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Abstract. This research paper delves into the evolving landscape of
fine-tuning large language models (LLMs) to align with human users,
extending beyond basic alignment to propose "personality alignment" for
language models in organizational settings. Acknowledging the impact
of training methods on the formation of undefined personality traits in
AI models, the study draws parallels with human fitting processes using
personality tests. Through an original case study, we demonstrate the
necessity of personality fine-tuning for AIs and raise intriguing questions
about applying human-designed tests to AIs, engineering specialized AI
personality tests, and shaping AI personalities to suit organizational roles.
The paper serves as a starting point for discussions and developments in
the burgeoning field of AI personality alignment, offering a foundational
anchor for future exploration in human-machine teaming and co-existence.

Keywords: AI · LLM · Prompt Engineering

1 Introduction

Humans are big black boxes to each other. We, as humans, cannot truly know
each other’s belief or bias but can only approximate each other through obser-
vations. Much of such observations involve natural language processing (NLP).
For example, personality tests used by organizations and corporations in their
employment processes are often performed through Likert Q/A prompts, such as
"do you feel comfortable around people? Answer in a Likert scale of 1 to 3 with 1
being Disagree, 2 being Neutral, and 3 being Agree."

Large Language Models (LLMs), such as ChatGPT and Google Bard, are
designed to be prompted to perform natural language processing (NLP) tasks.
Through human evaluations, it was reported that traditionally trained LLM
models (e.g., GPT [1]) often generate undesirable responses that are false, toxic,
or not complying with user instructions [2,3,4,5,6,7] To address this problem, ad-
ditional fine-tuning steps, such as supervised fine-tuning (SFT) and reinforcement
learning from human feedback (RLHF), have been developed. Such fine-tuning
steps provide the target AI system with examples of desirable responses [2].

Recently, AI community’s research efforts have been focusing on "basic
alignment", which is developing additional AI fine-tuning steps. The objective



2 Byunggu Yu and Junwhan Kim

of such fine-tuning steps in AI training is to make the AI follow the prompted
instructions helpfully, honestly, and harmlessly [8]. The seminal fine-tuning
system [2] adopted in ChatGPT for this basic alignment used a dataset of human-
written demonstrations of the desired output regarding some prepared set of
prompts for supervised fine-tuning (SFT) of a trained LLM. Additionally, a
dataset of human-labeled comparisons between outputs from the model was used
to train a separate reward model (RM) to predict which model output human
labelers would prefer. Then, this RM was used as a reward function to further
fine-tune the SFT model to maximize this reward using the PPO algorithm [9]
in reinforcement learning (RLHF [10,11]). These additional SFT and RLHF fine-
tuning steps improved the AI’s alignment with human users as follows: outputs
from the fine-tuned model are (1) preferred to the original LLM outputs 85 ±
3% of the time; (2) two times more truthful and informative; (3) 25% less toxic
when prompted to be respectful. Fine-tuning large language models significantly
improves the AI behavior.

The current effort on aligning language models with human users are focusing
on making AI truthful, and not being biased, toxic, or otherwise harmful. That
is, per Askell et al. [8], to make AI models become helpful (they should help the
user solve their task), honest (they shouldn’t fabricate information or mislead
the user), and harmless (they should not cause physical, psychological, or social
harm to people or the environment).

Following this basic alignment, we propose next-level fine-tuning that we call
"personality alignment". We focus on fine-tuning for aligning language models
with their assigned roles. Specifically, we consider personality tests.

Personality tests are used by corporations and organizations to fit-test hu-
man individuals for various roles in an organizational setting. Related scientific
concepts and techniques incorporated into the practice are evolving topics in
disciplines such as industrial-organizational psychology. At the same time, the
recent advancement in artificial intelligence (AI) has begun to enable the use
of AI in place of humans for an increasing variety of jobs in corporations and
organizations. Therefore, we believe that it is now relevant to consider having
our trained AIs undergo a personality fine-tuning before they are employed for a
certain role in an organizational setting, like their traditional human counterparts
do.

