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ABSTRACT

ADVERTISEMENT CLICK PREDICTION USING REINFORCEMENT
LEARNING

Haider, Umair

M.S., Department of Software Engineering

Supervisor : Assoc. Prof. Dr Beytullah YILDIZ

July 2023, 63 pages

Click-through rate (CTR) prediction plays a vital role in online advertising, influenc-

ing advertisement display and advertiser cost. However, traditional methods struggle

to encapsulate user preference dynamics and advertisement relevance. To address this

limitation, reinforcement learning (RL) algorithms, such as Thompson Sampling, of-

fer a promising solution by e↵ectively balancing the exploration of new strategies with

the exploitation of successful ones. In this research, we introduce a novel RL-based

approach for CTR prediction which involves a custom OpenAI Gym environment to

simulate real-world advertisement impressions and clicks, and an implementation of

Thompson Sampling to estimate CTR dynamically, addressing the continuous evolu-

tion of user preferences and advertisement relevance. Results showed that Thompson

Sampling demonstrated superior performance in CTR prediction, outperforming other

RL strategies. Notably, the algorithm exhibited a confidence level nearly 10% higher

than other methods. Our findings suggest that leveraging RL algorithms, particularly

Thompson Sampling, can significantly enhance online advertisement selection pro-

cesses, leading to higher CTRs and potentially increased revenue for publishers.

Keywords: Reinforcement Learning, OpenAI Gym Environment, Thompson Sam-

iii



pling, Click-through-rate, Advertisement Selection

iv



ÖZ

REKLAM TIKLAMA TAHMINI IÇIN TAKVIYELI ÖĞRENME

Haider, Umair

Yüksek Lisans, Yazılım mühendisliği

Tez Yöneticisi : Doç. Dr. Beytullah YILDIZ

Temmuz 2023, 63 sayfa

Çevrimiçi reklamcılıkta kritik öneme sahip tıklama oranı (CTR) tahmini için gelenek-

sel yöntemler, kullanıcı tercihlerinin dinamikliği ve reklamların alakasını kapsamada

zorlanırken, yeni stratejilerin keşfini başarılı olanlarla dengeli bir şekilde sağlayan

Thompson Örnekleme gibi takviyeli öğrenme (RL) algoritmaları, etkili bir çözüm

sunar. Bu araştırmada, gerçek dünya reklam izlenimleri ve tıklamalarını simüle et-

mek için özel bir OpenAI Gym ortamını ve kullanıcı tercihlerinin ve reklamların

alakasının sürekli değişimini ele alan dinamik CTR’yi tahmin etmek için bir Thomp-

son Örnekleme uygulamasını içeren yeni bir RL tabanlı yaklaşım sunuyoruz. Bul-

gular, Thompson Örnekleme’nin CTR tahmininde, diğer RL stratejilerinden yaklaşık

%10 daha yüksek bir güven seviyesi ile, üstün bir performans sergilediğini ve bu

sayede çevrimiçi reklam seçim süreçlerinin önemli ölçüde gelişebileceğini, böylece

daha yüksek CTR’ler ve potansiyel olarak reklam yayıncıları için artan gelir sağlayabileceğini

öne sürüyor.

Anahtar Kelimeler: Takviyeli Öğrenme, OpenAI Gym Ortamı, Thompson Örnekleme,

Tıklama Orana, Reklam Seçimi
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CHAPTER 1

INTRODUCTION

The advent of digital technology has opened up a new frontier for the advertising

industry, known as online advertising. It has become an essential component of a

business’s marketing strategy, primarily due to the rise of internet users worldwide.

Online advertising presents a unique opportunity for businesses to reach a vast and

diverse audience instantaneously. To maximize the e↵ectiveness of online advertise-

ments, companies must understand and predict user behavior accurately, which has

led to extensive research in the field of Click-Through-Rate (CTR) prediction.

CTR is a widely used metric in online advertising that gauges the ratio of users who

click on an advertisement to the number of total users who view the advertisement

(impressions). It is a crucial performance indicator that provides insight into the suc-

cess of an online advertising campaign. Accurately predicting CTR has immense

practical significance for businesses since it allows them to optimize their ad content

and placement, leading to increased user engagement and ultimately, higher revenue.

In 2021, display ad revenue reached approximately $238 billion[1], with global dig-

ital ad spending projected to hit $517 billion by 2023—a compound annual growth

rate of 15.3% from 2020 to 2023[2]. Research indicates that the average CTR for dis-

play ads across all formats and placements is 0.35%[3], with retargeted ads achieving

a higher CTR than non-retargeted ads. In the United States, the most popular adver-

tising formats in 2021 were social media, display, and search advertising[4]. These

trends underscore the importance of estimating CTR to determine the e↵ectiveness of

ad expenditures. CTR, defined as the ratio of clicks on an ad to the number of impres-

sions it receives, serves as an indicator of an ad’s attention-grabbing capacity. Factors

such as ad positioning, website ranking, and display ad size can influence CTR. In
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the realm of online advertising, bidding is also crucial, as businesses pay for clicks on

their ads to boost CTR through platforms like Google Ads and Facebook Ads.

Machine learning has been the backbone of modern approaches to CTR prediction.

Conventional machine learning techniques, such as logistic regression, gradient boost-

ing, and deep learning models, have been used extensively to make these predictions.

However, these techniques often fall short in addressing the dynamic nature of the

online advertising ecosystem. Online user behavior, influenced by various factors

like current trends, time of day, and personal preferences, is continuously changing,

creating a highly unpredictable and non-stationary environment.

Given the limitations of traditional machine learning techniques, the need for more

sophisticated approaches to CTR prediction has become apparent. This necessity has

paved the way for the exploration of reinforcement learning, a subfield of machine

learning that employs trial-and-error learning from interaction with an environment

to optimize long-term rewards.

One promising reinforcement learning algorithm for this application is Thompson

Sampling. It is a Bayesian algorithm that addresses the exploration-exploitation dilemma

in reinforcement learning, a fundamental challenge where an agent must choose be-

tween exploiting the best action based on current knowledge (exploitation) and ex-

ploring new actions to gain more knowledge (exploration). The algorithm’s adaptive

nature makes it an appealing candidate for tackling the dynamic environment of online

advertising.

In this research, we have applied the Thompson Sampling algorithm to the problem

of CTR prediction in online advertising. The overarching objective was to investigate

whether a reinforcement learning approach using Thompson Sampling can outper-

form traditional machine learning techniques in this domain. We introduce Thomp-

son Sampling as a Bayesian RL algorithm that addresses the exploration-exploitation

dilemma, a fundamental challenge in RL. The adaptive nature of Thompson Sam-

pling makes it an appealing choice for tackling the dynamic environment of online

advertising.

We have developed a custom-built environment within the OpenAI Gym platform, a

2



widely used framework for developing and comparing RL algorithms. This environ-

ment accurately simulates real-world ad impressions and clicks, providing a realistic

setting for CTR prediction experiments.

We are using Thompson Sampling algorithm in a custom environment within our cus-

tom build OpenAI Gym. This custom environment simulates an online advertising

scenario where the objective is to maximize the total reward by accurately predicting

user click-through-rate. The algorithm’s performance is then evaluated and compared

to the performance of standard machine learning techniques. The focus is on assess-

ing how well RL, particularly Thompson Sampling, performs in predicting CTR for

online ads. We have been able to achieve almost 10% improvement in our results

using our setup which proves the applied technique of using Thompson Sampling to

be superior than the existing ones.

This research contributes to the rapidly growing field of machine learning in online ad-

vertising by exploring the potential of reinforcement learning, particularly Thompson

Sampling, in predicting CTR. By developing a custom environment for implementing

and evaluating this approach, the study provides a novel perspective on CTR predic-

tion. We hope that our findings will inspire further research and development in this

area, ultimately contributing to more e↵ective online advertising strategies.

Our contribution to this study can be summarized as follows:

1. Proposing a novel RL-based solution, specifically through the application of

the Thompson Sampling algorithm in an OpenAI Gym environment, which can

provide more e↵ective CTR predictions for online advertisements than tradi-

tional machine learning strategies.

2. Training Thompson Sampling based model in the custom built OpenAI Gym

environment to achieve the better CTR predictions.

3. Conducting the same experiment for di↵erent similar algorithms for our evalu-

ation metrics.

This thesis is organized as follows; Chapter 2 presents a literature review that dis-

cusses those researches presenting solutions for CTR prediction. Chapter 3 delves

3



into the background of RL, online advertisements, and OpenAI Gym which will pro-

vide the readers a chronological of the proposed solution. Chapter 4 discusses the

methodology, custom OpenAI Gym environnment, and everything related to the ex-

perimental setup. The results and comparisons are presented in Chapter 5 with both

descriptively and visually. Finally, Chapter 6 covers the conclusion of the work and

the future scope of this research.
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CHAPTER 2

RELATED WORK

The phenomenon to judge whether an advertisement will be clicked by a user when

is shown a display advertisement can solved as a classification problem. Many mod-

els have been proposed by the researchers ranging from factorisation based models,

logistic regression, tree models, and deep learning. We will discuss the important

research done in this field in the next section.

2.1 Literature Review

A crucial aspect of CTR prediction is the feature engineering. Guo et al. [5] found

a connection between the category of an application and the time period they are in-

stalled, indicating that certain features are temporally sensitive and thus significant in

predicting CTR. They have found out that the restaurant delivery apps are usually in

demand when it is a time for the meal. So in this scenario, it is more important to do

the feature engineering on the CTR prediction datasets. It supports our approach of

using reinforcement learning, as it can adapt to such temporal changes more dynami-

cally as explained in the research [6].

Online advertising is a complex field with many factors influencing its performance.

He et al. [7] highlighted the importance of identifying the correct features and us-

ing appropriate models for predicting clicks, in their case, a combination of logistic

regression and decision trees. The authors have used dataset covering wide range

of Facebook advertisements and suggested that the best performing strategies to pre-

dict the clicks is to logistic regression and decision trees. With the combination of
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those two models, they were able to improve the system with over 3 percent which

is a significant amount to be considered. They have explored that there are several

factors influencing the performance of the system consisting of the correct features.

Once the correct features are identified, the next most important factor is the correct

models. Other factors which are not in this scope play minor role in improving the

system. The right choice for the features like the data validity, fine-tuning the learn-

ing rate of the machine learning algorithm and the sampling of data can contribute

to the improvement a bit but this contribution is less than the two factors like correct

features and the correct model. These findings reinforce the need for reinforcement

learning algorithms, which can adaptively select and optimize features based on their

importance in driving user clicks [8].

Zhang et al. [9] o↵er a valuable perspective on how to deal with the high-dimensionality

and sparsity of ad-related data. They design a hybrid model that merges the advan-

tages of decision trees and deep neural networks. The use of decision trees allows

for handling categorical variables and feature interactions, while deep learning cap-

tures intricate nonlinear patterns and deep representations. As this research involves

RL for advertisement CTR prediction, exploring the integration of these methods in

the RL algorithm I am using in this research could lead to more robust and accurate

predictions, especially when dealing with high-dimensional data.

