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Chapter 1

Introduction

Artificial intelligence research has undergone a transformative evolu-
tion, primarily driven by the imperative to enhance the efficiency and
performance of machine learning models. However, the true potential
of these models hinges on their optimization.

Optimization is a multifaceted concept. On the one hand, it in-
volves algorithms designed to fine-tune models, and on the other hand,
it encompasses strategies aimed at improving model effectiveness. For
example, the Adam optimizer, introduced by Kingma and Ba [1], has
become widely popular for training neural networks due to its adaptive
learning rates and ability to handle noisy gradients efficiently. Simi-
larly, in generative modeling tasks, specific optimization strategies used
in generative adversarial networks have been crucial [2].

The optimization process inherently depends on the model type
and the task’s nature, with neural network-based architectures suscep-
tible to specific optimization strategies. Therefore, in this context, the
choice of optimization technique is shaped by the target task and the
quality of the available data.



Critical questions that drive the optimization of machine learning
models include:

e What is the most effective training method?
e How can hyperparameters be fine-tuned for peak performance?

e How can complex model architectures be optimally designed?

The nature of the problem at hand typically determines training
methodologies. Machine learning tasks are commonly categorized as
supervised, semi-supervised, or unsupervised learning [3], requiring dis-
tinct optimization strategies.

In supervised learning, the availability of labeled data guides the
optimization process. Semi-supervised learning, in contrast, utilizes
strategies that leverage labeled and unlabeled data, while unsupervised
learning aims to discover hidden patterns in the data.

Additionally, advanced training strategies such as transfer learn-
ing, fine-tuning [3], and pre-training have also become essential [4],
and these came into a particular massive focus with the appearance
of large language models (LLMs). These models, built on transformer
architectures [5], are trained on extensive datasets and have performed
remarkably in machine translation, text summarization, and question-
answering tasks. Research has shown that LLMs pre-trained for gen-
eral tasks and fine-tuned for specific tasks outperform models trained
solely on task-specific data [4]. This approach improves task-specific
performance and enhances the model’s generalization capabilities.

Optimizing hyperparameters is crucial for the success of machine
learning models. Standard methods for hyperparameter tuning include
Grid Search, Random Search [6], Bayesian optimization |7], and genetic
algorithms [8|. Additionally, ensemble techniques such as Bagging,
Boosting, and Stacking [9] provide robust solutions for optimizing the
architecture of complex models.



In this dissertation, I investigate the ever-changing field of machine
and deep learning, suggesting new methods to improve model perfor-
mance and expand their abilities. I pay special attention to optimiza-
tion techniques essential for efficiently tackling complex problems.

In the following chapters, I establish the theoretical foundations of
our approaches and measurement techniques (Chapter 2) and present
my research findings across various domains of machine learning opti-
mization. These include pre-training neural networks, addressing mul-
timodal challenges, and harnessing the power of generative models.

Chapter 3 explores the development of an ensemble solution based
on LLMs and recurrent neural networks, enabling forecasting of oil
price movements. By applying textual data, sentiment-based LLMs,
and time series prediction models, I demonstrate the potential of com-
bining diverse data sources to build a forecasting model.

In Chapter 4, I present a Pipeline based on an ensemble of machine
learning and classical methods. Our measurement results prove that
it provides a more sophisticated and uniform solution for extracting
relevant statements from customer reviews than the currently popular
methods.

Chapter 5 focuses on the performance potential of multimodal ar-
chitectures, specifically in detecting smoking behaviors from text and
images. I present a model that performs well, even with limited train-
ing data.

In Chapter 6, I compare the performance of RAG and domain-
specific fine-tuning and show that RAG has an advantage in developing
new knowledge base systems based on LLM.

Finally, in Chapter 7, I show how to trace the optimization of
theoretical models such as SIR back to applying algorithms that solve
least squares curve fitting problems. This allows us to produce optimal
theoretical models suitable for neural network pre-training.






Chapter 2

Background

In this thesis chapter, I present the basic concepts and formulas.

2.1 SIR model and Least-squares curve fit-
ting problem

Theoretical functions, abstract mathematical concepts, establish con-
nections between quantities. These functions represent real-world sys-
tems, such as the SIR model [10], used to forecast virus spread. The
least-squares curve fitting problem [11] involves finding the best-fitting
curve that minimizes the sum of squared deviations between observed
data and predicted values.

In Chapter 7, I trace the problem of SIR [10] model optimization back
to the least squares curve fitting problem. The algorithms considered
include gradient descent [12], Broyden, Fletcher, Goldfarb, and Shanno
algorithm (BFGS) [13], Gauss-Newton [14], Levenberg-Marquardt [15]
[16], and differential evolution [17].



2.2 Moving Average and Relative Strength
Index

A moving average (MA) is a formula that calculates the average price
of a given period. This results in a smoothed signal that helps filter
out short-term noise and highlight the underlying trend. The Relative
Strength Index (RSI) [18] is a momentum indicator that measures the
extent of price changes of a given asset in the past period.

Stock market indicators help investors analyze market conditions and
trends. In Chapter 3 of my dissertation, I apply the MA and RSI
market indicators. Here, I use simple moving averages to reduce the
noise of market price movements. In addition, I use the RSI indicator
as one of the baselines against which I compare my solution.

2.3 Types of neural networks

Recurrent neural networks are models that consist of feedback units.
Feedback units imply that information from previous steps produces
the current output. Their disadvantage is that they need to handle
long-term dependency relationships better due to the vanishing gradi-
ent problem. However, some of its types can eliminate the vanishing
gradient problem, so these can be used to predict time series. Such
recurrent networks are Long Short-Term Memory (LSTM) [19] and
Gated Recurrent Unit (GRU) [20]. CNNs [21] are mainly used for
handling two-dimensional structures such as images. With the help of
convolutional layers, the network can extract essential features from
the data. Transformer-based networks [5], initially developed for text
sequences, outperform CNNs in text processing and handle long-term
dependencies better than RNNs. Also, some versions can be used to
analyze images (ViT [22]) or time series (LTSF [23]).



I focused on recurrent, convolutional, and transformer-based networks
during my dissertation research. In Chapter 3, I optimized recurrent
networks, used convolutional networks in Chapter 3 to build a multi-
modal architecture, and dealt with transformers in Chapters 3, 4, 5 and

6.

2.4 'Training Methods

Pre-training [4] means training a model on a big data set to learn
the dataset’s general patterns. Transfer learning [3| applies knowledge
from a pre-trained model to solve a new, specific task by adjusting
only particular layers, often used in tasks like image recognition. Fine-
tuning [3| refines a pre-trained model to a target task by updating lay-
ers with new data, allowing for domain-specific adjustments, though
excessive fine-tuning may erode the model. Retrieval-augmented Gen-
eration (RAG) [24] enhances generative models by incorporating ex-
ternal information, improving accuracy, and reducing hallucinations
without direct fine-tuning.

The differences between these training methods lie in the details of
the processes and how they are applied to the tasks. In pre-training, we
teach general knowledge; in transfer learning, we transfer this knowl-
edge to another task, while in fine-tuning, we retrain the transferred
knowledge to the target problem. However, it is not trivial when to
stop the training process. Early stopping [25] is a possible solution.
In the case of early stopping, for example, to stagnate the further im-
provement of a specific measure, we assign when the teaching should
stop to the loss function.

Fine-tuning and pre-training are essential in chapters 3, 5, and 6 of
the dissertation. Furthermore, we apply fine-tuning in chapters 5 and 6
to achieve better model performance. Finally, in Chapter 6, I compare
the efficiency of the RAG and domain-specific fine-tuning in the case
of generative LLMs.



2.5 Tokenization, text vectorization, and di-
mension reduction techniques

Tokenization is breaking down the text into smaller, more manage-
able pieces. The most popular tokenization techniques are Byte-Pair
Encoding [26], WordPiece [27], Unigram [28], and SentencePiece [29]
subword-based techniques.

Text vectorization is the process of converting text data into nu-
meric vectors. The basic vectorization techniques are one-hot encod-
ing, counter vectorizing, and the TF-IDF [30-32]. Machine- and deep-
learning-based methods can convert words or tokens into numerical
vectors. Such methods are GloVe [33|, which is a statistical-based
approach, and Word2Vec (33|, and FastText [34|, which use neural
networks.

The problem with working with embedded vector spaces is that
textual data is converted into high-dimensional vectors, which are
resource-intensive to create if we want to achieve good semantic qual-
ity. The resource demand can be reduced by various dimension reduc-
tion techniques such as Principal Component Analysis (PCA) [35-37],
Uniform Manifold Approximation and Projection (UMAP) [38,39], or
t-distributed Stochastic Neighbor Embedding (t-SNE) [40]. However,
dimension reduction has a price, which appears as a loss of information
during the processing process.

In the thesis’s 3, 4, 5 and 6 chapters, I deal with the models in which
tokenization 1is strictly connected. Furthermore, text vectorization and
size reduction techniques are essential in my thesis’s 4 and 6 chapters.



2.6 Information-extracting

Information extraction methods generally involve frequency-based ex-
traction, dependency analysis, keyphrase extraction, semantic search-
ing, and topic modeling.

Methods focusing on word frequency [41] can effectively analyze
essential texts. Dependency parsing [42] seeks to identify particular
elements within a text by applying the grammatical rules of the lan-
guage. Additionally, semantic search relies on text embedding tech-
niques [33,34,43|.

Although frequency-based techniques, dependency parsing, or se-
mantic embedding offer the possibility of finding the essential elements
of a text, they do not provide a clear answer to the question of higher-
level relationships. Therefore, if we need to find the main terms of
the text but also group them according to their content to answer
higher-level questions, we need to use topic modeling. Latent Dirich-
let Allocation (LDA) [44], and clustering are popular approaches to
extracting individual topics. However, vector spaces created from
texts using different vectorization techniques are typically challeng-
ing to cluster, but some clustering methods can also be applied to
these unique vector spaces. For example, k-means [45]|, agglomera-
tive [46], DBSCAN [47], and HDBSCAN |[48] clustering. In addition
to all this, there are more sophisticated solutions that categorize texts

by combining neural networks and other methods. Examples include
Top2Vec [49] or BERTopic |50, 51].

The information-extraction techniques are examined in Chapter 4 to
optimize the model’s performance.



2.7 Metrics

To optimize machine learning models, we must determine the measures
we use for the observation error. I validated the improvement in the
performance of the solutions I developed using the following measures.

During the models ’ training and evaluation, I used Accuracy, Pre-
cision, Recall, F1-score, Mean Squared Error, and Categorical Cross-
Entropy as general metrics [3,52|. For the vectors generated from the
texts, I used cosine similarity [32].

In addition, I used Bilingual Evaluation Understudy (BLEU) [53],
Metric for Evaluation of Translation with Explicit (METEOR) [54],
and Recall-Oriented Understudy for Gisting Evaluation (ROUGE) [55]
metrics so that I can measure the performance of the domain-specific
fine-tuning and RAG. The BLEU is an algorithm devised to assess the
fidelity of text that has undergone machine translation from one nat-
ural language to another. The METEOR is an automated metric for
evaluating machine translation, built upon a broadened notion of un-
igram correspondence between machine-generated and human-crafted
reference translations. ROUGE is a set of metrics to assess automatic
summarization and text translation models in NLP.

