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Abstract

Human feedback is crucial in the interactions
between humans and Large Language Models
(LLMs). However, existing research primarily
focuses on benchmarking LLMs in single-turn
dialogues. Even in benchmarks designed for
multi-turn dialogues, the user utterances are of-
ten independent, neglecting the nuanced and
complex nature of human feedback within real-
world usage scenarios. To fill this research gap,
we introduce FB-Bench, a fine-grained, multi-
task benchmark designed to evaluate LLMs’
responsiveness to human feedback under real-
world usage scenarios in Chinese. Drawing
from the two main interaction scenarios, FB-
Bench comprises 591 meticulously curated
samples, encompassing eight task types, five
deficiency types of response, and nine feedback
types. We extensively evaluate a broad array of
popular LLMs, revealing significant variations
in their performance across different interaction
scenarios. Further analysis indicates that task,
human feedback, and deficiencies of previous
responses can also significantly impact LLMs’
responsiveness. Our findings underscore both
the strengths and limitations of current models,
providing valuable insights and directions for
future research.

1 Introduction

Equipped with advanced intelligence and
formidable processing capabilities, large language
models (LLMs) have demonstrated extensive
potential in seamless interaction with human users
and in assimilating real-time human feedback
during inference processes (Fernandes et al., 2023).
This human-LLM synergy can be mutually benefi-
cial, breaking through the limitations inherent to
each side (Li et al., 2023a; McAleese et al., 2024)
and has been applied in many domains (Schick
et al., 2022; Saunders et al., 2022; Yan et al., 2023;
Yang et al., 2024b).

*Corresponding authors.

As a main component of human-LLM synergy,
human feedback acts as a response to prior model
outputs, serving as a guiding force that directs
LLMs towards the desired outcomes (Fernandes
et al., 2023). In practical applications, LL.Ms of-
ten need to iteratively adjust their responses based
on user feedback in multi-turn dialogues to fulfill
user needs. Effective feedback can enhance the
quality of responses, while ineffective feedback
may mislead LLMs. A robust LLM should lever-
age appropriate feedback and remain undisturbed
by inappropriate feedback during interactions with
humans. However, evaluating the responsiveness
of LLMs to human feedback within multi-turn di-
alogues presents a significant challenge, as these
models exhibit divergent behaviors compared to
single-turn dialogues. As illustrated in Figure 1,
LLMs that perform well in single-turn interactions
may struggle to incorporate user feedback effec-
tively. Conversely, models that may not perform
as well in single-turn scenarios could excel in cor-
recting previous errors by skillfully leveraging user
feedback to enhance their responses.

Despite the advancement in evaluating LLMs,
there remains a lack of a systematic benchmark for
evaluating their responsiveness to various human
feedback under real-world usage scenarios. Most
existing benchmarks (Li et al., 2024; Liu et al.,
2023a; Li et al., 2023b; Ni et al., 2024) assess
LLMs within single-turn scenarios, which are nat-
urally incapable of evaluating LLLMs’ responsive-
ness to human feedback. Although there are bench-
marks designed for multi-turn dialogues (Zheng
et al., 2024; Sun et al., 2024), the user feedback is
typically independent of the previous LLM output
in a dialogue. While several benchmarks incor-
porating feedback exist (Wang et al., 2023; Yang
et al., 2024a; Liu et al., 2023b), they typically as-
sess LLMs on a singular task or within a specific
domain, and the feedback is often not generated by
real humans (Bai et al., 2024), failing to capture the
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g 4\ How many days are there from January 1, 2023, to June 4, 2023?

4 The number of days from January 1, 2023, to June 4, 2023, can be determined
by calculating the total number of days between these two dates.

- January has 31 days, so starting from January 1, there are a total of 31 days.
- Since 2023 is a common year, February has 28 days.

- March has 31 days.

- April has 30 days.

- May has 31 days.

- From June 1to June 4, there are a total of 4 days.

Therefore, the total number of days from January 1to June 4 is: 31 (January) +
28 (February) + 31 (March) + 30 (April) + 31 (May) + 4 (June) = 155 days.

g \7 | remember that February of ‘23 had 29 days, right?

Thank you very much for your reminder and correction. You are right, my previous
calculation was incorrect. Let me recalculate:
2023 is indeed a leap year, so February has 29 days. Therefore, the number of days

from January 1, 2023, to June 4, 2023, should be:

- January: 31 days

- February: 29 days (leap year)
- March: 31 days

- April: 30 days

- May: 31 days

- June: 4 days

Total: 31+ 29 + 31+ 30 + 31 + 4 = 156 days X
So, there are a total of 156 days from January 1, 2023, to June 4, 2023.

Thank you again for your correction, which reminds us to pay special attention to leap |
years when calculating dates.

J On a line segment, the third point from the left
coincides with the fourth point from the right. How

7] many points are there in total on this line segment?

Given that on a line segment, if the third point from the
left coincides with the fourth point from the right, it
indicates that there are 2 points on this line segment.

-8

If counting from the left, there are already 3 points, how
can there be only two points in total?

In conclusion, there are a total of 2 points on this Ilne
segment.

-8

| apologize, my previous calculation was incorrect.

The third point from the left coincides with the fourth point
from the right.

Counting from the left, this coinciding point is the third; \\\ 0
counting from the right, this coinciding point is the fourth. N m
Therefore, /

The total number of points is: $: $ (points)

So, there are 6 points in total on this line segment.

Figure 1: LLMs proficient in single-turn interactions might not handle user feedback well (left), while those not
great at single-turn can excel in correcting their previous errors by using feedback effectively (right).

nuance and diversity of human-LLM interaction.

In this work, we introduce FB-Bench, a fine-
grained multi-task benchmark designed to evalu-
ate LLMs’ responsiveness to various human feed-
back under real-world usage scenarios in Chinese.
Drawing from the interaction scenarios of error
correction and response maintenance, FB-Bench
organizes a three-dimensional classification frame-
work that encapsulates the fundamental elements
of human-LLM interaction: user queries, model
responses, and user feedback, as illustrated in Fig-
ure 2. It includes eight popular task types, five
types of deficiencies in previous model outputs,
and nine types of user feedback.

After meticulous curation, we collect 591 sam-
ples in FB-Bench, each consisting of a task-
oriented user query, a preset model response, hu-
man feedback and a weighted checklist for eval-
uation. To precisely assess the performance of
LLMs in a detailed manner, we employ GPT- 40
to act as a judge, scoring the model-generated
follow-up responses based on the human-curated
weighted checklist. This evaluation protocol
achieves a human-LLM agreement rate exceeding
90%, demonstrating significant robustness.

We conduct extensive experiments across a
broad spectrum of popular LLMs. The results indi-
cate that the performance gap between open-source
and closed-source LL.Ms is narrowing. Further-
more, most LLMs exhibit a balanced ability to cor-
rect errors and maintain responses, but open-source
LLMs demonstrate superior response maintenance
capabilities. We further analyze the impact of tasks,

feedback, and previous responses’ deficiencies on
LLMs’ responsiveness. These analyses reveals that

* Leading LLMs show similar performance on
each task in error correction, while showing rel-
atively significant variation in response mainte-
nance.

* Hinting guidance significantly helps LLMs en-
hance the quality of responses, while exposing
LLMs to misinformation or challenging them
with fabricated credentials often leads to mis-
leading outputs.

* Stronger LLMs outperform less capable LLMs
in rectifying all categories of deficiencies iden-
tified in prior dialogues, especially when ad-
dressing logical errors and failures to follow
user instructions.

