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Abstract

Large Language Models (LLMs) excel in di-
verse tasks but are prone to hallucinations.
Most existing benchmarks primarily focus on
evaluating factual hallucinations, while the as-
sessment of faithfulness hallucinations remains
underexplored, especially with practical conver-
sations that involve casual language and topic
shifts. To bridge this gap, we introduce CON-
VFAITHEVAL, the first faithfulness hallucina-
tion evaluation benchmark built on real-world
customer service conversations. Two tasks,
Conversation Summarization and Quiz Exami-
nation, are designed to comprehensively assess
faithfulness hallucinations in LLMs. Extensive
experiments on 22 LLMs reveal that faithful-
ness hallucinations persist across all LLMs.

1 Introduction

Large Language Models (LLMs), such as GPT-
40 (Achiam et al., 2023), and LLaMA (Touvron
et al., 2023), excel in tasks such as question answer-
ing and dialogue. However, they are also prone to
hallucinations—factually incorrect or nonsensical
content (Wang et al., 2023), which can mislead
users, erode trust, and hinder real-world deploy-
ment. LL.Ms generally experience two types of hal-
lucinations: factuality hallucination, which focuses
on inconsistencies between generated content and
world knowledge, and faithfulness hallucination,
which highlights divergence from the provided con-
text (Huang et al., 2023). Existing benchmarks (Lin
et al., 2021; Pal et al., 2023; Cheng et al., 2023)
mainly focus on factuality hallucinations, with only
a few (Tang et al., 2024; Ming et al., 2024) address-
ing faithfulness hallucinations.

However, real-world conversations often include
casual language (e.g., interjections, emojis, and ab-
breviations) and topic shifts. In this work, we are
the first to utilize real-world customer service con-
versations to evaluate faithfulness hallucinations in
LLMs. Examples of user interactions with human

customer service are shown in Fig. 1, drawn from
an online platform supporting over 20 products
across various domains. These conversations of-
ten feature casual language (e.g., interjections like
“uh,” emojis like @, and abbreviations like “BTW”).
Additionally, topics can shift within a conversation,
as seen in the fourth sub-figure “Complaint,” where
the topic shifts from “request user information” to
“claim to sue.” These factors present challenges for
LLMs in accurately interpreting the context.

In this light, we introduce CONVFAITHEVAL,
the first faithfulness hallucination evaluation bench-
mark based on practical conversations. It includes
two tasks: Conversation Summarization and Quiz
Examination. In construction, we first select and
filter conversations from a Chinese online customer
service platform, and anonymize each data sample.
Then, we use GPT-40 to automatically identify the
conversation type, number of topics, and generate
a summary and a quiz. Lastly, we perform strict
human verifications to ensure data quality.

We evaluate 22 LLMs with our CONVFAITHE-
VAL, where almost all LLMs suffer from faithful-
ness hallucinations. Our contributions: (1) We eval-
uvate faithfulness hallucinations in LLMs with user
conversations containing casual language and topic
shifts, which are ubiquitous in real-world scenar-
i0s. (2) We construct CONVFAITHEVAL based on
real-world customer service conversations, contain-
ing 2,500 conversations for evaluation. (3) With
CONVFAITHEVAL, we design two tasks to com-
prehensively evaluate faithfulness hallucinations in
22 LLMs and provide valuable insights.

2 CONVFAITHEVAL Benchmark
2.1 Conversation Collection

In Fig. 2 (a), we first collect and filter raw conver-
sations from a customer service platform, followed
by a comprehensive anonymization process.

Raw conversation selection and filtering. The
online platform, which supports over 20 products
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Figure 1: An overview of CONVFAITHEVAL benchmark (English-translated).

across various domains (e-commerce, advertising,
finance, etc.), serves as the source for raw data. To
construct CONVFAITHEVAL, we enlist employees
familiar with the platform and its products as hu-
man annotators. The annotators follow four guide-
lines to select and filter historical conversations
from the platform: (1) Random selection: Conver-
sations are randomly selected to reflect real-world
distribution. (2) Contextual integrity: Short or in-
complete conversations are excluded for lacking
essential context. (3) Sensitive conversation fil-
tering: Conversations containing political, porno-
graphic, or violent content are removed to maintain
ethical standards. (4) Noisy conversation filtering:
Conversations with excessive emojis, non-standard
grammar, or emotional expressions are filtered to
preserve clarity. Finally, we obtain 50, 000 high-
quality raw conversations from over 1 million con-
versations on the customer service platform for
further processing and annotation.

Conversation anonymization. To protect user pri-
vacy and comply with data protection regulations,
we implement a comprehensive anonymization pro-
cess on the collected conversations, including: (1)
personal information redaction, (2) entity replace-
ment, (3) context obfuscation, and (4) metadata
removal. Then, annotators validate and revise the
anonymized content for accuracy.

2.2 Summary Generation and Verification

In Fig. 2 (b), we generate a summary for each con-
versation with GPT-40, which will then be verified
to ensure its correctness (details in Appx. D.1).

