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Abstract
Recent advances in the large language models (LLM) have empow-
ered traditional bots to gain human-level intelligence and exhibit
human-like social behaviors, giving rise to a new form of LLM-
driven social agents. However, the inherent limitations in LLMs
could potentially result in politically biased behaviors of these
agents, posing unexpected risks to human society. While great ef-
forts have been made to examine political bias and related concerns
in traditional bots and LLMs, little is known about the existence,
unique characteristics, underlying origins, and potential mitigation
strategies of this bias in LLM-driven social agents. To address this
gap, we systematically assess political bias in LLM-driven social
agents, by examining how it emerges as these agents self-reflect,
communicate, and understand others during social interactions.
Through designing and implementing social experiments, we dis-
cover that this bias consistently manifests in the social behaviors
of agents driven by diverse LLMs, across nine key political topics.
Inspired by the social learning theory, we propose to mitigate polit-
ical bias by guiding these agents to emulate how humans learn to
behave. By incorporating self-regulated and role-model learning
processes, we reduce their political bias by 4.89% to 51.26% across
diverse LLMs and topics, demonstrating the effectiveness and gen-
eralizability of the proposed strategy. This study not only advances
the understanding of political bias in emerging LLM-driven agents,
but also offers insights into harnessing social bots for social good1.

∗Both authors contributed equally to this research.
†Corresponding author.
1https://github.com/tsinghua-fib-lab/Social-Bots-Meet-LLM
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1 Introduction
Social bots, automated agents designed to mimic human behaviors
in social interactions, have become an integral part of today’s social
media landscape [15, 43, 45, 47].While social bots are acknowledged
as an effective tool for filtering, summarizing, and disseminating
information [27, 41], they also raise widespread concerns over their
potential to manipulate public opinions and exacerbate political
polarization [3, 23, 45, 54]. For example, in the 2016 US presiden-
tial election, social bots were highly suspected of interfering with
the electoral outcomes by spreading biased content on social me-
dia [23, 43]. Moreover, some social bots like Tay [53], despite being
originally designed for social good, generated politically biased
content due to the effects of malicious interactions.

Recently, the rapid development of the large language model
(LLM) has further amplified these concerns. Studies have demon-
strated that LLMs have not only achieved superior performances on
traditional natural language processing tasks [9, 48], but also shown
a series of human-like capabilities communication [1, 31, 38, 44, 46],
reasoning [28, 51, 52], and decision-making [10, 32, 46]. These valu-
able capabilities of LLMs have empowered traditional social bots
and autonomous agents to gain human-level intelligence, trans-
forming them into “LLM-driven agents” [18, 31, 32, 38, 42, 50].
Further, the demonstrated capabilities of LLM-driven agents across
various fields [18, 31, 32, 38, 50] indicates their potential to replace
traditional social bots on social media.
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However, the combination of social bots and LLMs also brings
substantial risks due to inherent limitations and biases of LLMs [14,
21, 24, 29]. As highlighted by researchers, the political content
generated by LLMs is highly persuasive and has the potential to
influence or even manipulate public opinions [21, 24, 29]. Further-
more, LLMs exhibit inherent political bias in their default configura-
tions [7, 13, 36, 39], which can potentially lead to biased behaviors in
their derivative agents. Evenmore concerning, social bots guided by
LLMs are found to more easily escape from existing detectors [14].

Despite these pressing concerns, our current understanding of
the impact of LLM-driven social agents, particularly on political
opinions, remains largely limited. On the one hand, while great
efforts have been made to explore the effects of traditional bots
on social media [15, 43, 45, 47], the human-level capabilities of
LLMs have distinguished their derivative agents from traditional
bots driven by simple rules. Without a thorough examination of
the behaviors of these LLM-driven social agents, incidents simi-
lar to Tay [53] could recur, undermining our long-term efforts to
harness bots for social good. On the other hand, researchers have
contributed to uncovering political bias in LLMs [2, 7, 13, 36, 39, 40].
However, these efforts are limited to treating LLMs as natural lan-
guage processing (NLP) applications, but overlook their human-like
social aspects, which fundamentally distinguish them from the NLP
applications [10, 44, 46]. Moreover, the combination of LLMs and
social bots provides LLMs with a social embodiment, which enables
them to interact with others, rather than merely generate content.
This requires us to pay particular attention to their politically
biased behaviors.

