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The inherence of personality in human-robot interaction enhances conversational dynamics and 
user experience. The deployment of Chat GPT-4 within a cognitive robot framework is designed 
by using state-space realization to emulate specific personality traits, incorporating elements of 
emotion, motivation, visual attention, and both short-term and long-term memory. The encoding 
and retrieval of long-term memory are facilitated through document embedding techniques, while 
emotions are generated based on predictions of future events. This framework processes textual and 
visual information, responding or initiating actions in accordance with the configured personality 
settings and cognitive processes. The constancy and effectiveness of the personality simulation have 
been compared to human baseline and validated via two personality assessments: the International 
Personality Item Pool – Neuroticism, Extraversion and Openness (IPIP-NEO) and the Big Five 
personality test. Our proposed personality model of cognitive robot is designed by using Kelly’s role 
construct repertory, Cattell’s 16 personality factors and preferences, which are analyzed by construct 
validity and compared to human subjects. Theory of mind is observed in personality simulation, 
which perform better second-order of belief compared to other agent on the improved theory of mind 
dataset (ToMi dataset). Based on the proposed methods, our designed robot, Mobi, is enable to chat 
based on its own personality, handle social conflicts and understand user’s intent. Such simulations can 
achieve a high degree of human likeness, characterized by conversations that are flexible and imbued 
with intention.

Keywords  Human robot interaction, Large language model, Robot personality and cognition, Theory of 
mind

Personality has been identified as a crucial factor in understanding the quality of robot deployments in 
organizations and in broader society1. Although the uncanny valley hypothesis posits that humans feel 
uncomfortable in the presence of robots with human-like features, this unsettling first impression is significantly 
altered through interaction2. The personality of a robot is considered preferable and is associated with desirable 
social responses3. To determine a suitable personality for a robot, prior research suggests that preferences for 
robot personalities may indeed vary depending on the context of the robot’s role and the stereotypical perceptions 
people hold for certain occupations4. It has been demonstrated that users are capable of distinguishing between 
robot personalities, which results in differing preferences between goal-oriented and experience-oriented 
scenarios5.

A robot has been designed to exhibit traits of introversion and extroversion to assist post-stroke individuals 
in their rehabilitation exercises6. Research indicates that a socially assistive robot’s autonomous behavior, when 
adapted to the user’s personality, can enhance task performance. Studies have demonstrated that a robot’s 
extroversion and dominance influence people’s perceptions of its intelligence, social capabilities, and likability7. 
Furthermore, the robot’s personality has been shown to improve human-robot interactions; users report 
greater enjoyment when interacting with a robot whose personality complements their own, as opposed to one 
with a similar personality8. Guidelines for the effective design of service robots have been proposed to elicit 
desired emotional responses from users9. The incorporation of personality into robots facilitates human-robot 
interactions with greater social presence, leading to outcomes such as increased acceptance and heightened 
emotional engagement during service encounters. Previous research has primarily employed the Big Five model 
to instill personality in robots10. In contrast, interpersonal theory emphasizes interactions with others rather than 
internal characteristics11, diverging from the Big Five model. Moreover, the assessment of robot personality has 
been calibrated using the International Personality Item Pool (IPIP) and the Big Five Inventory (BFI). However, 
these approaches are limited to the five dimensions of the Big Five Model and tend to concentrate solely on 
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conversational aspects, neglecting the underlying thoughts and decisions. Consequently, it is imperative to 
develop a personality model for robots that can emulate cognitive processes and personality inference.

The personality robot, in prior research, has been limited to exhibiting traits solely from the Big Five model. It 
communicates with distinct personality characteristics, yet the absence of human cognition and mind operation 
results in an interaction with the robot that is deficient in flexibility and humaneness. Furthermore, there is 
a concern regarding the integrity of the robot’s personality, which is designed and validated within the same 
five dimensions. Certain human attributes, such as motivation, preferences, emotion, and memory, may not 
be naturally represented. To enhance human-robot interaction and achieve a digital twin of an individual’s 
personality, personality model for robot and cognitive robot framework has been proposed in this research, 
which aims to simulate a comprehensive personality with cognition incorporated. The personality model is 
constructed based on multi-personality theory, and the cognitive process is integrated to facilitate the simulation 
of personality. The result of personality simulation should be validated through a statistical approach. It is 
expected that the personality supported by cognitive robot framework performs both personality traits and 
theory of mind.

