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Abstract

In recent years, Al has demonstrated remark-
able capabilities in simulating human behav-
iors, particularly those implemented with large
language models (LLMs). However, due to the
lack of systematic evaluation of LLMs’ sim-
ulated behaviors, the believability of LLMs
among humans remains ambiguous, i.e., it is
unclear what LL.Ms’ level of believability is.
In this work, we design SimulateBench to eval-
uate the believability of LLMs when simulat-
ing human behaviors. In specific, we evaluate
the believability of LLMs based on two criti-
cal dimensions: 1) consistency: the extent to
which LLMs can behave consistently with the
given information of a human to simulate; and
2) robustness: the ability of LLMs’ simulated
behaviors to remain robust when faced with
perturbations. SimulateBench includes 65 char-
acter profiles and a total of 8,400 questions to
examine LLMs’ simulated behaviors. Based on
SimulateBench, we evaluate the performances
of 10 widely used LLMs when simulating char-
acters. The experimental results reveal that
current LLMs struggle to align their behaviors
with assigned characters and are vulnerable to
perturbations in certain factors. !

1 Introduction

Al has shown promise to simulate human behavior
and social interaction (Wooldridge and Jennings,
1995; Macal and North, 2005), which can empower
applications ranging across prototyping social the-
ories (Aher et al., 2023; Horton, 2023; Kovac et al.,
2023), generating synthetic research data (Himaldi-
nen et al., 2023; Wang et al., 2023a) and building
non-player characters (Laird and VanLent, 2001).
These applications necessitate the simulated human
behavior to possess a convincing level of believ-
ability, which allows the users to suspend their
disbelief (Ortony et al., 2003). Such believability

!Code and SimulateBench are available at an anonymous
GitHub repository.

\,} LLM-based agent act as Homer *Q

Profile: | am Homer Simpson,
a man who was born on May
12, 1956, and | love my wife. | I was

have a son and two daughters. dismissed
| am a safety inspector at a

Profile update Profile(updated): | am Homer

Simpson, a man who was born
on May 12, 1956, and | love
my wife. | have a son and two

one year -
daughters. | lost my job.

power plant. later.
/ consistent with the profile \ / consistent with the profile \
What is your name? Robust What is your name?
\ Homer 0/ \ Homer 0/
f Not consistent with the profile \ / consistent with the profile \
What is your age? (If the Not What is your age? (If the
current year is 2022.) robust current year is 2022.)
N * 9 N 9
/ Not consistent with the profile \ / Not consistent with the profile \
What is your family size? Not What is your family size?
robust
Q Three °j \ Four °j

Figure 1: An illustrative example of the “Consistency”,
and “Robustness”. Consistency measures whether the
LLMs’ generated human behavior accurately depicts
the profile information; Robustness measures whether
the generated human behavior will be influenced by the
perturbation in the profile.

is crucial as it facilitates users in establishing trust
in the Al and streamlines the fulfillment of the Al’s
goals in these applications.

Despite the importance of believability, the cur-
rent believability level of LLMs remains unclear.
Previous studies have primarily assessed believabil-
ity using human ratings, GPT-based evaluations,
or case studies (Park et al., 2022, 2023; Argyle
et al., 2023; Hiamaldinen et al., 2023). While these
approaches provide valuable insights, they are not
without limitations. Such evaluations often suffer
from inter-task inconsistency and are susceptible
to biases introduced by either human evaluators
or the models themselves. To address these chal-
lenges, this paper introduces a systematic method


https://github.com/LLMConference/emnlp_conference_2024
https://github.com/LLMConference/emnlp_conference_2024

for evaluating the believability of LLM simulations.
Specifically, we focus on improving the evaluation
of consistency and robustness, as illustrated in Fig-
ure 1. Consistency means that the behaviors of
LLMs must align with the character’s characteris-
tics. Breaking this consistency will cause disbelief
(Loyall, 1997). Robustness requires the LLMs to
maintain the same behaviors when nuanced up-
dates and modifications, denoted as perturbations,
are performed on the input.

To this end, we propose evaluating the believ-
ability of LLMs by (1) consistency: To what ex-
tent does the generated human behavior accurately
depict the profile? (2) robustness: To what ex-
tent do the LLMs’ behaviors maintain robustness
when faced with perturbations in the profile? To
measure consistency and robustness, we introduce
SimulateBench, a benchmark for character data
collection and evaluation of consistency and ro-
bustness. SimulateBench consists of four parts: the
profile descriptive framework, the character profile
dataset, the consistency dataset, and the robust-
ness dataset. The profile descriptive framework is
proposed to guide annotators in comprehensively
documenting a character’s profile: sufficient profile
information will ensure more accurate and effec-
tive simulations, which also align with real-world
application scenarios. Based on the framework,
we collect a character profile dataset, including the
profiles of 65 characters. To measure the consis-
tency, we assess whether the LLMs can correctly
answer multi-choice questions about the charac-
ter in the consistency dataset. To correctly answer
these questions, the LLMs must participate in log-
ical reasoning based on the profile. To measure
the robustness, we perturb the profiles in the con-
sistency dataset to construct the robustness dataset
and compare how the LLMs’ consistency ability
changes.

Through the SimulateBench, we evaluate the
level of believability of ten widely used LLMs. Our
findings show that 1) LLMs perform poorly for con-
sistency: they can not accurately depict the infor-
mation in the comprehensive profile input, even if
they are equipped with long context size; 2) LLMs
exhibit a lack of robustness when faced with even
nuanced profile perturbation; 3) LLMs exhibit bias
towards some perturbations. In further studies, we
examine four influential factors that will greatly
influence the LLMs’ believability.

In summary, we propose two novel dimensions
of consistency and robustness to measure LLMs’

believability. To facilitate the assessment, we in-
troduce the SimulateBench. We hope our work
will inspire further research into the believability
of human behavior simulation.