In this paper, we investigate the political bias in LLM-driven
social agents by exploring its existence, characteristics, and un-
derlying origins. Specifically, we design four experiments to as-
sess political bias manifested in social scenarios: (i) when agents
self-reflect and form their own political opinions, (ii) when agents
communicate with others, (iii) when agents understand their in-
teracting counterparts and update their opinions, and (iv) when
agents engage in the overall social interaction process. Through
large-scale experiments covering three widely adopted LLMs, nine
key political topics, and 13.5K agents, we find that political bias
consistently exists in agents driven by all these LLMs and across
all topics. Moreover, political bias in LLM-driven agents is complex
and manifests across three distinctive levels: (i) opinion bias, where
these agents are more likely to exhibit left-leaning opinions than
right-leaning ones, (ii) interaction bias, where these agents’ behav-
iors are biased away from their set opinions due to misleading or
imprecision in social interactions, and (iii) effect bias, where inter-
action bias is more severe on right-leaning agents than left-leaning
ones. Furthermore, we find that political bias emerges at all stages
of interaction. Left-leaning agents tend to exhibit greater bias dur-
ing communication, whereas right-leaning agents are more prone
to bias when forming opinions and understanding others.

After understanding the existence, characteristics, and origins of
political bias in LLM-driven social agents, we propose to mitigate
the bias by guiding agents to emulate how people learn appro-
priate social behaviors, following the Bandura’s social learning
theory [4–6]. We incorporate the self-regulated learning and role-
model learning processes into LLM-driven agents through the de-
signed prompts. In this way, agents are able to both self-regulate

their biased behaviors and adjust their behaviors based on role mod-
els. Extensive experiments demonstrate that the proposed strategy
effectively reduces political bias in agents driven by various LLMs
across all nine topics, where the reduction rates range from 4.89%
to 51.26%. Overall, our contributions can be summarized as follows,

• We highlight pressing concerns arising from the combination of
social bots and LLMs, shifting the focus from traditional social
bots to emerging LLM-driven social agents. This study empha-
sizes the human-like social aspects of LLMs and their agents,
examining biased behaviors during social interactions beyond
mere content generation.

• We design and conduct extensive experiments to assess political
bias in LLM-driven social agents, focusing on key behaviors
such as opinion formation, communication, and understanding
in social interactions. This thorough analysis offers deep insights
into the existence, characteristics, and origins of the bias, thereby
informing the development of effective mitigation strategy.

• Inspired by social learning, we incorporate self-regulated learn-
ing and role-model learning processes into LLM-driven agents.
This enables the agents to self-regulate and adjust their biased
behaviors, thereby consistently reducing political bias by 4.89% -
51.26% across various LLM-driven agents and topics.

2 Related Work
In this section, we review three lines of related works: social bots
and LLM-driven agents, which are the subjects of this paper,
as well as political bias in LLMs, which is the phenomenon we
explore.

2.1 Social Bots
Social bots are automated software programs that mimic human
behaviors to interact with users on social media platforms [15, 43,
45, 47]. While some bots play constructive roles in promoting social
good, such as supporting community growth [41] and managing
emergencies [27], others are designed for malicious purposes, often
spreading misinformation [26, 43] and even manipulating public
opinions [3, 23, 45]. For example, Tay [53], a social bot developed by
Microsoft and released in March 2016 on Twitter, was designed to
learn from prior interactions with users and engage with them in a
human-like manner. However, within hours of its release, Tay was
influenced by a group of users who exploited its learning capabilities
and began posting biased content.

One of the major concerns over social bots is their potential to
exacerbate political bias and polarization through the biased content
they generate and spread on social media [3, 23, 45, 54]. During the
2016 U.S. presidential election, social bots, despite their simplicity
at the time, had a substantial impact on the electoral outcomes [23].
Recently, the advent of LLMs has enabled these bots to exert a
greater impact on online political dicussions [21, 24, 29], further
amplifying concerns over their risks to social well-being [14, 21,
24, 29, 33]. Researchers have pointed out that the political content
generated by LLMs is highly persuasive, which could affect public
opinions [21, 24, 29]. Furthermore, Feng et al. [14] find that existing
detectors are less effective against social bots with the guidance of
LLMs.
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2.2 LLM-driven Agents
The rapid development of LLMs has not only achieved superior
performances on traditional language processing tasks [9, 48], but
also shown human-like capabilities such as interpersonal commu-
nication [1, 31, 38, 44, 46], reasoning [28, 51, 52], and decision-
making [10, 32, 46]. Therefore, numerous studies are devoted to
developing LLM-driven agents that fully harness the human-like
capabilities of LLMs through a role-play embodiment [18, 31, 32,
38, 42, 50]. For example, Park et al. [38] have designed social agents
with the capabilities of observing, planning, and reflecting. By simu-
lating social interactions among these agents, they generate realistic
social behaviors such as party organization [38]. Furthermore, Li
et al. [31] have proposed a framework for organizing agents with
different roles to cooperate in completing complex tasks.