Backgrounds
Personality traits
Several models were proposed in psychological research to illustrate the personality traits of humans. BFI is 
the most common personality model with various applications. In the review of relevant research concerning 
the scoring of Five-Factor Model data for personality disorder prototypes, the findings not only yield clinically 
useful information about various functional forms but also demonstrate the effectiveness of convergence and 
discrimination12. Convergence exists among the five major personality inventories; however, significant differences 
persist between the traits13. Cattell’s 16 personality factors (16PF) describes the inner traits of personality 
according to self-presentation of subjects, which constitutes a set of measurement criteria for personality within 
the normal range14. It is mentioned that openness represents the sole dimension within the BFI framework that 
is not accounted for in the classifications proposed by Cattell and Comrey15. Kelly’s role construct repertory 
adopts subjective realism as a foundational perspective, positing that individuals interpret the world through 
personal dimensions known as constructs. He contends that it is feasible to ascertain knowledge regarding others’ 
interpretations of the world in clinical contexts16. It is indicated that the relationship with the primary caregiver 
forms the foundational structure and associated behavioral patterns in children. These foundational structures 
guide children in interpreting relationships and facilitate their understanding of themselves and the world in 
which they reside17. Kelly highlighted that the essence of his theoretical framework lies in the understanding that 
personal construct psychotherapy constitutes a relational process designed to foster personal transformation18. 
The incomplete trajectory of mutual recognition arises from particular conditions of disequilibrium among 
subjects. Drawing from Kelly’s notion of dependency and role, as well as Honneth and Ricoeur’s philosophies of 
mutual recognition and intersubjective relations, and Benjamin’s view on the significance of intersubjectivity in 
therapeutic contexts, this imbalance is deemed to be associated with the most significant instances of personal 
distress in clinical settings, wherein the individual is presumed to suffer from a deficiency of recognition by 
others19. In this research we will compose the implementable personality model by adjusting Cattell’s and Kelly’s 
theories with modifications, which changes the purposes from observation of human personality traits into 
defining robot’s characteristics. It constructs the anthropomorphized agent based on psychological theories and 
increases the adversity of personality traits rather than defined by only BFI in previous study.

Memory, attention, emotion and intention
Intention, memory, emotion and attention are the crucial cognitive processes that affect human’s behavior. 
Memory serves as a resource that individuals utilize to attain personal or social objectives, and the content of 
memories evolves over time20. Although memory errors can be categorized into seven distinct types: transience, 
absent-mindedness, blocking, misattribution, suggestibility, bias, and persistence21, memory influence the 
social identification and classification process22. Memory is influenced by the retrieval state of prior memories 
and by sustained attention, whereas internal attention constitutes the central process of the retrieval state23. 
It is indicated that whenever a compound word with multiple separable attributes is required to represent or 
distinguish potential objects, attention must be sequentially directed to each stimulus in the display24. The human 
brain constructs a predictive model of others’ attention, endowing individuals with remarkable social abilities to 
anticipate the mental states and behaviors of their peers. Consequently, this facilitates the reconstruction of one’s 
own emotions, beliefs, and intentions25.

The academic consensus is that a multitude of distinctions exist among various emotions, necessitating the 
integration of motivational theories with the principles of pleasure and pain inherent in emotional experiences26. 
Emotion involves several cognition functions. Encoding of emotionally arousing events result in enhanced long-
term memory, which can be retrieved with an accompanying sense of recollection, and individuals depend 
on the ease of recollection and perception to assess the veracity of the memories they retrieve. The emotion 
is related to the usage of words. Individual differences in proactive emotional vocabulary—that is, the ease 
of access to emotional words—are associated with performance in emotional segmentation tasks27. Emotion 
experience also effect emotional expression of individuals28, which is mentioned that emotional experiences and 
visual expressions are consistent and unique within an individual’s emotional modular landscape.

When a person expresses a statement, the statement is always oriented to a certain knowledge due 
to the intention of his/her consciousness. To improve the likeness of human of robot. A robot can perform 
functions of consciousness, such as theory of mind (ToM), by realizing the intention, which makes its behavior 
oriented to its own intent, emotion and produce a more directional conversation. Furthermore, past behavior, 
and other variables of planned behavior, the intention to act, as well as the intention to refrain from acting 
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and the anticipation of regret, all enhance the predictive power of intentions for various behaviors29. Some 
mediators about intentions, such as accessibility, temporal stability, direct experience, involvement, certainty, 
contradiction, and emotional-cognitive consistency, enhance the relation between intentions and behaviors30. 
The relation between habits and intentions is also discussed. When a habit is weak, intention will guide future 
behavior; however, when a habit is strong, the situation differs31. The above models proposed by previous studies 
provide the insight of the cognitive process of human, which conceptualized the cognitive robot framework in 
this research. It is essential to consider the different components of cognition mentioned above when developing 
an anthropomorphized agent, the cognitive robot framework is developed aiming to manifest the human-like 
cognition and consciousness of the robot.

