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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 nec-
essary to answer the user’s question. The blue parts
indicate closely related to the question, which can be
used for detailed discussion. The red parts are irrelevant
content which 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. Let
us take legal consultation as an example. In Fig-
ure 1, the model is required to respond to a ques-
tion regarding the necessity of child support pay-
ments. Due to the semantic similarity between
obligations for supporting children (financially)
and raising/protecting children (physically), the



retrieval model may wrongly return law articles
pertaining to guardianship qualifications. LLMs
usually cannot filter all these noisy evidence, which
may propagate and lead to incomplete analysis,
wrong reasoning paths, biased opinions and finally
problematic or even misleading answers.

Secondly, we expect the LLMs output correct
responses and consistent explanations, while pro-
viding more useful suggestions about the poten-
tial scenarios not directly mentioned in the ques-
tions but indeed helpful for users’ current or near-
future situations. For instance, in Figure 1, when
responding to a question about the obligation to
pay child support for a user facing financial dif-
ficulties, the model should also remind her/him
of the standards for child support payments and
ways to negotiate for a reduction in the burden of
child support given her/his current situation. This
is even hard for humans where one should have
access to proper evidence, e.g., the necessary or
closely related law articles here, and accordingly
provide kind reminders with reasonable explana-
tions. Let alone LLMs without abundant annota-
tions to train/fine-tune, which usually focus on the
specific facts literally appearing in the questions.

In this work, we will 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 con-
sisting of 200 carefully annotated legal consulta-
tion questions in the field of marriage and fam-
ily affairs. To address the above challenges, we
propose a novel chain-of-thought framework, the
Chain-of-Discussion (CoD), which involves multi-
ple LLMs in summarizing, criticizing and revising
each other’s output to reach a well-supported and
helpful response.

Our motivations are two-fold. On the one hand,
different LLMs may have different intrinsic knowl-
edge and reasoning capabilities due to different
training data. Thus, multiple LLMs can be less
possible to make errors concurrently than a sin-
gle 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 con-
sensus for a better response. For questions that
need to involve helpful scenarios or possible ex-
tensions, we guess multiple LLMs may provide a
diverse set of perspectives to address these possibil-

ities. 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) us-
ing strong closed-source LLMs APIs, 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 mult-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 challenges more complex
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 is irrelevant evidence is also a challenging
issue for humans.



Chain-of-Thought (CoT) Previous works
demonstrate that LLMs have a promising ca-
pability to decompose 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). Previous 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 original
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, judicial interpretations, 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 re-
sponses should be based on the evidence that can
support to answer the questions, and refrain from
employing irrelevant evidence or misinterpreting
the evidence out of context. (2) Comprehensive-
ness: The responses should engage in discussions
about potential scenarios that would be relevant
or helpful to the users, even if not explicitly men-
tioned in the users’ 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 q. Here, we employ a prompt
to feed the LLM with question ¢, analysis ague of
the question, and a specific evidence document d;.
The LLM then need to analyze whether afl‘;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 . .
sis ad"® and evidence analysis < a®" } , based on
q di f,

the evidence document set D;:
r=7f (q,Dq,ague, {a‘;’l‘;', e ,agt b e).

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, at the stage of question analysis, we
encourage models to read and summarize others’
analyses so as to take more scenarios closely rel-
evant to the question into account, 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 cor-
rect and more helpful response based on the sum-
marized question analysis 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: agtljwi = fque (¢, DglOns,) -

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

o 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 a

que que
fsum <Q7 aq7M17 Ty aq,MnleMk)

que
q

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
Mj, to analyze it based on the question and question
analysis : ag;i = fei(dj, g, ag|0n, ).

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 &Z?. Each critic
model M; should explicitly output whether it

~evi

holds opinions contrary to ag.'s which are de-

noted as c?j. In this work, we employ a re-
vising threshold §. If the proportion of oppo-
site opinions in the critiques exceeds J, the tar-
get model needs to revise its evidence analysis:
a5 = fev (0. d, af*, a5 O,

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

evi __ {adj ’
Gd. =

J rev

a
dj’

.o |{ci|ci=opposite}| i
)

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 (q7 qu aguea {aZ\ii7 T 70’3\?} ‘QM;C) .
S Experiments

As discussed in Section 3, legal consultation is a
typical example for CEBQA tasks, which require
model to generate an accurate response including
helpful discussions about relevant scenarios.In our
experiments, we delve into the legal consultation
task in China, where all legal activities should be
based on law articles and judicial interpretations,
which can be naturally considered as the evidence
store in our framework.

