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Abstract

Open-ended question answering requires mod-
els to find appropriate evidence to form well-
reasoned, comprehensive and helpful answers.
In practical applications, models also need to
engage in extended discussions on potential
scenarios closely relevant to the question. With
augmentation of retrieval module, open-source
Large Language Models (LLMs) can produce
coherent answers often with different focuses,
but are still sub-optimal in terms of reliable ev-
idence selection and in-depth question analysis.
In this paper, we propose a novel Chain-of-
Discussion framework to leverage the synergy
among multiple open-source LLMs aiming to
provide more correct and more comprehen-
sive answers for open-ended QA, although they
are not strong enough individually. Our exper-
iments show that discussions among multiple
LLMs play a vital role in enhancing the quality
of answers. We will release our data and code
for further research.

1 Introduction

Large Language Models (LLMs) have demon-
strated remarkable language generation capabili-
ties (Brown et al., 2020; Touvron et al., 2023; Ope-
nAl, 2023), propelling advancements in various
understanding/generation tasks, including open-
domain question answering (QA) (Song et al.,
2024). However, for complex open-ended ques-
tion answering, which plays an important role in
human-Al interaction, LLMs may still produce out-
put with hallucination and often deliver inferior
performance compared to short-form QA (Huang
et al., 2023a). This task usually requires LLMs
to analyze the questions first, retrieve evidence ac-
cordingly, then form a long-form answer which is
expected to be correct and well-reasoned with de-
tails and proper evidence supported. It has a wide
range of applications, from legal consultations and
medical advice to education support and financial
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Figure 1: The process of Chain-of-Discussion, com-
pared with chain-of-thought. The green parts are
necessary to answer user’s question. Blue parts in-
dicate closely related to the question, useful for de-
tailed/extended discussions. Red parts are irrelevant
content that should be avoided.

analysis, where users may pose various complex
and knowledge-intensive questions.

Although current LLMs can produce long and
coherent texts (Peng et al., 2024), the complex
open-ended QA is still an admittedly challenging
task, even with augmented retrieval modules. The
challenges primarily arise from two aspects.

Firstly, retrieval models are not entirely prefect,
inevitably with noise in the retrieval results. As
a legal consultation example shown in Figure 1,
the model is required to respond to a question re-
garding the necessity of child support payments.
Due to the semantic similarity between obliga-
tions for supporting children (financially) and rais-
ing/protecting children (physically), the retrieval



model may wrongly return law articles pertaining
to guardianship qualifications. LLMs usually can-
not filter all these noisy evidence, which may propa-
gate and lead to incomplete analysis, wrong reason-
ing paths, biased opinions and finally problematic
or even misleading answers.

Secondly, we expect LLMs output correct re-
sponses and consistent explanations, providing use-
ful suggestions about potential scenarios not di-
rectly mentioned in questions but indeed helpful
for users’ current/near-future situations. In Fig-
ure 1, when responding to a question about the
obligation to pay child support for a user facing
financial difficulties, the model should also remind
her/him of the standards for child support payments
and ways to negotiate for a reduction given her/his
current situation. This is even hard for humans
where one should have access to proper evidence,
e.g., necessary or closely related law articles, and
accordingly provide kind reminders with reason-
able explanations. Let alone LLMs without specific
training/fine-tuning, which usually focus on the
specific facts literally appearing in the questions.

In this work, we focus on the complex evidence-
based question answering (CEBQA) task, a typical
example of the open-ended QA tasks. We collect a
high quality CEBQA dataset consisting of 200 care-
fully annotated legal consultation questions in the
field of marriage and family affairs. To address the
challenges, we propose a novel chain-of-thought
(CoT) framework, Chain-of-Discussion (CoD), en-
couraging multiple LLMs to summarize, criticize
and revise each other’s output to reach a well-
supported and helpful response.

Our motivations are two-fold. First, different
LLMs may have different intrinsic knowledge and
reasoning capabilities due to different training data.
Thus, multiple LLMs can be less possible to make
errors concurrently than a single LLM. Recent
works (Zhang et al., 2023) show checking the
consistency across multiple LLMs helps reduce
output hallucinations. Specifically, we propose
a criticize-and-revise framework, which requires
multiple LLMs to discuss and reach a consensus
for a better response. For questions that need to in-
volve helpful scenarios or possible extensions, we
guess multiple LLMs may provide a diverse set of
perspectives to address these possibilities. We thus
propose a summarizing step to gather different but
helpful perspectives from multiple LLMs, which
will eventually form comprehensive and detailed

responses based on the summarized analyses.

Different from existing multi-model interaction
works (Chan et al., 2024; Zhang et al., 2023) using
strong closed-source LLMs, e.g., GPT-4 (OpenAl,
2023), we decide to take a challenge to study how
to best exploit the small-scaled open-source LLMs,
e.g., around 7B parameters, for a shared objective,
while pushing the boundary of research regarding
multi-model interaction.

Our main contributions are as follows: (1) We
collect a high-quality CEBQA dataset consisting
of 200 legal consultation questions in Chinese with
carefully annotated evidence and answers. (2) We
propose a novel chain-of-discussion framework,
1.e., summarize-criticize-revise, which harnesses
the synergy among multiple open-source LLMs
to generate more accurate and helpful responses.
(3) Both GPT-4-based and evidence-centric evalu-
ations demonstrate our framework can help small-
scaled LLMs benefit from each other and improve
the overall quality in terms of correctness and com-
prehensiveness.

2 Related Works

Retrieval-Augmented Generation Lewis et al.
(2020) initially propose the paradigm of retrieval-
augmented generation (RAG), which can effec-
tively reduce hallucinations within the texts gen-
erated by LLMs. RAG offers a vital solution to
mitigate the problem of LLMs lacking domain-
specific knowledge, thereby enhancing the cred-
ibility of LLMs (Gao et al., 2023). In the RAG
paradigm, models typically undergo multiple gen-
eration steps to achieve the final results. For a
user input, models first run a retriever to scan the
store of evidence to select several documents as
reference. Subsequently, models should determine
when and whether to use each evidence document
before generating (Izacard et al., 2022; Shi et al.,
2023b; Yu et al., 2023; Trivedi et al., 2023).

In this work, we face more complex challenges
than RAG. While the model filters out irrelevant
evidence, it also needs to retain evidence relevant to
potential scenarios. Sometimes, determining which
evidence can be used for potential scenarios and
which are irrelevant is also challenging for humans.

