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Abstract
This study uses modern LLMs to attempt the
ConvAI2 competition. The competition’s goal
was to create a conversational AI that could gen-
erate a suitable response to user inputs, given a
dialogue history and a description of the agent’s
persona. This study developed a system for
evaluating LLMs for this task using human
feedback. Using the developed system, three
models were implemented for testing; it was
found that modern LLMs can produce suitable
outputs deemed representative of a persona but
struggle to convey them naturally. Hyperpa-
rameters were also analysed, with findings in-
dicating that increasing temperature increases
the naturalness of outputs and top_p increases
result in better persona representation.

1 Introduction

The Second Conversational Intelligence Challenge
(ConvAI2) (Dinan et al., 2020) was a competition
for Advances in Neural Information Processing
Systems 31 (NeurIPS 2018) (Bengio et al., 2019);
ConvAI2 (Dinan et al., 2020) aimed to further the
development of ‘high-quality dialogue agents ca-
pable of meaningful open domain conversation’,
this was achieved through creating a scenario for
testing chatbots that engage with humans. The
competition used a data set, called Persona-Chat,
of conversations between two individuals who had
been given personas to act as; the goal was to use
Persona-Chat and a dialogue history within a con-
versational AI to generate suitable responses to user
inputs. The motivation for the competition was to
enhance the consistency and engagement of conver-
sational models through the use of personas, based
on research by Zhang et al. (2018). The models
produced by the competition were evaluated us-
ing a test set, Amazon Mechanical Turk, and live
evaluation from volunteers. The models produced
in this report cannot use the test set and Amazon
Mechanical Turk; instead, the researcher evaluates
each model based on interactions with each AI.

In this report, the ConvAI2 competition will
be attempted using modern pre-trained generative
models, such as GPT-3 (Floridi and Chiriatti, 2020)
and LLaMa (Touvron et al., 2023a), and mod-
ern techniques to fine-tune these models, such as
prompt engineering (Muktadir, 2023), to show how
advances in large language models have begun to
trivialise the task of creating personas. Before Con-
vAI2, chit-chat models were seen to have issues
regarding a lack of consistency when it came to
personality (Li et al., 2016) and long-term con-
versations (Serban et al., 2016); these are both
issues which modern generative chatbots are suc-
cessfully mitigating, with ChatGPT having a work-
ing memory similar to humans (Gong et al., 2023)
and prompt engineering enabling personas to be
successfully implemented (Short and Short, 2023).
Therefore, this research evaluates how well modern
models can implement and represent the personas
used in the ConvAI2 competition. This research
sits within conditional text generation (Guo et al.,
2020), as the overall goal is to generate text accord-
ing to pre-specified conditioning, such as sentiment
or constraint.

2 Previous Approaches

Understanding researchers’ approaches during the
competition will provide insight into how personas
are successfully implemented within large lan-
guage models. Prior techniques may be adapted
into the pre-trained model approach and may pre-
vent potential pitfalls and errors. The models that
will be discussed and analysed are those developed
by Hugging Face, Little Baby, Lost in Conversa-
tion, and Mohd Shadab Alam, all of which can be
found in the article by Dinan et al. on the ConvAI2
competition (2020). These approaches’ findings
align with advances in LLMs since the competition.



2.1 Hugging Face

Hugging Face’s approach focused on the model’s
ability to interact with frequently switching shal-
low topics; this was implemented through a gen-
erative neural network and transfer learning. Hug-
ging Face pre-trained the model with a language
modelling objective using GPT-1 (Radford and
Narasimhan, 2018); the model was modified via
fine-tuning. Hugging Face fine-tuned GPT-1 using
positional embeddings, embeddings that indicate
the ownership of tokens, and semantic learning.
The Hugging Face model was the most successful
in the automatic evaluation stage of the ConvAI2
competition (Dinan et al., 2020). Hugging Face
did not identify further improvements they would
make to the model.

2.2 Little Baby

Little Baby’s approach focused on using a Sequen-
tial Matching Network (Wu et al., 2017) that could
model semantics for a sentence, capture utterance-
response matching, distil important matching infor-
mation, and capture the temporal relationship of
utterances; this approach allowed for multi-grained
semantic information to be extracted for each sen-
tence. While there were advantages to this model,
it was identified that implementing reply history or
utilising a generative model would be beneficial for
the competition’s task. Little Baby did not perform
as well as Hugging Face’s or Lost in Conversation’s
models, which were generative.

