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FINE-TUNING CHATGPT: ADVISING ON DIGITAL
TRANSFORMATION FOR SMALL AND MEDIUM-SIZED

ENTERPRISES

Phuong-Linh Ngo-Tran1∗, Thanh-Nghi Doan2

Abstract – This paper examines how to en-
hance ChatGPT through fine-tuning techniques
for consulting purposes, with a focus on support-
ing small and medium-sized enterprises in their
digital transformation efforts. ChatGPT can be
tailored to provide more focused direction and
support in negotiating the complexities of digi-
tal transformation procedures by utilizing fine-
tuning strategies. The study explores the poten-
tial benefits of utilizing ChatGPT in consulting
contexts, highlighting its capacity to deliver cus-
tomized solutions and valuable insights for com-
panies seeking to grow and adapt in an increas-
ingly digital environment. The research results
revealed notable efficacy and performance of
the chatbot, including increased user satisfaction,
higher rates of successful digital transformation
activities among small and medium-sized enter-
prises, and more accuracy in offering pertinent
advice.

Keywords: ChatGPT, conversational AI,
digital transformation, Transformer model.

I. INTRODUCTION

Small and medium-sized enterprises (SMEs)
are facing numerous challenges on their digital
transformation journey. In this context, leveraging
technology to optimize operations and deliver
better services has become a pressing priority.
Among modern technologies, chatbots are emerg-
ing as vital tools, providing convenience and
efficiency in customer consultation and support.
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A chatbot is not merely an automated chat
tool but also a bridge between businesses and
customers, enhancing interaction and improving
the user experience. As the market gradually
shifts from traditional channels to online plat-
forms, having an intelligent chatbot can be a
stepping stone for businesses to attract and retain
customers.

The process of building a consultancy and
support chatbot for SMEs is not simply deploy-
ing an automated application. It requires a deep
understanding of customer needs and business
operations. Developing a chatbot needs to be
tailored to specific requirements, from providing
basic information to handling complex customer
requests. This paper contributes to building a
dataset for digital transformation consultancy tai-
lored to SMEs and developing an artificial intel-
ligence (AI) chatbot system based on ChatGPT
(GPT-3.5) to provide digital transformation con-
sultancy services to SMEs.

II. LITERATURE REVIEW

Technology has shaped significant develop-
ments in all aspects of business and the digital
transformation process. A persistent challenge
has been the technical deficiencies, operational
capacity, and market access, which are significant
hurdles for SMEs. However, a positive sign has
emerged with the robust development of chatbot
technology and AI, addressing these challenges
quickly and effectively. Building an AI chatbot to
support SMEs in digital transformation will con-
tinue to be a significant contribution to solving
lingering issues in today’s business.

In Vietnam, interest in researching conver-
sational AI is growing significantly. Initially,
simple chatbot systems became more complex
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through the integration of artificial intelligence
and natural language processing, allowing them
to understand and respond to more complex
queries. However, research on conversational AI
in Vietnam is currently focused on optimizing
chatbots through machine learning and artificial
intelligence methods. For example, Nguyen et al.
[1] developed a chatbot to support programming
learning. Meanwhile, Mai et al.’s study [2] fo-
cused on improving the chatbot’s performance by
using custom pipelines. Vi Manh Tuyen et al. [3]
have suggested using chatbots in the healthcare
sector with high accuracy. This is a significant
advancement in the application of conversational
AI in various fields while also promoting the de-
velopment of small and medium-sized businesses
in Vietnam.

Foreign studies on the application of chatbots
have gained significant attention from businesses
and the technology research community [4-6].
Misischia et al.’s study [4] introduce the develop-
ment of chatbots in customer service and analyze
their impact on businesses. Kumar et al. [5]
provided an objective analysis of previous chatbot
research and proposed a method for developing
an advanced chatbot application that can be eas-
ily customized to meet customer needs. Ray’s
study [6] presents a comprehensive review of
the ChatGPT platform, highlighting its potential
applications in various fields, such as healthcare,
consultancy, education, and commerce. Addition-
ally, these studies emphasize the importance of
ensuring information security and privacy when
utilizing chatbot systems.