5.1 Data Collection

We focus on the legal consultation in the fields of
marriage, family affairs, and inheritance, which
cover various types of legal disputes such as di-
vorce, custody, contracts, property and so on. We



collect 200 questions from real users and the corre-
sponding responses from consultants through Web
Search Engines.

Data Quality To ensure the data quality, we man-
ually check on the questions and answers. We cor-
rect all typos but retain the informal expressions in
the questions. Note that there may be omissions
or slight word-order inversions in the questions,
which poses a challenge to the model’s reasoning
capabilities.

We employ two annotators with background in
civil law to examine the correctness and logical co-
herence of these responses. For the responses iden-
tified with errors, we encourage the two annotators
to discuss and reach a consensus for modifications,
otherwise, leave them as they are.

Evidence Annotation We construct the evidence
store based on all articles of the Civil Code and the
Civil Procedure Law and their judicial interpreta-
tions. We categorize these article into three types:
necessary, optional, and not required. The nec-
essary articles are the ones highly relevant to the
question, while the optional articles can be basis
for the discussion of potential scenarios. Please see
more details in Appendix B. We ensure there are
5 articles in each example. And on average, each
example contains 1.52 necessary articles, 1.23 op-
tional articles, and 2.25 not required articles. It
means approximately 45% of the retrieved articles
are not required at all.

5.2 Experimental Setup

In this work, we select open-source LLMs trained
by different research groups. We hope these mod-
els have learnt different knowledge and gain differ-
ent reasoning capabilities from pre-training. Then,
these models may provide various analytical per-
spectives via interaction and compensate for defi-
ciencies in their own reasoning capabilities.

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.

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

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): Question analysis,
article analysis, and response are all generated by
a single LLM.

Only Stage 1 (S1): All LLMs produce ques-
tion analysis. The target LLM summarizes these
analyses, and proceeds to the rest by itself.

Only Stage 2 (S2): Three other LLMs criticize
the article analysis generated by target LLM. The
question analysis and the final response are gener-
ated by 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 per-
formance for each LLM as the target role. Please
see more details in Appendix A.

Evaluation Metrics Different from the short-
form open-domain QA whose answers are usually
several words or sentences, the responses in the
CEBQA tasks can consist of several hundred or
even thousands of words. Therefore, it is impossi-
ble to employ the metrics such as F1 or exact match
which are widely used in QA benchmarks (Joshi
et al., 2017; Rajpurkar et al., 2018). These gen-
erated responses are also complex which contain
facts and causal relations to be verified. Thus, it is
will be difficult to evaluate them all by humans due
to unacceptable time costs.

Following previous works (Liu et al., 2023; Chan
et al., 2024), we employ GPT-4 to evaluate the qual-
ity of generated responses, with the human-written
responses, necessary and optional articles as refer-
ence. We prompt gpt4—-turbo-0125 to score
the responses based on correctness and comprehen-
siveness. The scorer should assign integer scores
between 1 and 10. If there is no clear reason to in-
dicate that the responses of LLMs are significantly
better or worse than human-written ones, a score
of around 7 should be given. Please see the scoring
prompts in Appendix E.

5.3 Main Results

Table 1 shows the evaluation results produced by
GPT-4. Comparing the results of baseline frame-
work (BS) and Chain-of-Discussion (S1S2), we can
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Target LLM | Setting Avg. Score  AScore
BS 5.750 -
Baichuan2-7B g; gggg 18%2(5)
S1S2 6.090  +0.340
BS 6.465 -
s1 6.505  +0.040
Deepseek-7B S2 6.480  +0.015
S1S2 6.580  +0.115
BS 5.835 -
S1 5.800  +0.055
Qwen-7B 2 5.815  -0.020
S1S2 5955  +0.120
BS 6.015 -
S1 5995  -0.020
Xverse-7B S2 6.030 +0.015
S1S2 6.125  +0.110

Table 1: The average scores of each target LLM and
each setting evaluated by GPT-4.

find each LLM can obtain improvements 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
also find that employing multi-model discussion
on both stages can bring more improvement than
using it on one stage only.