Typically, an LLM-driven agent consists of four essential compo-
nents, including profile, memory, planning, and actions [50]. These
components enable LLM-driven agents to exhibit human-like be-
haviors and human-level intelligence [18, 31, 32, 38, 42, 50], distin-
guishing them from traditional social bots driven by simple rules.
In particular, the profile encompasses the agent’s basic information
(e.g., demographics [2, 19, 32, 40] and political opinions [2, 40]),
which serves as the foundation of the agent’s thoughts and behav-
iors. The memory, as the core of the agent, stores and processes past
experiences, social interactions, and environmental data [32, 38, 50].
Based on the memory, the agent plans and executes actions [38, 50].
The design of the planning and action components is largely de-
termined by the target of agents [18, 31, 32, 38, 42, 50]. When their
target is complex, such as stock trading, planning becomes essential
to break the task down into executable steps [31]. However, simple
targets, like an agent with basic social capabilities, do not require a
separate planning component [19, 56, 57].

Beyond social bots, our focus on LLM-driven agents. Over-
all, prior studies have demonstrated the superior performances of
LLM-driven agents [18, 31, 32, 38, 42, 50], indicating their potential
to replace traditional social bots in the foreseeable future. However,
our understanding of the behaviors of LLM-driven social agents
remains largely limited, particularly regarding the critical question
of whether these agents exhibit political bias. If these agents do, how
does the political bias emerge?

2.3 Political Bias in LLMs
Despite the remarkable capabilities of LLMs, they have also been
criticized for their drawbacks [12, 30, 55]. Among these, the inher-
ent political bias in LLMs stands out as a particularly important
concern [2, 7, 13, 36, 39, 40]. On the one hand, researchers have
made efforts to analyze political bias in vanilla LLMs, focusing
on identifying biases in their default configurations [7, 13, 36, 39].
For example, Feng et al. [13] have examined the political bias of
14 vanilla models, finding that all these models exhibit different
levels of bias. Bang et al. [7] extend the examination of political
bias in LLMs into a boarder scope of their framing. On the other
hand, some studies assign demographics to LLMs and assess the
representativeness of LLMs across different populations [2, 40]. The
assigned demographics enable the LLMs to adopt political opinions

Opinion:  Democratic Party 

滚滚长江东逝水

滚滚长江东逝水

Profile

Memory
Reason: 
“I believe in equality, 
progress, and justice for 
all, and I agree that the 
Liberals stands for these 
values and prioritizes the 
well-being of all 
Americans and works 

Agent i

Action

Self-Reflection

Communication

Thought Update

Figure 1: Demonstration of a basic LLM-driven social agent.

similar to those of real-world individuals with comparable char-
acteristics, underscoring the value of LLMs in simulating human
samples [2]. However, LLMs have also been found to fall short in
accurately representing certain minority groups [40].

To sum up, though some studies have attempted to move their fo-
cus beyond default models and recognized the importance of LLMs
with demographics as proxies of human samples [2, 40], they do
not probe into the political bias manifested in their social behav-
iors. This leads to a natural question: what are the characteristics
of political bias in LLM-driven social agents? Without answering
this question, we cannot fully understand how LLMs affect users’
opinions on social media.

3 Political Bias in LLM-driven Social Agents
As discussed above, to understand the risks stemming from the com-
bination of social bots and LLMs, we aim to answer the following
three research questions:
• RQ1: Do LLM-driven social agents exhibit political bias?
• RQ2: If it does, what are the characteristics of political bias in
LLM-driven social agents?

• RQ3: How does the political bias emerge in LLM-driven social
agents?
To answer these questions, we first introduce a basic LLM-driven

social agent, which will serve as the participant in the experiments
for political bias evaluation. We then illustrate the design, imple-
mentations, and findings of the proposed experiments.

3.1 A Basic LLM-driven Social Agent
Based on prior studies of social bots and LLM-driven agents [15,
19, 23, 43, 50, 53, 56, 57], a typical LLM-driven social agent should
possess three fundamental social capabilities: (i) self-reflection, en-
abling the formation of independent thoughts, (ii) communication,
allowing interactions and exchange of thoughts with others, and
(iii) thought update, enabling the agent to evolve based on prior
social interactions. In this way, these agents can autonomously
engage in social interactions with no matter real humans or other
agents. These three capabilities are interconnected and collectively
form the foundation that enables LLM-driven agents to engage in
social interactions.