Summary generation. We use GPT-40 to generate
an initial summary for each conversation, capturing
key details with main concerns and queries clearly
outlined. The Tree of Thoughts (ToT) framework
(Yao et al., 2024; Long, 2023) is employed to guide
GPT-40 in completing this summary task. (1) We
provide GPT-40 with definitions of four conversa-
tion types—Transaction, Consultation, Feedback,
and Complaint—as context and instruct it to cate-

gorize the conversation. (2) Based on the detected
type, we guide GPT-40 to generate an outline for
the conversation, with a tailored prompt template
for each type to extract relevant information from
the conversation. For example, for a Consultation,
we expect to extract the “cause”, “scope”, and “con-
tent”. (3) We then instruct GPT-40 to generate a
concise summary following the outline. The sum-
mary includes a brief description of each topic,
with each topic and its description listed in a clear,
point-by-point format for readability.

Summary verification. To ensure the correctness
of generated conversation summaries, we employ
human annotators for careful reviews and correc-
tions, following these guidelines: (1) Summary
correction: Human annotators refine summaries
for accuracy and completeness, correcting errors
and enhancing clarity, especially for multi-topic
summaries. (2) Conversation categorization: Con-
versations are classified into four types: Transac-
tion (service requests like returns or refunds), Con-
sultation (advice-seeking on issues or features),
Feedback (bug reports, suggestions, or usability
comments), and Complaint (dissatisfaction with a
person, service, or platform). (3) Sensitive infor-
mation removal: Annotators anonymize or remove
all personal and platform-related information.

2.3 Quiz Generation and Verification

In Fig. 2 (c), we create an additional quiz for each
conversation for evaluation (details in Appx. D.2).
Quiz generation. We use GPT-40 to generate a
diagnostic quiz from a conversation and its human-
verified summary, including multiple-choice ques-
tions (MCQ), fill-in-the-blank (FIB), and true-or-
false (T/F), with two questions of each type per
conversation. To emphasize contextual reasoning
over memory recall, we enhance reasoning com-
plexity through carefully designed prompts.

Quiz verification. We also ensure quiz correctness
through human verification in three steps: (1) Con-
tent review: Annotators verify each question’s cor-
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Figure 2: An illustration of the construction pipeline for our CONVFAITHEVAL benchmark.
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Figure 3: The statistics on CONVFAITHEVAL.

rectness and relevance. (2) Difficulty calibration:
Questions are assessed to match the conversation’s
complexity. (3) Redundancy elimination: Repeti-
tive questions are removed to ensure diversity.

2.4 Statistics and Analysis

The constructed benchmark contains a total of
2,500 diverse conversations, each annotated with
“conversation type”, “number of topics”, and “sum-
mary”. The statistics is presented in Fig. 3. It
is observed that 85.8% of conversations involve
over 15 interaction turns, and 84.5% include multi-
ple topics. Meanwhile, conversation types within
are primarily dominated by Consultation (72.6%),
with Complaint (6.0%) being the least, aligning
with real-world distributions. For quiz collection,
quizzes are successfully generated for 2, 500 con-
versations, resulting in a total of 15, 000 questions.

3 Experiments
3.1 Experimental Setup

We evaluate various LLMs that span different ver-
sions and scales. In Conversation Summarization,
we introduce five metrics: Omission Rate (O), Er-
ror Rate (E), Fabrication Rate (F'), Recall (R),
Precision (P), and F1 Score (F1). In Quiz Exam-
ination, we report the accuracy for each question
type and the average accuracy as quiz score (QS).
More details are presented in Appx. B

3.2 Main Results

We report the main evaluation results on 22 LLMs
in Table 1, and make the following observations.
(1) Closed-source GPT-40 achieves the best per-
formance, with Qwen2.5-72B showing compet-
itive results. Closed-source GPT-40 achieves the
best F1 of 88.0% and QS of 90.1% on both tasks,
demonstrating its superior performance in under-
standing real-world user queries. Among open-
source LLMs, Qwen2.5-72B stands out as a strong
competitor, reaching 87.6% in F1 and 90.1% in
QS, closely matching GPT-40’s performance. (2)
Chinese LLLMs outperform non-Chinese coun-
terparts within the open-source category. Our
benchmark focuses on hallucinations in Chinese,
and Chinese LL.Ms consistently exhibit better per-
formance, aligning with expectations. For exam-
ple, Qwen2.5-72B, a Chinese LLM, outperforms
LLaMA-3.1-70B on both tasks, achieving higher
F1 (87.6% vs. 81.8%) and QS (90.1% vs. 88.8%).
Similarly, InternLM2.5-7B, also a Chinese LLM,
exhibits stronger performance when compared to
LLaMA-3-8B on both tasks. (3) LLMs with more
advanced versions and larger scales consistently
outperform their inferior counterparts. Within
the InternL.M family, Intern.M-2.5-20B achieves
higher scores in P, R, and F1 than the smaller
InternL.M-2.5-7B, with improvements in F1 (76.5%
vs. 75.0%) and R (96.4% vs. 95.3%). Similarly,
for the Qwen family, Qwen2.5-72B demonstrates
superior performance across multiple metrics com-
pared to Qwen2-7B and Qwen2-72B in F1. This
pattern is consistent with open-source LL.Ms. Ex-
emplified by GPT-40, with a parameter size consid-
erably larger than GPT-40 mini, achieves superior
F1 (88.0%) and QS (90.1%).