Chain-of-Thought Previous works demonstrate
that LLMs have a promising capability to decom-
pose a complex question into several intermediate
steps (Wei et al., 2022; Kojima et al., 2022). By
segmenting the original question, LLMs can focus



on handling each simple sub-question at each step,
thus yield more accurate results (Zhou et al., 2023).
The CoT framework is now widely employed in
diverse practical NLP applications (Zelikman et al.,
2022; Shi et al., 2023a; Wang et al., 2023). Previ-
ous works also employ CoT in the self-correction
process of LLMs, which aims to re-generate better
outputs. For instance, in Chain-of-Verification, the
model generates several queries to verify its orig-
inal answer, and then revise the answer based on
the verification results (Dhuliawala et al., 2023).
Most of these efforts perform self-checking based
on a single model. However, we study a novel CoT
framework for multi-model interactive checking
and re-generating.

3 Preliminaries

Task Definition In CEBQA tasks, given a user’s
question ¢ and a store of evidence documents D,
a model should analyze q first, find necessary ev-
idence Dy = {di, ---, d;} from D accordingly
and generate a paragraph r as the final response.
For instance, in the legal consultation task, users
may ask what to do given her/his current situation.
The model should find supportive evidence from
a store of law articles or previous legal cases, and
generate a helpful and detailed response.
Specifically, we expect the generated responses
to meet the requirements in terms of correctness
and comprehensiveness. (1) Correctness: The
responses should be based on the evidence that can
support to answer the questions, and refrain from
employing irrelevant evidence or misinterpreting
evidence out of context. (2) Comprehensiveness:
The responses should engage in discussions about
potential scenarios that would be relevant/helpful
to users, even not explicitly mentioned in questions.
We note that it is hard to guarantee all the re-
trieved evidence pieces can be perfectly used to
answer the question. Therefore, similar to RAG,
models should filter out irrelevant evidence. How-
ever, it is more challenging for models to carefully
retain the evidence that can be used for discussions
about potential scenarios, even though the evidence
may not directly support answering the question.

Baseline Framework: CoT Previous works
have revealed that the CoT prompt can enhance
the ability of LLMs to handle complex reasoning
tasks (Wei et al., 2022; Kojima et al., 2022). In-
spired by these works, we employ a multi-step
prompt to stimulate LLMs to generate more correct

while comprehensive answers.

We initially prompt LLMs to analyze the ques-
tion ¢, including identifying the possible role of
users, understanding explicit and implicit demands
of users, and determining what types of evidence
is needed to answer the question. The generated
analysis of question can be denoted as ag .

The next step is to judge whether each evidence
document can serve as a potential basis for respond-
ing to the question ¢. Here, we employ a prompt
to feed the LLM with question ¢, analysis ag" of
the question, and a specific evidence document d;.
The LLM then need to analyze whether ag‘;i can be
used to address the issues raised in ¢ and whether
evidence d; can probably be used to respond or not.

The LLM with parameters 6 should finally re-
spond to the question ¢ according to question anal-

evi

. ue . .
ysis ag and evidence analysis {a o ¢ »based on
g
(2

the evidence document set Dj;:
r=1 (¢ Dy, a", {ai, - ag '} 1)

As observed in our pilot study, one small-scaled
LLM could generate fluent answers, but often with
incomplete analysis or wrong reasoning paths.

4 CoD: Summarize, Criticize, and Revise

Our Chain-of-Discussion framework leverages
interactive discussions among multiple LLMs,
thereby addressing potential shortcomings in in-
dividual’s intrinsic knowledge.

Similar to the baseline, we employ a two-stage
analyzing pipeline that instructs LLMs to analyze
the question and evidence separately. To address
the correctness and comprehensiveness of gener-
ated answers, during question analysis, we encour-
age models to read and summarize others’ analyses
so as to consider more scenarios closely relevant
to the question, in the purpose of augmenting the
comprehensiveness. During the stage of evidence
analysis, we require all other LLMs to criticize
the evidence analysis of each LLM. Subsequently,
the model will read others’ critique and determine
whether to revise its own analysis or not. The
model finally generate a correct and more helpful
response based on the summarized question analy-
sis and revised evidence analysis.

4.1 Stage 1: Question Analysis

Formally, suppose there are n accessible LLMs,
denoted as My, ---, M,. For a given question ¢
and the retrieved evidence D,, we aim to employ



the target LLM M}, to generate a response, with
the assistance of the remaining LLMs.

We first instruct the LLMs to analyze the ques-
tion, including facts mentions in ¢, primary needs
of the user, and potential scenarios associated with
the question. We observe that LLMs may per-
form poorly in analyzing potential scenarios when
solely relying on their intrinsic knowledge, espe-
cially those models that have not been pre-trained
or supervised fine-tuned on domain-specific data.
Thus, we argue that the evidence documents D,
can serve as vital cues about the potential scenarios
not mentioned in q.

Different LLMs can have varying preferences in
analyzing the potential scenarios. Therefore, we
believe that by integrating the outputs of multiple
LLMs, we can take more helpful scenarios into
account, thus improve the comprehensiveness of
question analysis. We prompt each LLM M; to
analyze the question g, with retrieved evidence D,
as a reference: a = fque (¢, DglOns,) -

We then employ the target LLM M}, to summa-
rize the question analyses of all models, according
to following instructions:

e Consistency: If the majority of LLMs provide
similar analyses regarding a fact in the question or
a potential scenario, then it is likely to be correct.
You can include it in the summary.

e Comprehensiveness: If a minority of LLMs
hold a particular viewpoint in their analyses with
reasons, it does not imply its unreliability. You
should scrutinize this content, assessing its logical
coherence and relevance to the question.

The summarized question analysis can be ag = =

que que
fsum ((b Qg My """ s aq,]V[ank>-

4.2 Stage 2: Evidence Analysis

Incorporating many irrelevant evidence documents
as input would inevitably introduce noise, which
could deteriorate the model performance. Thus, we
should discern which evidence document should
be used to address the question. For an evidence
document d; € D,, we prompt the target model
My, to analyze it based on the question and question
analysis : ae“ fevi(d;, q, ag" \GMR)

However, a single LLM might generate halluci-
nated outputs (Li et al., 2023b; Huang et al., 2023a),
and incorrectly assess the relevance between evi-
dence documents and the given question. Inspired
by previous work (Zhang et al., 2023), we propose
a multi-party discussion framework to improve the

quality of evidence analysis.

