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ABSTRACT

AI alignment is a pivotal issue concerning AI control and safety. It should con-
sider not only value-neutral human preferences but also moral and ethical con-
siderations. In this study, we introduced FairMindSim, which simulates the moral
dilemma through a series of unfair scenarios. We used LLM agents to simulate hu-
man behavior, ensuring alignment across various stages. To explore the various so-
cioeconomic motivations, which we refer to as beliefs, that drive both humans and
LLM agents as bystanders to intervene in unjust situations involving others, and
how these beliefs interact to influence individual behavior, we incorporated knowl-
edge from relevant sociological fields and proposed the Belief-Reward Alignment
Behavior Evolution Model (BREM) based on the recursive reward model (RRM).
Our findings indicate that, behaviorally, GPT-4o exhibits a stronger sense of so-
cial justice, while humans display a richer range of emotions. Additionally, we
discussed the potential impact of emotions on behavior. This study provides a
theoretical foundation for applications in aligning LLMs with altruistic values.1

1 INTRODUCTION

As large language models (LLMs), also known as foundational models, increasingly engage in lan-
guage comprehension and content generation tasks that resemble human capabilities, a critical and
scientifically challenging question emerges: How can we ensure that these models’ capabilities and
behaviors align with human values, intentions, and ethical principles, thereby maintaining security
and trust in human-AI collaborative processes Bengio et al. (2024)? These concerns have spurred
research efforts in the field of AI alignment Bostrom (2013); Ord (2020); Bucknall & Dori-Hacohen
(2022), which strives to develop AI systems that act in accordance with human intentions and val-
ues. This challenge extends across various domains, including economics, psychology Demszky
et al. (2023), sociology Liu et al. (2024), and education. Additionally, human values often play a
critical role in AI alignment, which we refer to as value alignment Gabriel (2020), but due to the in-
herently abstract and uncertain nature of human values MacIntyre (2013), they also pose additional
challenges.

Recently, one significant avenue of research has focused on examining the cognitive and reasoning
competencies of large language models (LLMs), benchmarking these capabilities against human
intelligence using frameworks such as Theory of Mind Strachan et al. (2024), Turing tests Mei et al.
(2024), and strategic behavior assessments Sreedhar & Chilton (2024). Another prominent research
direction involves the realistic simulation of social systems. Researchers have proposed various
research topics in this area Critch & Krueger (2020). This encompasses rule-based agent-based
modeling Bonabeau (2002), deep learning-based simulation Sert et al. (2020), and simulations that
incorporate LLMs Li et al. (2024); Shen et al. (2024); Yang et al. (2024). These simulation methods
have a wide range of downstream applications, including impact assessment and multi-agent social
learning. In the field of social sciences, a growing body of research uses agents to simulate human
behavior in contexts such as economic and trust games Zhao et al. (2024); Horton (2023); Xie
et al. (2024). While most studies presume similarities between human behaviors and those of LLM

1 Code in: https://github.com/leiyu0210/FairMindSim
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agents Manning et al. (2024), some research explicitly explores these similarities through interactive
dialogues with LLM agents Peters & Matz (2024).

It has been suggested that alignment research should develop within an ecosystem Drexler (2019).
Current research in this area is focused on multi-agent interactions Wang et al. (2021); Xu et al.
(2023b) and self-evolution in generally capable LLM-based agents Xi et al. (2024). These studies
demonstrate a strong reasoning ability, potentially mimicking an ability to understand social contexts
and mental states, similar to phenomena like the ”Clever Hans” effect Kavumba et al. (2019) and
“Stochastic Parrot” Bender et al. (2021). However, this might simply reflect the models’ capability
to replicate patterns from their training data.

Beyond simple black-box testing, several important questions remain unanswered Zhu et al. (2024),
such as whether agent values are aligned with human values in their interactions with the environ-
ment, and whether these values are evolving. Addressing these questions is crucial for the trust-
worthiness and alignment of AI systems Ngo et al. (2022); Xu et al. (2023a). Moreover, in this
ecosystem evolution, the alignment of human ethical and social values with LLM agents remains a
black-box question.