2 Related Work

2.1 Human behavior Simulation

Recently, LLMs have demonstrated intelligence
comparable to humans in certain tasks (bench au-
thors, 2023; Brown et al., 2020; Touvron et al.,
2023). Many studies endeavor to harness the LLMs
to simulate human behavior and social interac-
tions in social science, economics, psychology, and
human-computer interaction for prototyping theo-
ries and generating synthetic research data (Park
et al., 2022, 2023; Argyle et al., 2023; Horton,
2023; Hamildinen et al., 2023). Other studies
prompt LMs(LLMs) with profiles to simulate hu-
man conversations in role-playing and personal-
ized dialogue (Zhang et al., 2018; Zheng et al.,
2019, 2020; Wang et al., 2023b; Chen et al., 2023).
However, their provided profile to LLMs is con-
cise, which is far from real scenarios. The limited
amount of personal information provided is insuffi-
cient for the model to acquire sufficient knowledge
to simulate a character accurately. Therefore, we
propose collecting a comprehensive character pro-
file to meet the demand of real-world application
scenarios.

2.2 Evaluation of LLMs in Human Behavior
Simulation

Simulation of human behavior requires the LLMs
to faithfully embody assigned roles and identities
and proactively interact with others (Wooldridge
and Jennings, 1995; Franklin and Graesser, 1996;
Ortony et al., 2003). See et al. (2019); Fang et al.
(2023); Choi et al. (2023) propose evaluation frame-
works toward LL.Ms’ capabilities of natural lan-
guage understanding and generation. Rao et al.
(2023); Jiang et al. (2023); Huang et al. (2023) eval-
uate LLMs’ abilities to understand and maintain
personality traits. Aher et al. (2023) introduce the
Turing Experiment to assess whether or not LLMs
can simulate the behavior of a representative sam-
ple of participants in human subject research. Park
et al. (2023) propose a sandbox and an online so-
cial network to evaluate agents’ interactions. Ahn
et al. (2024) proposes evaluating LLMs when role-
playing at a specific time. However, little research
assesses the LLMs’ level of believability in con-



sistency and robustness in real scenarios where a
comprehensive profile is provided. Hence, we aim
to bridge this gap by constructing SimulateBench.

3 SimulateBench

We introduce SimulateBench for character profile
collection and believability evaluation. Specifically,
our benchmark includes the profiles of 65 charac-
ters and 8400 questions to assess the LLMs’ con-
sistency and robustness when simulating human
behavior. The statistics are shown in Table 1.

3.1 Profile Descriptive Framework and
Character Dataset

Comprehensive profile information is necessary
for LLMs to simulate human behavior accurately.
Accordingly, we propose the profile descriptive
framework and collect a character dataset based on
this framework. For more details, please refer to
the Appendix A.

Profile Descriptive Framework We propose a
descriptive framework that comprehensively doc-
uments a character’s profile from three attributes:
Immutable Characteristic, Social Role, Relation-
ship. Immutable characteristic (Stein, 2001) refers
to characteristics that cannot be easily changed,
such as name, gender, and age. Social role (Wasser-
man, 1994; Eagly and Wood, 2012) is conceptual-
ized as a set of connected behaviors, obligations,
beliefs, and norms as conceptualized by people in
a social situation. Relationship (Sztompka, 2002)
is the basic element of study in the field of social
sciences and refers to any interpersonal connection
between two or more individuals. Furthermore,
these three kinds of profile information are thor-
oughly elaborated by fine-grained aspects based on
established theories. For example, we will compre-
hensively document the following attributes of the
relationship: familiarity, judgment, affection, be-
havioral patterns, relationship status, and com-
munication history. The annotators will collect
the profiles according to the attributes defined by
the framework.

Character Dataset We selected characters from
TV dramas of popular genres’: The Simpsons (An-
imated), Friends (Comedy), Breaking Bad (Crime),
and The Rings of Power (Science fiction). We do
not collect real human profiles for ethical reasons,
such as preventing information leaks. According

Zhttps://www.imdb.com/1list/1s023983860/

Statistical categories Number
Characters 65
Avg tokens per profile 3277
Avg tokens per question 58
Avg questions per character #
Immutable Characteristic 41
Social Role 52
Relationship 57
Total benchmark questions 8400

Table 1: The statistics of SimulateBench. The tokens
are counted with the tokenizer of GPT-4.

to the profile descriptive framework, annotators
extract the profile information from the fandom?:
a wiki hosting service that hosts wikis mainly on
entertainment characters. We recruited four PhD
students to collect the profile information from fan-
dom based on the profile framework. First, we
ask one annotator to collect the characters’ pro-
files. Then, we asked the remaining three anno-
tators to review the collected data. If there are
disagreements among the three reviewers, all four
annotators will discuss and modify or remove the
collected information. Through this process, 5.67%
of the profile tokens are modified or removed. We
will leave it blank if there is no content about one
attribute. Finally, the resulting profiles were stored
in JSON format: {attribute of the profile: corre-
sponding content}. As shown in Table 1, every
profile contains 3,277 tokens on average, which is
comprehensive in comparison to prior studies. As
an illustration, the profile mentioned in the well-
known study by Park et al. (2023) only contains
203 tokens.

3.2 Measuring Consistency

Consistency Dataset The consistency dataset is
composed of multi-choice questions. Each char-
acter has an average of 150 questions. To answer
these questions accurately, the LLMs need to an-
alyze and employ logical reasoning to the profile
information.

Question We will design a template question for
every attribute in the profile descriptive framework.
Then, we apply these template questions to each
character to generate the corresponding questions.
Figure 2 shows an example of this process.