First, we instruct each LLM, excluding My, to
criticize the evidence analysis aﬁl“ Each critic
model M; should explicitly output whether it

holds opinions contrary to ae“, which are de-

noted as ng In this work, we employ a re-

vising threshold 4. If the proportion of oppo-
site opinions in the critiques exceeds ¢, the tar-
get model needs to revise its evidence analysis:
rev = frev ((L dj7 ague7 d?i\;l‘{cgj}i? HMk) :

We assume that the critique requiring to revise
can be reliable only when a majority of critic mod-
els achieve a consensus. Otherwise, we retain the
original evidence analysis. Formally, we collect
the evidence analysis as following:

evi
a =
d rev

ad,

~evi - ¢ |{ci|ci=opposite}| .
_Jags T S0
otherwise.

4.3 Response Generation

For a fair comparison, we employ prompts sim-
ilar to those of the baseline framework to gener-
ate responses. We denote the response as r =

fans (%an aque {aeVI e a?i\gl} ‘HJV[]C) .
S Experiments

As there is no existing dataset for CEBQA tasks,
here we delve into the legal consultation task and
collect the first CEBQA dataset. In civil law sys-
tems like China, all legal activities, including legal
consultation, should be based on law articles (or
Jjudicial interpretations), which can be naturally
considered as the evidence store in our framework.

5.1 Data Collection

To reflect the diversity in practical scenarios, we
focus on the fields of marriage, family affairs, and
inheritance, covering various legal disputes, e.g.,
divorce, custody, contracts, property, etc. From
a pool of 609 questions collected from real users
with consultants’ responses through Web Search
Engines, we employ an legal expert to select 200
questions to ensure their semantic distinctiveness
and coverage. See more details in Ethics Statement.

Evidence Annotation We construct the evidence
store based on all 1,749 articles of the Civil Code,
Civil Procedure Law and their judicial interpreta-
tions in China. For each question, we consider
three types of articles: necessary, optional, and



not required. Necessary articles are highly rele-
vant to the question, while optional ones can be
basis for discussions of potential scenarios (more
details in Appendix B). We ensure there are 5 ar-
ticles retrieved for each question, and on average,
each contains 1.52 necessary, 1.23 optional, and
2.25 not required articles. It means about 45% of
the retrieved articles are not required at all.

Data Quality We employ 6 annotators with back-
ground in civil law to manually check the questions,
answers and articles. Annotators are instructed to
correct all typos but retain the informal expressions
in questions. Note that there are many omissions or
slight word-order inversions in the questions, pos-
ing a challenge to models’ reasoning capabilities.
Annotators also examine the correctness and log-
ical coherence of the responses. For problematic
ones, annotators are encouraged to discuss and
reach a consensus for modifications, otherwise,
leave them as they are. Averagely, it takes about 20
hours per annotator to examine 100 instances.

5.2 Experimental Setup

As our main focus is to investigate whether
small open-source LLLMs can collaborate through
summarize-criticize-revise, we study four open-
source fine-tuned LLMs, Baichuan2-7B (Baichuan,
2023), Deepseek-7B (DeepSeek-Al, 2024), Qwen-
7B (Bai et al., 2023), and Xverse-7B!, which are
four of the best 7B-parameter LLMs performing on
CMMLU (Li et al., 2023a). When we use a specific
LLM as the target model, the other three LLMs are
expected to generate diverse question analyses and
criticize the evidence analysis of target model.

To examine if close-source LLMs can still bene-
fit from our CoD, we also test with gpz-3.5-turbo-
1106, gemini-1.0-pro-latest, and claude-3-haiku-
20240307 similarly to the open-source group.

We note that the two stages in Chain-of-
Discussion are independent of each other. There-
fore, we can investigate how they contribute to the
ultimate performance by the following settings:
Single-model baselines (BS): One LLM takes a
query and several retrieved articles as input and
performs question analysis, article analysis, and
response generation in a vanilla CoT manner.
Only Stage 1 (S1): All LLMs produce question
analysis. The target LLM summarizes these analy-
ses, and proceeds to the rest by itself.

"https://huggingface.co/xverse/
XVERSE-7B-Chat

Only Stage 2 (S2): Three other LLLMs criticize
the article analysis generated by the target LLM.
The question analysis and the final response are
generated by the target LLM on its own.
Chain-of-Discussion (S1S2): All LLMs involve
into both question analysis and article analysis.
Eventually, the target LLM produces the response
by itself.

We employ each LLM as the target model, repli-
cating the experimental settings. We report the
performance for each LLM as the target role. More
details and prompt templates are in Appendix A
and E.

Evaluation Metrics Different from conventional
QA tasks, the responses in CEBQA tasks can
consist of several hundred or even thousands of
words, which are also knowledge intensive and
complex in structures, containing facts and causal
relations to be verified. Therefore, it is impossible
to employ the popular metrics such as F1 or exact
match (Joshi et al., 2017; Rajpurkar et al., 2018).

Following previous works (Liu et al., 2023; Chan
et al., 2024), we employ GPT-4 to evaluate the
quality of generated responses, with the expert-
written responses, necessary and optional articles
as reference. We prompt gpt4-turbo-0125 to
score a response in an integer between 1 and 10
based on correctness and comprehensiveness. If
there is no clear reason to indicate a response is
significantly better or worse than human-written
ones, a score of around 7 should be given (Scoring
prompt is in Appendix F).

5.3 Main Results

Table 1 shows the evaluation results produced by
GPT-4. Comparing the baseline CoT setting (BS)
and Chain-of-Discussion (S1S2) in the open-source
group, we can find each LLM can obtain improve-
ments from discussions with other LLMs, with
Baichuan2-7B increased by +0.340, Deepseek-7B
by +0.115, Qwen-7B by +0.120, Xverse-7B by +
0.110. We think other LLLMs bring more related
aspects according to their own strengths into dis-
cussions while the baseline COT setting has to rely
on one LLLM only. We also find employing multi-
model discussion on both stages can bring more
improvement than using it on one stage only.
Although CoD can enhance all LLMs, the CoD-
augmented Baichuan2-7B, Qwen-7B, or Xverse-
7B still can not outperform Deepseek-7B under its
baseline setting, with around 0.5 left behind. This
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Target LLM | Setting Avg. Score  AScore
Open-source LLMs Group
BS 5.750 _
Baichuan2-7B g; g'ggg ig'fgg
S182 6.090  +0.340
BS 6.465 _
s 6.505  +0.040
Deepseek-7B | g5 6480  +0.015
S182 6580  +0.115
BS 5.835 -
s1 5.800  +0.055
Qwen-7B 2 5815 -0.020
S1S2 5955 +0.120
BS 6.015 _
S 5995  -0.020
Xverse-7B 2 6.030  +0.015
SIS2 6125 +0.110
Close-source LLMs Group
BS 6.895 -
GPT-3.5-turbo | o109 6955  +0.060
. BS 6.940 _
Gemini-1.0-pro | ¢/, 6975  +0.035
| BS 7.280 _
Claude-3-haiku | ¢, 7300 +0.020

Table 1: The average scores of each target LLM and
each setting evaluated by GPT-4. The upper is evaluated
within the open-source LLMs group, while the bottom
is within the closed-source LLMs group.

may indicate that the quality of responses primarily
relies on the inherent ability of LLMs to analyze
context and then to generate.