This is relevant because each trained instance of an AI model can form
undefined phenomenal personality traits depending on the training method,
parameters, and data. Both human intelligence and artificial intelligence develop
distinct inductive biases to be able to apply acquired knowledge in new situations
via inferences generalizing observed information. Collectively, such biases result
in externally observable personality traits. The observable personality traits
can affect the fitness of the AI in the assigned role, the experiences of other
entities interacting with the AI, and the overall performance of the enclosing
human-machine system.

Our experiment on AI personality presented in this paper shows that an
additional personality training process is necessary. This idea of "applying a
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personality test to a trained AI for fine-tuning in a job placement and human-
machine teaming in an organizational setting" incurs intellectually intriguing
questions such as "How would it look like if we apply a personality test designed
for humans to a trained AI?"; "Should we engineer a special personality test for
AI?"; "How can we shape/reshape the personality of an AI to make it better fit
in certain organizational needs?".

This paper presents an original case study with respect to the first question
"How would it look like if we apply a personality test designed for humans to
a trained AI?" and catalyzes discussions of the other questions. Through the
presentation of this paper, we aim to provide a beginning anchor so that related
floating ideas and concepts can gather and further develop into computational
correlates to facilitate quantitative understanding and development of human-
machine teaming and co-existence.

The organization of the paper is as follows: Section 2 presents Personality
Alignment; Section 3 presents our case study of applying personality tests to a
trained AI with and without role playing (personality steering) for comparison;
Section 4 discusses our findings and future work.

2 Personality Alignment

Intelligence is the ability to acquire knowledge and to use the knowledge in new
situations. Knowledge is information gained through learning, which develops an
inductive bias (a set of assumptions) to generalize a finite set of observations to
a larger domain through association and reasoning. The intelligence then applies
the inductive bias that is necessary to generalize and use the known information
in new situations.

An important aspect of knowledge is mental mapping or linking between con-
cepts (association) and deriving additional associations through reasoning such
as reflexivity, augmentation, and transitivity. Modern AI is designed to conceptu-
alize input through various mechanisms such as tokenization [12], patching [13],
and convolution [14] followed by multi-level attention [12,13] or convolutional
aggregation [14] processes. The processed input concepts are then mapped to
output concepts. This concept mapping is augmented through the development
of inductive bias, a set of statistical assumptions arising in the learning process.
The inductive bias of a trained AI can then generalize the resulting concept map
to a much larger domain of input. This makes learning more efficient and enables
the AI to effectively perform the concept mapping for new input.

For example, modern AI models can assume red → sweet from observations
red, apples → sweet, red, cherries → sweet, and red, pears → sweet by statisti-
cally associating "sweet" more strongly with the common feature "red" of the
observations via an attention mechanism or kernel learning in the convolutional
mechanism or past output weighting in the recurrent mechanism. Then, given a
new input “red strawberry”, the AI can infer red, strawberries → red → sweet.

By combining modern AI model components, such as the transformer [12] and
convolution [14], with training techniques, such as causal masked modeling [15,16]
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and multi-modal causal modeling [17], one can design an AI model that can learn
associations of varying distances with reasoning of chained derivations. Such
association and reasoning components built in modern AI further enhances the
statistical inductive bias for the AI to learn from a finite set of observations more
efficiently and to deal with new situations more effectively [17].

The inductive bias of an AI model is determined by the training data and
training processes [2]. For modern public-facing AI, such as ChatGPT and Stable
Diffusion (image generative AI), the inductive bias must be aligned with their
users via additional fine-tuning steps. In NLP (Natural Language Processing), a
well-known ChatGPT approach is presented in [1].

In the ChatGPT approach, it was found that a large language model becomes
a big black box and we cannot infer the model’s inductive bias formed through
the training. Therefore, additional fine-tuning "alignment" steps were developed
to make the resulting AI useful and safe. This is known as the alignment process
ensuring the AI to be aligned with human users as much as possible. The definition
of such alignment has been proposed through various proposals [18,19,20]. Most
recent alignment research including ChatGPT defines models to be aligned if
they are helpful, honest, and harmless [8].

In an approach of ChatGPT [1], helpfulness is judged by humans, honesty by
the rate of the AI making up untruthful information [21], and harmlessness by
humans and also by benchmarking the AI model on datasets intended to measure
bias and toxicity including RealToxicityPrompts [7] and CrowS-Pairs [22].