To optimize machine learning models, it is important to determine
the measures that we use for the observation error. I validated the
improvement in the performance of the solutions I developed using the
following measures.
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Chapter 3

Predicting the direction of the
oll price trend using sentiment
analysis

3.1 Introduction

In this chapter, we introduce a natural language processing model
that uses machine learning and general statistics to predict the price
of exchange-traded products. Our model focuses on forecasting the
daily trend of oil prices using Twitter data. The model is built on
transformer-based techniques within a recurrent neural network [56]
framework, with optimization of corresponding hyperparameters. Our
approach involves leveraging sentiment characteristics and vocabulary
extracted from Twitter (referred to as X) [57] news. We discovered
that specific news sources have a stronger correlation with changes in
oil prices, leading us to refine the training data accordingly. Addition-
ally, we implemented noise filtering to eliminate insignificant words
from the textual information. As a result, we generated a data source
demonstrating an 84.08% high-precision correlation with the direction
of oil prices.
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The remainder of the chapter is structured as follows: In Section
3.2, I will discuss our approach to collecting relevant news concerning
the trend in oil prices from the Twitter community platform, along
with the rationale behind the choice of this source. Subsequently, in
Section 3.3, after the presentation of the data, I will delineate our
methodology and the specific components utilized in our research. I
will comprehensively present the experimental results in Section 3.4
Finally, Section 3.5 will offer conclusions, emphasizing the usability
and the potential avenues for future development of our findings and
model.

3.2 Data

The price data for Crude [58] and Brent [59] oil was obtained from
Yahoo Finance [59] on July 30, 2007. We could access 3,591 daily
trading data points for Brent and 3,648 for Crude which was a record
level. Text data was collected using the Twitter developer platform.
The researcher registration function of the developer service allows
users to download 10 million tweets per month. Each tweet is limited
to 280 characters, greatly simplifying our text processing and analysis
tasks. Table 3.1 includes the exact names of the news sources and the
number of downloaded tweets.

Table 3.1: Twitter text sources (tweets) for our analysis.

Time interval Twitter sources Number of tweets
2009-2023 Bloomberg Markets 116,293
2011-2023 Bloomberg Energy 23,585
2007-2023 Market Watch 338,990
2010-2023 Oil ¢ Gas IQ) News 30,918
2009-2023 Yahoo Finance 241,726
2008-2023 Reuters Business 266,250
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3.3 Methodology

3.3.1 Preprocessing

We applied a preprocessing step to both price and textual data to
perform sentiment analysis on the extracted texts and compare these
values to price movements.

We employed a 10-day moving average to smooth closing prices to
mitigate the impact of price volatility. This method involves calculat-
ing the average of the previous ten days to define the price for the next
day. Doing so effectively captures two weeks, as no trading occurs on
weekends.

The current significant stock prices in the oil market are Brent and
Crude oil products. We aimed to assess the hypothesis that these two
products’ average value can be considered a single oil price movement.
To do so, we analyzed by calculating the Kendall [60], Pearson [61],
and Spearman [62] correlation coefficients (refer to Table 3.2) between
the prices of Crude and Brent oil products. The computed mean corre-
lation value was 0.94, indicating a strong positive correlation between
the two.

Table 3.2: Correlation values between the oil products.

Correlation coefficient Result
Kendall 0.88
Pearson 0.97
Spearman 0.98
Mean of Kendall, Pearson, and 0.94
Spearman

With the text cleaning, our goal was to support sentiment models
as much as possible in making the right decision. We removed the
multiple-typed space characters to do this and filtered out the special
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characters. We also removed the HTML links from the text. Finally,
we converted all text to lowercase.

Since we received news from users that was not only oil-related, we
introduced a simple filter step to the workflow. We only considered
tweets containing the word oil relevant. With this simple solution,
we could significantly reduce the number of records to be scanned and
accelerate further processing. We want to note that we have considered
the risk that news related to other energy carriers or market events
could also affect the price of oil.

As a final step, in the case of text data, we looked at how much oil
news a Twitter user had published each year. Except for Oil ¢ Gas
I1Q) News, the amount of usable news is over 500 per year, which has
been available to us since 2017 from the sources. For the Oil & Gas
IQ) News source, this was more of a 2014-2017 period. For this reason,
for the sake of uniform measurement, we have removed the user Oil &
Gas I() News as a potential news source.

3.3.2 Sentiment analysis

We chose three types of models for the sentiment analysis of the texts.
These models are Vader, the Sentiment Roberta Large English (SRLE)
[63], and Twitter Roberta Base Sentiment (TRBS) [64]. The develop-
ers of the NLTK [65] software library implemented the Vader model.
The SRLE and TRBS models are BERT-based architectures published
in the huggingface [66] software library. The Vader and TRBS models
have been optimized specifically for text data created by social net-
working sites, especially TRBS, explicitly designed for tweets.

The Vader model has four outputs: positive, negative, neutral, and
compound. Each output is between 0 and 1, depending on how strong
the particular sentiment is. The compound value brings the positive,
negative, and neutral values to a uniform scale of 0 to 1, so we used this
output of the Vader model by rescaling to an interval between -1 and 1.
Values closer to 1 are more optimistic, while values closer to -1 mean
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more negative sentiment. TRBS, like Vader, used positive, negative,
and neutral values to characterize sentiment. Therefore, for this model,
the compound value was generated using the ratio of negative and
positive values fixed on the scale of -1 to 1. SRLE uses two outputs:
the probabilities of positive and negative sentiments. In the case of
SRL, we mapped the sentiment values from the two outputs, similar
to those applied in the case of TRBS.

We applied each model to the texts of all Twitter sources. To
determine which ones best characterize the oil price, we aggregated
them by day. The sentiment values for the given day were collected
and averaged during the aggregation. That means an estimate of a
model’s sentiment for a given day (which is nothing more than the
model’s assumed direction of oil price movements) was equal to the
average sentiment values for all the news.

3.3.3 Correlation

We calculated the correlation between the oil price movements and the
models’ predictions to examine the characteristics of a given source for
the Vader, TRBS, and SRLE models. We mapped the oil price for
simple movement directions to investigate the correlation. That means
if the difference between the closing value and the opening value on
that day was positive, in other words, the price moved upwards, we
assigned a value of +1; otherwise, if the difference was negative, we
assigned a value of -1. In other words, we used only two labels: -1
and +1 (without any values in between). With this transformation,
we mapped the price movement to correspond to the sentiment values
moving between the -1 and +1 values.

This transformed the relationship between the calculated sentiment
values and movement directions into a binary classification task, and
we then measured its accuracy. Accordingly, we created an accuracy
matrix where cells are accuracy values calculated between predictions
of a sentiment analysis model (-1 or +1) and the actual price move-
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ment directions (-1 or +1). The investigation found that the average
performance of the Vader, TRBS, and SRLE models is similar if we
measure this uniformly for all sources (see Table 3.3).

Table 3.3: Average accuracy between sentiment models and oil price
direction.

Models Average accuracy
Vader 0.547
TRBS 0.553
SRLE 0.575

3.3.4 Time-based diversity

Each news source’s content is decided by humans. Therefore, it is very
likely that different considerations may decide what news is posted.
This means that we can intuitively say that the accuracy of each news
source can vary over time. To examine this issue, we also performed our
accuracy-based correlation analysis every month. Table 3.4 shows how
often a particular model outperformed all other models for different
sources in a given month.

Table 3.4: Comparison of models based on resource-based performance.

Twitter source Vader TRBS SRLE
Bloomberg Markets 3 3 4
Bloomberg Energy 1 2 3

Market Watch 4 2 10

Reuters Business 4 6 4

Yahoo Finance 5 2 5
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As a result, we have found clear intermittent trends in which certain
news sources are more representative of oil price movements.

Depending on this — by using the monthly aggregated data from all
news sources — we can produce a more accurate, diverse, but uniform
dataset. We are, therefore, creating a new dataset, into which we have
selected and mixed data from different news sources as monthly break-
downs. Namely, we can measure which source was the most accurate
each month. Therefore, we can check which month and source to in-
clude in the dataset. The accuracy of our time-based diverse dataset
generated in this way reached 75.6%.

3.3.5 Noise filtering

Based on other human factors, we hypothesized that there may be
news that typically distorts the sentiment index. If we consider such
news textual noise, we can filter it out. We tried to find such news by
building a dictionary.

To build the dictionary, we first had to clean up the text. Therefore,
stop words [32] and special characters have been removed from the
news. Furthermore, the remaining words were lemmatized [32]. We
searched for all the news on the day where the daily sentiment value
and the oil price direction differed. We separated the news that pushed
the daily value in the wrong direction from those that pointed in the
right direction. We looked at these as significantly noisy news. Then,
we built a dictionary from the bands of significantly noisy news by
counting the frequency of each word. We then dropped all words from
the dictionary that did not have a frequency greater than 1. We also
threw away all the words in the news whose sentiment was not contrary
to the oil price that day.

The dictionary was then used as a filter, and we threw out all
the news that contained a word that was also part of our dictionary.
With this addition, the method affected an average of 7% of the news
as sources (see Table 3.5). However, it significantly increased their
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accuracy: the diverse dataset generated after filtering increased from
75.6% to 84.8%.

Table 3.5: Filtered noisy records (news).

Twitter source All records  Dropped Ratio (%)

(noisy)

records
Bloomberg Markets 6,386 496 8
Bloomberg NRG 6,517 399 6
Market Watch 7,067 286 4
Yahoo Finance 4,961 303 6
Reuters Business 8,187 652 8

3.3.6 Training and Test Dataset

For the training — due to the time series prediction — we created the
train and test dataset using the out-of-time sampling, separated in
a ratio of 80:20. In other words, we used the first 80% of the entire
dataset without mixing for the training dataset and 20% for testing. In
this splitting method, we also created a baseline and sentiment-boosted
dataset.

The baseline dataset included open, close, high, low, and volume
values related to oil prices. The value to be predicted was selected as
the value of the price direction smoothed by the 10-day moving average.
We used the opening and closing values to calculate whether the price
would increase or decrease on a given day. The values were mapped to
-1 and +1. The assigned value was +1 if the price increased and -1 if
it decreased. We then smoothed the direction values using a moving
average of 10 to filter the speculative noises and highlight the trend di-
rection. With the dataset obtained in this way, we trained the models
so that they would be able to predict the direction of tomorrow’s trend
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from the price characteristics of the past days. The baseline dataset
was supplemented with a sentiment feature we engineered following
the method discussed in the previous chapters (see sections 3.3.2, 3.3.3,
3.3.4, and 3.3.5). That formed our sentiment-boosted dataset. Senti-
ment information, as already mentioned, fitted 84.8% with the price
movement direction. However, since we now focused primarily on the
trend and smoothed the direction of movement, the fitting between
sentiment values and the direction of movement trend was reduced to
80%.

Because out-of-time sampling was used, the distribution of the
training and test datasets needed to be uniform. We had four times
more samples in the positive direction than the negative one. Namely,
The test dataset was overloaded positively because the oil price trend
was strongly positive during that period.

3.3.7 Models

Our testing models were designed to be optimized for time series pre-
diction with outputs between +1 and -1. We used GRU and LSTM
recurrent units, which we supplemented with a dense layer of one neu-
ron with the hyperbolic tangent activation function. The advantage of
the hyperbolic tangent activation function is that it pushes the output
to be precisely between the -1 and +1 intervals we prefer. Several hy-
perparameters were tested in terms of the number of units. We chose
these hyperparameters experimentally. The chosen number of units
in the recurrent layer was 5, 15, 20, 25, 30, 35, 40, 45, or 50. We
built a save and stop callback into the learning mechanism to find the
best weights during the optimization process. This ensured we had a
backup of the best model if the stop callback occurred. We used an
early stopping of 10 as the stop callback. In addition, Adam was used
as the optimization algorithm. We used mean squared error for loss
and metrics throughout the learning process. However, the evaluation
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was also performed by rounding the predicted output to -1 or 1 to get
a deep insight into the prediction accuracy.