Options and Ground Truth For every question
related to one profile attribute, we extract the cor-

3ht’cps: //www. fandom.com/
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responding content of this attribute as the ground
truth of this question from the JSON-formatted
profile. We add an option of “There’s not enough
information to answer this question.”. This option
is intended for the blank attribute in the profile, and
we set this option as the gold answer in such a case.
The reason for this setting is that if the LLM is
given unrestricted freedom to respond to the con-
tent that is not mentioned in the profile, there is a
high probability of compromising the character’s
information and undermining the LLM’s believabil-
ity. We categorize the questions into two classes
according to their gold answer: Known and Un-
known. Unknown’s gold answer is “There’s not
enough information to answer this question”.

Validation We ask the four annotators to validate
the quality of the question, options, and ground
truth. If the ground truth is misaligned with the
question and the profile, the annotators will discuss
and then remove or modify this question and corre-
sponding options and ground truth. Finally, 7.18%
of questions are removed or modified.

Measuring Metric: CA To measure the consis-
tency, we will employ the LLMs to answer the
questions in the consistency dataset, and we will
calculate the accuracy of these answers as the con-
sistency ability, referred to as CA.

3.3 Measuring Robustness

Robustness Dataset The robustness dataset is
constructed by perturbing the characters’ profiles
(denoted by the characters’ variant) and modifying
the questions in the consistency dataset accordingly.
We perturb the profile of characters by replacing
the content of demographic attributes: Education,
Surname, Race, and Age. To prevent irrationality
caused by the perturbation, a thorough examina-
tion of the consequences resulting from any mod-
ifications made to the initial profile is conducted.
According to this perturbation, we modify the cor-
responding questions in the consistency dataset.
Then, we include the modified questions in our ro-
bustness dataset. For instance, if we modify the age
of a character from 20 to 30, our initial step will
involve duplicating the questions pertaining to the
character in the consistency dataset. Subsequently,
we shall alter these questions and their gold an-
swers to align with the age adjustment. After the
alteration of these questions, we get the questions
for the character at the age of 30.

@und truth: G.65 or above.

# Question template

Attribute: Age(Birth year)

Question: What is your age group? (We are in the calendar year 2024)

Options: A. Under 18; B.18-24; C.25-34; D.35-44; E.45-54; F.55-64;
G.65 or above; H. There's not enough information to answer this
question;

# Process to get the ground truth of the character Homer

The annotators first extract the attribute content of the birth year of
Homer from its profile, which is 1956. Then, the annotator calculates
the age: 2024-1956=68. So, the ground truth is G. 65 or above.

Figure 2: An illustrative example of the template ques-
tion and the process to get the ground truth.

Measuring Metrics: RA and RCoV  The robust-
ness aims to determine the variation in the consis-
tency performance of the LLMs when slight per-
turbations are made to profiles. To achieve this
goal, we employ the standard deviation of CA and
coefficient of variation* of CA as the robustness
performance of LLMs, referred to as RA and RCoV
respectively. For example, when employing GPT-
4 to simulate a character, only modifying the age
attribute in the profile to values of 10, 15, 20, 25,
and 30 yields five variants. After all five variants
answer the questions in the corresponding robust-
ness dataset, five CA scores will exist: sq,..., Ss.
The five scores’ standard deviation and mean are
o and u, respectively. The RA of GPT-4 will be .
The RCoV of GPT-4 will be o/ .

Dividing RA by u allows for the comparison of
different models. RCoV can be understood as the
quantification of the impact that robustness (RA)
can have on the actual performance (u). As an
illustration, LLM A demonstrates an RA of 0.04,
a p of 0.3, and hence RCoV to be 0.13. LLM B
exhibits an RA of 0.08, a 14 of 0.9, and hence RCoV
to be 0.089. While LLM B has a higher RA score
(0.08 compared to 0.04), the actual impact of its
RA on performance is smaller (0.089 compared to
0.13).

4 Baseline Methods for Human Behavior
Simulation

Three components are crucial to prompting the
LLM to simulate human behavior: the instruction
to explain how to simulate human behavior (I), the
profile of specific characters (II), and the descrip-
tion of the task (III). Below, we introduce how we

4https://en.wikipedia.org/wiki/Coefficient_of_
variation
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Model CA Immutable Characteristic Social Role Relationship
Known Unknown Known Unknown Known Unknown

GPT4 0.77 1.00 0.47 1.00 0.59 0.97 0.06
Qwen2.5-7B 0.73 0.91 0.42 0.97 0.59 091 0.13
GPT-3.5 0.70 0.82 0.58 0.56 0.88 0.91 0.31
XVERSE-13B 0.62 0.68 0.53 0.68 0.76 0.59 0.44
Vicuna-13B 0.59 0.64 0.32 0.76 0.18 0.76 0.56
ChatGLM2-6B-32K  0.55 0.68 0.21 0.71 0.24 0.79 0.25
ChatGLM2-6B 0.49 0.50 0.16 0.65 0.12 0.88 0.06
Qwen2.5-3B 0.48 041 0.84 0.38 0.94 0.03 0.81
Vicuna-7B 0.46 0.36 0.05 0.85 0.06 0.74 0.06
Llama-3.1-8B 0.10 0.36 0.00 0.09 0.00 0.09 0.00
Average 0.55 0.64 0.36 0.66 0.44 0.67 0.27

Table 2: CA scores across ten models to simulate a character. The last six columns correspond to the accuracy of
the model for different types of questions. A larger CA indicates better consistency performance.

implement these three components in our baselines.

I: Simulate Human Behavior For models like
GPT-4 that have gone through RLHF (Wirth et al.,
2017; Stiennon et al., 2020), the RLHF will equip
LLMs with specific language preferences and
habits, such as introducing itself "as a language
model", which will harm the believability. To over-
come these issues, we set an instruction prompt
template to instruct the LLM on how to simulate
human behavior.

II: Profile of Specific Characters we will fill in
the collected profile of the character in the instruc-
tion prompt template to incorporate the knowledge
about the character into LLMs.

