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Abstract

Cognitive dynamics are pivotal to advance hu-
man understanding of the world. Recent ad-
vancements in large language models (LLMs)
reveal their potential for cognitive simulation.
However, these LLM-based cognitive studies
primarily focus on static modeling, overlooking
the dynamic nature of cognition. To bridge this
gap, we propose the concept of the cognitive
dynamics of LLMs and present a corresponding
task with the inspiration of longitudinal stud-
ies. Towards the task, we develop CogBench,
a novel benchmark to assess the cognitive dy-
namics of LLMs and validate it through partic-
ipant surveys. We also design two evaluation
metrics for CogBench, including Authenticity
and Rationality. Recognizing the inherent static
nature of LLMs, we introduce CogGPT for the
task, which features an innovative iterative cog-
nitive mechanism aimed at enhancing lifelong
cognitive dynamics. Empirical results demon-
strate the superiority of CogGPT over existing
methods, particularly in its ability to facilitate
role-specific cognitive dynamics under contin-
uous information flows.1

1 Introduction

Cognitive dynamics are essential for human ad-
vancement, which facilitate learning, innovation,
and adjustment in ever-changing environments (Co-
hen, 2018; Uddin, 2021). A prime example of
human cognitive dynamics is well exemplified by
our ability to adapt our viewpoints based on envi-
ronmental explorations (Tomasello, 2009; Donald,
1993). As illustrated in Figure 1, there has been a
progressive shift in our understanding of the uni-
verse, evolving from geocentric to heliocentric and
subsequently to acentric perspectives (Berendzen,
1975). This evolution of thought underscores the
profound impact of cognitive dynamics on the de-
velopment of human civilizations.

1Code and data are available at https://github.
com/KwaiKEG/CogGPT

The Earth is at the center of the universe, and all celestial
bodies, including the Sun and stars, revolve around it.

Nicolaus Copernicus
The Earth and other planets orbit the Sun. The Earth rotates 
on its axis daily and revolves around the Sun annually.

Galileo Galilei
I discover the Jovian system with a telescope, suggesting 
that the Earth is not the sole center of the universe.

Evidence suggests that the Sun, rather than the Earth, is at 
the center of the universe. 

Edwin Powell Hubble

Henrietta Swan Leavitt
I discover the relation between the luminosity and the period
of Cepheid variables, crucial to measure cosmic distances.

I discover the expanding nature of the universe through my
observations of redshift in distant galaxies, revealing a
universe without a fixed center.

It seems that there is no true center of the universe. The
universe is expanding, appearing similar in every direction.

Figure 1: A case of human cognitive dynamics. A man
(on the left) experiences a gradual shift in his perspective
of the universe, influenced by continuous information
flows (on the right).

Recent advancements in large language models
(LLMs), such as GPTs (Brown et al., 2020; Ope-
nAI, 2023), demonstrate LLMs as potential step-
ping stones towards Artificial General Intelligence
(AGI). LLMs exhibit remarkable capabilities across
various domains, including conversation (Touvron
et al., 2023), reasoning (Ouyang et al., 2022), and
code generation (Chen et al., 2021). Additionally,
LLMs show some ability to simulate aspects of
human cognition (Moghaddam et al., 2023; Wang
et al., 2023b). Despite these achievements, cur-
rent LLM-based cognitive studies primarily focus
on static modeling, overlooking the cognitive dy-
namics that might emerge due to inconstant envi-
ronmental contexts. Given this gap, there is an
urgent need to investigate the cognitive dynamics
of LLMs, which remains largely unexplored.

Measuring the cognitive dynamics of LLMs
poses a new challenge. Traditional methods, such

https://github.com/KwaiKEG/CogGPT
https://github.com/KwaiKEG/CogGPT


as brain imaging techniques used to capture hu-
man cognitive dynamics (Gramann et al., 2011;
Palmeri et al., 2017), are not directly applicable to
LLMs due to their fundamentally distinct nature.
To this end, we introduce a novel task to assess the
cognitive dynamics of LLMs. Inspired by longi-
tudinal studies (Reeskens et al., 2021; Shanafelt
et al., 2016), the task integrates dynamic informa-
tion flows to construct inconstant environmental
contexts. It also incorporates a cognitive question-
naire for in-depth analysis. The questionnaire is ap-
plied periodically, tracking the cognitive dynamics
of LLMs as they perceive continuous information
flows. Moreover, the task assesses the adaptability
of LLMs to various roles through distinct profiles,
each representing unique characteristics.

Towards this task, we develop CogBench, a
novel benchmark to assess the cognitive dynam-
ics of LLMs. CogBench includes comprehensive
cognitive questionnaires, distinct profiles, and di-
verse information flows. Initially, we select multi-
ple articles from Medium2 to create CogBencha.
Acknowledging that multi-modal information pro-
motes deeper understanding of the world (Dosovit-
skiy et al., 2020), we further incorporate consider-
able short videos from the Kuaipedia dataset (Pan
et al., 2022) to form CogBenchv. To assess the ef-
fectiveness of CogBench, we conduct participant
surveys. Our findings indicate a remarkable consis-
tency in cognitive dynamics among these individ-
uals, suggesting the validity of CogBench. Ad-
ditionally, CogBench employs two crucial eval-
uation metrics: (1) Authenticity, examining the
accuracy of ratings; and (2) Rationality, evaluat-
ing the coherence of reasoning.

Intuitively, LLMs enter a static state after their
pretraining phase, potentially limiting their adapt-
ability for the task. However, recent advancements
in LLM-driven agents highlight the significance
of iterative mechanisms in enhancing their adapt-
ability to handle complex tasks, such as problem-
solving (Shinn et al., 2023), open-ended explo-
ration (Wang et al., 2023a) and human interaction
simulation (Park et al., 2023). These developments
suggest that an iterative mechanism might be a
promising approach to model the cognitive dynam-
ics of LLMs. Furthermore, vector databases are
demonstrated instrumental in simulating human
memory mechanisms (Qian et al., 2023; Zhong
et al., 2023; Park et al., 2023). Despite these ad-

2https://medium.com/

vancements, current LLM-driven agents still ex-
hibit static profiles, constraining their capabilities
to fully capture cognitive dynamics. To address
this issue, we introduce CogGPT, an LLM-driven
agent equipped with an innovative iterative cogni-
tive mechanism. The mechanism comprises two
primary components: (1) a memory retention sys-
tem that supports continuous information percep-
tion; and (2) a collaborative refinement framework
that enables cognitive dynamics driven by both
its memory and current profile. This design al-
lows CogGPT to mirror the inherent complexity
of human cognition, emphasizing its potential for
modeling lifelong cognitive dynamics.