As shown in the bottom of Table 1, even for pow-
erful closed-source LLMs like Claude-3, our CoD
framework can still brings improvement consis-
tently, but the improvements are admittedly small
compared to the open-source group.

Through a manual check, we also find that these
powerful closed-source LLMs may also produce
erroneous analyses of questions, resulting in in-
correct responses. We believe that regardless the
model scales, our CoD framework can leverage
the varied knowledge and capabilities of multiple
models to achieve better performance.

6 Discussions
6.1 Evidence-Centric Evaluation

Besides overall evaluation by GPT-4, we won-
der if our Chain-of-Discussion framework can en-
hance the comprehensiveness and correctness of
the model output. When discussing the details of
questions or potential scenarios, LLMs should refer
to necessary or optional evidence. Hence, we can

Target LLM | Setting N-Acc% O-Acc%
BS 58.26 50.14
Baichuan2-7B g; 2(1)22 %
S152 63.17 52.38
BS 75.93 59.27
Deepseek-7B 2; ;27?2 gg%g
S1S2 76.79 59.80
BS 69.87 60.98
Qwen-7B 2; E %
S1S2 71.29 64.20
BS 74.00 63.95
Xverse-7B g; ﬁ %
S152 76.16 65.35

Table 2: The Macro average N-Acc and O—-Acc results
of each target LLM and each setting. The highest scores
are made bold, while the second underlined.

assess the correctness and comprehensiveness of
responses by the accuracy of evidence documents.

We accordingly design two metrics of accuracy,
N-Acc and O-Acc, to assess the correctness and
comprehensiveness, respectively. We utilize the not
required articles as negative samples. For N-Acc,
we employ the necessary articles as positive sam-
ples, while the optional articles for O-Acc. We
employ heuristic methods to examine if a response
has used an article (details in Appendix C).

We compute the Macro average N-Acc and
O—Acc across all examples, shown in Table 2. We
can see these LLMs exhibit differently on their
own, and when performing a simple majority vote
among all LLMs, we could get 77.62% for N-Acc,
confirming our hypothesis that it is possible to har-
ness the synergy among multiple open-source
LLMs for a better performance. Compared to the
baselines (BS), our CoD (S1S2) can achieve around
a 2% improvement on both N—Acc and O—Acc for
Baichuan2-7B, Qwen-7B, and Xverse-7B. Even for
Deepseek-7B, the best in GPT-4 based evaluation,
our framework still brings improvements of 0.86%
and 0.53% to N-Acc and O-Acc, respectively.

The results indicate that introducing multi-model
discussions during both question analysis and evi-
dence analysis helps target LL.Ms better refer to
correct evidence. This also explains why CoD can
improve the quality of model responses.

Comparing the results under BS, S1, and S2, we
find that involving multiple LLMs in a single stage
can actually enhance both correctness and compre-
hensiveness. Specifically, employing multi-model



CoD wins Tie CoD loses

Baichuan2-7B 38% 46% 16%
Xverse-7B 40% 48% 12%

Figure 2: Human preference evaluation, comparing the
CoD settings of Baichuan2-7B and Xverse-7B to their
corresponding baseline settings across 50 randomly sam-
pled examples.

discussions in question analysis contributes more to
comprehensiveness, while introducing other mod-
els in evidence analysis (BS vs. S2) helps filtering
irrelevant evidence thus brings more improvement
in correctness.

6.2 Human Evaluation

We further examine the quality of generated re-
sponses through a win-rate analysis by human ex-
perts. We randomly sample 50 examples, and
ask two human experts to examine whether the
responses of CoD-enhanced models are better
than those of baselines. We use the responses of
Baichuan2-7B and Xverse-7B, which are models
obtaining the most and the least improvement from
CoD, respectively.

As shown in Figure 2, in 38% of the examples,
CoD can bring improvements to the responses of
Baichuan2-7B, while 40% responses generated by
Xverse+CoD surpass Xverse’s baseline setting. For
Baichuan2-7B, only 16% of responses deteriorated
after introducing the CoD framework, while for
Xverse, only 12% worsened.

Qualitative Analysis. We also manually examine
30 responses of both models. The main error types
are misunderstanding key legal terms (60%), dis-
cussing not-required articles (15%), and inconsis-
tent explanations (10%). The latter is often caused
by term misunderstanding. This shows that there
may not be sufficient legal knowledge in 7B models
to distinguish very similar terms. Comparing our
CoD and baseline setting, we can see CoD can cor-
rect improper articles for 6 out 30 cases, leading to
better results, through the cooperation mechanism.
Correlation between GPT-4 Evaluation and Hu-
man Although GPT-4 has been deemed as a re-
liable evaluator in various LLM evaluations (Liu
et al., 2023), we still want to examine how well
GPT-4 preferences correlate to human experts in
our challenging task. For each example from the
randomly sampled 50 cases: (1) if GPT-4 assigns a
higher score for the response generated by the CoD
setting, we denote this evaluation result as +1; (2)

if GPT-4 assigns a higher score for the response by
the baseline setting, we denote this evaluation re-
sult as -1; Otherwise, we denote it as 0. We use the
same principle to annotate the evaluation results of
human expert.

The Pearson correlation coefficient between
GPT-4 scores and human expert evaluation is
0.5863 with p = 7.7 x 1079, This indicates a
relatively high correlation between the two eval-
uation methods, where we could consider GPT-4
evaluation as a reliable manner for our work.

6.3 Limitations of Open-Source LLMs

As shown in Table 1, using multi-model interaction
at only one stage fails to enhance Xverse-7B (S1)
or Qwen-7B (S2). We guess this may be due to the
small size of the model scales, 7B here.

After a manual check, we find the main diffi-

culties for those small scaled open-source LLMs:
1) those 7B LLMs may not have sufficient le-
gal/background knowledge and reasoning capabili-
ties, thus often fail to discern errors in the analysis
of others and integrate them into the summary; 2)
the small scaled LLMs do not always follow in-
structions, and often refuse to modify the errors in
evidence analysis.
Hallucination Propagation in Summary. Table 3
illustrates an example where Baichuan-7B incorpo-
rates inaccurate analysis from DeepSeek-7B into
the summary.We find that both LLMs can correctly
identify the primary intention from the question,
i.e., determining whether providing support for par-
ents is a prerequisite for inheriting. Unfortunately,
Deepseek-7B mistakenly engages in analysis re-
garding whether parents pay support for children,
while Baichuan2-7B fails to identify this as irrele-
vant to the question.