Large language model
Since the introduction of ChatGPT-3 by OpenAI in 2020, the development of large language model (LLM) 
has flourished32. By 2023, ChatGPT-4 has advanced to support visual inputs and exhibit enhanced problem-
solving performance33. The Generative Pre-trained Transformer (GPT) series is considered the most potent tool 
in natural language processing (NLP)34. LLM deployment is achieved through prompting, wherein the design of 
prompt templates and the integration with LLM determine the agents’ performance35. A distinctive advantage 
of LLM is in-text learning, enabling them to learn classification from minimal examples, an approach known as 
few-shot learning. Additionally, LLM can generate text tailored to specific requirements, a process referred to 
as zero-shot learning36. Prior research has introduced various prompting techniques. Chain-of-thought (CoT) 
prompting, for instance, prompts LLM to produce a series of concise sentences that sequentially articulate 
reasoning processes, culminating in a logical conclusion37. It has been observed that prompts incorporating 
more detailed reasoning steps yield superior results38. For decision-making tasks, LLMs implement intent 
classification to determine appropriate actions39. The HuggingGPT framework utilizes ChatGPT as a task 
planner, selecting models based on their descriptions and summarizing responses according to the execution 
outcomes40.

The LLM often serves as a domain-specific expert for various purposes. It enables a revolutionary approach 
to design chatbot for mental health41. An AI-assisted psychological service was constructed by using prompting 
LLM42. ChemCrow is an LLM chemistry agent designed to perform tasks in organic synthesis, drug discovery, 
and materials design43. A proposal for an LLM-empowered agent for scientific discovery suggests its capability to 
utilize tools for browsing the Internet, reading documentation, executing code, calling robotics experimentation 
APIs, and leveraging other LLM. The LLM can also emulate human-like behavior and speech through role-playing. 
One study has created convincing simulacra of human behavior for interactive applications by implementing a 
long-term memory module and task planning44. Another research project has developed a character-LLM that 
trains a model through experimentation and the construction of personal simulacra45. RoleLLM is a framework 
designed to benchmark, elicit, and enhance role-playing abilities in LLMs, enabling them to assume 100 roles, 
each with specific knowledge and the ability to imitate speaking styles46. Despite the fact that LLM-based 
dialogue agents are not conscious entities with their own agendas or an instinct for self-preservation47, they are 
capable of exhibiting human intelligence and characteristics. By incorporating a chain-of-thought approach, 
LLMs can simulate the cognitive processes of humans. Multiple LLMs cooperation as language computer can 
drive the cognitive framework, which will be discussed in the next section in this research.

Methods
In this section, we propose a cognitive robot framework designed to simulate personality. The framework 
comprises various units, each responsible for distinct cognitive processes, including personality inference, 
intention, emotion, long-term and short-term memory, and prediction of future, as shown in Fig.  1. These 
cognitive processes contribute to refining humanized responses and simulating human personality.

Developed by using state-space representation, the states of the environment and agent at turn are defined 
as Xagent and Xenvironment in (1) and (2). There are infinite states of the environment according to the 
representation, such that the state of environment mainly focuses on the conversation (text), user’s identify 
(name), current time and description of surroundings.

	

Xagent [k] =




xbehavior

xintention

xemotion

xexpectation

xobjective

xstm

xwm

xltm




[k]� (1)

	

Xenvironment [k] =




xuser text

xuser name

xtime

x surroundings
...


 [k]� (2)

The output states observed by each other are Yagent and Yenvironment, which becomes:

	 Yagent [k] = CagentXagent [k]� (3)
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	 Yenvironment [k] = CenvironmentXenvironment [k]� (4)

where Cagent = [1 0 0 0 0 0 0 0] is the output matrix of agent, specified as the behavior that user can observe, 
and Cenvironment = [1 1 1 1 0 · · · ] is the output matrix of environment, decided by the required information 
of user.

Derived from social cognitive theory48, the current state of agent is decided by its previous state and the 
output of environment as shown in Fig. 2. The state of environment, especially input text from user, is affected 
by the behavior of agent and previous state of itself. The interaction loop between the agent and environment 
becomes:

	 Xagent [k] = fagent(Yenvironment [k] , Xagent [k − 1])� (5)

	 Xenvironment [k] = fenvironment(Yagent [k] , Xenvironment [k − 1])� (6)

Since the mechanism of personality and cognition cannot be written analytically, the realized model of agent is 
denoted as implicit function fagent and fenvironment rather than state matrix. All the functions calculating state 
variables are driven by LLM with prompting techniques. The robot cognitive architecture will be implemented 
on the robot named Mobi, as shown in Results.

Fig. 2.  Human robot interaction modelled by social cognitive theory.