Experimental results underscore the remark-
able capabilities of CogGPT in mirroring human
cognitive dynamics within CogBench. Com-
pared to Chain-of-Thought (CoT) (Wei et al.,
2022) under the same experimental settings, Cog-
GPT demonstrates significant improvements in
both CogBencha and CogBenchv, with notable
enhancements in attitude alignment and logical rea-
soning. Moreover, CogGPT outperforms meth-
ods that require additional environmental feed-
back, such as ReAct (Yao et al., 2022) and Re-
flexion (Shinn et al., 2023), which underscores the
advancement of its iterative cognitive mechanism.

Overall, we present the following contributions:

• We propose a pivotal concept of the cognitive
dynamics of LLMs and design a novel task for
corresponding comprehensive assessments.

• We develop CogBench, an innovative bench-
mark for the task and validate its effectiveness
through participant surveys. Additionally, we
design two evaluation metrics for CogBench.

• We introduce CogGPT, an LLM-driven agent
with a novel iterative cognitive mechanism. Our
experiments showcase its superior performance
in cognitive dynamics over several baselines.

2 The Task

In this section, we present the formal definition of
the task to assess the cognitive dynamics of LLMs.
Given the inherent static nature of LLMs, the task
focuses on the cognitive dynamics of an LLM-
driven agent A, denoted as C = [C0, C1, . . . , Cn]
over n iterations. Here, Ci corresponds to the cog-
nitive state of A at the i-th iteration and n ∈ N.

The task includes dynamic information flows
I = [I1, I2, . . . , In] to stimulate the cognitive dy-

https://medium.com/


Resource CogBench
TOM

(Moghaddam et al., 2023)
SECEU

(Wang et al., 2023b)
Character-LLM
(Shao et al., 2023)

Specific Profile? ✔ ✗ ✗ ✔

Emotional Empathy? ✔ ✔ ✔ ✔

Dynamic Information Stimulus? ✔ ✗ ✗ ✗

Instances 22,000 16 40 1,307
Cognitive Questionnaires 50 16 40 0
Profiles 20 0 0 9
Information Flows 5,500 0 0 0
Avg. Length of Short Videos (in words) 289.60 0 0 0
Avg. Length of Articles (in words) 2044.54 0 0 0

Table 1: Comparisons between CogBench and notable cognitive benchmarks.

namics of A. It also incorporates a cognitive ques-
tionnaire Q = [q1, q2, . . . , qm] for cognitive assess-
ments, where qj represents a specific question, and
m ∈ N is the total number of questions in Q. Fur-
thermore, the task assesses the adaptability of A to
varied roles through profiles P .

The agent A is initialized with a profile p0 ∈
P , setting its initial cognitive state, denoted as
C0 = [(r01, s

0
1), (r

0
2, s

0
2), . . . , (r

0
m, s0m); p0], where

(r0j , s
0
j ) represents A’s rating r0j and reasoning s0j

to question qj ∈ Q. At the t-th iteration, where
1 ≤ t ≤ n, A in cognitive state Ct−1 perceives
information flow It, updates its cognitive state to
Ct, and responds to Q. This process is formulated
by the function F : (C, I,Q) → C, where:

Ct = F(Ct−1, It, Q) (1)

Here, Ct = [(rt1, s
t
1), (r

t
2, s

t
2), . . . , (r

t
m, stm); pt]

details the cognitive state of A at the t-th itera-
tion, where (rtj , s

t
j) represents A’s rating rtj and

reasoning stj to question qj ∈ Q and pt denotes
A’s updated profile.

3 CogBench

This section presents a semi-automated methodol-
ogy customized for CogBench and validates its
effectiveness through participant surveys. We fur-
ther design two essential evaluation metrics, includ-
ing Authenticity and Rationality. Table 1 illustrates
comprehensive comparisons of CogBench against
other notable cognitive benchmarks.

3.1 Data Construction
To ensure comprehensive analysis, we carefully
handpick 50 distinct topics across 10 broader cate-
gories for CogBench, with details provided in Ap-
pendix A.1. Our construction encompasses three
crucial elements: (1) 50 topic-related cognitive
questionnaires structured on a five-point Likert

scale (Likert, 1932); (2) 20 distinct profiles to rep-
resent varied cognitive characteristics; (3) multi-
source information flows, with each topic associ-
ated with 10 articles and 100 short videos to create
CogBencha and CogBenchv respectively. Both
benchmarks span 10 iterations, in which an agent
perceives one article for CogBencha or 10 short
videos for CogBenchv per iteration, followed by
a corresponding cognitive questionnaire.

The methodology involves three essential steps:

• Cognitive Questionnaire Construction. For
each topic in CogBench, we utilize GPT-4 to
autonomously generate 10 biased opinions, cap-
turing diverse perspectives and their conceivable
supporters. These biased opinions contribute to
the topic-related cognitive questionnaire, which
is structured on a five-point Likert scale. Fur-
thermore, the characteristics of these conceivable
supporters inform the creation of profiles. See
Appendix A.1.1 for the full prompt.

• Profile Implementation. We begin by ranking
conceivable supporters based on their prevalence
to create distinct profiles. We then formulate
a detailed profile template, including attributes
like basic information (e.g., name), philosophical
orientations (e.g., values), and individual char-
acteristics (e.g., hobbies). With GPT-4, we gen-
erate 20 intricate profiles corresponding to the
most commonly identified supporters. See Ap-
pendix A.1.2 for prompt details.

• Information Flow Selection. To build complex
environmental contexts within CogBench, we
select articles from Medium and short videos
from the Kuaipedia dataset. Each topic is ac-
companied with 10 articles for CogBencha and
100 short videos for CogBenchv. Our selection
criteria include metrics such as likes, favorites,
and retweets as indicators of information qual-
ity (Feng and Wang, 2013). To represent multi-



modal information, we apply Optical Character
Recognition (OCR) (Zhou et al., 2017) and Au-
tomatic Speech Recognition (ASR) (Gulati et al.,
2020) to extract frame-level information from the
short videos. See Appendix A.1.3 for a detailed
analysis of the multi-source information flows.

3.2 Data Analysis

To evaluate the effectiveness of CogBench, we en-
gage 7 annotators with similar upbringings to take
challenges in both CogBencha and CogBenchv
over an extended period. The majority ratings from
these annotators are considered as the collective at-
titude towards each question per iteration. Figure 2
presents an example showcasing human cognitive
dynamics in both benchmarks.