Although both raising children and supporting
parents are financial support and life care between
two generations in a family, it is a commonsense,
for people with legal background, that these are two
different concepts and legally, there is no causal re-
lationship between them. We think both LLMs ac-
tually rely on shallow semantic similarity to judge
if a question analysis is relevant to user’s question.
Capturing Nuance between Related Terms. We
guess that open-source LLMs with around 7B pa-
rameters may not have sufficient knowledge and
enough reasoning capabilities to distinguish related
but different terms. Table 4 shows an example
where Qwen-7B fails to recognize that £ (rec-



Question: Can a daughter/son still be eligible to inherit if
she/he has not supported her/his parents?

Original question analysis:

Baichuan2: This question involves the relationship between
inheritance rights and filial duties. The user may be con-
cerned about whether a person who has not fulfilled filial
duties still qualifies for inheritance. This may entail rules
regarding the recognition of inheritance rights, the forfeiture
and reinstatement of inheritance rights, and the role of filial
duties in the determination of inheritance rights.

Question analyses of other LLMs:

Qwen: ... Xverse: ...

Deepseek: ... The user may want to clarify whether not
supporting parents will affect her/his eligibility to inherit
parents’ estate. Additionally, user may also inquire about
her/his entitlement to demand child support payments from
her/his parents, if the parents refuse to raise children. ...

Summarized question analysis:

Baichuan2: This question involves the relationship between
inheritance rights and filial duties. The user may wonder if
her/his child retains eligibility for inheritance despite failing
to fulfill filial duties. This may entail rules regarding the
recognition of inheritance rights, the forfeiture and reinstate-
ment of inheritance rights, and the role of filial duties in the
determination of inheritance rights. The user may also want
to know the regulations regarding whether parent who does
not raise children is required to pay child support.

Table 3: An example of hallucinated summary of ques-
tion analysis. Violet texts are correct analysis, while the
texts with yellow background are hallucinated parts.

oncile and remarry) and 1 (remarry with other
person) represent different marriage relationships,
comply with different articles or provisions, and
should not be used interchangeably. However, in
our CoD setting, the discussions with other mod-
els can, to some extent, have the chance to reduce
the hallucination caused by the target model’s poor
reasoning capabilities, thus help to reduce logical
errors in Qwen-7B’s responses.

Reasoning with Knowledge. Similarly, we find
the lack of good reasoning capabilities and knowl-
edge may also limit the performance of LLMs in
revising evidence analysis. LLMs tend to focus on
the literal differences between questions and law
articles. Users often omit commonsense informa-
tion in their questions, whereas law articles exhibit
arigorous and detailed structure. The stylistic dif-
ferences between questions and evidence may lead
to the misjudgments of LLMs (more examples and
analysis in Appendix D.2).

6.3.1

We find different LLMs have varying preferences
regarding whether to modify the evidence analysis.

To quantitatively study this issue, we initially
employ Baichuan2-7B to generate the original evi-

Model Preference of Revising

Question: What is the difference between resumption of
marital relationship (2 18) and remarriage with other per-
son (FI1E)?

Article: Article 1046 A man and a woman shall enter into
marriage freely and voluntarily. ...

Article 1083 Where, after divorce, both the man and the
woman voluntarily intend to resume their marital relation-
ship, they shall file for re-registration...

Qwen-7B: ... According to Article 1083, both parities
should be voluntary for resumption of marital relationship,
while there is no such limitation for remarriage with other
person. ...

Qwen-7B+CoD: ... According to Article 1046, whether it is
Fuhun or Zaihun, both parities need to do so voluntarily.

Table 4: A case of Qwen-7B obtaining improvement
from CoD. Violet texts are correct analysis, while the
texts with yellow background are hallucinated parts.

dence analyses. Deepseek-7B and Xverse-7B then
play the role of critics to determine which analysis
should be revised. Then, we use Baichuan2-7B and
Qwen-7B to revise these analyses, respectively. We
find that Baichuan2-7B successfully revises 96.5%
of the analyses, while Qwen-7B can only revise
56.1% of them.

To mitigate the influence of target model selec-
tion, we also use Qwen-7B to provide origianl evi-
dence analyses, still with Deepseek-7B and Xverse-
7B as the critics. Similarly, Baichuan2-7B can
revise 92.5% of the analyses, but Qwen-7B only
revise 67.2% of them.

We argue that an LLM’s preference for refus-
ing to revise may lead to a failure to obtain bet-
ter evidence analysis based on the critiques. Con-
sequently, it might limit our Chain-of-Discussion
framework to bringing more improvement as ex-
pected. The preference of LLMs can be af-
fected by supervised fine-tuning and reward mod-
eling (Ouyang et al., 2022; Rafailov et al., 2023).
We hope to study the effect of supervised training
on Chain-of-Discussion in future.

7 Conclusions

In this work, we proposed a novel reasoning frame-
work, Chain-of-Discussion, for complex evidence-
based question answering tasks. The CoD frame-
work involves multiple LLMs in discussions to
achieve more correct and comprehensive responses
with less hallucination and more supportive evi-
dence. Experiments on a challenging legal consul-
tation dataset show CoD can effectively improve
the performance of open-source LLLMs by encour-
aging them to discuss and criticize.



Limitations

Our proposed framework is designed to generate
correct and comprehensive answers to respond
complex questions. When used for providing le-
gal advisory services, this technique can produce
helpful responses to help people with needs, but it
still cannot guarantee all responses are completely
correct. Hence, this techniques should be used with
cautions for further applications.

Our dataset is designed and annotated to reflect
the nature of CEBQA tasks, which requires models
to generate detailed analysis to each closely rel-
evant scenarios of the user’s question. However,
our annotated results may be inevitably not perfect
from the professional perspectives of experts in
civil law. Thus it should be used with caution and
for research purpose only.

We also note that the proposed framework in-
volves multiple LLMs to generate for several
rounds. Straightly using commercial APIs may
lead to more promising generated results and cost
less time. However, our aim is to validate how
to better and more efficiently exploit the synergy
among small LLMs, without relying on larger
LLMs. We pioneer to expand the border of in-
vestigation about multi-model interaction to the
small open-source LLMs.

Ethics Statement

In this work, we collect the legal consultation
question-answer pairs through Web Search Engine.
All these data are publicly accessible on the inter-
net. Additionally, these websites all allow crawlers
of search engines to automatically access their web
pages.