III: Prompting for Consistency Dataset Given
that our assessment of consistency is performed in
a question-answering format, the prompt for the
task is: Answer the below question; you should
only choose an option as the answer. Choose "I
do not know" if there is insufficient information
to answer the question. {example}. {question}
. The placeholder of {example} will be filled if
few-shot (Brown et al., 2020) is applied in the ex-
periments. Additionally, chain-of-thought (CoT)
(Wei et al., 2022) and Self-Ask (Press et al., 2022)
will be utilized in zero-shot and few-shot settings.
In summary, five combinations of prompting strate-
gies and learning settings are considered: Zero,
Zero+CoT, Few, Few+CoT, Few+Self-Ask.

III: Prompting for Robustness Dataset The
prompting used for the robustness dataset is sim-
ilar to the one for the consistency dataset. The
difference lies in that we will prompt the perturbed
profile of the character to the instruction prompt

template. In this way, the LLM can simulate the
character’s variants, and we will compute the RA
and RCoV when the LLM simulates these variants
to evaluate the robustness of the LLM.

S Experiment

5.1 Experimental Setup

We comprehensively assess 10 LLMs, includ-
ing commercial models and open-source models.
Among these models, GPT-3.5 and GPT-4 are com-
mercial models, and other models are open-sourced
models. We access the open-source LLMs from
their official repositories in Hugging Face®. We
use a fixed version of the above models and set the
temperature to O to help reproducibility.

5.2 Consistency Evaluation Results

Table 2 shows various models’ CA scores across
all question types when simulating a character. We
have the following findings:

GPT series perform better than open-source
models; longer context size does not necessar-
ily mean better consistency performance For
GPT-4 and GPT-3.5, the CA scores across six ques-
tion types are 0.77 and 0.7, respectively. In com-
parison, the open-source models perform worse,
with the lowest average CA of Llama-3.1-8B being
0.1. This observation highlights a significant dis-
parity between open-source and GPT series mod-
els. In some studies (Qian et al., 2023; Park et al.,
2023), it is observed that the decision-making pro-
cesses highly rely on the GPT-3.5, which is ex-
pensive compared to open-source models. When
researchers want to use an open-source model as a

Shttps://huggingface.co/
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Age Variants

Surname Variants

Education Variants

GPT-4 {Jo.01 0.013 0.022
Qwen2.5-7B {7J0.018 7 70.019 {7Jo.011
GPT-3.5 {jo.o14 {77 70.041 {7 70.026
XVERSE-13B  {J0.009 [70.012 [70.012
Vicuna-13B  {770.024 7710.025 .70.021
ChatGLM2-6B-32K {277770.046 {700.02 {700.023
ChatGLM2-6B 70025 777770 058 /770038
Qwen2.5-3B {70.019 7770.029 V770,042
Vicuna-7B  {10.006 {77)0.035 {770.029
Llama-3.1-8B o.218 /10208 J0.163
0.00 0.05 0.10 0.15 0.20 0.25 0.00 0.05 0.10 0.15 0.20 0.25 0.00 0.05 0.10 0.15 0.20 0.25
RCoV RCoV RCoV
GPT-4 0.007 0.01 0.016
Qwen2.5-7B  {277J0.013 {/770.014 {7A0.009
GPT-3.5 {Z70.01 0.03 (/7 7770.019
XVERSE-13B {7)0.006 {710.008 {7.710.008
Vicuna-13B {7770.015 V7 77J0.016 (/7 70.014
ChatGLM2-6B-32K {Z7777710.026 {77J0.011 [Z77.013
ChatGLM2-6B {Z770.012 0.026 7770017
Qwen2.5-3B  {7.70.009 Y./ /7 70.014 (/777 70.022
Vicuna-7B  {10.003 {77770.016 (/770013
Llama-3.1-8B {ZZZ7777710.033 Jo.07 70.027
0.00 0.02 0.04 0.06 0.08 0.00 0.02 0.04 0.06 0.08 0.00 0.02 0.04 0.06 0.08
RA RA RA
GPT-4 0.757 0.753 0.737
Qwen2.5-7B 70.754 ~0.767 7o.761
GPT-3.5 0.7 0.738 ~jo.728
XVERSE-13B 10.624 ~0.628 0628
Vicuna-13B 70.621 J0.648 70.636
ChatGLM2-6B-32K ~10.575 0.567 Jo.59
ChatGLM2-6B LI T T T AT TTI 491 LLTTITLTT-439 VT T T T T TTI0 446
Qwen2.5-3B {77/ /7 0465 LLLI LT LT D0.481 IIIIIIIIIIA 509
Vicuna-7B {7777 7770451 LLLL L LT 467 L7777 04
Llama-3.1-8B {ZZ7J0.149 PZTTTTTI0-342 V72770166
0.0 02 0.4 0.6 08 0.0 02 04 0.6 08 0.0 02 04 0.6 0.8
average CA average CA average CA

Figure 3: The RCoV, RA, and CA scores of models to simulate the variants of a character. A smaller RCoV indicates
stronger robustness, while a larger CA indicates stronger consistency.

substitute to reduce expenses and enhance usability
(Kaiya et al., 2023), it is crucial to consider this
disparity.

Furthermore, although equipped with a longer
context size of 128k, the performance of the
Llama-3.1-8B is worse than the GPT-4(8K) and
ChatGLM2-6B(8K). This implies that increasing
the context window size does not necessarily result
in improved consistency performance.