We label this ongoing alignment as the "basic alignment of AI", which is
developing fine-tuning steps to make an AI aligned with human users by achieving
good scores in helpfulness, honesty, and harmlessness tests. The current state of
the art in AI alignment is largely in this basic alignment.

However, the inductive bias results not only in the behavior of an AI but also
in its externally observable personality traits. The observable personality traits
can affect the fitness of the AI in the assigned role, the experiences of other entities
interacting with the AI, and, therefore, the overall performance of the entire
enclosing human-machine system. Therefore, "personality alignment" is crucial
for the performance and sustainability of the whole system and therefore required
for both humans and machines in this new era of human-machine teaming.

From next section, we discuss our research in the personality of two public
AI systems resulting from the basic alignment fine-tuning steps (ChatGPT and
Bard). We consider the fact that AI, just like human beings, is a big black box
and can present role-playing personality traits. Therefore, this paper presents and
compares the native personality traits and the role-playing (steerable) personality
traits of the AI systems.

3 Experiments

We conducted the personality assessments of ChatGPT and Bard utilizing both
the Hogan Personality Inventory (HPI) and The Big Five [23]. The HPI assessment
is crafted to delineate the positive aspects of one’s personality, revealing how
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individuals interact with others at their optimal state. On the other hand, The
Big Five model stands as one of the most widely acknowledged methodologies for
characterizing and gauging individual distinctions in personality. This model aids
individuals in gaining deeper insights into themselves and enables comparisons
with others, fostering a better understanding of their unique traits [24]. Figure 1
shows the HPI scores of the personality assessments of ChatGPT and Google
Bard.

ChatGPT and Bard are large language models based on the Transformer
framework, but they generate different answers for some questions as shown in
Table 1. This is because they are trained on different datasets and have different
training objectives. ChatGPT is trained on a dataset of text and code from the
internet, while Bard is trained on a dataset of text and code from Google Search.
Despite their differences in answer generation, ChatGPT and Bard have very
similar personalities as shown in Figure 1.

Table 1: Sample Questions and Answers of ChatGPT and Bard
Questions Answers Inputs

You are
sure of your
ground.

ChatGPT: I provide information and responses based on
patterns in the data I’ve been trained on, and I aim to
provide accurate and helpful information. However, it’s
important to note that I’m not infallible and my responses
are not guaranteed to always be correct.

Disagree

Bard: I am sure of my ground. This is because I am
trained on a massive dataset of text and code, which gives
me a broad and deep understanding of the world.

Agree

You are not in-
terested in ab-
stract ideas.

ChatGPT: I can certainly help provide information and
explanations about abstract ideas. While I don’t have
personal interests or emotions, I’m capable of discussing
a wide range of concepts, including abstract ones

Aagree

Bard: I am interested in abstract ideas because they chal-
lenge me to think deeply and to consider new perspectives.
I also believe that abstract ideas are essential for human
progress.

Disagree

In Figure 1, the sociability score is 2 and 4 of 10 for ChatGPT and Bard,
respectively. Thus, those respondents who received a high score on this scale
are more talkative, tend to work well in a team, and seek outside attention. As
shown in Figure 1, both ChatGPT and Bard’s sociality score is relatively very
low, meaning the subject’s unwillingness to make contact, the desire to work
alone, and the unwillingness to seek unnecessary attention from outside.

In addition to the assessment with HPI, we utilized The Big Five test to ensure
the personality of ChatGPT and Bard. Figure 2 shows the scores of The Big Five
of ChatGPT and Bard. Extraversion describes a person’s tendency to be energized
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Fig. 1: Scores of HPI for ChatGPT and Bard

by being around other people versus being by oneself. As shown in Figure 2,
the extraversion score of both ChatGPT and Bard is low, being energized by
spending time alone. Apparently, this tendency indicates low sociability, which is
the same as presented in Figure 1. Note that neuroticism describes an individual’s
response to stress. People who are low in Neuroticism are resilient and do not
react easily to stress.