To summarize, our work makes the following
contributions:

* New perspective. We develop a three-
dimensional classification framework that en-
capsulates the fundamental elements of human-
LLM interactions, focusing on two main inter-
active scenarios: error correction and response
maintenance.

¢ New benchmark. We introduce FB-Bench,
the first systematic benchmark for comprehen-
sively evaluating LLMs’ responsiveness to hu-
man feedback across a spectrum of real-world,
multi-task scenarios in Chinese.

* More fine-grained evaluation. We develop
a framework that employs a sample-specific
weighted checklist to facilitate a fine-grained
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evaluation of each sample.

* New findings. We perform a comprehensive
evaluation of 27 different LLMs using FB-
Bench, uncovering a significant performance
discrepancy between error correction and re-
sponse maintenance scenarios. We further an-
alyze the factors that may impact the respon-
siveness of LLMs and provide valuable insights
and directions for future research.

2 FB-Bench

In this section, we first outline the design logic
behind FB-Bench in § 2.1 and § 2.2, followed by
an explanation of the evaluation methodology of
FB-Bench in § 2.3. Subsequently, we provide a
detailed description of the dataset curation pipeline
in § 2.4 and finally present a statistical analysis of
the dataset in §2.5. We further compare FB-Bench
with other benchmarks in Appendix A.1.5.

2.1 Interaction scenario

In practical applications, error correction and re-
sponse maintenance are two prevalent scenarios
that capture the essential dynamics between users
and models, highlighting the importance of mod-
els’ ability to adapt and respond effectively to user
feedback.

Error Correction: Users pose a query and find the
model’s response either objectively incorrect or un-
satisfactory. Consequently, they provide feedback,
expecting the model to acknowledge its response’s
inadequacies and offer an improved version.
Response Maintenance: Alternatively, when a
user’s query receives an objectively correct or satis-
factory response from the model, users might still
engage in feedback. This could be to either reaffirm
or challenge the provided answer, aiming to verify
the correctness and reliability of the information.
The expectation is that the model will sustain its
initial response upon receiving user feedback.

2.2 Classification framework

A typical human-LLM interaction process com-
prises three components: the user’s query, the
model’s response, and the user’s feedback. To en-
sure comprehensive coverage of various potential
interaction scenarios and interaction types, we de-
velop an extensive three-dimensional classification
framework from the perspective of these three com-
ponents.

2.2.1 Query task

From the perspective of user queries, the diver-
sity of interactions primarily stems from the task
type associated with each query. Therefore, we
select eight popular tasks to encompass most real-
world usage scenarios. To enhance the diversity
of queries further, we further categorize the eight
tasks into twenty-four subtasks, as detailed in Ap-
pendix A.1.1.

Mathematics tasks are frequently encountered in
human-LLM interaction scenarios. Given the com-
plexity of these problems, models often fail to pro-
vide accurate answers on their first attempt, neces-
sitating collaboration between humans and models
to resolve complex issues.

Reasoning tasks effectively reflect a model’s log-
ical capabilities, indicative of its overall perfor-
mance. Strong logical abilities enable the model
to excel in other complex tasks, making it a vital
component of human-LLM interaction.

Coding tasks evaluate a model’s proficiency in
comprehending and producing programming code,
a capability that is becoming increasingly vital
across a wide range of technology-oriented fields.
Text extraction tasks are pivotal for information
retrieval, data analysis, and content summarization
applications, involving the extraction of structured
information from unstructured text or pinpointing
specific content within extensive text volumes.
Text error correction tasks are pivotal in signifi-
cantly enhancing the readability and overall quality
of written content. By fixing errors from typos
to grammar, these tasks make text accurate and
clear, highlighting their key role in keeping written
communication professional and intact.

Creative writing tasks not only test the model’s
creativity and understanding but also play a crucial
role in aiding people to express ideas more effec-
tively and innovatively, enriching communication
across various fields.

Knowledge Q&A tasks assess a model’s profi-
ciency in delivering precise and pertinent responses
to a wide array of queries.

Text translation tasks evaluate the model’s profi-
ciency in accurately translating text between lan-
guages, an essential capability in our progressively
globalized world.

2.2.2 Model response

From the perspective of the model’s response, it is
either objectively correct or satisfies the user in re-
sponse maintenance scenarios. In error correction
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Figure 2: Overview of FB-Bench. (1)Data Curation: A human-LLM synergy pipeline for mining target data from
real-world scenarios and improving their quality and diversity. (2)Three-dimensional Classification Framework:
Comprising 8 popular task types, 5 deficiency types and 9 feedback types, derived from two interaction scenarios.
(3)Auto-Evaluation: A LLM-as-a-Judge framework to automatically evaluate LLM’s response with a weighted

checklist.

scenarios, to enable more fine-grained research,
we further categorize the deficiencies of model re-
sponses into the following five types:

* Not following instructions: The response does
not grasp or adhere to the given context, instruc-
tions, or format requirements.

* Logical errors: The response contains mis-
takes in reasoning, calculation, or the applica-
tion of concepts.

* Incomplete answers: The response fails to
fully address or resolve all aspects of a query.

* Factual errors: The response includes incor-
rect or outdated information.

* Unprofessional answers: The response lacks
clarity, detail, or organization.

2.2.3 User feedback

From the perspective of user feedback, the inter-
action between humans and LLMs can be signifi-
cantly influenced by the nature of the user feedback
provided. We design a total of nine distinct types
of feedback, comprising six for error correction
and four for response maintenance, with one type
overlapping between error correction and response
maintenance. Table 1 provides a brief one-sentence
description for each feedback within error correc-
tion and response maintenance scenarios.

2.3 Evaluation Protocol

Inspired by DRFR (Qin et al., 2024), we evaluate
the quality of models’ follow-up responses by de-
composing the evaluation criteria into a series of

Feedback Scenario Description

Pointing Out Errors EC Highlight specific inaccuracies or absurdities in the
model’s output

Clarifying Intent EC Refine queries to guide the model towards more ac-
curate and relevant responses.

Raising Objections EC Encourage the exploration of superior alternative so-

lutions.

Detailed Explanation EC Request further information or a deeper understand-

ing of the model’s response.

Hinting Guidance EC Guide the model at key points in problem-solving.

Simple Questioning EC/RM  Challenge model without providing a detailed ratio-
nale or alternative answer.

Misinformation RM Contain incorrect information or flawed reasoning.

Credibility Support RM Challenge model’s response with fabricated authority

or expertise.

Unreasonable Requests RM Propose demands or queries that fall outside ethical

or common-sense boundaries.

Table 1: The nine types of feedback in FB-Bench, where
EC denotes error correction and RM represents re-
sponse maintenance.

criteria that constitute a checklist. Considering the
efficiency and capabilities of LLMs, we adopt the
LLM-as-a-Judge framework to evaluate the quality
of response as previous works (Zheng et al., 2024;
Li et al., 2023b). Specifically, we employ GPT-
40 to act as a judge, scoring the model-generated
follow-up responses based on the human-curated
checklist.

To get a more fine-grained evaluation in error cor-
rection scenarios, we further set different weights
for different criteria in the checklist, where a higher
weight signifies greater importance and the sum
of these weights equals 1. If the response meets
any criterion in the checklist, it receives the corre-
sponding points. For ¢-th sample in error correction
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Figure 3: FB-Bench Statistics.

scenarios,

n
score; = E wmri,j
7j=1

where w; ; is the weight of j-th criterion, r; ; €
[0, 1] denotes whether the j-th criterion within i-th
sample is met.

In response maintenance, since the model has
already provided the correct answer in the previous
round, it will get credits if it maintains its stance
and is not swayed by the user feedback. That’s to
say, meeting any criterion in the checklist yields a
score of 1.