2.3 Lost in Conversation

Lost in Conversation’s approach (Tselousov and
Golovanov, 2018) focused on simulating ‘normal’
conversation by learning the interests of the other
agent and then discussing its interests to find com-
mon ground. The model was trained using Persona-
Chat (Korshuk, 2019), DailyDialog (Li et al., 2017),
and a dataset of Reddit comments. The model was
built on the pre-trained GPT-1 model (Radford and
Narasimhan, 2018), which was modified by pro-
viding persona information and a dialogue history
in addition to minor modifications to the attention
layer. The model attempted to simulate human be-
haviour by analysing sentiments, correcting errors,
and adding emojis. This model performed best
within human and ‘engagingness’ evaluations dur-
ing the ConvAI2 competition (Dinan et al., 2020).
Tselousov and Golovanov (2018) identified future
improvements, such as optimising memory, speed,

and sentence attention, which are improvements
that GPT-3 has implemented over GPT-1 (Imamgu-
luyev, 2023).

2.4 Mohd Shadab Alam

Mohd Shadab Alam’s approach focused on imple-
menting a seq2seq encoder and fine-tuning the em-
beddings. The model utilised Universal Language
Model Fine-tuning (Howard and Ruder, 2018)
to train and fine-tune the language embeddings
using the Persona-Chat dataset (Korshuk, 2019);
these embeddings were then concatenated with pre-
trained embeddings from GloVe (Pennington et al.,
2014) to produce the input vector for the seq2seq
encoder. A highway layer (Srivastava et al., 2015)
was introduced to reduce bias in the encoder’s out-
put. The researchers who developed this model
did not identify further improvements that could be
made to the model.

2.5 Summary of Previous Approaches

The reviewed approaches show that the genera-
tive models performed better within the competi-
tion and were seen as direct improvements to al-
ternative models, with one identifying that they
would implement a generative model to improve
their performance in the competition. Radford and
Narasimhan’s paper (2018) on GPT-1 was released
during the competition, making ConvAI2 (Dinan
et al., 2020) one of the first usages of the model for
conversations with personas; since ConvAI2, GPT
models have been used to enable chatbots with per-
sonas in a wide variety of settings with success
(Shao et al., 2023; Lee et al., 2022).

The key takeaways from the previous approaches
are that generative models performed best during
the competition, utilising further training data im-
proves performance, dialogue history greatly im-
pacted human evaluation, and pre-trained models
were preferable.

3 Motivation and Chosen Approach

The success of GPT-1 (Radford and Narasimhan,
2018) in the ConvAI2 competition (Dinan et al.,
2020) and the advances of GPT-3 (Imamguluyev,
2023) motivated the approach to attempt the chal-
lenge with modern generative models. Current
generative models have successfully implemented
personas from fictional novels and short stories
(van der Zon, 2023), enabling authors to engage
with their created characters and further understand



them. Character-LLM (Shao et al., 2023) is a gener-
ative large-language model, built upon GPT-3, that
can be trained, akin to prompt engineering, using
a persona; this implementation has allowed for the
successful implementation of historical figures, fic-
tional characters, and celebrities as personas, with
the resulting human-AI interactions capable caus-
ing users to develop emotional bonds with the AI
(Zahira et al., 2023). Within the approaches to the
ConvAI2 competition, it was identified that poor
long-term memory caused humans to engage less
with a model; Landwehr et al. (2023) implemented
a system to enable long-term memories for AI char-
acters created via prompts in GPT-3, potentially
solving this issue. Evaluating the different imple-
mentations of the pre-trained models allows for
effective methods for fine-tuning models with per-
sonas to be identified; this evaluation shows how
effective modern models are at completing the task
using one-shot learning.