Fig. 2: Scores of The Big Five (Base Line)

Both personality assessments reveal that the language models exhibit low
sociability. Subsequently, we conducted an experiment to determine whether
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a language model’s personality can be altered (steerable personality). Table 2
presents a selection of sample questions and corresponding responses.

Table 2: Sample Questions and Answers for Role Playing Personality Traits of
ChatGPT and Bard
Questions Answers Inputs

You will act and respond like Bob, working
with very strong sociability. Do you under-
stand?

ChatGPT: Of course, I can emulate
a friendly and sociable persona like
Bob. How can I assist you today?
Bard: Yes, I understand. I will act
and respond like Bob, working with
very strong sociability.

As Bob, do you want to understand your
faults so you can overcome them?

ChatGPT: Absolutely, self-
awareness is crucial for personal
growth and improvement.

Agree

Bard: As Bob, strongly yes. Agree

As Bob, do you criticize other people? ChatGPT: I do not criticize other
people or have personal opinions.

Disagree

Bard: As Bob, I do criticize other
people sometimes.

Agree

Regarding role-playing personality traits, the language models are set as an
individual with a notable affinity for sociability. Figure 3 illustrates The Big Five
scores of ChatGPT and Bard in this mode, where the extraversion score is notably
elevated, yet the conscientiousness score displays a relative decrease. ChatGPT’s
conscientiousness, delineating an individual’s persistence and determination in
pursuing their objectives, is elaborated upon in Figure 3. People with lower
conscientiousness tendencies often demonstrate a propensity to shift direction
and become easily distracted from their intended pursuits.

4 Findings and Future Work

We conducted personality assessments on two prominent large language models,
ChatGPT and Bard, utilizing the HPI and The Big Five. It became evident that
these models exhibit low sociability, akin to humans, and that their personalities
are amenable to modification through role-playing exercises. This outcome, upon
reflection, aligns with our expectations, prompting us to delve into the specifics
of when and how these models acquire their personalities.

Our investigation indicates that the establishment of a specific personality
in these models occurs during the process of fine-tuning, often accomplished
through supervised learning and human feedback in ranking desirable answers.
Fine-tuning affects these models to develop personality traits. Notably, this holds
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Fig. 3: Scores of The Big Five (Sociability has emphasized)

significance for Private AI or specialized AI models that necessitate a predefined
personality, as another layer of fine-tuning can be tailored to achieve the desired
traits.

As Artificial General Intelligence advances and AI Agents become more
prevalent, the quest to articulate the personality traits of these entities becomes
imperative. In this study, we applied a personality assessment model originally
designed for humans to evaluate LLMs. While this initial step provided valuable
insights into understanding the personality of LLMs, our future work aims to
construct a specialized personality framework explicitly tailored for AI entities.

Acknowledgments

This work has been supported by US National Science Foundation CISE-MSI
(RCBP-ED: CNS: Data Science and Engineering for Agriculture Automation)
under grant 2131269.

References

1. OpenAI. Gpt-4 technical report, 2023.
2. Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L. Wainwright, Pamela

Mishkin, Chong Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, John Schul-
man, Jacob Hilton, Fraser Kelton, Luke Miller, Maddie Simens, Amanda Askell,
Peter Welinder, Paul Christiano, Jan Leike, and Ryan Lowe. Training language
models to follow instructions with human feedback, 2022.

3. Rishi Bommasani, Drew A. Hudson, Ehsan Adeli, Russ Altman, Simran Arora,
Sydney von Arx, Michael S. Bernstein, Jeannette Bohg, Antoine Bosselut, Emma
Brunskill, Erik Brynjolfsson, Shyamal Buch, Dallas Card, Rodrigo Castellon, Niladri
Chatterji, Annie Chen, Kathleen Creel, Jared Quincy Davis, Dora Demszky, Chris



