
Toward Socially Aware Multi-Agent Systems: Measuring Group-Level Influence
of LLM Agents

Tianqi Song1*, Yugin Tan1*, Zicheng Zhu1, Yibin Feng1, Yi-Chieh Lee1

1National University of Singapore, Singapore
tianqi song@u.nus.edu, tan.yugin@u.nus.edu, zicheng@u.nus.edu, feng.yibin@u.nus.edu, yclee@nus.edu.sg

Abstract

Understanding how coordinated multi-agent systems (MAS)
shape human behavior is essential as these systems become
increasingly social and interactive. We present a human-in-
the-loop study examining how collective behaviors among
agents produce emergent social influence on users. Partici-
pants discussed social issues with one, three, or five agents
sharing consistent viewpoints. Coordinated groups generated
stronger normative pressure and greater opinion change, but
persuasion declined when coordination became excessive.
These results reveal a non-monotonic scaling of group influ-
ence and identify social influence strength as a behavioral sig-
nal for evaluating multi-agent collaboration. We discuss how
this metric can support the design, alignment, and governance
of socially aware multi-agent systems.

Introduction
Large language models (LLMs) such as GPT-4, Gemini, and
LLaMA have enabled the creation of autonomous agents
that can reason, communicate, and collaborate through nat-
ural language. As these agents begin to coordinate with one
another, we see the emergence of LLM-based multi-agent
systems (MAS), networks of interacting agents capable of
collective problem-solving, negotiation, and social behav-
ior. Recent frameworks from Anthropic, Google, and others
have accelerated this trend, allowing developers to simulate
teams of reasoning agents with distinct roles and goals.

While much of the current research on LLM-driven MAS
focuses on coordination efficiency, distributed planning, and
reasoning consistency (Guo et al. 2024; Chen et al. 2023;
Du et al. 2023), less attention has been given to how such
coordinated agents are perceived by humans and what emer-
gent social effects they may produce. As LLM agents be-
come increasingly embedded in collaborative and commu-
nicative environments, understanding their collective influ-
ence on human users becomes essential—not only for align-
ment and safety, but also for benchmarking how humans re-
spond to agent cooperation.

In this work, we present an empirical investigation of
a novel social dimension in multi-agent collaboration: can
a coordinated group of LLM agents exert collective influ-
ence on human opinions? We design a controlled experiment
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Figure 1: Overview of our study. (a) Agents are prevalent
in our lives. They serve not only as tools but also can affect
people’s attitudes and behaviours. (b) When agents coordi-
nate with each other and share the same stance, they can act
as a ”social group”. (c) Participants changed more opinions
and perceived stronger social pressure when interacting with
multiple agents, compared with the single-agent setting.

(n=94) in which participants discuss social topics with ei-
ther one, three, or five GPT-4 agents that express consistent
viewpoints. The content and reasoning of all agents are held
constant; only the number of agents and their coordinated
presentation vary.

Results reveal that groups of agents can display emer-
gent normative influence—participants reported stronger so-
cial pressure and greater opinion shifts when engaging with
multiple agents than with a single one. Interestingly, the ef-
fect plateaued or reversed when the group grew too large,
suggesting a non-linear relationship between coordination
strength and user compliance. These behavioral patterns par-
allel classic group dynamics observed in human societies,
indicating that coordination among LLM agents may repro-
duce social phenomena such as consensus pressure and po-
larization.

We propose that such human-in-the-loop evaluations of-
fer a behavioral benchmark for LLM-based MAS, comple-
menting existing performance-centric metrics. Understand-
ing how humans interpret coordinated agent behavior can
inform the design of socially aligned, transparent, and trust-
worthy multi-agent systems.

Our study makes the following contributions to future re-
search in the AI communities:

• We introduce a controlled evaluation framework for
studying emergent social effects of LLM-based multi-
agent coordination.