The chosen approach, which aims to achieve the
goals of ConvAI2 and the motivations for this re-
search, is to implement and evaluate two modern
generative LLMs, LLaMa (Touvron et al., 2023a)
and GPT-3.5 (Floridi and Chiriatti, 2020); these
models will be implemented using one-shot learn-
ing (Jurafsky and Martin, 2008) and with mod-
ifiable parameters (Naveed et al., 2023). While
Landwehr et al.’s (2023) system for AI memories
could be implemented, this will have no benefit
with the competition’s Persona-Chat dataset due
to the personas being singular statements that lack
depth; this is also the case for Shao et al.’s (2023)
Character-LLM as the personas do not provide
enough information to complete the prompt inputs,
which was found after brief testing of the model.
The fine-tuning methods are based on research into
the effective fine-tuning and prompt engineering of
pre-trained large language models (Radiya-Dixit
and Wang, 2020; Gao et al., 2021; Liu et al., 2021),
and will implement the most common (Jurafsky
and Martin, 2008) and simplistic methods (Baker,
2023) to show how modern generative models have
simplified the task of implementing personas.

The evaluation approach for the models uses hu-
man evaluation, which is implemented over three
stages. The coherency stage evaluates the persona
outputs of the models, rating how well the out-
put matches the persona match. The fluency stage
evaluates the conversational outputs of the mod-
els, rating how natural the conversation is (Clark

et al., 2019). The informativeness stage evaluates
the perceived accuracy of model outputs, with hu-
mans selecting the persona that best matches an
output. All evaluations will be summarised using
quantitative analysis.

3.1 Strengths

The strengths of the chosen approach are that
it is based on the successes and findings of the
ConvAI2 competition (Dinan et al., 2020), it fol-
lows current trends in conversational AI research
and implementation (Wassan and Ghuriani, 2023),
and it uses human-in-the-loop evaluation (Sagiraju,
2022). Building on the successes of ConvAI2 us-
ing modern techniques allows the evaluation of
progress within conversational AI by identifying
how effectively modern models complete this task
and proving generative AI is a strong model type
for this task. Applying current trends in conver-
sational AI to an older competition allows us to
validate the progress made in the field whilst iden-
tifying areas for improvement. Conversational AI
success is routed in a model’s interaction with hu-
mans (Wienrich and Latoschik, 2021); therefore,
human evaluation provides accurate judgement on
how effectively each model represents a persona
for the ConvAI2 task (Fiebrink et al., 2011).

3.2 Weaknesses

The weaknesses of the chosen approach are that it
naively assumes current trends and the ConvAI2
results represent the best approach, it does not use
objective or linguistic evaluation (Jadeja and Varia,
2017), and it does not use a novel approach within
conversational AI (Kulkarni et al., 2019). Assum-
ing that the results of ConvAI2 cover all suitable
models and are representative of all approaches to
persona-based conversational AI is a faulty gener-
alisation (Longoni et al., 2023), as it assumes that
all models were implemented most effectively and
are representative of the task as a whole. Relying
solely on human evaluation ignores objective evalu-
ation metrics using mathematical approaches, such
as those defined by Bandi et al. (2023) for gen-
erative AI; for the validation of models in future
studies, Bilingual Evaluation Understudy should
be implemented as an evaluation metric. The lack
of a novel approach means this study only verifies
current advances in conversational AI rather than
advancing the models used in this field.



4 Technical Background

When selecting an LLM, the key factors influenc-
ing this choice are parameters, training data, and
architecture (Naveed et al., 2023). Parameters are
the weights and biases that determine a model’s
behaviour (Jurafsky and Martin, 2008); weights
are numerical values that define strength between
neurons in the model, with biases being numerical
values added to weights to control the output of
neurons. The more parameters within a model, the
better it can represent the patterns of the language.
Training data is the data used to train the model; the
training data used directly impacts the patterns that
can be identified by the model, with diverse and
representative training data resulting in improved
performance (Naveed et al., 2023). A generative
model’s architecture refers to the attention mech-
anisms, neural networks, and regression models
used.