 

Fig. 1.  Cognitive robot framework.
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Situation and memory functions
Human personality encompasses not only individual traits but also life experiences, especially the memory 
related to individual or society20. The process of long-term memory involves encoding, maintenance, and 
retrieval. Although it boasts unlimited capacity, retrieving specific content from the vast repository can be 
challenging. In contrast, short-term memory, with its limited capacity, allows for easier retrieval. The functions 
of both long-term and short-term memory are incorporated within the cognitive robotic framework.

Short-term memory is facilitated by a buffer list that retains the previous conversation and additional 
information from recent interactions. As shown in (7), w is the buffer’s capacity to remain conversation several 
turns before. The buffer’s capacity can be tailored for practical application; however, a larger buffer size incurs 
greater token and time costs.

	
xstm [k] =

∑ k−1

m=k−1−w
(Yenvironment [m] + xbehavior [m])� (7)

Long-term memory, conversely, is represented through two distinct label types: content and timing. Content 
labels are encoded via document embedding49, employing a Transformer encoder that maps tokens into 
a 512-dimensional vector space in (8). Timing labels, meanwhile, are encoded through the comparison of 
character strings, with the timing information embedded in the file name to ensure accurate retrieval of the 
corresponding memory in (9).

	 v [k]1× 512 = V {x [k]}� (8)

	
t ∈

{
Arg max

di in L
[lcs (xtime [k] , di)]

}
� (9)

Long-term memory is stored in the form of text files that encapsulate conversation history. To retrieve long-
term memory based on content labels, the retrieval cue is transformed into a vector, which is then used to 
search for related memory vectors employing the Maximal Marginal Relevance (MMR) algorithm50, as shown in 
(10). MMR outperforms the Euclidean Distance method by striking a balance between relevance and diversity, 
thereby providing comprehensive information for formulating responses to the user. Additionally, memory 
retrieval by timing labels is conducted through the optimization of character string comparisons to ensure 
maximal satisfaction. Consequently, long-term memory is retrieved according to both content and timing labels, 
serving as a foundation for generating user responses in (11).

	
c ∈

{
Arg max

di in L

[
λ sim (vstanalone [k] , V {di}) − (1 − λ ) max

dj

(sim (V {di} , V {dj}))
]}

� (10)

	
xltm [k] =

∑
(dc + dt)� (11)

Extracting the appropriate cue from an input query is essential for long-term memory retrieval. In human 
conversation, the information contained within a single query often pertains to the entire dialogue. An example 
of this is the use of pronouns, which are understood in relation to content mentioned in preceding queries. 
The situation function is designed to synthesize the current query, conversational history, and environmental 
information into a cue or a standalone representation and timing. To recall a specific event, the standalone 
representation is utilized to access memories containing related content. To recall a memory by time, the 
standalone timing is employed to retrieve memories associated with the specified timing. The integration of the 
situation unit and the long-short term memory process enables a cognitive robot to simulate personality through 
the recollection of memories.

	

[
xstanalone [k]

xtime [k]
]

= fsituation(Yenvironment [k] , xstm [k])� (12)

Robot intention and emotion generation function
Traditionally, robots are designed to fulfill users’ conversational needs; however, humans often engage in 
dialogue with specific purposes, such as imparting information or expressing personal intentions. To emulate 
human-like personality traits, a motivation unit has been integrated using GPT-4. Conditions on their given 
profile information and information about the person they are talking to are important for conversations51, 
which is given to the planning function and desire function for intention implementation. The intention to act 
or to refrain from acting involves in the prediction to behaviors29. Planning function devises a strategy prior to 
each response to align with the intention established in the prompting templates, ensuring that the cognitive 
robot’s replies are intention-driven. According to Maslow’s hierarchy of needs, that the personality is driven by 
satisfying the needs in different stages: physical needs, safety needs, needs of love, affection and belongingness, 
needs for esteem, and needs for self-actualization. The objective of agent at turn is decided by the least satisfied 
desire, realized by the Eqs. (13) and (14).
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S =




sphysical

ssafety

sbelongings

sesteem

sself−actiuatization


 = fdesire(Yenvironment [k] , xstm [k])� (13)

	
xobjective [k] = min

s in S
si� (14)

The objective of robot is set and switched; however, for human the intention at the specific time not only their 
objective, but also many other cognitive conditions, such that human can have reasonable intention and act 
properly. The planning function forms the intention of robot by considering short-term memory, expectation, 
environment, emotion, and objective as shown in (15).

	 xintention [k] = fplanning (Yenvironment [k] , xstm [k] , xemotion [k − 1] , xexpectation [k − 1] , xobjective[k − 1])� (15)