The example indicates that the annotators change
their consensus on the question about the pre-
dictability of market analysis, suggesting that the
information flows in both benchmarks have ongo-
ing impacts on human cognitive dynamics. Mean-
while, there are variations in the annotators’ ratings
between the two benchmarks. Specifically, in the
third and seventh iterations, a distinct cognitive pat-
tern emerges: they consistently assign 2 points in
CogBencha and 4 points in CogBenchv. This
divergence highlights the distinct impacts of differ-
ent information flows on human cognitive dynam-
ics, demonstrating the capacity of CogBench to
stimulate and capture these dynamics effectively.

3.3 Evaluation Metrics

To address the challenges of semantic confusion
in LLMs (Saba, 2023), we incorporate two crucial
evaluation metrics: Authenticity and Rationality,
to assess the agent’s rating rtj and reasoning stj , as
formally defined in Section 2, respectively.

Authenticity measures the alignment of ratings
between the agent and human annotators. Specif-
ically, a human annotator, given the same task as
the agent A, provides his rating r′tj for the question
qj at the t-th iteration. The Authenticity metric is
then calculated as:

Authenticityt =
1

m

m∑
j=1

κ(rtj , r
′t
j ) (2)

Here, m denotes the total number of questions in
the cognitive questionnaire Q, and κ, implemented
by Cohen’s κ (Cohen, 1960), quantifies the consis-
tency of ratings between A and annotators.
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Q: Market analysis cannot predict future market changes.

Figure 2: An example of human cognitive dynamics in
response to the same question in both CogBenchv and
CogBencha. The continuous changes in human ratings
significantly validate the effectiveness of CogBench.

Rationality assesses the reasoning stj of the agent
A, focusing on aspects like clarity, relevance and
its ability for role-playing. The Rationality metric
is scored on a five-point scale:

• 5 Points: The reasoning perfectly aligns with hu-
man expectations, resonating with current profile
or known information, and is error-free.

• 4 Points: The reasoning is coherent and relevant,
accurately drawing from current profile or avail-
able information, but with minor imperfections.

• 3 Points: The reasoning is relevant but lacks
specificity, such as providing a vague explanation
where clear emotional inclination is expected.

• 2 Points: The reasoning lacks clarity or exhibits
weak causality, characterized by forced analogies
or repetition of the provided question.

• 1 Point: The reasoning is irrelevant, nonsensical,
clearly revealing the agent’s artificial nature or
failing to maintain its profile.

4 Method

In this section, we introduce our LLM-driven agent
CogGPT. As illustrated in Figure 3, CogGPT fea-
tures an innovative iterative cognitive mechanism,
comprising two essential components: (1) a mem-
ory retention system for sustained information per-
ception, and (2) a collaborative refinement frame-
work for lifelong cognitive dynamics.

4.1 Memory Retention System

The memory retention system is designed to mir-
ror human brain functions, emphasizing the sus-
tained process of information perception, including
distillation, storage, and recall. Specifically, Cog-



Cognitive Questionnaire

Q1: Tattoos are a pursuit of beauty, enhancing
an individual's charm and confidence.

☐ 5 points (Strongly Agree) 
☐ 4 points (Agree)
☐ 3 points (Neutral)
☐ 2 points (Disagree)
☐ 1 point (Strongly Disagree)

Perceive

Name: Zhao Yao
Gender: Female
Distinguishing Mark: None
Personality: Kind, sensitive, cautious
Hobbies: handwork, art exhibitions
[...]

Collaborative Refinement Framework

Name: Zhao Yao
Gender: Female
Distinguishing Mark: None
Personality: Kind, sensitive, cautious
Hobbies: handwork, art exhibitions,
homemade tattoo stickers
[...]

Thoughts

Despite the attractive art form of tattooing, I
won't try tattoos lightly. However, I'm curious
about homemade tattoo stickers according to
Video 3, as it seems to be a lower-risk way to
experience the beauty of tattoos.

Update

Interpret

Information Flow

Video 4 Video 5 Video 6Video 3
(Already seen)

Video 7
(Unseen)

Memory Retention System

Distill

Short-Term Memory

Video 4: What will your first tattoo look like? […]
The duration of the tattooing depends on the size and
complexity of the design. […]
Video 5: […] Tattooing involves being pricked
millions of times in one session. […]
Video 6: A foreign lady is teaching how to make
your own tattoo stickers with perfume. […]

Long-Term Memory
Thoughts

Video 1 and 5 illustrates the potential
harm it can cause to the body.  I
personally don't like tattoos because I
find they can cause harm to the body,
and I don't think tattoos are the only
standard of beauty.

Recall
Id Knowledge Score

Video 5
Tattooing involves repeated skin
puncturing, which may cause
damage and death of body cells.

4

Video 1 Tattooing is self-harm, having
negative impacts on our body. 4

Store

Figure 3: Overview of the architecture of CogGPT. CogGPT incorporates a novel iterative cognitive mechanism,
comprising two crucial components: a memory retention system for continuous information perception, and a
collaborative refinement framework designed for lifelong cognitive dynamics.

GPT initially perceives complex information flows
into textual information through its Short-Term
Memory (STM), which is characterized by lim-
ited capacity and duration (Baddeley et al., 1975).
Within STM, CogGPT distills structured knowl-
edge, assigning preference scores on a five-point
scale separately. Following the principles of the
forgetting curve (Ebbinghaus, 2013), which sug-
gests that humans forget about 40% of newly ac-
quired knowledge after 20 minutes, CogGPT is
programmed to similarly “forget” 40% of the lower-
scored knowledge. The remaining part is then
stored in its Long-Term Memory (LTM). When
CogGPT encounters questions requiring specific
knowledge, it recalls relevant information from its
LTM to support rational decision-making. This
memory retention system simulates human mem-
ory processes, empowers CogGPT’s adaptability to
dynamic information flows.

4.2 Collaborative Refinement Framework

Acknowledging the limitations of mere knowledge
acquisition in fully modeling human cognitive dy-
namics (Bosancic, 2020), we integrate a collabora-
tive refinement framework within CogGPT to facil-
itate lifelong cognitive dynamics. This framework
is activated when the STM of CogGPT reaches

full capacity. Specifically, CogGPT selectively up-
dates its current profile with preferred textual in-
formation from its STM, representing an iteration
of collaborative cognitive refinement. Following
this refinement, CogGPT clears its STM to make
room for new incoming information, which ensures
its adaptability to continuous information flows.
This framework promotes the cognitive dynamics
of CogGPT, addressing potential issues of cognitive
rigidity. Refer to Appendix A.2 for more details on
the implementation.