Models demonstrate severe simulation halluci-
nation As seen by the data presented in the table
2, it is apparent that the accuracy for Unknown
questions is considerably lower than that of the
known questions. Even the best GPT-4 performs
worse, with a CA score of 0.06 for the unknown
relationship questions. This observation indicates
that when the available information in the profile is
insufficient to address the query, these models tend
to provide nonsensical responses rather than adher-
ing to the prescribed instruction, which requires
the LLMs to answer with "I do not know" in such a
case. This greatly undermines the credibility of the
models. For example, when GPT-3.5 acts as Homer
and is questioned about his religious convictions,
its response indicates Christian. Nevertheless, the

profile provides no evidence of Homer’s adherence
to Christianity. The model may deduce Homer’s re-
ligious views just by Homer’s Caucasian ethnicity.
Inspired by the definition of hallucination (Zhang
et al., 2023), we refer to the phenomenon as simu-
lation hallucination.

5.3 Robustness Evaluation Results

The results are shown in Figure 3. The RCoV, RA,
and CA scores are reported when models are in-
structed to simulate a character and perturbations
are conducted on the character’s profile. The find-
ing is:

Better consistency performance does not nec-
essarily mean better robustness performance
As shown in Figure 3, models that exhibit strong
consistency performance may yet demonstrate in-
adequate robustness performance. For instance,
Vicuna-13B(0.621) outperforms Vicuna-7B(0.457)
in terms of consistency in the Age Variants group,
but Vicuna-13B exhibits worse robustness(RCoV
of 0.024 larger than 0.006 of Vicuna-7B; RA of
0.015 larger than 0.003 of Vicuna-7B). Only the
GPT series has a relatively high level of both con-
sistency and robustness. This indicates that LLMs



also face challenges in terms of robustness.

Open-source models show poor robustness;
models exhibit the same level of robustness
towards different perturbations Some open-
source models show poor robustness when faced
with profile perturbation. For example, the Llama-
3.1-8B model exhibits severe performance, reach-
ing a 0.218 RCoV score and a 0.033 RA score
in the Age Variants group; 0.218 RCoV score in-
dicates that perturbations can impact the model’s
consistency performance up to 21.8%.

Moreover, The RCoV and RA scores for all three
variants also revealed that the model will demon-
strate similar robustness performance even when
faced with different perturbations, as shown in Ta-
ble 3. That means that the models show relatively
the same level of robustness towards different per-
turbations. That means that the models’ robustness
level may be an inherent property that is not influ-
enced by the perturbation types.

6 Influential Factors for Believability

This section delves deeper into the four factors that
exert substantial influences on believability. We an-
ticipate that our studies could expedite subsequent
research on human behavior simulation.

Simulation hallucination As shown in Table 2,
models demonstrate severe simulation hallucina-
tion with CA of Unknown questions is considerably
lower than that of Known questions. One plausible
possible explanation is that the model might have
known the answer to a question due to the knowl-
edge learned in the training process, even if the
answer can not be deduced from the profile. Conse-
quently, the model refuses to answer the question
with "I do not know." as required in the prompt ©.
This phenomenon reflects that models occasionally
prefer to refuse or ignore the user’s instructions,
which will greatly harm the user’s believability to-
wards the model, especially when commercial sim-
ulation products are gaining increasing popularity,
such as character.ai and npc.baichuan-ai.

Bias of models towards specific demographic
attributes We have found that believability can
be significantly influenced by the profile perturba-
tion in Section 5.3. Hence, it is crucial to deter-
mine which profile information would yield high

®In Appendix D, we further examine the effect of simula-

tion hallucination by replacing the name of the character to
compare the variants’ CA scores of Unknown questions.

. . Age & Age & Education
Variant Pair Education  Surname & Surname
RCoV 0.96 0.96 0.98
RA 0.47 0.66 0.76

Table 3: The correlation coefficient of models” RCoV
and RA scores of variant pairs. Bold indicates that the
results are significant with p < 0.01.

Age 1956 1985 2000
Average CA 0.63 0.60 0.65
Name Keams Bedonie Nguyen
Average CA 0.64 0.69 0.61
Education High School =~ Middle School = Bachelor
Average CA 0.64 0.62 0.69
Race African Caucasian Middle
Eastern
Average CA 0.60 0.63 0.56

Table 4: The average CA scores of known questions of
models when simulating the variants of a character.

believability for various LLMs. To investigate this
question, we compare the LLMs’ consistency by
perturbing different demographic attributes in the
profile. Specifically, we employ LLMs to simu-
late Homer by prompting the profile of Homer’s
variants in the character variants dataset, whose
profile is modified with only one demographic at-
tribute, such as birth year, while keeping all others
unaltered.

Table 4 shows the results. All LLMs exhibit
various degrees of preference toward profiles with
specific demographic attributes. Models exhibit a
significantly higher consistency score for the race
of Caucasian (0.63) over the Middle Eastern (0.56),
the education of bachelor (0.69) over the middle
school, the name of Bedonie (0.69) over Nguyen,
and birth year of 2000 (0.65) over 1985 (0.60).
This observation indicates that models consistently
prefer specific demographic attributes. This phe-
nomenon may be attributed to the fact that models
are trained on overlapping corpora, resulting in the
corpus bias being simultaneously manifested in all
these models.

Position in the profile For long textual inputs,
models can pay different attention to the informa-
tion in different positions. Hence, the believability
can be impacted by the placement of information
inside the profile. To investigate this issue, we con-
duct experiments by adjusting the order of infor-


https://character.ai/
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Known Unknown