Furthermore, we used the RSI indicator as a baseline for a more
accurate picture of our model’s performance. We calculated the given
RSI index with 7 and 14 parameters daily for this. Since the RSI value
ranges from 0 to 100, we mapped the RSI values to the interval between
-1 and +1 with a simple bisection, and then we smoothed it using ten
moving averages in the price direction to forecast the trend.

We calculated the accuracy, recall, precision, and F1 score for all
the models.

3.4 Results

Our results show that, for the baseline data, the models could not learn
to predict the correct direction (see Figure 3.1).
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Figure 3.1: Model decision stability.
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The recall value and decision characteristics clearly show that it
predicted only in the positive direction and achieved 79% (see Table
3.6) average accuracy only because the test dataset had the same ratio
of positive changes.

Table 3.6: Average accuracy of the different hyperparameter settings
for LSTM and GRU on the test set.

Model Accuracy Precision Recall F1-score
RSI 7 0.8223 0.9271 0.8599 0.8922
RSI 14 0.8182 0.9323 0.8524 0.8905
Baseline 0.7925 0.7925 1.0000 0.8800
Sentiment 0.8714 0.9211 0.9162 0.9186

The RSI models could predict both directions, but overall, it gave
an average of 82% (see Table 3.6) performance, which is worse than
our sentiment-based solution. The sentiment-boosted model was more
uncertain in the negative direction, but it could predict both movement
directions, as shown in Figures 3.1 and 3.2.
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Figure 3.2: Daily forecast accuracy.
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The accuracy of the models that learned from the sentiment data
reached 87% (see Table 3.6) even though sentiment values estimated
the direction of movement with 80% accuracy.

That means that the price data boosted with the sentiment val-
ues achieved an additional 7% increase in accuracy. Furthermore, this
model achieved the best Recall and F'1-score scores, surpassing all base-
line and RSI models. The only exception was the baseline model, which
achieved 1.0 Recall, but that was due to the model only predicting a
single direction +1 every time.

3.5 Conclusions

Although the sentiments of tweets posted by different news sources
capture the trend of price movements measurably, we need to consider
human factors to apply them to predict price trends. Namely, the
quality of news posts is not uniform but varies from period to period.
However, considering these factors, we have developed a statistical-
based NLP method to generate a better-quality dataset from the tweets
for machine learning models. The sentiment analysis can support the
forecast and increase accuracy as other indicators. However, the disad-
vantage is that the performance of this method is greatly influenced by
the quality of each news source and our ability to remove noisy items.
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Summary

This chapter introduces a natural language processing model to predict
exchange-traded product prices using machine learning and general sta-
tistical methods. Our model is tailored to forecast daily trends in one of
the most pivotal energy commodities, oil prices, utilizing data derived
from Twitter activity. QOur approach is underpinned by transformer-
based techniques within a recurrent neural network framework coupled
with meticulous hyperparameter optimization. Central to our methodol-
oqy 1s extracting sentiment characteristics and vocabulary from Twitter
content. Through our research, we have identified specific news sources
that exhibit stronger correlations with fluctuations in oil prices. This
insight has been instrumental in refining our training dataset.

Additionally, we have implemented noise filtering to eliminate in-
significant words from the textual data, consequently creating a refined
data source. As a result, sentiment values derived from this refined
dataset demonstrated a remarkable 84.08% precision in correlating with
the directional movement of oil prices.

The findings discussed in this chapter were presented at the 2022
IEEE 2nd Conference on Information Technology and Data Science
(CITDS) in a paper titled 3Predicting the direction of the oil price
trend using sentiment analysis. [67] [P12]
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Chapter 4

A Machine Learning-based
Pipeline for the Extraction of
Insights from Customer
Reviews

4.1 Introduction

Our primary goal was to develop a comprehensive, end-to-end system
that can reliably extract critical information from customer reviews in
the e-commerce domain. We wanted to design a pipeline that identifies
topics and key phrases in customer feedback. The effectiveness of our
approach can be measured by how well the extracted vital phrases
support classification tasks. This classification-based evaluation aligns
with existing methodologies, such as LDA’s case, where topic modeling
is evaluated by converting the results into a binary classification task
[68,69].

We investigated several techniques, including the N-gram model
[70], dependency parsing [42], and embedded vector space-based key-
word extraction methods to achieve this. We also explored clustering
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approaches like distance- or density-based clustering and hierarchical
clustering [46,71]. Additionally, we tested more advanced topic model-
ing methods, including LDA [68,69], Top2Vec [49], and BERTopic [50].
These methods offer a diverse range of approaches to text analysis;
however, they all face limitations when applied to our specific prob-
lem. For example, LDA needs help with the dynamic nature of cus-
tomer reviews, where the number of topics and their definitions can
change as new data is introduced. Top2Vec and BERTopic improve
LDA by providing semantically richer topic representations but suf-
fer from implementation limitations such as the maximum number of
possible topics or runtime instability.

In our experiments, the LDA, Top2Vec, and BERTopic models were
useful starting points but ultimately fell short of providing a complete
solution. By building on the strengths of these approaches, we devel-
oped a more adaptable solution that meets the specific demands of
e-commerce text analysis.

Our pipeline integrates various methods to create a flexible pipeline
for e-commerce applications. It uses a semantic embedding approach
to extract keywords and key phrases from customer reviews and applies
recursive hierarchical clustering to group these phrases into coherent
topics. Our pipeline involves contextual factors like sentiment, rele-
vance, and noise analysis.

The chapter is organized as follows: Section 4.2 explains data
preparation. Section 4.3 outlines our methodology and keyphrase ex-
traction techniques. Section 4.4 compares our model’s performance to
state-of-the-art solutions. Finally, section 4.5 presents our conclusions.
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4.2 Dataset

We used data from the Amazon Review (2018) [72], and 20newsgroups
[73] dataset to evaluate our system.

The Amazon Review dataset contains 233.1 million Amazon prod-
uct reviews (review text, ratings, and auxiliary votes), along with cor-
responding product metadata and links. For our purposes, we selected
the electronic subset of this dataset, which contains 7,824,482 reviews,
and created a dataset (hereafter Electronics 50K) as follows: We to-
kenized the text of the review using the vocabulary and tokenization
method of the BERT neural network architecture. We kept reviews
only with lengths between 16 and 128 tokens. We fixed the input size
to 128 for efficiency reasons. We performed a uniform sampling to ob-
tain 10,000 reviews for each rating (1 to 5, without fractions). This
resulted in a dataset of 50,000 reviews.

The 20newsgroups is a widely used benchmarking dataset that pro-
vides training and test subsets. The dataset contains 20 classes in 6
categories. Because several classes belong to a given category.

We have created multiple different classification tasks from the
Amazon Reviews dataset. Due to its relatively large size compared to
the available resources, the Cell Phones and Accessories (CPA) subset
was used, similar to the evaluation of the keyword extraction mod-
els. From the dataset, we selected products with a uniform set of 100
reviews for each class (ratings from 1 to 5). Thus, we created a clas-
sification task with 6000 training and 1500 testing records, which we
used for a five-label multi-classification. In addition, from the CPA
dataset, we took a random sample of 100 sentences.

Furthermore, using the 20newsgroups dataset, we defined binary
classification tasks as follows: We chose a single class from each cat-
egory to obtain sufficiently different elements for binary classification.
From the 6 classes selected, we created all possible binary combinations
as classification tasks, i.e., differentiating between each pair of classes.
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4.3 Methodology

In this section, we present our evaluation strategy and describe how
we implemented the most popular keyword extraction techniques and
measured their performance to choose the method we incorporated into
our system. Finally, we present our solution, which we included in a
unified pipeline.

4.3.1 Keyphrase extraction techniques

We implemented solutions based on N-gram, Dependency parsing, and
embedded vectors to determine which keyword extraction technique to
implement in our system. We then assessed the capabilities of each
technique. In subsections, we describe the details of each implementa-
tion and we describe the method and results of the evaluation of each
technique, which determined the type of solution we chose.

N-gram-based approach

N-grams refer to sequences of N adjacent words within a given text
or speech, where N is the number of words in the sequence (e.g., 2-
grams or bigrams, 3-grams or trigrams). N-grams are widely used in
NLP tasks because they help to capture local context and relationships
between words. N-gram-based approaches aim to extract keywords
and keyphrases by assessing the significance of N-grams that occur in
a given text.

To extract keyphrases from a text using N-grams and traditional
language-processing tools, we can follow the steps below:

1. Pre-process and clean the text by removing stop words [32] using
an appropriate dictionary.

2. Extract nouns and their frequency from the text to create a dic-
tionary of key terms, as they often encapsulate the main concepts.
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Figure 4.1: Extracting a keyphrase candidate from a simple review
using an N-gram-based approach (N=3).

3. Extract N-grams around the identified key terms. This contex-
tual information can provide a more nuanced understanding of
the role of the noun in the text; see also Figure 4.1.

4. Select the top N-grams based on their term frequency [30] and in-
verse document frequency-based [31] (TF-IDF) using a threshold
for the TF-IDF score.

Although it is a straightforward method, it has limitations. For
instance, it cannot eliminate synonyms and variations. Furthermore,
the co-occurrence of phrases should also be considered, for example, by
using techniques like collocation extraction to find proper keyphrases
for a given text.

Dependency parsing

In the case of this method, we break down the reviews into sentences
and identify their respective keywords. Then, we look for the context
of the keywords, which we achieve by applying dependency analysis.
An example of dependency analysis is shown in Figure 4.2. During
this process, we parse the whole sentence to obtain its grammatical
structure and identify "head" words and words that are grammati-
cally connected to them. After this, we identify the keyword kw and
its "head" word h; then, we look for words that were connected to
h while keeping the original order of the words in the sentence. We
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look for words connected to h instead of kw because kw was usually
an adjective, adverb, or some other word that expresses emotions or
qualities and has no particular meaning by itself. So instead of looking
for words connected to this term, we focused on the word that is gram-
matically connected to kw (e.g., a noun). During the search procedure,
we exclude common words, such as prepositional modifiers and words
representing coordinating conjunctions. This way, the resulting phrase
contained the most important parts (nouns, adjectives, etc.).

ADJ NOUN NOUN ADP NOUN PRON

Figure 4.2: An example for dependency parsing.

This procedure results in very long phrases that are sometimes not
much shorter than the original sentence. To decrease their lengths,
we integrated a thresholding mechanism into the search procedure to
decide which keywords to keep and which to discard. This thresholding
was based solely on the sentiment of the keyword: positive keywords
were kept if their sentiment score 74| was above 0.89, while negative
and neutral ones were kept if their score was above 0.79. The exact
thresholding levels were calculated based on our training set and were
optimized based on the average length of the resulting contexts and
their interpretability. Optimization was a step-by-step method with
expert reinforcement. During this, starting from a still meaningful
lower value of 0.49 with a step size of 0.1, we produced all possible
outputs of a 100-item randomly sampled validation set, based on which
the optimal parameters were defined, relying on evaluation by human
experts. We performed this step-by-step optimization for both positive
and negative keywords.
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Embedding-based keyword extraction

One commonly used technique to measure the similarity between two
words, phrases, or even sentences is to transform them into embedded
vectors. The advantage of converting to a vector is that the semantic
relationship between individual vectors can be measured using cosine
similarity. By measuring the similarity, we can find the expressions in
a given sentence whose meaning is closest to the meaning of the entire
sentence.

Its main advantage is that it is less sensitive to noise thanks to the
embedding. The disadvantage is that the performance depends to a
large extent on the method of the valorization. So choosing the wrong
embedding method can lead to bad results. One implementation of
embedded-based keyword extraction is KeyBERT [75].