We also have to acknowledge that although
Chain-of-Discussion can enhance the LLMs, the
CoD-augmented Baichuan2-7B, Qwen-7B, or
Xverse-7B can still not outperform Deepseek-7B
under baseline settings, with around 0.5 scores left
behind. The results show that the quality of re-
sponses primarily relies on the inherent ability of
LLM to comprehend contexts and then to generate.

We notice using multi-model discussion only at
Stage 1 or Stage 2 fails to enhance Xverse-7B or
Qwen-7B. We will provide more discussions and
case studies in Section 6.3.

6 Discussions

6.1 Evidence-Centric Evaluation

Different from previous Question Answering
tasks (Joshi et al., 2017; Kwiatkowski et al., 2019)
whose answers can be several words or single sen-
tences, in the CEBQA tasks, LLMs are required
to provide both detailed and correct responses for
the question and potential scenarios. Therefore, we
wonder whether the Chain-of-Discussion frame-
work can enhance the comprehensiveness and cor-
rectness of model output.

Similarly, when discussing the details of poten-
tial scenarios, LLMs should also reference optional

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.

evidence. Hence, we can assess the correctness and
comprehensiveness of responses by the accuracy of
reference to various types of evidence documents.

We propose two metrics of accuracy, N—Acc
and O-Acc, to assess the correctness and com-
prehensiveness, 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 rule-based method to examine whether the
response have used an article. Please see details in
Appendix C.

We compute the Macro average N-Acc and
O-Acc across all examples. If an example does
not contain optional articles, it will not participate
in the calculation of O—Acc. Table 2 shows the
results of each target LLM under different experi-
mental settings. Compared to the baselines (BS),
the Chain-of-Discussion framework (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, which performs
the best in GPT-4-based evaluation, our proposed
framework still brings improvements of 0.86% and
0.53% to N-Acc and O—Acc, respectively. Recall-
ing the GPT-4-evaluated results in Table 1, where
Baichuan2-7B obtains the most improvement of
overall quality. We find this LLM also get the
most improvement on N-Acc and O-Acc, with
improvements of 4.91% and 2.24%, respectively.

The results indicate that introducing multi-model
discussions during both question analysis and evi-
dence analysis contributes to increasing the prob-



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

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

ability of LL.Ms referencing correct evidence. It
can be one of the reasons why Chain-of-Discussion
can improve the quality of model responses.

Comparing the results under the setting of BS,
S1, and S2, we can find that involving multi-
ple LLMs in a single stage can actually enhance
both correctness and comprehensiveness. How-
ever, overall, employing multi-model discussions
in question analysis contributes more to the com-
prehensiveness, while introducing other models in
evidence analysis brings more improvement in cor-
rectness.

6.2 Manual Check

To further study the quality of responses generated
by CoD, we randomly sample 30 cases and manu-
ally examine the responses in terms of fluency and
logicality. We select the responses generated by
Qwen-7B or Qwen7B+CoD, which get worse aver-
age GPT-4-evaluated scores than responses of other
LLMs. We find Qwen-7B with vanilla CoT has a
poor ability to comprehend the articles, often result-
ing in logical errors in responses, while the CoD
mechanism introduces opinions and critics from
other LLMs, thus helps to distinguish ambiguous
terms, and reach better logicality.

Table 3 show the case where CoD can help to
reduce logical errors in Qwen-7B’s responses. We
find Qwen-7B fails to understand that both E1&
(reconcile and remarry) and 1§ (remarry with
other person) are considered as marriage in legal
terms, which should comply with the provisions
of Article 1046 but not Article 1083. We believe
that discussions with other models can, to some
extent, reduce the hallucination caused by the target
model’s poor reasoning capabilities.

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 4: A bad case of hallucinated summary of ques-
tion analysis. Violet texts are correct analysis, while the
texts with yellow background are hallucinated parts.

6.3 Limitations of Open-Source LLMs

Recalling the results in Table 1 where using multi-
model interaction only at one stage fails to enhance
Xverse-7B or Qwen-7B. We have to acknowledge
that due to the limitations in parameter size, these
models might produce unreliable output or demon-
strate inferior capabilities to follow instructions.

