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The goal of creating “human-like” machines is not new; Alan Turing pondered this goal in his 1950 paper Computing Machinery
and Intelligence. With the invention of machine learning algorithms, particularly ‘deep learning’ neural networks, computing
technology continues to provide interesting results and refinements on the definitions of “human-like”. The goal of this paper is
not to create or measure intelligence, but rather to investigate the creation of a computer that imitates a pre-existing human: we
call this the personalization problem. Using messages from an individual’s social media accounts, we create chatbots to mimic
the person who wrote the original messages. We used OpenAI’s GPT-2 model for natural language generation. To measure the
“personalization” in our chatbots, we asked subjects with relationships to target persons to distinguish between chatbots with
different personalities. Our results show statistically significant personalization of the targets. To our knowledge, this is the first
experimental demonstration of chatbot personalization for pre-existing humans.

Introduction

Improving the conversational abilities of machine learning
models is a major endeavor in the field of artificial intelli-
gence. One challenge is to develop a chatbot that exhibits,
and remains consistent with, a larger persona. We call this
the personalization problem for chatbots, which is to create
a chatbot with the biographical and personality features of a
specific, existing individual. More specifically, we focus on
creating open-domain chatbots: programs that engage in di-
rect, one-on-one dialogue with a user.

Although similar to Alan Turing’s goal of reproducing a
human-like mind in a machine, the problem of personaliza-
tion is distinct. While Turing considered human-likeness as
the extent to which a machine exhibits intelligent behavior,
personalization deals with the assumption of a specific human
identity. This identity should include biographical informa-
tion and elements of personal memory, as well as personality
traits and idiosyncrasies of language (e.g. slang). The degree
to which a machine can be molded to a specific, pre-existing
identity is, in our understanding, a novel problem and requires
a creative selection and use of datasets.

We propose using messaging data sourced from a single in-
dividual which can be extracted from various social media ap-
plications. The prolific usage of social media generates huge
amounts of text data, especially dialogue between two indi-
viduals. Moreover, data taken from social media is largely
available to its authors, and studies show that personality fea-
tures can be predicted to incredible accuracy from messag-
ing data1. Further, we utilize a pre-trained model, those of

Table 1 Messages extracted from social media application Discord.
Messaging Total Number of Word Count Average Length
Application Messages of a Message
Discord 43,774 223,286 ∼5 words

which have shown significant success in a variety of language-
understanding tasks2.

Related Works

Many previous studies have attempted to create personalized
dialogue models. The most recent efforts focus on improving
a set of common problems found within chatbots such as a
lack of consistent personality, relatively short long term mem-
ory in conversation, and a habit of resorting to non-answers
(e.g. “I don’t know”). A common approach to improv-
ing the conversational ability of chatbot models is to create
a unique dataset in order to equip the model with increased
‘human-like’ characteristics. A variety of these datasets have
been collected and used for model training, including a cor-
pus of movie dialogues3 and subtitles4 respectively. Further
attempts at compiling a dataset include PersonaChat5, a col-
lection of conversations between volunteers acting on a pre-
constructed profile (a brief character description).

We define a persona as various elements of identity6, rang-
ing from biographical information to language use and be-
havior. Thus, personalization is the degree as to which our
model adopts this larger persona. Much like research de-
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Fig. 1 Training data for each chatbot.

scribed above, we propose a new dataset; however, rather than
improve fluency, we aim to increase the personalization of the
model. Pretrained models have demonstrated promise in the
development of task-oriented dialogue7, and similar research
investigates their utility in an open-domain setting. ‘Persona-
rich’ data, like movie scripts and social media conversations,
are then used to fine-tune the model8. The objective of our
research is to determine the level as to which a model can
mold to a cohesive larger personality, and thus datasets like
PersonaChat, where a variety of personas are explicitly fea-
tured throughout the dialogue, cannot be used.

Methods

Data Collection

Our dataset was a conversion log of Discord Messages be-
tween two individuals (Siavash Hassibi and “Ben”) over a pe-
riod of two years. More specifically, we obtained messages
from the author’s Discord account. We elected to use Discord
data because the author had a large conversation history im-
mediately available. The data was received as a collection of
.csv files. For the data to be viable, it had to be reformatted
(i.e. removal of timestamps, renaming of conversation partic-
ipants) and converted into a .txt format. This was done using
an open source parser from Github9.