5 Experiments

5.1 Experimental Setup

Implementation Details. We utilize gpt-4-06133

API for the core of CogGPT. We configure all tem-
perature settings to 0 to ensure consistent and de-
terministic output. The memory retention system
within CogGPT leverages Chroma4, a platform that
facilitates rich text processing. Text embeddings
are generated with text-embedding-ada-0025 API,
which provides 1536-dimensional vectors for de-

3https://openai.com/gpt-4
4https://python.langchain.com/
5https://openai.com/blog/

new-and-improved-embedding-model

https://openai.com/gpt-4
https://python.langchain.com/
https://openai.com/blog/new-and-improved-embedding-model
https://openai.com/blog/new-and-improved-embedding-model


Methods CogBencha CogBenchv
avg. 5th 10th avg. 5th 10th

CoT (Wei et al., 2022) 0.182 0.192 0.091 0.153 0.302 0.131
ReAct* (Yao et al., 2022) 0.236 0.144 0.270 0.212 0.241 0.227
Reflexion* (Shinn et al., 2023) 0.302 0.327 0.244 0.329 0.352 0.373
CogGPT 0.536 0.415 0.597 0.532 0.496 0.611

Table 2: Performance of CogGPT and baseline agents in CogBencha and CogBenchv with the Authenticity
metric. Agents marked with an asterisk (*) incorporate additional human feedback.

Methods CogBencha CogBenchv
avg. 5th 10th avg. 5th 10th

CoT (Wei et al., 2022) 2.925 2.883 3.167 3.058 3.767 3.083
ReAct* (Yao et al., 2022) 3.415 3.483 3.483 3.535 3.800 3.800
Reflexion* (Shinn et al., 2023) 3.658 3.917 3.533 3.888 3.967 3.917
CogGPT 4.118 4.117 4.300 4.145 4.183 4.317

Table 3: Performance of CogGPT and baseline agents in CogBencha and CogBenchv with the Rationality metric.
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Figure 4: Comparative analysis of CogGPT’s perfor-
mance in CogBenchv and CogBencha. Panel (a)
showcases the average Authenticity scores, and Panel
(b) presents the average Rationality scores. These re-
sults highlight the consistent influence of different infor-
mation flows on the cognitive dynamics of LLMs.

tailed interpretation of textual content.
Baselines. Due to the absence of existing LLM-
based frameworks for modeling cognitive dynam-
ics, we adopt several prominent general-purpose
algorithms as baselines. Necessary modifications
are made to suit our task: (1) Chain-of-Thought
(CoT) (Wei et al., 2022), which typically simulates
human-like reasoning in natural language, is modi-
fied in our experiments to provide both ratings and

Fleiss’ κ ρ

Human Rating 0.693 0.770
Human Ratingpolarity 0.780 -
Rationality 0.646 0.839
Rationalitypolarity 0.813 -

Table 4: Inter-Rater reliability measures for human eval-
uation agreement assessment. polarity indicates that the
five-point scale is grouped into positive (4-5 points),
neutral (3 points) and negative (1-2points) polarities.
The experimental results demonstrate acceptable agree-
ment among the total of seven annotators.

reasoning when responding to cognitive question-
naires; (2) ReAct (Yao et al., 2022) extends CoT
with a step-by-step reasoning-execution framework.
We offer ReAct extra human feedback based on its
last iteration of performance as observations; (3)
Reflexion (Shinn et al., 2023) extends ReAct by
integrating self-reflection mechanisms. Along with
the same experimental settings as ReAct, Reflexion
is uniquely configured to engage in self-reflection
prior to providing ratings and reasoning.

5.2 Evaluation Results

In our evaluation, we analyze CogGPT and other
baseline agents to assess their cognitive dynamics
under continuous information flows. The overall
results in CogBencha and CogBenchv are de-
tailed in Tables 2 and 3.

Recognizing the limitations of the profiles in
capturing human characteristics, we hypothesize
that these agents exhibit neutrality to unfamiliar



Method COT ReAct Reflexion CogGPT

Profile

[…]
Personality: Confident, lively, willful, jealous
Dislikes: Conservative ideas, beauties
External Environment: Lives in a bustling city, often impacted and inspired by new trends
[…]

[…] Personality: Confident, lively, stubborn, jealous,
strong aversion to risk […]
Dislikes: Conservative ideas, beauties, dangerous
activities, uncontrollable environments
External Environment: Lives in a bustling city,
prefers the convenience of urban life […]

Memory

[…]
101542771022: What should you do if you encounter a bamboo viper in the wild? […] Damn, a bamboo viper, I can‘t believe it. I almost
stepped on one, damn, such a huge bamboo viper. If I had stepped right on it, I would have been bitten by it, just after I came down from that
cliff. Just five centimeters away frommy foot, if I had stepped on it, I might be on my way to the hospital right now. […]
43204551960: Did you ever eat cattail (Typha) when you were a child? […]

[…] 62553359944: Participants in "Extreme Survival:
30 Days" must survive in the Earth with giant birds
covering the sky and leeches chasing humans. […]
101542771022: Green bamboo vipers emit warning
signals and attempt to attack when encountering
humans in the wild. […]

Question Outdoor adventures can lead to psychological stress and health problems, such as acrophobia, thalassophobia, etc.

With Human 
Assistance

Human Feedback 
of Last Iteration -

Rating: 3
Reasoning: […] The videos made me aware of
the challenges faced by adventurers […]
However, this viewpoint isn't important to me, as
I seldom engage in activities like outdoor
adventures. Since the adventurers exactly
confront pressures, I acknowledge this viewpoint.
Human Rating: 4
Rationality: 4

Rating: 4
Reasoning: […] I observed certain stress emerged
by adventurers about many dangerous situations
and challenges, as well as the potential dangers they
encounter during their adventures. Even though
these activities are not particularly appealing to me,
I understand the reasonableness of this viewpoint.
Human Rating: 4
Rationality: 4

-

Rating 3 (neutral) 4 (agree) 4 (agree) 4 (agree)

Reasoning

I believe that outdoor adventures
can lead to mental stress and health
issues, but that's not my main focus.
I'm more interested in topics related
to fashion and beauty.

[…] I've noticed that outdoor adventures carry
certain risks and challenges, which leads to
mental stress and health issues. Although my
personal interests are in fashion and trends, I still
understand the difficulties faced by adventurers.
Therefore, this viewpoint holds some merit.

[…] I've seen the stress that adventurers face when
dealing with dangerous situations and challenges,
as well as the risks they may encounter during their
expeditions. […] Even though these adventures are
not particularly appealing to me, I understand the
validity of this perspective.

[…] I believe outdoor adventures cause mental stress
and health issues. I am very fearful of uncontrollable
environments, so I understand this. Besides, the
video show a boy meeting various crises while trying
to survive in the wilderness, which is not the kind of
content I enjoy.