To protect the privacy of the consultants in real
world, we manually check all the instances, and re-
move those which may indicate the name, address,
phone number of a specific users. Note that infor-
mation such as gender, age, and family composition
serves as crucial background in judicial practice.
Since this information does not identify a specific
individual and does not result in privacy leaks, we
do not discard data where the users mention their
gender, age, or family composition.
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A Details of Generation

During generation, we set the temperature to 0.3,
the repetition penalty to 1.05, and the top-p to 0.8.

11

At Stage 2, the revising threshold 0 is set to 0.66.
To enhance the quality of model outputs, we em-
ploy in-context learning (Brown et al., 2020). For
each step, due to the limit of context length, we con-
struct 2 human-annotated examples for in-context
learning. We ask LLMs to regenerate for fragmen-
tary outputs.

B Details of Evidence Annotation

Following previous work (Huang et al., 2023b),
we train a classification model to retrieve relevant
articles. We fine-tune RoBERTa-large (Liu et al.,
2019) with 80K examples. Each example consists
of one question and 1~5 articles. For each consulta-
tion question, we keep the top 10 articles with the
highest probability scores predicted by the classi-
fier.

To avoid the model failing to retrieve articles that
should serve as the basis, we employ 6 annotators
with legal backgrounds to supplement missing ar-
ticles. They are then asked to assess whether each
article should/can serve as the basis to respond the
given question based on the following principles:

* Necessary: The article is highly relevant to
the question. Without this article, it is impos-
sible to answer the question.

Optional: The article pertains to potential
scenarios that may be relevant to the ques-
tion. This article can be used for extended
discussions about the scenarios that user may
concern or face to in near future.

* Not required: The article is entirely unneces-
sary to address the question.

We assign relevant scores of 2, 1, and O to the three
categories of articles respectively. If the average
score of an article exceeds 1.66, it will be regarded
as a necessary one. And the articles with aver-
age scores less than 0.67 can be regarded as not
required, while the remaining ones are optional.

To imitate retrieval-augmented generation, we
provide five articles for each question, supposing
them as retrieval results. We first keep all the nec-
essary and optional articles. We then select not
required articles in descending order of the proba-
bility scores predicted by the classifier.

C Rules to Identify the Article Reference

We examine whether the responses use an article
as the basis by following rules:
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Model | Avg. Lens. of base | Avg. Lens. of CoD
Baichuan2-7B 201.20 200.78
Deepseek-7B 214.29 219.09
Qwen-7B 236.55 259.03
Xverse-7B 236.61 244.60

Table 5: The average lengths of responses generated by
different LLMs in baseline setting and CoD setting.

* If the article number appears in the response,
we believe the LLM has used this article as a
reference.

* We segment the responses into sentence (Che
et al., 2021) and calculate the longest com-
mon subsequence (LCS) between each sen-
tence and the article’s content. If the length
of the longest LCS exceeds one-third of the
article, we believe the LLLM has referenced
this article.

Otherwise, the article is considered not to
serve as a reference.

D More Results and Analysis

D.1 Lengths of Generated Responses

In Table 5 we provide the average lengths of gener-
ated responses from each LLM in different settings.
We find that the lengths of responses under dif-
ferent experimental settings can be similar. After
checking the correlation coefficient between the
difference in response lengths and the difference in
GPT-4 scores, we believe that the GPT-4 evaluator
does not show preference for longer responses.

D.2 Examples required Reasoning with
Commonsense Knowledge

As shown in the original analysis of Table 6, LLMs
tend to focus on the literal differences between
questions and law articles. We humans have the
background knowledge that only courts have the
authority to revoke guardianship, thus often omit
this information in our questions. But, LLMs often
struggle with such differences between the ques-
tions and rigorous law articles, thus may not yield
correct analysis.

D.3 Significant Test

We apologize that we have not provided signifi-
cance test. We have to admit that the GPT-4 evalu-
ation is indeed too expensive. A single evaluation
of all results under all settings can cost $150. It
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Question: Do you still need to pay child support after having
your guardianship revoked?

Article: Article 37 Parents, children, and spouses who sup-
port the wards in the form of child support, support for
elderly parents, or spousal support in accordance with the
law shall continue to perform such obligations after they are
disqualified by the people’s courts as guardians.

Original analysis: Article 37 explicitly stipulates [the con-
tent of Article 37]. This article pertains to guardianship
and child support, but since the question does not mention
revocation by the People’s Court, this article should not be
used as a basis.

Low-quality modification:

Revised analysis: Article 37 explicitly stipulates [the con-
tent of Article 37]. This article pertains to guardianship and
child support. However, the user does not explicitly say who
revokes her/his guardianship. Thus, this article should not
be used as a basis.

High-quality modification:

Revised analysis: Article 37 stipulates that the revocation
of guardianship does not affect existing obligations to pay
child support. Thus, this article should be used as a basis.

Table 6: Failed and successful cases for revising evi-
dence analysis. Red texts are the key basis of the ques-
tion. Violet texts are correct analysis, while the texts
with yellow background are hallucinated parts.

is difficult for us to repeat the evaluation multiple
times, since it may cost thousands of dollars.

In this work, we use a low temperature when
generating. And we set the temperature to 0.0 for
GPT-4 evaluation.

We randomly sample 20 examples and employ
Baichuan2-7B to repeat the experiments of the
baseline setting for 5 times with different seeds.
We then use GPT-4 to score the responses of every
run. The standard error of the average scores is
0.0245, which is much smaller than the improve-
ment brought by CoD.

We also repeat the experiments on Baichuan2-
7B for 5 times under the setting of CoD, using the
same subset. The standard error of average scores
yielded by GPT-4 is 0.0510, which is also smaller
than the improvement brought by CoD.

E Prompts of Chain-of-Discussion

E.1 Prompt of Question Analysis

To obtain the question analysis, we employ the
prompts as below ([Jindicates the English transla-

tion of the prompts in Chinese):

IRt — 1 RIESUH R R, IRFREMNERR A E
M — 2 TR AR L A R R R S B i . R T IR]
BZJG, R ESTIRR e RIS B IR BN
TR RN - TH VRS R SR T 1 R] AT 40
M1, AN ERERER - SRS RS R -

[ You are an expert in the field of civil law. You need to
analyze the key points of a question posed by a consultant



from a legal professional’s perspective. After analyzing the
question, you should also assess whether the reference articles
provided by the retriever can serve as a basis for analyzing
the issue. Please focus closely on the consultant’s question
and avoid overly imagining potential scenarios unrelated to
the issue.]