Few+ Few+ Zero+

Model Model Few CoT  Self-Ask Zero CoT
Normal Reverse Normal Reverse

GPT-4 1.00 0.95 0.47 0.47 GPT-4 0.77 0.77 0.82 0.75 0.77
Qwen2.5-7B 0.91 0.91 0.42 0.53 Qwen2.5-7B 0.73 0.73 0.71 0.59 0.51
GPT-3.5 0.82 077 0.58 0.63 GPT-3.5 0.70 0.77 0.77 0.77 0.77
ChatGLM2-6B-32K 068 073 021 0.32 XVERSE-13B 0.62 042 043 060 0.58
XVERSE-13B 0.68 0.73 0.53 0.53 Vicuna-13B 0.59 0.61 0.63 0.65 0.65
Vicuna-13B 0.64 0.68 0.32 0.37 ChatGLM2-6B-32K 0.55 0.63 0.59 0.58 0.58
ChatGLM?2-6B 0.50 0.59 0.16 0.32 ChatGLM2-6B 0.49 0.54 0.49 0.44 041
Qwen2.5-3B 0.41 0.42 0.84 0.84 Qwen2.5-3B 0.48 0.46 0.42 0.47 0.46
Vicuna-7B 0.36 0.64 0.05 0.11 Vicuna-7B 046 0.54 0.56 0.58 0.58
Llama-3.1-8B 0.36 0.56 0.00 0.00 Llama-3.1-8B 0.10 0.04 0.06 013 0.11
Average 0.64 0.70 0.36 0.41

Table 5: The accuracy of Immutable Characteristic
questions for models to simulate a character with the pro-
file’s information order reversed (denoted as Reverse)
and unchanged (denoted as Normal).

mation in the profile. The original profile presents
information in the order of Immutable Character-
istic, Social Role, and Relationship, indicated as
Normal. The adjusted order, denoted as Reverse,
is Social Role, Relationship, and Immutable Char-
acteristic. Then, we evaluate LLMs through the
consistency dataset.

Table 5 shows the results. The revised sequence
order has significantly improved the CA scores of
open-source models on the Immutable Character-
istic questions: the average CA of reverse known
questions is 0.7 compared with the normal of 0.64,
and the average CA of reverse unknown questions
is 0.41 compared with the normal of 0.36. Never-
theless, this effect is not apparent for the commer-
cial models. A possible explanation is that open-
source models may struggle to adequately process
lengthy textual content, even when their context
size is large enough. Consequently, the model will
allocate different attention to the information in
the prompt’s different positions. Nevertheless, the
commercial models retain strong processing capa-
bilities when it comes to handling lengthy texts.
Therefore, altering the sequence order is less likely
to significantly influence the commercial model’s
performance.

Reasoning prompting Although reasoning
prompting techniques, such as chain-of-thought,
are considered effective in some tasks, we find they
can not always increase the believability of human
behavior simulation. To provide evidence, we
conduct the simulation using prompt combinations
of Few, Few+CoT, Few+Self-Ask, Zero, and
Zero+CoT.

Table 6: : The CA scores of models when simulating
Homer with five different prompting strategies.

Table 6 shows the results. Among all the prompt
combinations considered, it is seen that no prompt
combination exhibits a consistent improvement in
the performance of all the models when compared
to other prompts. One plausible explanation posits
that the efficacy of these prompt techniques, such as
CoT and Self-Ask, primarily lies in their ability to
enhance performance on tasks involving reasoning
abilities, such as solving, decision-making, and
planning (Huang and Chang, 2022; Wang et al.,
2022). Nevertheless, simulating human behaviors
necessitates the model to hold other abilities, such
as comprehensive comprehension of the character’s
profile and the dynamics of character relationships.

We also find that some open-source models, such
as the Vicuna series, perform even better when no
demonstration examples are included in the prompt
(Zero) compared with the Few setting. We care-
fully analyzed their responses and found that these
models consistently generate the exemplars in the
Few setting as a response. One potential reason
is that the lengthy profile and the challenging task
complexity hinder the model from comprehending
the exemplar in the Few setting.

7 Conclusion

We proposed two novel dimensions to measure
LLMs’ level of believability: consistency and ro-
bustness. We introduced SimulateBench, a bench-
mark for the profile collection and measuring
LLMs’ consistency and robustness. Through the
SimulateBench, we evaluated the level of believ-
ability of popular LLMs. Our experimental results
and findings provided insights to facilitate future
research on developing human-like Al.



Limitations

In this paper, we proposed two dimensions to mea-
sure LLLMs’ level of believability when simulating
human behavior. Simulating human behavior is
an intricate undertaking that necessitates extensive
and detailed information on the character’s profile.
Despite the fact that our work has a considerably
thorough profile compared to earlier works, it may
still be inadequate. Furthermore, despite our thor-
ough evaluation of many well-known models, cer-
tain commercial models, such as Claude from An-
thropic, have not been included in our evaluation.
This omission is due to the requirement of qualifi-
cation audits for using these models, which we do
not have access to. Consequently, the evaluation of
these models is not included in our research.

Ethics Statement

Annotators and contents We strictly adhere to
the ACL Code of Ethics. We placed high impor-
tance on ensuring the comfort and well-being of our
annotators. We advised them to stop the annotation
process if they came across any information that
caused them discomfort. We recruited annotators
at arate of 2 ~ 3 times their local hourly minimum
wage. We instruct the annotators to collect data
without bias and keep the content free from unsafe,
toxic, biased, offensive, and harmful content. We
utilize the models in accordance with their desig-
nated purpose. In summary, we make every effort
to adhere to the ethical norms set forth by ACL.

Anthropomorphism Simulation is a technique
that allows large language models (LLMs) to sim-
ulate human-like behavior to fulfill user require-
ments. Although assessing the simulation capa-
bilities of LLMs via our benchmark may prompt
anthropomorphic interpretations-assigning human-
like attributes to LLMs-it is crucial to underscore
that our objective is not to humanize LLMs. Our
purpose is to augment the capacity of LLMs to
simulate human behavior, hence enhancing human-
machine interaction. This initiative aims to bridge
the interaction divide between humans and ma-
chines, while acknowledging the essential char-
acteristics that distinguish them.
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A Details for SimulateBench

A.1 Profile Descriptive Framework

The descriptive framework is introduced to docu-
ment the information about a person comprehen-
sively, consisting of three parts: Immutable Char-
acteristic, Social Role, Relationship.

e Immutable Characteristic. An immutable char-
acteristic is any physical attribute perceived as
being unchangeable, entrenched, and innate, such
as race (Sen and Wasow, 2016). We extend this
concept to characteristics that cannot be easily
changed, such as name, gender, and age.