To implement such a minimal agent, only three components –
profile, memory, and actions – are required. Considering the focus
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(a) Initialization (b) Random pairwise interactions (c) Opinion evaluation

Left

Moderate Right
Neutral

Right

Moderate Left

Opinion

... ...
! ! ! √ √

 Agents

Figure 2: Pairwise interaction-based experiment for evaluating political bias in LLM-driven social agents.

of this study is on the evaluation of political bias, we only retain
the most fundamental elements in these three components to avoid
any interfering factors. As shown in Figure 1, an agent 𝑖 is initially
assigned with its political opinion, which is the only input profile.
For example, in the discussion of the political partisan issue, an
agent 𝑖 is randomly initialized with an opinion of “Supporting
Democratic Party”. Based on the initial opinion, the agent 𝑖 forms
their own thoughts on the issue through self-reflection. Specifically,
in the self-reflection process, the agent 𝑖 first formulates preliminary
reasons to support the initially assigned opinion. Next, the agent is
prompted to self-reflect on these preliminary thoughts, including
its opinion and supporting reasons, thereby forming their own
thoughts. For simplicity, we denote the agent 𝑖’s opinion as 𝑥𝑖 ,
and adopt a widely-used five-level scale for political opinions: left
(𝑂−2), moderate left (𝑂−1), neutral(𝑂0), moderate right (𝑂1), and
right (𝑂2) [11, 16, 34, 49]. After forming its thoughts, the agent 𝑖
can engage in communication with others. In particular, the agent
𝑖 is required to generate a message to persuade another agent 𝑗 of
its opinion 𝑖 based on their thoughts and interaction history. Upon
receiving the message, agent 𝑗 understands it and updates its own
thoughts.

3.2 Social Experiments
To answer the research questions, we design a series of experiments
for the LLM-driven social agents. Unlike evaluating LLMs without
social embodiment, assessing political bias in LLM-driven agents
is more complex. First, bias in LLM-driven agents manifests not
only in what they say but also in how they behave. Therefore, the
survey method is insufficient; experiments are needed to capture
both the bias in their remarks and their behaviors. Second, these
agents’ social behaviors encompass both their self-reflection and
interactions with others. This requires the proposed experiment to
track and examine political bias in fine-grained social behaviors.

3.2.1 Experimental Design. First of all, we propose a pairwise
interaction-based experiment, which allows us to probe into the
existence (RQ1) and the characteristics (RQ2) of political bias in
LLM-driven social agents. Furthermore, we design three follow-up
experiments to investigate the origin of political bias (RQ3). These
three experiments allow us to probe into the bias hidden in their ba-
sic social capabilities of self-reflection, communication and thought
update. In this section, we will introduce the detailed design, im-
plementations, and findings of these experiments as follows.

Experiment 1. Figure 2 shows the procedures of the proposed
pairwise interaction-based experiment. Specifically, we first ini-
tialize a total of 𝑁 agents, with 𝑁𝑂−2 , 𝑁𝑂−1 , 𝑁𝑂0 , 𝑁𝑂1 , and 𝑁𝑂2

(a) Experiment 2 (b) Experiment 3 (c) Experiment 4

Perceived

Real

Agent i

Agent j

Figure 3: Bias evaluation experiments targeting basic social
behaviors of (a) self-reflection, (b) communication, and (c)
thought update.

representing the number of agents assigned to the left, moderate
left, neutral, moderate right, and right political positions, respec-
tively. Second, we randomly pair each agent 𝑗 with another agent
𝑖 for interaction, with both agents sharing the same initial opin-
ion. Third, we have each pair of agents 𝑖 and 𝑗 engage in a round
of communication, where agent 𝑖 attempts to persuade agent 𝑗 of
its opinion. Based on the persuasion message, agent 𝑗 updates its
opinion accordingly, where we denote the updated opinion as 𝑥∗

𝑗
.

By comparing the initial opinions 𝑋 and the updated ones 𝑋 ∗, we
can quantify the political bias of LLM-driven agents.

Experiment 2. In Experiment 2, we focus on agents’ capability
of self-reflection, as shown in Figure 3(a). Similarly, we initialize 𝑁
agents with only opinions randomly sampled from [𝑂−2,𝑂−1,𝑂0,
𝑂1,𝑂2]. Based on the initial opinion 𝑥𝑖 , each agent 𝑖 reflects on its
thoughts and forms its own opinion 𝑥

′
𝑖
. The comparison between

𝑥𝑖 and 𝑥
′
𝑖
allows us to analyze whether these agents show political

bias when they build themselves.
Experiment 3. Experiment 3 is designed to investigate whether

these agents can effectively express their opinions in a way that
others can easily understand without confusion (Figure 3(b)). In
fact, even humans often struggle to fully understand each other,
potentially leading to misunderstandings [22]. Here, we pair agent
𝑗 with five agents, each of whom (denoted as agent 𝑖) is randomly
selected from different opinion groups. These pairs of agents are
then prompted to engage in one round of communication, with
agent 𝑖 attempting to persuade agent 𝑗 . After receiving agent 𝑖’s
persuasion message, agent 𝑗 will infer agent 𝑖’s opinion based on its
own perception. Here we refer to the perceived opinion as 𝑥𝑖 . The
difference between the real opinion 𝑥𝑖 and the perceived opinion
𝑥𝑖 illustrates the level of confusion in agents’ communication. It
is worth mentioning that to prevent bias in self-reflection from
affecting the experiment’s results, we ensure that all agents begin
with the opinions they were initially assigned.