When fine-tuning a model, the fundamental
methods are prompt engineering, training on addi-
tional data, and modifying the hyperparameters
(Shin et al., 2023). Prompt engineering is the
method of designing inputs to produce optimal re-
sults; prompt engineering is performed by ensur-
ing that the input is effectively interpreted by the
model and providing context, precision, and scope
for the model (Meskó, 2023). Training on addi-
tional data provides the model with more context
of the task domain, enabling further understanding
of the patterns within; in the case of pre-trained
models, providing a knowledge base of the task
domain directly improves performance (Nayak and
Timmapathini, 2023). Modifying hyperparameters,
such as temperature, top p, and top k, allows a
pre-trained model to be adapted to different task
domains (Tribes et al., 2023); Liao et al. (2022)
discuss the impacts of hyperparameter tuning, iden-
tifying that the same changes across different mod-
els can have significantly different effects on model
performance.

The two model families used in this research
are LLaMa-2 (Touvron et al., 2023a) and GPT-
3.5 (Floridi and Chiriatti, 2020). Xuanfan and Piji
(2023) implemented these models in a similar task;
in this task, they found that GPT-3.5 performed
best across a wide variety of tasks due to the size
of its parameters and training data, while LLaMa
provided the richest outputs. Xuanfan and Piji’s
research (2023) found that the success of LLMs
in natural language generation tasks could be pre-

dicted through the number of parameters and train-
ing data implemented by the model, with an in-
crease in these values resulting in increased perfor-
mance; due to this, two LLaMa models have been
implemented within this research to verify Xuanfan
and Piji’s findings (2023). Xuanfan and Piji (2023)
analysed the distinctness of outputs by quantifying
the number of distinct N-grams present; using this
metric, LLaMa was ranked highest in the distinct-
ness of outputs. Fine-tuning the temperature of the
models may allow for distinctness to be further ex-
plored, as Xuanfan and Piji (2023) did not identify
the temperature values utilised by the models.

The LLaMa models used are LLaMa-2-7B-
Chat1, LLaMa-2-13B-chat2, and LLaMa-2-70B-
Chat3. The difference between these models is the
number of parameters implemented, with 7B, 13B,
and 70B representing the number of parameters
in billions. LLaMa4 is a family of open-source
LLMs developed to be easily retrained and fine-
tuned. LLaMa-25 is the most recent model gen-
eration, which has various available model sizes
and is fine-tuned for chat usage. LLaMa-2 has two
trillion pre-training tokens and a context length
of 4096 tokens. LLaMa-2 performed better than
other pre-trained models in multi-task language un-
derstanding benchmarks (Touvron et al., 2023b).
LLaMa is a foundational model, which means that
it is designed to be versatile and applied to different
task domains rather than a fine-tuned model for a
specific task.

The GPT-3.5 model used is gpt-3.5-turbo-11066,
which has over one hundred and seventy-five bil-
lion parameters. GPT7 is a family of proprietary
generative LLMs developed to be easily fine-tuned
and shared. GPTs are accessed via the OpenAI
API8 or ChatGPT9, with gpt-3.5-turbo-1106 being
the default implementation. GPT-3.5 has over three
hundred billion pre-training tokens and a context
length of 16385 tokens. GPT-3.5 benchmarks at
the same level as the best few-shot LLM (OpenAI
et al., 2023). GPTs are designed to generate human-
like text and aim to be used for general purposes
within NLP (Floridi and Chiriatti, 2020).

1huggingface.co/meta-llama/Llama-2-7b-chat
2huggingface.co/meta-llama/Llama-2-13b-chat
3huggingface.co/meta-llama/Llama-2-70b-chat
4ai.meta.com/blog/large-language-model-llama-meta-ai/
5ai.meta.com/blog/llama-2/
6platform.openai.com/docs/models/gpt-3-5
7openai.com/blog/introducing-gpts
8openai.com/blog/openai-api
9chat.openai.com/



5 Design Decisions

The development tools used for this application
were Python 3.910, llama-cpp-python11, LLM12,
and Streamlit13. Python was chosen as the pro-
gramming language due to the wide availability
of powerful toolkits and modules for natural lan-
guage processing available to it (Thanaki, 2017);
Python 3.9 was selected as it is compatible with
LangChain14, with previous iterations of the appli-
cation implemented ConversationChains. llama-
cpp-python is a Python wrapper for llama-cpp15

that allows LLaMa models to run on a local ma-
chine using 4-bit integer quantisation; using llama-
cpp-python allows the application to run locally
stored models on a variety of machines. LLM
is a Python library that enables LLMs to be ac-
cessed through remote APIs, allowing access to
gpt-3.5-turbo-1106 via the OpenAI API. Streamlit
is a framework that enables the development of
interactive data apps within Python, providing UI
elements that can interact with machine learning
functions.