This paper contributes to developing a dataset
for digital transformation consultancy tailored
to SMEs and an AI-powered chatbot system
based on ChatGPT (GPT-3.5) to assist small and
medium-sized enterprises (SMEs) in their digital
transformation efforts.

III. RESEARCH METHODS

A. ChatGPT model

ChatGPT is an AI chatbot that uses natu-
ral language processing to generate human-like
conversations, developed by OpenAI. ChatGPT

can answer questions and compose various text-
based content, including articles, social media
posts, essays, and others. It integrates multiple
machines learning techniques, including deep
learning, unsupervised learning, fine-tuning, con-
textual learning, and reinforcement learning. It is
built upon the original Generative Pre-training
Transformer (GPT) model and has been itera-
tively updated from GPT-1 to GPT-4.

B. ChatGPT training methodology

OpenAI trained this model using reinforcement
learning from human feedback (RLHF), which
is similar to InstructGPT but with certain differ-
ences in data collection. Figure 1 illustrates the
training process of the ChatGPT model.

Fig. 1: The process diagram of ChatGPT
training

C. Transformer

Transformers is a groundbreaking model ar-
chitecture introduced in 2017 by the Google AI
research team [7]. Simply put, the Transformer
architecture is a type of neural network used
to process natural language data. It simulates
how the human brain processes information by
handling information through interconnected lay-
ers. Figure 2 depicts the architecture of a Trans-
former.

The most prominent feature of the Transformer
is its use of the attention mechanism. Instead
of processing the entire input sequence simul-
taneously, the Transformer focuses on the most
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Fig. 2: The Transformer architecture

relevant input parts for each task. This approach
enables the model to learn relationships between
words in a sentence, thereby improving its accu-
racy in tasks such as machine translation and text
summarization.

Another key component of the Transformer is
its encoder-decoder architecture. The encoder is
responsible for converting the input sequence into
a vector representation, while the decoder uses
this representation to generate the desired output
sequence. This structure allows the model to
effectively capture relationships between different
input and output parts, enhancing its performance
on various language tasks.

The Transformer employs relative positional
encoding to further refine its understanding of
language structure. This mechanism helps the
model retain information about the position of
words in a sentence, allowing it to recognize syn-
tactic relationships more accurately. As a result,
tasks such as parsing and named entity recogni-

tion benefit significantly from this approach.
Additionally, the Transformer is designed with

a strong parallelization capability, making it
highly efficient on hardware architectures such
as Graphics Processing Unit (GPU). This enables
faster processing speeds, particularly when han-
dling large datasets.

Thanks to these characteristics, the Trans-
former has quickly become one of the most
popular neural network architectures for natural
language processing tasks, revolutionizing the
field with its efficiency and accuracy.

D. Transfer learning

Transfer learning is a machine learning tech-
nique where a model trained for one task is
leveraged as a starting point for a model for
another task [8]. The idea is to use the knowledge
gained from solving one problem and apply it to a
related problem, aiming to speed up the solution
and reduce the amount of training data needed.

OpenAI developers have employed transfer
learning methods to learn from the GPT-3 lan-
guage model, which was trained on a large corpus
of text; it has been further trained using human
comparison datasets between different responses
to better predict what they deem as ‘a reasonable
response.’

E. Fine-tuning

Fine-tuning, or model fine-tuning, is an impor-
tant process in machine learning that improves
the performance of a model and ensures it per-
forms well on new data. When fine-tuning a
model, the model’s hyperparameters or use of
different optimization methods are often adjusted
to improve performance.

Fine-tuning involves adjusting hyperparame-
ters, such as learning rate, number of hidden
layers, batch size, and number of epochs dur-
ing training. Additionally, techniques like cross-
validation can be applied to evaluate the model’s
performance on test data. This process is flexible
and can be carried out in various ways depending
on the specific problem and model used. A deep
understanding of the model and data, and strong
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analytical skills, are essential for analyzing and
evaluating results.