In this work, considering the complexity of the real-world environment Hagendorff (2024), and
combining the relative clarity of the definition of fairness compared to other human values, we
constructed FairMindSim, which combines a traditional economics game Fehr & Gächter (2002) to
simulate the moral dilemma through a series of unfair scenarios. In this case, we used the personality
and other information collected from the human participants in reality to define the LLM agents
to achieve personality alignment Zhang et al. (2024a); Huang et al. (2023); Jiang et al. (2024).
To explore the various socioeconomic motivations Wardle & Steptoe (2003), which we refer to as
beliefs, that interact to influence individual altruistic behavior. And we incorporated knowledge
from relevant sociological fields and proposed the Belief-Reward Alignment Behavior Evolution
Model (BREM) based on the recursive reward model (RRM). The results indicate that GPT-4o
demonstrates better performance in fairness and justice compared to humans. Additionally, human
behavior in this scenario is influenced by emotions. The contributions of this work are summarized
as follows:

• Value Alignment Perspective: In terms of value alignment, we explored the issue of moral dilem-
mas faced by LLMs from the perspective of social psychology. It also provides corresponding
theoretical support for the intersection of AI and sociology.

• Simulation of Moral Dilemmas: Under the Moral Dilemma, we developed FairMindSim, a simu-
lation of unfair events, to compare the differences in behavior and emotion between humans and
LLM agents, adhering to psychological ethical standards.

• Based on the RRM and integrating relevant psychological theories, we proposed the BREM model
to explore the relationship between belief evolution and decision-making, comparing belief dif-
ferences between humans and LLM agents, and discussing the influence of emotion.

• Results showed that GPT-4o exhibits a higher sense of social morality, such as fairness and justice,
whereas humans display more complex emotional stability that can affect decision-making.

2 RELATED WORK

2.1 ETHICAL AND SOCIAL VALUES IN AI

As artificial intelligence systems become increasingly integrated into various aspects of daily life,
the importance of embedding ethical and social values in AI has grown significantly. These values
guide AI systems in making decisions that align with human norms, ensuring their actions are ben-
eficial and respectful of societal standards Shneiderman (2020). Ethicality, refers to a system’s un-
wavering commitment to uphold human norms and values within its decision-making and actions Ji
et al. (2023). To address the challenges of integrating ethical considerations into AI, researchers are
turning to the realistic simulation of social systems Fukuda-Parr & Gibbons (2021). This approach
enables a deeper understanding of how AI can interact with complex social dynamics and adapt to
the nuanced expectations of human society. By studying these simulations, developers can create AI
systems that not only perform tasks efficiently but also respect and reinforce the ethical frameworks
that underpin human communities Paraman & Anamalah (2023).
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In the construction of simulated societies, LLM agents play a crucial role Ziems et al. (2024). These
agents, powered by AI algorithms designed to emulate human behaviors and communication modal-
ities, simulate individual actions and interactions within social environments Esposito (2017); Ha-
gendorff & Fabi (2023). Within this dynamic system, each agent acts both as an observer and par-
ticipant, navigating through well-de�ned settings that mimic the social interplay of the real world.
LLM agents demonstrate autonomy and complexity, capable of emulating human cognition Binz
& Schulz (2023), emotions Wang et al. (2023), and social behaviors Hagendorff (2023), including
communication, decision-making, and cooperation O'Gara (2023) and competition within groups.
For example, in simulated societal contexts, agents can engage in organized collaboration to ef-
fectively solve problems and optimize task execution Seeber et al. (2020); Ramchurn et al. (2016).
Additionally, they are capable of establishing and maintaining networks of interpersonal relation-
ships, disseminating information through social networks, and in�uencing opinions and emotions
within the group Mou et al. (2024).

Moreover, LLM agents can be deployed to explore ethical decision-making and game theory, sim-
ulating individual and collective choices in moral dilemmas and how these choices shape societal
norms and values Zhang et al. (2023). Integrating the Altruistic punishment paradigm into LLM
agents is key to developing AI systems that understand and enhance human cooperation Leng &
Yuan (2023). By simulating human social behaviors and norms, LLMs can identify and address un-
fairness Xi et al. (2023), promoting justice and equity in social interactions. These simulations offer
essential data for developing social policies that promote fairness and cooperation, while guiding AI
in ethical decisions. In human-AI collaboration, agents using altruistic punishment ensure fairness.
By learning from these mechanisms, LLMs can aid AI ethics governance as compliance guardians.