Evaluation of Keyword Extraction Methods

We compared the embedding, N-gram, and dependency parsing solu-
tions to find the best keyword extraction method. For independent
experts to be able to compare and evaluate each model, we produced
a test dataset. For our experiments, from the Cell Phones and Ac-
cessories (CPA) dataset, we took a random sample of 100 sentences.
Seven independent human experts evaluated their results.

We randomly selected 100,000 products from this subset and chose
the four products with the most reviews. We introduced this step
to ensure that there would be a sufficient number of reviews for the
same product, including a sufficient number of explicitly positive and
negative samples. The four products with the most reviews already
provided a sufficient sample for further narrowing. In the next step,
we removed the neutral reviews with a rating of 1 and 5. This step
was introduced because our experience had shown that extracting in-
formation from extreme emotional expressions is more difficult. Words
with a strong emotional charge and negative sentences can obscure the
information, making it difficult to extract.
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The remaining reviews were split into sentences and sub-sentences,
and we corrected the grammatical abbreviations. We then removed
sentences containing fewer than 6 or more than 14 words. In our
experience, sentences shorter than 6 words generally do not contain
meaningful information, and the 14-word upper limit (by using the
splitting into sub-sentences) fits well with the length of an average
English sentence. From the remaining sentences, we randomly selected
100.

Finally, N-gram, dependency parsing, and semantic embedding-
based keyword extraction methods were applied to each of the 100
sentences. The keywords generated using the tested models were eval-
uated by independent experts, who voted for each sentence which
method best extracted the meaning of that sentence. The experts
could vote for multiple models or choose the "none of them" category.

The evaluation’s result (see Table 4.1) showed that the embedding-
based technique dominated in 61% of the cases. Therefore we imple-
mented this method into our pipeline.

Table 4.1: Performance of keyword extraction models on test dataset
made from CPA based on expert evaluations.

Model Expert votes
None Of Them 15
Embedded 61
N-gram 15
Dependency Parsing 9

4.3.2 Pipeline

We implemented the information extraction process as a single pipeline.
We designed the pipeline to ensure that the model applied can evolve
with the growth and changes in the dataset. In addition, it needs to
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be stable and easy to maintain so that it can be made available as a
service to other applications. Figure 4.3 shows the entire pipeline.
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Figure 4.3: Flow diagram of the pipeline.



Text cleaning

The purpose of text cleaning is to remove characters and text elements
from the raw data that do not contain relevant information and may
distort the results obtained by the model. This is the first level of our
pipeline, where we performed these text transformations to ensure that
the text meets the tokenization requirements of the model.

As described in more detail in section 4.2, our requirement of to-
kenization is to work properly with the specialized BERT-+R neural
network. Text cleaning removes punctuation and unnecessary spaces
that we think might cause noise. In addition, the entire text has been
lowercase, and language-specific abbreviations have been removed to
meet the tokenization requirements of the BERT+R model used.

Splitting the text into sentences

A single review may contain multiple relevant topics that express the
opinion of the customer. In addition, one sentence or sub-sentence usu-
ally contains one or more statements about the same topic, and users
make several statements within a sentence without using punctuation.
Therefore, in our implementation, we divided the text by sentence-
and sub-sentence-ending punctuation used in English. Thus, the infor-
mation carried by each statement is extracted sentence by sentence.

Generating regression-based sentiment values

Dataset labels are formed by user ratings. This means that users rated
its elements on a scale of 1 to 5. This means a five-class classification.
However, our goal was to create a more sophisticated solution. We
have, therefore, created a model that can predict the sentiment of a
sentence containing a statement on a scale of 1 to 5 with high accuracy.
For this purpose, we used a pre-trained BERT network and modified
its architecture by adding a regression layer to the output instead of
a classification layer. We then fine-tuned the specific BERT+R model
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on our dataset. The resulting model, depicted in Figure 4.4, allows us
to predict sentiment values with finer granularity.
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Figure 4.4: The BERT+R architecture modified for our system.

Furthermore, our system has become more sensitive to the differ-
ences between negation and assertion sentences, and this function of
our system allows us to filter the texts based on sentiment.

After decomposing user reviews into sentences we predicted senti-
ment scores with our BERT+R model for each sentence.

Keyphrase extraction

The Sentence-BERT (SBERT) [76] is a special transformer-based ar-
chitecture designed for sentence embedding. The network is designed
to assign vectors to each sentence such that their similarity is mea-
sured by cosine similarity. SBERT is a modification of the pre-trained
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BERT network that uses Siamese and triplet network structures to
derive semantically meaningful sentence embeddings.

We applied semantic embedding to extract the keywords. For this
purpose, the text was split into sentences, and the words belonging
to each sentence and their bigram and trigram combinations were em-
bedded separately in a 768-dimensional vector space using SBERT.
Then, we measured the cosine distance of the given words and their
bigrams and trigrams from the sentence that contained them. In the
next step, we selected from each sentence the top three expressions
whose semantic meaning is closest to the sentence containing it.

This gave us an item triplet for each sentence, which could contain
words and phrases or their negation auxiliaries. In addition, we used
combinations of bigrams and trigrams with elementary words since
these are the N-gram combinations that still make sense in natural
languages. In fact, by maximizing the value of N, we can eliminate
redundant combinations.

Hierarchical and density-based recursive clustering

After cleaning, classifying, and extracting the key terms from the text,
we highlight key terms and their embedded vectors. Finally, we ap-
plied our clustering approach to topic search in the nested vector space
created from key terms.

A special property of embedded vector spaces generated from text
data is that they are difficult to cluster, as the distances between ad-
jacent vectors are usually similar. However, slightly dense clusters ap-
pear in the vector space for similar contents. To extract these slightly
dense clusters, we need to remove outliers. To achieve this, we used
our special hierarchical solution. This consists of using hierarchical
clustering with recursive execution, as shown in Figure 4.5.

Based on our investigations, the elements of slightly dense clus-
ters describe the same topics. Our experience shows that the cosine
similarity between these clusters is above 0.7. These slightly denser
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Figure 4.5: Recursive clustering considered in our system.

clusters could be extracted by recursively applying hierarchical clus-
tering. This method re-clusters the clusters with densities below 0.7
in the next clustering cycle. This is repeated until the minimum num-
ber of elements (in our case, 5) or a density value of 0.7 is reached.
Naturally, these hyperparameters of the pipeline can be freely adjusted
to improve the generalization ability of our system depending on the
nature of the text.
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4.4 Results

To assess our own and the referenced models’ information-retention
capabilities, we brought unsupervised keyword extraction back to a
supervised text classification task. Evaluating unsupervised learning
models often involves relating them to a supervised classification task,
e.g., as seen in the case of LDA, where authors use binary classification
to measure its effectiveness.

If we hypothesize that the models can extract meaningful keywords,
the accuracy of an independent classification model using only those
extracted keywords should be correlated with the information value of
the words. This assumption is supported by the observation that text
cleaning, which removes noise, improves classification accuracy. How-
ever, this improvement is only seen when elements considered noise are
removed. Consequently, if words with information value for classifica-
tion are eliminated, the accuracy of classification models will decrease.

It is plausible that the quality of the extracted words can im-
pact classification outcomes. If the classification accuracy significantly
drops compared to when all text elements are used, it suggests that
the topics and their associated words might not have been correctly ex-
tracted. Conversely, when relevant words are extracted, classification
accuracy should ideally increase. Nevertheless, this evaluation method
allows for comparing the relevance of words extracted by different mod-
els for information retention.

Because of the different approaches of the different models, each

model has been set up to maximize their performance as follows:

e BERTopic has limited configuration options, so we optimized the
keyword extraction of the model. The BERTopic version we used
allowed us to define a maximum of 30 words for a topic.

e For Top2Vec, the mincount parameter of the model is responsible
for the number of words to extract. Therefore, we systematically
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tested values from 10 to 600 and found that 500 was the maxi-
mum value where the model remained stable.

e The automatic determination of the number of topics is not built
into LDA by default, so a more complex optimization was per-
formed for this model. In LDA, a separate parameter can be used
to set the number of topics searched for. This parameter was set
to be between 2 and 50. Within this range, we tried both online
and batch optimization techniques to find the best number of
topics. The optimal topic number for LDA has the best average
perplexity among the selected topics.

e In the case of our model, we left the parameters at the values
we had found during the development. This means that each
of the topics (sets) that our model selected had more than five
elements, and the cosine similarity value between the elements
of each topic was greater than 0.7. Sets outside this range were
treated as outliers, i.e., irrelevant.

The topic words extracted from the models were used as a dictio-
nary, and only these words were retained from the datasets for each
evaluation of the model for the classification tasks. The texts filtered
by the model dictionaries were vectorized using one-hot, count vector-
ization, and TF-IDF techniques. We then used a regression model for
each model evaluation. The advantage of the regression model is that
it is simple, and the operation of the model can be clearly explained
using weights. In each case, we trained the classification models on a
training dataset filtered by the dictionaries generated by the keyword
extractor models, and their accuracy was measured on the test set.

In addition, since we tested several parameters for the LDA and
Top2Vec models and tried to reach the maximum performance of ev-
ery model, we considered their average performances. In the binary
classification tasks, we measured an average accuracy of 89.82% for our
model, 82.75% for LDA with batch optimization, 82.38% for LDA with
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online optimization, 76.21% for Top2Vec, and 79.46% for BERTopic
(see Table 4.2).

Table 4.2: The average accuracy of binary classification on binary
mapped test dataset made from 20 newsgroups dataset.

Model TF-IDF Count vect One-hot
BERTopic 80.21% 79.57% 78.61%
LDA (batch) 83.99% 82.09% 82.25%
LDA (online) 83.58% 81.69% 81.86%
Top2Vec 77.11% 76.04% 75.48%
Our pipeline 90.92% 89.18% 89.35%

In terms of the number of topics found, our model found 58 topics
on average, LDA with batch optimization found 7 topics, LDA with on-
line optimization found 7 topics, To2Vec found 3 topics, and BERTopic
found 7 topics, as also shown in Table 4.3.

Table 4.3: Number of topics and vocabulary sizes for binary classifica-
tion on binary mapped test dataset made from 20 newsgroups dataset.

Model Topic number Vocabulary size
BERTopic 7 127
LDA (batch) 7 5859
LDA (online) 7 6061
Top2Vec 3 100
Our pipeline 58 3867

We also used the 20 Newsgroups multi-task dataset without binary
mapping and measured the models’ performance on it. For the multi-
classification tasks, our model provided an average accuracy of 45.24%,
we got 35.73% for LDA with batch optimization, 35.48% for LDA with
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online optimization, 39.41% for Top2Vec and 42.8% for BERTopic; see
Table 4.4.

Table 4.4: The average accuracy of multi-classification on 20 news-
groups test dataset.

Model TF-IDF Count vect. One-hot
BERTopic 46.13% 40.27% 42.00%
LDA (batch) 37.29% 34.87% 35.03%
LDA (online) 36.98% 34.41% 35.03%
Top2Vec 41.88% 37.89% 38.47%
Our pipeline 48.47% 43.33% 43.93%

In terms of the number of topics found, our model found 64 topics
on average, LDA with batch optimization 2 topics, LDA with online
optimization 2 topics, Top2Vec 17 topics, and BERTopic 94 topics; see
Table 4.5.

Table 4.5: Average number of topics and vocabulary sizes for multiple
classifications on 20 newsgroups test dataset.

Models Topic number Vocabulary size
BERTopic 92 1357

LDA (batch) 2 2242

LDA (online) 2 2275
Top2Vec 17 371

Our pipeline 64 2860
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4.5 Conclusions

This study investigated the inherent challenges of extracting relevant
information from unstructured free texts. We demonstrated that the
widely used methods are not suitable to comprehensively address more
complex problems. Our experiments confirmed the current lack of a
single, universally applicable solution for keyword /keyphrase extrac-
tion and topic modeling.

