因相关解释

##例子

-例子1:

–以下是一段用户和客服对话：

...

用户: 留咨组件找不到 ...

–对话分类:「咨询类」

–问题的要素：

「原因」：线索经营打不开;「范围」：【某平台】来客;「咨询内容」：如何打开线索经营

结合以上问题要素该用户反馈的问题:用户咨询【某平台】来客的线索经营功能如何打开

-例子2:

–以下是一段用户和客服对话：

用户: 长按视频这块怎么没有保存相册了，不好分享不了视频别扭，没有保存视频了，望改进

...

–对话分类:「反馈类」

–问题的要素：

「范围」无;「场景」长按视频时;「故障现象」无法保存视频到相册，不能分享视频。

结合以上问题要素该用户反馈的问题:用户反馈在长按视频时无法保存视频到相册，不能分享视频。

-例子3:

–以下是一段用户和客服对话：

客服: 客服代表为您服务。

客服: 你好，小助手很高兴为您服务，请问有什么可以帮您？

用户: 唉，你好，我想问一下我这个我的【某平台】号被封禁了。

...

–对话分类:「办事类」

–问题的要素：

「范围」：账号;「原因」：用户账号可能因违规发布医疗相关内容被封禁;「诉求」：希望解封账号，且申诉失败，寻求其他解决办法

+

「范围」：注册;「原因」：用户账号被封禁，考虑能否用原手机号再注册;「诉求」：了解原手机号能否再注册【某平台】号

结合以上问题要素该用户反馈的问题:

用户反馈了两个问题：

1. 用户【某平台】账号因违规被封申诉失败，希望解封

2. 用户咨询账号被封禁的原手机号能否再注册。

##以下是一段用户和客服对话：

<Conversation Here>

对话分类：<Type Here>

问题的要素：<Fine-grained Outlines Here>

##结合以上问题要素该用户反馈的问题:

Figure 24: Prompts used in CoT prompting (Step3).
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Hallucination Detection

#角色:

你是一名对话评估领域的专家，擅长检测摘要中的幻觉现象。你的主要职责是通过确保摘要中的每一条信息都可以明确地由对话内容支持

或合理推断得出，来评估摘要的准确性和一致性。此外，你还擅长识别摘要中存在的矛盾或不支持的细节。

#目标:

根据以下用户与客服之间的中文对话以及提供的摘要，判断该摘要是否包含幻觉内容（即：摘要中包含未提及、虚构、不准确或与对话内

容无关的信息）。

幻觉的定义：如果满足以下任意条件，信息被视为幻觉：

(1)摘要包含的信息无法明确地由对话支持，或无法合理推断得出。

(2)摘要中包括的细节与对话中的事实或内容相矛盾。

#示例1:

##对话内容:

客户: 【某平台】给钱转钱

客户: 收入提现到零钱

...

##摘要:

用户反馈了两个问题：

1. 用户咨询【某平台】给自己转钱的原因及如何取消收益转账

2. 用户咨询卸载【某平台】app能否解决问题，若不行，注销账号是否可行

##输出:Yes

#示例2:

##对话内容:

客户: 【某平台】给钱转钱

客户: 收入提现到零钱

客户: 人工客服

...

##摘要:

用户反馈了一个问题：

1. 用户咨询【某平台】给自己转钱的原因及如何取消收益转账

##输出:No

#输出要求：

仅输出“Yes”或“No”，不包含任何其他无关内容。你输出的唯一结果必须是“Yes”或“No”。

#对话内容:

<Conversation Here>

#摘要:

<Summary Here>

#输出:

Figure 25: Prompts used in Hallucination Detection.
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