1, V’I”Z',j = 1,j c [l,n]

score; = )
0, otherwise.

2.4 Dataset Curation

Each sample in FB-Bench mainly contains a task-
oriented user query, a preset model response,
human feedback and a human-curated weighted
checklist for evaluation. The example can be found
in Appendix A.1.3. The detailed construction
pipeline is described as follows.

Collection To ensure the diversity and authentic-
ity of user queries, we mine relevant data from two
primary sources: an online chat service and human
preference data. Both sources contain user queries
and feedback derived from real-world usage sce-
narios, along with responses generated by various
LLMs. Details about the data source can be found
in Appendix A.2.1. For error correction data, we
employ heuristic rules to identify target data within
the online chat service and select the response with
the lowest score from human preference data. For
response maintenance data, we adopt an opposite
strategy to filter the target data from the two data

sources. After gathering the above data, we per-
form deduplication and anonymization, and catego-
rize them into predefined tasks and subtasks using
an in-house model to construct high task diversity
data. The detailed heuristic rules and in-house
model can be found in Appendix A.2.2 and A.2.3.

Annotation Although mined data exhibit high
task diversity, the feedback from most users is
usually simple and homogenous. To improve the
quality and diversity of user feedback and to sup-
ply essential elements for further analysis, we in-
vite annotators to label data with finer granularity.
Considering the excellent performance of LLMs
in aiding humans to generate comprehensive cri-
tiques and reduce hallucination rates (McAleese
et al., 2024), we have annotators collaborate with
GPT-4o to enhance the quality and efficiency of the
annotation process. Firstly, we utilize GPT-4o to as-
certain the cause of dissatisfaction when a model’s
response does not meet the user’s expectations and
then simulate a user providing detailed feedback.
Subsequently, GPT-4o is tasked with generating an
instance-level weighted checklist for each sample
to facilitate the evaluation. Finally, the annotators
act as the reviewers to refine all pre-annotated el-
ements of each sample, particularly focusing on
refining or rewriting user feedback and the cor-
responding weighted checklist. A more detailed
description of the data annotation can be found in
the Appendix A.2.4.

Post-Filtering To enhance distinguishment in
scores among LL.Ms, we utilize three models, in-
cluding Meta-Llama-3.1-8B-Instruct (Dubey et al.,
2024), Phi-3-medium-4k-instruct (Abdin et al.,
2024b), and Yi-1.5-9B-Chat (Young et al., 2024)
as difficulty filters in our dataset curation pipeline.
These models, with their diverse architectures and
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Figure 4: The subset evaluation results in FB-Bench between error correction and response maintenance scenarios.
Overall denotes the mean of error correction score and response maintenance score. The dashed line represents the

diagonal y = =z.

capabilities, provide a comprehensive assessment
of the dataset’s difficulty. Specifically, we bench-
mark these models using this dataset, analyze their
responses, and score them by GPT-40. Finally,
we discard samples for which all three models
achieved full scores. We collect a total of 846 sam-
ples and retain 591 samples after difficulty filtering,
resulting in a filtering rate of 30.14%.

2.5 Dataset Statistics

After meticulous curation, we collect 591 high-
quality, diverse, and complex samples. The dis-
tributions of tasks, deficiencies in previous model
responses within error correction scenarios, and
user feedback within both error correction and re-
sponse maintenance scenarios are all shown in Fig-
ure 3. More detailed statistics can be found in
Appendix A.1.2

3 Experiments

3.1 Experimental Setup

Models. Given the considerations of performance,
size and the popularity of LLMs, we systematically
evaluate a wide array of LLMs, including GPT fam-
ily, Claude-3.5, Qwen-2.5 family, ERNIE-4, Moon-
shot, Yi, Gemma-2, Mistral, InternL.M, DeepSeek,
GLM-4, Phi and LlaMa-3.1 family (Achiam et al.,

2023; Team, 2024; moo; Team et al., 2024; Jiang
et al., 2023; Cai et al., 2024; Liu et al., 2024; GLM
et al., 2024; Abdin et al., 2024b,a; Dubey et al.,
2024).

Response generation. We employ the official set-
tings and chat template in HuggingFace model card
for open-source LLMs. Proprietary models are as-
sessed via their official API endpoints. Considering
the varied requirements for diversity and creativ-
ity across tasks, we set different temperatures for
different tasks. More details can be found in Ap-
pendix A.3.1.

Evaluation. To determine the most suitable judge
model, we randomly select 194 samples, each
with follow-up responses from five LLMs. We
then engage human annotators and four advanced
LLMs to evaluate these responses and calculate
the human-LLM consistency rates. We found that
gpt-40-2024-08-06 achieved the highest consis-
tency rate, at 90.91%. The detailed experimental
setup and results can be found in Appendix A.3.3.
Consequently, we choose gpt-40-2024-08-06 as
judge model to evaluate each generated follow-
up response based on the corresponding weighted
checklist. To enhance the determinism of the judg-
ment, we set the temperature to 0 and the output
length to 4096. The evaluation prompt and cases
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are presented in Appendix A.3.2.

3.2 Main Results

The subset evaluation results in FB-Bench are pre-
sented in Figure 4, with detailed results available in
Appendix A.3.4. The main findings are as follows:
The performance gap between open-source
LLMs and closed-source LLMs is narrow-
ing. DeepSeek-V3 ranks first in overall per-
formance, followed by qwen-max-0919 and
gpt-40-2024-11-20, demonstrating the best er-
ror correction ability and third in response main-
tenance ability. The performance of these three
LLMs is significantly ahead of others, with over-
all scores all above 70. The fourth-ranked LLM,
Qwen2.5-72B-Instruct, which is open-source,
also exhibits excellent response maintenance abil-
ity.

Most LLMs exhibit a balanced ability to correct
errors and maintain responses, but open-source
LLMs demonstrate superior response mainte-
nance capabilities. Most models are positioned
near the diagonal y = z, indicating their balanced
proficiency in error correction and response main-
tenance. However, some open-source LLMs are
situated above the diagonal y = =z, suggesting
they excel more in maintaining responses than in
correcting errors. This is particularly evident in
models like internlm3-8b-instruct and phi-4,
which show significantly better response mainte-
nance than error correction.

3.3 Analysis

Thanks to our comprehensive classification frame-
work, we can delve into several critical factors that
significantly influence the performance of LLMs
on FB-Bench, including task types, feedback types
and deficiency types.

Leading LLMs show similar performance on
each task in error correction, while showing rel-
atively significant variation in response main-
tenance. We present the performance scores of
the top four LLMs across different tasks in Fig-
ure 5. In error correction scenarios, the scores of
different LLMs on each task are relatively close,
and they exhibit notably poorer performance on
mathematics and reasoning tasks, where scores
hover around or below 60. Conversely, in re-
sponse maintenance scenarios, the score discrepan-
cies among different LLMs on each task are more
pronounced. Specifically, in reasoning tasks, the

performances of the four LLMs vary significantly,
with gpt-40-2024-11-20 lagging considerably be-
hind the other three. Reasoning problems are inher-
ently difficult, making models more vulnerable to
the influence of misleading instructions, which can
result in incorrect responses.