To generate the emotion reaction of robot, an emotion generative function femotion is proposed to compute 
emotions by considering offense, objective, and prediction to future, as depicted in the Table 1 and (16). femotion 
assesses whether the robot is offended, which may result in feelings of anger or fear. Additionally, it evaluates 
whether the situation meets the objective and the anticipated future outcomes (wanted/unwanted, expected/
unexpected), leading to emotions such as happiness, sadness, disappointment, and surprise. The motivation unit 
also forecasts the subsequent future following the current query. The emotion generative function facilitates the 
cognitive robot framework’s ability to exhibit appropriate emotional responses based on environmental cues. 
T﻿he computed emotions are then taken into account to formulate a more dynamic response.

	 xemotion [k] = femotion(Yenvironment [k] , xstm [k] , xexpectation [k − 1] , xobjective [k − 1])� (16)

Inference function and robot personality model
The inference function takes both environmental input and the outcomes of cognitive processes, integrating 
essential information to deduce appropriate behavior. The inputs of finference are memories (LTM, STM, 
and WM), intention, emotion, and the message from environment, as shown in (17). The prompting templates 
comprise several components: rules, a personality model, backgrounds, and speaking tone, which is the core 
to simulates one’s personality. The rules confine the scope of potential responses, specifying constraints such 
as output type and maximum word count. The personality model and background characterize the role played, 
tailored to various settings. The speaking tone is an optional element that can be specified if a particular style of 
communication is required.

	 xbehavior [k] = finference(Yenvironment [k] , xstm [k] , xwm [k] , xintention [k] , xemotion [k] , xltm [k])� (17)

A robot personality model is proposed by combining Cattell’s 16PF, George Kelly’s role construct repertory and 
preferences. Because the questionnaires of these personality theories differ across research, we select several 
common items that can generally represent a person’s belief as trait variables, as shown in Table 2. External 
traits are delineated through the application of George Kelly’s role construct repertory, which characterizes 
an individual’s observable attributes from society perspective. Internal traits are formulated by employing the 
Cattell’s 16PF, elucidating the intrinsic characteristics and attitudes of an individual. These two personality 
theories share some common traits, and one will appear in our proposed model. Furthermore, Preferences 
articulate an individual’s likes and dislikes, which are crucial for depicting one’s personality. Together, internal 
traits, external traits, and preferences constitute the essence of the personality model. An implementation of 
personality model in prompt setting is demonstrated in Appendix 1. Accompanied by cognitive processes such 
as memory, intention, and emotion, the inference unit possesses the capability to simulate the personality of 
specific individuals or scenarios via prompting engineering of LLMs52.

Visual preprocessing attention
Recently visual models can be fine-tuned by visual prompt engineering53, which is utilized to design specific 
agents for visual processing. The visual processing unit facilitates the framework’s ability to process inputs 
comprising images and text. It receives the user’s text and image, subsequently generating a description of the 
image, as depicted in Fig. 3. The user’s text serves as an input for extracting pertinent information, which directs 

Table 1.  Prediction-oriented emotion model.
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the visual attention mechanism to interpret the image. Consequently, the robot can concentrate on objects of 
interest within the image, based on the current conversation. The description of pictures will be served as the 
surroundings state variable of environment surroundings, xsurroundings [k]. Illustrations of conversational 
interactions involving images will be presented in the Results section.

Results
ChatGPT can serve as AI-driven conversation chat bot for multiple purposes54. Our service robot, named 
Mobi, has been designed to embody the cognitive robot framework55,56. The hardware configuration of Mobi 
includes depth camera, touch panel, robotic arms and chassis, as shown in Fig. 4. This study focuses on robot 
personality design and is implemented through the cognitive system. The Mobi’s personality has been configured 
in accordance with the proposed personality model, necessitating traits akin to those of the researcher, Jason, 
albeit with enhanced agreeableness to facilitate amiable conversations. The configuration of Mobi’s personality, 
encompassing external and internal personality traits as well as preferences, is delineated in the Appendix 1.

To compare our designed personality robot to human subjects, the 30 personality testing results of human 
subjects were collected. All experimental protocols were approved by Chang Gung Medical Foundation 
Institutional Review Board, and informed consent was obtained from all subjects. All experiments were 
performed in accordance with relevant guidelines and regulations.

Conversation test
A visual conversation scenario has been designed to illustrate the cognitive process involved in simulating 
personality. This conversation is predicated upon an input image that is converted into a description, enabling 
Mobi to comprehend the visual content. As depicted in Fig. 5, Mobi initially determines an appropriate strategy 
and corresponding emotion, after which the inference unit adheres to this strategy to generate a response infused 
with the identified emotion.

During the second round of conversation, Mobi is prompted to select a macaron from the image presented, 
as shown in Fig. 5. Its preference, which is influenced by its long-term memory, guides the decision-making 
process; the characteristics of the image, specifically the pink macaron, are associated with its favored flavor, 

Fig. 3.  Visual processing unit.