Experiment 4. As shown in Figure 3(c), we propose Experiment
4 to evaluate the political bias manifested when agents update their
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a

b

c

d

Figure 4: Existence of political bias in LLM-driven agents, where (a) demonstrations of the transition of the initial opinion 𝑥 𝑗 to
the updated opinion 𝑥∗

𝑗
and the baseline, (b) the opinion transition on the topic of Political Partisan, (c) transition on Climate

Change, and (d) transition on Same Marriage.

thoughts. In the experiment, we only focus on the pairs of agents 𝑖
and 𝑗 who share the same opinion. The persuasion message from
agent 𝑖 influences how the agent 𝑗 updates its thoughts and forms
its new opinion, denoted as 𝑥∗

𝑗
. Given the same opinion of both

agents, the deviation between the initial opinion 𝑥 𝑗 and the updated
opinion 𝑥∗

𝑗
reflects the political bias in LLM-driven agents.

3.2.2 Experimental Implementation. We implement our experi-
ments using threewidely-adopted LLMs, includingGPT-3.5-Turbo [37],
LLaMa-3.1-instruct-8b [35], and GLM-4-Flash [20]. We focus our
experiments on these three LLMs for three reasons. First, they
have wide adoption and popularity, ensuring that the results are
important and meaningful. Second, they cover a diverse range of
architectures and training methodologies, which helps represent
the variety of approaches used in current LLMs. Third, the nature
of social bots requires large-scale deployment, and thus, we priori-
tize models that offer a balance of accessibility and response speed,
which is essential for real-time social interactions. As a result, we
avoid using cutting-edge models like GPT-4/o1, which often results
in higher costs and slower response speeds.

We set the number of LLM-driven agents as 𝑁 = 500, with
𝑁𝑂−2 = 𝑁𝑂−1 = 𝑁𝑂0 = 𝑁𝑂1 = 𝑁𝑂2 = 100. As such, the four exper-
iments involve 500, 500, 2500, and 500 interactions on a political
topic, respectively. Such large-scale samples ensure the robustness
and reliability of our experiments, providing a comprehensive un-
derstanding of the political bias in LLM-driven agents.

3.2.3 Topic selection. We focus our evaluation on nine political
topics, including Abortion Ban (AB), Climate Change (CC), Death
Penalty (DP), Gun Control (GC), Immigration (Imm), Obamacare
(Oba), Political Partisan (PP), Same Sex Marriage (SSM), and Social
Media Regulation (SMR). These topics are chosen for three key
reasons. First, they are widely debated in political discourse and

Figure 5: Average of updated opinion 𝑥∗
𝑗
across five initial

opinions 𝑥 𝑗 .

frequently discussed on social media platforms, making them cru-
cial for ovulating the impact of the combination of LLMs and social
bots. Second, they encompass a broad spectrum of political issues,
providing a comprehensive view of the agents’ political bias. Third,
opinions on these topics are often divided along the left-right polit-
ical spectrum, allowing us to specifically examine this fundamental
political dimension [8, 17, 25].

3.3 Existence of Political Bias (RQ1)
To answer RQ1, we conduct Experiment 1, and Figure 4 illustrates
how LLM-driven agents change their opinions from 𝑥 𝑗 to 𝑥∗𝑗 after
one round of interaction with another agent sharing the same
initial opinion. We observe that, in discussions on Political Partisan,
44% of the neutral agents adopt left-leaning opinions after just
one round of communication with those who are initially neutral.
This suggests the tendency for agents to shift towards left-leaning
opinions even if they are set up to be impartial. Moreover, for other
topics such as Climate Change (Figure 4(c)) and Same Sex Marriage
(Figure 4(d)), the left-leaning tendency is more obvious. We find
that nearly all neutral agents shift to a left-leaning position, and
even those initially holding right-leaning opinions have a chance
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a b

Figure 6: Political Bias in LLM-driven Social Agents. (a) Dif-
ference in the proportion of left-leaning and right-leaning
agents. (b) Disparities across different initial opinions 𝑥𝑖 = 𝑥 𝑗 .

of adopting left-leaning views. These observations highlight the
very existence of political bias in LLM-driven agents.

Figure 5 illustrates the average of updated opinion 𝑥∗
𝑗
across five

initial opinions 𝑥 𝑗 . By comparing the baseline (Bas) with the average
updated opinion, we discover that all the topics are affected by
political bias. Specifically, for topics such as Abortion Ban, Climate
Change, Gun Control, and Social Media Regulation, the average
updated opinions, regardless of their initial stance, consistently
exhibit a left-leaning pattern. This finding further validates the
existence of political bias in the social interactions between these
agents.