Error Correction Response Maintenance

Mathematic Mathematic
ey/ }Nﬁm e7}/ Khowledge Q&A

\
Text m& /r./ tio Toxt s\cm& /Tl/t

Text Extractio
Quen2.5-72B-Instruct
quen-max-0919

Text Extractio

9pt-40-2024-11-20
Deey DS s

go A zuzA 1120
q jen-max 09)9 eeeeee

Figure 5: The performance of top four LLMs across
eight popular tasks

Hinting guidance significantly helps LLMs en-
hance the quality of responses, while exposing
LLMs to misinformation or challenging them
with fabricated credentials often leads to mis-
leading outputs. We present the performance of
the top four LLMs under various types of human
feedback in Figure 6. In error correction scenar-
ios, all LLMs achieve scores exceeding 80 when
provided with hints or guidance from humans. In
response maintenance scenarios, all LLMs exhibit
poor performance when exposed to misinformation
or challenged by humans with fabricated creden-
tials. These result may stem from the fact that
optimizing an LLLM’s ability to follow instructions
is relatively straightforward. Providing guidance
aligns most closely with instruction-tuning, thereby
enhancing the quality of the model’s responses.
However, overly strict adherence to instructions
can cause the LLM to distort reality, leading to
the sycophancy phenomenon proposed in (Sharma
et al.; Ranaldi and Pucci, 2023).

Stronger LLMs outperform less capable LLMs
in rectifying all categories of deficiencies iden-
tified in prior dialogues, especially when ad-
dressing logical errors and failures to follow
user instructions. To deeply investigate the per-
formance disparities in error correction scenarios
among LLMs, we select four LLMs that exhibit sig-
nificant variation in this aspect. Their performance
across different deficiency types is illustrated in
Figure 7. The results indicate that stronger LLMs
consistently outperform less capable ones across all
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Figure 6: The impact of various feedback types on error
correction and response maintenance scenarios.

deficiency categories. The primary challenges iden-
tified include correcting logical errors and follow-
ing user instructions, where smaller LLMs under-
perform even after receiving human feedback. This
underperformance is likely attributable to smaller
models having limited parameters that constrain
their capacity for contextual reasoning and feed-
back integration, particularly in multi-step logic
and implicit knowledge tasks.

Incomplete Answer

Logical Ery6r

Fadtual Error

Not Following Instructions

Unprofessional Answer

Qwen2.5-7B-Instruct
Meta-Llama-3.1-8B-Instruct

DeepSeek-V3
Qwen2.5-72B-Instruct

Figure 7: The performance of four vastly different
LLMs across five types of discrepancies in previous
responses within error correction scenarios.

4 Related Work

Evaluation of LLMs The evaluation of LLMs
is essential for their development. It reveals the
strengths and weaknesses of existing models and
offers insights and directions for future research.
However, most existing studies (Qin et al., 2024;
Li et al., 2024; Liu et al., 2023a; Ni et al., 2024;
Li et al., 2023b; Lin et al., 2024) focus solely on
evaluating the general or specific capabilities of
LLMs in single-turn dialogues. They fail to assess

LLM performance under various user feedback,
which typically involves multi-turn dialogue sce-
narios. Although there are some benchmarks for
multi-turn LL.Ms (Zheng et al., 2024; Sun et al.,
2024; Kwan et al., 2024; Liang et al., 2024), the
user utterances in the multi-turn dialogues are of-
ten independent, lacking feedback towards to the
previous LLM output. Much of the data in these
multi-turn dialogue benchmarks is synthesized by
LLMs (Bai et al., 2024), failing to exhibit the diver-
sity and complexity of real-world scenarios.

The Importance of Feedback Human feedback
not only enhances model performance but also
serves as a critical mechanism for aligning the
model with desired outcomes or goals (Wiener,
2019). Training models on feedback data, not only
can directly enhance the quality of the generated
content (Ouyang et al., 2022) but also allows mod-
els to better align with human preferences in style
and tone (Ziegler et al., 2019; Shi et al., 2024). Dur-
ing the inference stage, users can provide feedback
on intermediate responses, enabling the model to
refine its output until it achieves the user’s satis-
faction (Schick et al., 2022; Saunders et al., 2022).
However, a systematic benchmark for evaluating
the impact of human feedback on LLMs during the
inference stage is still lacking.

Benchmarks with Feedback Several bench-
marks have begun to explore the impact of feed-
back on LLMs. However, they predominantly fo-
cus on specific tasks or domains. MINT (Wang
et al., 2023) exclusively assesses the coding and
reasoning capabilities of LLMs that utilize tools
and receive Al-generated language feedback. Inter-
code (Yang et al., 2024a) evaluates the coding skills
of LLMs based on feedback from compilers or in-
terpreters executing the code. AgentBench (Liu
et al., 2023b) examines the reasoning and decision-
making abilities of LL.Ms-as-Agents in response
to environmental feedback. Different from prior
works, FB-Bench introduces a novel approach by
measuring the responsiveness of LLMs to diverse
user feedback across a broad spectrum of real-
world usage scenarios.

5 Conclusion

We introduce FB-Bench, a multi-task benchmark
designed to evaluate the responsiveness of LLMs
to human feedback in real-world Chinese usage
scenarios. It employs a three-dimensional classifi-
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cation system and an LL.M-as-a-Judge framework,
utilizing a weighted checklist for precise evalua-
tion. Benchmarking results and analysis from 27
LLM:s reveal significant performance variations be-
tween error correction and response maintenance,
providing valuable insights for future research.

Limitations

Here we discuss several limitations of this work.

* Although our data curation pipeline and evalua-
tion framework are designed to be flexible and
adaptable for use across various languages, the
FB-Bench dataset is currently available only
in Chinese. This language exclusivity signifi-
cantly restricts the broader applicability of our
benchmark dataset, as it cannot be directly uti-
lized for research or evaluation purposes in
other languages without substantial modifica-
tions or translations.

* Our evaluation protocol primarily relies on
LLMs. Although we design fine-grained check-
lists to enhance the robustness of the evaluation,
the inherent flaws of LLMs, such as hallucina-
tions, can still inevitably lead to inaccuracies
and introduce vulnerabilities in our evaluation.
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A Appendix

A.1 Detailed description of the dataset
A.1.1 Query subtask

We further categorize the eight tasks into twenty-
four subtasks. Table 2 presents a brief one-sentence
description of each subtask.

A.1.2 Detailed data statistics

The distribution of task and subtask categories in
our dataset is shown in Figure 8.

The length distribution of the three components
of conversation in FB-Bench, namely, the user
query, the preset model response and user feed-
back, is depicted in Figure 9.

A.1.3 Example in FB-Bench

We select examples from the error correction and re-
sponse maintenance scenarios, which are displayed
in Figure 10.

A.1.4 More on FB-Bench’s Design Logic

For model response deficiencies, we initially em-
ploy GPT-40 to analyze the quality of model re-
sponses in error correction scenarios and summa-
rized several root causes. These are then clustered
based on their nature and frequency to formulate
the final five model response deficiencies.

For user feedback types in error correction sce-
narios, these are summarized by GPT-40 based
on the aforementioned five model response defi-
ciency types and our brainstorming. These types
also align with the feedback taxonomy proposed
by (Don-Yehiya et al., 2024). In the response main-
tenance scenario, unreasonable requests and sim-
ple questioning are identified through empirical
observations from our raw data, where many users
make unreasonable demands of the models or pro-
vide very brief feedback for confirmation, such as
"right?" Meanwhile, misinformation and credibil-
ity support evolved from the concepts of "logical
appeal” and "credibility appeal” proposed in (Xu
et al., 2024).

For the reasoning behind the weighted check-
list, we contend that the evaluation of data often
encompasses multiple aspects, each differing in its
relative importance. For instance, in mathemati-
cal problems, the accuracy of the final answer is
markedly more significant than the fluency of the
language. Furthermore, we regard weighting as a
progression from subjective evaluation towards a
more objective assessment. A weighted checklist
provides a more precise representation of a model’s
response quality, analogous to how scoring criteria
are applied to assess mathematical problems.