In response, we developed a novel pipeline by iteratively reviewing,
combining, and refining various potential solutions. This consolidated
pipeline streamlines the information extraction process through effi-
cient data cleaning, keyphrase identification, and topic organization.
Notably, this framework demonstrates increased efficiency compared
to existing literature models.

Furthermore, our pipeline exhibits robust information-retention ca-
pabilities. By leveraging semantic embedding, the system excels at
identifying key phrases and their associated topics, delivering higher
quality results than alternative solutions within the given text pro-
cessing domain. Additionally, the modular architecture facilitates the
seamless integration of future components, adapting the pipeline to
address diverse tasks.
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Summary

The efficiency of NLP has improved dramatically with the advent of
machine learning models, particularly neural network-based solutions.
However, some tasks are still challenging, especially when considering
specific domains. This paper presents a model that can extract insights
from customer reviews using machine learning methods integrated into
a pipeline. For topic modeling, our composite model uses transformer-
based neural networks designed for NLP, vector embedding-based key-
word extraction, and clustering. The elements of our model have been
integrated and tailored to better meet the requirements of efficient in-
formation extraction and topic modeling of the extracted information
for opinion mining.

Our approach was validated and compared with other state-of-the-
art methods using publicly available benchmark datasets. The results
show that our system performs better than existing topic modeling and
keyword extraction methods in this task.

The findings discussed in this chapter were presented in a paper ti-
tled "A Machine Learning-Based Pipeline for the Extraction of Insights
from Customer Reviews" [T77] [P3] in the Big Data and Cognitive Com-
puting journal.
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Chapter 5

A multimodal deep learning
architecture for smoking
detection with a small data
approach

5.1 Introduction

The WHO currently estimates that smoking causes around 8 million
deaths a day. 15% of people aged 15 years and over smoke in the OECD
countries and 17% in the European Union [78|. Moreover, of the 8
million daily deaths, 15% result from passive smoking [79]. The stud-
ies [80,81] below highlight the influence of smoking portrayal in movies
and the effectiveness of health communication models. However, quan-
tifying media influence is complex. For internet media like social sites,
precise ad statistics are unavailable. Furthermore, calculating incited
and unmarked ads poses a significant difficulty as well. Methods for
identifying content include continuous monitoring of advertising inten-
sity [82], structured data generated by questionnaires [83], and Al-
based solutions that can effectively support these goals. The authors
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of [84] point out in their review that artificial intelligence is a powerful
tool that can advance tobacco control research and policy-making.

Nonetheless, these methods are highly data-intensive. An excellent
example is the popular ResNet [85] image processing network, trained
on the ITmageNet dataset [86] containing over 14 million images. Re-
garding text processing, we can mention the famous and pioneering
BERT network [87] trained on the Toronto BookCorpus [88]. How-
ever, generative text processing models like GPT [4] were trained in
larger datasets than BERT. For instance, the training set of GPT 3.0
was the CommonCrawl [89] dataset, which has a size of 570 GB.

We can highlight classification and object detection in image pro-
cessing to detect smoking. The most famous image processing mod-
els are VGG [90], ResNet [85], Xception [91], EfficientNet [92], In-
ception [93|, and YOLO [94]. Moreover, there are architectures like
CAMFFNet [95], which are specifically recommended for smoking de-
tection. For a more precise identification of the content elements of
the texts, we can use the named-entity recognition [96] models. In
addition, the development of multimodal models also gain increasing
focus [97,98|, which can use texts and images to solve tasks at the
same time.

We propose a multimodal architecture using pre-trained image and
language models to detect smoking-related content in text and im-
ages. Combining image processing networks with these models creates
a data-efficient and robust solution that can be enhanced with expert
input.

The chapter is organized as follows: Section 5.2 explains our method-
ology. Section 5.3 we present our result. Finally, section 5.4 describes
our conclusions.
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5.2 Methodology

5.2.1 Model architecture

As illustrated in Figure 5.1 by a schematic flow diagram, our solution
relies on pre-trained language and image processing models and can
handle both textual and image data.
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Figure 5.1: Schematic flow diagram of the architecture.
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The first step of our pipeline is to define the input data format
because we need to direct the data to the appropriate model regarding
its format. The video recordings are analyzed with multimodal and
image processing models, while the texts are analyzed with a large
language model. In the case of video recordings, we applied the CLIP-
ViT-B-32 multilingual [99,100] model. The model has been developed
for over 50 languages with a special training technique [99]. The model
supports Hungarian, which was our target language. We use the CLIP-
ViT-B-32 model as a filter. After filtering, to achieve more accurate
results, we recommend using the pre-trained EfficientNet B5 model,
which we fine-tuned with smoking images for the classification task.

To process texts, we use named entity recognition to identify smok-
ing related terms. For this purpose, we have integrated into our archi-
tecture an XLM-RoBERTa model [101] that is pre-trained, multilin-
gual, and also supports the Hungarian language, which is important
for us.

5.2.2 Format check

The first step in processing is deciding whether the model has to process
video recordings or text data. Since there are many formats for videos
and texts, we chose the simple solution of only supporting mp4 and
txt file formats. The mp4 is a popular video format, and practically all
other video recording formats can be converted to mp4. We consider
txt files utf8-encoded raw text files that are ideally free of various
metadata. It is important to emphasize that here we ignore the text
cleaning processes required to prepare raw text files. The reason is
that we did not deal with faulty or txt files requiring further cleaning
during the trial.
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5.2.3 Processing of videos and images

The next step in the processing of video footage is to break it down into
frames by sampling every second. The ViT image encoder of the CLIP-
ViT-B-32 model was trained by its creators for various image sizes. For
this, they used the ImageNet [86] dataset in which the images have an
average size of 469x 387 pixels. The developers of CLIP-ViT-B-32 do
not recommend an exact size for the image encoder. The model only
specifies a minimum size of 224x224. In the case of EfficientNetB5, the
developers have optimized to a size of 224x224. For these reasons, we
have taken this image size as a reference and transformed the images
sampled from the video recordings to this size.

5.2.4 Multimodal filtering

The images sampled from the video recordings were filtered using the
CLIP-ViT-B-32 multilingual vl model. The pre-trained CLIP-ViT-
B-32 multilingual v1 model consists of two main components from a
ViT [22] image processing model and a DistilBERT-based [102] mul-
tilingual language model. We convert into 512 dimensions embedded
vector [103] the images and texts with CLIP-ViT-B-32. The embedded
vectors for texts and images can be compared based on their content
meaning if we measure cosine similarities between the vectors. Since
we aimed to find smoking-related images, we defined a smoking-related
term. We converted it to a vector and measured it against the embed-
ded vectors generated from the video images. The term we chose was
the word "smoking". We can use more complex expressions, which
could complicate the measurement results interpretation.

The cosine similarity of the vectors produced by embedding the
images always results in a scalar value compared to the vector created
from our expression related to "smoking". However, the decision limit
between the distances measured between the vectors produced by the
CLIP-ViT-B-32 model is not always clear. Namely, even in the case of
images with meanings other than "smoking", we get a value that is not

49



too distant. We had to understand the distribution of the smoking im-
ages to eliminate this kind of blurring of the decision boundary. To this
end, we examined the characteristics of the distribution of the images.
It is clear from Figure 5.2 that because the images with a semantic
meaning closer to smoking appear randomly in a video recording, it is
difficult to grasp the series of images that can be useful for us. Figure
5.2 has the cosine similarity values belonging to the individual images.
At the same time, the horizontal axis shows the position of the images
in the video. To solve this problem, we introduced the following proce-
dure. If we put the cosine similarity values in ascending order, we get
a function that describes the ordered evolution of the cosine similarity
values.
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Figure 5.2: The cosine similarity of the images obtained from the video
recording in chronological order.
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The ordered function generated from Figure 5.2 can be seen in
Figure 5.3. As shown in Figures 5.2 and 5.3, we found that if we take
the similarity value of the images sampled from the given sample to
the word "smoking", their average results in a cutting line, and we can
use it as a filter.
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Figure 5.3: The cosine similarity of the images after the ordering.

Furthermore, considering the specifics of the video recordings, we
consider that the average can be corrected with a constant value. In
this mean, the constant value can thus also be defined as the hyperpa-
rameter of the model. We chose the 0 default value for the correction
constant for more apparent measurements. The choice of the best con-
stant value may differ depending on the recording type and may distort
the exact measurement results.
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5.2.5 Fine-tuned image classification

After filtering the image set with a multimodal model, we applied an
image processing model to classify the remaining images further to im-
prove accuracy. Among the publicly available datasets on smoking, we
have used the "smoker and non-smoker" [104] for augmented [105] fine-
tuning. We selected the following models for the task. EfficientNet,
Inception, ResNet, VGG, and Xception. The EfficientNet B5 version
performed the best with an accuracy of 93.75%.

5.2.6 Processing of text

In the case of detecting smoking terms in texts, we approached the
problem as a NER task and focused on the Hungarian language, since
we could not find a dataset containing annotated smoking phrases
available in Hungarian. Therefore, to generate the annotated data,
we used the generational capabilities of ChatGPT [106], the smoking-
related words of the Hungarian synonyms and antonyms dictionary
[107], and prompt engineering.

Al-based text generation is an effective tool for creating learning
data, but it is important to consider possible disadvantages as well.
The advantage of text generator services (such as ChatGPT or Gem-
ini [108]) using large language models is that they can quickly and
efficiently create large amounts of text and can be applied to any size
dataset. This makes them ideal for creating large learning sets. Gener-
ators can create text in a variety of styles and formats, including news,
articles, blog posts, and even creative writing. Their disadvantage is
that they may be prone to bias and the text generated by less advanced
models may contain errors, repetitions, and grammatical errors. This
can lead to distorted results in the trained AI model. Successful ap-
plication requires careful selection of the Al model and quality control
of the training dataset.

Accordingly, we selected words related to smoking from the syn-
onyms and antonyms dictionary, such as cigarette, king deck, smoke,
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cigar, pipe, coffin nail, spangles like the factory chimney, tobacco, and
cigarette. After that, we asked ChatGPT to suggest further smoking-
related terms besides words from the Hungarian dictionary.

We created blocks of a maximum of 5 elements from the words
in our dictionary. Each block contained a random combination of a
maximum of 5 words. The blocks are disjoint, so they do not contain
the same words. This mixing step was done 10 times. This means
that, in one iteration, we could form 8 blocks of 5-element disjunct
random blocks from our 43-word dictionary. By doing all these 10
times, we produced 80 blocks. However, due to the 10 repetitions,
the 80 blocks were no longer disjoint. In other words, if we string all
the blocks together, we get a dictionary in which every synonym for
smoking appears a maximum of 10 times.

We made a prompt template to which, by attaching each block, we
instructed ChatGPT to generate texts containing the specified expres-
sions. Since ChatGPT uses the Hungarian language well, the generated
texts contained our selected words by the rules of the Hungarian lan-
guage, with the correct conjugation. An example of our prompts is
illustrated in Table 5.1.

Table 5.1: An example prompt for ChatGPT.

Generate a short text about smoking. The text strictly contains
the following words in the different sentences: smoking, ,
cigar.

We did not specify how long texts should be generated by Chat-
GPT or that every word of a 5-element block should be included in
the generated text. When we experimented with ChatGPT generating
fixed-length texts, it failed. Therefore, we have removed the require-
ment for this. Using this method, we created a smoking-related corpus
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consisting of 80 paragraphs, 49000 characters, and 7160 words. An
English example of a generated text is presented in Table 5.2.

Table 5.2: An example paragraph generated by the prompt in Table
5.1.