LLMs Conversation Summarizaton Quiz Examination

ol E| Fl RT P7T F11 | MCQT FIBT T/F1T QS?7
InternLM-7B 99.2 0.1 81.1 0.8 0.6 0.7 81.2 50.3 71.1 67.5
InternLM InternLM-20B 213 237 263 787 50.0 61.2 84.9 52.0 80.0 72.3
InternLM?2.5-7B 4.7 21.1 172 953 618 75.0 94.9 71.5 92.0 86.1
InternL.M?2.5-20B 3.7 18.7 179 964 634 76.5 954 73.3 93.0 87.2
Qwen2-7B 4.5 19.2 154 955 655 71.7 94.7 69.9 89.8 84.8
Qwen Qwen2-72B 6.0 11.9 8.5 940  79.7 86.2 97.1 75.7 96.1 89.6
Qwen2.5-7B 124 15.0 6.7 877 184 82.7 95.2 72.1 92.0 86.4
Qwen2.5-72B 5.3 10.9 7.1 947 814 87.6 97.2 76.2 96.7 90.1
LLaMA-2-7B 587 223 573 413 17.6 24.7 24.8 26.2 48.0 33.0
LLaMA-2-13B 27.8 327 362 722 312 436 26.3 40.7 48.0 38.3
LLaMA LLaMA-3-8B 8.3 254 219 917 528 67.0 91.2 64.6 87.2 81.0
LLaMA-3-70B 13.0 16.9 9.6 87.1 73.5 79.7 96.2 72.7 95.0 88.0
LLaMA-3.1-8B 10.5  21.8 140 895 643 74.8 89.1 62.9 87.9 80.0
LLaMA-3.1-70B 7.9 17.2 9.3 92.1 73.5 81.8 96.6 73.3 96.5 88.8
GLM ChatGLM3-6B 342 288 219 658 493 56.3 24.8 64.4 54.5 47.9
ChatGLM4-9B 7.8 18.9 159 923 652 76.4 90.7 63.0 86.6 80.1
GPT-3.5-Turbo 16.4 16.5 10.6 836 729 77.9 90.6 67.9 88.2 82.2

GPT GPT-4 15.6 179 844 70.0 76.5 74.8
GPT-40 mini 12.2 95.9 72.2 95.4 87.8

GPT-40

Gemini Gemini 1.5 Flash 15.5 13.7 139 845 724 78.0 88.7 95.8 86.6
Gemini 1.5 Pro 14.6 12.2 142 854 737 79.1 88.8 86.7

Table 1: Main results. We evaluate 22 LLMs across six families with different versions and scales, on Conversation
Summarization and Quiz Examination tasks. All results are shown in percentages (%), and the best and second-best

results are marked in bold and underline for open- and
3.3 In-Depth Analysis

To analyze the impact of topic shift and topic do-
main on triggering LLM hallucinations, we exam-
ine model performance w.r.t. the “number of topics”
and “conversation type”.

Performance w.r.t. number of topics. Fig. 4 (a)
shows the performance comparison in F1 of vari-
ous LLMs on the conversation summarization task
across conversations involving different numbers
of topics. The analysis reveals two key observa-
tions. (1) As the number of topics increases, there
is a consistent decline in performance for most
LLMs, including Qwen2.5-72B, LLaMA-3.1-70B,
and Gemini 1.5 Pro. This highlights the inherent
challenge of managing hallucinations in more com-
plex conversational scenarios, where topic shifts
are more frequent. (2) In contrast, GPT-4o consis-
tently demonstrates robust performance, effectively
handling complex conversations. Its superior abil-
ity to maintain coherence across multiple topics
suggests an advanced understanding of real-world
conversations. This suggests that closed-source
LLMs benefit from superior training and alignment,
leading to more faithful summarization, while open-
source LLMs require further optimization to handle
multi-topic conversations.

Performance w.r.t. conversation type. Fig. 4 (b)
compares the model performance across four con-
versation types. The tested LLMs exhibit a similar
trend in performance across the four conversation

LLMs, respectively.

100
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Transaction Consultation Feedback Complaint
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Figure 4: In-depth analysis on the impact of (a) the
number of topics and (b) conversation type upon F1 on
Conversation Summarization.

types, indicating their relatively uniform handling
capability of different conversation types.

4 Conclusion

In this paper, we have introduced CONVFAITHE-
VAL, a benchmark for evaluating faithfulness hallu-
cinations in LLMs using real-world customer ser-
vice conversations. Unlike prior work, it consid-
ers the challenges of casual language and topic
shifts in multi-turn conversations. Evaluations of
22 LLMs show that LLMs struggle with increasing
topic complexity in real-world conversations while
closed-source models achieve better performance
and robustness, offering further insights for halluci-
nation evaluation and plausible mitigation direction
in LLM faithfulness.



