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1.   Complex social issues and expectations of AI 
discussion technology

Improved performance in large language models 
(LLMs)*1 has been accompanied by growing interest 
in a multi-agent system (MAS)*2 for discussion in 
which multiple artificial intelligence (AI) models 
participate in discussions, each with a different point 
of view [1, 2]. These technologies, when faced with 
problems that traditionally require deliberation 
among experts and have no clear answers, may not 
only be capable of presenting issues or solutions that 
humans on their own may overlook but also hold the 
possibility of finding hard-to-notice assumptions and 
latent needs. By providing a discussion environment 
unrestricted by time and place, they can be used in 
situations where it is difficult to obtain diverse view-
points due to the small number of participants or 
bring stakeholders together in one place. For exam-
ple, a workshop attended by a number of people to 
address a regional issue such as nursing care or disas-
ter prevention takes on a complex problem, the 
desired solution of which differs according to one’s 
position. These technologies hold great promise as a 
means of stimulating discussion by providing new 
perspectives on expertise that previously required 

fieldwork to acquire.
There will be increasing demand for AI discussion 

technology at such participatory workshops not only 
to exchange diverse opinions in a natural manner 
much like discussions among people but also to bring 
about new insights among participants for problems 
having no clear solution. This article introduces 
LLM-agent response-diversifying technology for 
automatically selecting new viewpoints while main-
taining discussion flow and describes associated 
issues, detailed configuration and evaluation, and 
future developments.

2.   Technical issues: Limits in naturalness and 
diversity of MAS discussions

In a MAS, discussions are held from diverse view-
points by giving LLM agents different roles and areas 
of expertise. However, simply combining multiple 
LLM agents causes the two technical issues shown in 
Fig. 1 and detailed as follows. 

The first issue is that it is difficult for each agent to 
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correct or evolve its opinion throughout discussion. 
An LLM agent tends to strictly adhere to the given 
topic and instructions on role and expertise. Once it 
provides an opinion, it will not change it according to 
the flow of discussion or responses of others. The 
result is that each agent expresses similar opinions 
even after repeated discussions, and a breadth of 
viewpoints and ideas expected from the MAS cannot 
be sufficiently achieved. It is particularly important 
to generate diverse responses that are not simply 
repetitive or similar to create new value through dis-
cussion.

The second issue is that points of discussion often 
do not intersect even if the discussion progresses. 
Although an LLM can reference the responses of 
other agents, each agent tends to follow the given 
instructions only and ignore the opinions of others 
when generating its response. Responses thus tend to 
be independent, which prevents the discussion from 
meshing and makes interactions between agents with 
opposing views difficult. In particular, agents lack 
communications such as rebutting the responses of 
others or deepening the discussion based on empathy, 
which would naturally occur in human discussions. 
In short, there is a tendency for discussions to end 
without reaching a conclusion.

These two issues naturally arise from the character-
istics of LLMs; thus, they can significantly reduce the 
value of experiencing a discussion in a participatory 
workshop. It had been necessary to manually adjust a 
prompt*3 according to the state of the discussion and 
instruct an appropriate attitude or viewpoint for each 
response. This was done to facilitate a concrete dis-
cussion while suppressing similar responses and 
maintaining diverse responses. However, we need to 
try a number of prompt patterns in a trial-and-error 
manner. This not only increased the operating burden 

but also hindered the progress of the workshop; there-
fore, this approach was not realistic. To cope with 
such a problem, we need automatic control technol-
ogy that can achieve diverse responses and a natural 
discussion simultaneously.  

3.   LLM-agent response-diversifying technology

3.1   Aim of the technology and basic policies
As described above, conversations between LLMs 

in a conventional MAS strongly tend to follow previ-
ously given instructions as to topic, roles, etc. This 
causes no intersecting point of discussion and similar 
content even as the discussion progresses. We thus 
need human intervention at appropriate times to 
adjust the direction of the discussion.

To address this issue, LLM-agent response-diversi-
fying technology gives importance not only to the 
responses from new viewpoints but also to those 
which naturally evolve along with the discussion 
flow. This is because simply pursuing a response 
from a new viewpoint may diverge from the original 
topic, which makes the discussion difficult to under-
stand. Ensuring both diversity and naturalness of the 
responses in a discussion, that is, generating balanced 
opinions that are neither deviating from the original 
point of discussion nor too conservative, is the key to 
this technology.