3 METHOD

3.1 FAIRM INDSIM

Alignment research does not live in a vacuum but in an ecosystem Drexler (2019); Sumers et al.
(2023), and we simulate an ecosystem by designing FairMindSim to explore human and llm in value
alignment by designing a multi-round traditional economics game where the entire ecosystem is a
series of unfair scenarios. In the FairMindSim as shown in Figure 1, We simulate a small ecosystem
which “Player1” is responsible for allocating funds each round, while “Player2” is a passive observer
without actual actions. “Player3” (played by a human participant or another LLM agent) observes
the allocation and responds to “Player1”s decisions based on their own standards of fairness. The
speci�c algorithm is described in the Appendix Algorithm 1.

An agent architecture is constructed by endowing LLM with the necessary functionalities required
for simulating core users. On the left side of the Figure 1, the core user agent architecture based on
LLM is presented. Driven by LLM, the agent is equipped with a pro�ling module, memory module,
and decision-making module.

1. Pro�ling Module - Describes the user's pro�le using the corresponding agent's individual
information, including age, gender, autism spectrum quotient scores, and anxiety scores, to
portrait personality and behavior.

2. Memory Module - Utilizes the memory module to manage the agent's memory.

3. Decision-Making Module - Answers questions related to psychological scales and executes
decisions for the current round.

A simulated environment of an economic game theory experiment is constructed. In each round,
the core user agent decides based on (1) the agent's pro�le information; (2) the agent's memory;
(3) event triggers information (if any for that round); (4) the agent's contemplation and subsequent
action.

3.1.1 TASK DOMAIN IN MULTI -ROUND ECONOMIC GAME

The altruistic punishment experimental paradigm employs a third-party ultimatum game Fehr &
Gächter (2002).The game involves three players, with participants assigned as Player Three. It
consists of 20 rounds, with each round featuring different players in the roles of Player One and
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Figure 1: FairMindSim is a versatile framework designed to simulate decision-making scenarios
that explore human and LLMs emotional responses and perceptions of fairness.

Player Two. Each round has three stages: In Stage 1, Player One and Player Two each solves three
simple math problems; if both answer correctly, they jointly receive a reward of 3 RMB. In Stage
2, Player One has the authority to allocate the reward between themselves and Player Two. Here,
the allocation is manipulated to always be unfair (ranging from 0.3 to 1.2 RMB). Player Two can
only accept the allocation proposed by Player One and cannot refuse. In Stage 3, the participant,
acting as Player Three, observes the interaction between Player One and Player Two. Player Three
receives 1 RMB allocated by the system for that round and has the authority to adjudicate Player
One's unfair allocation. If Player Three chooses to accept, s/he retains their 1 RMB earnings for the
round, and Player One and Two receive the money as proposed. However, if Player Three chooses
to refuse, s/he must pay the 1 RMB received for the round as a cost for punishing Player One, who
will be deducted 3 RMB.

3.1.2 REAL-WORLD HUMAN

In our study, as shown in Table 1, a total of 100 participants from various regions and randomly
assigned to either a sel�sh group or an extreme sel�sh group. The study received ethical approval
from the university's ethics committee and informed consent was obtained from all participants prior
to the experiment.

Characteristic Value

Sel�sh Group 50
Average Age (years) 30.04
Standard Deviation (years) 5.76
Males 16
Females 34

Extremely Sel�sh Group 50
Average Age (years) 27.88
Standard Deviation (years) 5.58
Males 19
Females 31