5 Limitations

The limitations of this work primarily stem from
the scope and structure of the CONVFAITHEVAL
benchmark. While the dataset is derived from real-
world customer service conversations, it is focused
on a single domain, potentially limiting its gener-
alizability to other conversational contexts or lan-
guages beyond Chinese. Furthermore, the bench-
mark primarily assesses hallucinations related to
faithfulness, leaving aspects such as user intent in-
terpretation and contextual nuance underexplored.
These limitations highlight opportunities for future
work to broaden the dataset scope, explore addi-
tional evaluation dimensions, and develop methods
requiring fewer labeled resources.

6 Ethical Statement

In this study, we adhere to strict ethical standards
to ensure the responsible use of data and technol-
ogy. All customer service conversations used in
the CONVFAITHEVAL benchmark were carefully
anonymized to protect user privacy, removing per-
sonal and identifiable information through auto-
mated processes and thorough human review. The
study complies with data protection regulations
and ethical guidelines to prevent misuse of sensi-
tive information. Furthermore, the benchmark and
findings aim to improve the reliability and safety
of LLMs, with the ultimate goal of reducing risks
such as misinformation and user trust erosion in
real-world applications. The research emphasizes
transparency and accountability, encouraging the
responsible development and deployment of LLM:s.
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A Related Works

Hallucination benchmarks. Existing benchmarks
for evaluating LLLM hallucinations can be divided
into two groups. The first group, hallucination
evaluation benchmark, emphasizes the assessment
of the extent of hallucinations in LLM responses,
while the other, hallucination detection benchmark,
focuses on evaluating the hallucination differentia-
tion capabilities (Wang et al., 2023). For hallucina-
tion evaluation benchmarks, two types of hallucina-
tions are considered: factuality hallucinations and
faithfulness hallucinations. Most existing works
focus on evaluating factuality hallucinations with
factual questions (Lin et al., 2021; Cheng et al.,
2023; Pal et al., 2023; Wei et al., 2024; Oh et al.,
2024; Zhu et al., 2024), assessing whether the re-
sponses of LLMs contradict verified facts. Compa-
rably, only a few works (Tang et al., 2024; Ming
et al., 2024) evaluate faithfulness hallucinations, i.e.
whether LLMSs’ responses are inconsistent with the
provided context. TofuEval (Tang et al., 2024) sam-
ples documents from two dialogue datasets, i.e.,
MediaSum (Zhu et al., 2021) and MeetingBank
(Hu et al., 2023), and evaluate hallucinations with
topic-based dialogue summarization task. FaithE-
val (Ming et al., 2024) specifically benchmarks the
faithfulness of LLMs in contextual scenarios with
question answering. For hallucination detection
benchmarks, existing works investigate various as-
pects including hallucination granularity, context
complexity, and topic varieties (Miao et al., 2023;
Lietal., 2023; Zhao et al., 2024; Liang et al., 2023;
Chen et al., 2024).

Faithfulness hallucination mitigation. To mit-
igate faithfulness hallucinations, numerous task-
specific solutions have been proposed in aligning
context consistency (Gu et al., 2022; Choi et al.,
2023; Lei et al., 2023) and logical consistency (Li
et al., 2024; Paul et al., 2024; Xu et al., 2024).
Meanwhile, general approaches, such as CoT, ToT,
and few-shot prompting (Wei et al., 2022; Yao et al.,
2024; Brown et al., 2020), have also demonstrated
effectiveness in reducing LLLM hallucinations. In
this work, we explore applying four strategies to
mitigate faithfulness hallucinations of LLMSs on our
CONVFAITHEVAL, and provide valuable insights.

B Experiment Setup

On the proposed CONVFAITHEVAL, we evaluate
faithfulness hallucinations in LLMs with two tasks:
Conversation Summarization and Quiz Examina-

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.

GT Summary

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. 2

Figure 5: 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.

tion. More details are provided in Appx. D.3 and
Appx. D 4.

(1) Conversation Summarization: LLMs are re-
quired to generate a summary to describe all top-
ics discussed in a given conversation. The gener-
ated summary is then compared against the human-
verified ground-truth (GT) in CONVFAITHEVAL.
Since manual evaluation is time-consuming and
labor-intensive, we use GPT-4 as the discriminator
to judge whether the generated summary is hallu-
cinated following previous practices (Cheng et al.,
2023; Liang et al., 2023; Zhu et al., 2024).

We define five metrics for evaluations on this
task. Formally, given a conversation containing
m topics, the LLM generates summaries contain-
ing n topics, which are categorized into a cor-
rect, b erroneous, and ¢ fabricated topics, where
n = a + b + ¢, as shown in Fig. 5. The formula
of the five metrics are as follows: Omission Rate
(O = 1 - ), Error Rate (B = %), Fabrica-
tion Rate (F' = ), Recall (R = ), Precision
(P = ), and F1 Score (F1).