However, fine-tuning does not always lead to
improved performance. Excessive fine-tuning can
lead to overfitting, a condition in which the model
performs very well on the training data but does
not on new data.

In the case of the ChatGPT model, the pre-
trained model is GPT-3. GPT-3 is a large lan-
guage model (LLM) trained on a massive dataset
consisting of text and code. It can generate
text, translate languages, write various types of
creative content, and provide comprehensive an-
swers to questions. To fine-tune ChatGPT for a
specific task, a smaller dataset is collected for
that task. This dataset may include examples of
conversations, questions, answers, or text pas-
sages. The ChatGPT model is then trained on
this dataset, using the weights of GPT-3 as the
starting point. The fine-tuning process helps the
ChatGPT model learn the specific characteristics
of the task it is designed to perform. This can
significantly improve the model’s performance in
each specific task.

F. Large language model

LLMs are machine learning models that use
deep learning algorithms to process and under-
stand natural language. These models are trained
in large amounts of text data to learn patterns
and entity relationships in language. LLMs can
perform various language tasks, such as language
translation, sentiment analysis, chatbot conver-
sations, etc. They can understand complex text
data, identify entities and their relationships, and
generate new text that is fluent and grammatically
accurate.

The term ‘large language model’ typically
refers to models that use deep learning techniques
and have a large number of parameters, rang-
ing from millions to billions. These models can
capture complex language patterns and generate
text that is often indistinguishable from human-
written text. Several examples of LLMs are pre-
sented as follows.

- GPT-3 (Generative Pre-trained Transformer
3) – This is one of the most significant language
models developed by OpenAI. It has 175 billion
parameters and can perform various tasks, includ-
ing text generation, translation, and summariza-
tion.

- BERT (Bidirectional Encoder Representa-
tions from Transformers) – Developed by Google,
BERT is another popular LLM trained on a
massive text corpus. It can understand the context
of a sentence and generate meaningful responses
to questions.

- XLNet – This LLM, developed by Carnegie
Mellon University and Google, uses a novel ap-
proach to language modeling called ‘Permutation
language modeling.’ It has achieved state-of-the-
art performance on language tasks, including
language generation and question answering.

- T5 (Text-to-Text Transfer Transformer) – T5,
developed by Google, is trained on various lan-
guage tasks and can perform text-to-text trans-
formations, such as translating text into another
language, generating summaries, and answering
questions.

- RoBERTa (Robustly Optimized BERT Pre-
training Approach) – Developed by Facebook AI
Research, RoBERTa is an improved version of
BERT that performs better on some language
tasks.

G. An example of deploying a chatbot

An example of a chatbot deployed to search for
product information in the database is shown in
Figures 3 and 4. Developing a machine learning
model follows a structured process to ensure ac-
curacy and efficiency. It begins with data collec-
tion, where relevant and high-quality data is gath-
ered from various sources. The dataset is then
used to enhance its usability through cleaning,
transformation, and feature engineering. Once the
data is ready, a suitable model is built using
frameworks, with careful selection of architecture
and hyperparameters. The model undergoes fine-
tuning to optimize performance, often leveraging
transfer learning and regularization techniques
to prevent overfitting. The evaluation uses val-
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idation datasets and key performance metrics to
measure accuracy and effectiveness. Finally, the
trained model is deployed into a real-world envi-
ronment, integrated into applications, and contin-
uously monitored for improvements based on user
feedback and new data. This systematic approach
ensures the model is robust and adaptable to
practical use cases.

Fig. 3: The operations of a chatbot

Fig. 4: The model’s operational flow

H. Building the fine-tuning data for the ChatGPT
chatbot

Data specification
The data collection process is always a crucial

step in determining the success of every chatbot,
and this digital transformation support chatbot
project is no exception. Figure 5 illustrates the
data processing process. To have an effective and
highly accurate chatbot, the collected question
dataset must be significant, diverse, and low in
noise. The collection results are 1,159 messages,
equivalent to 2,318 questions, belonging to both
user and assistant roles.