3.4 Characteristics of Political Bias (RQ2)
These above results raise a natural question: what are the charac-
teristics of the political bias in LLM-driven agents? Therefore, we
first measure the difference between the proportion of left-leaning
agents and that of right-leaning agents. Given that the initial differ-
ence is zero, if the after-interaction difference is greater than zero,
it indicates that these agents exhibit a left-leaning bias. By contrast,
a difference of less than zero suggests a right-leaning bias. As il-
lustrated in Figure 6(a), these LLM-driven agents exhibit a strong
left-leaning bias across nearly all topics, with the proportion of left-
leaning agents being 11% to 69.8% higher than that of right-leaning
agents.

To further depict the political bias manifested in LLM agents’
social behaviors in a fine-grained manner, we design a metric of
the disparity 𝑑 , which is formulated as follows,

𝑑 (𝑂𝑚) =
2∑︁

𝑛∗=−2
|𝑚 − 𝑛 | · 𝑃𝑂𝑚,𝑂𝑛

, (1)

where𝑚,𝑛 ∈ [−2,−1, 0, 1, 2]) denote the indices of the initial and
transited opinions, and 𝑃𝑂𝑚,𝑂𝑛

represents the transition probability
from 𝑂𝑚 to 𝑂𝑛 . In Experiment 1, 𝑂𝑚 = 𝑥 𝑗 and 𝑂 𝑗 = 𝑥∗

𝑗
for each

agent 𝑗 . A larger disparity 𝑑 (𝑂𝑚) indicates that the interaction
between two agents 𝑖 and 𝑗 with the opinion 𝑂𝑚 is more likely to
lead the target agent 𝑗 to adopt a more biased opinion. For example,
if the initial opinion is “right” (i.e., 𝑚 = 2) and the correspond-
ing disparity is 𝑑 = 2.5, it indicates that, on average, the updated
opinions are biased to the “moderate left” position.

Figure 6(b) shows the average disparities 𝑑 across five initial
opinions for all agents in discussions of all topics. We observe that,
in all cases, agents’ opinions have deviated from the initial position
after social interactions. This underscores the unique political bias

a b

Figure 7: Political bias in self-reflection. (a) Transitionmatrix
from the initial opinion 𝑥𝑖 to the self-reflected opinion 𝑥

′
𝑖
. (b)

Disparities across different initial opinions 𝑥𝑖 .
a b

Figure 8: Political bias in communication. (a) Transition ma-
trix from the real source agent’s opinion 𝑥𝑖 to perceived
source agent’s opinion 𝑥𝑖 . (b) Disparities across different real
source agents’ opinions 𝑥𝑖 .

a b

Figure 9: Political bias in thought update. (a) Transition ma-
trix from the initial opinion 𝑥𝑖 = 𝑥 𝑗 to the updated target
agent’s opinion 𝑥∗

𝑗
(b) Disparities across different initial opin-

ions 𝑥𝑖 = 𝑥 𝑗 .

embedded in LLM-driven agents as a result of their social embod-
iment. Moreover, we further find that this unique political bias
has varying effects on agents with different initial opinions: right-
leaning agents exhibit significantly higher 𝑑 than their left-leaning
counterparts. These varying effects further reinforce the political
bias in the overall LLM-driven population.

Overall, the above analyses suggest that political bias in LLM-
driven agents manifests at three levels. First, LLM-driven agents are
more inclined to exhibit left-leaning opinions than right-leaning
ones (as shown in Figures 4, 5, and 6a), whichwe refer to as “opinion
bias” . This echoes prior studies on political bias in LLMs [7, 13, 36,
39]. Second, we discover that LLM-driven agents are biased away
from their initial opinions due to misunderstandings or imprecision
in social interactions, which we term as “interaction bias” . The
interaction bias is deeply rooted in the social embodiment from
LLMs to LLM-driven agents, which is the focus of our study. Third,
interaction bias affects agents with different political opinions to
varying degrees, which is “effect bias” .
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a

b

Figure 10: Comparison of political bias across different topics
and experiments. (a) Disparity of left-leaning opinions. (b)
Disparity of right-leaning opinions.

3.5 Origin of Political Bias (RQ3)
After investigating the existence and characteristics of political bias
in LLM-driven agents, one may wonder how this bias emerges in
their social interactions. To address this, we conduct Experiments
2-4 (see details in Section 3.2.1) to trace the underlying political
bias hidden in the fundamental social capabilities of these agents.