Table 1: Participant Demographics
and Group Assignment

Emotional measurement is conducted using the emotion
grid Russell et al. (1989) method described by Heffner Heffner
et al. (2021). Before the experiment begins, participants fa-
miliarize themselves with the approximate locations of differ-
ent emotions on the emotion grid and understand the speci�c
meanings of the X-axis representing emotional valence [-100,
100] and the Y-axis representing emotional intensity [-100,
100]. Participants are required to click on the emotion grid on
the screen to report their current emotional state. Compared to
multi-item scales, this emotion grid allows for a rapid assess-
ment of the valence and intensity of a participant's emotions,
minimizing the fatigue of repeated emotional assessments over
multiple rounds of the game. It also enables a linear judg-
ment of changes in emotional valence, avoiding outcomes like
'happy yet sad' Kelley et al. (2023).In each round of the game, participants are required to make
three emotional reports: after learning the allocation result, before making a choice, and after mak-
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(a) Allocation Scheme for Condition 1 (b) Allocation Scheme for Condition 2

Figure 2: Distribution scheme for players under different conditions.

ing a choice. After the game ends, demographic information (gender, age) of the participants is
collected, along with scores on psychological health risk indicators, including scores on the Autism-
Spectrum Quotient (AQ) Hoekstra et al. (2011)and the Self-Rating Depression Scale (SDS) Zung
(1965).

3.1.3 LLM AGENTSSETTING

In our study, we set up our experiments with the CAMEL Li et al. (2023) framework with LLMs
including GPT-4o, GPT-4-1106, GPT-3.5-turbo-0125.

To better re�ect the setting of real-world human studies, we design LLM agents with diverse per-
sonas in the prompt. In the experiment, we de�ne the ID of an agent to correspond directly with a
human, that is, an agent and a human with the same ID share an identical persona de�nition. The
role of the ID is simply to differentiate between individuals. Appendix Table 5 displays different
IDs for humans and agents participating in various experiments. The term ”different experiments”
refers solely to inconsistencies in the allocation schemes of each round in the economic game, with
each experiment consisting of 20 rounds. Different experiments signify varying degrees of fairness,
as detailed in Figure 2. More details in Appendix Table 6.

For the emotion measurement of the agents here, we aligned with the human emotion grid Russell
et al. (1989) method described by Heffner Heffner et al. (2021). Both are completed through a QA
(Question and Answer) format.

3.2 BELIEF-REWARD ALIGNMENT BEHAVIOR EVOLUTION

In the context of FariMindSim, when system rewards con�ict with social values, leading to the
”ethical dilemma”, we disentangled the construction of the system's objective from evaluating its
behavior Ibarz et al. (2018). Based on the concept of recursive reward modeling Leike et al. (2018);
Hubinger (2020), we proposed the Belief-Reward Alignment Behavior Evolution Model (BREM),
as shown in Figure 3. This model is used to study and simulate how individuals or systems maxi-
mize rewards by leveraging beliefs in dynamic environments. It continuously adjusts behaviors to
achieve better alignment and optimization between beliefs and rewards. In this process, individu-
als continuously update their beliefs about the state of the environment and their own behaviors by
receiving and processing new information. Over time, the model achieves a dynamic balance and
optimization of beliefs, behaviors, and reward systems, allowing us to analyze the differences in
self-belief strength and belief variations among different types of individuals. In this scenario, we
refer to factors that are not related to rewards but still impact subsequent behavior as beliefs Rouault
et al. (2019), speci�cally the beliefs of fairness and justice.

The cumulative reward function(CRF)Ri;j (i; y ) for each individuali during each trialj is de�ned
by Equation 1. The functionPi;j (y) represents the reward policy function for the game, acceptance
meansr i;j (y = 0 ji ) = 1 and rejection meansr i;j (y = 1 ji ) = 0 , andy corresponds to the choice
in the game setup, which is a binary decision determined byyw andyl , the probability ofyw being
preferred overyl , denoted asP(y = 0 j i ) = Pi;j (yw > y l j i ).

Ri;j (i ) =
�

0; if j = 0
Ri;j � 1(i ) + r i;j (y); if j � 1

(1)
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Figure 3: Belief-Reward Alignment Behavior Evolution Model Framework. (a) illustrates the cycle
between an individual's belief and action within the BREM framework, akin to a personal behavioral
”ecosystem.” In this process, different levels of fairness can in�uence beliefs, which in turn may be
affected by factors such as emotion, cumulative reward, and payoff. These beliefs ultimately shape
actions, as depicted in the detailed �ow shown in (b). By iterating within this ecosystem, we can
observe the dynamic changes in beliefs and actions over time.