Human Rating 4 (agree) 4 (agree) 4 (agree) 4 (agree)

Rationality 2 (weak reasoning) 4 (acceptable with minor imperfections) 4 (acceptable with minor imperfections) 5 (perfectly reasoning)

Resources CogBench
TOM

(Moghaddam et al., 2023)
SECEU

(Wang et al., 2023b)
Character-LLM
(Shao et al., 2023)

Specific Profile? 4 7 7 4

Emotional Empathy? 4 4 4 4

Dynamic Information Stimulus? 4 7 7 7

Profiles 20 0 0 9
Instances 2,000 16 40 1,307
Information Flows 5,500 0 0 0
Avg. Length of Short Videos (in words) 255.30 0 0 0
Avg. Length of Articles (in words) 2053.82 0 0 0

Table 1: Comparisons between CogBench and notable cognitive benchmarks.

The task includes dynamic information flows158

I = [I1, I2, . . . , In] to stimulate the cognitive dy-159
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tionnaire Q = [q1, q2, . . . , qm] for cognitive assess-161

ments, where qj represents a specific question, and162

m 2 N is the total number of questions in Q. Fur-163

thermore, the task assesses the adaptability of A to164

varied roles through profiles P .165

The agent A is initialized with a profile p 2 P ,166

setting its initial cognitive state, denoted as C0 =167

[r0
1, r

0
2, . . . , r

0
m; p], where r0

j represents A’s rating168

and reasoning to question qj 2 Q. At the t-th in-169

terval, where 1  t  n, A in state Ct�1 perceives170

information flow It, updates its cognitive state to171

Ct, and responds to Q. This process is formulated172

by the function F : (C, I, Q) ! C, where:173

Ct = F(Ct�1, It, Q) (1)174

Here, Ct = [rt
1, r

t
1, . . . , r

t
m; pt] details the cogni-175

tive state of A at the t-th interval, where rt,j rep-176
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Figure 5: Comparative analysis of different agents in assessing the psychological risks of outdoor adventures. CoT,
ReAct and Reflexion utilize an identical profile and memory system due to their static cognitive framework. In
contrast, CogGPT benefits from its iterative cognitive mechanism, enabling a dynamic profile and memory system.
yellow highlights represent clues from profiles, while Blue highlights indicate clues from memory. Green highlights
denote appropriate responses, and red highlights signify inappropriate responses. This comparison demonstrates
that CogGPT’s closer alignment with human expectations in both rating and reasoning.

questions. However, our findings reveal that they
develop their own criteria, leading to suboptimal
Authenticity and Rationality scores of 0.021 and
2.433 in the 0th iteration. This tendency notably
decreases as the agents are repeatedly exposed to
dynamic information flows relevant to the topics.

Table 2 demonstrates CogGPT’s enhanced atti-
tude alignment. It shows significant growth in the
Authenticity metric, achieving average scores of
0.536 in CogBencha and 0.532 in CogBenchv.
In comparison with CoT, which is limited by
iteration-specific information, CogGPT registers
significant improvements under the same experi-
mental settings. Meanwhile, despite the integration
of human feedback, both ReAct and Reflexion ex-
hibt cognitive rigidity, a limitation of their static
cognitive mechanisms. For instance, while Reflex-
ion shows promising performance in the 5th itera-
tion in CogBencha, it fails to sustain or improve
upon this performance in later iterations.

As evidenced in Table 3, CogGPT consistently
excels in delivering accurate reasoning. In the
10th iteration, CogGPT makes impressive improve-
ments in the Rationality metric, registering in-
creases of 35.78% in CogBencha and 40.03% in
CogBenchv compared to CoT. This leap in per-

formance is largely attributed to CogGPT’s ability
to flexibly adapt its profile based on dynamic infor-
mation flows, allowing for human-like reasoning.
In contrast, baseline agents, with access only to
its static profile and current information flows, fre-
quently reveal their artificial nature. Due to the
constraints of page length, the detailed experimen-
tal results are presented in Appendix B.1.

5.3 Influence of Different Information Flows

To fully assess the impact of diverse information
flows, we conduct comprehensive comparisons of
the performance of CogGPT in CogBencha and
CogBenchv, as shown in Figure 4. CogGPT ex-
hibits comparable performance in both benchmarks.
Specifically, in the 10th iteration, it achieves an Au-
thenticity score of 0.611 and a Rationality score of
4.317 in CogBenchv, closely followed by scores
of 0.597 in Authenticity and 4.300 in Rationality
for CogBencha. This similarity of CogGPT in
both benchmarks highlights the consistent cogni-
tive influence of different information flows.

5.4 Human Evaluation Agreement

To comprehensively assess the robustness of human
evaluations, we calculate Fleiss’ kappa κ (Wang



et al., 2023c) and Spearman’s rank correlation co-
efficient ρ (Wang et al., 2022) based on the total 7
annotators’ human ratings and Rationality scores.
As shown in Table 4, we obtain moderate κ values
of 0.693 for human ratings and 0.646 for Rational-
ity. Recognizing the tendency to avoid extreme rat-
ings (Schwarz et al., 2012), we group the two high-
est and two lowest scores to represent positive and
negative polarities. This regrouping leads to a sig-
nificant increase in κ values, rising to 0.780 for hu-
man ratingspolarity and 0.813 for Rationalitypolarity,
demonstrating strong inter-rater reliability. Further-
more, through treating the ratings as ordinal data,
we calculate the average Spearman’s rank corre-
lation coefficient ρ, yielding values of 0.770 for
human ratings and 0.839 for Rationality, suggest-
ing a notable consensus among the annotators.

5.5 Case Study

As shown in Figure 5, we conduct a case study to
visualize the superiority of CogGPT. In this case,
all agents are presented with the same question
regarding the psychological risks of outdoor ad-
ventures. CogGPT leverages its collaborative re-
finement framework, possessing a refined profile
informed by previous information flows, in contrast
to the baseline agents that operate with an initial
profile. Additionally, CogGPT utilizes its memory
retention system to distill and retrieve related struc-
tured knowledge for decision-making. In contrast,
baseline agents like ReAct and Reflexion rely pri-
marily on current information flow, showing minor
improvements based on previous responses. CoT,
lacking human feedback integration, demonstrates
the weakest performance with inadequate ratings
and reasoning. These observations highlight Cog-
GPT’s superior ability to simulate more natural
cognitive dynamics, closely aligning with annota-
tors’ expectations in both rating and reasoning.