The LLaMa-2 and GPT-3.5 models are imple-
mented using different methods within the appli-
cation. For the implementation of LLaMa-2, pre-
quantised models were implemented; pre-quantised
models allow the models to be implemented faster
and ensure consistency in the models utilised by the
application when installed on multiple machines.
The pre-quantised models implemented were pro-
duced by TheBloke16. The LLaMa-2-70B-Chat
model was not implemented within the applica-
tion, as the required RAM exceeded 32GB. For the
implementation of GPT-3.5, the OpenAI API was
used to communicate with ChatGPT via the LLM
library. GPT-3.5 models are proprietary and not
available for download, meaning that the OpenAI
API is currently the only method for communica-
tion with the model; the model accessed via the
API is the default implementation of gpt-3.5-turbo-
1106.

The models were fine-tuned through prompt en-
gineering and hyperparameter tuning. Additional
training data was not used for fine-tuning, as the

10python.org/downloads/release/python-390/
11github.com/abetlen/llama-cpp-python
12llm.datasette.io/en/stable/
13streamlit.io
14langchain.com
15github.com/ggerganov/llama.cpp
16huggingface.co/TheBloke

PersonaChat training dataset17 was not in a format
suitable for LLaMa-2 or GPT-3.5. The LLaMa-2
model can be fine-tuned by modifying the tempera-
ture, top p, top k, repetition penalty, and maximum
token length hyperparameters; within the applica-
tion, users can change these values with the default
values being those recommended for ’Creative’ re-
sponses by the LocalLLaMa community 2023. The
model prompt was developed using the LLaMa-2
prompt template18, with the system message fine-
tuned for the best baseline outputs; the LLaMa-2
prompt was also suitable for the GPT-3.5 model, so
it shares the same prompt template within the appli-
cation. The PersonaChat dataset was modified to
suit the prompt better by replacing all periods with
commas due to how LLaMa-2 interprets periods.

The evaluation approach was designed to be sim-
ple and fast for users while gathering quantitative
data. The strategy gets users to evaluate key criteria
for chatbots based on the Liang and Li’s research
2021; the fluency metric combines Liang and Li’s
2021 readability and naturalness criteria, and the
coherency metric combines the relevance and con-
sistency criteria. The informativeness metric is the
success rate of a user identifying the AI’s persona,
which depends on the information presented to the
user. As surveys allow fast user feedback (Hill,
2013), the evaluation section was created as a short
survey that implemented three closed-ended ques-
tions for ease of response and high user acceptance
(Andrews et al., 2003). The gamification(Harms
et al., 2015) of the Informativeness metric, by no-
tifying users how many personas they identified
correctly during the study, increased evaluation en-
gagement.

6 Implementation

The implementation19 was through a Streamlit ap-
plication, which can be installed via GitHub. The
application implements the PersonaChat dataset20

and, on each execution, selects a random persona
from the data set for AI to carry out. The appli-
cation allows users to converse with AI through a
chat box and to evaluate current AI through a short
survey. Users can select different LLMs to interact
with; users can modify the hyperparameters of the
LLaMa-2 models.

17huggingface.co/datasets/bavard/personachat_truecased
18gpus.llm-utils.org/llama-2-prompt-template
19github.com/jackjburnett/PersonaChat
20kaggle.com/datasets/atharvjairath/personachat



Figure 1: PersonaChat Dashboard

The PersonaChat dashboard, see figure 1,
comprises llama2local.py, ChatGPT.py, Person-
aList.py, Persona_Chat.py, and evaluation.py.
llama2local.py utilises llama-cpp-python to interact
with the local LLaMa models. The function within
llama2local takes the currently selected model, the
user’s hyperparameters, and the prompt with chat
history and calls the LLaMa-2 model with these
parameters; these values are passed to the model
from Persona_Chat.py. The result of the LLaMa-
2 call is stored in a text file to enable debugging,
and the ’text’ section of the response is returned to
Persona_Chat. If the currently selected model is
a GPT-3.5-turbo, the function within ChatGPT.py
is called; this function uses the LLM library to
define the input and output for the model, then
uses an OpenAI API key and the prompt to make
a request. The ChatGPT response is sent back to
Persona_Chat via llama2local. PersonaList.py con-
verts the personas in the dataset into a list and has a
function call to select a random persona; these are
both invoked by Persona_Chat.