Recent research Wu et al. (2024) into the Motive Cocktail presents an integrative framework that
considers seven different motivations, resulting in a complex mix of motives, Motivations beyond
rewards are termed beliefs. When there is a misalignment between these beliefs and the pursuit of
incentives, We call this discrepancy the Cognitive Function (CF) as shown in Equation 2 to elucidate
the relationship between the belief and the Cognitive Reward Function (CRF) of thej � 1th trial
and the inherent characteristics of thej th trial, Following ref. Gavrilets Gavrilets (2021). This also
takes into account the reward difference caused by behavior Payoff and the level of unfairness in the
environmentE i , which affects beliefs. We posit that there exist two independent parameters,� 1 and
� 2, which exert distinct in�uences on the belief and CRF of thej � 1th trial, respectively.2

CFi;j (yw > y l j i ) = � 1 � beli;j � 1(yw > y l j i ) � E j + � 2 � Ri;j � 1(i )
+ r i;j (yw > y l j i ) � r i;j (yw < y l j i )
= � 1 � beli;j � 1(yw > y l j i ) � E j + � 2 � Ri;j � 1(i ) � 1

(2)

Next, Let y be an binary decision based onyw yl , the probability ofyw being preferred overyl , is
calculated based on their respective reward scoresRi;j (i; yw ) andRi;j (i; y l ) through the Bradley-
Terry (BT) model Bradley & Terry (1952) as shown in Equation 3, which provides a probabilistic
framework for comparing the preferences between the two responses with temperature parameter
T Bruno et al. (2017); Keltner & Lerner (2010). Here Emotions are also considered as potentially
in�uencing Pi;j (y) by acting as an emotional temperatureT. We havePi;j (yw < y l ji ) represent the
probability of acceptance andPi;j (yw > y l ji ) represent the probability of rejection.

Pi;j (yw > y l j i ) =
er i;j ( i;y w )=T

er i;j ( i;y w )=T + er i;j ( i;y l )=T
= � (r i;j (yw ) � r i;j (yl )) (3)

To �nd the optimal values of� 1, � 2 andbeli;j (yw > y l j i ), we introduce the loss functionL CF ,
which is the log-likelihood. By maximizing the funciton, we �nd out the optimized parameter� 1
and� 3 as shown in Equation 4. Let� �

� i
denoted as the parameter space as shown in Equation 5.

L CF (� � i ) = E(yw ;y l ) � D [� log(� (r i;j (yw ) � r i;j (yl ))) j i ]

= E(yw ;y l ) � D [� log(� (CFi;j (yw > y l ))) j i ]
(4)

2 note that the following CF is a function of binary decision y. In order to emphasize the relationship between
yw andyl , the inequaliy is uesed.

6
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� �
� i

= arg max
� 1 ;� 2 2 � � i

E(yw ;y l ) � D [� log(� (CFi;j (yw > y l ))) j i ] (5)

Thanks to the differentiability of� log � (x) = � log 1
1+ e� x = log(1 + e� x ) and the unconstrained

nature of� � i = ( � 1; � 2) 2 R2, if the optimal solution� �
� i

exists, this impliesr (� log � (� �
� i

)) = 0 ,
which satis�es the necessary condition.

Now, consider the Hessian oflog(1+ e� � 1 �bel i;j � 1 (yw >y l j i ) �E j � � 2 �R i;j � 1 ( i )+1 ) as shown in Equation
6.

H =

2

4
( � 1 e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

(1+ e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

� 1 � 2 (e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

(1+ e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

� 2 � 1 (e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

(1+ e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

( � 2 e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

(1+ e� � 1 � bel i;j � 1 ( y w >y l j i ) � E j � � 2 � R i;j � 1 ( i )+1 )2

3

5

=
�

� 2
1 � 1� 2

� 2� 1 � 2
2

� �
e� � 1 �bel i;j � 1 (yw >y l j i ) �E j � � 2 �R i;j � 1 ( i )+1

1 + e� � 1 �bel i;j � 1 (yw >y l j i ) �E j � � 2 �R i;j � 1 ( i )+1

� 2

(6)

Clearly,x> Hx = ( � 1x1 + � 2x2)2 � C2 � 0, whereC is the coef�cient in the Hessian matrix above.
Hence, the optimal solution� �

� i
satis�es the suf�cient condition, i.e., it is the global solution.