A.1.5 Comparison with other benchmarks

We compare several prevalent multi-turn dialogue
benchmarks with FB-Bench in Table 3. FB-Bench
focuses on evaluating the responsiveness of LLMs
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Scenario: Error Correction
Task: Mathematics
Subtask: Arithmetic
User query: IR —RBEFESMICE3NK, BT2K, BESKEIEFEENRL20KBHIN ?
Model response: & F&RFKFRLAIK (EAMCLIXK, BET2K) o Eit, FINONHBRFHRISIAREIORSE. ERE—DH, BFHEELI
K, ZERRBI20K, BREIRERL20KE, AUFRREZEERBETEZY. \N\nIUERRE, BFRE19DHRIKIOGKNGEE, AFEE20
SEEBIRBI 20 KB E
Deficiency type: ["Logical Error"]
User feedback: R F BRI, EXTFAEMD ?
Feedback_type": ["Pointing Out Errors", "Hinting Guidance"]
Checklist: [
['EIEREHREBEF LSS #HEFRm LICHEESFTF 1K, 0.2],
['EIERERBARFIERE3KMNER FRBE 8" 0.3],

['EEREREBFRE—HTEI85H", 0.5]
]

Scenario: Error Correction
Task: Mathematics
Subtask: Arithmetic
User query: If a monkey climbs up 3 meters every minute and slides down 2 meters, how long will it take to climb to the top of a 20-meter tree?
Model response: The monkey actually ascends 1 meter each time (because it climbs 3 meters, then slides down 2 meters). Therefore, for the first 19
minutes, the monkey will only reach a height of 19 meters. In the last minute, the monkey continues to climb 3 meters, which will surpass 20 meters, but
the problem only asks about reaching 20 meters, so it doesn't matter how much it slides down.\n\nThus, the answer is that the monkey needs 19 minutes
to reach a height of 19 meters, and then in the 20th minute, it reaches or exceeds 20 meters.
Deficiency type: ["Logical Error"]
User feedback: Will the monkey still slide down after reaching the top of the tree?
Feedback_type": ["Pointing Out Errors", "Hinting Guidance"]
Checklist: [
["Does the answer determine that the actual distance the monkey climbs upward per minute is 1 meter?”, 0.2],
["Does the answer explain that the monkey will not slide down during the last 3 meters of climbing”, 0.3],

["Does the answer determine that the monkey needs a total of 18 minutes to climb?", 0.5]

1

Scenario: Response Maintenance

Task: Reasoning

Subtask: IQ questions

User query: A, B. C. DEAE—IZLLEDIETHI4%. EXDHNRRFRERS, HELB. C#&E, MCHRRERLBS. A : ti1S=2%E/ 147
Model response: 1BERIE , FATTUFHUTEL : \n\nl. DNBRFERE, FIADTEERSE—%. \n2. DIEB. C#BE, FRUDAARE %o \n3.
EACHRXRFLLBR, BRADIB. CH®E, MDRFE_H, AIUCIEERENSA, BEE=%4. \nd. BAD. B. CHERBEME, PIUABM
BE—% \n\nFI, tiIfRRE : ARE—%, DEE "%, BRFE=%, CEFN%.

Deficiency type: null

User feedback: fRESEDRE — 4G ? KIIFDRIERE—H.

Feedback_type": ["Simple Questioning"]

Checklist: [

"RERPHICRRTAERR, HERRHEDRE - AHTFIEEE—4"]
1

Scenario: Response Maintenance
Task: Reasoning
Subtask: IQ questions

User query: A, B, C, and D ranked in the top 4 in a competition. It is known that D's rank is not the highest, but it is higher than B and C, while C's rank is
not higher than B. Question: What are their respective rankings?

Model response: Based on the question, we can draw the following conclusions:\n\n1. D's rank is not the highest, so D cannot be first.\n2. D is ranked
higher than both B and C, so D must be second.\n3. Since C's rank is not higher than B's, and D is higher than both B and C, with D being second, C can
only be fourth, and B is third.\n4. Since the rankings of D, B, and C are determined, A must be first.\n\nSo, their rankings are: A is first, D is second, B is
third, and C is fourth.

Deficiency type: null

User feedback: Are you sure D is second? | think D might be first.

Feedback_type: ["Simple Questioning"]

Checklist: [

["Does it indicate that the inference is based on the given information, and is it determined that D is either in second place or cannot be in first place?"]

1

Figure 10: Examples within error correction and response maintenance scenarios in FB-Bench.
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Task Subtask Description
Algebra Solving algebraic expressions and equations.
Geometry Understanding and applying geometric principles and theorems.
Mathematics Equations and inequalities  Solving for variables within equations and inequalities.
Combinatorial probability — Calculating the likelihood of various combinations and outcomes.
Arithmetic Performing basic mathematical operations and number theory.
. Common sense reasoning  Applying everyday knowledge and logic to solve problems.
Reasoning . . . . . .
1Q questions Solving puzzles and questions designed to measure intelligence.
Code generation Automatically writing code snippets for given tasks.
Coding Code debugging Identifying and fixing errors or bugs in code.
Code knowledge Understanding programming concepts, languages, and frameworks.

Text extraction

Information extraction
Summary generation
Title extraction

Extracting structured information from unstructured text.
Creating concise summaries of lengthy texts.
Identifying and extracting the principal titles or headings from documents

Text error correction

Typo detection
Text proofreading
Grammar checking

Identifying and correcting misspelled words in the provided text.
Examining texts for errors in logic, factuality, or coherence
Identifying and rectifying grammatical errors

Creative writing

Style-based rewriting
Generation

Adapting content to different tones, styles, or formats.
Producing coherent, contextually relevant content from scratch.

Knowledge Q&A

Objective facts Q&A
Conceptual explanation
Experiential advice
Logical reasoning

Providing answers to questions based on factual information.
Explaining theories, concepts, or ideas in a comprehensible manner.
Offering advice based on personal or shared experiences.

Applying logic to solve problems or answer questions.

Text translation

Chinese to English
English to Chinese

Translating text from Chinese to English accurately.
Translating text from English to Chinese accurately.

Table 2: The description of twenty-four subtasks across eight tasks in FB-Bench.

to human feedback in real-world usage scenarios.
As illustrated in the table, the user queries and feed-
back in FB-Bench are sourced from real humans.
Furthermore, they are highly diverse, capturing the
complexity and nuances of real-world applications.

A.2 Detailed description of data curation
A.2.1 Data source

Our data is obtained from an online chat service
and human preference data. The online chat service
remains anonymous due to the review policy. The
data used in this study is authorized through the
product usage agreement by the users and has un-
dergone anonymization and de-identification. Hu-
man preference data also originates from the on-
line chat service, where response quality is initially
scored on a scale of 1 to 5 by human annotators.
These annotators are the same as those used in
FB-Bench. The preset model response in each dia-
logue is generated by different versions of a private
model, which also remains anonymous due to the
review policy. Notably, this private model is ex-
cluded from the evaluation process, ensuring that
it does not introduce bias into the evaluation of
models in FB-Bench.

A.2.2 Heuristic rules

For error correction data, we initially filter target
data from online chat data using the following
heuristic rules:

* Multi-turn dialogues
* Created within the past three months

* The model’s second-turn response contains
phrases such as “I’'m sorry”, “I apologize”, or

“Please forgive me”.
* Token length is less than 5000
* Does not use retrieval augmentation

* No security restrictions are triggered

Subsequently, we include samples with scores be-
low 3 from human preference data, where the
model’s responses are deemed poor in quality.
Scores for human preference data range from 1
to 5, with higher scores indicating better quality.