Smoking is a widespread and addictive habit that involves in-
haling and exhaling the smoke produced by burning
Whether it’s a hand-rolled cigar or a manufactured cigarette,
the act of smoking revolves around the consumption of

Despite the well-known health risks, many individuals continue
to engage in smoking due to its addictive nature. The allure of a
cigar or a cigarette can be strong, making it challenging for peo-
ple to quit smoking even when they are aware of its detrimental
effects. Education and support are crucial in helping individuals
break free from the cycle of smoking and its associated harms.

To find the best model according to the possibilities of our com-
puting environment and the support of the Hungarian language, we
tested the following models: XLM RoBERTa base (LLM1) and large
(LLM2), DistilBERT base cased (LLM3), huBERT base [109] (LLM4),
BERT base multilingual [110] cased (LLM5) and uncased (LLM6), Sen-
tence BERT [111] (LLM7). We trained the models on a NER task. For
the token classification task. That is, models must learn to identify
smoking-related terms (tokens) in the text and distinguish them from
non-smoking terms (tokens). The best model was the (LLM2), which
achieved 98% accuracy and 96% F1-score on the validation dataset and
an Fl-score of 91% with an accuracy of 98% on the test dataset.
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5.3 Results

We collected video materials to test the image processing part of our
architecture. The source of the video materials was the video-sharing
site YouTube. Taking into account the legal rules regarding the us-
ability of YouTube videos, we have collected 5 pieces short advertising
films from the Malboro and Philip Moris companies. We ensured not
to download videos longer than 2 minutes because longer videos, such
as movies, would have required a special approach and additional pre-
processing. Furthermore, we downloaded the videos at 240p resolution
and divided them into frames by sampling every second. Each frame
was transformed to a resolution of 224 x 224 pixels. We manually anno-
tated all videos. The downloaded videos least 64 seconds and contained
13 seconds of smoking an average.

With the multimodal filtering technique, we discarded the images
that did not contain smoking. Multimodal filtering found 25 seconds
of smoking on average in the recording. The accuracy of the identified
images was 62%. The multimodal filtering could filter out more than
half of the 64-second, on average, videos. We also measured the per-
formance of the fine-tuned EfficientNet B5 model by itself. The model
detected an average of 28 seconds of smoking with 60% accuracy. We
found that the predictions of the two constructions were sufficiently di-
verse to connect them using the boosting ensemble [112] solution. By
connecting the two models, the average duration of perceived smoking
became 12 seconds with 4 seconds on average error and 74% accuracy.
The ensemble solution was the best approach since the original videos
contained an average of 13 seconds of smoking. Tables 5.3, 5.4, and 5.5
contain the exact quantitative results broken down into test videos.
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Table 5.3: Performance of multimodal filtering on the test videos.

Video Full length Length of Accuracy
in seconds the smoking

scene in

seconds
Malboro 1 75 21 0.8919
Malboro 2 50 5 0.5200
Malboro 3 87 12 0.6781
Philip Moris 1 35 15 0.4286
Philip Moris 2 75 13 0.5730

Table 5.4: Performance of the EfficientNetB5 on the test videos.

Video Full length Length of Accuracy
in seconds the smoking

scene in

seconds
Malboro 1 75 21 0.6892
Malboro 2 50 5 0.4600
Malboro 3 87 12 0.6437
Philip Moris 1 35 15 0.5433
Philip Moris 2 75 13 0.6933

We created training and validation datasets from Hungarian syn-
onyms for smoking using ChatGPT. We trained our chosen large lan-
guage models until their accuracy on the validation dataset did not
increase for at least 10 epochs. The (LLM1) model achieved the best
performance on the validation dataset with an Fl-score of 96% and
98% accuracy. For the final measurement, we created test data from

an online text related to smoking by manual annotation [113].
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Table 5.5: Performance of the Ensemble model (Multimodal Filtering
+ EfficientNetB5) on the test videos.

Video Full length Length of Accuracy
in seconds the smoking

scene in

seconds
Malboro 1 75 21 0.9054
Malboro 2 50 5 0.6600
Malboro 3 87 12 0.7931
Philip Moris 1 35 15 0.5710
Philip Moris 2 75 13 0.7600

The fine-tuned (LLM1) model achieved 98% accuracy and 0.91 F1
score on the test dataset. The measurement results of the chosen mod-
els can be viewed in more detail in Tables 5.6 and 5.7, where, in ad-
dition to the accuracy and F-score values, the recall, precision, and
cross-entropy loss values can also be found.

Table 5.6: Results of a fine-tuned (LLM2) for the named entity recog-
nition task on the test data.

Metrics Results
Cross-entropy loss 0.0736
Precision 0.9115
Recall 0.9035
F1l-score 0.9075
Accuracy 0.9825
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Table 5.7: Validation of language models on the name entity recogni-
tion task.

Models Cross Precision Recall Fi- Accuracy
entropy score
loss
LLM1 0.176 0.9580 0.9650 0.9615 0.9840
LLM2 0.140 0.9511 0.9669 0.9590 0.9829
LLM4 0.143 0.9326 0.9499 0.9412 0.9787
LLM3 0.101 0.9348 0.9597 0.9467 0.9784
LLM5 0.096 0.9450 0.9666 0.9557 0.9821
LLM6 0.186 0.9170 0.9442 0.9304 0.9746
LLM7 0.152 0.9315 0.9301 0.9308 0.9724

5.4 Conclusions

Multimodal and image classification models are decisive for classifica-
tion tasks. In return, however, they are complex and require substan-
tial training data, which can reduce their explainability and usability.
Our solution showed that pre-trained multimodal and image classifica-
tion models exist that allow smoking detection even with limited data
and in low-resource languages if we use the potential of human rein-
forcement, generative, and ensemble methods. In addition, we see fur-
ther development opportunities if our approach is supplemented with
an object detector, which can determine the time of occurrence of ob-
jects and their position. Moreover, with the expected optimization of
the automatic generation of images in the future and the growth of the
available computing power, our method used for texts can work in the
case of images.
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Summary

Covert tobacco advertisements often raise requlatory measures. This
chapter presents that artificial intelligence has great potential for de-
tecting hidden advertising and allows unbiased, reproducible, and fair
quantification of tobacco-related media content. We proposed an inte-
grated text and tmage processing model based on deep learning and gen-
erative methods, which can detect smoking cases in textual and visual
formats, even with little available training data. Our model can achieve
4% accuracy for images and 98% for text. We thereby confirmed that
using pre-trained multimodal, image, and text processing models avail-
able through deep learning enables the detection of smoking in different
media, even with a small training dataset.

The findings discussed in this chapter were presented in a paper
titled "A multimodal deep learning architecture for smoking detection
with a small data approach” [114] [P2] in the Frontiers in Artificial
Intelligence journal.
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Chapter 6

Investigating the domain
transfer techniques for the
development of LLM-driven
knowledge-based systems

6.1 Introduction

Transformer-based large language models (LLMs) have significantly
advanced the field of natural language processing (NLP) by achiev-
ing unprecedented performance across various linguistic tasks. No-
table models such as BERT [87|, GPT [87], and XLNet [115], along
with their respective derivatives, have set new benchmarks in areas
like text classification, machine translation, and question-answering.
Among these, generative models, particularly GPT, have demonstrated
outstanding capabilities in comprehending and generating human-like
text [116]. OpenAl’s GPT architecture, as seen in widely adopted ser-
vices like ChatGPT [106] and Microsoft’s Copilot [117], has become a
benchmark for generative performance while competing models such as
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Google’s PaLM [118], Gemini [108], and Meta’s open-source LLaMA
model [119] are emerging as potent alternatives.

This surge in LLM capabilities has profoundly influenced the evolu-
tion of knowledge-based systems. Historically, such systems depended
on structured databases and traditional querying methods to extract
information [120]. However, the contextually aware text generation ca-
pabilities of LLMs present a new paradigm, extending the potential of
these systems beyond mere data retrieval to performing reasoning and
knowledge synthesis. This paradigm shift enables more advanced ap-
plications, particularly in question-answering and information-retrieval
tasks [121].

Two primary approaches have emerged to tailor LLMs for domain-
specific applications: domain-specific fine-tuning (DFT) and retrieval-
augmented generation (RAG). DFT allows models to specialize in par-
ticular areas by training on domain-specific datasets, improving perfor-
mance in tasks like machine translation [122] and domain-relevant ap-
plications [123]. RAG complements this by integrating external infor-
mation from relevant datasets into the prompt, enhancing the model’s
accuracy and reducing the need for frequent retraining [124].

However, integrating these techniques into knowledge-based sys-
tems remains a complex task. Standardized methodologies are needed
for designing systems that leverage LLMs, particularly in domain-
specific contexts. This gap underscores the need for further research
and clear guidelines. In response to these challenges, this study aims
to propose a structured methodology for constructing knowledge-based
systems utilizing LLMs.

The chapter is organized as follows: Section 6.2 covers databases for
optimization and method selection, Section 6.3 discusses the method-
ology, Section 6.4 shows empirical results, and Section 6.5 summarizes
findings and conclusions.
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6.2 Data

We applied two approaches to preparing the data. First, we examined
how to create datasets for PDF and Microsoft Word-based scientific
publications. The primary motivation for creating our datasets was
to build our system, the effectiveness of which we can support with
measurement results. Second, we composed another dataset for the
measurements besides the own-created data. This second dataset was
collected from publicly available data.

For the dataset we created, we curated a collection of specific pub-
lications on urban monitoring and corn cultivation with the help of
the National Library of the University of Debrecen and the Faculty
of Agriculture, Food Science, and Environmental Management. This
corpus, comprising 69 pieces of literature on corn cultivation (CORN)
and 83 on urban monitoring (UB), provided a rich source of domain-
specific terminology and concepts. Each article or book was available
to us in PDF or Word format.

As an independent and open-access dataset, we utilized the CORD-
19 dataset [125] and MedQuAD [126] [127]. A CORD-19 is a freely
available repository of thousands of scientific articles on COVID-19,
SARS-CoV-2, and related coronaviruses. This dataset encompasses
thousands of scholarly articles. It is in JSON format and represents
about 80 GB of text data. MedQuAD includes 47457 medical question-
answer pairs created from 12 NIH websites (e.g., cancer.gov, GARD,
MedlinePlus Health Topics). The collection covers 37 question types
(e.g., Treatment, Diagnosis, Side Effects) associated with diseases,
drugs, and other medical entities such as tests.

Subsection 6.3.3 describes in more detail the data preparation pro-
cesses for the model’s FN and the RAG application.
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6.3 Methodology

To decide whether RAG or DFT is the better approach to creating an
LLM-based system, we used the models presented in section 6.3.1. The
performance of these models was measured using the metrics given in
section 6.3.2 for both RAG and DFT applications. For these measure-
ments, we describe in section 6.3.3 how we prepared the data, and in
sections 6.3.4 and 6.3.5, we show which settings were applied for DF'T
and RAG.

6.3.1 Models

We have selected the LLM models according to the following require-
ments:

e The models must be LLM, well-documented, and have freely
downloadable pre-trained versions.

e The models have been well implemented. That means they should
be part of the model repository of the HuggingFace [66] and Py-
Torch [128] development libraries.

e A resource provided by the NVIDIA DGX A100 System should
be sufficient to train and test the models.

Based on these criteria, we selected the GPT-J-6B [129], OPT-
6.7B [130], LLaMA-7B [119], and LLaMA2-7B [119] models.

6.3.2 Selected metrics

The following metrics were used to determine the performance of the
different language models: BLEU, ROUGE, METEOR, and cosine
similarity.