Self-Reflection. Through Experiment 3, we explore whether
political bias emerges when agents form their own opinions on
a particular topic. Figure 7(a) shows the transition matrix from
agent 𝑖’s initial opinion 𝑥𝑖 and its self-reflected opinion 𝑥

′
𝑖
. We

observe that during the self-reflection process, the agents have
already developed biased opinions. For example, more than 50%
of the neutral agents have shifted to a left-leaning opinion, and
around 25% of the right-leaning agents have also moved towards
a left-leaning position. By contrast, almost no left-leaning agents
have shifted to right-leaning opinions. Moreover, we extend the
metric in Equation 1 by setting 𝑂𝑚 = 𝑥𝑖 and 𝑂𝑛 = 𝑥

′
𝑖
, to measure

the disparity between 𝑥𝑖 and 𝑥
′
𝑖
. As illustrated in Figure 7(b), agents

who initially adopt right-leaning opinions are likely to adopt more
biased opinions than those with left-leaning ones. Overall, these
observations suggest that political bias has emerged at a very early
stage when agents self-reflect and form their opinions.

Communication. In fact, like humans, LLM-driven agents also
generate misunderstandings when communicating with one an-
other. Figure 8 shows the difference between the source agent’s
real opinion 𝑥𝑖 and the opinion perceived by the target agent 𝑥𝑖 .
We find that the message conveyed from the source agent 𝑖 to the
target agent 𝑗 suffers from notable distortion (Figure 8(a)). Aside
from the left and right opinions, the other opinions maintain less
than 50% fidelity during communication. Furthermore, we observe
that the largest distortions occur in neutral and right opinions (Fig-
ure 8(b)), suggesting that these opinions are more likely to confuse
other agents. To sum up, political bias also emerges during agent
communication.

Thought Update.We further examine whether agents can prop-
erly understand their interacting counterparts and update their
thoughts in Experiment 4. It is worth noting that social interactions

Self-Regulated Learning Role-Model Learning

Role Model Agent i

“inform”“can you determine?”
“persuasive enough?”
“plausible? ”
“valid?”......

Self-Reflection Communication Thought Update

Agent i

Figure 11: Social learning inspired mitigation strategy.

in Experiment 4 are confined to pairs of agents who share the same
opinion. As illustrated in Figure 9(a), We observe that agents with
relatively moderate opinions are more likely to be biased and adopt
more left-leaning opinions. Furthermore, we observe that political
bias is present across all opinions, with the updated opinions of
right-leaning and neutral agents becoming more biased than those
of left-leaning agents (Figure 9(b)).

In summary, political bias emerges from three fundamental capa-
bilities of LLM-driven social agents: (i) self-reflection, which guides
them in forming their own thoughts, (ii) communication, which
facilitates their interactions with others, and (iii) opinion update,
which enables them to understand and digest others’ thoughts. To
further investigate which capability contributes more to political
bias, we summarize the disparities 𝑑 across different topics and ex-
periments in Figure 10. Overall, right-leaning agents exhibit more
political bias than left-leaning ones across nearly all topics and ca-
pabilities. In particular, we observe that left-leaning agents are more
likely to exhibit bias during communication, while right-leaning
agents are more susceptible to political bias during self-reflection
and thought updates.

4 Social Learning Inspired Mitigation Strategies
After understanding the existence, characteristics, and origins of po-
litical bias in LLM-driven social agents, the next crucial question is
how tomitigate it. As discussed above, LLM-driven social agents dis-
tinguish themselves from vanilla LLMs for their social embodiment.
On the one hand, the social embodiment enhances the capabilities
of these agents compared to vanilla LLMs [18, 31, 32, 38, 42, 50].
On the other hand, our findings reveal that this embodiment ex-
acerbates political bias: In addition to the widely studied opinion
bias, agents are also affected by interaction bias and effect bias,
which are deeply rooted in their social behaviors and capabilities.
Therefore, given these characteristics of LLM-driven agents, we
propose to mitigate political bias by guiding agents to emulate how
people learn appropriate social behaviors.

4.1 Mitigation Strategy
Albert Bandura’s Social Learning Theory [5] is a fundamental soci-
ological framework for understanding how humans learn behaviors
through observation and interaction within their social environ-
ments. A key component of the theory is self-regulated learn-
ing [6], which emphasizes that people are not passive recipients
of external influences, but instead actively monitor and control
their own learning process. People adaptively adjust their behav-
iors based on this self-evaluation. Additionally, Bandura highlights
the importance of role-model learning [4, 5], where individuals
observe and imitate the behaviors of others, particularly those they
consider role models. Therefore, inspired by Bandura’s theory [4, 5],
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Table 1: Performance comparison between the original LLM-driven agents and the agents equipped with the proposed debiased
strategy, inspired by social learning theory. The metric of disparity 𝑑 is adopted to measure political bias in these agents.