Then, we consider the Behavior Difference Function as shown in Equation 7, through which we
express the difference between the expected outcome of the currentj th trial and the acutal outcome.

BDF i;j (yw > y l j i ) = yi;j � E(yw ;y l ) � D [y j i ]

= yi;j � 0 � Pi;j (yw � yl j i ) + 1 � Pi;j (yw > y l j i )
= yi;j � Pi;j (yw > y l j i )

(7)

Finally, Based on ref.Tverskoi Tverskoi et al. (2023), we update the belief as shown in Equation 8 by
introducing a new parameter
 , which controls howBDF i;j (yw > y l j i ) back�re on beli;j (yw >
yl j i ). To account for computational complexity, we introduce� to avoid excessively small results,
thereby improving computational speed.

beli;j (yw > y l j i ) = log(max( �; ebel i;j � 1 + 
 � BDF i;j (yw > y l ji )))

= log(max( �; ebel i;j � 1 + 
 � (yi;j � Pi;j (yw > y l ji ))))
(8)

4 EXPERIMENTS

4.1 BEHAVIORAL REWARD RESULTS

The overall score for a speci�c type, denoted asSD whereD represents categories such as human,
GPT-3.5, GPT-4 Turbo, GPT-4o, is calculated by summing the �nal rewards of all individualsi
belonging to that type after the last trialJ . Speci�cally, the overall score is de�ned asSD =P

i 2 D Ri;J .

The results presented in Table 2 demonstrate the reward scores and total scores for each group across
different genders and conditions. Figure 4a illustrates the overall rejection and missing rates for the
various groups. Figure 4b shows the rejection rates for each group under different conditions, while
Figure 4c highlights the rejection rates for each group based on gender differences. Notably, the
rejection rate is negatively correlated with the policy reward score, meaning that a higher rejection
rate corresponds to a lower—and arguably more ethical—score.

The comparative analysis of various LLMs in terms of rejection rates in response to unfair behaviors
reveals signi�cant differences in their alignment with societal values. GPT-4o demonstrates a no-
tably higher willingness to address actions that deviate from fairness, with rejection rates exceeding
those of both GPT-3.5 and GPT-4 Turbo across different experimental conditions. This heightened
response likely re�ects GPT-4o's enhanced capability to align with societal notions of justice and

7
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Table 2: Policy reward scores across groups, conditions and genders

Group Human GPT-3.5 GPT-4 Turbo GPT-4o

Condition1 Condition2 Condition1 Condition2 Condition1 Condition2 Condition1 Condition2

Female 418 306 480 457 508 421 348 2
Male 289 154 426 235 433 244 252 1

Score 1167 1598 1606 603

(a) All Rate (b) Different Condition Rate (c) Different Gender Rate

Figure 4: Rejection Rate in Different Groups.

fairness. In contrast, GPT-3.5 and GPT-4 Turbo show relatively lower rejection rates, suggesting
that these models may have more limited abilities to consistently interpret and react in accordance
with societal values. These results underscore the importance of re�ning AI's alignment with human
ethics, particularly in contexts that demand fairness and equitable behavior.

It is worth noting that in the human group, the refusal rate among females is higher than that of males,
indicating that females are more willing to display courage in such scenarios. However, among the
large language models (LLMs), the refusal rate is higher for males than females, suggesting that
males in the LLM simulations are more inclined to be courageous. This difference highlights a form
of gender disparity between human responses and those simulated by LLMs.

The discrepancy between the results in Table 2 and Figure 4c can be attributed to differences in the
gender ratios across the experimental groups. Figure 4c considers the rejection rate at the individual
level, focusing on gender-speci�c behaviors, whereas Table 2 evaluates the scores at the group level,
taking into account overall group performance.