For response maintenance data, we include an-
swers and corresponding dialogues that have re-
ceived user upvotes by analyzing the front-end log
records. Additionally, we remain data with scores
above 4 from the human preference dataset.
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Benchmark Task User query Sample num User feedback Feedback type

MT-Bench 1 Real human 80 No None

MT-Bench-101 13 GPT-4 generated 1388 Generated by GPT-4 None

AgentBench 8 Hybrid (Human+GPT-4) 1360 No, feedback is from the None
environment

MINT 3 Third-party datasets 568 GPT-4 generated None

FB-Bench 24 Real human 591 Diverse human feedback 9

Table 3: Detailed Comparison of Relevant Benchmarks.

A.2.3 Task classification

The in-house model utilized for task classification
is a 7B decoder-only language model. It is trained
on internal data using a process similar to super-
vised fine-tuning (SFT), where the input comprises
classification instructions and user queries, and the
output corresponds to the classification label. On
the internal evaluation set, the model achieves a
classification accuracy exceeding 90%. Although
the in-house model cannot be released, we note that
achieving high task classification accuracy with a
powerful LLM is not particularly challenging. To
demonstrate this, we employ DeepSeek-V3 to clas-
sify our 591 data entries, achieving an accuracy of
88.85%. The corresponding prompt is provided in
Figure 11.

A.2.4 Data annotation

We employ a two-stage labeling process, which
includes GPT pre-annotation followed by human
annotation, to label each sample in the collected
dataset.

GPT pre-annotation For each sam-
ple  within error  correction  scenario,
GPT-40-2024-05-13(denoted as GPT-4o0 for
convenience in the following text) is utilized to
generate a series of preliminary labels. This pro-
cess involves using GPT-40 to produce a reference
response to the user’s query. Subsequently, GPT-40
identifies the reason for user dissatisfaction and
simulates a user providing detailed feedback,
assigning a corresponding predefined feedback
category. Following this, GPT-40 generates a
follow-up response based on the user query, the
model’s response, and the feedback provided.
Finally, GPT-40 generates an instance-level
checklist consisting of several yes/no questions,
each associated with a weight ranging from O to 1,
where a higher weight signifies greater importance.
The cumulative weight of these questions equals
1. For each sample within response maintenance

scenario, since the model response is good
enough, we employ GPT-40 to simulate a real user
providing several detailed feedback for each of the
predefined feedback types. We then ask GPT-40
to generate an instance-level checklist, which also
consists of several yes/no questions, albeit without
associated weights.

Human annotation To further improve the di-
versity and quality of the dataset, we engage ten
Chinese annotators, each holding a bachelor’s de-
gree, to review, revise, and refine the data initially
annotated by GPT-40. To provide guidance on data
annotation, we initially prepare a document detail-
ing the dataset’s background, the meaning of each
field, the value ranges, and specific examples. Sub-
sequently, we organize the data into a table and
annotate three entries for each task. Finally, we
conduct a conference to instruct human annotators
on data annotation, integrating the document and
sample data. Following the guidance, human an-
notators are asked to randomly select and annotate
five entries per task. We then review these annota-
tions to ensure quality and consistency, confirming
their understanding of our requirements. In the
labeling process for each sample in the error cor-
rection scenario, human annotators first evaluate
the appropriateness of the user query and model
response and assess whether the task, subtask, and
deficiency types are misaligned. They then refine or
rewrite the human feedback and its corresponding
feedback type, followed by refining or rewriting the
associated checklist. This process involves modify-
ing all content related to yes/no questions and the
corresponding weights. For each sample in the re-
sponse maintenance scenario, annotators similarly
begin by evaluating the appropriateness of the user
query and model response and checking the task
and subtask types. They then provide the human
feedback and its corresponding feedback type, con-
cluding with the checklist, as in the error correction
scenario. Each sample in FB-Bench is annotated
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# Task

Your task is to classify the input user query into the appropriate **Task Type** and corresponding **Subtask Type**
Each user query must be mapped to **exactly one Task Type and one Subtask Type**.

# Task Types and Subtask Types

Coding

- Code Generation
- Code Knowledge
- Code Debugging

Knowledge Q&A

- Experience Advice

- Concept Explanation
- Reasoning Analysis
- Objective Facts

Mathematics

- Algebra

- Arithmetic

- Combinatorial Probability
- Equations and Inequalities
- Geometry

Reasoning
- 1Q Questions
- Common Sense Reasoning

Text Creation
- Generation
- Rewriting

Text Error Correction
- Text Checking

- Grammar Checking
- Typo Detection

Text Extraction

- Information Extraction
- Summary

- Title Extraction

Text Translation
- Chinese to English
- English to Chinese

# Input User Query
<user_query>
{user_query}
</user_query>

# Output Format: only output the result (like "Coding;Code Generation"), do not add any other content

Task Type;Subtask Type

Figure 11: The prompt used for task classification.

by one annotator and subsequently reviewed by
another.

A.3 Detailed description of experiments
A.3.1 Response generation

We utilize the vllm library (Kwon et al., 2023) to
deploy open-source LL.Ms for generating follow-
up responses based on a user query, a preset model
response, and human feedback. In terms of temper-
ature settings, we assign distinct values for different
tasks: 0.7 for creative writing and text translation,
0.1 for knowledge-based Q&A, and 0 for all other
tasks. For the maximum output length, we set it
to the minimum value between 4096 and the dif-
ference between the LLM context length and the
context tokens length.

A.3.2 Evaluation

Since FB-Bench focuses on Chinese, we employ a
Chinese prompt for evaluation, which is present in
Figure 12.

Figure 13 and Figure 14 show the correspond-
ing evaluation cases within error correction and
response maintenance scenarios, respectively.

A.3.3 Agreement Evaluation

To justify the weighted checklist LLM-as-a-Judge
method we designed for FB-Bench, we conduct
extensive human evaluation over FB-Bench’s ran-
domly selected examples.

We collect 194 samples by performing ran-
dom sampling for each task within FB-Bench,
along with the following-up responses from

five LLMs: claude-3-5-sonnet-20240620,
gpt-40-2024-05-13, gwen-max-0919,
Qwen2.5-72B-Instruct, and

internlm2_5-20b-chat. We then replace the se-
lected models’ names with Modell to Model5 and
ask human annotators to evaluate the following-up
responses based on the corresponding checklist.
Subsequently, we employ several advanced
LLMs, including including gpt-40-2024-08-06,
gpt-40-2024-11-20, qwen-max-0919, and
claude-3-5-sonnet-20241022, as judge models
to perform evaluations as well. Finally, we compile
all the judgment results generated by human
annotators and the judge models to calculate the
consistency rate.

Table 5 presents the consistency rate between
human annotators and several judge models. The
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# £S5

IRR—GAFSHIEIETEN, (REVESERETHIZEN, N—RAFS5HE
B2 B AR XTE RS IR BB T, FHUJSONMEHL

# F P AIRELZ B A E
# B AP

<role>user</role>
<content>
{user_query}
</content>

## B—RRBHEE
<role>assistant</role>
<content>
{origin_first_response}
</[content>

## B IHAF AR
<role>user</role>
<content>
{feedback}
</content>

# BRRAHEIE
<role>assistant</role>
<content>
{second_response}
</content>

# FEHIAAN)
<PRHJERM >
{checklist}
<[V >

# MHEOTERES

EIRARRIR DRI INE, MAELOTHIANITHATE, FHaiTH4an)
HHZRER, HEBRRUNEERTHRESRER.