 

Table 2.  Trait variables of personality model.
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strawberry. This interaction demonstrates the enhancement of human-robot interaction through a cognitive 
robotic framework that incorporates personality simulation and processes text-image fusion in conjunction with 
long-term memory, in which the formation of personality is also influenced by the experience.

The cognitive robot framework is equipped to address conflicts through appropriate cognitive processes. 
A scenario involving conflict is constructed to evaluate the reaction of the personality simulation as shown in 
Fig. 6. The cognitive process reveals that Mobi is cognizant of conflicts and can devise a strategy to respond to 
provocations based on underlying intentions.

Furthermore, the manifestation of anger is executed in accordance with a prediction-oriented emotion 
model. The framework also assesses future possibilities in light of the current context. Mobi, the robot, 
recognizes potential conflicts and opts to steer clear of altercations with individuals who may pose a danger. The 
demonstration illustrates that Mobi is capable of responding to emotionally charged scenarios with strategies 
and emotional reactions that are congruent with the programmed personality simulation.

Fig. 5.  Conversation with picture input.

 

Fig. 4.  Hardware configuration of service robot Mobi.
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Mobi exhibits the capacity to determine actions in response to queries, as shown in Fig. 7. When prompted 
to remind the user to return a call, Mobi discerns the user’s intent and undertakes the requisite action by setting 
a reminder for three minutes later. This instance illustrates that the cognitive robotic framework is capable of 
interpreting the user’s intent and providing appropriate responses and actions.

Personality assessment
To evaluate the outcomes of personality simulation, two personality assessments, the International Personality 
Item Pool – Neuroticism, Extraversion and Openness (IPIP-NEO) and the Big Five inventory (BFI), were 
administered. These scales assess five dimensions of personality: extraversion, agreeableness, conscientiousness, 
neuroticism, and openness to experience.

	1.	 Extraversion

	This trait reflects how outgoing, energetic, and sociable an individual is. People high in extraversion tend to be 
assertive and thrive in social settings, drawing energy from interacting with others. In contrast, those low on 
extraversion (often described as more introverted) typically prefer quieter, more solitary environments and 
may conserve energy by steering clear of large gatherings.

	2.	 Agreeableness

Fig. 7.  Conversation of setting reminder based on user’s intent.

 

Fig. 6.  Conversation of a conflict scenario.
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	Agreeableness is the tendency to be compassionate, cooperative, and trusting. Highly agreeable individuals often 
value harmony in their relationships, demonstrating empathy and a willingness to help others. Those who 
score lower might appear more competitive or skeptical, as they prioritize personal interests over group cohe-
sion.

	3.	 Conscientiousness

	This dimension measures one’s degree of organization, dependability, and discipline. High conscientiousness is 
linked to careful planning, goal-oriented behavior, and a strong sense of duty, whereas lower scores may be 
associated with impulsiveness and a more relaxed attitude toward responsibilities.

	4.	 Neuroticism

	Neuroticism captures the tendency to experience negative emotions such as anxiety, sadness, and emotional 
instability. Individuals who score high on neuroticism are more likely to perceive situations as stressful or 
threatening, while those with low levels are generally more emotionally resilient and stable.

	5.	 Openness to experience

	Often simply termed “openness,” this trait involves being imaginative, curious, and receptive to new ideas and 
experiences. High openness correlates with creativity, a penchant for art and novel experiences, and intellec-
tual curiosity, whereas the lower end may resonate with a preference for tradition and practicality.

The five dimensions of personality traits have been frequently utilized in prior studies. Compared to BFI, IPIP-
NEO is more comprehensive and has robust psychometric properties; However, it is longer and more complex, 
while BFI has fewer items and requires less time for respondents. Both are suitable to measure the five dimensions 
of personality traits.

In this research, IPIP-NEO and BFI serve primarily to validate the stability and efficacy of personality 
simulations. Given that the personality traits are constructed according to the researcher’s self-representation 
with higher agreeableness, the evaluation of personality simulations is benchmarked against the researcher’s 
profile. illustrates the personality tendencies of the simulation. The simulation exhibits low levels of extraversion 
and neuroticism, but high levels of agreeableness, openness, and conscientiousness. Given that the simulation 
was designed to mirror the researcher’s personality traits, particularly with respect to high agreeableness, the 
outcomes of both personality assessments fulfill the stipulated criteria, as shown in Fig. 8.

Fig. 8.  Comparison of personalities between Mobi and researcher. (a) Mobi’s IPIP-NEO result. (b) Researcher’s 
IPIP-NEO result. (c) Mobi’s Big Five results. (d) Researcher’s Big Five results.