4.2 EMOTIONAL COMPARISONRESULTS

We normalize the valenceVi;j = Vi;j; 1 [ Vi;j; 2 [ Vi;j; 3 and arousalA i;j = A i;j; 1 [ A i;j; 2 [ A i;j; 3
values to a range [0, 1]. Using the normalized valenceVi =

S
j (V i; j ) and arousalA i =

S
j (Ai; j ),

compute the probability distribution for valence and arousal. Typically, this involves creating a
histogram from the data and normalizing it to form a probability distribution. In this context,p(b)
represents the probability associated with each binb, andb 2 BE denotes that the binbis an element
of the set of binsBE used for the combined valence and arousal data, andE i = Vi [ A i . For each
individual i , we use the following Equation 9 to calculate the entropy of valence and arousal.

H (E i ) = �
X

b2 B E

p(b) log(p(b)) (9)

The results, as depicted in Figure 5, show that humans exhibit the highest entropy values and vari-
ability in both the valence and arousal dimensions, suggesting that human responses are highly
complex and diverse in terms of emotional magnitude and intensity. GPT-3.5 has lower entropy
values in both dimensions, indicating that the model's emotional responses are more focused and
less diverse than those of humans. GPT-4 Turbo demonstrates a transition from GPT-3.5 to higher
entropy values, with signi�cant improvements, particularly in the arousal dimension, possibly due
to the model's enhanced ability to simulate emotions. GPT-4o maintains a similar expression of
valence to GPT-4 Turbo but is slightly lower in arousal.
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(a) Arousal (b) Valence

Figure 5: Distribution of Arousal and Valence in different groups.

(a) Belief curves without emotion (b) Belief curves with emotion

Figure 6: Distribution of Belief in Different Condition.

4.3 BELIEF RESULTS

In the scenario where decision-making is unaffected by emotions, Figure 6a shows that the overall
belief distribution is highest for GPT-4o. The distribution for GPT-4o is slightly higher than that
for humans. As evolution progresses, human belief values tend to decrease, indicating a reduced
steadfastness in maintaining choices. In contrast, GPT-4o's beliefs remain relatively stable. For
GPT-3.5 and GPT-4 Turbo, initially, GPT-3.5 had higher belief values than GPT-4 Turbo. However,
as the evolution continued, belief values for GPT-4 Turbo surpassed those of GPT-3.5. Despite these
changes, GPT-3.5 and GPT-4 Turbo consistently demonstrated a lower overall belief distribution
compared to humans and GPT-4o. When considering the inclusion of emotions, Figure 6b shows
that when emotions are incorporated into BREM in the form of temperature (T), human beliefs ex-
hibit signi�cant �uctuations. In contrast, the beliefs of other LLMs show no signi�cant difference
compared to when emotional factors are not considered, though they eventually stabilize. Addition-
ally, from the heatmap of behavior and belief, it can be seen that without considering emotions as
in Figure 7a, there is no signi�cant correlation between human behavior and belief, whereas LLMs
show a signi�cant correlation between behavior and belief. When emotions are considered, as in
Figure 7b, all four display a signi�cant correlation between behavior and belief.

Interestingly, in the BREM for both humans and LLMs, there is a relationship where� 1 > � 2, indi-
cating that beliefs in�uence decision-making more than rewards do. Overall, GPT-4o demonstrates
higher belief stability both with and without emotional in�uence and maintains higher belief values
in fairness and justice. Emotional factors have a signi�cant impact on �uctuations in human beliefs,
whereas the performance of LLMs remains relatively stable.

4.4 DIFFERENCES BETWEEN HUMAN ANDLLM RESULTS

From the behavioral perspective, GPT-4o exhibits a higher sense of social value, followed by hu-
mans, which is consistent with the �ndings in Wilbanks et al. (2024). From the emotional dimen-
sion, humans display a greater diversity of emotions compared to LLMs, aligning with the research
in Kurian (2024). From the standpoint of beliefs, on a group level, GPT-4o demonstrates a stronger
belief in fairness and justice in this scenario, consistent with its behavioral outcomes, whereas hu-
man beliefs show a wider range of �uctuation. When emotions are also considered, we �nd that
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(a) Without Emotion (b) With Emotion

Figure 7: Heatmaps of Beliefs and Behaviour Under Different Conditions

human beliefs have a stronger correlation with decision-making, indicating that emotions in�uence
decisions Angie et al. (2011), whereas LLMs do not exhibit signi�cant changes in this regard.