We guess there can be two reasons. (1) The tar-
get LLM may fail to discern errors in the question
analysis of other LLMs, and integrate them into
the summary. (2) The target LLM does not always
follow instructions, and refuse to modify the errors
in evidence analysis.

6.3.1 Hallucination Propagation in Summary

At the stage of question analysis, we explicitly in-
struct the target LLM to assess whether the ques-
tion analyses of other LLMs are logically correct
and relevant to the question. However, the target
model might still incorporate hallucinated analyses
into the summary.

Table 4 illustrates a bad case where Baichuan-7B
incorporates inaccurate analysis from DeepSeek-
7B into the summary.We find that LL.Ms can cor-
rectly identify the primary intention behind user’s



question, i.e., determining whether providing sup-
port for parents is a prerequisite for inheriting.
However, Deepseek-7B also engages in analysis re-
garding scenarios where parents should pay support
for children. And Baichuan2-7B fails to identify
that this part of analysis is irrelevant to the ques-
tion.

For people with legal background, it is a com-
monsense that raising children and caring for el-
derly parents are two different concepts. And
legally, there is no causal relationship between
them. However, we guess that for LLMs, both rais-
ing children and supporting parents represent finan-
cial support and life care between two generations.
We believe that open-source LLMs with around 7B
parameters may not have sufficient knowledge and
enough reasoning capabilities. They may judge
whether a question analysis is relevant to the ques-
tion based on shallow semantic similarities.

6.3.2 Model Preference of Revising

Similar to the discussion on question analysis, the
lack of good reasoning capabilities may also limit
the performance of LLMs in revising evidence anal-
ysis. We find that LLMs sometimes tend to focus
on the literal differences between questions and
law articles, illustrated as the original analysis in
Table 5. We humans have the background knowl-
edge that only courts have the authority to revoke
guardianship, while the LLMs cannot yield correct
analysis. Users often omit commonsense informa-
tion when posing questions, whereas law articles
exhibit a rigorous and detailed structure. The stylis-
tic differences between questions and evidence may
lead to the misjudgments of LLMs.

We also find that different LLMs have varying
preferences regarding whether to modify the evi-
dence analysis. For instance, compared to Qwen-
7B, Baichuan2-7B exhibits a greater preference to
revise the analyses regarding articles.

To quantitatively study this issue, we initially
employ Baichuan2-7B to generate the original evi-
dence analyses. Deepseek-7B and Xverse-7B then
play the role of critics to determine which analysis
should be revised. Finally, 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 on the conclusions, we also use Qwen-7B
to provide origianl evidence analyses, still with

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 5: 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.

Deepseek-7B and Xverse-7B as the critics. Simi-
larly, Baichuan2-7B can revise 92.5% of the analy-
ses, 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 better
evidence analysis based on the critiques. Conse-
quently, it might result in the Chain-of-Discussion
framework not bringing enough improvement as
expected. 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 legal consultation dataset
show CoD can effectively improve the performance
of open-source LLMs by encouraging them to dis-
cuss 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.
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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.
At Stage 2, the revising threshold ¢ 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.
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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 0 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:

* 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
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of the longest LCS exceeds one-third of the
article, we believe the LLM has referenced
this article.

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

D Prompts of Chain-of-Discussion

D.1 Prompt of Question Analysis

To obtain the question analysis, we employ the

prompts as below:

R — P RIFSIEA TR, IRTHENERTAAHE
T — 24 R B R R R MR SR A o FE S TR
BZ)E, REESTI RSN S B ILFZ R TEIER
X R RRTE - B VRS R E S 13 B[R #1790
Mr, NE ERARELER) - 5RENERS R .

i) A AR [ [question]]”

NHARRRIRINSE LS. [[articles]]

PR, BRI ITE R AR [question]]” 1B {73
TEEMERAE, BEDITERE P rEAE N BT
HEMFEEL, BESETRENRB, b fERE
TR T A EALE o IR E SN RIRE AT A AT
HaAMENSEEERETHZNEE X - HIRETER
PRS0 ER T o RIE R B T
BTk -

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 "#£5%447: " has been
outputed.