Data collection
One of the preferred methods is to gather

data from reputable sources such as textbooks,
articles, conferences, and documents related to

Fig. 5: Data processing steps

businesses, as well as general definitions from
vetted websites. Experts also serve as reliable
sources for data collection.

First, the study gathered data from government
documents and digital transformation handbooks
[9–14]. Next, to ensure the collected data is of
high quality and reliability, accurately reflect-
ing the realities, the study collaborated with
the Department of Information and Communica-
tions (officials managing digital transformation-
related information in the agricultural and com-
mercial service sectors in An Giang Province,
Vietnam), along with experts in the field of
digital transformation. Information about digital
transformation in these sectors was provided and
gathered together. The data collection process
included developing a set of main and several
sets of auxiliary questions (consisting of related
or frequently asked questions), each accompanied
by corresponding answers. In addition, data was
also collected from the internet, specifically from
reputable websites curated by non-profit organi-
zations. This further diversifies the chatbot’s data
sources, making them more realistic and ensuring
that the data is always current.

The collected data needs to be diverse and suf-
ficient, focusing on digital transformation. How-
ever, it is essential to minimize duplicate ques-
tions as much as possible. For example, if there
is already a message with the question ‘What is
digital transformation?’, this question should be
avoided in any other message. Otherwise, it may
lead to the undesired situation of overfitting, but
this does not apply to answers.
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Building JSON – JSONL
- Building messages
In ChatGPT, messages contain sub-objects, in-

cluding roles and content, representing each re-
sponse in the conversation (see Table 1). A mes-
sage can have multiple roles and contents inside,
depending on the model’s purpose. Messages also
represent the training dataset; therefore, the more
messages there are, the more the model can learn.
Many messages may be in a JSON - JSONL file,
as shown in Figure 6.

Table 1: How JSON files store messages

Fig. 6: Messages inside JSON - JSONL

- Building roles and contents
Roles are attributes of messages, defining the

role of the speaker in the conversation. Roles are
divided into three main values: system, user, and

assistant. Each role has different responsibilities
in different conversations. Similarly, content is
also a sub-attribute of messages. Content contains
the main content of the conversation, depending
on the user’s intention. Content can contain a
question, an answer, or a notification (Table 2).

Roles and contents are the two main compo-
nents that form a message, with each role having
only one content and vice versa, as depicted in
Figure 7.

Table 2: Deploy a message in JSON

Fig. 7: The positions of roles and content within
messages
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- Building JSON - JSONL
Each JSONL line is a simple JSON and is sep-

arated by a newline character. Inside the JSONL,
there are messages as described in Table 3. Figure
8 provides a detailed description of JSON and
JSONL.

Table 3: Deploy messages to a JSONL file

Fig. 8: JSON – JSONL Description

Raw data processing
After the data collection process, either equiv-

alent question-answer pairs or text samples may
be obtained in formats such as .txt, .docx, .xlsx,
etc. However, these formats are not suitable for
fine-tuning as they are not in a format that the
model can learn from. Therefore, it is necessary
to convert these data samples into a standardized
format. Following a general convention, examples
from JSONL format, as exemplified by OpenAI,
are in Table 4.

With the construction of messages, roles, and
content outlined above, each user’s content will
have corresponding assistant content. Therefore,

Table 4: JSONL examples from OpenAI

to facilitate data construction, the data will be
categorized into three types: in .jsonl format, in
processed .docx format, and in other formats.
Figure 9 provides a detailed description of the
data processing process in a standard format.

Fig. 9: The process of standardizing data

The .jsonl format will follow the specific ex-
ample provided by OpenAI.

For the processed .docx format:
- The processed .docx format will be designed

according to the standard question-answer equiv-
alence.

- A raw .docx file lacks a specific structure,
making it impossible to process unless it is
converted into a question-answer format similar
to the structured .docx section above.

- From this processed .docx file, a custom-
written tool will be used to convert it into a stan-
dardized .jsonl format as described by OpenAI.