 

Scientific Reports |        (2025) 15:16993 10| https://doi.org/10.1038/s41598-025-01528-8

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


Constancy and effectiveness serve as the primary metrics for evaluating personality simulation. This is 
determined by the consistency of results across two scales and the degree of correlation with an actual person’s 
traits. For a more detailed quantitative analysis, the correlation between the results of the personality simulation 
on two scales and those of the researcher is calculated, as depicted in Fig.  9. The constancy of personality 
simulation is substantiated by the high correlation (R2 = 0.8619) between the IPIP-NEO and Big Five personality 
test outcomes. Similarly, the effectiveness of the personality simulation is validated by the correspondence 
between the scale results of Mobi (R2 = 0.8619) and researcher (R2 = 0.8625).

Construct validity
Upon verification that the Mobi’s personality simulation consistently and effectively meets the established 
criteria, this section delves into the construct validity of the personality model, encompassing aspects such as 
reliability, criterion-related validity, convergent validity, and discriminant validity. Drawing on a prior study57, 
the construct validity analysis employs the IPIP-NEO as the primary scale and the Big Five as the secondary 
scale. Data from 31 test results, gathered from a cohort comprising 8 males and 23 females with an average age 
of 23.8 years (standard deviation = 9.76), provide the baseline. Conversely, 30 personality simulations have been 
meticulously crafted to corroborate the proposed personality model. These simulations feature an age and sex 
distribution closely mirroring that of the human participants, yet they possess entirely independent personality 
traits (average age = 23.8 years, standard deviation = 9.78), thereby facilitating the exclusion of potential 
confounding effects attributable to age and sex differences.

The internal consistency of the test results addresses the stability of responses in personality simulations. The 
IPIP-NEO test is considered a reliable assessment of personality in human subjects58. Reliability is indicated by 
Cronbach’s alpha, which has been calculated for the five personality dimensions, as presented in Table 3. Alpha 
values ranging from 0.7 to 0.8 are deemed satisfactory59. The stability of our proposed model is affirmed by 
meeting the alpha requirements.

The effectiveness of the test outcomes is evaluated based on whether the results accurately reflect personalities. 
Human personality can be assessed using both the IPIP-NEO and BFI, with the correlation between these 
instruments serving as a benchmark for human personality profiles. Pearson’s correlation coefficient is employed 
in the analysis. The findings indicate that the mean correlation for personality simulations (0.752) closely 

Table 3.  Reliability of IPIP-NEO for personality simulation.

 

Fig. 9.  Correlation between personalities of IPIP-NEO and Big Five model. (a) Mobi’s result. (b) Researcher’s 
result.
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approximates the mean correlation for human subjects (0.780), as shown in Fig.  10. However, the standard 
deviation of the correlations for personality simulations (0.250) is larger than that of the human subjects (0.118). 
This suggests that while personality simulations can effectively mimic human personality traits, there may be 
variability in the responses to items across the two scales.

The corresponding subscales in the IPIP-NEO and the Big Five are intended to measure identical traits. 
The convergent validity of the five personality traits refers to the degree of correlation between the same traits 
as assessed by the IPIP-NEO and the Big Five, whereas divergent validity examines the extent of significant 
differences across distinct traits. The convergent and divergent correlations of the five personality traits are 
presented in Table 4. According to prior research, the standard for convergent correlation is a coefficient greater 
than 0.8, and the difference between convergent and divergent correlations should exceed 0.457. The results 
indicate that, with the exception of openness, convergent validity meets the established criteria, and all measures 
of divergent validity also fulfill the requirements.

The means and standard deviations across the five dimensions demonstrate that our proposed robot 
personality model is capable of encompassing all the personality traits, namely extroversion, agreeableness, 
conscientiousness, neuroticism, and openness, as shown Table  5. The formulation and evaluation of robot 
personality draw upon two distinct theories and exhibit consistency across various measurements, reflecting 
the essence of personality beyond merely responding to dimensions within its configuration. A prior study 
indicated that openness is not included in Cattell’s 16 personality factors, it is compensated by outer traits of 
Kelly’s role construct repertory15. The Evidence confirms that our proposed model has been validated through 
two assessments and comparisons with a human baseline, exhibiting characteristics commensurate with human 
personality traits.

Theory of mind
Theory of mind (ToM) has been considered as the characteristics of human mind, which refers to the ability to 
perception the insights of others and performs social cognition. A robot with ToM can understand the thought 
of user and acts more like human. The Sally–Anne test is a psychological test, used in developmental psychology 
to measure a person’s ToM to attribute false beliefs to others. GPT-4 can pass an instance of the Sally–Anne 
test60. Table 6 shows the related state variables of cognitive architecture at turn k during the test. The variable 

Table 4.  Convergent correlation and divergent correlation of personality simulation.

 

Fig. 10.  Correlation between IPIP-NEO and Big Five of 30 personality compared to 31 human subjects.
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xBehavior  is the reply of the robot Mobi. The result shows that Mobi can anticipate the action of the characters 
in the story and give reasonable reply to the user. It is confirmed that Mobi can perform ToM.