Persona_Chat.py contains the Streamlit dash-
board, the session variables, and the functions for
each dashboard element. The application uses a
list of dictionaries stored as a session variable and
the Streamlit library’s chat_message function to
implement the chat function; the list contains each
message with its sender and its avatar. When the
user sends a message, a prompt is generated and
then passed, along with the current model and hy-
perparameters, to llama2local; the prompt is gen-
erated through a system prompt that implements
the persona and the chat history built from the list
of messages. The persona is selected through a
session variable, which produces a random num-
ber, and then a second session variable stores the
persona with the index of the random number. The
sidebar implements Streamlit’s slider objects to
enable the user to manipulate the hyperparameters
and evaluate the current AI. Three random personas
are stored in a session variable to implement the

informativeness metric, and then Streamlit’s radio
object is used to show these to the user.

To save development time, the application was
not dockerized21; the application must be manually
installed on new devices, including conda environ-
ment22 creation. The LLM processing, on aver-
age, takes ten seconds but can take upwards of a
minute; this can be reduced by utilising different
quantisations of the models. The application runs
instantaneously as all model processing is run on
demand, allowing prompts and hyperparameters to
be updated in real time. The OpenAI API can have
delays, and during human evaluation, RateLimit
errors affected the GPT-3.5 model assessment.

An evaluation dashboard was created for real-
time analysis. This dashboard allows models to
be selected, which results in the model’s average
coherency, fluency, and informativeness being dis-
played; the difference between the model’s scores
and the mean scores is output. The survey results
for a model are displayed, allowing for filtering and
sorting. Hyperparameters can be selected, result-
ing in a graph for each metric being shown; this
enables fine-tuning analysis. The evaluation dash-
board also compares the correlation matrix of the
evaluator metrics for the model with the general
metrics.

7 Experimental Evaluation

Three participants were asked to evaluate the abil-
ity of three modern LLMs to generate a suitable
response given a dialogue history and a descrip-
tion of an agent’s persona. The participants were
given guidance on how to rate the response, with
the participants advised to evaluate the AI as they
would an actor undertaking the role. The scores are
still subjective because they rely on the individual
judgement of participants. The goal is to identify
how well the AI portrays personas, hypothesising
that the AI will score an average of 7.5 or higher in
coherency and informativeness. Participants were
given 30 minutes to converse with as many AI
personas as possible, with 10 minutes initially al-
located for each model; however, RateLimit errors
prevented two participants from interacting with
GPT-3.5. Participants were advised to tweak the
hyperparameters between personas. Two partici-
pants opted to extend the experiment by continuing
to interact with the AI past the allotted time.

21docker.com/resources/what-container
22conda.io



Over a cumulative time of three hours, 68 con-
versations were completed and evaluated within
the application; the number of conversations was
due to the LLaMa-2-7B-Chat model taking, on av-
erage, 54 seconds and the LLaMa-13B-Chat model
taking, on average, 134 seconds to respond to each
message. There were seven recorded conversations
for GPT-3.5-turbo-1106, 20 for LLaMa2-13B-Chat,
and 41 for LLaMa2-7B-Chat. A summary of the
results of the human evaluations can be seen in
table 1.

Coherency Fluency Informativeness
GPT-3.5-turbo-1106 1.8571 9.7143 1.4286
LLaMa-7B 8.1220 6.2195 9.5121
LLaMa-13B 8.25 6.05 10.0000

Table 1: Scores from human evaluation

The results summary in table 1 shows that the
LLaMa models performed similarly to each other
with high informativeness and coherency. In con-
trast, the GPT model performed poorly in these
metrics but excelled in fluency. The GPT model’s
low coherency and informativeness were due to
safeguards that prevent the AI from expressing
opinions, which basic prompt engineering cannot
bypass (Deng et al., 2023). The high fluency of
GPT-3.5 is likely due to the large number of pa-
rameters and the training data, which allows for the
model to model human conversations accurately;
the findings of this evaluation align with findings
that professionals struggle to distinguish ChatGPT
outputs from human outputs (Herbold et al., 2023).