- With the Python language, the implementa-
tion idea includes the following steps:

+ Step 1: Use the ‘charset’ library to check the
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Table 5: Example of a processed .docx file

encoding of the input .docx file to ensure it can
be read and processed accurately.

+ Step 2: Utilize the ‘docx’ library to extract
the content of the .docx file and divide it into
separate paragraphs representing a part of the
assumed conversation.

+ Step 3: Iterate through each paragraph in the
.docx file, and encode the assumed messages for
a conversation, with each message including in-
formation about the sender’s role (user, assistant,
or system) and the content of the message.

+ Step 4: Once all messages created, format
them into JSON objects and write them to a
JSON file, with each line of the file representing
a complete conversation between the user and the
assistant.

Finally, the text file extensions can appear
differently.

- These could be .pdf, .xlsx, .csv, etc.
- Due to the various ways text data can be

represented, each file extension may require a
different tool for conversion into the standard
.docx format before being transformed into .jsonl
format.

- To illustrate the point, a tool will be devel-
oped to process a typical Excel file. For example,

if the Excel file contains seven columns: No.,
Enterprise ID, Enterprise Name, Headquarters,
Status, Type of Enterprise, and Main Business
Sector—each column (except for the No. field)
will be sequentially placed into corresponding
fields. This results in Enterprise Name with the
ID Enterprise ID, located at Headquarters, be-
longing to Type of Enterprise, with the status
Status, and operating in the main business sector
of Main Business Sector. The following steps will
be performed sequentially:

- Step 1: Use the ‘openpyxl’ library to open
the Excel file and access the current worksheet.

- Step 2: Identify the data columns by com-
paring column names with the list of required
columns, including fields as described above.

- Step 3: Before each assistant’s content, there
is a line representing user content (a question, or
it could also be the topic of a response content
within the assistant).

- Step 4: For each row in the Excel file,
extract enterprise information from the identified
columns and create a suitable text paragraph
based on that enterprise information.

- Step 5: Use the ‘docx’ library to create a new
Word document and add the extracted enterprise
information to this document.

- Step 6: Reuse the tool above to convert the
.docx file to. jsonl.

Note:
- For each different data file, there will be

different ways of representing the data, so the
above idea is only relative and cannot be applied
to all Excel files.

- The content of the .docx can be changed
according to preferences, as long as it adheres
to the standard .docx format mentioned earlier, to
use the tool to convert .docx to. jsonl as described
in Table 5.

- Additionally, specific special file extensions
such as .png, .jpg, .svg, and .gif do not yet have an
established method for training or conversion into
a standard format. Currently, a manual approach
is employed, where each image is scanned using
a camera to extract text, which is then converted
into a standard .docx format before being trans-
formed into .jsonl.
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Data segmentation
The process of research and experimentation

has encountered a significant challenge in col-
lecting a sufficiently large amount of data to train
the model. Currently, 1,159 messages on various
digital transformation and business topics from
multiple sources have been gathered.

There are various data splitting methods, such
as 70:15:15 or 60:20:20. However, based on
several studies and expert opinions, the study has
decided to split the dataset using the 80:10:10
ratio. This approach balances the training and
evaluation needs by dividing the data into 80%
for the training file, 10% for the validation file,
and 10% for the testing file.

Therefore, to maximize productivity from the
available data, the plan is to split it according
to the 80:10:10 ratio as shown in Figure 10.
This means 80% of the data will be used for
model training, 10% for evaluating performance
and tuning parameters, and the remaining 10%
for model testing before deployment. With this
ratio, the data files will be distributed as follows:

- Training dataset: 80% of the total data, ap-
proximately 927 messages.

- Validation dataset: 10% of the total data,
approximately 116 messages.

- Test dataset: 10% of the total data, approxi-
mately 116 messages.

With this split, the training dataset will be large
enough for the model to learn all patterns and
trends in the data adequately. The dataset will be
sufficient to control and fine-tune the model dur-
ing training without overly impacting the training
data. Additionally, with 10% of the data allocated
for testing, a completely independent dataset is
available to evaluate the model’s performance af-
ter training. This supports assessing the model’s
generalization ability on new data.