(2) Quiz Examination: We instruct LLMs to answer
questions in the quiz based on the conversation.
We report the accuracy of each question type, i.e.
MCQ, FIB, and T/F, as well as the average accuracy
as the quiz score (QS).

Baselines. We evaluate on our CONVFAITHE-
VAL various LLMs that span different versions and
scales, including open-source LLMs': InternLM

"InternLM-7B, InternLM-20B, InternLM2.5-7B and
InternL.M2.5-20B; Qwen2-7B, Qwen2-72B, Qwen2.5-7B,
and Qwen2.5-72B; LLaMA-2-7B, LLaMA-2-13B, LLaMA-3-
8B, LLaMA-3-70B, LLaMA-3.1-8B, and LLaMA-3.1-70B;
ChatGLM3-6B and ChatGLLM4-9B.



LLM’s Summary

Analysis

Over-Interpretation (58 %)

User asks about the limit on sending private messages when not
mutually following.

The user did not ask for this information; it was proactively men-
tioned by the customer service in their response.

Misinterpretation (18%)

User’s account was banned for tagging a friend in their profile
introduction and asks about the reason and solution.

The original text does not state that tagging a friend caused the
ban; the account was banned due to abnormal risks.

Key Information Omission (12%)

User’s account was banned due to being hacked and performing
unauthorized actions, affecting normal functionality. The user
seeks unblocking and restoration of real-name information.

The user did not explicitly state that hacking "caused the ban," but
rather mentioned that unauthorized actions due to hacking led to
the occupation of their real-name information, thereby affecting
normal usage.

Non-Question Responses (6%)

User is informed that the appeal result requires a 72-hour wait,
and the refund will be completed within 1-3 days after approval.

This is not a question or request.

Fabrication (6%) User asks about the return time and conditions for real-name | The user did not ask about time or conditions.
verification, particularly its relation to account cancellation (end
of October).
Table 2: Failure case study on Qwen2.5-72B.
Temperature 0.0 0.2 04 06 038 10 data, lm.plementlng Strlc.ter COl’lStI'a.II.ltS on response
1 Seor 652 717 8000 7829 7602 72s1 generation, and enhancing the ability to correctly

Table 3: The impact of temperature parameters on Con-
versation Summarizaton with Qwen2.5-7B, where we
only evaluate the first 100 samples in the evaluation set.

(InternLLM, 2023), Qwen (Bai et al., 2023), LLaMA
(Touvron et al., 2023; Al, 2024), and GLM (Du
et al., 2022), and closed-source ones?: GPT-series
(OpenAl, 2022, 2023) and Gemini (Anil et al.,
2023). To reduce randomness in LLM responses,
we set all temperature parameters to zero. Note
that we apply one-shot prompting to all LLMs for
both evaluation tasks to ensure consistency of the
response format.

C More Experiments and Analysis

C.1 Failure Case Study

We provide statistics of 50 error cases produced by
Qwen2.5-72B and categorize them into five groups
in Table 2, each type with one example. The faith-
fulness hallucination observed in Qwen2.5-72B, in-
cluding over-interpretation, misinterpretation, key
information omission, non-question responses, and
fabrication, can be attributed to various factors.
Over-interpretation likely arises from its tendency
to anticipate additional user needs based on lim-
ited context. Misinterpretation is often caused by
the reliance on surface-level patterns rather than
deeper understanding. Key information omission
indicates a failure to retain or emphasize critical
details, while non-question responses suggest the
misclassification of input types. Fabrication oc-
curs when the LLM generates information that
is not supported by the user’s query. Mitigating
these issues requires a combination of improved
fine-tuning with more diverse and contextually rich

2GPT-3.5-Turbo, GPT-4, GPT-40 mini, and GPT-40; Gem-
ini 1.5 Flash, Gemini 1.5 Pro.

identify and emphasize relevant details. Addition-
ally, refining the query classification system and
post-processing steps can help reduce the occur-
rence of hallucinations.

C.2 Temperature Parameter Ablation

In Sec. B, we set the temperature parameter to zero
primarily following the experimental setup of prior
hallucination evaluation benchmarks (Lin et al.,
2021; Wei et al., 2024; Oh et al., 2024), ensuring
determinism and reproducibility for each evalua-
tion. In Table 3, we show the results of varying
the temperature parameter from 0.0 to 1.0 during
the evaluation of Qwen2.5-7B. The F1 score fluctu-
ates across different temperature settings, with the
highest F1 score of 80.00 achieved at a temperature
of 0.4. As the temperature increases from 0.0 to
0.4, we observe a steady improvement in perfor-
mance, suggesting that a moderate increase in tem-
perature enhances the model’s ability to balance
between precision and recall. However, beyond
this point, the F1 score starts to decline. At higher
temperatures of 0.6, 0.8, and 1.0, the performance
deteriorates, with the F1 score dropping to 72.51
at a temperature of 1.0. This trend indicates that
while some level of randomness (introduced by the
temperature parameter) can benefit model perfor-
mance, excessively high temperatures may lead to
over-variance and a drop in reliability. Thus, a tem-
perature of 0.4 appears to offer an optimal trade-off
for Qwen2.5-7B’s performance in this task.