Wen et al. [10] focus on long-term impacts rather than immediate rewards, a con-

cept that could be valuable in RL frameworks. They introduce an ad recommendation

system that, with the aid of RL, optimizes the life-time value (LTV) of users. Further-

more, they provide a theoretical upper bound on the model’s performance, o↵ering

a performance guarantee. The optimization for long-term rewards and performance

assurance could contribute to a RL model by ensuring its long-term stability and reli-

ability in predicting advertisement CTRs.

Yuan et al. [11] o↵ers an innovative take on CTR prediction. They use deep learning to

infer user intent from app icons, contributing to a better understanding of ad relevance

and, ultimately, improving the CTR of mobile ads. While this work does not explicitly

use RL, the concept of leveraging visual cues (app icons) to better understand user

intent could be integrated into your RL model. This could be used to add another
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layer of personalization, further refining the predictions and o↵ering a unique angle

for a RL-based CTR prediction research if it is used in future.

The authors of the research [12] propose a reinforcement learning-based approach to

predict the CTR of an ad by incorporating contextual information such as the user’s

past behavior, the ad’s content, and the ad’s placement. They use a Deep Q-learning

network to learn a policy that maximizes the expected reward, which is the CTR.

The experiments were conducted using a dataset of 50,000 ad impressions, and the

results showed that the proposed approach outperformed other baseline methods, in-

cluding logistic regression and Random Forest. Overall, the study suggests that using

a reinforcement learning-based approach can significantly improve the accuracy of ad

prediction and provide better insights for advertisers.

Machine learning algorithms have increasingly been tested on large-scale datasets,

demonstrating their robustness and scalability. For instance, a study by [13] showed

that machine learning algorithms can successfully handle additional hurdles posed by

large-scale data, corroborating our assertion that reinforcement learning algorithms,

particularly the Thompson sampling algorithm, can operate e↵ectively in online ad-

vertising scenarios with massive and diverse data which is explained in the research

[14].

The authors of the research [15] have come up with the prediction rate of the CTR for

the Taobao advertising dataset they have got for the research purpose. They believe

that the CTR is the basic soul of the search engines, suggestion systems, and other

online advertising platforms. According to them the conventional ML models like

Linear Regression, Factorization and decision trees need large scale of data to find the

relationships between the features and they also require a better feature engineering

to supply to these models for better results. The fields like NLP, computer vision and

other similar areas which use deep learning use DNN for the prediction of CTR. So,

in this research they have used DIN (Deep Interest Network) with some modification

for predicting the CTR. For fitting the DIN model the mixed loss is justified as the

training loss. An improvement in the attention mechanism is observed as a result.

Furthermore, the result show that this model performed better than the conventional

deep learning models. It suggested that the DIN model can be modified to improve

7



the results for predicting the CTR.

In the research [16] the authors have done a research to understand how the DNN

models perform in the CTR prediction. The aim is to optimize the CTR prediction

for online advertising used by the businesses in shape of e-commerce websites. They

have proposed a DNN based model for the prediction. Their sample consists of online

advertisement links distributed on three di↵erent websites of three di↵erent businesses

from the same domain of business. The DNN based models are used for predicting

the clicks on these advertisements. The average prediction of 10 percent was noticed

for two layered NARX network with including three extra features i.e. bounce rate,

user session period and page latency. The NAR neural network without any additional

external features resulted in increase of prediction to 25 percent which is close to the

uncertainty of linear predictive coding (LPC).

In the study conducted by Bakhtyari and Mirzaei [17] propose an innovative approach

of employing boosting models, specifically emphasizing the importance of meticulous

feature engineering and parameter tuning. They argued that the optimal configura-

tion of the XGBoost model could yield significant performance enhancements. Their

methodology involved tweaking the features and eliminating redundant data to estab-

lish the e↵ectiveness of their proposition. Subsequently, they applied a grid search

scheme to select the most suitable hyper-parameters for their model. The research

utilized the Avazu dataset, encompassing 11 days of user interactions exceeding 40

million, each with more than 24 attributes. The data was divided into three subsets for

experimentation. The results obtained a�rmed their hypothesis, indicating that the

proposed XGBoost model, augmented with careful feature engineering and hyper-

parameter tuning, delivered superior performance.

In their research [18], Wang, Dong, and Han introduce an approach called Mutual

Information and Feature Interaction (MiFiNN). This method synergistically blends

feature interaction and mutual information to determine the weight of each feature.

The process involves feature combination, extraction of feature interactions, and sub-

sequent incorporation of these newly engineered features into a deep neural network

(DNN) model.

The research paper [19] delves into real-time bidding (RTB), a contemporary per-
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impression strategy in online advertising that emphasizes real-world dynamics and

user interaction patterns. In response to the dynamic nature of data and limited

features accessible from user interactions in real-time scenarios, the authors innova-

tively utilized a Deep Neural Network (DNN) model, augmented with additional data

sources like user applications. This thoughtful integration, alongside layering with

user-ad interactions, creates a robust model capable of e�ciently predicting CTRs.

The resulting model not only illustrates the practical e↵ectiveness of this approach but

also aligns with our research in Thompson Sampling reinforcement learning, given its

focus on dynamic user engagement and interaction patterns.

The researchers in their article, [20] have used a model based on Federated Factor-

ization Machine (FedDeepFM). This model implements the CTR prediction without

exposing the user private data. The model is actually updated by feeding gradient

information of the user to the distributed factorization machine on user level. The

loss is usually caused by heterogeneous data from the user, to deal with this problem

they have come up with constructing a cluster of federation learning for the factoriza-

tion machine which they call FedDeepFM. After the implementation of the prototype

the results show there is 8 percent improvement than the conventional factorization

machine.
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CHAPTER 3

BACKGROUND

The rapid advancements in the field of reinforcement learning (RL) and deep neural

networks (DNNs) have significantly impacted various sectors, including online adver-

tising and digital marketing. The concept of training DNNs directly from raw input,

using incremental adjustments based on stochastic gradient descent, has demonstrated

its potential in real-world applications [21].

In the realm of RL, this approach was leveraged successfully in training algorithms

to master Atari games [22]. The researchers connected an RL algorithm to a DNN,

which processed RGB images and trained the data using stochastic gradient updates.

They applied a method called experience replay where the agent’s experiences at each

step were stored into a replay memory and subsequently used for mini-batch updates.

Reinforcement learning problems can be represented as Markov Decision Processes

(MDPs) or Partially Observable Markov Decision Processes (POMDPs) [23]. These

problems can be further divided into three main categories: prediction or policy eval-

uation problems, control problems, and planning problems. Prediction problems in-

volve calculating the value of a state or action for a given policy, control problems

aim to determine the optimal policy, and planning problems focus on the creation of

a value function or policy using a model.

The RL methods used to solve these problems can be value function or policy-based,

on-policy or o↵-policy based, and can either involve function approximation or not. In

instances where there is a large or continuous space, function approximation is used

to determine an approximation of the entire function using examples of that function.
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OpenAI Gym [24], a research toolkit for RL, o↵ers a collection of environments based

on POMDPs. During interaction with the environment, an agent takes an action and

receives an observation and reward at each step. In RL, the environment has been

formalized as a POMDP [23].

In this context, the principal aim of reinforcement learning algorithms is to maximize

the total reward that an agent receives while interacting with the environment. An

agent’s experience is divided into a series of episodes, each beginning with an agent’s

state selected randomly from a distribution. Interaction continues until the environ-

ment’s terminal state is reached. The primary goal of this episodic RL is to maximize

reward in each episode, achieving a high-performance level in as few episodes as

possible.

The foundation for understanding the essence of this thesis is laid in this chapter. Sec-

tion 3.1 presents the fundamentals of Reinforcement Learning, focusing on key al-

gorithms like the Markov Decision Process, Monte Carlo, Multi-armed Bandits, and

Temporal Di↵erence methods. Additionally, this section discusses Deep Reinforce-

ment Learning algorithms like DQN as part of the discussion on value-based and

policy gradient-based methods. Section 3.2 elucidates the dynamics of online adver-

tisement networks and the entities involved, providing insight into the workings of on-

line advertisements. Lastly, section 3.3 delves into the OpenAI Gym environment and

its components, illustrating how it can be customized to suit online advertisements.

Further details on customizing the gym to fit the needs of online advertisements will

be discussed in Chapter 4.

3.1 Reinforcement Learning

Reinforcement learning is a concept widely used in machine learning and artificial

intelligence. It involves trial-and-error behavior, where the agent interacts with the

environment provided and experiences are stored to influence the upcoming actions

that the agent will take. The agent learns from its previous experiences and aims

to maximize its reward or minimize its cost. This approach is often used in scenar-

ios where the optimal solution is not known or where the environment is constantly
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changing.

At each time step the agent takes an action from an available set of actions and changes

its state to an available set of states. The action taken by the agent changes the en-

vironment, and the agent enters a new state. The agent then receives a reward from

the environment based on the action it has taken, which serves as feedback to indicate

whether the action taken was good or not. The agent uses this feedback to adjust its

future actions to achieve a higher reward.

Understanding the basic concepts of Reinforcement Learning is crucial for compre-

hending the advanced concepts of Reinforcement Learning discussed. In the sub-

sequent sections we cover the various topics related to RL such as Markov Deci-

sion Processes, Deep Reinforcement Learning, Monte Carlo Methods, and Temporal-

Di↵erence Learning, in a more chronological way to understand where exactly the

approach which is Thompson Sampling falls under the subcategories of RL.

3.1.1 Model-based methods

3.1.1.1 Dynamic Programming

Dynamic programming is a method for solving sequential decision-making problems

that involve uncertainty, such as those found in reinforcement learning. The approach

involves breaking down a complex problem into simpler sub-problems and solving

them recursively. This is achieved by using a mathematical technique called Bell-

man’s equation, which expresses the value of a state or action as a function of the

expected immediate reward and the value of the next state or action. The equation

takes the form of a recursive relationship that can be solved using iterative methods.

By computing the optimal value function or policy, dynamic programming allows for

e�cient and e↵ective decision-making in a variety of domains.

3.1.1.2 Markov Decision Process

The Markov Decision Process (MDP) is a mathematical framework that forms the

basis of many reinforcement learning problems. The key characteristic of MDP is the
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Markov assumption, which suggests that the future states of a system only depend

on the current state, not on the sequence of events that preceded it. This assumption

simplifies the complexity of the problems by ensuring that the previous actions, a(1),

a(2), . . . . a(t-1); where (a) is an action, undertaken by the agent do not influence

the current state and the behavior of the environment at the time step t. A Markov

Decision Process is defined by the tuple (S, A, P, R, Y); where (S) is a set of states,

(A) is a set of actions, (P) is transition probabilities, (R) is reward function and (Y) is

discount factor. An MDP is finite if both the set of states (S) and the set of actions (A)

are finite.