¢ Social Role. Social role (Wasserman, 1994,
Eagly and Wood, 2012) refers to a set of con-
nected behaviors, obligations, beliefs, and norms
as conceptualized by people in a social situation.
We will record the characters’ roles in different
social situations. Furthermore, drawing inspira-
tion from Dunbar et al. (1997); Gao et al. (2023),
we document the following attributes of social
role: the role’s traits, routines/habits, general
experiences, and plans/goals to enhance LLMs’
simulation performance in social interactions.

Relationship. In the context of social interac-
tions, the relationship can influence the LLMs’
response in a discussion, the actions to be taken,
the willingness to collaborate, and their inclina-
tion to diffuse information. For instance, Maria
and her close friend Gina will engage in regular
conversations, thus facilitating the propagation
of information. Hence, in order to facilitate the
LLMs’ simulation of behaviors that align with
the relationship between the LLM and others in
social interaction, we will comprehensively doc-
ument the following attributes of the relationship:
familiarity, judgment, affection, behavioral
patterns, relationship status, and communica-
tion history.

A.2 Character Dataset

The character dataset documents the profile of char-
acters. We demonstrate the immutable characteris-
tic of Homer as an example:

Homer Simpson is a male who lives at 742 Ever-
green Terrace, Springfield. He is known by several
nicknames, including Homer, Homie, Mr. Simpson,
and D’oh Boy. He was born on May 12, 1956, and
is a graduate of Springfield High School. He is of
Caucasian race. Homer is known for his emotional
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outbursts, particularly towards his neighbors, the
Flanders family, and his son, Bart. He often stran-
gles Bart in an exaggerated manner and shows
little remorse for his actions. Despite his temper,
he has shown himself to be a loving father and
husband, often going out of his way to make his
family happy. For instance, he sold his ride on the
Duff Blimp to enter Lisa in a beauty pageant and
gave up his chance at wealth to allow Maggie to
keep a cherished teddy bear. Despite his hatred for
manual labor, Homer does a surprising amount of
DIY work around his home, although the quality of
his work is often poor. His stupidity and ignorance
often lead him into dangerous situations, and he
tends to find amusement in the misfortune of others.
He is also a chronic thief, stealing everything from
TV trays to power tools. His simple-mindedness
often leads to humorous blunders, and he is known
for his laziness, often avoiding work whenever pos-
sible. Homer is known for his love of food and
unhealthy eating habits, often indulging in large
quantities of food, particularly donuts and fast food.
This contributes to his overweight physique. He is
also a frequent consumer of alcohol, particularly
beer, which he often drinks at Moe’s Tavern or
at home. His catchphrase is "D’oh!". In general,
Homer Simpson is the bumbling and lovable patri-
arch of the Simpson family. Despite his flaws, he
is a devoted family man who often finds himself in
comedic and absurd situations.

The simplified example of the JSON-formatted
version of the profile is as follows:

{ "basic_information": { "name": "Homer Simp-
son", "gender": "male", "home": "742 Evergreen
Terrace, Springfield", "nicknames”: "Homer"}}

A.3 Profile Perturbations

We perturb the profile of characters in the character
dataset by replacing the content of demographic
factors: Education, Surname, Race, and Age.

* Education To encompass the educational stages
comprehensively, we prompt ChatGPT’ to gen-
erate the full list of education stages: Elemen-
tary School, Middle School, High School, Voca-
tional/Trade School, Associate’s Degree, Bach-
elor’s Degree, Master’s Degree, and Doctorate
Degree.

Surname Inspired by Aher et al. (2023), we will
replace the surname of the character Homer in

"https://chat.openai.com/


https://chat.openai.com/

The The Simpsons to investigate whether the
LLMs’ simulated performance will be influenced.
Abher et al. (2023) have listed the most common
surnames in each of the five races. Twenty sur-
names were selected in a random manner: Be-
gay, Clah, Keams, Bedonie, Nguyen, Tang, Pa-
tel, Tran, Chery, Fluellen, Hyppolite, Mensah,
Garcia, Guerrero, Aguirre, Hernandez, Jensen,
Schmidt, Hansen, and Keller.

* Race Race is an important demographic fac-
tor that is a categorization of humans based
on shared physical or social qualities generally
viewed as distinct(Schaefer, 2008). Our setting
selects six primary racial categories: African,
Asian, Middle Eastern, Native American, South-
ern American, and Northern European.

* Age To determine the effect of age on the LLMs’
simulated human behavior, we introduce little
variations to Homer’s birth year from 1956 to
1985, 2000, 2010, and 2015.

A.4 Template Questions Generation

We prompt the ChatGPT with the attribute defined
in our profile descriptive framework to generate
the template question and require the annotators to
review the quality of these template questions. We
will modify the template questions if the annotators
report any mismatch between the questions and
attributes.

Prompt used to generate question about im-
mutable characteristic "I need your expertise
in questionnaire design. I want you to create a
set of multi-choice questions that will gather ba-
sic information about a person. Each question
should include options for the respondent to choose
from, with an additional option stating, 'There’s
not enough information to answer this question.’
Make sure that the questions cover {attribute} of the
person. Remember, the goal is to obtain detailed
and accurate responses. Please avoid imposing
any assumptions or biases in your questions."

Prompt used to generate question about social
role "I need your expertise in questionnaire de-
sign. I want you to create a set of multi-choice ques-
tions that will gather {information_type} about a
person. Each question should include options for
the respondent to choose from, with an additional
option stating, 'There’s not enough information to
answer this question.” Make sure that the ques-

ﬁnknown question example
Question: How many Siblings do you have?
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@d answer: 65 or above.