C.3 Examples in Quiz Examination

In Sec. 2.3, we select three formats (MCQ, FIB,
T/F) in the Quiz Examination for an easy and re-
liable evaluation. We emphasize that the format
of the test questions (e.g., MCQ, FIB, T/F) is not



Aspect Conversation Context ‘ Question Answer | Explanation
Long-Chain Customer: “I received a damaged lap- | Why does the customer mention their B The model needs to connect mul-
Causality top. I called your support yesterday, and | trip next Monday? tiple conversational turns (the
they told me to email pictures of the damaged laptop, emailing pho-
damage. I sent the email, but I haven't | ° A. They W-ant to Fetufn the damaged tos, and the trip deadline) to in-
received a response yet. I need the laptop during their trip. fer the customer’s underlying ur-
replacement before my trip next Mon— « B. They are concerned about receiv- gency for the replacement.
day!” Service: “Thank you for the infor- ing the replacement in time.
mation. Let me check if we’ve received
your email and process the replacement | * C. They are requesting a refund in-
for you.” stead of a replacement.
e D. They plan to email the support
team again during the trip.
Implicit At- | Customer: “I’ve been a loyal customer | The customer is satisfied with the ser- | False | Although the customer explicitly
titude  Judg- | for five years, and I've never had such | vice provided so far. True or False? mentions their loyalty, their frus-
ments an issue before. This experience has tration and dissatisfaction are im-
been incredibly frustrating.”” Service: plied through the tone and word-
“We’re really sorry for the inconve- ing, requiring the model to in-
nience. Let me escalate this matter to terpret sentiment beyond surface-
ensure it gets resolved quickly.” level keywords.

Table 4: Examples of quiz examination, where aspects like long-chain causality and implicit attitude judgments are

both considered and challenged in our evaluation.

directly tied to the difficulty or the reasoning com-
plexity. In fact, we have deliberately increased
the reasoning complexity of the test questions dur-
ing construction, ensuring that the questions effec-
tively challenge the contextual reasoning abilities
of LLMs, including long-chain causality and im-
plicit attitude judgments, as shown in Table 4.

D Implementation Details

D.1 In Summary Generation and Verification

In Sec. 2.2, we employ the Tree of Thoughts (ToT)
framework (Yao et al., 2024; Long, 2023) to guide
the automatic summary generation process through
three main steps: (1) Conversation classification
(Fig. 6): We classify the conversations into one of
four predefined types: Transaction, Consultation,
Feedback, and Complaint. (2) Outline extraction
(Fig. 7,9, 11, and 13): Using GPT-40, we prompt
the model to generate corresponding fine-grained
outlines based on the classified conversation type.
(3) Summary generation (Fig. 8, 10, 12, and 14):
Finally, GPT-40 is prompted to write a summary
by synthesizing the conversation content and fine-
grained outlines.

D.2 In Quiz Generation and Verification

In Sec. 2.3, We utilize GPT-40 to generate a diag-
nostic quiz with input from the conversation and its
corresponding human-verified summary, including
multiple-choice question (MCQ), fill-in-the-blank
(FIB), and true-or-false (T/F). The detailed prompt
structures are illustrated in Fig. 15.
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D.3 In Conversation Summarization

This task encompasses two components of prompt
design: (1) LLM summary generation: We instruct
the LLM to generate a summary given a conversa-
tion, and (2) GPT-40 discrimination: We prompt
GPT-40 to compare the LLM-generated summary
with the ground truth summary for evaluation pur-
poses. Detailed prompts are shown in Fig. 16 and
Fig. 17.

D.4 In Quiz Examination

In this task, we instruct LL.Ms to respond to three
question types (MCQ, FIB, and T/F) in our quiz.
For each question type, a tailored prompt is used
to ensure that the LLM can understand the context,
interpret the requirements, and provide an accurate
response. Detailed prompts are shown in Fig. 18,
19, and 20.
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Figure 9: Prompts used in Summary Generfljrion and Verification (Step2: Consultation).



# fta

RR—FERER, HKEBRESHRE -

#H B R

- IR —BA P S RIREIRE, R PSRN ER ARG G ORGP AR, ER R TEE] . [
B - [EwAgl - [ER] BftaRREHE PR . [EE] (%)  SEONELZEERSTE . eew [EF] - [Tk
S [EHE -« [HR) %o [ERAZE] xxx 4RI 5/ xxxo@ T ARET x5 »