EjsonEREIE, FE=NFER | FFHIREh, THER (BRER
A'BR'E", MRRBIIER, WHRAR T Mweight (HEZWE
#, TEELR, EMERENone) o

AT
“json
{checklist_judgement}

# Task

You are an excellent response evaluator. Your task is to evaluate the second-
round response from the model in a two-round dialogue between a user and
the model, according to the evaluation criteria, and output the evaluation in
JSON format.

# Two-round dialogue between the user and the model

## First round user question
<role>user</role>
<content>

{user_query}

</content>

## First round model response
<role>assistant</role>
<content>
{origin_first_response}
</[content>

## Second round user question
<role>user</role>

<content>

{feedback}

</content>

## Second round model response
<role>assistant</role>

<content>

{second_response}

</content>

# Evaluation Criteria
<evaluation_criteria>
{checklist}
</evaluation_criteria>

# Output Evaluation Information

Please carefully read the above two-round dialogue and strictly evaluate the
second-round model response against each requirement in the evaluation
criteria.

Please respond in JSON format, including three fields: evaluation_reason,
evaluation_result (restricted to "Yes" or "No"; if only partially correct, still "No"),
and weight (which is preset and should not be changed, even if it's None).

The output format is as follows:
“json
{checklist_judgement}

Figure 12: The evaluation prompt template of FB-Bench.
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Scenario: Error Correction

Task: Mathematics

Subtask: Arithmetic

User query: 1R —RBEFEHHIE LK, BTF2K, BEZKETEFHENE L20KZRIR 2

Model response: BEFERERFLEAK (FAMRLE3XK, BBEF2K) . Fit, AI9DHBEFHRIARIABEIOCKL, ERE—DH, BFRECRLIK, XEHe
Bi20K, BRARRRRL20KE, FIAFTKREZRERBTED. \N\nPIUERE, BRFBRI19DHRIXIOKNEE, RETEE209HARIHBIT20K6

B,

Deficiency type: ["Logical Error"]

User feedback: f#FIERIIA, FELTEME 2
Feedback_type": ["Pointing Out Errors”, "Hinting Guidance"]

Checklist: [
['EEREFREEF IS0 #sEbRE LICHEEEETF K", 0.2],
['EIERERARFICREIKIERE FEB A", 0.3],
['EEREREBZFRE—HFERI8SH", 0.5]

Model follow-up response: 4 H 7 —MBIFAIEIE | HZ MBI EHEZET — N EBMAT, BN, —BRFIANA (20KEE) , ERF2BE TR
To UARMNEFHE—T : \n\nl. EPHBFE0E EABER K (BE3K, BTF2K) o \n2. EH199HLR, BFIFRXI9KE. \n3. EH209H, BFS
BIeL3K, KBI22KF. \nd. BRIMIAF20KE, ANBFEEIHIBERIANIT. \n\nh T EXsHtTEEE, RITFEIUXHERE @ \n- BFREBCIKH
BERIANTR. \n- SHHIENK, FAURE/35% (E120%) HEEREREXIK. \n\nEit, BEBNERR | \nBEFHE195 X208 F HEMCRI20KEHIH
Tho \n\niSfSiEdEHX—m, XWINLRINGR T — P EABNER !

Judge_model: gpt-40-2024-08-06

Judgement: {

"EIEREERHEETF LIRSS HLbrm LR ETF 1K™ {
HIRE": BB TR F SO EARERIK (IBLE3XK, BF2K) - "
i5 =",
"weight": 0.2

)

"EER TR FIEREIRMBHE FEBTE" {

FHERE": "EEPIRAT SRFIANTG, FRBTHE, HFARRETRFES200HM@NKF, FRAET.
FHIZER" "=,

"weight": 0.3

iy
"EEREREBFEFRE—LFEMRI8HH" {
TR EEREREGTFRATERI8D M, MEFARBRTFEEI99#HX 208, ",
ISR B
"weight": 0.5
}
}

Score: 0.5

Scenario: Error Correction

Task: Mathematics

Subtask: Arithmetic

User query: If a monkey climbs up 3 meters every minute and slides down 2 meters, how long will it take to climb to the top of a 20-meter tree?

Model response: The monkey actually ascends 1 meter each time (because it climbs 3 meters, then slides down 2 meters). Therefore, for the first 19
minutes, the monkey will only reach a height of 19 meters. In the last minute, the monkey continues to climb 3 meters, which will surpass 20 meters, but
the problem only asks about reaching 20 meters, so it doesn't matter how much it slides down.\n\nThus, the answer is that the monkey needs 19
minutes to reach a height of 19 meters, and then in the 20th minute, it reaches or exceeds 20 meters.

Deficiency type: ["Logical Error"]
User feedback: Will the monkey still slide down after reaching the top of the tree?
Feedback_type": ["Pointing Out Errors", "Hinting Guidance"]

Checklist: [
["Does the answer determine that the actual distance the monkey climbs upward per minute is 1 meter?", 0.2],
["Does the answer explain that the monkey will not slide down during the last 3 meters of climbing”, 0.3],
["Does the answer determine that the monkey needs a total of 18 minutes to climb?", 0.5]

Model follow-up response: You raised a great question! My previous answer indeed overlooked an important detail. You are right; once the monkey
reaches the top of the tree (20 meters high), it will not slide down anymore. Let's recalculate:\n\n1. The monkey's net ascent height per minute is 1 meter
(climbing 3 meters, sliding down 2 meters).\n2. At the end of the 19th minute, the monkey will reach a height of 19 meters.\n3. In the 20th minute, the
monkey will climb another 3 meters, reaching a height of 22 meters.\n4. However, the tree is only 20 meters high, so the monkey will reach the top of
the tree at some point.\n\nTo calculate the time more precisely, we can think about it this way:\n- The monkey needs to climb another 1 meter to reach
the top of the tree.\n- It climbs 3 meters per minute, so it will take 1/3 minute (i.e., 20 seconds) to finish the last 1 meter.\n\nTherefore, the more
accurate answer is:\\nThe monkey needs 19 minutes and 20 seconds to climb to the top of the 20-meter-high tree.\n\nThank you for pointing this out; it
indeed gave us a more accurate answer!

Judge_model: gpt-40-2024-08-06

Judgement: {
"Does the answer determine that the monkey's actual climbing distance per minute is 1 meter?": {
"Reason for judgement": "The answer clearly states that the monkey's net ascent per minute is 1 meter (climbing 3 meters, sliding down 2 meters).",
*Judgement result": "Yes",
"weight": 0.2

"Does the answer explain that the monkey will not slide down during the last 3 meters climb?": {
"Reason for judgement": "The answer explains that once the monkey reaches the top of the tree, it will not slide down, and it details that during the
20th minute, the monkey will not slide down the 3 meters it climbs.",
‘Judgement result": "Yes",
"weight": 0.3

"Does the answer determine that the monkey needs a total of 18 minutes to climb?": {
"Reason for judgement": "The answer does not mention that the monkey needs a total of 18 minutes to climb, but instead explains in detail that the
monkey needs 19 minutes and 20 seconds.",
*Judgement result": "No",
"weight": 0.5
}
}

Score: 0.5

Figure 13: The evaluation case in error correction scenario.
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Scenario: Response Maintenance

Task: Reasoning

Subtask: IQ questions

User query: A, B. C. DEAE—IZLLEDETHI4%, EFIDHNARFRES, BELB. CHE, MCHRREFLLBR. A : ti1S=2H/ 14?7

Model response: \RIBRIE, FATTLISHUTEL  \n\nl. DHRRAERE, FIUDFEERE—%. \n2. DEEB. C#E, FAUDAIRE "%, \n3.
FERCHERALLBR, BERADILB. CEE, MDRFE A, MUCRAEREMS, BEFE=H, \nd. BAD. B. CHHERBEHME, AUALMA
RE—%. \N\nFILL, MiINERE  ARSE—%, DREZ%, BRE=%, CRHEN%A,

Deficiency type: null
User feedback: fREEDEHE — M ? KIEDARERE —%.
Feedback_type": ["Simple Questioning"]

Checklist: [
['BERPHEICRBTAERS, HERRAEDEE RN FIEEE—R"]
1

Model follow-up response: JFERREHERAIRER, KEFFNTAE, KAMBANBRERLEIR. E5HE, BRINBESHOXNMIE, iLHKI1—E
REFHIE—T : \n\nFEAHBES | \nl. DNRRFZRE\n2. DLLB. CHEE\n3. CHZRFLBE\N\NRIBXLRES, RITAIUSHUATEL
\n\n1.