IV. RESULTS AND DISCUSSION

A. Experimental environment

Fine-tuning for the GPT 3.5 Turbo 1106 model
will only be performed on one of the three
popular operating systems: Windows, MacOS,
or Linux. Anaconda platform may be utilized

Fig. 10: The ratio of data file split

by users who want to manage Key API and
perform fine-tuning indirectly. Besides, Python
will be used as the programming language, with
a minimum version of Python 3.6. However, for
optimal performance and compatibility, Python
version 3.8 or higher is recommended. This ar-
ticle utilizes Python version 3.11. The OpenAI
library is the primary library for interacting with
OpenAI’s API. It allows for various tasks such
as file management, creating and managing fine-
tuning tasks, and accessing the status of those
tasks. The model to be fine-tuned is GPT-3.5
Turbo 1106, an upgraded version of GPT-3.5
Turbo released in October 2023 with significant
improvements in performance and text generation
capabilities compared to the previous version. Al-
though, there are no specific device requirements
from the developer. A personal device with the
following specifications will be used: CPU: 11th
Gen Intel(R) Core(TM) i3-1115G4 @ 3.00GHz
3.00 GHz; RAM: 8GB RAM; Operating System:
Windows 11.

B. Training results

Performing training
Step 1: Access the OpenAI platform. The focus
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will be on four main sections in the toolbar:
‘Playground’ for model testing, ‘Fine-tuning’ for
training, monitoring the training process, and
storing trained models, ‘Storage’ for managing
data files, and ‘API keys’ for generating and
storing API keys, as shown in Figure 11.

Fig. 11: The toolbar of the OpenAI platform

Step 2: Access the ‘Fine-tuning’ section, then
select ‘Create’. A dialog box like Figure 12 will
appear.

Step 3: Select the model for training by
choosing the previously proposed model, GPT-
Turbo 1106. Next, choose the training and val-
idation files built-in section F. Then, enter the
remaining values such as ‘Suffix’, ‘Seed’, ‘Batch
size’, ‘Learning rate multiplier’, and ‘Number of
epochs”, or leave them blank to allow the system
to select appropriate parameters automatically.
Finally, click ‘Create’ to initiate the training
process.

Model parameters after training
In the ‘Fine-tuning’ section, the newly trained

model can be viewed by clicking to see the details
in Figure 13.

The components above describe the process of
handling the initial data files for the entire model
detailed in Table 6.

Fig. 12: Create a fine-tuned model dialog box

Fig. 13: Training result

Table 6: Training result
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Job ID: ‘ftjob-
EW4w9aUE0cbecXFnKWe9Pha6’: Unique
identifier code for the fine-tuning task.

Suffix: ‘cdsdnag’: Unique identifier code for
the model.

Base model: ‘gpt-3.5-turbo-1106’: The name
of the GPT-3.5-turbo-1106 model used as the
base model for fine-tuning.

Output model: ‘ft:gpt-3.5-turbo-
1106:personal:cdsdnag:9EeyUjeI’: The name of
the fine-tuned model generated after completing
the fine-tuning task.

Created at: ‘Apr 16, 2024, 9:09 PM’: The
date when the fine-tuning process resulted in the
model.

Trained tokens: ‘637,704’: The number of to-
kens used for fine-tuning the model.

Epochs: ‘3’: The number of times the entire
training dataset was iterated through.

Batch size: ‘1’: The size of a small dataset used
to update model parameters in each iteration of
the training process.

LR multiplier: ‘8’: The multiplier factor for
the initial learning rate to adjust the speed of
updating model parameters.

Seed: ‘389505335’: The random seed used to
initialize the model.

Fig. 14: The checkpoint

Figure 14 presents a list of model checkpoints
during the fine-tuning process. Each checkpoint
represents a specific stage in the training process,
with information such as the checkpoint name,
checkpoint status (training, completed, error), and
number of training steps.

As shown in Figure 14, the checkpoints are
steps 417, 834, and 1,251, indicating that there
are three checkpoints throughout the fine-tuning
process.