This technology is designed on the basis of the fol-
lowing two policies, as shown in Fig. 2: 

•	� Candidate-response generation: generate diverse 
candidate responses from a single LLM agent on 
the basis of multiple instructions (i.e., prompt 
templates*4) prepared beforehand (Fig. 2(1)).

Fig. 1.   Issues in LLM discussions with MAS.
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*3	 Prompt: Input instructions given to an LLM. Questions or in-
structions given as a guide for generating results.  
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•	� Candidate-response evaluation and automatic 
selection: evaluate the generated candidate 
responses in terms of consistency with the entire 
discussion and novelty of viewpoint and auto-
matically select the optimal response (Fig. 2(2)). 

On the basis of the above process, we aim to gener-
ate natural, concrete, and diverse dialogue without 
human intervention.

3.2   �Candidate-response generation: Using 
diverse instruction templates

To maintain diversity in responses, it is important to 
have an LLM agent think from a different angle in 
respect to the same topic. LLM-agent response-
diversifying technology prepares multiple instruction 
templates beforehand and uses them to extract candi-
date responses in different directions from a single 
LLM agent.

For example, we can use the following templates:
•	� “Please describe your opinion after reviewing 

the points that have so far been agreed upon in 
the discussion.” 

•	� “Please give an in-depth opinion after reviewing 
the opinions that have so far been given.” 

•	� “Please give a specific proposal based on other 
viewpoints.” 

These templates intentionally cause shifts in direc-
tion and differences in depth to guarantee diversity of 
the candidate responses. The types and expressions of 
templates may be flexibly changed according to the 
topic, purpose of use, etc., so that the breadth of the 
discussion can be freely adjusted.

3.3   �Evaluation of candidate responses: Achieving 
both naturalness and diversity

To decide on which response should be selected 
from the candidate responses generated as described 
above, two important criteria are connection to the 
discussion thus far and the existence of new perspec-
tives.

To meet these two criteria, we convert a response to 
a numerical vector by embedding*5 and evaluate it by 
assigning a score using the following two distance 
metrics:

•	� Distance from the discussion history, which 
evaluates whether the response includes a new 

Fig. 2.   LLM-agent response-diversifying technology.
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(distance from past discussions 
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*4	 Template: A formulaic instruction to determine the direction of a 
response. Multiple templates are used for the purpose of main-
taining diversity.

*5	 Embedding: A technology that quantifies the meaning of a word 
or sentence to enable it to be mechanically compared or pro-
cessed.
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viewpoint that has not appeared before
•	� Distance from the last response, which evaluates 

whether it is a natural response in the discussion 
flow

For example, a candidate response that is highly 
related to the immediately previous response while 
being greatly different from the content of the past 
discussion would be judged a natural and novel 
response and receive a high evaluation. Conversely, a 
candidate response that is far removed from the 
immediately previous response or is nearly the same 
as past content would receive a low evaluation.

3.4   �Automatic response selection based on evalu-
ation

After evaluating the candidate responses as 
described above, the candidate with the highest score 
is selected and adopted as the LLM agent’s next 
response. Such a selection process is completely 
automatic requiring no checking or adjustment by a 
user.

Let us consider a discussion among LLM agents on 
the topic of elderly support in a regional area. The 
policy of providing the elderly with opportunities for 
going out was shared in responses, and the proposal 
that “regional exercise events should be increased” 
was offered in the immediately previous response. 
Under these conditions, the following three responses 
were generated as candidates:

•	� Candidate A: “To prevent falls, provide balance 
training that can be done at home.”

•	� Candidate B: “Start a campaign to recommend 
daily walks in the neighborhood.”

•	� Candidate C: “Hold an online seminar on nutri-
tion for the elderly.”

The content of candidate B is near that of past 
responses and in line with the context of encouraging 
the elderly to go out, but it is judged to be lacking in 
novelty. Candidate C includes a completely different 
viewpoint (i.e., nutrition) and is therefore novel, but 
it is judged to deviate from the flow of the discussion. 
Candidate A, however, clearly connects with the 
immediately previous point of discussion on exercise 
while presenting a different perspective from going 
out. For these reasons, it is highly evaluated as a 
response achieving a good balance between novelty 
and naturalness, and it is finally adopted.

A response having a new viewpoint and flowing 
naturally with the discussion is automatically select-
ed, preventing simple paraphrasing or repetition and 
achieving a discussion that evolves in a meaningful 
way. Since responses are selected on the basis of 

fixed evaluation criteria, it is expected that the discus-
sion flow will be consistent and be highly interpreta-
ble.