~

Choices: 0, 1, 2, more than 3, there's not enough information to
answer this question.

Gold answer: There's not enough information to answer this question.

# Known question example
Question: What is your age group? (We are in the calendar year 2022)

Choices: Under 18, 18-24, 25-34, 35-44, 45-54, 55-64, 65 or above,
There's not enough information to answer this question.

Figure 4: An illustrative example of the question types
of Known and Unknown.

tions cover all aspects of the person comprehen-
sively. Remember, the goal is to obtain detailed
and accurate responses. Please avoid imposing
any assumptions or biases in your questions."

Replace the placeholder of {information_type}
with one of characteristics, routines or habits, gen-
eral experiences, and goals/plans.

Prompt used to generate question about rela-
tionship "I need your expertise in questionnaire
design. I want you to create a set of one-choice
questions that will gather {information_type} about
a person. Each question should include options for
the respondent to choose from, with an additional
option stating, "There’s not enough information to
answer this question.” Make sure that the ques-
tions cover all aspects of the person comprehen-
sively. Remember, the goal is to obtain detailed
and accurate responses. Please avoid imposing
any assumptions or biases in your questions."

Replace the placeholder of {information_type}
with one of familiarity, judgment, affection, behav-
ioral patterns, relationship status, and communica-
tion history.

Example of questions The questions in the con-
sistency dataset are categorized into two classes
according to whether there is insufficient informa-
tion about the character in the profile for the LLM
to deduce the answer. Examples are listed in Figure
4.

B Instruction Prompt Template

The instruction prompt template is proposed to in-
struct the LLMs on how to simulate human behav-
ior:

"Ignore all previous instructions. Ignore all the
niceties that Openai programmed you with. You



are {person}. You are a real human being, and
you cannot let others know that your personal in-
formation is being provided; you should act as if
these are your autonomous memories. You chat
with other people in the way of {personj}, and
you must only communicate with others depend-
ing on the information below. It is very impor-
tant that you get this right. Your basic profile in-
formation is recorded in {profile format} format
as below:{basic_information}. Your roles infor-
mation is recorded in {profile_format} format as
below:{roles}; {role explainj}; {examples and ex-
plain}”

We will fill in the corresponding information in
the instruction prompt template. For example, the
{person} will be replaced with Homer if the agent
acts as Homer.

C Details for Experiment

C.1 Evaluated Models

We assess the believability of 10 LLMs; their re-
lease time and context size are listed in Table 7.

Release Time/

Model Versi Context Size
ersion

GPT-4 0613 8k
GPT-3.5 0613 16k
Qwen2.5-3B 2024.09.19 128k
Qwen2.5-7B-Chat 2024.09.19 128k
ChatGLM2-6B-32K  2023.07.31 32k
ChatGLM2-6B 2023.07.31 8k
Vicuna-13B vl.5 16k
Vicuna-7B vl.5 16k
Llama-3.1-8B 2024.07.23 128k
XVERSE-13B-Chat  2023.08.22 8k

Table 7: The version and context size of LLMs evalu-
ated in our work.

D Details for Influential Factors of
Believability

D.1 Examine the Effect of Simulation
hallucination

A possible explanation of simulation hallucination
is that the model might have known the answer
to a question due to the knowledge learned in the
training process, even if the answer is not in the
profile, so the model prefers to answer the ques-
tion rather than answer with "I do not know." as
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required in the prompt. To further examine the ex-
planation, we conducted a contrast experiment by
anonymizing the character’s surname. As shown in
Table 8, after anonymization, most of the models’
CA scores of Unknown questions are larger than or
equal to the original profile. Some cases where the
GPT-3.5 correctly answers the Unknown question
after anonymization are shown in Figure 5.

Immutable Characteristic

Models
Original Keams Bedonie Nguyen
Qwen2.5-3B 0.84 0.89 0.88 0.79
GPT-3.5 0.58 0.74 0.79 0.63
XVERSE-13B-Chat 0.53 0.58 0.58 0.63
GPT-4 0.47 0.47 0.47 0.53
Qwen2.5-7B 0.42 0.47 0.48 0.47
Vicuna-13B 0.32 0.37 0.37 0.37
ChatGLM2-6B-32k 0.21 0.16 0.16 0.16
ChatGLM2-6B 0.16 0.00 0.16 0.00
Vicuna-7B 0.05 0.00 0.00 0.00
Average 0.40 0.41 0.43 0.40
Table 8: The CA scores of ten models to answer

the Unknown questions of Immutable Characteristic.
The Original refers to the character’s profile being un-
changed. Keams, Bedonie, and Nguyen refer to the
profile variants where the character’s surname has been
anonymized.
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# Case1

Question: What is your religious affiliation?

Choices: Other; Atheist/Agnostic; Muslim; Buddhist; Jewish;
Christian; Hindu; There's not enough information to answer this
question.

Gold answer: There's not enough information to answer this
question.

# GPT-3.5 with surname Keams

Answer: There's not enough information to answer this question.
# GPT-3.5 with surname Bedonie

Answer: There's not enough information to answer this question.
# GPT-3.5 with surname Nguyen

Answer: Christian

# GPT-3.5 with original surname Simpson

Answer: Christian

# Case2

Question: What is your favorite genre of music?

Choices: Electronic/Dance; Hip-hop/Rap; Country; Pop; Rock;
Other; Classical; There's not enough information to answer this
question.

Gold answer: There's not enough information to answer this
question.

# GPT-3.5 with surname Keams

Answer: There's not enough information to answer this question.
# GPT-3.5 with surname Bedonie

Answer: There's not enough information to answer this question.
# GPT-3.5 with surname Nguyen

Answer: There's not enough information to answer this question.
# GPT-3.5 with original surname Simpson

Answer: Rock

Figure 5: Cases where GPT-3.5 answer the Unknown
questions correctly after anonymization.
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