The messaging datasets are personal conversations, often
including slang and casual use of punctuation, grammar, and
syntax. The chat data is almost always between the author
and a friend, “Ben”, from school, discussing a wide variety
of topics from classes to gaming to current events, with con-
versations taking place from September 21, 2020 to the date
when we downloaded the Discord data, November 10th, 2022.

Training Chatbots

The model we used for training was a Github implementa-
tion of GPT-2, known as Gravital10. Developed by Ope-
nAI11, GPT-2 is a general purpose (i.e. not designed for a
specific usage case) model that generates text based on inputs,
or prompts, from a user. A deep learning model, GPT-2 is a
transformer neural network equipped with 12 layers of neu-
rons. OpenAI’s more recent and currently proprietary chatbot
ChatGPT, based on a similar architecture, has received exten-
sive media attention for its human-like conversation skills12.
We elected to use GPT-2 because of its extensive open-source
support as many fine-tuning algorithms were available for the
pretrained model. While GPT-2 is an established model, tun-
ing allows for the specification of the model with respect to a
specific dataset. In our case, we tune on different datasets of
conversation messages (Table 2) to test the degree the model
adopts a larger persona.

A diagram of our procedure (Figure 1) demonstrates how
GPT-2 was used. A pool of roughly 40,000 messages was
edited into four different datasets, with each containing a dif-
ferent level of author representation. Table 2 demonstrates
example text from each, where a differing percentage of the
‘SIAVASH’ speaker token is replaced with a random five let-
ter string. A total of five models were trained with a standard
number of steps at 3000 and a model size of 500 MB. After
creating a set of prompts, each model generates a series of
responses which are then evaluated.

Assessment

To assess the personalization achieved by our chatbot, we
showed close associates of Siavash and Ben the anonymized
dialogues generated by the models, asking them to identify
who the bot was imitating. Our hypothesis was that a higher
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Table 2 Training data for each chatbot.
Name of Dataset 100%-SiavashBot 50%-SiavashBot 25%-SiavashBot 0%-SiavashBot

Description No changes to Replace 50% of Replace 75% of Replace all occurrences of
dataset Siavash’s name with Siavash’s name with Siavash’s name with

random 10- random 10- random 10-
character string character string character string

Example dialogue SIAVASH: Hey, KJGHV: Hey, GRWSD: Hey, TVTHR: Hey,
what are you up to today? what are you up to today? what are you up to today? what are you up to today?

BEN: Nothing much BEN: Nothing much BEN: Nothing much BEN: Nothing much
my whole day is my whole day is my whole day is my whole day is

free, what about you? free, what about you? free, what about you? free, what about you?
SIAVASH: Yeah SIAVASH: Yeah SIAVASH: Yeah HGTDHN: Yeah
same my day is same my day is same my day is same my day is
pretty much free pretty much free pretty much free pretty much free
BEN: What were BEN: What were BEN: What were BEN: What were

you thinking of doing? you thinking of doing? you thinking of doing? you thinking of doing?
SIAVASH: You FDTASD: You MNKWSY: You LDSTW: You

wanna grab coffee wanna grab coffee wanna grab coffee wanna grab coffee
after school? after school? after school? after school?

BEN: Sure, can we BEN: Sure, can we BEN: Sure, can we BEN: Sure, can we
get lunch too? I get lunch too? I get lunch too? I get lunch too? I

don’t eat at school don’t eat at school don’t eat at school don’t eat at school
SIAVASH: Yeah SIAVASH: Yeah RWESD: Yeah POHWS: Yeah

sounds good, I’ll see sounds good, I’ll see sounds good, I’ll see sounds good, I’ll see
you then you then you then you then

presence of ”Siavash” vs. anonymized messages in the train-
ing data (i.e., 0% vs. 50% vs. 75% vs. 100%) would lead
to more personalization imbued in the Siavash chatbot, and
thus, higher correct discrimination rates. Pre-existing meth-
ods for assessing chatbots often focus on sentence understand-
ing13, however, similar persona-based research frequently uti-
lizes human evaluations to measure fluency, specificity14, and
conversation depth15. For the purpose of evaluating our spe-
cific definition of personalization, we create a new method.

We prompted each chatbot with 20 questions or sentences
related to biographical information or a topic of shared in-
terest to the chatbots, e.g., Figure 2: “Give an example of a
computer game”. Then, we selected five sample generations,
chosen for being most coherent, from each of the five chat-
bots. We anonymized these samples and prepared a survey of
20 questions asking a human subject to determine the identity
of one of the chatbots, whose identity has been masked us-
ing “O” or “X” for the name and green or blue highlighting to
make the separate identities easier to distinguish. For our data
collection, we gave the survey to seven individuals who know
both Ben and Siavash personally. For each survey question,
the subject was asked to identify one of the two (randomly)
chosen chatbots, as being either “Siavash” or “Ben”.