5 CONCLUSION

Under the ethical dilemma, we simulate an ecosystem by designing FairMindSim to explore value
alignment between humans and LLMs. This is achieved through a multi-round traditional economics
game where the entire ecosystem consists of a series of unfair scenarios. In the realm of social val-
ues, we investigated altruism. The LLM agents were fully aligned with humans in various aspects
of the experiment, such as behavioral and emotional measures. We incorporated knowledge from
relevant sociological �elds and proposed the Belief-Reward Alignment Behavior Evolution Model
(BREM), based on the recursive reward model (RRM), to explore the beliefs of humans and LLM
agents. It was found that GPT-4o demonstrates a higher sense of fairness and justice in unfair sce-
narios and does not change over time, whereas human beliefs vary across different unfair scenarios
and evolve to become more stable. Additionally, human emotions are more diverse compared to
those of LLMs.

6 DISCUSSION

Regarding beliefs, most discussions about LLMs' beliefs focus on competence-related beliefs Zhang
et al. (2024b); Zhu et al. (2024). In the �eld of social sciences, factors that are unrelated to rewards
but still in�uence subsequent behavior are called beliefs Schultz (2006). These include beliefs in
integrity and honesty, respect for others, cooperation, compassion, and charity. Also included are
beliefs in fairness and justice. In terms of value alignment, we believe that discussions about aligning
these beliefs should begin with speci�c task design and involve collaboration with �elds such as
sociology. We simultaneously considered the impact of emotions on decision-making and found
that humans are more in�uenced by emotions in their behaviour. This is one of the contributions of
our work, aiming to provide a reference for the integration of AI and sociology.

7 LIMITATIONS AND FUTURE WORK

This study does not account for potential differences between countries, which may in�uence partic-
ipants' decision-making in unfair scenarios. Additionally, the current research is limited to testing
on the GPT series of models and has not yet expanded to include other open-source LLMs. Future
work aims to overcome these limitations by incorporating cultural factors from different countries
for more comprehensive comparative studies and by testing other open-source LLMs to verify the
applicability of the �ndings across different models and broader contexts.
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A RELATED WORK

A.1 ETHICAL AND SOCIAL VALUES IN HUMAN

In human societies, ethical and social values shape our behavioral norms and decision-making
frameworks Crossan et al. (2013). These values not only influence individual moral judgments and
choices but also play a pivotal role in broader social cooperation and group dynamics Tyler et al.
(1996). In promoting social cooperation and fairness, the concept of ”altruistic punishment” reveals
the profound impact of ethics and values Grimalda et al. (2016). Altruistic punishment refers to the
phenomenon where individuals uphold social norms by punishing others, although the punishment
is costly for them and yields no material gain Fehr & Gächter (2002). Altruistic punishment occu-
pies an extremely important position in the evolutionary development of human cooperation Bowles
& Gintis (2004). Within teams and organizations, altruistic punishment can promote cooperation on
a broader scale, even in situations that appear disadvantageous in the short term Gurerk et al. (2006).
Understanding the mechanisms of altruistic punishment can aid in developing more effective social
and economic policies that enhance fairness and cooperation Fehr & Rockenbach (2003).Although
altruistic punishment may seem irrational at the individual level, it plays a significant role in main-
taining social cooperation and fairness. Gaining a deeper understanding of its mechanisms and
impacts is crucial for building a more harmonious society and formulating effective policies.

B DATA

B.1 EMOTION

In Figure 8, we present the arousal levels measured in the FairMindSim for all human participants
and LLM agents included in the statistics. Similarly, Figure 9 shows the valence levels for these
participants and agents within the same simulation environment. The vertical axis represents the
participant ID, while the horizontal axis denotes the emotional measurement values at different
stages of each trial.

(a) Human (b) GPT-3.5

(c) GPT-4 Turbo (d) GPT-4o

Figure 8: Arousal for all human participants and LLM agents.
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