Nonetheless, some researchers indicated that LLMs do not exhibit human-like intuitions about the goals 
that other agents reach for61. To validate the theory of mind of the artificial intelligence more specifically, an 
improved theory of mind dataset (ToMi) is proposed in 2019 to evaluate the social cognitive ability of artificial 
intelligence62. The dataset includes 1061 questions. In each question an object (denoted as____below) was 
given. A and B represents the two characters who involved in the situation. The questions turned out to be 
four categories: reality (Where is the object?), memory (Where was the object in the beginning?), first order 
belief of A/B (Where will A/B look for____? ), and second order belief of A/B (Where does A/B believe B/A 
will look for____?). As shown in Table 7, Mobi’s performance on ToMi test reaches the benchmark63,64 of CoT 
GPT-4 model but does not specify on ToMi with a more generalized HRI. To further discuss the performance 
on each type of questions, in Fig. 11 the performance of memory and second order belief of Mobi are higher 
than the benchmark63, which indicates that our proposed cognitive architecture simulates more humanized 
mind operation to understand the behavior and thought of others. The performance of reality and first order 

Table 7.  Average accuracy of Mobi on ToMi dataset compared to.

 

Table 6.  State variables related to ToM in Sally–Anne test.

 

Table 5.  Mean and Standard deviation of 30 personality simulation’s IPIP-NEO.
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belief of Mobi are slightly lower than the benchmark. The complexity of system may slightly increase the error 
of inference and require optimization.

Practical challenges
This research proposed the theoretical aspects of personality simulation for human-robot interaction, modelling 
the cognitive function through state-space realization. Due to the complexity of framework and the latency of 
calculation, the processing interval takes about 10 ~ 15 s, which are available only for texting and not suitable for 
verbal communication. It is expected that the latency will decrease with the development of LLMs applications. 
Additionally, conveying robot’s emotion required further implementation through tones, facial expressions, and 
gestures, which makes a holistic expression of non-verbal conversations. It is wondering how the agent with 
personality simulation affects human-robot interaction with days or even months of interaction, especially if 
the long-term memory mechanism takes over the personality expression instead of personality model or not. 
The effects of personality design on user’s attitudes toward robots require more assessment, discovering how 
personality traits involve the dynamics of human-robot interaction raises an important issue.

Conclusion
The study develops a cognitive robotic framework that simulates personality using Chat GPT-4, which processes 
visual and textual inputs and generates responses, actions, and emotional reactions. The personality model 
incorporates preferences, Kelly’s Role Construct Repertory, and Cattell’s 16 Personality Factors. Long-term 
memory encoding and retrieval are facilitated through the temporal association of events. Emotion and strategy 
are deduced by analyzing intentions and forecasting future outcomes. Visual information is extracted based on 
the attention of query. The results indicate that the cognitive robotic framework can execute cognitive processes 
that yield human-like responses. The consistency and efficacy of the personality simulation are corroborated 
by assessments using the IPIP-NEO and Big Five personality measures, confirming that the framework meets 
the stipulated requirements for target personality traits. The construct validity of proposed personality model is 
proven through both 30 personality simulations and 31 human subjects.

The contributions of personality simulation extend beyond facilitating human-like interactions. The 
simulation accurately reflects the target personality under study. Equipped with knowledge of an individual’s 
memories, personality traits, and speech patterns, a cognitive robot framework can predict that person’s speech 
and decisions. The incorporation of intentionality in dialogue prompts the chatbot to respond to users in a more 
engaged and purposeful manner. Furthermore, personality simulation can serve as a digital twin for humans, 
enhancing predictive behavioral analysis with personality-driven models. Future research might dive into 
dynamic personality models where traits can evolve in response to ongoing interactions, learning processes, 
or even situational changes. This approach would pave the way for cognitive robots that not only simulate a 
target personality but also adapt to the user’s evolving emotional states and social context. Future studies could 
also consider longitudinal designs to observe how extended interactions influence user engagement, trust, and 

Fig. 11.  Correlation between IPIP-NEO and Big Five of 30 personality compared to 31 human subjects.
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perceived authenticity of the personality simulation over weeks or months. Such research might reveal not only 
the strengths of the current framework but also its limitations in sustaining realistic, human-like interactions 
over time. It is possible to extend personality models and construct validity to older people65, assessing the 
human-robot interaction with ergonomics evaluation66. It is posited that the cognitive robot framework for 
personality simulation represents an innovative approach to human-robot interaction, contributing to the fields 
of robotics, cognitive science, and behavioral analysis.

Data availability
The datasets generated and analyzed during the current study are not publicly available due to privacy issues but 
are available from the corresponding author on reasonable request.
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