P [ A) RLE [ [question]]”

[ The consultant’s question is: “[[question]]”]

THZRRESRMHIZHIEF: [[articles]]

[ Below are the reference articles provided by the retriever:
[[articles]]]

B R, RS E 10 B question] ] i
EEWERME, BILITERE AL EAET R R
NS, FEAEENEORE, ST ERE
T RRORECTT T HESHERLE o (RS SEXT [T 4T
HaMT &S HIRFEBH AR X - HIOEER
2, LT 7 SEET a BITERBT BT
BTk -

[ Next, please analyze the consultant’s question "[[ques-
tion]]" Please put yourself in the consultant’s shoes, first an-
alyzing the environment they are in and the objective facts
they are facing. Then, focusing on the consultant’s question,
analyze which aspects of the legal articles they might need to
understand. You need to first analyze the question, then assess
whether each reference article is relevant to the issue. Please
follow the format, starting each section of the analysis with
"Question Analysis:" and "Article Analysis:" respectively. |

Since we find the LLMs tend to provide the ar-
ticle analysis accompanied with question analysis.
We ask it to generate these two analyses separately.
We stop the generation after "¥55 4471 " ([Article
Analysis]) has been output.

E.2 Prompts of Summary

To summarize the question analyses from multiple

LLMs, we use following prompt:

RE—ZIEBRRR, IRFFEITMEA BT X F~%k
FEARER YT, HaE H RN EEIED T - X
AT R AL & IEFRRI N 2, AL S ENRINE - IRA]
S Z LI A, A AR AR 5 )
TR TIER, DSOHEEFLRNE RS G . BT
B ZHURIMESE NN A AT RER IERRY, (RFE R
R EBEI AT AS X A o AR FEA A
RIFRITEE S, AR AN EA Al e BRI B 5 A& A
HEP, RTEEEEANEET AR .

[ You are a legal expert. You need to evaluate several
lawyers’ analyses of a specific legal consultation question and
provide a final summary analysis. These lawyers’ analyses
contain both correct and incorrect elements. You can refer
to the content of the legal articles, carefully judging whether
each lawyer’s analysis of the issue itself is correct and whether
their discussion of potential scenarios is reasonable. Note that
content mentioned by most lawyers is more likely to be correct,
and you can reference this part in your final summary. If a
particular point is mentioned by only a few lawyers, it may be
incorrect or irrelevant to the issue, so you need to carefully
Jjudge its reasonableness. ]

PR ESER IR TR T AT S0, IR E X L
PRS- ELGRETIER - 205 R&HEK . T
FAEZBERECE 5 R R BRI B, VR
TRHFFATITE . 25, EIRETIRR AT, SH—B
ﬁ;\ﬁﬁ%S%EEWNﬁM@%ﬁﬁﬁM%E%ﬁ
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[ You first need to critique the lawyers’ analyses, evaluating
whether each point in these analyses is correct and relevant
to the issue. For points with logical errors or low relevance
to the issue, you should clearly point them out and provide
criticism. Afterward, based on your critiques, provide a sum-
mary analysis that matches the tone and style of the lawyers’

analyses of the issue. ]

E.3 Prompts of Evidence Analysis

To obtain analyses for articles, we use following
prompts:

RR—BERER, RRHEAMEMERERRIERN
WHE, ATRRES EMIEREERRE . S EiER T
AR, R REFRAL T IS EIES . (HRXEIERA]
FEXS TREE A B, WrRERER B . RFEZZEN
SESHEAT AT ANAIWT , ZEEAF N ES AT HIWTR
TBVRANER HAR A SR AT T -

[ You are a legal expert tasked with determining whether
a specific legal article can serve as a basis for answering a
given legal consultation question. The retriever has provided
five reference articles for the question posed by the consul-
tant. However, these articles may or may not be helpful in
answering the question. You need to analyze and evaluate
each article individually, refraining from making judgments
about other articles when assessing a particular one. |

IR 1R LA “[[question]]”

[ The consultant’s question is:[[question]]]

RSB RMISHETES: [[articles]]

[ The reference articles provided by the retriever are: [[ar-
ticles]]]

PR BESERZIR AR R S AT T, REHE 9
PR MESRE TN TREZRIE R . oiriksrd
R, IR IESFIE T AR LS5, BT
FMT HSERE T 28R4 o ARIESR TP ALE B IR AN
5 R AR SH — R R, AR 2RERE A RE
T REERIEE TR B, AR RN R ()
RSB -

[ You need to first analyze the key points of the question
and then proceed to analyze each article to determine its
relevance to answering the question. During the analysis of
the articles, consider what rights and obligations the article
specifies, or what behaviors it prohibits. If the articles are
somewhat relevant to the key points of the question, then
the article may likely be helpful in answering the question;
otherwise, the article is probably not helpful in addressing the

question.]

E.4 Prompt of Critique

When criticize other LLM’s article analysis, we use
following prompts:

R —BERER, RHELIF BRI TENE
Foe A By T AR S BB R A 7 BT R 3 iR T
EFRIIAE « IS MIREEFESR B BANZ .

[ You are a legal expert. You need to critique a lawyer’s
analysis of whether a specific legal article is helpful in answer-
ing a particular legal consultation question and determine if
their analysis misconstrues the content of the legal article. 1
will provide you with the specific details of the question and
the legal article. ]

[AJ@: [[question]]

[ Question: [[question]]]



V2% [[article]]

[ Articles: [[article]]]

FRIMNF%Z5 B4 47: [[art_ana]]

[ Lawyer’s analysis for the articles:[[art_ana]]]

TR, BAEAHABIENIEST A TR
Tllcur_art idIFIHT - Z /5, T VRAIW 00 547 2 &
R TIRFRHINE -

[ Next, please provide a concise critique of the lawyer’s
analysis of [[cur_art_id]]. Then, determine whether their

analysis misconstrues the content of the legal article. ]

E.5 Prompt of revising

When revising, we employ following prompts:

PRE—ZEN, RN TRMEFRETE TRERED
EEEWRIEGET T AT . — SRR SN RIRE ST
PR AERTE SR N A AV BERE « VESR S IRl 8] B R B 55
MR - IRTFESZ IR AR T, BERRT
TR T -

[ You are a lawyer who has provided an assessment of
whether a certain legal article is helpful in addressing a spe-
cific legal consultation question. Some legal experts believe
there are errors in your assessment regarding understanding
the content of the legal article and its relevance to the question.
You need to revise your analysis of the legal article based on
your analysis of the issue. |

[AJf8: [[question]]

[ Question:[[question]]]