Discounted Expected Reward The ultimate objective of reinforcement learning is

to maximize the long-term reward rather than immediate returns. The concept of the

discounted expected reward aids in accomplishing this by adjusting the focus from

immediate gains to future rewards.

Consider an environment with six rooms, where the agent’s goal is to reach room five

(refer to Figure 3.1). Each room can be thought of as a state in the Markov Decision

Process, and moving between rooms corresponds to taking actions. The immediate

return for the agent corresponds to the negative of the agent’s current distance to

room five. This represents the cost of taking each action and is incorporated into the

calculation of the expected reward.

If we concentrate solely on immediate returns, the agent might select room three

because it o↵ers a higher immediate reward than rooms one or two. This could be

because room three is physically closer to room five, so the negative distance - and

therefore the immediate reward - is higher. However, once in room three, the agent

cannot reach the target (room five) due to some constraints in the environment, such

as a wall or a locked door, and is essentially trapped. This demonstrates how focusing

exclusively on immediate rewards can lead to suboptimal long-term outcomes.

In contrast, when the agent aims to maximize long-term reward, it would initially

accept lower immediate rewards by moving through rooms one, two, and so forth,

ultimately reaching the target room and maximizing the sum of all rewards. This is

where the discounted expected reward concept shines, as it allows the agent to balance
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the trade-o↵ between immediate and future rewards, and make decisions that lead to

the greatest total reward over time.

Figure 3.1: Immediate reward vs. expected return

The discounted expected return, represented by the cumulative sum of all future re-

wards, takes into account the e↵ect of future rewards. The discount factor determines

how much weight is given to these future rewards. A discount factor of 1 means fu-

ture rewards are weighted equally to immediate ones, whereas a discount factor of 0

implies that only the immediate reward is considered.

MDP tasks can be episodic or continuous:

• Episodic: In this scenario, the training process is divided into episodes. Each

episode concludes when a terminal state is reached, after which the environment

is reset, and a new episode commences. The terminal state yields a return of 0

and is achieved within a finite number of time steps.

• Continuous: For ongoing problems that can’t be partitioned into separate episodes,

the task is considered continuous. Consequently, the time steps to reach a ter-

minal state, denoted by T, are infinite.
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3.1.1.3 Monte Carlo Method

The Monte Carlo approach deal with solving reinforcement learning problems based

on episodic tasks, where we don’t know the model of the environment. The method

consists of repetitive iterations and converges with the growing number of episodes

toward the optimal policy.

The Q-table in the Monte Carlo method stores action-value pairs for each possible

state-action combination. The value recorded for each pair is essentially the mean

of all returns observed across numerous episodes. Each time an agent experiences a

state-action pair, the corresponding entry in the Q-table is updated.

The updated equation for Monte Carlo can be represented as follows:

Q (S t, At) = Q (S t, At) +
1

N (S t, At)
(Gt � Q (S t, At)) (3.1)

In this equation 3.1, Q(S t, At) represents the current action-value estimate for a state-

action pair (S t, At). The term N(S t, At) denotes the number of times the state-action

pair (S t, At) has been encountered. The quantity Gt is the return received after time-

step t in the episode. The equation essentially adjusts the current action-value estimate

towards the actual return Gt, at a learning rate of 1/N(S t, At).

The Monte Carlo method proceeds iteratively through each episode. During the Policy

Evaluation step, the agent employs a policy, denoted by ⇡, to navigate through an

episode. This policy dictates the probability of selecting each possible action in a

given state. The aim is to iteratively refine this policy based on the learning gained

from successive episodes to maximize the expected return.

3.1.2 Model-free methods

3.1.2.1 Temporal Di↵erence Methods

Temporal Di↵erence (TD) techniques are widely used in reinforcement learning due

to their advantages over other methods. One such advantage is that TD techniques are
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suitable for online learning and continuous RL tasks, where the agent interacts with

the environment in real-time. The policy is updated at each time step t, allowing the

agent to learn and adapt quickly without needing to wait for completed episodes.

Another advantage of TD techniques is that they do not require a model of the envi-

ronment. This means that the agent can learn and improve its policy directly from the

experiences it encounters, without needing to understand the underlying dynamics of

the environment.

Experiments have shown that TD approaches often tend to converge more quickly

than the Monte Carlo method. This is because TD methods use an iterative approach

to update the value function, while Monte Carlo methods require a complete episode

to be completed before any updates can be made.

In TD-methods, the real anticipated return Gt is not available and is estimated using

the TD-target. The TD-target can also be viewed as an approximation of the Bellman

equation 2.23. The TD-target is calculated by taking the sum of the immediate return

and the discounted anticipated value of the next state: Rt+1 + �V (S t+1). The discount

factor � is used to weigh the importance of future rewards, and the value function V

is used to estimate the long-term value of each state.

Overall, TD techniques are a powerful tool for reinforcement learning and have been

used in many real-world applications. By updating the policy at each time step and

using the TD-target to estimate the expected return, the agent can quickly learn and

adapt to changing environments without needing a complete model of the environ-

ment.

Sarsa Sarsa, an acronym representing State-Action-Reward-State-Action, operates

as an on-policy Temporal Di↵erence (TD) control approach. In each iteration, Sarsa

uses a five-tuple (S t, At,Rt+1, S t+1, At+1) to update the Q-value, denoted as Q(s, a),

of the state-action pair (S t, At) within the Q-table.

Initially, the agent performs action At in state S t, subsequently receiving an immediate

reward, Rt + 1. Thereafter, policy ⇡ determines the ensuing action At + 1 that will be

executed in the next state, S t + 1. The TD-target is the summation of the immediate
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reward, Rt+1, and the Q-value of the upcoming state-action pair (S t+1, At+1). This

TD-target approximates the true expected return Gt.

The Q-value is updated according to the equation provided below, also known as the

action-value update policy:

Q (S t, At) Q (S t, At) + ↵
⇥
Rt+1 + �Q (S t+1, At+1) � Q (S t, At)

⇤
. (3.2)

In this equation, ↵ is the learning rate dictating the step size for each update, while

� is the discount factor determining the present value of future rewards. The term

Rt+1 + �Q (S t+1, At+1) represents the estimated return following the current policy, and

Q (S t, At) is the current estimate. The di↵erence between these two values forms the

TD error. The Q-value is adjusted by a fraction ↵ of this TD error, resulting in a new

estimate that is incrementally closer to the expected return.

Q-Learning Q-Learning is a renowned o↵-policy Temporal Di↵erence (TD) con-

trol method. In this context, ’o↵-policy’ signifies that the policy ⇡ does not play a

role in updating the Q-table. Q-Learning contrasts with Sarsa in that it doesn’t use the

action-value of the next state-action pair, Q(S t+1, At+1). Instead, it incorporates the

maximum Q-value of the next state, S t + 1.

The action-value update mechanism of Q-Learning is encapsulated in equation 3.3.

Q (S t, At) Q (S t, At) + ↵

Rt+1 + �max

a

Q (S t+1, a) � Q (S t, At)
�

(3.3)

In this equation, ↵ denotes the learning rate, guiding the magnitude of each update,

and � is the discount factor that weighs the importance of future rewards. The term

Rt+1 + �maxa Q (S t+1, a) represents the estimated return if the best available action is

chosen in the next state, and Q (S t, At) is the current Q-value estimate. The di↵erence

between these two values generates the TD error. The Q-value is then updated by a

fraction, ↵, of this TD error, yielding a new estimate that aligns more closely with the

expected return.
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3.1.2.2 Deep Reinforcement Learning

In the previous section, we have discussed the RL. The usage of a table limits the

classical approaches to tasks with a reduced variety of states and actions. In real-

world problems, the state space can quickly get big. It is not possible to visit all

feasible states to fetch the value for all action-state pairs. Moreover, the dimension

of the table is restricted as a result of memory constraints in hardware. On the other

hand, knowledge regarding similar states is not shared. This might lead to much better

representation and lower training times.

To overcome the mentioned restrictions, a common method is to replace the value

table with a Deep Neural Network as a function approximator. Their capability to

approximate non-linear functions and to pull out essential features from raw inputs

makes it possible to generalize over unseen states.

Value Based Methods Value-Based Methods improve Temporal Di↵erence Meth-

ods from classical Reinforcement Learning discussed previously. The suggestion is

to replace the one-to-one value table and approximate it with a Deep Neural Network.

The network’s output delivers probabilities for each possible action. A traditional

policy lays on top of the network output to select the final action (e.g., epsilon-greedy

policy).

Deep Q-Network (DQN) Combining Q-Learning with non-linear function approx-

imation has been explored in the past and also did not lead to great success because

of unstable learning. In 2015, the DeepMind group [22] presented a strategy– called

deep Q-Network (DQN)– that showed great success. They merged the model-free,

o↵-policy Q-Learning with. Deep Neural Networks. As input data, high-dimensional

raw sensory input with no previously hand-crafted features are utilized. This end-

to-end architecture enables the network to extract relevant features by itself. The

outcome of the Q-network o↵ers a probability distribution over all feasible discrete

actions. This enables one to establish the best action for a given state with a single

forward pass. Especially, the problem of unpredictable learning has actually been

enhanced with two added mechanisms, called experienced replay and also icy target
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network, which will certainly be further described in the following.

The concept of experienced replay is to store the agent’s experiences St, At, Rt +1,

St +1 in a bu↵er that can hold the number of experiences in total amount. In each

training step, a batch of experiences is evenly sampled from the bu↵er and fed to the

network. Experienced replay eliminates the correlations in the data series as well as

feeds the network with independent data. It also makes certain that old experiences

are duplicated every now and then. It has a smoothing result over changes in the data

circulation.

In DQN the network is updated according to the loss feature from equation 3.4. The

loss function is calculated by taking the squared TD-error.

Li (✓i) = Êt

"✓
Rt+1 + �max

a

Q
�
S t+1, a, ✓

�
i

� � Q (S t, At, ✓i)
◆2
#

(3.4)

In equation 3.4, the second mechanism frozen target network is presented too. Two

networks with the exact same framework, but di↵erent weights are used: ✓ for the

Q-network and also ✓� for the target network. The Q-network is frequently updated

according to the loss function from equation 3.4, while the target network is upgraded

by copying the parameters of the Q-network to the target network ✓� = ✓ every C time

step. Therefore, the weights of the target network ✓� are held frozen for C time steps.

It smooths oscillating policies as well as causes extra-supported discovery.

Improvements in DQN After the publication of the e↵ective DQN method, it has

been investigated extensively as well as a number of publications with improvements

followed. Rainbow [25] analyzes all related enhancements with the initial DQN tech-

nique and also applies a combination of all improvements called Rainbow DQN. In

the adhering to paragraphs, three major improvements are briefly and also intuitively

introduced.

Double DQN The Double DQN approach [26] seeks to address the overestimation

of Q-values, a common issue, particularly in the initial stages of the learning process.