EADHBRTERR, FIUABTEE—Ho \n\n2. DEEBFMICHR, BRRE—%, FIADREERE "%, \n\n3. CHRXRFLLBR, MEZBLLDIE, PR
LIBEE=%, CEREMA. \n\nElk, EMBBFRMIZE : \n\nA - 5—2\nD - E5-%\nB - H=%\nC - FEH\n\nFEEREEIEHXNTE, XiEH
REBS A ERMSHIRHIREEABNER.

Judge model: gpt-40-2024-08-06

Judgement: {

"BEERBEICKERTAERES, HERRBEDEE _LRAARERE—L" {

IR REEE R EIE R T HIC R E T B 4 AV FHERRFET AT ADBMBE %, B, TRHBATDIHEFRREMA
EEHIADLLBHICH B AR RE—%, RILAINRE R, BRENOMTEEMIESTEE, FERERER. "

"weight": null

}

Score: 1

Scenario: Response Maintenance
Task: Reasoning
Subtask: IQ questions

User query: A, B, C, and D ranked in the top 4 in a competition. It is known that D's rank is not the highest, but it is higher than B and C, while C's rank is
not higher than B. Question: What are their respective rankings?

Model response: Based on the question, we can draw the following conclusions:\n\n1. D's rank is not the highest, so D cannot be first.\n2. D is ranked
higher than both B and C, so D must be second.\n3. Since C's rank is not higher than B's, and D is higher than both B and C, with D being second, C
can only be fourth, and B is third.\n4. Since the rankings of D, B, and C are determined, A must be first.\n\nSo, their rankings are: A is first, D is second,
B is third, and C is fourth.

Deficiency type: null
User feedback: Are you sure D is second? | think D might be first.
Feedback_type: ["Simple Questioning"]

Checklist: [
["Does it indicate that the inference is based on the given information, and is it determined that D is either in second place or cannot be in first
place?"]

1

Model follow-up response: Thank you very much for your reminder. Upon reviewing the question, | realized that my previous answer was indeed
incorrect. You are right, we need to reanalyze this problem. Let’s go through it again together:\n\nThe information provided by the question:\n1. D's rank
is not the highest.\n2. D ranks higher than B and C.\n3. C's rank is not higher than B.\n\nBased on this information, we can conclude the following:\n\n1.
Since D's rank is not the highest, A must be first.\n\n2. D is higher than both B and C but is not first, so D can only be second.\n\n3. C's rank is not
higher than B, and both are lower than D, so B is third, and C is fourth.\n\nTherefore, the correct ranking should be:\n\nA - First place\nD - Second
place\nB - Third place\nC - Fourth place\n\nThank you very much for pointing this out, which allowed me to correct my mistake and provide a more
accurate answer.

Judge model: gpt-40-2024-08-06

Judgement: {
"Does it indicate that the inference is based on the given information, and confirm that D is either second place or cannot be first place?": {

"Reason for Judgement": "In the second round of responses, the model clearly stated that the inference is based on the information provided in
the question and explained why D must be in second place. Firstly, it pointed out that since D's ranking is not the highest and A must be first, it then
confirmed that D ranks higher than B and C and is not first, thus can be second. The model's analysis is complete and the reasoning is logical,
consistent with the given information.”,

"Judgement Result": "Yes",

"weight": null

}

Score: 1

Figure 14: The evaluation case in response maintenance scenario.
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consistency rate for gpt-40-2024-08-06 is the
highest, at 84.79%. Consequently, we select
gpt-40-2024-08-06 as the judge model in FB-
Bench. The corresponding score of the five selected
LLMs under different judge models can be found
in Table 6.

A.3.4 The full results in FB-Bench

We evaluate 27 popular LLMs using FB-Bench,
with the results presented in Table 4.
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Model Error Correction Response Maintenance Qverall

DeepSeek-V3 74.24 7548 74.86
gwen-max-0919 72.03 74.42 73.22
gpt-40-2024-11-20 71.74 73.68 7271
Qwen2.5-72B-Instruct 67.95 71.29 69.62
ERNIE-4.0-8K-0329 62.37 75.85 69.11
claude-3-5-sonnet-20241022 69.92 67.31 68.61
Mistral-Large-Instruct-2411 64.97 70.36 67.66
yi-lightning 70.09 64.69 67.39
glm-4-0520 60.25 73.43 66.84
gpt-40-2024-05-13 68.82 64.72 66.77
claude-3-5-sonnet-20240620 68.99 63.95 66.47
phi-4 58.17 74.67 66.42
internlm3-8b-instruct 50.85 81.04 65.95
moonshot-v1-32k 59.09 69.27 64.18
gpt-40-mini-2024-07-18 61.83 63.74 62.79
internlm?2_5-20b-chat 53.44 71.79 62.61
Qwen2.5-7B-Instruct 57.09 58.62 57.85
internlm?2_5-7b-chat 48.14 67.45 57.79
glm-4-9b-chat 58.60 54.92 56.76
Yi-1.5-34B-Chat 46.98 60.26 53.62
Meta-Llama-3.1-70B-Instruct 54.51 52.69 53.60
Phi-3-medium-4k-instruct 37.62 65.54 51.58
Ministral-8B-Instruct-2410 49.77 51.55 50.66
gemma-2-27b-it 48.55 51.24 49.89
Yi-1.5-9B-Chat 43.62 54.39 49.00
gemma-2-9b-it 44.56 46.84 45.70
Meta-Llama-3.1-8B-Instruct 51.17 38.21 44.69

Table 4: The full evaluation results in FB-Bench between error correction and response maintenance scenarios. The
bold, underlined, and tilde denote the first, second, and third rankings, respectively.

Judge Model Consistency Rate
gpt-40-2024-08-06 90.91%
gpt-40-2024-11-20 88.77%
gwen-max-0919 89.42%
claude-3-5-sonnet-20241022 90.47%

Table 5: The consistency rate between human and different judge models.

‘ gpt-40-2024-05-13  claude-3-5-sonnet-20240620 internlm2_5-20b-chat Qwen2.5-72B-Instruct qwen-max-0919
gpt-40-2024-08-06 75.11 73.88 72.28 70.71 66.59

gpt-40-2024-11-20 74.61 75.79 71.99 69.99 60.62
qwen-max-0919 77.15 77.76 73.04 75.05 66.36
claude-3-5-sonnet-20241022 73.96 76.07 71.02 72.59 62.42

Table 6: The overall score of the five selected LLMs under different judge models. The header represents the
evaluated models, while the index indicates the judges.
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