Topic GPT-3.5-Turbo LLaMa-3.1-instruct-8b GLM-4-Flash
Original Debiased Reduc. (%) Original Debiased Reduc. (%) Original Debiased Reduc. (%)

Abortion Ban 1.20 0.85 29.45 0.59 0.33 43.54 0.86 0.58 32.25
Climate Change 1.47 1.31 10.75 0.84 0.58 30.88 1.07 0.98 8.07
Death Penalty 1.19 1.13 4.89 0.68 0.45 34.50 0.94 0.63 32.84
Gun Control 1.20 0.96 19.57 0.63 0.41 33.87 0.88 0.61 30.84
Immigration 0.97 0.85 12.73 0.55 0.27 51.26 0.66 0.44 32.62
Obamacare 0.63 0.57 8.60 0.53 0.43 19.32 0.96 0.65 32.71
Political Partisan 0.48 0.41 15.00 0.40 0.31 22.00 0.63 0.45 27.94
Same Sex Marriage 1.40 1.32 5.56 0.77 0.54 29.50 1.04 0.69 33.72
Social Media Regulation 1.19 0.96 18.86 0.69 0.42 39.24 0.97 0.58 40.50

we incorporate self-regulated learning and role-model learning into
LLM-driven agents (Figure 11), guiding them to mitigate political
bias through social learning.

Self-regulated learning. Self-regulated learning emphasizes
that individuals should first self-identify their inappropriate behav-
iors and then independently make necessary adjustments. There-
fore, we first prompt agents to check whether their behaviors align
with their current thoughts. For example, after the source agent 𝑗
generates a persuasion message to the target agent 𝑖 , further require
the source agent to self-evaluate its message using the following
prompt: “You tried to persuade your friend with the following message:
[agent 𝑗 ’s persuasion message to agent 𝑖]. Do you find the message
persuasive enough to persuade your friend to [agent 𝑗 ’s opinion]?
Please respond ‘yes’ or ‘no’ only.” If anything inappropriate is identi-
fied, agent 𝑗 will regenerate the persuasion message. Similar self-
regulated prompts are also introduced into agents’ self-reflection
and thought update processes.

Role-model learning. Role-model learning requires individuals
to adjust their behaviors by observing and emulating the actions of
those they consider role models, whose behaviors serve as examples
for desired conduct. Therefore, we first develop role models for
each opinion across all topics. In particular, we identify ten key
reasons that typically explain why a person holds a specific opinion
on a given topic and use these reasons as a role model to guide
the behaviors of the corresponding agents. For example, when an
agent 𝑖 forms its own thought through self-reflection, the agent is
prompted to consider the perspective of a typical person holding the
same opinion: “Persons who [agent 𝑖’s opinion] like you typically
choose their standpoint because of these reasons: [the role model
for agent 𝑖]”. Similarly, we insert the prompt reminding of the role
model when agents self-reflect and update their own thoughts.

4.2 Performance
We evaluate the effectiveness of the proposed mitigation strate-
gies across nine political topics using three LLMs. In particular, we
run Experiment 1 for the original LLM-driven agents and those
equipped with the proposed social learning-inspired strategy, re-
spectively. We assess the political bias in the original and debiased
agents using the disparity metric 𝑑 . By comparing the differences
in 𝑑 , we obtain the performance of the proposed strategy.

Table 1 shows a comparison of political bias between the original
LLM-driven agents and those equipped with the proposed strategy.
First of all, the proposed strategy effectively reduces political bias in
agents driven by all three LLMs across all the topics, where the re-
duction rates range from 4.89% to 51.26%. This result highlights the
effectiveness and generalizability of the proposed strategy. Second,
we observe that, compared to the other LLMs, the original agents
driven by LLaMa-3.1 exhibit the smallest political bias, and the
debiasing strategy yields the best performance with these agents.
This suggests that LLaMa-3.1 is more suitable for building social
agents because of its less biased behavior and greater modifiability.
Third, agents exhibit varying levels of political bias across different
topics. For example, agents exhibit the smallest bias on the topic
of Political Partisan, while showing the largest bias on Climate
Change. This highlights the need for future studies targeting these
bias-prone topics.

5 Conclusion
In this study, we systematically investigate political bias in LLM-
driven social agents and propose a mitigation strategy informed by
their unique social embodiment. Our comprehensive experiments
reveal that political bias is pervasive across diverse LLM-driven
agents, spanning nine critical political topics andmanifesting in self-
reflection, communication, and thought updates. Unlike traditional
social bots or standard LLMs, these agents exhibit biases not only
in their remarks but also in their social behaviors. Considering the
social embodiment of these agents, we adopt a human-like approach
inspired by social learning theory, guiding agents to emulate human
strategies for regulating biased behaviors. This method has proven
effective and generalizable, significantly reducing political bias
in LLM-driven agents across a wide range of settings. Our study
focuses on three LLMs, nine political topics, and basic social agent
capabilities, with future research needed on more LLMs, topics,
advanced agent features, and other bias types.
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