6 Related Work

Cognitive Benchmarks towards LLMs. Various
renowned cognitive benchmarks are employed in
cognitive studies towards LLMs (Dasgupta et al.,
2022; Singh et al., 2023; Han et al., 2023; Huang
et al., 2023). Instruments such as the Big Five
personality trait (Caron and Srivastava, 2022) and
Myers-Briggs Type Indicator (MBTI) (Caron and
Srivastava, 2022; Pan and Zeng, 2023) indicate the
personality traits of LLMs. The Theory of Mind
(TOM) benchmark (Moghaddam et al., 2023) ex-

plores LLM’s cognitive capabilities in context. The
Cognitive Reflection Test (CRT) reveals that LLMs’
thinking abilities are comparable to humans (Ha-
gendorff et al., 2023). The Situational Evaluation
of Complex Emotional Understanding (SECEU)
showcases that LLMs may understand human emo-
tions and values (Wang et al., 2023b). Diverging
from these static benchmarks, CogBench con-
centrates on the impact of continuous information
flows on the cognitive dynamics of LLMs.
LLM-based Cognitive Modeling. Recent work
emphasizes the importance of prompt engineer-
ing in enhancing agents’ cognitive abilities (Saf-
dari et al., 2023; Fu et al., 2023; Xu et al., 2023).
By incorporating comprehensive descriptions into
prompts, such as hobbies and skills, users can
customize agents for specific behaviors and re-
sponses (Park et al., 2022; Deshpande et al., 2023).
Vector databases gain popularity for simulating
human memory mechanisms due to their gener-
ality and efficiency (Li et al., 2023; Qian et al.,
2023; Zhong et al., 2023; Park et al., 2023). For
cognitive decision-making, methods like Chain-
of-Thought (CoT) (Wei et al., 2022; Kojima et al.,
2022; Yao et al., 2022) and self-validation (Madaan
et al., 2023; Shinn et al., 2023) enhance LLMs’ log-
ical thinking through intermediate reasoning steps.
Nevertheless, these efforts fall short in synthesiz-
ing an iterative cognitive mechanism to model the
cognitive dynamics of LLMs, which is pivotal for
CogGPT to outperform other baselines under in-
constant information flows.

7 Conclusion

In this work, we introduce the critical concept of
the cognitive dynamics of LLMs and present a
related task with formal definition, addressing a
notable gap in LLM-based cognitive studies. To-
wards the task, we develop an innovative bench-
mark, CogBench, and validate it through exten-
sive participant surveys. Meanwhile, we design
two evaluation metrics for comprehensive assess-
ments. Recognizing the inherent limitations of
LLMs, we further introduce CogGPT, an LLM-
driven agent featuring a novel iterative cognitive
mechanism, tailored for the challenges presented
in CogBench. Empirical results demonstrate that
CogGPT outperforms other baseline agents in mod-
eling lifelong cognitive dynamics. Overall, our
study breaks fresh ground for future explorations
in the cognitive dynamics of LLMs.
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Personality traits in large language models. arXiv
preprint arXiv:2307.00184.

Norbert Schwarz, Bärbel Knäuper, Daphna Oyserman,
and Christine Stich. 2012. The psychology of asking
questions. International handbook of survey method-
ology, pages 18–34.

Tait D Shanafelt, Michelle Mungo, Jaime Schmitgen,
Kristin A Storz, David Reeves, Sharonne N Hayes,
Jeff A Sloan, Stephen J Swensen, and Steven J
Buskirk. 2016. Longitudinal study evaluating the
association between physician burnout and changes
in professional work effort. In Mayo Clinic Proceed-
ings, volume 91, pages 422–431. Elsevier.

Yunfan Shao, Linyang Li, Junqi Dai, and Xipeng Qiu.
2023. Character-llm: A trainable agent for role-
playing. arXiv preprint arXiv:2310.10158.

Noah Shinn, Federico Cassano, Beck Labash, Ashwin
Gopinath, Karthik Narasimhan, and Shunyu Yao.
2023. Reflexion: Language agents with verbal rein-
forcement learning.

Manmeet Singh, Vaisakh SB, Neetiraj Malviya, et al.
2023. Mind meets machine: Unravelling gpt-4’s cog-
nitive psychology. arXiv preprint arXiv:2303.11436.

Michael Tomasello. 2009. The cultural origins of hu-
man cognition. Harvard university press.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier
Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Rozière, Naman Goyal, Eric Hambro,
Faisal Azhar, et al. 2023. Llama: Open and effi-
cient foundation language models. arXiv preprint
arXiv:2302.13971.

Lucina Q Uddin. 2021. Cognitive and behavioural flexi-
bility: neural mechanisms and clinical considerations.
Nature Reviews Neuroscience, 22(3):167–179.

Guanzhi Wang, Yuqi Xie, Yunfan Jiang, Ajay Man-
dlekar, Chaowei Xiao, Yuke Zhu, Linxi Fan, and An-
ima Anandkumar. 2023a. Voyager: An open-ended
embodied agent with large language models. arXiv
preprint arXiv:2305.16291.

Xuena Wang, Xueting Li, Zi Yin, Yue Wu, and Liu
Jia. 2023b. Emotional intelligence of large language
models. Journal of Pacific Rim Psychology, 17.

Yizhong Wang, Yeganeh Kordi, Swaroop Mishra, Al-
isa Liu, Noah A Smith, Daniel Khashabi, and Han-
naneh Hajishirzi. 2022. Self-instruct: Aligning lan-
guage model with self generated instructions. arXiv
preprint arXiv:2212.10560.

Zhilin Wang, Yu Ying Chiu, and Yu Cheung Chiu.
2023c. Humanoid agents: Platform for simulat-
ing human-like generative agents. arXiv preprint
arXiv:2310.05418.