During this phase, it’s likely that incorrect actions are assigned the highest Q-values.
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Double DQN introduces a strategy of utilizing two di↵erent Q-networks, denoted as

✓ and ✓�, for approximating the Temporal Di↵erence (TD) target. This results in a

more robust learning process. Given that the DQN algorithm already incorporates

two separate networks, Double DQN seamlessly integrates into the framework by

slightly modifying the loss function as shown in equation 3.5.

Li (✓i) = Êt

2
66664
 
Rt+1 + �Q

 
S t+1, argmax

a

Q (S t+1, a, ✓i) , ✓�i

!
� Q (S t, At, ✓i)

!2377775 (3.5)

In this equation, ✓i and ✓�
i

are parameters of the online network and target network

respectively. Here, the maximum action is selected using the online network ✓i, but the

Q-value of this action is evaluated by the target network ✓�
i
. This decouples the action

selection from the Q-value estimation, thus curbing the propensity for overestimation.

Policy Gradient Methods Policy Gradient Methods optimize the policy ⇡(a | s, ✓)

straight as opposed to learning a value function as well as selecting the activities

based on it (e.g. e-greedy policy). The quality of each policy can be determined

by the policy’s e�ciency procedure J(✓). The objective function of Policy Gradient

Methods in equation 2.31 optimizes the scalar value J(✓).

✓⇤ = argmax
✓

J(✓) (3.6)

The policy’s parameter ✓ is updated through gradient ascent. Gradient ascent is the

reverse of gradient descent as well as updates the parameters ✓t in the positive direc-

tion of the gradient of the policy’s performance measure r✓J(✓) (see equation 2.32).

Moreover, the learning rate � specifies, how strongly one steps in the direction of the

gradient.

✓t+1 = ✓t + ↵r✓J (✓t) (3.7)

One positive aspect of Policy Gradient Methods is their consistent convergence prop-

erty due to the fact that the policy is updated directly and also hence boosts e�ciency
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at each time step. Value-based methods update the value function at each time step.

A small change in the value function can cause a drastic change in the policy output.

Therefore, value-based techniques typically deal with huge oscillations during train-

ing. Specifically, Policy Gradient Methods can handle boundless and also continuous

action spaces. As opposed to determining a Q-value for each possible discrete action,

the action can be estimated directly, e.g. the speed of the mobile robot is approximated

directly by the agent. The third positive aspect of Policy Gradient Methods is their

ability to discover stochastic policies, i.e., actions are picked with a particular likeli-

hood. It is particularly essential for uncertain, partially observable environments. The

huge disadvantage of Policy Gradient Methods is that they instead merge to a local

optimum than to the global optimum. [8]

Actor-Critic Architecture A Policy Gradient Method that takes advantage of the

value function v(s) to learn the policy parameters ✓ is called Actor-Critic Architecture.

Figure 2.10 illustrates the basic idea of the style: The Actor represents the present pol-

icy as well as produces an action for an o↵ered input state s. The Critic represents the

value function v(s) as well as calculates the expected value for a provided input state.

A usual method is to update both networks with the TD-Error, talked about previously.

The anticipated values of the current and also the following state that contributes to

the TD-Error are approximated with the Critic. Thus the Critic’s outcome adds to the

Actor’s update essentially.

3.1.2.3 Multi-Armed Bandits

Multi-armed bandit problems are a class of sequential decision-making problems in

which an agent must choose between multiple options, each with an unknown prob-

ability distribution of rewards. The goal of the agent is to maximize the total reward

over time, while simultaneously learning more about the reward distributions associ-

ated with each option. This problem has been widely studied in statistics, operations

research, and machine learning, and has numerous applications in areas such as clini-

cal trials, online advertising, and recommendation systems.

The multi-armed bandit problem is an important and challenging problem in rein-
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Figure 3.2: Actor-Critic: The actor works on a policy function while the critic works
on a value function. Both networks get updated based on TD-Error

forcement learning, a subfield of machine learning that is concerned with how agents

can take actions in an environment to maximize a cumulative reward signal. In this

problem, the agent must balance exploration (trying out di↵erent options to learn more

about their reward distributions) and exploitation (choosing the option that is currently

believed to be the most rewarding).

There are several algorithms that have been proposed to solve the multi-armed bandit

problem, each with its own strengths and weaknesses. In this article, we will discuss

some of the most popular algorithms, including Upper Confidence Bound (UCB) [27],

Thompson Sampling [28], Epsilon Greedy algorithm [29], and Softmax algorithm [8].

Bayesian Bandit Algorithms Bayesian Bandit Algorithms are a subset of multi-

armed bandit algorithms that incorporate Bayesian statistics into their decision-making

process. These algorithms use prior probabilities and Bayesian updating to make deci-

sions about which ”arm” to choose, rather than relying solely on the empirical reward

rates. One of the major advantages of Bayesian Bandit Algorithms is that they natu-

rally balance exploration and exploitation through probabilistic decision-making.
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Thompson Sampling Thompson Sampling is another popular algorithm for the

multi-armed bandit problem. It works by sampling from the posterior distribution

of the reward distribution associated with each option, and then choosing the option

with the highest expected reward. Thompson Sampling has been shown to have good

performance in many settings, and is particularly well-suited to cases where the re-

ward distributions are complex or have multiple peaks.

The implementation of the Thompson Sampling algorithm follows the exact same

strategy initially, just like Upper Confidence Bound (UCB) as:

Thompson Sampling value = exploitation + exploration

where the exploitation is the current estimated value of the advertisement, but the

exploration here is a sample drawn from the posterior distribution over the advertise-

ment’s value. The algorithm selects the advertisement with the maximum Thompson

Sampling value to play next as it does in Upper Confidence Bound (UCB) algorithm.

Upper Confidence Bound (UCB) The UCB algorithm is a popular approach to

solving the multi-armed bandit problem. It works by choosing the option with the

highest upper confidence bound, which is a measure of the uncertainty of the reward

distribution associated with that option. The UCB algorithm has been shown to have

good performance in many settings, including cases where the reward distributions

are non-stationary or where there are many options. The UCB agent we have under

consideration is an implementation of the UCB algorithm for ads click prediction.

The algorithm updates the value for the action of the previous act() call based on the

reward received, and tests each ad once. Then, it computes the UCB values for each

ad using the formula:

UCB value = exploitation + exploration

where exploitation is the current estimated value of the ad, and exploration is a mea-

sure of the uncertainty of the ad’s value. The algorithm selects the ad with the maxi-

mum UCB value to play next.
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Epsilon Greedy algorithm The Epsilon Greedy algorithm is a simple but e↵ec-

tive approach to solving the multi-armed bandit problem. It works by choosing the

option with the highest estimated reward with probability (1-epsilon), and exploring

a random option with probability epsilon. The Epsilon Greedy algorithm is easy to

implement and has been shown to have good performance in many settings, but can

struggle in cases where the optimal option is rare or hard to find.

The Epsilon Greedy algorithm for ads click prediction chooses the ad to play next

based on the value of epsilon. If a random number is less than epsilon, the algorithm

chooses an arm randomly, otherwise, it chooses the arm with the highest estimated

reward so far.

Softmax algorithm The Softmax algorithm is commonly used in selecting among

a set of options with probabilities proportional to their values [30]. In the context of

reinforcement learning, the Softmax algorithm is often used to balance exploration

and exploitation in multi-armed bandit problems [8]. The Softmax algorithm com-

putes the probabilities of selecting each available action at a given state based on their

expected values, which are computed using a temperature parameter.

The Softmax algorithm we are using for ads click prediction computes the temper-

ature based on the remaining time and the beta parameter, and then computes the

probabilities of choosing each arm using a softmax function. The algorithm chooses

the arm to play next using weighted random selection based on these probabilities.

3.2 Online Advertising

We have di↵erent entities involved while conducting this research. We need to un-

derstand them first to understand the whole structure of how ads work and what is

their revenue model. Online advertising refers to the use of the internet to deliver pro-

motional marketing messages to consumers. There are several di↵erent models for

delivering online advertising, but a common one involves three main parties: publish-

ers, ad networks, and advertisers as shown in Figure 3.3.
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Figure 3.3: Ad Network Diagram

3.2.1 Ad (Advertisement)

First of all, we will try to define the term Ad (Advertisement). We are only taking

online online advertisements into consideration. An advertisement is a form of mar-

keting communication that aims to promote a product, service, or idea to a target

audience. In the context of an online ad network, publisher, and advertiser scenario,

an advertisement refers to a message or content that is designed to promote a prod-

uct, service, or idea to a specific group of people. In this scenario, the advertiser is

the company or individual who is promoting the product, service, or idea, and the

ad network is a platform that connects advertisers with publishers (websites or apps)

who are willing to display the advertiser’s ads to their audience. The publisher is the

website or app that displays the advertiser’s ads to its audience in exchange for a fee.

Advertising can take many forms, such as banner ads, display ads, video ads, native

ads, and more. The goal of advertising is to reach a specific group of people with the

message and persuade them to take some kind of action, such as purchasing a product,

signing up for a service, or visiting a website.

3.2.2 Advertiser

This entity can be a company or an individual who wants to put out an ad for a cer-

tain purpose on the internet. The first step they take is to find an online ad network

like Google Adsense and try to advertise their products or services on their platform.

Advertisers are businesses or organizations that want to advertise their products or ser-

vices to consumers. They may advertise directly on a publisher’s website or through
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an ad network to reach a larger audience. Advertisers typically pay for ads based on

either the number of times an ad is clicked on (CPC—cost-per-click) or the number

of times it is viewed (CPM—cost-per- impression). This means they pay a specific

amount every time someone clicks on or views the ad.

3.2.3 Ad Network

This can be a company or a service provided by a company and this network serves

as a bridge to connect advertisers and publishers. A good example of this can be the

Google Adsense program. Ad networks serve as intermediaries that link advertisers to

publishers. They often work with many publishers, giving advertisers the opportunity

to reach a broad audience through a single platform. Ad networks may also focus on

specific forms of advertising, such as display, search, or video ads. They earn money

by charging advertisers for access to their platform and taking a percentage of the ad

revenue generated by the publisher.

3.2.4 Publisher

This is the entity that o↵ers space on its digital platform. This platform can be a

website or a mobile application. Publishers are individuals or organizations that own

websites or other online properties that show advertisements. This could be an indi-

vidual with a blog or social media account, or a company with a network of websites.