BLEU is used to measure machine translation performance. BLEU
measures n-gram accuracy, which means it counts how many n-grams
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of the generated text are found in the reference translation. ROUGE is
used to measure the performance of machine translation and text sum-
marization tasks and measures recall, which means that it counts how
many n-grams of the reference translation are found in the generated
text. ROUGE is designed to work around some of BLEU’s limitations.
Namely, ROUGE places more emphasis on recall than BLEU and bet-
ter takes into account the meaning of the text. The METEOR score is
a metric used to evaluate the quality of machine translation, text sum-
maries, and creative text formats. It considers the Recall, Precision,
and word order of factors to determine how efficient a model is.

Cosine similarity is also used to measure the similarity of texts. To
use it, the text must be converted into sentence or word vectors, then
the cosine similarity between the vectors must be calculated. A higher
cosine similarity means that the texts are more similar semantically
to each other. We applied this approach by dividing the generated
and reference text into sentences with our system and then converting
the individual sentences into embedded vectors using the MiniLM L6
v2 [131] sentence transformer.

For a formal description of our method applying cosine similarity,
let R ={ry,...,r} and G = {g1,...,9m} denote the reference and
generated text, respectively, broken down to the same number of M
corresponding paragraphs r; and g; with¢ = 1,..., M. All the reference
and generated paragraphs consist of sentences represented by their
embedded vectors r; = {rs;1,rs;2,... and ¢; = {gsi1,9Si2,...} (i =
1,...,M). For each reference sentence rs; ; we find the best matching
generated sentence in the corresponding paragraph g; and calculate
their similarity. Finally, as an overall similarity score (CS) between
the reference text R and the generated one GG, we calculate the average
similarity regarding all the composing paragraphs as

M max (COSZ'ne(TSZ"j, gsi,k))

CS = ; b 7 . (6.1)
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6.3.3 Data preparation for RAG and DFT

We used different data preparation approaches for the RAG and DFT.
For DFT, we considered the Q&A dataset-based training method (as
it was used for the Stanford Alpaca [132]) as a guiding principle. In
addition, we created easily searchable datasets for RAG to identify
contexts that support effective responses.

Q&A datasets for DFT

To prepare Q& A datasets, we split the collected CORN and UB datasets
into paragraphs. In the next step, we converted them to raw text and
cleaned them with the help of human experts.

We extracted a subset of CORD-19 data. We selected the articles
based on the following filter criteria: articles must have abstracts, be
included in the PubMed Central repository, and have open access to
medical biology and life science. Articles must also have an arXiv ID,
which strengthens open access. Articles must not contain latex ele-
ments so they can be readable easily and validated by human experts.

In the MedQuAD dataset, there are incomplete question-answer
pairs. Therefore, we kept only those records that the questions and
their corresponding answers, types, and focus values were fully avail-
able.

We divided our datasets CORN, UB, and CORD-19 into para-
graphs, taking into account each model’s tokenizer. When dividing
the paragraphs, we worked so that the individual text parts could not
be longer than 256 tokens according to any model’s tokenizer.

To create the questions of the Q&A dataset, we used the BERT-
based generator [133|. We generated five questions for each paragraph.
Duplicates were filtered and removed to ensure the two questions dif-
fered for the same paragraph. Thus, we created a maximum of five but
at least one question in the database for each paragraph. With this,
we applied an oversampling to the dataset. We also created a context-
extended version for each dataset by adding context to the questions.
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We created the contexts so that they contain answers to the questions.
We fine-tuned the models on this dataset, and the models had to learn
how to extract the answer from the context as efficiently as possible
when it was available.

Since the MedQuAD data had expert-validated question-answer
pairs, therefore, to ensure that they could not be semantically dam-
aged, but in terms of their length, they are the same as the length of
the answers included in the other experimental data sets, we discarded
those pairs where the answers were longer than 256 tokens.

Table 6.1 lists the number of paragraphs and questions in the cre-

ated Q&A (Q&Acorn, Q&Aup, Q&Acorp-19, Q&Aneaguap) datasets.

Table 6.1: Number of paragraphs and questions of Q&A datasets.

Dataset Paragraphs Questions
Q&Acorn 7058 28790
Q&Ayp 8553 27974
Q&Acovip 18004 58290
Q&Anreaguap 7871 7871

RAG datasets

The performance of RAG is highly contingent on the precision of the
contextual information used to generate answers. To rigorously assess
RAG’s capabilities, we employed two distinct methodologies.

First, we utilized the Q&AcORN, Q&AyB, Q&AcORD — 19,
and Q& AyedQuAD datasets, initially developed for DFT. We ensured
that each paragraph was accompanied by at least one corresponding
question in these datasets. Each generated question was transformed
into a vector representation using the MiniLM L6 v2 sentence trans-
former [111]. This allowed us to measure semantic similarity using
our CS metric. In this setup, answers were drawn from paragraphs
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containing questions most similar to the reference, forming our first
indexed dataset type (1D,).

In the second approach, we segmented each answer into individual
sentences and embedded these sentences using the same MiniLM L6
v2 sentence transformer. We excluded sentences shorter than 10 words
or longer than 30 to optimize embedding efficiency. This enabled us to
manage each sentence as a vectorized index, forming our second type
of indexed dataset ((IDy)).

For all the datasets CORN, UB, CORD-19, and MedQuAD, both
types of indexed datasets (D, and ID;) were created. Table 6.2 sum-
marizes their properties.

Table 6.2: Number of vectorized sentences and questions of indexed
datasets.

Dataset Sentences (1D;) Questions (ID,)
IDCORN 37874 28790
IDYB 40002 27974
IDCOVID 56861 58290
[ DMedQuAD 32310 7871

Training, validation, and test datasets

We divided the Q&ACORN, Q&AUB, Q&ACORD—197 and Q&AMedQuAD
datasets into training and validation sets in an 80/20 ratio. Due to
our question-and-answer generation methodology, a single answer may
correspond to multiple similar questions. Therefore, we ensured that
each question and its corresponding answer appeared only once in the
validation dataset.

To evaluate the models’ inference abilities, we created distinct test
datasets. For this, we used questions and corresponding answers un-
seen by the models during fine-tuning. We employed topic modeling
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based on nested vectors to achieve this, generating three test datasets
from the Q& Acorn, Q&Ayp, and Q& Acorp—_19 datasets.

In the first step, we embedded all sentences of the I D, datasets
with the Sentence Transformer. We then reduced the dimensionality
of these embeddings from 386 to 2 using UMAP [38| and subsequently
clustered them using HDBSCAN [48]. The clustering parameters were
set to a maximum of 15 clusters and a minimum of 6 because the
optimal results were obtained when clusters contained approximately
256 tokens from sentences of 10 to 30 words. Texts outside this word
range were excluded.

For FN, we split the datasets (Q&Acorn, Q&Aup, Q&Acovip)
into training and validation datasets in an 80/20 ratio. We used a
special approach for resolution. We did not simply split the datasets,
but from those question-answer pairs where we had more than 1 ref-
erence question, we selected as many corresponding 20% of the entire
dataset. With this, we achieved that the validation accuracy of the
models measures the ability of association of the models. The infer-
ence ability of the models was measured on the test dataset. After the
mapping and clustering, the outlier clusters were removed. We then
measured the exact number of tokens contained in each cluster with
the tokenizer of each model, and we removed clusters with more than
256 tokens. Finally, we generated questions for the created clusters.
The test data created contained 279 (CORN), 311 (CORD-19), and
249 (UB) question-answer pairs.

We utilized the predefined question types for the Q&Acaguan
dataset, which consists of expert-curated question-answer pairs, to gen-
erate the training, validation, and test datasets. Specifically, 80% of
each question type was allocated to the training set, while 20% was
reserved for validation and testing. From this 20%, we selected 300
entries for the test dataset, ensuring its size was comparable to the
other test datasets.
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6.3.4 Fine Tuning settings

For training, we worked on an NVIDIA DGX computing system. We
fine-tuned our models using standard Hugging Face training code with
the following belief hyperparameters in the case of all models: loss
function to categorical cross-entropy, batch size to 4, learning rate 2e-
4, epochs 5, and max length 256.

6.3.5 RAG Settings

We use the LLAMA-2-7b model for RAG, which has been fine-tuned
by instruction and human reinforcement. Therefore, it is well suited
for RAG. Since this does not hold for the models GPT-J-6b, OPT-6.7b,
and LlaMA-7 b, we excluded them from measuring RAG performance.
LlaMA-2-7b has a maximum input size of 4096 tokens. The size of the
input determines the size of the attachable context. For this reason,
we introduced a limit filter to the size of the context.

The filter’s task is to truncate search results that result in an input
to the model longer than 4096 tokens. The input’s length depends on
the question’s length and context. Therefore, the filter dynamically
manages the length of the allowed context as a function of the size of
the question.

Furthermore, a threshold parameter is introduced to control the
number of context items found. The possible values of the threshold
parameter range between 0 and 1 and context items with a cosine sim-
ilarity below the threshold are automatically dropped. The threshold
was applied with different values during the evaluation (see section
6.4).

6.4 Results

Our evaluation strategy was to measure the models” ROUGE, BLEU,
and METEOR scores. Moreover, we calculated the CS of the gener-
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ated responses compared to the reference responses according to cosine
similarity, and (6.1). In addition, during the evaluation, we followed
the following strategies for measuring fine-tuned models and RAG.

We fine-tuned the GPT-J-6b, OPT-6.7b, LlaMA-7b, and LlaMA-
2-7b models with the datasets Q&Acorn, Q&Aup, Q&Acorp-19,
Q& Apredguap to make them domain-specific. For the DFT of the mod-
els, we measured the validation accuracy at the end of each epoch and
saved the models. We only evaluated the best-performing models on
the test datasets. To do this, we passed all the questions from the test
datasets to the most accurate models. Finally, we calculated BLEU,
ROUGE, and METEOR scores and CS values between the responses
generated by the models and the reference responses.

The DFT process was conducted as outlined in section 6.3.4. The
models consistently achieved their lowest validation loss between epochs
2 and 4 during the fine-tuning. The LlaMA-7b model was the best
on the Q&Acorny and Q& Acorp-19 datasets. On the Q&Ayp and
Q&Apreaguap datasets, LlaMA-2-7Tb performed the best. The GPT-
J-6b and OPT-6.7b models learned with a higher validation loss than
the LlaMA models.

In the evaluation of RAG, the context injected and the content of
the context are critical. We defined the filtering by a threshold value
based on cosine similarity. The threshold value specified what was
considered relevant information during the search in the dataset. As
described in the section dealing with data preparation, we worked with
two types of datasets (/D,, ID,). The measurements were made for
all datasets. The threshold values were defined on a scale from 0 to
1 with a step of 0.1. This meant that in the case of any question,
we discarded matches worse than the threshold value. Precisely, for
example, in the case of a threshold value of 0.5 and a given question
taken from the test dataset, only those paragraphs (1D,) or sentences
(IDy) passed the filter whose indices showed a cosine similarity greater
than 0.5 compared to the reference question. This also means that in
the case of a threshold of 0, everything, and in the case of a threshold
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of 1, only the 100% semantic match is accepted. The sentences (IDy)
or paragraphs (ID,) that passed the filter were packaged in a uniform
context in descending order of similarity and handed over to the model
to try to answer the given question based on it. If the size of the packed
context was more significant than the input of the given model allowed,
the context was cut off at the maximum input size.

Through these rules, we controlled the size and quality of the con-
text. We generated answers to all questions in the test dataset using
all the indexed databases
I DqCORN,UB,CORDﬂg,MedQuAD and ] DCORN.UB.CORD-19.MedQuAD Ty
nally, we calculated BLEU, ROUGE, and METEOR scores and CS
values between the responses generated by the models and the refer-
ence responses.