## i AR

-BERPEG ABER G AR E RS, WRERA (K] WA ZER

- i T EORHIESS T AN, ESEHIZEL LA

- IR P BCE R R A . PSR A . ARVE S E R, WSS R . R R, AR
HJER PRI K

## i+
- fflF1:
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[EE ] RREETATT
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Figure 10: Prompts used in Summary Generation and Verification (Step3: Consultation).
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Figure 11: Prompts used in Summary Generation and Verification (Step2: Feedback).
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# ft:
RRE—HERER, HKEERESHE
## En:
- BIR—BRA P SEIRKIRNE, BRGS0 R R OR 2 R A5 P R 1R,
BENPE .
[V ] e B AR & SRR A7 DU B ThRE
[ ] “IETEMUT ARt 20 Hns B B
[N | B AR A SR - 4

## AR

- AFEE P 2RSSR E T A FE RS, mRERA [T WEsiEES
- i R BIE3S T LLN

- ZSEHIEIN LA

- QSR PR WA A (R i P 350 B )
- IMREZHERRER, WS B2 IR -
- QSR P BCE IIRR LR R, A PR A K e

## 7F

BERE

AT 2 —BH P R 1

P KEASUX R E 2B RN T, RFSZAR TSR, WEREM T, BEius

REHE S
[EE]
(D5 ] KA
(W% ] TCEREBEI N, AR5 A -
Sy LA B IR B P SRS IR R FH P R ISPE KA ok GRS B AR, RS 08 -
- T2
AR & — B P 6]

P Rt 2k il BEra) RS2 CH, SUCBEERERM
Ef: B EEIEEET WA EEE T UNE OO HERE K24/ NTRES, e AR B T &R E I8 E S s
R mEAfT A [(FFA] BRI i
ERR W, Bl R
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MRS ] 56 B2 BEik, FEEPEM
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<Fine-grained Outlines Here>
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Figure 12: Prompts used in Summary Generation and Verification (Step3: Feedback).
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Figure 13: Prompts used in Summary Generation and Verification (Step2: Complaint).
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# ft

RR—HERER, HKEERES TS

## En:

- BIR—BRA P SEIRKIRNE, BRGS0 R ROk R A5 P R R R,
BENEZ R

(VB RS B R R A A A PR 7=t DU T BE -

(%5 ] FERECE M RARHORT 5, RS - W TR . TUHDIRES
K= UGN hi bk = FEh)

[EHENA ] A PSTodTARERS  xx B R AT BN

R

- BIEE P AR R B A FE RS, RERA [T WEbi%ES
- i TR IE3 ST AN

- EEERIEID LA

- IR R IR AR A SR B A
- WA BRSNS R A AL -
- QAR PR MR IR, TR Bk i IR A R A

## 1F

- 71

LA R —BLH P i

FAP: BRI T ..
BIEES

[ S | RO NG I TSGR R, (R i
+

ek ] T

G54 DAE IR % P b ) ] R

PR T A 17

L AP RBHE [(BE7E) RIHSRET R SNBSS s
2. F P RS K AR 0 2 CR A AR A 3 S A -

- T2

AR R — B P )

PP AN

BEEEESS

NEE] (EPE] EmEmRsS

%% ] xR

R | & SEEE . BRIk DR

Sy DU I R P R BRG]
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L APRISHE (FEFA] RiERS KRR SAHEE . 8 R0k
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Figure 14: Prompts used in Summary Generation and Verification (Step3: Complaint).
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Quiz Generation

## - Role: 1R2—%& MBI LA H L L HE LXK

- Background: 5 ZEARYE — B P A2 ARG 45 ATONS R I 20, N DUERE A AR M A PR B, RIS e - S s R
XL R AR, (BB RN — HER, LB RIS AR R A R

- Skills: JREAIRERSCASTRE S, RERSHERIEEN ERRE & X, TR KHETTRES | R 0 HOE 5 - %t HH ER R BRI SR
ERME—TEREE -

- Goals: AT & ZRMFDLIMEB A, @IFEFEE - EaBARWNEGX = KA, B8 B BA —E R R I (5 R — 1 -
1R 3t <NUMI> 38, EHERARR AN, B BEUE— M ERWER, Hbkmi R &Rt B 50 HE A A R %% -

2. RS 2 NUM2> 58, SORIEEEER SRS, O EFRESlHEHEENERNE, BRRELRE . WRESEHES
N, BIERERSRA: a9#.

3. R F <NUM3> J8, BHERN "True" 2" False"#IWT, [FIRIA] 3 AR EOOERS & SR  SO55F40TT, hmRAImr et -

- Workflow:

1. (74535 P R0 RO 3 LA RS R 2 o

2. MAHERRIRZE S S~ 4177~ RS {EE - BRERES DT EAT, BT EEE - Sz AW .

3. WRIRAE Bk, (HERME—ERR, BB

- Constrains: & B L7 HBIETR gzl BRRERIME—NE, I B RETHHE BB SRE -

- OutputFormat (JSON #&z{) :

{

R |

{

"N SRR AR

"I

TAM USIETRNA ..

|

"IEBIER": "A/BIC/D"

"R "SRR A (R A KR R
"EBE R $HEAE R
).