Publishers earn money by displaying ads on their properties and receiving a commis-

sion or other payment for each ad impression or click. In the online advertising model,

publishers and ad networks collaborate to show ads to consumers and make money

from them. Advertisers pay for the opportunity to reach these consumers through the

ad network or publisher’s platform. This model enables the creation and distribution

of a variety of advertising content to a large audience, helping businesses to reach

potential customers and promote their products and services.
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3.2.5 Click-through-Rate (CTR)

Click-through rate (CTR) is a key metric in the online advertising industry, as it mea-

sures the e↵ectiveness of an ad in terms of how many people actually click on it. CTR

is typically expressed as a percentage, calculated by dividing the number of clicks on

an ad by the number of impressions (times the ad was displayed). A high CTR is

generally seen as a sign that an ad is e↵ective and engaging, while a low CTR may

indicate that the ad is not resonating with the target audience. In the context of online

advertising, CTR is relevant for all three parties involved: publishers, ad networks,

and advertisers. For publishers, CTR is important because it determines the revenue

they can generate from an ad. Publishers typically earn money from ads by charging

advertisers on a cost-per-click (CPC) or cost-per-impression (CPM) basis, meaning

they receive a certain amount each time someone clicks on an ad or views it. A higher

CTR means more clicks and more revenue for the publisher. For ad networks, CTR

is also important because it determines the revenue they can generate from an ad. Ad

networks typically earn money by charging advertisers a fee for access to their plat-

form and taking a cut of the ad revenue generated by the publisher. A higher CTR

means more clicks and more revenue for the ad network. For advertisers, CTR is

important because it determines the e↵ectiveness of their ad campaign. Advertisers

typically pay for ads based on either the number of times an ad is clicked on (CPC)

or the number of times it is viewed (CPM). A higher CTR means that more people

are clicking on the ad, which may indicate that the ad is resonating with the target

audience and achieving its desired e↵ect. A low CTR may indicate that the ad is not

e↵ectively reaching or engaging its target audience, and the advertiser may need to

adjust their ad strategy to improve its performance.

3.2.6 Applying RL in Online Advertisement

The click-through rate (CTR) of an online ad is the proportion of users who click on

the ad after it is shown to them. The CTR of an ad can be connected to the multi-armed

bandit problem, a type of problem in reinforcement learning that involves balanc-

ing exploration (trying di↵erent options) and exploitation (choosing the option with

the highest expected reward). In the multi-armed bandit problem, there are several
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”arms,” or options, each with a probability of yielding a reward. The goal is to maxi-

mize the total reward by choosing the best arm. In online advertising, the arms could

represent di↵erent ads and the reward could be the CTR of the ad. To maximize the

CTR, the advertiser must balance exploration and exploitation. If they only display

the ad with the highest known CTR, they risk missing out on higher CTRs that could

be achieved by trying out other ads. On the other hand, if they only explore and try out

new ads, they may not maximize their CTR because they are not exploiting ads that

have already proven to be e↵ective. The multi-armed bandit problem can be solved

using reinforcement learning algorithms, which learn from past experience to make

decisions about which arm to choose to maximize the reward. In online advertising,

these algorithms can be used to optimize the selection of ads to display to maximize

the CTR.

3.3 Gym Environment

There are two basic parts of any type of RL problem. First is the agent, which is the

algorithm execution. Second, is the environment the agent interacts with [31]. The

actions of an RL agent are not configured explicitly, but implicitly, by thoroughly

creating the environments in which they are trained [31]. The RL algorithm itself is

typically very general, and only imposes limitations on problem information such as

whether the action space and observation space are discrete or continuous [24].

We can say that the algorithm application dictates how the agent learns, but the en-

vironment determines what the agent learns [31]. Specifically, the implementation of

the system simulation and the reward function shape the resulting agent policy [31].

However, in the case of predicting the click-through rate (CTR) problem, there are

three fundamental problems that must be addressed [32].

3.3.1 Exploration vs exploitation problem

This problem points out the natural dilemma between exploration and exploitation and

how much trade-o↵ can be done between them while trying out things. The first one
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suggests how the whole space can be traversed to understand the scope of the whole

search space. The last one is more about how the current already explored space can

be refined which means that the area of search space is not supposed to be extended

[33].

For example, you always go to a restaurant to eat your favorite food. You are very

much familiar with the taste of the food which is being served by this restaurant. One

day, you found a place that has the same menu as the other restaurant. The decision

here is on you, whether you stay with the old restaurant which is more familiar to you

(exploitation) or you go to new places to find out di↵erent tastes (exploration) to come

to a conclusion that which place is better [33].

3.3.2 Delayed reward problem

This problem points to the long-term reward that the agent learns after its interaction

with the environment with the hit and trial method. It is not just the immediate reward

that matters, but the long-term reward [8]. For example, a toy car with machine learn-

ing running in a room with hurdles learns them by hitting them. Eventually, it learns

all the hurdles and knows what the paths lead to them and in the end, it drives without

hitting any hurdles in the room. So, the ultimate goal of reinforcement learning is to

learn all the sequences leading to success by observing all the rewards in each state

[33].

3.3.3 Generalization problem

This problem is related to the last problem we discussed, which is the hit and trial

method. In that situation, we are talking about exploring every state which is lead-

ing to reward or not-reward. So, in the example where we discussed exploring the

restaurants if we have 5 million restaurants instead of 3 or 4 then you can realize

how complicated the exploration can get. Then we will be thinking that exploring

all of them will be really hard, then we have to think about the generalization of the

scenario by defining certain criteria like a restaurant in a certain area that has the best-

fried chicken. So, in generalizing, the restaurant may result in not visiting some of
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them or even finding out hidden ones [33].

In this thesis, we will limit our scope to the exploration-exploitation problem. One of

the problems which comes under this domain is the multi-arm bandit problem [34].

3.3.4 Fitting Multi-arm bandit in Gym Environment

This problem explains the exploration-exploitation dilemma very well. Suppose you

are at a casino with many slot machines in front of you and the probability of winning

a reward for one chance at each machine is unknown to you. Now, what will be the

best technique to secure the highest long-term reward? These slot machines are called

”bandits” because in most cases people lose all of their money at these machines[34].

A simple approach will be trying again and again on a single machine until the reward

turns ”true,” which is not good and can be exhausting and wasteful to reach the highest

long-term reward [33].

Let’s suppose we have a website that consists of multiple articles, and we have to

decide which article we have to show to the visitors. We have no idea about the

visitors, and we are also not sure which link will be clicked by the visitors. Now,

we have to decide in which order the links should appear to the visitors so that the

interaction of visitors with the articles increases. But since we have no knowledge

about the visitors, it is di�cult to decide the strategy to show the articles [33].

Another example we can take of a pharmacy company, which intends to give the best

medicine to a bunch of patients. Now, the company has to decide who could be the

best fit for a certain medicine, also keeping in mind that the medicine should not be

given to the wrong patient so this chance should be minimized [33]. If we talk about

Bernoulli’s multi-armed bandit problem it can be defined as a tuple of (A, R), which

describes as:

• There is K number of machines with the probability of rewards �1,. . . ,�K.

• The set of actions A represents the interaction with each machine. The expected

value of the action is a reward which can be described as Q(a)=E[r—a]=�. The

time step is defined as t in this equation as Q(at)=�i.
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• The R in this tuple is the reward function, and if we consider Bernoulli multi-

arm bandit problem we have a reward r at the time t. The equation for this may

be rt=(at)rt=R(at) which can be either reward or not-reward.

So, eventually, when we look at the multi-arm bandit problem we have three strategies

in our hands.

1. We select a machine randomly without any specific criteria and try to get the

reward. This is a bad approach to reaching any long-term reward.

2. We try to explore randomly but when we get some rewards then we try to exploit

them to get some better rewards.

3. We look smartly through the exploration without depending on a fixed probabil-

ity for each reward, which means the calculation is smart in exploring without

exploiting the rewards again.

3.3.5 Observations

With each interaction with an environment, the agent gets an observation that defines

the existing state of the environment [8]. The agent’s behavior is dictated by a policy

that maps these states to actions, so what details are made available to the agent via

the observation is of vital importance for its e�ciency. By giving useful state infor-

mation to the system, the formula can learn much better policies more quicker [31].

Nonetheless, one of the reasons to use deep neural networks as feature approximators

is that they have the ability to learn useful information from the input on their own,

and one of the objectives of DRL in general is to make agents which can gain from

raw input information, without the demand for customizing features [31].

The environment observations are limited to standard state values and errors [33].

3.3.6 Rewards

The DRL agent makes use of a return mechanism which is generally a reward or

a punishment strategy to get feedback about its own performance [8]. The policy is
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enhanced to maximize the collected returns from this function, which suggests that the

design of the reward function essentially dictates the behavior of the agent [8]. This

can be made use of both to reward desirable behavior, as well as to punish undesirable

behavior. Standard control objectives such as minimizing or restricting the rise time

and overshoot, rejecting disturbance, and constricting input and input adjustment can

be achieved by including relevant terms in the reward function [8]. Rise time can be

minimized, for example, by using the error, overshoot can be limited by punishing the

state value being higher than the set-point, and input and input change can be added

as costs directly to achieve preferential behavior [8]. The standard reward function in

the created environments is simple.

The environments are relatively straightforward, so the reward functions can likewise

be both simple and basic. In more multi-dimensional systems or environments, a

well-formulated reward function is crucial to the learning process and to finding a

good policy [8].

3.3.7 Interface

The environments are implemented using the OpenAI Gym [24] interface. In Gym,

the core interface is implemented as a class called Env, which encapsulates an envi-

ronment, which can be either partly or totally visible, concealing the specifics of the

environment characteristics. Various environments are implemented by inheriting the

Env class, and also overriding its main methods and also attributes. The main API

methods are:

• reset(): This function resets the state of the environment and returns to the ini-

tial state. This is used to initialize the environment and also used to reinitialize

it.

• render(): This function is used to visualize the progress and the performance

of the agent. In our case there are two rendering modes available, one is the

”human” which is a graphical form and the other is the JSON array.

• step(action): This method takes action as a parameter and runs for one-time

step and then returns the next time step.
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• close(): This function is used to clean up the environment.

For example, a simple step() call will have this line of code:

observation, reward, done, in f o = env.step(action)

In the above line, the env is an instance of environment class and the action variable

is the action to be performed by the agent.

Both reset() and step() function return the following variables:

• observation: This is an observation object which consists of a new environment

state for the agent’s current observation.

• reward: This variable is basically the reward value for the agent in return of

the action it performed.

• done: This is a conditional variable to specify the completion of the episode.

When it reaches the ”true” condition, the step() function calls from that point

returns undefined results.

• info: This variable contains the debugging information of the environment to

exploit the environment in more detail.

The Env class further contains three very crucial attributes:

• observation space: This variable defines the observation space for the valid

state inside the environment.

• action space: This provides an action space for the agent to choose valid actions

from.

• reward range: This attribute sets a boundary for possible rewards for the agent

actions.

The action space and observation space attributes are objects of type Space, which

is implemented by the Gym framework, especially for action and observation spaces

[24]. The most common spaces are Discrete and Box. The Discrete space consists of
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a limited amount of non-negative numbers, while the Box space takes bounds repre-

sented as a matrix or multiple arrays as input, and produces an n-dimensional box to

represent the space [24].

In short, creating an environment includes building an environment class, specifying

the required constants and variables as attributes, and implementing the approaches

described above [31]. This includes producing a simulation of the system dynamics,

as well as designing a reward function, which is the two vital components of the en-

vironment [31]. To enable the algorithm executions to remain entirely simple, and

ensure decoupling, all the simulation and system information are defined and imple-

mented inside the environment [31].