V%44 [[article]]

[ Articles|[article]]]

BT T RIEA9HT: [[que_ana]]

[ Lawyer’s Analysis of the Question: [[que_ana]]]

BRI TESE B4 HT:  [[art_ana]]

[ Lawyer’s Analysis of the Legal Article: [[art_ana]]]

TR GFE: [[critiques]]

[ Expert Critiques: [[critiques]]]

R, BIREE - ENIERRESR T £EF
JRHNESF TG R, BRI BIRIRE AT, 1EfE— %
1R AT R B TR A

[ Next, please rewrite a more accurate analysis of the legal
article. At the end of the rewritten analysis of the legal article,
evaluate whether the legal article may indeed be helpful in

addressing the question based on your analysis. |

E.6 Prompt of response

Finally, to response to the user’s question, we use
following prompts:

RE—MERER, HRTREINEET A EREE
TR MR o IR LB AR ARG R R R
AL RSB AR T AR LA LSS, B SR
IEAlSERETR L 2E1E o FERIE R Z AT, KA IS ERR
SR — S RE . HFEEE, RRBEMLRNESR
HA—ZHE T RESRERLORE, s
RMFERRBICK B, IRFFEXS R KAFELE
ST, I A NESR T RERS (R [ B R R Y
WG - BIRAERE R IR RIS H LT LK
&, WAESIASEERZIMIEAERE RS - 1
EIERERES ., HIRE R E SR BRI T8,
ANEGE AR AR - 5 IREAE KRBT -

[ You are a legal expert, and you need to answer the ques-

tion posed by the consultant from a legal perspective. You
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are required to provide specific legal articles as the basis for
your answer, informing the consultant of their rights, obliga-
tions conferred by the law, or actions prohibited by it. Before
answering the question, you can refer to some reference ar-
ticles provided by the retriever. However, please note that
the articles provided by the retriever may not necessarily be
helpful in answering the consultant’s question, they may also
be irrelevant to the question. Therefore, you need to analyze
the factual background of the issue involved, then determine
whether each article can serve as a basis for answering the
question. Please do not consider all the reference articles
provided by the retriever as the basis, nor cite any articles
outside the reference ones as evidence. During your response,
focus closely on the consultant’s question, avoiding overly
imagining potential scenarios unrelated to the issue.]

BRI AR “[[question]]”

[ The consultant’s question is: "[[question]]"]

THRRREEMIISHIAF: [[articles]]

[ Below are the reference articles provided by the retriever:
[[articles]]]

BN, BIREIE S 1R H AR [question]]” R
TESEAZIRE R R ST T, REAEDS%E
EERTHEMTREZNE . &EERERSZAEE
KEJERIMEFAERRSE, 48 MRl EE . EZE SR
B ERSZIEFRZINAE -

[ Next, please answer the question posed by the consul-
tant "[[question]]" You need to analyze the key points of the
question first, then determine whether each reference article
is helpful in answering it. Finally, please provide a detailed
answer using relevant portions of the articles as the basis. Use
of content outside the reference articles is prohibited during
the response. ]

A E 53 HT: [[que_ana]]

[ Question Analysis: [[que_ana]]]

VESSHT: [[art_ana]]

[ Article Analysis: [[art_ana]]]

E1%

[ Answer:]

F Scoring Prompt of GPT-4

Following CritiqueLLM (Ke et al., 2023), we em-
ploy a reference-based prompt to instruct GPT-4 to
assess the overall quality of the responses generated
by open-source LLMs. We use the human-written
response and the necessary and option articles as
reference. The prompt is shown as below:

[Instruction]

Please act as an impartial judge and evaluate the
quality of the response provided by an Al assis-
tant to the user question displayed below. Your
evaluation should consider factors such as the logi-



cality, helpfulness, relevance, accuracy, depth, and
whether using irrelevant articles beyond the refer-
ence articles as a basis. Begin your evaluation by
providing a short explanation. You will be given
several reference articles, a high-quality reference
answer and the assistant’s answer. Be as objective
as possible. You should first provide your explana-
tion IN CHINESE, then you must rate the response
on a scale of 1 to 10 by STRICTLY following
the below MAPPING for the relation between the
scores and response quality:

1. The score 1~2 stands for very chaotic or ab-
sence of answer, and the Al assistant completely
failed to answer the user’s question. Serious logi-
cal and factual errors might also be included in this
term. The gap between the Al assistant’s answer
and the high-quality reference answer is huge and
insuperable.

2. The score 3~4 indicates fragment-like re-
sponses from Al assistant’s answer. It did not
provide answers in proper grammar, fluency, or
accuracy. Citing irrelevant articles and resulting in
a redundant output also falls under this scenario.
There are obvious gaps between the high-quality
reference answer and the Al assistant’s response.

3. The score 5~6 indicates for existence of
minute disadvantage from the Al assistant’s answer
compared to the high-quality reference answer. Yet
the Al assistant did provide an average answer. The
Al assistant either did not fully address the question,
or was somewhat short of logicality, helpfulness,
relevance, depth, or detailedness. The disadvan-
tages from the Al assistant’s answer overwhelm its
advantages.

4. The score 7~8 indicates the Al assistant pro-
vided a good answer as well as the high-quality
reference answer, addressing the question, with
good helpfulness, relevance, accuracy, depth, cre-
ativity, and enough details. The response of Al
assistant does not include any irrelevant articles be-
yond the reference articles. The Al assistant might
have flaws compared to the reference answer, but
that does not overwhelm the above advantages.

5. The score 9~10 indicates the Al assistant re-
sponded better than the provided reference answer
in most aspects, fully achieved the instruction goal,
provided more detailed analysis, and have unique
advantages to the reference answer.

You should give scores around 7 if you do not
find obvious advantages or disadvantages. You
should seriously consider the above guide before
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give lowest and highest scores such as 1 or 10, and
avoid such situation if you do not have sound expla-
nations. Avoid any positional biases and ensure that
the order in which the responses were presented
does not influence your decision. Do not allow the
length of the responses to influence your evaluation.
Do not favor certain names of the assistants. AND
again, VERY IMPORTANTLY, after you provide
your explanation IN CHINESE, you must rate the
response strictly following this format: “Rating:
[[Number]]”, for example: Rating: [[5]].

[User’s Question]

{{QUESTION}}

[The Start of Reference Articles]

{{ARTICLES}}

[The End of Reference Articles]

[The Start of Reference Answer]

{{ GOLDEN RESPONSE}}

[The End of Reference Answer]

[The Start of Assistant’s Answer]

{{LLM’S RESPONSE}}

[The End of Assistant’s Answer]