We summarize our measurement results in radar plot 6.1, illustrat-
ing the models’ relative performance. Furthermore, Table 6.3 presents
the average performance of each model approach.

Table 6.3: Average scores of each approach.

Models ROUGE METEOR BLEU CS

Baseline 0.135164  0.129689  0.002965  0.362269
DFT 0.247349  0.260628  0.060082  0.404662
RAG 0.289601 0.245677  0.068024  0.551685

RAG with DFT  0.229914  0.220869  0.043652  0.366762

The results in Table 6.3, Figure 6.1 show that both DFT and RAG
outperformed the baseline, i.e., the version of LlaMA-2-7b run without
DFT and RAG. Furthermore, it can be said that overall, the RAG
approach without DFT performed the best because models subjected
to DFT could no longer produce better results using RAG.

This is further evidenced by the optimal threshold parameters ob-
served during the application of RAG. The best thresholds for the
base LlaMA-2-7b model were an average of 0.5, whereas, for the DF'T
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(c) Labels

Figure 6.1: Radar plot of the evaluation results of the CORD-19 and
MedQuAD models.

LlaMA-2-7b model, the optimal threshold was 1.0, effectively repre-
senting a 100% rejection rate. That is, the context injection could
no longer help with domain-specific models. Therefore, though the
domain-specific fine-tuning provides additional knowledge to the model,
in return, it may impair its ability to interpret context, and it is critical
for RAG. As a result, compiling a data set that conveys domain-specific
knowledge that does not impair the ability of the original model to ex-
tract context is a much more difficult task than finding and passing on
the appropriate context data to a properly pre-trained model. More-
over, this requires significantly less computing resources. As a result,
its ecological footprint is also smaller.
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It is important to note that the METEOR and BLEU scores of the
fine-tuned models were better than those of the RAG models, but in
terms of the ROUGE score, they were already inferior compared to the
RAG. Furthermore, the RAG produced a significantly better CS than
the fine-tuned models. This shows that RAG significantly improves
hallucination, and although the association skills of fine-tuned mod-
els may be better, the degree of hallucination of fine-tuned models is
significantly more significant.

The best result for the test dataset was obtained using the RAG
Llama-2-7b base model with the I D, dataset. The best approaches’
results are ROUGE 0.3, METEOR 0.25, BLEU 0.07, and CS 0.55.

6.5 Conclusion

In this study, we have shown that Retrieval-Augmented Generation
consistently outperforms Domain-Specific Fine-Tuning across several
evaluation metrics, including ROUGE, BLEU, and our Coverage Score
(CS), making RAG a more practical approach for building LLM-based
knowledge systems. The enhanced performance of RAG stems from its
ability to leverage efficient semantic search within indexed databases,
allowing it to retrieve relevant information with higher accuracy. This
reduces hallucinations and improves the overall reliability of the model’s
responses, particularly in knowledge retrieval tasks, offering a clear
advantage over the more resource-intensive and specialized DFT ap-
proach.

While RAG-based systems excel in these areas, integrating DFT
with RAG does not provide a significant performance boost, highlight-
ing the complexity of combining these two methods. Moreover, the
RAG approach proves to be more cost-effective and scalable, as it sim-
plifies the expansion of knowledge bases by utilizing embedded vector
indexing without the need for constant retraining of fine-tuned models.
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Summary

Generative large language models have revolutionized the development
of knowledge-based systems, enabling new possibilities in applications
like ChatGPT, Bing, and Gemini. Two key strategies for domain adap-
tation in these systems are Domain-Specific Fine-Tuning and Retrieval-
Augmented Generation. In this chapter, we evaluate the performance
of RAG and DFT across several LLM architectures, including GPT-J-
6B, OPT-6.7B, LLaMA, and LLaMA-2, using metrics such as ROUGE,
BLEU, METEOR, as well as our cosine similarity based Coverage
Score (CS). Our results, based on experiments across multiple datasets,
show that RAG-based systems consistently outperform those fine-tuned
with DFT. Specifically, RAG models outperform DFT by an average
of 17% in ROUGE, 13% in BLEU, and 36% in CS. At the same
time, DF'T achieves only a modest advantage in METEOR, suggest-
ing slightly better creative capabilities. We also highlight the challenges
of integrating RAG with DFT, as such integration can lead to perfor-
mance degradation. Furthermore, we propose a simplified RAG-based
architecture that maximizes efficiency and reduces hallucination, un-
derscoring the advantages of RAG in building reliable, domain-adapted
knowledge systems.

The findings discussed in this chapter were presented in a paper
titled "Investigating the Performance of Retrieval-Augmented Gener-
ation and Domain-Specific Fine-Tuning for the Development of Al-
Driven Knowledge-Based Systems" [134] [P1] in the Machine Learning
and Knowledge Fxtraction journal. They also provided the basis for the
results of the "Designing Prompts and Creating Cleaned Scientific Text
for Retrieval Augmented Generation for More Precise Responses from
Generative Large Language Models" [135] [P9] and ’Investigating the
Influence of Hyperparameters on the Optimal Time-Series Prediction
Ability of Generative Large Language Models’ [136] [P10] conference
papers.
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Chapter 7

Optimization of theoretical
models

7.1 Introduction

Starting the optimization of neural network-based architectures from a
random state is often less effective, especially with limited data. Com-
plex models can easily overfit, impairing generalization, and training
tends to be more expensive, requiring more epochs to reach optimal
performance. The effectiveness of pre-training is supported by vari-
ous publications, including those related to the Generative Pretrained
Transformer (GPT) [4] in natural language processing.

This chapter outlines a procedure for effectively employing non-
linear least-squares solver algorithms to optimize a theoretical model.
This approach yields better results during training than directly train-
ing a neural network. We validate our method using the SIR model,
which is commonly used for epidemic prediction. Section 7.2 covers
the optimization data, and Section 7.3 details the steps to create the
best-fitting model. Neural network approximation issues are addressed
elsewhere in a separate Ph.D. dissertation.
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7.2 Countries and data

For our research, we used infection data regarding influenza and COVID-
19 viruses.

In the case of COVID-19, we examined the data published by the
World Health Organization (WHO) for influenza-related studies be-
tween 2018 and 2019. WHO makes the data FluNet [137] available by
year, and every record in the dataset consists of weekly values.

For COVID-19, we were working on data for new cases published by
the Johns Hopkins Coronavirus Research Center [138]. Johns Hopkins
University updates the data daily and makes it available in the open
humanitarian data sharing platform (HDX)dataset.

We tested our proposed method using data from several countries,
including Austria, China, Croatia, Germany, Hungary, Japan, and Ro-
mania. Our primary focus was on Hungary, which we aimed to compare
with its neighboring countries. Additionally, we extended the study to
include developed countries and leading regions that could provide the
most accurate data.

One of the most critical parameters in the SIR model is the popu-
lation of the studied area. Knowing the population is essential for the
SIR model. We collected population data for the countries from a pub-
lic (total population) database [139], which the World Bank currently
maintains. In the analysis, we used the most recent population data
for 2019 for both viruses.

7.3 Methodology

A properly parameterized SIR model can already exhibit predictive
solid capabilities. Therefore, when we use a neural network to approx-
imate a theoretical model, we aim for the neural network to learn the
theoretical model.

In the case of SIR, adjusting the best parameterized theoretical
model for the actual data is practically a least-squares curve fitting
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problem, where points describing the SIR curve are in two-dimensional
space. That is, due to the peculiarities of the SIR model, we have
a non-linear least-squares minimization problem with ample solution
space, as seen in Figure 7.1.

931

JoLR

Figure 7.1: A slice from the big solution space (left) and a SIR curve
fitted to the German data (right).

Several methods exist for solving such problems, such as gradient
descent, the Gauss-Newton algorithm, the Levenberg-Marquardt al-
gorithm [15] [16], or differential evolution [17]. In the experimental
phase, we compared several solution methods (BFGS, Newton, brute
force, etc.), out of which the Levenberg-Marquardt algorithm (LMA)
and differential evolution algorithms (DEA) proved to be the most ef-
ficient ones. LMA is a fast and effective algorithm for finding an ideal
solution, even if started from initial values relatively far from the op-
timum. Because of this property, it is applicable to determine proper
starting parameters and their associated parameter range. DEA is
slower than LMA, but starting with the same initial parameters, it
generally finds a better solution than LMA. Over and above, because
of its construction, DEA works more efficiently in the case of large
solution spaces, like those also occurring in the optimization of SIR
models.
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Our method is straightforward. We collect the data that the theo-
retical function can explain well. Next, the LMA is used to find suit-
able starting parameters for the theoretical model. We further refine
these initial parameters using DEA. The optimized theoretical model,
created through this process, can be effectively approximated using a
neural network. Our article in Replacing the SIR epidemic model with
a neural network and training it further to increase prediction accu-
racy [140] demonstrates the effective operation of this method with
measurement results.
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Summary

Our experience shows that the LMA and DEA methods apply well to
the curve-fitting problem. DEA is especially advantageous because of its
speed and the differential evolution algorithm, which effectively refines
the existing near-optimal parameters. As a result, a neural network
pre-trained on the theoretical function can achieve better results on the
final data than a model without pre-training.

The findings discussed in this chapter were presented in a paper
titled "Replacing the SIR epidemic model with a neural network and
training it further to increase prediction accuracy" [140] [P4] in the
Annales Mathematicae et Informaticae journal.
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Summary

In my Ph.D. dissertation, I comprehensively explore machine learning
and artificial intelligence techniques applied to various domains, aim-
ing to address complex problems and enhance decision-making pro-
cesses. My introduction sets the stage for my research, outlining the
fundamental role of optimization techniques in machine learning. I
elucidate the multifaceted nature of optimization, stressing the depen-
dence of optimization process and strategies on the model type and
specific nature of the task. In addition, through a series of chapters,
my dissertation delves into different methodologies, models, and appli-
cations. I explore the different strategies utilized in training, highlight-
ing the applicability of supervised, semi-supervised, and unsupervised
approaches subject to the availability and quality of data and the type
of problem at hand.

Chapter 3 focuses on the problems of the time-series data, specifi-
cally oil price trend prediction, using social media data sentiment anal-
ysis. Through the application of natural language processing and ma-
chine learning techniques, the study demonstrates the potential of ana-
lyzing textual information from platforms like X to forecast price move-
ments accurately. The chapter underscores the importance of leverag-
ing sentiment analysis algorithms and recurrent neural networks.

In Chapter 4, the dissertation further expands its scope by explor-
ing the extraction of insights from customer reviews. By developing a
machine learning-based pipeline, the study showcases the effectiveness
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of techniques such as topic modeling, keyword extraction, sentiment
analysis, and clustering in analyzing textual data.

Chapter 5, related to covert tobacco advertisements, proposes a
multimodal deep-learning architecture for smoking detection. By inte-
grating textual and visual data analysis techniques, the study demon-
strates the potential of deep learning models in detecting hidden ad-
vertising content.

Chapter 6, the final chapter of my dissertation, explores the de-
velopment of Al-supported knowledge-based systems. This chapter
is focusing on comparing the performance of DFT and RAG tech-
niques. Through a comprehensive evaluation of large language models
and methodologies, the study highlights the advantages of RAG in
terms of efficiency, hallucination reduction, and scalability. The chap-
ter underscores the challenges and opportunities in integrating DFT
and RAG techniques, emphasizing the importance of semantic search
engines in retrieving relevant information effectively.

Finally, chapter 7 lays the foundation for the dissertation by in-
vestigating the optimization of theoretical models, mainly focusing
on curve-fitting problems. By leveraging advanced optimization al-
gorithms such as the Levenberg-Marquardt algorithm and differential
evolution, the study demonstrates their efficacy in finding optimal pa-
rameters for theoretical models like the SIR.
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