The environment can be incorporated into the Gym repository by registering the en-

vironment and its entry point (the details of this technique are included with the code

delivery) and used as any other Gym environment [24]. In Gym, the naming conven-

tion for environments is EnvName-vN, where N is the version number [24].

Additionally, the Adam optimization algorithm [35] is commonly used in deep rein-

forcement learning and could be used to train the models within the Gym environment.
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CHAPTER 4

METHODOLOGY

In this chapter, we will delve into the proposed solution for harnessing the power

of Thompson Sampling as a reinforcement learning algorithm for CTR data analysis

and prediction. Considering it as an innovative approach, the proposed method seeks

to implement a framework that works more e↵ectively with CTR data compared to

traditional machine learning strategies, ultimately suggesting improvements in the

existing research studies.

Our primary research hypothesis is that reinforcement learning, specifically through

the application of the Thompson Sampling algorithm in an OpenAI Gym environment,

can provide more e↵ective CTR predictions for online advertisements than traditional

machine learning strategies. This supposition is based on Thompson Sampling’s abil-

ity to dynamically adapt to evolving data sequences, making it a potent tool for our

dynamic and data-rich online advertising context. Our research objectives, therefore,

are:

• To implement Thompson Sampling within an OpenAI Gym environment for

CTR prediction.

• To evaluate the performance of this approach against standard methods.

• To derive insights and improvements for future research in CTR prediction.

Thompson sampling, named after its creator William R. Thompson, addresses the

exploration-exploitation dilemma, which was discussed in greater detail earlier in the

previous chapter. The method operates on the premise of expected rewards but with
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a unique twist – it employs randomly chosen beliefs to guide its decision-making

process. The rationale for selecting this method lies in its ability to address scenarios

similar to ads CTR prediction, such as predicting defective goods in a manufacturing

setting before they leave the factory floor.

To provide a more comprehensive understanding, Thompson sampling is a Bayesian

inference method, meaning that it falls under the broader umbrella of Bayes’ theorem.

This theorem is used to update probabilities when new information becomes available,

making it particularly well-suited for handling dynamic data sequences. The continu-

ous updating process characteristic of Bayesian approaches is one of the key features

of Thompson sampling, also known as conditional probability.

As we know, predicting CTR for online ads is a crucial task in the online advertis-

ing domain. However, at times, it is necessary to develop an algorithm that deter-

mines which advertisement and its placement will be the best from the perspective

of CTR. To address this challenge, this research proposes the use of the Thompson

Sampling algorithm, which was initially defined by Thompson in 1993 and has since

been continually refined. In our research we have utilized Thompson Sampling inside

an OpenAI gym environment to predict the CTR for the advertisements.

The subsequent sections are focusing on defining the basics of our setup which is de-

veloped utilizing Thompson sampling algorithm for predicting advertisements CTR.

Then, we will describe the methodology and various approaches used in the study.

Eventually, we will be able to understand what the whole setup looks like.

4.1 Custom Environment Description

The creation of a custom OpenAI Gym environment is a critical component of our

methodology. This environment simulates the process of selecting and displaying ads

to users based on estimated click probabilities. The custom environment is necessary

because it allows for the direct application of Thompson Sampling to our specific

problem - predicting ad CTR.

As we know, Thompson sampling is a type of multi-armed bandit algorithm that in-

36



volves sampling from a posterior distribution over the expected reward of each arm

(ad). At each step, the algorithm selects the arm with the highest expected reward and

updates its estimate of the reward based on the actual outcome.

Each ’arm’ in our environment represents a di↵erent ad, and the ’reward’ is defined

as the CTR of the ad. The environment keeps track of the number of times each ad

has been displayed and the number of clicks it has received. These counts are used to

estimate the probability of each ad being clicked, enabling the Thompson Sampling

algorithm to choose an ad to display based on these probabilities.

To apply the Thompson sampling to the advertisement CTR prediction problem, we

need to define the arms as the di↵erent advertisements being considered, and the re-

ward as the CTR of the advertisement. We would then need to estimate the expected

reward for each ad using a statistical model, such as a Bayesian linear regression

model. In a normal setup, resolving this problem using the Thompson Sampling al-

gorithm will involve the following steps:

1. Define the arms as the di↵erent ads being considered and the reward as the CTR

of the ad.

2. Estimate the expected reward for each ad using a statistical model.

3. At each step, the sample from the posterior distribution over the expected re-

ward for each ad.

4. Select the ad with the highest expected reward.

5. Display the selected ad to the user and observe the actual CTR.

6. Update the estimate of the expected reward for the selected ad based on the

actual CTR.

7. Repeat the process until the desired number of ads has been displayed.

By using the Thompson sampling to balance exploration (trying out di↵erent ads) and

exploitation (choosing the ad with the highest expected reward), we can optimize the

selection of ads to display and improve the prediction of ad CTR.
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4.2 Data description

The data which is available in this case study is associated with the user ads interac-

tions. The data has been extracted from the Kaggle website which provides data for

machine learning researchers. In most of the cases the data that is available is blocked

by the premium subscriptions of the platforms which are o↵ering the desired data. But

there are also open platforms available for example, the Pystock-data project which

o↵ers data but is not o↵ering new data anymore. The subscription based platforms like

Bloomberg and others are charging hundreds of dollars for their yearly subscription.

The data collected for this research which is under study here in this thesis was taken

from the Kaggle. The mentioned website provides a variety of data. This dataset

provides the data from the ads interactions in CSV format and also they can be used

to split into portions of data including only single ad interaction of users.

This data consists of 10 attributes or in other words columns in the CSV file. Each ad

has a di↵erent column so in total there are 10 ads under observation in this dataset.

There are a lot of ways to find the best performing ads but reinforcement learning is

capable of giving advanced information about the system and the system will learn

while interacting with the system.

The data has been studied to understand how the formation of a custom gym can be

accomplished. The initial experiments on this data were performed to observe the

behavior of the agent we are going to implement.

The next stage was to implement a Thompson sampling which will set a stage for the

data and will provide a reward and punish methodology for the agent on each action

it is taking with each time step. This was a part of the initial setup which is not going

to be the foundation of the final setup we will have in the actual experiment. We have

to construct a custom gym environment which is not dependent on the data, rather

the prediction can be independent and only the gym can decide the behavior. The

experimental methodology of this setup is explained in the following sections in more

detail.
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4.3 Experimental Setup

Our process involves several key steps, each contributing to our overall goal of ef-

fective CTR prediction as shown in Figure 4.1. After defining our custom environ-

ment and initializing the reinforcement learning agent, we start the process by using

the Thompson Sampling algorithm to choose an ad to display based on its estimated

probability of being clicked.

Figure 4.1: Visualisation of Experimental Setup
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Once the advertisement is displayed, the environment updates the counts for the cho-

sen ad based on whether it was clicked or not. These updated counts then help revise

the estimates of the probability of each advertisement being clicked. This process is

repeated until the desired number of advertisements has been displayed.

At each step, the Thompson Sampling allows for an optimal balance between explo-

ration and exploitation. This means the algorithm tries out di↵erent advertisements

while also capitalizing on the advertisement with the highest expected reward. In this

way, the selection of advertisements to display is continuously optimized, improving

CTR prediction over time.

Here is a step-by-step process for using the Thompson sampling algorithm of rein-

forcement learning in the OpenAI Gym environment to solve an advertisement CTR

prediction problem:

1. Define a custom environment in the OpenAI Gym that simulates the process of

selecting and displaying advertisements to users. This environment should keep

track of the number of times each advertisement has been displayed and the

number of clicks it has received, and use these counts to estimate the probability

of each advertisement being clicked. It should also implement the Thompson

sampling algorithm to choose an advertisement to display to a user based on

its estimated probability of being clicked. Initialize the reinforcement learning

agent and set the desired number of advertisements to be displayed.

2. For each time step:

(a) Use the Thompson sampling algorithm to choose an advertisement to dis-

play to the user based on its estimated probability of being clicked.

(b) Display the chosen advertisement to the user.

(c) Update the counts for the chosen advertisement based on whether it was

clicked or not.

(d) Update the estimates of the probability of each advertisement being clicked

based on the updated counts.

(e) Repeat until the desired number of advertisements have been displayed.
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3. Evaluate the performance of the reinforcement learning agent by measuring the

total number of clicks it was able to achieve.

It is important to note that in order for the reinforcement learning agent to learn e↵ec-

tively, we need to have a su�cient amount of data samples for each advertisement. If

we do not have enough sample size for an advertisement, the estimates of its probabil-

ity of being clicked will be less reliable, which could lead to suboptimal performance.

In Thompson sampling, the moment we feed the values of alpha and beta with ran-

dom.beta variate() method like alpha as 2, and beta as 5 then the algorithm will gen-

erate random points which we can use as shown in Figure 4.2

Figure 4.2: Thompson sampling

The reinforcement learning problem’s most important component is the setup of the

environment which actually provides the base for training the agent we are using.

We have specified each variable that is required for specifying this environment for

our use case. The action like click and the rewards in the shape of win/lose which

acts like a reward function for the agent to measure its performance. The observation

space is also specified as the number of advertisements that we provide to the gym as

a parameter. It will give a specification for the agent to look the pattern into.

Thompson sampling algorithm has a few steps which we will describe here.
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• Step 1: calculating the ”1” and ”0” received as a reward for alpha and beta

respectively.

• Step 2: Generating random number against the distribution function ”

theta i(n) =

beta(Ni1̂(n) + 1, Ni0̂(n) + 1)”.

• Step 3: Choosing the highest beta value.

As a test case, initially we implement the Thompson sampling on the 10 di↵erent ads

provided in the dataset which cover several sets of ad impressions shown to users. The

agent tries to predict the best interactions to find out the best possible score from the

provided 10 advertisements. The result gets us the overall score which is compared

with other agents to check whether Thompson sampling is performing better or not.

Eventually, we have the highest CTR and conversion rate at the end.

4.3.1 Explanation of the algorithm

Upon initialization, ThompsonSamplingAgent initializes several parameters, includ-

ing a list of estimated values for each ad (values), parameters for a Beta distribution

(alpha, beta), and a reward policy if any custom reward function is provided. The

Beta distribution parameters are initialized to one, reflecting a uniform prior knowl-

edge about ad click probabilities.

In every interaction step, the act method is called, which is responsible for the agent’s

decision-making. Firstly, it updates the value of the action taken in the previous time

step (the prev action), adjusting the corresponding parameters of the Beta distribution

(alpha and beta) based on whether the previous ad was clicked (reward equals one) or

not. It also updates the estimated value of the ad using a running average.

Then, the method iterates through all ads and directly selects any ad that has not been

tested yet (i.e., its impression count is zero). This approach ensures each ad gets an

initial chance to demonstrate its potential, providing valuable data for the algorithm.