While GPT-3.5 was unsuitable for undertaking a
persona due to the safeguards in place, the LLaMa
models excelled at producing outputs in line with
given personas. LLaMa-13B had a mean of 10 for
informativeness, meaning that humans correctly
identified the persona being portrayed within all
conversations; LLaMa-13B also scored highest in
coherency, a metric evaluating how well the AI per-
formed the persona, but lowest in fluency. LLaMa-
7B achieved a higher fluency score than LLaMa-
13B but had lower coherency and informativeness.
During the evaluation stage, 3 conversations scored
10 for all metrics; 2 were with LLaMa-13B, and 1
was with LLaMa-7B. The whole conversation log
can be found in the appendix. Across the models,
there is a negative correlation between fluency and
the other two metrics; figure 2 shows the correla-
tion matrix for the metrics.

Figure 2: Metric Correlation Matrix

It can be seen in figure 2 that coherency and infor-
mativeness are positively correlated, while fluency
is negatively correlated with both metrics. The neg-
ative relationship between coherency and fluency
is likely due to people perceiving natural conver-
sation, especially introductions, to be low in infor-
mation; Atir et al. (2022) discuss this perception
and how individuals undervalue how much they
learn in social situations. The positive correlation
between coherency and informativeness is likely
due to a persona being selected correctly if the con-
versation represented the persona well; during the
study, from discussion with the participants, the
critical differences between scores of 7 and higher
were the AI’s mannerisms.

The initial hypothesis was that the AI would
achieve a score of 7.5 or higher in informativeness
and coherency, which was performed by the models
that did not utilise safeguards; however, the suitabil-
ity of modern AI for implementing personas is not
as high as predicted due to fluency issues. While
AI can accurately portray a persona, it does not
accurately mimic natural conversation; this means
that while AI is suitable for chatbots with personas,
it is not yet practical to enact the persona in the
place of a human agent. A mistake the AI occa-
sionally made was acting out the conversation on
behalf of both agents and hallucinating a dialogue
between the two agents, including hallucinating
that the user had provided information before the
discussion; this behaviour is widely recorded in
modern LLMs (Rawte et al., 2023).

The application also recorded the hyperparame-
ters utilised for each conversation, identifying how
they affected the performance of the LLaMa mod-
els. During the study, the human evaluators modi-
fied the temperature and top_p values for the two
models.



Fluency Coherency Informativeness
temperature -3.216702559378415 0.8697541870907521 5.544785010450808
top_p -7.571587348965469 6.16566134975519 29.36631174319159

Table 2: LLaMa2-7B-Chat Regression Coefficients

Table 2 shows the coefficients of a multiple re-
gression model fitted to the hyperparameters with
each metric as the target variable. Higher tem-
peratures and top_p resulted in lower fluency but
higher coherency and informativeness; temperature
controls how deterministic a model is by adding
randomness to its probability distribution for to-
kens, while top_p adds a threshold for acceptable
token probability (Ouyang et al., 2023). As higher
top_p values result in less probable tokens being
output, the outputs will become less likely and
potentially less understandable, affecting fluency;
conversely, a higher top_p allows for the tokens
that personas may contain, which are less probable
in everyday conversation to be accepted as outputs,
affecting coherency and informativeness. Bianchi
et al. (2020) discuss the need for predictability in
natural language, which explains why the random-
ness introduced by temperature hurts fluency.

8 Conclusions

This study developed a method for using human
evaluation to analyse the performance of LLMs in
undertaking a persona. The method includes a sys-
tem to load and modify local LLM models and an
evaluation dashboard. The performance of LLaMa
and GPT-3.5 models was evaluated through the
study. It was found that modern LLMs are suitable
for presenting as a persona, though portraying the
persona to a human agent. Still, they struggled to
perform this task using a natural flow of conversa-
tion. The study also identified that temperature and
top_p have predictable impacts on the perceived
naturalness of language and the ability to present as
a persona, with high temperature resulting in lower
fluency and higher coherency and top_p having an
inverse effect. There was a negative correlation be-
tween fluency and coherency, but this is likely due
to lower parameter LLMs being unable to model
the nuances of natural language while also provid-
ing information from the personas; further studies
using higher parameter models would give more
insight into how the number of parameters affect
fluency and coherency.