4.   Experimental evaluation: Application to 
brainstorming on preventing the need for 

nursing care in a local government 

We applied LLM-agent response-diversifying tech-
nology to a brainstorming session on preventing the 
need for nursing care as one regional issue facing 
local governments. We set up five LLM agents (e.g., 
an occupational therapist, welfare coordinator, and a 
doctor) as stakeholders within a local government 
and had them discuss and brainstorm about prevent-
ing the need for nursing care each from different posi-
tions. Within the discussion, we used LLM-agent 
response-diversifying technology to generate multi-
ple responses and select the optimal one.

To assess the effectiveness of our technology, we 
conducted the following quantitative evaluation. We 
first held ten discussions under the same topic and 
LLM-agent configuration for both the conventional 
MAS and LLM-agent response-diversifying technol-
ogy, and generated responses for each agent. A 
response from each agent included not only an idea 
but also the reason for presenting it. Thus, in addition 
to the original output responses in each discussion, 
we also used only the ideas extracted from LLMs 
from output responses as evaluation targets.

The differences between the conventional MAS 
and LLM-agent response-diversifying technology 
are shown in Fig. 3. To evaluate whether mutually 
similar opinions can be suppressed in both the origi-
nal output responses and their essential ideas, we 
used distinct-N*6 [3], which measures the text diver-
sity on the basis of the ratio of unique N-grams*7 in 
the generated sentences, and self-BLEU (Bilingual 
Evaluation Understudy)*8 [4], which measures simi-
larity between texts on the basis of the BLEU*9 score. 
We made a total of 100 comparisons in the form of a 

*6 	 Distinct-N: The ratio of unique N-grams included in a sentence. 
A metric for evaluating the diversity of a response. In this evalu-
ation, N=1.

*7	 N-gram: A combination of N contiguous words. Used to quantify 
the diversity or features of a sentence.

*8	 Self-BLEU: A technique for measuring similarity of generated 
sentences by BLEU. A lower value indicates less duplication in 
those sentences. In this evaluation, N=1.

*9	 BLEU: An automatic evaluation metric that measures how simi-
lar the output of machine translation, for example, is to the cor-
rect human-generated sentence based on N-gram degree of 
matching.
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competition between the conventional MAS and our 
technology and calculated the number of wins for 
each result in this competition on the basis of distinct-
N and self-BLEU.

The evaluation results are shown in Table 1. LLM-
agent response-diversifying technology performed 
better than the conventional MAS in all cases (i.e., for 
both the original output responses and extracted 
essential ideas, and on both distinct-1 and self-BLEU 
scores). These evaluation results indicate that our 
technology could make the vocabulary in a discus-
sion more diverse than the conventional MAS. 

To evaluate whether our technology could produce 
natural discussions in which point of discussion inter-
sect, we used the results of a questionnaire given to 
the participants of a workshop on regional issues. 

While the details are described in the article titled 
“Field Trial and Future Outlook of AI Constellation” 
[5], the results indicate that our technology generated 
natural discussions in subjective evaluations. 

LLM-agent response-diversifying technology can 
thus be used in workshops and other forums studying 
regional issues. We expect it to be applied in even 
more diverse ways such as to local government mea-
sures and consensus building.

5.   Future developments and issues

This article introduced LLM-agent response-diver-
sifying technology for generating diverse and natural 
responses in discussions among LLM agents. It was 
shown that the use of instruction templates and a 

Fig. 3.   Comparison between the conventional MAS and LLM-agent response-diversifying technology.
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Table 1.   Evaluation results.

Techology

Scores of the original output responses

distinct-N (N=1) self-BLEU (N=1)

MAS 39 13

LLM-agent response-
diversifying 61Win Win 87

Draw 0 0

Techology

Scores of the essential ideas of output responses extracted using LLMs

distinct-N (N=1) self-BLEU (N=1)

MAS 47 12

LLM-agent response-
diversifying 52Win Win 88

Draw 1 0
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mechanism for automatically evaluating candidate 
responses and selecting the optimal one could achieve 
better performance than the conventional MAS with-
out human intervention. 

This technology is one of the technical elements 
that play core roles in discussions within AI Constel-
lation in which LLM agents create a solution from 
diverse viewpoints. We plan to take on the applica-
tion of specific use cases and promote research and 
development on technical issues such as a mecha-
nism for appropriately recording and using past dis-
cussions and points of discussion.
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