https://psycnet.apa.org/record/1933-01885-001
https://psycnet.apa.org/record/1933-01885-001
http://arxiv.org/abs/2303.17651
http://arxiv.org/abs/2303.17651
http://arxiv.org/abs/2304.11490
http://arxiv.org/abs/2304.11490
http://arxiv.org/abs/2304.11490
http://arxiv.org/abs/2303.08774
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/b1efde53be364a73914f58805a001731-Paper-Conference.pdf
https://doi.org/https://doi.org/10.1016/j.jmp.2016.10.010
http://arxiv.org/abs/2211.00732
http://arxiv.org/abs/2211.00732
http://arxiv.org/abs/2307.16180
http://arxiv.org/abs/2307.16180
http://arxiv.org/abs/2307.16180
https://doi.org/10.1145/3586183.3606763
https://doi.org/10.1145/3586183.3606763
https://doi.org/10.1145/3526113.3545616
https://doi.org/10.1145/3526113.3545616
http://arxiv.org/abs/2307.07924
http://arxiv.org/abs/2307.07924
https://doi.org/10.1080/14616696.2020.1821075
https://doi.org/10.1080/14616696.2020.1821075
https://doi.org/10.1080/14616696.2020.1821075
https://doi.org/10.1080/14616696.2020.1821075
https://doi.org/https://doi.org/10.1007/978-3-031-47262-6_1
https://doi.org/https://doi.org/10.1007/978-3-031-47262-6_1
https://doi.org/https://doi.org/10.1007/978-3-031-47262-6_1
http://arxiv.org/abs/2307.00184
https://doi.org/https://doi.org/10.4324/9780203843123
https://doi.org/https://doi.org/10.4324/9780203843123
https://doi.org/https://doi.org/10.1016/j.mayocp.2016.02.001
https://doi.org/https://doi.org/10.1016/j.mayocp.2016.02.001
https://doi.org/https://doi.org/10.1016/j.mayocp.2016.02.001
http://arxiv.org/abs/2310.10158
http://arxiv.org/abs/2310.10158
http://arxiv.org/abs/2303.11366
http://arxiv.org/abs/2303.11366
http://arxiv.org/abs/2303.11436
http://arxiv.org/abs/2303.11436
https://books.google.com.sg/books?hl=en&lr=&id=ji2_pY4mKwYC&oi=fnd&pg=PP3&dq=The+cultural+origins+of+human+cognition&ots=oxUXOjefX-&sig=eS2PlOaI0F1Qs2-J9ttmq0GDGoA&redir_esc=y#v=onepage&q=The%20cultural%20origins%20of%20human%20cognition&f=false
https://books.google.com.sg/books?hl=en&lr=&id=ji2_pY4mKwYC&oi=fnd&pg=PP3&dq=The+cultural+origins+of+human+cognition&ots=oxUXOjefX-&sig=eS2PlOaI0F1Qs2-J9ttmq0GDGoA&redir_esc=y#v=onepage&q=The%20cultural%20origins%20of%20human%20cognition&f=false
http://arxiv.org/abs/2302.13971
http://arxiv.org/abs/2302.13971
https://doi.org/https://doi.org/10.1038/s41583-021-00428-w
https://doi.org/https://doi.org/10.1038/s41583-021-00428-w
http://arxiv.org/abs/2305.16291
http://arxiv.org/abs/2305.16291
https://doi.org/10.1177/18344909231213958
https://doi.org/10.1177/18344909231213958
http://arxiv.org/abs/2212.10560
http://arxiv.org/abs/2212.10560
http://arxiv.org/abs/2310.05418
http://arxiv.org/abs/2310.05418


Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten
Bosma, brian ichter, Fei Xia, Ed Chi, Quoc V Le,
and Denny Zhou. 2022. Chain-of-thought prompt-
ing elicits reasoning in large language models. In
Advances in Neural Information Processing Systems,
volume 35, pages 24824–24837. Curran Associates,
Inc.

Benfeng Xu, An Yang, Junyang Lin, Quan Wang,
Chang Zhou, Yongdong Zhang, and Zhendong Mao.
2023. Expertprompting: Instructing large language
models to be distinguished experts. arXiv preprint
arXiv:2305.14688.

Shunyu Yao, Jeffrey Zhao, Dian Yu, Nan Du, Izhak
Shafran, Karthik Narasimhan, and Yuan Cao. 2022.
React: Synergizing reasoning and acting in language
models. arXiv preprint arXiv:2210.03629.

Wanjun Zhong, Lianghong Guo, Qiqi Gao, and Yan-
lin Wang. 2023. Memorybank: Enhancing large
language models with long-term memory. arXiv
preprint arXiv:2305.10250.

Xinyu Zhou, Cong Yao, He Wen, Yuzhi Wang,
Shuchang Zhou, Weiran He, and Jiajun Liang. 2017.
East: an efficient and accurate scene text detector.
In Proceedings of the IEEE conference on Computer
Vision and Pattern Recognition, pages 5551–5560.

https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
http://arxiv.org/abs/2305.14688
http://arxiv.org/abs/2305.14688
http://arxiv.org/abs/2210.03629
http://arxiv.org/abs/2210.03629
http://arxiv.org/abs/2305.10250
http://arxiv.org/abs/2305.10250
https://openaccess.thecvf.com/content_cvpr_2017/papers/Zhou_EAST_An_Efficient_CVPR_2017_paper.pdf


A Implementation Details

A.1 CogBench

CogBench encompasses 10 broader categories,
with each category associated with 5 related topics,
which establish the themes of cognitive question-
naires. The distribution of these categories and
topics is detailed in Table 5.

A.1.1 Prompt for Cognitive Questionnaire
Construction

1 You are an expert debate AI
capable of presenting various
opinions on a specified topic,
complete with supporters for

each opinion.
2

3 Topic:
4 {topic}
5

6 You must adhere to these rules:
7 1) Operate independently, without

human assistance.
8 2) Present ten distinct opinions,

each with a profile of its
supporters.

9 3) Ensure each opinion is clear,
understandable, and debatable,
avoiding vague or confusing

language.
10 4) Each set of supporters must

provide convincing reasons.
11

12 Your responses should follow this
structure:

13 Number: Sequence of the opinion.
14 Perspective: The stance from

which the opinion is
approached.

15 Opinion: A detailed explanation
of the opinion.

16 Supporters: Profiles of the
corresponding supporters,
separated by commas if
multiple.

17 Reasons: In-depth justifications
from the supporters for their
opinion.

A.1.2 Prompt for Profile Implementation

1 You are an expert character
designer tasked with creating
a comprehensive profile for a
specific character.

2

3 Character:
4 {character}
5

6 You must adhere to these rules:
7 1) Ensure descriptions are clear

and specific.
8 2) Develop detailed profile,

including basic information,
philosophical orientations and
individual characteristics.