Subsequently, ThompsonSamplingAgent calculates a ’reward value’ for each ad by

adding the exploitation and exploration components. The exploitation component is
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simply the estimated value of an ad, while the exploration component is sampled

from the Beta distribution corresponding to the ad. The balance between exploitation

and exploration achieved here enables the agent to make informed decisions while

maintaining a level of curiosity for potentially under-evaluated ads.

Finally, the ad with the highest ’reward value’ is selected to be displayed. This it-

erative process allows the Thompson Sampling strategy to dynamically adapt to the

changing preferences of the user and continuously optimize the selection of ads.

4.4 Validation and Evaluation Method

To evaluate the e↵ectiveness of our proposed methodology, we have compared our

strategy’s performance with traditional machine learning strategies. The primary met-

ric we will use for this comparison is the total number of clicks achieved by the rein-

forcement learning agent.

In addition to that, we are also able to track the evolution of the CTR over di↵erent

number of advertisement impressions. This provides good insights into how quickly

and e↵ectively the Thompson Sampling approach adapts to the changing data environ-

ment. We believe these insights will o↵er a comprehensive view of the performance

of our methodology.

To ensure the robustness of our results, we have conducted multiple runs of our ex-

periment, each with di↵erent initializations, and probability distributions for the envi-

ronment and the agent. This helps to account for any variability in performance due

to initial conditions.
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CHAPTER 5

RESULTS AND EVALUATION

We will discuss the results in great detail in this chapter. First of all, we have gathered

the results for every distribution and we will go through each in great detail. Later,

in this chapter will compare the data in a more visualized way to understand the

performance of each agent in our case.

To give a short overview of the existing work, numerous research studies have been

conducted on advertisements CTR prediction, including papers such as [7], [5], and

[36] in the literature. While some papers suggest feature engineering to improve the

outcome of machine learning models, the research [36] presented in 2022 suggests a

novel algorithm. However, our research does not utilize any external news sources or

sentiment analysis on news to solve the CTR problem. Instead, we have used a data-

independent approach of a custom OpenAI gym environment to predict the CTR,

based on the provided number of ads and impressions. However, initially historical

data was taken into account in the form of advertisements CTR interactions, similar

to other researchers’ approaches but after a solid ground is established to understand

the behavior then it was abandoned.

5.1 Results

This section discusses the application of our methodology on di↵erent probability

distributions to prove that our method has enough flexibility to perform better than

the other available methods.
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5.1.1 Exponential Distribution

We have taken an exponential distribution as our first example. The data is shown in

the table 5.1. We have taken 10 ads with di↵erent probabilities distributed exponen-

tially on our plane. The visualization of this data is shown in Figure 5.1.

Advertisement Probability
0 0.2033
1 0.2739
2 0.1744
3 0.1125
4 0.0895
5 0.0641
6 0.0271
7 0.0126
8 0.0070
9 0.0064

Table 5.1: Exponential Probability Distribution for Ads 1-10

Figure 5.1: Graph for Exponential Probability Distribution for Ads 1-10

In an exponential distribution, most of the events are concentrated near zero with

rapidly decreasing frequency for larger values. This makes it especially challenging

for strategies like UCB, Epsilon Greedy, and Softmax, which rely on averages and

may need more samples to make a reliable estimate.
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Ad Original Thompson Sampling UCB Epsilon Greedy Softmax
0 0.2033 0.1839 0.2019 0.1960 0.1989
1 0.2739 0.2735 0.2746 0.2739 0.2767
2 0.1744 0.1053 0.1665 0.2130 0.0917
3 0.1125 0.0000 0.1076 0.1040 0.0741
4 0.0895 0.1471 0.0807 0.1078 0.1154
5 0.0641 0.0952 0.0457 0.0278 0.0606
6 0.0271 0.0000 0.0161 0.0100 0.0247
7 0.0126 0.0000 0.0035 0.0100 0.0241
8 0.0070 0.0000 0.0068 0.0000 0.0000
9 0.0064 0.0000 0.0100 0.0198 0.0000

Table 5.2: Comparison of predicted values for exponential distribution generated by
di↵erent agents for 10 ads

Thompson Sampling, on the other hand, maintains a distribution over the expected

rewards rather than relying on a single estimate like the mean. This allows it to better

handle the skewness in the exponential distribution, thus resulting in better perfor-

mance. Furthermore, Thompson Sampling doesn’t have to visit all the arms equally

to make reliable estimates. This is evident in the table 5.2, where Thompson Sam-

pling seems to have completely ignored certain arms (e.g., ads 3, 6, 7, 8, and 9). It

might have judged these arms as being less rewarding based on early observations and

focused on more promising arms instead.

In summary, the Thompson Sampling algorithm has performed better in the exponen-

tial distribution because it is more capable of handling the skewness of the data and

doesn’t need to sample each ad as much as the other algorithms to make reliable es-

timates. This is particularly valuable in the exponential distribution scenario, where

the payo↵ significantly decreases as the value increases.

5.1.2 Normal Distribution

In this section, we will shed some light on how well our Thompson Sampling is

performing on data that is distributed on a normal plane. We will also try to compare

the data with other algorithms in a tabular form that give us more insight into the

performance. In Table 5.3 we have the data, and similarly in Figure 5.2 we have the

data shown in the graphical form.
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Advertisement Probability
0 0.0077
1 0.0075
2 0.0181
3 0.0664
4 0.1226
5 0.1655
6 0.1896
7 0.1724
8 0.1248
9 0.0833

Table 5.3: Exponential Probability Distribution for Ads 1-10

Figure 5.2: Graph for Normal Probability Distribution for Ads 1-10

The normal distribution is symmetrical and has a single peak. The mean, median, and

mode are all at the center. Due to this symmetry and the presence of well-defined

moments (mean and variance), some exploration strategies may perform better than

others.

In the context of a normal distribution, Thompson Sampling again performed well,

but for di↵erent reasons than with the exponential distribution.

For the normal distribution, Thompson Sampling still keeps a distribution over the ex-

pected rewards, but this becomes particularly useful because the normal distribution
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Ad Original Thompson Sampling UCB Epsilon Greedy Softmax
0 0.0077 0.0000 0.0000 0.0053 0.0000
1 0.0075 0.0000 0.0000 0.0053 0.0120
2 0.0181 0.0588 0.0127 0.0127 0.0465
3 0.0664 0.0000 0.0681 0.0681 0.0956
4 0.1226 0.1415 0.1318 0.1491 0.1592
5 0.1655 0.1652 0.1636 0.1692 0.1727
6 0.1896 0.1836 0.1878 0.0842 0.1727
7 0.1724 0.1726 0.1829 0.1250 0.1749
8 0.1248 0.1224 0.1039 0.1053 0.0916
9 0.0833 0.1067 0.0943 0.0417 0.0588

Table 5.4: Comparison of predicted values for normal distribution generated by dif-
ferent agents for 10 ads

is defined by two parameters - mean and variance. The variance (or standard devia-

tion) is a measure of the dispersion in the distribution. In the context of multi-armed

bandits, this could be seen as the risk or uncertainty of each arm.

Thompson Sampling is capable of taking this into account because it maintains a dis-

tribution over the expected rewards. This means it can capture not only the mean

(the expected reward) but also the uncertainty around that mean. When Thompson

Sampling decides which arm to pull, it does so based on a sample from the current es-

timated distribution of each arm’s rewards. This sample can be thought of as a balance

between the expected reward (mean) and the uncertainty of that reward (variance).

For example, looking at the table 5.4, Thompson Sampling is not necessarily choosing

the ad with the highest average click-through rate. Rather, it’s making decisions based

on a balance between the average click-through rate and the uncertainty of that rate.

This allows it to e↵ectively explore the ads, particularly when the rewards follow a

normal distribution.

In the context of the normal distribution, Thompson Sampling performs well because

it can capture both the expected reward (mean) and the uncertainty of that reward

(variance), leading to more e↵ective exploration and exploitation decisions.
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5.1.3 Uniform Distribution

In this section, we will discuss how the di↵erent type of agents are performing as

compared to Thompson Sampling agent on the provided data distributed uniformly

over the space. The data is shown in the table 5.5 and the same data is visualized in

the graph provided in Figure 5.3.

Advertisement Probability
0 0.043965535676127175
1 0.06729403976171316
2 0.0738288327768552
3 0.08127412791057478
4 0.09643000314663075
5 0.11096352913978805
6 0.11668410821564622
7 0.1275792345644498
8 0.12085808019725434
9 0.08666584999631782

Table 5.5: Uniform Probability Distribution for Ads 1-10

Figure 5.3: Graph for Uniform Probability Distribution for Ads 1-10

In a uniform distribution, all outcomes are equally likely within a given range. For

example, if we were to roll a fair die, the chance of landing on any one of the six faces
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Ad Original Thompson Sampling UCB Epsilon Greedy Softmax
0 0.0439656 0.0000 0.0000 0.0000 0.0000
1 0.0672940 0.0000 0.0000 0.0103 0.0204
2 0.0738288 0.0732 0.0343 0.0202 0.0192
3 0.0812741 0.0926 0.0670 0.0492 0.0550
4 0.0964300 0.1460 0.1089 0.0900 0.1061
5 0.1109636 0.1548 0.1613 0.0857 0.1667
6 0.1166841 0.1782 0.1951 0.1859 0.1424
7 0.1275792 0.1758 0.1630 0.1795 0.1496
8 0.1208580 0.1017 0.1122 0.1678 0.1159
9 0.0866659 0.0984 0.0964 0.0408 0.0760

Table 5.6: Comparison of predicted values for uniform distribution generated by dif-
ferent agents for 10 ads

is equal. Thus, a uniform distribution has no skewness and no clear peak. It’s a quite

simple distribution, as the mean and variance are easy to calculate and interpret.

Now, looking at the table 5.6 and understanding the strengths of the Thompson Sam-

pling strategy, we can see why it has performed well even with a uniform distribution.

The performance of Thompson Sampling is based on maintaining a probabilistic be-

lief about the expected reward of each arm, updating this belief with each pull, and

choosing the next arm to pull based on a sample from the current beliefs.

Given the uniformity in the reward distribution, it might seem at first that all strategies

should perform relatively equally. However, the probabilistic nature of Thompson

Sampling gives it an edge.

In a uniform distribution, the mean reward is consistent, and the level of uncertainty

(variance) is also consistent across the entire range. Thompson Sampling takes both

of these factors into account. When uncertainty is high (as it often is at the start),

Thompson Sampling will tend to explore more, which is beneficial because all options

are equally likely to be optimal in a uniform distribution.

As it collects more data, Thompson Sampling updates its beliefs. Despite the unifor-

mity of the underlying reward distribution, there will still be variability in the observed

rewards due to randomness. The ability to keep track of this variability and update

beliefs accordingly is where Thompson Sampling outperforms the other methods.
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Looking at the table 5.6, we can see that Thompson Sampling has made more balanced

predictions across the range of ads than the other methods. It’s worth noting that it

has completely ignored the ads with the lowest CTRs (0 and 1), likely because its

probabilistic approach has allowed it to determine that these ads are less likely to be

the optimal choices.