D.2 Prompts of Summary

To summarize the question analyses from multiple
LLMs, we use following prompt:

IR —PIRER R, RTREIEMENL AT E G 5%
B AR AT, HA HRARESEE T XL
ImEI TR & IER RN 2, A S ERRIIANZ - (RA]
USZIHFZHHINE, R & GBI R 5 fY
IHTRGIER, LUEBER NSRS S8 . 15T
B, ZREIMERR KRN A AR IERR), IR
ERIJEEI ] A X ER > A o T AN SR 5 A U
BIRLITSE b, AR 2% N 2H AT e SR R 5 AR
KA, RTREEEAMNERE T AR .

IRFFESS BRI DT EEAT 50F, IR EIE XL
SRS ELRTER - BE5REMX . T
FAEZBENREE 5 AR B RRA B A, VR I
TRHHATMIT. 25, ERETROATE, SH—K
B~ A EUER S A& BRI X 12 1 RE A 4 AT AR AL ) S 5 1
T -

D.3 Prompts of Evidence Analysis

To obtain analyses for articles, we use following
prompts:

RRE—BIEETR, (R EAWIE MEFETREEN
RIE, FATARE L E WA R RIRT - 0 &R
MR, RGBSR T hANZHER - HREXEERA]

12

REXNT TR A B, WAl Re BB - (IRFTFEZRN
SHESEFEAT BT AT, R NE AT AT,
TE YRANEES A5 S5 3t 4T T
IR 1R LA “[[question]]”
KRB S S

[[articles]]

PRFFBESERZIR R R ST 8T, REHE 9
W MESR BN TRZZIBA R - SiTiEsr
e, IR EFE T ARECHIFN LSS, B xS
FFAT RSERE T 2R R4 o RIES AL E B I A
5 RS — R RN, IR RIERE T RE
TR R, B, ZIESR MR AR )
RABE B -

D.4 Prompt of Critique

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

R —ZERETR, IRFRENT— RN THA%
Foa mETRE R MERE R T R TR E T
TESFINES - T BT S AN IR IRIEFIE SR B AR 25 -

[AJf: [[question]]

%% [[article]]

BRITRTTHESRAI AT [[art_ana]]

BNk, WA W EME S AR
Fllcur_art_id|F14 47 - ZJ5, EIRAIWT it ) AT B 5
BRI TR -

=

=

D.5 Prompt of revising

When revising, we employ following prompts:

PR — 2, IR TIRMEFZZTHP TRERED
ERRER BT T R — kAT ZOA AR AT
FRFTERESR N BV BERE  VASRS IRl 8] B R B 45
MAEFAERNR o« IRTRESH RN FRBR T, BErxt
TR -

[a)fl: [[question]]

1%:%%: [[article]]

BRI TRIRER 5047 [[que_ana]]

FRUTXT FIES B4 HT:  [[art_ana]]

TR EPE: [[critiques]]

ETR, BIRES M ENIEREIAFMT . AET
B HNES TSR, BRERIRIST, T E— FiZ
TR AT REH B TR (Rl -

D.6 Prompt of response

Finally, to response to the user’s question, we use

following prompts:
RE—MEBRER, RFHEINEREZ A E R Z
TIRE R R AR IRFEE DVEAR LS A IR B2 0]
B, FHE IR IREE R T ML ACR R 55, aliE
1A SERERR L% o ZEEE IR AT, fRA] LS BRR
SRRMA LS HIFEE, BRSRMESR
HA—EHETEEFBEREMEM, EHrlfs
RAERRBTCE . R, VRFEFENEP K ELE
BTN, FHI A E SR T RENS VR A B & A
RHE - HIRNZR RS 2H S B 1R L U EIK
i, WAES|IHSE LK ZIMIEAEFERNKYE . 76
EZ SRR, R R B SR R R TR
ANE EEEAEBER - SIREAERIEE -
IR AR “[[question]]”
THENRES RS E L

[[articles]]



oK, EREE S E 1R H PR [ [question]]” R
T EINZ R R ST AT, NEHI AN SE
EFERA N TREZEE . & ERERSIZEE
KIS EFERRYE, AHFEANEE . FE SRS
B HFRSH R ZIMINE -

[ HT: [[que_ana]]

V£S5 [[art_ana]]

[
E 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
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]