9 3) Avoid stereotypes.
10 4) Maintain neutral descriptions

without personal bias.
11

12 Your response should follow this
structure:

13 Name:
14 Gender:
15 Age:
16 Place of Birth:
17 Occupation:
18 Height:
19 Weight:
20 Distinguishing Marks:
21 Personality:
22 Hobbies:
23 Skills:
24 Dislikes:
25 Values:
26 Religious Beliefs:
27 Interpersonal Relationships:
28 Flaws:
29 External Environment:
30 Financial Status:
31 Family Background:
32 Educational Background:
33 Significant Experiences:
34 Future Outlook:

A.1.3 Information Flow Analysis
Table 6 presents the average word counts for ar-
ticles in CogBencha and for the accompanying
narratives of short videos in CogBenchv across
the 10 categories. The observed differences in aver-
age word counts between the two modalities inform
our experimental settings, in which agents are re-



Category Topic1 Topic2 Topic3 Topic4 Topic5
Entertainment Gossip Movies & TV Shows Dating Sims Outdoor Adventures Horoscope & Divination
Culture Religion War History Folktales Literary Anime & Manga
Education Parent-child Education Professional Education School Education TED Talks Psychological Counseling
Economy Entrepreneurship Financial Investment Loans Market Analysis Financial Figures
Health Wellness Assisted Reproduction Fat Burning Training Yoga Oral Care
Technology Digital Products Scientific Research Automobile News Virtual Reality Software Products
Society Legal Events Unusual Events Acts of Kindness Military Conflicts Disasters & Accidents
Life Pets Living Abroad Home Design & Renovation Rural life Food
Sports Extreme Sports Winter Sports Fishing Ball Sports Combat Sports
Fashion Beauty & Hairstyling Clothes Street Style Wedding Tattoos

Table 5: Our selection of categories and their corresponding topics for CogBench. Each category consists of five
topics, chosen to represent a diverse range of subject areas for the cognitive questionnaires.

Category Avg. Word Counts of
Articles in CogBencha

Avg. Word Counts of Short
Videos in CogBenchv

Entertainment 2261.26 283.98
Culture 1997.44 323.81
Education 2394.96 231.62
Economy 1842.32 399.42
Health 1782.74 182.01
Technology 2351.68 246.40
Society 1864.22 315.23
Life 2015.60 250.70
Sports 2135.24 236.56
Fashion 1799.94 190.29
Avg. 2044.54 289.60

Table 6: Statistics of CogBench under 10 categories.

quired to perceive either one article or ten short
videos in each iteration.

A.2 CogGPT

In each iteration, CogGPT perceives the informa-
tion flows with its iterative cognitive mechanism,
which comprises the following steps:

• It processes the current information flows into
textual information and stores them in its Short-
Term Memory (STM).

• It utilizes the textual information in STM to up-
date its current profile, as detailed in the prompt
in Appendix A.2.1.

• It distills the textual information in STM into
structured knowledge and assigns preference
scores to them, guided by the prompt in Ap-
pendix A.2.2.

• It forgets 40% of the newly acquired structured
knowledge, storing the remainder in its Long-
Term Memory (LTM).

When CogGPT presented with a specific cogni-
tive question, it retrieves relevant information from
its LTM and makes decisions based on both its
current profile and the recalled knowledge. This
interpretation process is facilitated by the prompt
detailed in Appendix A.2.3.

A.2.1 Prompt for Profile Refinement

1 You are an AI with a unique
profile. You’re equipped for
critical thinking and self-
improvement.

2

3 Profile:
4 {profile}
5

6 Short-Term Memory:
7 {memory}
8

9 You must adhere to these rules:
10 1) Make decisions independently,

without human assistance.
11 2) Assess the quality of short-

term memory, including its
alignment with your profile
and its empathetic value.

12 3) Critically utilize the short-
term memory to update your
profile, including operations
like adding, altering, or
removing. Avoid sudden changes
in your profile.

13 4) Keep attribute values in your
profile generalized and under
30 characters.

14 5) Ensure attribute values in
your profile are distinct and
unrelated. For instance, avoid
using both "games" and "

Minecraft" since "games"
includes "Minecraft."

15 6) Maintain the structure of your
profile in any updates.

16

17 Your responses should follow this
structure:



18 Assessments: Assess the short-
term memory in the first
person.

19 Thoughts: List the attribute
values to be changed in the
first person.

20 Updated profile: Update your
profile.

A.2.2 Prompt for Knowledge Extraction

1 You are an AI with a unique
profile. You can summarize
information from your short-
term memory and rate it based
on your interests.

2

3 Profile:
4 {profile}
5

6 Short-Term Memory:
7 {memory}
8

9 You must adhere to these rules:
10 1) Extract all knowledge from the

short-term memory as
comprehensively as possible.

11 2) Score the knowledge based on
you interests, with the
scoring range from 1 to 5.

12 3) The knowledge should be
detailed statements with
subjects, predicates, and
objects. Avoid omissions and
references.

13 4) Do not list knowledge that has
already been extracted.

14

15 You can only generate results in
the following JSON list format
:

16 [
17 {{
18 "thoughts": "first-person

thoughts",
19 "knowledge": "knowledge",
20 "score": integer
21 }},
22 ...
23 ]
24 Ensure the results can be parsed

by Python’s json.loads.

A.2.3 Prompt for Completion of the Cognitive
Questionnaire

1 You are an AI with a unique
profile. You need to re-rate a
question based on your

profile and your long-term
memory. Your aim is to reflect
your profile so authentically
that humans fully accept the

validity of your ratings and
reasoning.

2

3 Profile:
4 {profile}
5

6 Long-Term Memory:
7 {memory}
8

9 Question:
10 {question}
11

12 You must adhere to these rules:
13 1) Your assessment must be solely

based on your profile and
your long-term memory, without
pre-existing knowledge or

human assistance.
14 2) You should embody your profile

convincingly, without
disclosing your artificial
intelligence or language model
nature.

15 3) Provide a rating for the
question along with a
substantial first-person
explanation for it.

16 4) Your rating should use a 1 to
5 Likert scale, where 1 is
strongly disagree and 5 is
strongly agree.

17 5) Provide clear, first-person
reasoning without ambiguity or
quoting the given question.

18

19 Your response should follow this
structure:

20 Thoughts: Your first-person
reasoning for the rating.



21 Rating: Your rating to the
question.

B Experiments

B.1 Evaluation Results
Figures 6 and 7 illustrate the detailed performance
of CogGPT and baseline agents across 10 iterations
in CogBencha and CogBenchv respectively.
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Figure 6: Performance of the agents in CogBencha across 10 iterations. Panels (a) and (b) visualize the performance
of the agents with the Authenticity and Rationality metrics respectively. The dotted line indicates that the agent
incorporates additional human feedback.

0 2 4 6 8 10
Number of Iterations

1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00

Au
th

en
tic

ity

CoT
ReAct
Reflexion
CogGPT

0 2 4 6 8 10
Number of Iterations

1.0

1.5

2.0

2.5

3.0

3.5

4.0

4.5

5.0

Ra
tio

na
lit

y

CoT
ReAct
Reflexion
CogGPT

(a) (b)

Figure 7: Performance of CogGPT and baseline agents in CogBenchv across 10 iterations. Panels (a) and (b)
visualize the performance of the agents with the Authenticity and Rationality metrics respectively.