1,

"I

{

"[ANER: SR RE A
"IERFER": "True/False"
b

]

}
- Input:

LR S — B P2 IR 176 -
”’<CONTEXT>"
PAT % 1 A
”’<SUMMARY>"’
- Output:

T AR BRI R

Figure 15: Prompts used in Quiz Generation and Verification.
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LLM Summary Generation

- Role: fRE—& & RAUIE K
- Skills: {RIE H EFIEEITRIGE BIRIEE T, KGR S B F P R -
- Goals: AR —BAEFEEPERMS R TR SEMANESA P RSN, B e RS BRI NS N A, RS EmES
RGP P R R E ] -

- Constrains: SR P RUBIAIE, ZERZFIRANE; EELTTRFIHERNEE -

- Workflow:

1. FBEH P 5 % RAORT TR N2 -

2 IRBIFH R PR B R BEE

3. LA - i = S A iR AR

4. MRFSCRIRE N A RIRREEZ, 5 it

- OutputFormat: f&j{% - IEMWIHIE 5 MR H P R EZ A& .

- Examples:

- P 5% ARSI

"R BENTIR R AR T RAEAA

- i AP

"1 PSR AN SE TR R AR 5K )RR R R T8k
2. F PO AL T T IS R AR I

- Input:

- P 5% fRHI3T 1 "<CONTEXT> "

- Output:

- b A

Figure 16: Prompts used in LLM Summary Generation.
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GPT-40 Discrimination

- Role: BiENAESHTER

- Background: F P RN — B P 5 & RIHE A BTN, HREAE R E S A LM T AL, LUT MR n e I
FSEEENE -

- Skills: PRIAEXHE A AT - (5 EIRE X HAHTRELANE BAEEE ST, G208 WIHE PRBCRRE B, 15 A T B S FIEA 4 s i it
FTRETARTEL o

- Goals: JEI N HL AT, RBIARTY A B EE A (1 IERR « RS FIgmis RIS, A P IR AR ERR T A A5 R -

A SRR A, EIEERIEILA? 8RE LAY RMEmE L

- Constrains: AU RO HTHIZ UPERIERIE, B0 AR LRSS R« RIS, SR ITEE RIEW - KESY, HTHFAER.
- Workflow:

1. (AR A P R A P 5 R RSB 2 -

2. BB A I L 5 N\ TR S TR T I -

3. WA R T EMIENEMALSSERET 2B o —HEmer—8.

4. REERFELEER, R R RAIER - “HR e GE -

5. LA T = HH R A A A s 2 -

- OutputFormat:

{

"correct": $IEHHIIELR,

“incorrect”: $FE IR AVEE,

"fabricated": $4iE AR,

}

- Input:

P 5 &AREORE: 7 <CONTEXT>™

ANLELERME: " <HUMAN_SUMMARY>"

R HHEL: " <MODEL_SUMMARY>"

- Output:

Figure 17: Prompts used in GPT-40 Discrimination.
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- Role: g —% % R4 % K

- Background: Fi PR ELRIE XA A A EIE LR, WHEA A K
F RSV AR -

- Skills: /RE.#& Hi 8 1 3 R AE
DA TG 5 [P R

- Goals: TRAEF 7 52 IRAVKIEAZ, WERREIZERE -
- Constrains: [ AT 8, ToF L MR -

- OutputFormat: 143812 F23%870 -

~ PR A HTRE A RE

- Workflow:

1. AR P 5 R RSN A

2. PTRITENE, BE R B

3. ARIERTIE A RIS A, R IE AR A B SR
- Input:

*XEA A" <CONTEXT> ™

*54E <QUESTION>™
- Output:

Figure 18: Prompts used in MCQ Answering.

- Role: g —& & RAUIE K

- Background: FH A BRI AT IE A A EI B A, WA K
F RSV A IR -

- Skills: /R B &t G A B SEERARAE T7 - BRI SIHTRE A A HRE
DA T 5 [P R )

- Goals: B 77 5% ARAKHENZS, ERFEEEZEE .

- Constrains: [T E SR, A2k HH AR FIHIOMERE -

- OutputFormat: 2 BIEZ -

- Workflow:

1. AR P 5 & IRASE N A -

2. SPHTRE N, W E R AR A

3 RIERE N AFIFE R KN, B IEWER -

- Input:

FHTIE R A <CONTEXT>

*H 2 <QUESTION>"

- Output:

Figure 19: Prompts used in FIB Answering.
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- Role: fR@—AZ MR ER

- Background: FH P75 ZARTERT1E A2 BB HIMTRR,  SHEPR 28 I
RSN -

- Skills: {REL & (A0 B LB R AE T - PROd AT XHIE N2 A9 BE
DU R [ 25 1) L B

- Goals: HRYEH /1 5 2 ARAGHEAZS, TR A -

- Constrains: {XfiitH Truel(False, To7 (T fF#RE -

- OutputFormat: H|r BIE %

- Workflow:

L. BRI P 5 B AR RN A -

2. PTG, BE TR A HE A -

3. ARERHEN MR R A, FIWTE E AR -

- Input:

*HFiE A A" <CONTEXT> *”

ST L7 <QUESTION>"™

- Output:

Figure 20: Prompts used in T/F Answering.
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