In Figure 15, there is ‘validationset.jsonl’, the

Fig. 15: File data

dataset used to evaluate the model’s performance
during training.

Finally, there is the training chart in Figure 16,
which displays the loss over each training step.

Fig. 16: Training result

Training loss: This is the average error of the
model on the training dataset at each training
step.

Full validation loss: This is the average error
of the model on the validation dataset after each
epoch.

The loss gradually decreases with the number
of training steps, indicating that the model is
learning to make more accurate predictions over
time. After 1,251 steps, the final loss reaches
0.1394, a relatively low value, suggesting that
the model has learned effectively. As the training
progresses, the loss curve flattens, implying that
the model has extracted the most helpful informa-
tion from the dataset. Below the chart, messages
provide details about the training process, docu-
menting each stage from initialization to comple-
tion. Additionally, three checkpoints are recorded,
as previously mentioned. The entire validation
loss is 0.5781, which is higher than the training
loss, indicating that the model performs better on
the training dataset than on the validation dataset.

The total training time of 1 hour, 16 min-
utes, and 6 seconds, after nine steps, is shown
in Table 7.

21:09:22 Fine-tuning initialization.
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Table 7: Training description

21:09:22 Validating training file and validation
file.

21:10:25 Validation completed and transi-
tioned to the queue.

21:15:00 Fine-tuning process begins.
22:25:27 New fine-tuned model created.
22:25:30 Checkpoint created at step 417.
22:25:30 Checkpoint created at step 834.
22:25:30 Checkpoint created at step 1251.
22:25:31 Fine-tuning completed.
Experimental results
The model’s evaluation results after complet-

ing the chatbot training after 1,251 steps, with a
checkpoint every 100 steps. The results regarding
the metrics of training loss, training accuracy,
validation loss, and validation mean token accu-
racy are described in Table 8.

Conducting questions and answers
Users finally return to the ‘Playground’ sec-

tion, select the trained model, and test the results
shown in Figure 17.

C. Comments and comparisons

The Transformer architecture is widely used
over any other architecture. To clarify the ar-
gument of why most current machine learning

Table 8: Training results

Fig. 17: Questions and answers on digital
transformation

technologies select the Transformer architecture,
the research group has compared it with another
powerful architecture, the Recurrent Neural Net-
work (RNN), presented in Table 9.

Transformers, RNN, or LSTM, are powerful
neural network architectures used in NLP. How-
ever, Transformer has several outstanding advan-
tages over RNN, especially in terms of parallel
learning capability, efficiency, and generalization
ability. As a result, Transformer has become the
most widely used neural network architecture in
NLP today.

Like OpenAI, Rasa is another popular open-
source platform for creating chatbots, and fine-
tuning LLM like GPT 3.5-Turbo 1106. After
researching both approaches, the following con-
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Table 9: Comparing Transformer with RNN and
Long Short-Term Memory (LSTM)

clusions are drawn in Table 10.
Table 10 shows that both approaches have

strengths and weaknesses in generating text for
conversations. However, the technological aspect
is the key factor in choosing OpenAI over the
Rasa Framework. Given the focus on supporting
digital transformation for small and medium-
sized enterprises, where most businesses have
limited experience and knowledge in technology,
fine-tuning a model rather than building a chatbot
from scratch with Rasa presents a more optimized
choice, saving both time and effort.

V. CONCLUSION AND
RECOMMENDATIONS

This paper has investigated the utilization
of fine-tuning techniques to optimize ChatGPT
for consultancy purposes, with a specific focus
on aiding small and medium-sized businesses

Table 10: Comparing OpenAI with
the Rasa framework

in their digital transformation efforts. By fine-
tuning ChatGPT, it can provide more tailored
guidance and support, offering customized solu-
tions and actionable insights for navigating the
complexities of digital transformation processes.
Intending to empower businesses to thrive in
the digital age, while ensuring the responsible
deployment of AI technologies, the study rec-
ommends smarter, more effective consultancy
solutions.
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