Results and Discussion

When dividing the responses to each question based on the
chatbot that generated them, the human subjects were not
more or less likely to identify the chatbots for different lev-
els of “Siavash”-anonymization (Figure 3). That is, altering
the dataset to replace a certain percentage of “SIAVASH” did
not seem to affect the personalization exhibited by the chatbot.
Participants exhibited a relatively consistent accuracy despite
the differing models.

The total number of correct responses in our survey was 94
for the 140 questions. This probability that these results occur
in the case that no personalization occurred, i.e., the partici-
pants could not discriminate at all between bots, can be mod-
eled by a binomial distribution with x = 94, n = 140, and p =
0.5.

P(X = x) =n
x C(p)x(p)n−x (1)

P(X ≥ x) =
n

∑
X=x

P(X = x) (2)

Binomial Probability Density Function 1 and Binomial
Cumulative Density Function 2

Then, the probability that 94 or more answers would be ran-
domly guessed correctly is P(X ≥ 94) = 0.003%. Because of
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Fig. 2 Example survey question and chatbot response.

this extreme unlikelihood, we conclude that the chatbots are
exhibiting statistically significant personalization of the target
persons. Participants of our survey were able to consistently
identify the chatbot’s “identity” with around 70% accuracy. To
our knowledge, this is one of the first experimental demonstra-
tions of chatbot personalization to existing individuals. One
potential limitation of this result is that the chatbot generations
used to create the survey were not randomly selected, instead
chosen for coherence. Bias regarding what is considered fluent
was not accounted for in our experiment; however, it should
be noted that many model responses were just a collection of
phrases that lacked any larger sensibility. Related efforts in
pursuing personalization center around improving the fluency
of their models, though auxiliary experiments demonstrate a
simple persona-consistency5. While evidence of some degree
of personalization, these results do not indicate that the dia-
logue model has absorbed a larger identity.

In our experiment, the personalization was not affected by
replacing the name “SIAVASH” with random labels (see Ta-
ble 2). This could be because the name “BEN” was never
changed and the model associated messages for a Siavash-
chatbot by process of elimination. Given the relative success

of personalization, more study is needed to determine grada-
tions of personalization achievable by manipulating the train-
ing data. Randomizing either name, randomly dropping ei-
ther name for a third ‘unknown’, and randomly swapping the
names are all models that potentially may succeed in regu-
lating the personalization exhibited by the chatbot. However,
these models make it more difficult to assess who the chatbot
is attempting to imitate. A strategy for solving this could be to
tie the model to generate one line at a time and then forcing it
to produce one author first.

To attempt better results, we suggest some improvements to
the datasets.

• More messages: Having more conversation history, for
example, would be beneficial to the chatbot training. This
could be done by concatenating datasets from a wider
variety of social media applications, for example.

• Cleaner, more structured language: Data taken from a
more formal setting (e.g. email), where long-form mes-
sages are more grammatical and media attachments are
less frequent, might be more effective for training.

• Binary turn-taking: In the current data, one person would
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Fig. 3 Example survey question and chatbot response.

often send many short messages, followed by a burst of
messages from the other person, and so on; this lessens
the dialogue effect of the dataset. One could pre-process
the messages to have a strict, back-and-forth style, where
each participant sends one message, then receives a re-
sponse. However, this could potentially trivialize the
model as rather than learning by speaker label, it could
instead learn to alternate personalities.

Conclusion

We study the personalization problem for chatbots. Making
use of a pre-processed dataset from a social media applica-
tion Discord, we apply state-of-the-art machine learning al-
gorithms to create chatbots with varying degrees of person-
alization. Newer and more advanced large-language models
are being developed, and a potential avenue for future work
could utilize them for a similar procedure. We also present a
novel experimental design for evaluating personalization; un-
like most chatbot evaluation criteria in existing work, we fo-
cus on determining if human subjects can identify between
chatbots personalized towards different, existing individuals,
rather than measures of the coherence or sensibility of the
chatbot’s language. This reflects the limitations of current nat-
ural language generation technology; our goal not to create in-
telligence, rather to create technology and evaluation criteria
towards personalization. A potential avenue of exploration is
creating chatbots from public figures or fictional characters,
who may have larger available datasets. The use of well-

known individuals also allows more people to be involved in
guessing authorship as well.
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