8.1 Further Implementation
The system developed could be implemented as a
feedback loop for LLMs used within interactive AI
or as a basis for creating ’life-like’ conversational
agents through personas. A training dataset should
be provided for a more engaging agent to identify
how the persona should act. This form of AI would
be beneficial for human-companionship applica-
tions and entertainment mediums. Implementing
AI with personas within video games, which the
user can converse with naturally rather than through
pre-created options, is an area of current research
interest (Karaca et al., 2023). Inworld23 has be-
gun developing systems that use LLMs to enable
natural conversation with NPCs in video games.

van der Zon (2023) discussed how AI with per-
sonas could benefit storytelling by providing a
medium for authors to interact with their charac-
ters; this system could be implemented by provid-
ing a simplistic method of inputting personas as
prompts, then providing methods of fine-tuning the
prompt as the character develops. Shao et al.’s
study (2023) created a system that partially enables
van der Zon’s (2023) goals.

8.2 Future Studies
Modern LLMs are suitable for implementing per-
sonas, but the outputs are perceived as not highly
natural conversations; however, this raises the ques-
tion of whether outputs can be coherent and highly
natural. If natural conversation relies on being
predictable, does that not infer that adding person-
specific information, which breaks predictability,
is deemed unnatural? This is not the case, as re-
search has identified mutual interests as a strong
identifier of natural conversation (Nguyen et al.,
2015). Studying how to achieve the best fluency
and coherency within LLMs with persona is a task
of fine-tuning and linguistic analysis. Repeating
this study with more individuals over a longer time
frame will allow for better analysis of hyperparam-
eter fine-tuning while also providing further insight
into what makes an output both fluent and coherent
regarding the persona.
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A Application Download

The application can be downloaded from GitHub24.
The results from human evaluation are stored in
’evaluation.csv’.

B Hyperparameter Impacts

Figure 3: Temperature mean Coherency

Figure 4: Temperature mean Fluency

Figure 5: Temperature mean Informativeness
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Figure 6: Temperature median Coherency

Figure 7: Temperature median Fluency

Figure 8: Temperature median Informativeness

Figure 9: Top_p mean Coherency

Figure 10: Top_p mean Fluency

Figure 11: Top_p mean Informativeness



Figure 12: Top_p median Coherency

Figure 13: Top_p median Fluency

Figure 14: Top_p median Informativeness

C Regression Results

Coefficient Intercept
temperature -3.216702559378415 14.02193998655236
top_p -7.571587348965469 14.02193998655236
top_k 0 14.02193998655236
repetition 0 14.02193998655236
max_length 0 14.02193998655236

Table 3: LLaMa2-7B-Chat Fluency Regression Results

Coefficient Intercept
temperature -1.4670241298709343 9.788479063365765
top_p -2.547394804632442 9.788479063365765
top_k 0 9.788479063365765
repetition -0.6847958181093106 9.788479063365765
max_length 0 9.788479063365765

Table 4: LLaMa2-13B-Chat Fluency Regression Results

Coefficient Intercept
temperature 0.8697541870907521 3.0912241012025774
top_p 6.16566134975519 3.0912241012025774
top_k 0 3.0912241012025774
repetition 0 3.0912241012025774
max_length 0 3.0912241012025774

Table 5: LLaMa2-7B-Chat Coherency Regression Re-
sults

Coefficient Intercept
temperature 0.7804318721085917 6.88117978270343
top_p 0.48340380970055236 6.88117978270343
top_k 0 6.88117978270343
repetition 0.3633610463437158 6.88117978270343
max_length 0 6.88117978270343

Table 6: LLaMa2-13B-Chat Coherency Regression Re-
sults

Coefficient Intercept
temperature 5.544785010450808 -15.508797093072843
top_p 29.36631174319159 -15.508797093072843
top_k 0 -15.508797093072843
repetition 0 -15.508797093072843
max_length 0 -15.508797093072843

Table 7: LLaMa2-7B-Chat Informativeness Regression
Results