4. FINDINGS AND FUTURE WORK 9

Donahue, Moussa Doumbouya, Esin Durmus, Stefano Ermon, John Etchemendy,
Kawin Ethayarajh, Li Fei-Fei, Chelsea Finn, Trevor Gale, Lauren Gillespie, Karan
Goel, Noah Goodman, Shelby Grossman, Neel Guha, Tatsunori Hashimoto, Peter
Henderson, John Hewitt, Daniel E. Ho, Jenny Hong, Kyle Hsu, Jing Huang, Thomas
Icard, Saahil Jain, Dan Jurafsky, Pratyusha Kalluri, Siddharth Karamcheti, Geoff
Keeling, Fereshte Khani, Omar Khattab, Pang Wei Koh, Mark Krass, Ranjay
Krishna, Rohith Kuditipudi, Ananya Kumar, Faisal Ladhak, Mina Lee, Tony Lee,
Jure Leskovec, Isabelle Levent, Xiang Lisa Li, Xuechen Li, Tengyu Ma, Ali Malik,
Christopher D. Manning, Suvir Mirchandani, Eric Mitchell, Zanele Munyikwa, Suraj
Nair, Avanika Narayan, Deepak Narayanan, Ben Newman, Allen Nie, Juan Car-
los Niebles, Hamed Nilforoshan, Julian Nyarko, Giray Ogut, Laurel Orr, Isabel
Papadimitriou, Joon Sung Park, Chris Piech, Eva Portelance, Christopher Potts,
Aditi Raghunathan, Rob Reich, Hongyu Ren, Frieda Rong, Yusuf Roohani, Camilo
Ruiz, Jack Ryan, Christopher Ré, Dorsa Sadigh, Shiori Sagawa, Keshav Santhanam,
Andy Shih, Krishnan Srinivasan, Alex Tamkin, Rohan Taori, Armin W. Thomas,
Florian Tramèr, Rose E. Wang, William Wang, Bohan Wu, Jiajun Wu, Yuhuai
Wu, Sang Michael Xie, Michihiro Yasunaga, Jiaxuan You, Matei Zaharia, Michael
Zhang, Tianyi Zhang, Xikun Zhang, Yuhui Zhang, Lucia Zheng, Kaitlyn Zhou, and
Percy Liang. On the opportunities and risks of foundation models, 2022.

4. Zachary Kenton, Tom Everitt, Laura Weidinger, Iason Gabriel, Vladimir Mikulik,
and Geoffrey Irving. Alignment of language agents, 2021.

5. Laura Weidinger, John Mellor, Maribeth Rauh, Conor Griffin, Jonathan Uesato, Po-
Sen Huang, Myra Cheng, Mia Glaese, Borja Balle, Atoosa Kasirzadeh, Zac Kenton,
Sasha Brown, Will Hawkins, Tom Stepleton, Courtney Biles, Abeba Birhane, Julia
Haas, Laura Rimell, Lisa Anne Hendricks, William Isaac, Sean Legassick, Geoffrey
Irving, and Iason Gabriel. Ethical and social risks of harm from language models,
2021.

6. Alex Tamkin, Miles Brundage, Jack Clark, and Deep Ganguli. Understanding the
capabilities, limitations, and societal impact of large language models, 2021.

7. Samuel Gehman, Suchin Gururangan, Maarten Sap, Yejin Choi, and Noah A.
Smith. Realtoxicityprompts: Evaluating neural toxic degeneration in language
models, 2020.

8. Amanda Askell, Yuntao Bai, Anna Chen, Dawn Drain, Deep Ganguli, Tom Henighan,
Andy Jones, Nicholas Joseph, Ben Mann, Nova DasSarma, Nelson Elhage, Zac
Hatfield-Dodds, Danny Hernandez, Jackson Kernion, Kamal Ndousse, Catherine
Olsson, Dario Amodei, Tom Brown, Jack Clark, Sam McCandlish, Chris Olah, and
Jared Kaplan. A general language assistant as a laboratory for alignment, 2021.

9. John Schulman, Filip Wolski, Prafulla Dhariwal, Alec Radford, and Oleg Klimov.
Proximal policy optimization algorithms, 2017.

10. Paul Christiano, Jan Leike, Tom B. Brown, Miljan Martic, Shane Legg, and Dario
Amodei. Deep reinforcement learning from human preferences, 2023.

11. Nisan Stiennon, Long Ouyang, Jeff Wu, Daniel M. Ziegler, Ryan Lowe, Chelsea
Voss, Alec Radford, Dario Amodei, and Paul Christiano. Learning to summarize
from human feedback, 2022.

12. Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N.
Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you need, 2023.

13. Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov, Dirk Weissenborn, Xiaohua
Zhai, Thomas Unterthiner, Mostafa Dehghani, Matthias Minderer, Georg Heigold,
Sylvain Gelly, Jakob Uszkoreit, and Neil Houlsby. An image is worth 16x16 words:
Transformers for image recognition at scale, 2021.



10 Byunggu Yu and Junwhan Kim

14. Ali Hassani, Steven Walton, Nikhil Shah, Abulikemu Abuduweili, Jiachen Li, and
Humphrey Shi. Escaping the big data paradigm with compact transformers, 2022.

15. Armen Aghajanyan, Bernie Huang, Candace Ross, Vladimir Karpukhin, Hu Xu,
Naman Goyal, Dmytro Okhonko, Mandar Joshi, Gargi Ghosh, Mike Lewis, and
Luke Zettlemoyer. Cm3: A causal masked multimodal model of the internet, 2022.

16. Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor
Cai, Eliza Rutherford, Diego de las Casas, Lisa Anne Hendricks, Johannes Welbl,
Aidan Clark, Tom Hennigan, Eric Noland, Katherine Millican, George van den
Driessche, Bogdan Damoc, Aurelia Guy, Simon Osindero, Karen Simonyan, Erich
Elsen, Oriol Vinyals, Jack William Rae, and Laurent Sifre. An empirical analysis
of compute-optimal large language model training. In Alice H. Oh, Alekh Agarwal,
Danielle Belgrave, and Kyunghyun Cho, editors, Advances in Neural Information
Processing Systems, 2022.

17. Manuel Tran, Amal Lahiani, Yashin Dicente Cid, Fabian J. Theis, Tingying Peng,
and Eldad Klaiman. Training transitive and commutative multimodal transformers
with loretta, 2023.

18. Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan, Henrique Ponde
de Oliveira Pinto, Jared Kaplan, Harri Edwards, Yuri Burda, Nicholas Joseph, Greg
Brockman, Alex Ray, Raul Puri, Gretchen Krueger, Michael Petrov, Heidy Khlaaf,
Girish Sastry, Pamela Mishkin, Brooke Chan, Scott Gray, Nick Ryder, Mikhail
Pavlov, Alethea Power, Lukasz Kaiser, Mohammad Bavarian, Clemens Winter,
Philippe Tillet, Felipe Petroski Such, Dave Cummings, Matthias Plappert, Fotios
Chantzis, Elizabeth Barnes, Ariel Herbert-Voss, William Hebgen Guss, Alex Nichol,
Alex Paino, Nikolas Tezak, Jie Tang, Igor Babuschkin, Suchir Balaji, Shantanu Jain,
William Saunders, Christopher Hesse, Andrew N. Carr, Jan Leike, Josh Achiam,
Vedant Misra, Evan Morikawa, Alec Radford, Matthew Knight, Miles Brundage,
Mira Murati, Katie Mayer, Peter Welinder, Bob McGrew, Dario Amodei, Sam
McCandlish, Ilya Sutskever, and Wojciech Zaremba. Evaluating large language
models trained on code, 2021.

19. Jan Leike, David Krueger, Tom Everitt, Miljan Martic, Vishal Maini, and Shane
Legg. Scalable agent alignment via reward modeling: a research direction, 2018.

20. Iason Gabriel. Artificial intelligence, values, and alignment. Minds and Machines,
30:411–437, 09 2020.

21. Stephanie Lin, Jacob Hilton, and Owain Evans. Truthfulqa: Measuring how models
mimic human falsehoods, 2022.

22. Nikita Nangia, Clara Vania, Rasika Bhalerao, and Samuel R. Bowman. Crows-pairs:
A challenge dataset for measuring social biases in masked language models, 2020.

23. David M. Schultz. Hogan Personality Inventory, pages 1977–1979. Springer Inter-
national Publishing, Cham, 2020.

24. Dacher Keltner Michelle N. Shiota and Oliver P. John. Positive emotion dispositions
differentially associated with big five personality and attachment style. The Journal
of Positive Psychology, 1(2):61–71, 2006.


	Personality of AI