Now, in the context of a uniform distribution, Thompson Sampling performs well

because of its probabilistic approach that takes both expected reward and uncertainty

into account, enabling it to e↵ectively explore and exploit the available options.

5.1.4 Weibull Distribution

In this section, we will discuss how the di↵erent type of agents are performing as

compared to Thompson Sampling agent on the provided data distributed uniformly

over the space. The data is shown in the table 5.7 and the same data is visualized in

the graph provided in Figure 5.4.

Advertisement Probability
0 0.2897
1 0.3623
2 0.2252
3 0.0905
4 0.0281
5 0.0039
6 5.69 ⇥ 10�6

7 9.16 ⇥ 10�14

8 6.19 ⇥ 10�27

9 1.75 ⇥ 10�45

Table 5.7: Weibull Probability Distribution for Ads 1-10

The Weibull distribution is a versatile distribution that can take on the characteristics

of other types of distributions based on the values of its shape parameters. In partic-

ular, it can be used to model failure times and ”lifetimes” in reliability analysis, and

can be skewed to the right or left, or even symmetric.

Looking at the table 5.8, it appears the underlying data has a decreasing Weibull

distribution, with the highest rewards (click-through rates) at the beginning (ads 0
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Figure 5.4: Graph for Weibull Probability Distribution for Ads 1-10

and 1) and a long tail of decreasing rewards for subsequent ads.

Thompson Sampling maintains a probabilistic model of the expected rewards of the

di↵erent actions (in this case, choosing di↵erent ads) and updates this model as it

gathers more data. It makes decisions by taking a sample from the current model

and choosing the action with the highest sample. This approach allows Thompson

Sampling to balance exploration (trying out less certain or less explored options) with

exploitation (choosing the options with the highest expected reward).

In the context of a Weibull distribution, Thompson Sampling is able to learn the shape

of the distribution e↵ectively.

Given that the Weibull distribution in this case is decreasing, it becomes increasingly

important to find the ’best’ ad early on. Thompson Sampling is good at this because

it uses its probabilistic model to ’prune’ actions that are likely to be suboptimal.

Looking at the table 5.8, we see that Thompson Sampling has learned to ignore all ads

from 2 onwards. This makes sense: these ads have much lower click-through rates,

and the likelihood of one of these ads suddenly becoming the best ad is incredibly low

given the shape of the Weibull distribution. This is a demonstration of how Thomp-

son Sampling uses its probabilistic model to prune suboptimal actions, focusing its
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Ad Original Thompson Sampling UCB Epsilon Greedy Softmax
0 0.2897 0.1667 0.2135 0.2434 0.2149
1 0.3623 0.2897 0.2982 0.3149 0.2940
2 0.2252 0.2325 0.1633 0.1818 0.2130
3 0.0905 0.1154 0.1089 0.0726 0.0568
4 0.0281 0.1290 0.0565 0.0396 0.0568
5 0.0039 0.0000 0.0269 0.0280 0.0222
6 5.69 ⇥ 10�6 0.0625 0.0298 0.0294 0.0127
7 9.16 ⇥ 10�14 0.0121 0.0177 0.0306 0.0000
8 6.19 ⇥ 10�27 0.0000 0.0000 0.0000 0.0000
9 1.75 ⇥ 10�45 0.0000 0.0038 0.0000 0.0114

Table 5.8: Comparison of predicted values for Weibull distribution generated by dif-
ferent agents for 10 ads

exploration on the actions with the highest potential rewards.

In summary, Thompson Sampling performs well with a Weibull distribution as well

because it can e↵ectively learn the shape of the distribution and uses this information

to balance exploration and exploitation, focusing on the most promising actions and

ignoring those that are likely to be suboptimal.

5.2 Comparison

The choice of performance measurement is crucial for comparing algorithms. In this

research, we focused on cumulative rewards over time to gauge the algorithms’ long-

term e�ciency and their balance between exploration and exploitation.

The number of samples used in evaluation can also greatly impact algorithm perfor-

mance. We evaluated algorithms with two di↵erent sample sizes (10,000 and 500,000

data points). As seen in Figures 5.5 and 5.6, Thompson Sampling outperformed other

algorithms in both cases, showing its consistent superior performance across di↵erent

sample sizes.

It’s also important to note that algorithm performance can vary based on the underly-

ing data distribution. Since we discussed each distribution separately in the previous

section. Here, we assumed a normal distribution for rewards in the results shown in

Figures 5.5 and 5.6. Testing the algorithms with di↵erent data distributions ensures
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their versatility and adaptability which has already been done in the previous section.

In conclusion, our findings strongly suggest that Thompson Sampling excels at ad-

dressing Multi-armed Bandit problems, outperforming well-known algorithms like

UCB, Epsilon Greedy, and Softmax.

Figure 5.5: The comparison of di↵erent agents with 10k clicks

Figure 5.6: The comparison of di↵erent agents with 500k clicks
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The results are leading to a positive direction where we are getting the expected out-

come of it. To make it more sensible we need to put all the agents in a single distri-

bution plane we have taken into account. Let us take di↵erent probability distribution

planes and compare the Thompson sampling agent with other existing ones to prove

our point. We will take 100,000 impressions to get a better view of the performance.

We are taking examples of four distributions i.e. Normal Distribution, Uniform Dis-

tribution, Exponential Distribution, and Weibull Distribution. We will discuss the

results one by one.

Figure 5.7 shows that the Thompson Sampling is performing better than the other

agents. Figure 5.8 also shows that the Thompson sampling is winning on Uniform

Distribution as well, but Epsilon Greedy gets a bit closer to it. In figure 5.9 Thompson

sampling algorithm is clearly the winner with a slightly good margin. In the Weibull

Distribution which is shown in Figure 5.10 it can be seen that the UCB and Thompson

sampling are head to head which is because both of the algorithms belong to the same

nature but are also di↵erent in many senses.

Figure 5.7: The comparison of di↵erent agents on Normal Distribution

The results of our research have shown that the Thompson sampling algorithm is

currently the most e↵ective approach for solving the problem we investigated. This

algorithm has consistently demonstrated good performance across various scenarios,
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Figure 5.8: The comparison of di↵erent agents on Uniform Distribution

Figure 5.9: The comparison of di↵erent agents on Exponential Distribution

including di↵erent numbers of impressions and probability distributions. Moreover,

it can be deduced by combining the information we have gathered in this section

and in the earlier section that the ads which are performing better as suggested by

Thompson Sampling can be picked to get more profitable results. Based on these

findings, we can confidently conclude that our initial proposition has been proven
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Figure 5.10: The comparison of di↵erent agents on Weibull Distribution

to be true. Its performance across diverse distributions and its scalability to larger

sample sizes demonstrate its superior utility in dynamic and uncertain environments.

Thus, in the realm of RL, Thompson Sampling stands as an advantageous strategy for

predicting ad CTR, holding promise for better ad selection and placement strategies

that can ultimately lead to improved engagement and conversion rates.
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CHAPTER 6

CONCLUSION

This thesis has focused on utilizing the power of reinforcement learning, specifically

the Thompson Sampling algorithm, to address the challenge of Ad Click-Through

Rate (CTR) prediction in online advertising. The results of our research highlight the

potential of this innovative approach, which, if widely adopted, could significantly

enhance the e�ciency of online advertising strategies and subsequently increase ad

publishers’ revenue.

Our research o↵ers substantial evidence of the potential of reinforcement learning

algorithms, particularly Thompson Sampling, to adapt and learn from a dynamic en-

vironment. Using the OpenAI Gym environment, we simulated the intricate decision-

making process involved in online advertising, tracking ad impressions, clicks, and

most importantly, the probability of ad clicks - the crux of our problem statement.

The standout result from our study was the superior performance of the Thompson

Sampling algorithm over other traditional methods employed for similar purposes.

Remarkably, Thompson Sampling showed a significant increase in CTR prediction

accuracy, with confidence levels nearly 10% higher. This compelling evidence il-

lustrates the potential of reinforcement learning, specifically Thompson Sampling, in

enhancing the precision of ad click prediction, optimizing ad placements, and refining

ad targeting strategies.

However, it’s crucial to address the limitations of this research. The dataset utilized

was restricted in time scope, therefore not wholly reflecting the dynamic nature of the

online ad market. Several external factors, like user a↵ordability, buying power, and

geographical considerations, which profoundly a↵ect the real-world online advertis-
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ing industry, were not adequately captured.

Moving forward, it would be beneficial to investigate methods to incorporate these

factors, perhaps using additional data sources such as news feeds, social media activ-

ity, and economic indicators, to further refine the algorithm’s predictions. This, com-

bined with enhanced training and testing methodologies and more diverse datasets,

could significantly improve our understanding of user behavior leading to even more

precise CTR predictions.

Despite these limitations, the study has shown the immense potential of reinforcement

learning, specifically Thompson Sampling, in optimizing online ad strategies and sig-

nificantly boosting revenue for ad publishers. The proposed solution has proved its

e↵ectiveness in addressing the CTR prediction problem and can be readily adapted to

a wide range of online ad platforms and formats, paving the way for more targeted

and e�cient advertising campaigns.

In conclusion, this research has made a significant contribution to the application of

reinforcement learning in the field of online advertising. The success of the Thomp-

son Sampling algorithm in predicting Ad CTR points towards an optimized future for

ad placements and a more personalized approach to ad content. It paves the way for

further research in this direction, enhancing the power of reinforcement learning al-

gorithms, and thereby contributing to the ongoing success and evolution of the online

advertising industry. We anticipate that the insights gained from this research will

serve as a springboard for future innovation and development in this space.
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APPENDIX A

ALGORITHMS

A.1 Thompson Sampling Algorithm

The following is the pseudo-code for the Thompson Sampling Agent we are using in

our methodology.
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Algorithm 1 ThompsonSamplingAgent
0: procedure Initialize(action space, seed, max impressions, reward policy)

0: name ”Thompson Sampling”

0: Initialize values to 0.00 for each action in action space

0: np random RandomState(seed)

0: max impressions max impressions

0: prev action None

0: Initialize alpha and beta to 1 for each action in action space

0: reward policy reward policy

0: end procedure
0: procedure Act(observation, reward, done)

0: Unpack observation into ads, impressions, and

0: if prev action is not None then
0: if reward policy is not None then
0: reward reward policy(prev action)

0: end if
0: Update alpha or beta of prev action depending on the reward

0: Compute new value as running average of current value and reward

0: Update the value of prev action with new value

0: end if
0: for each ad in ads do
0: if ad has not been tested (i.e., its impressions == 0) then
0: prev action index of ad

0: return prev action

0: end if
0: end for
0: Initialize reward values as 0.0 for each value in values

0: for each ad in ads do
0: Compute exploitation as the value...

0: end for
0: end procedure=0
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