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General Introduction 
 

Due to the increasing of the World Wide Web and big data, recommender systems (RSs) are 

becoming more and more popular [1,2]. The purpose of these systems is to suggest different 

services to different users. In the existing literature, researchers have presented numerous 

recommendation approaches such as collaborative filtering (CF), content-based filtering (CBF) 

and hybrid techniques. Collaborative filtering is one of the most popular methods. It is based on 

the rating histories to calculate the similarities between users or items [3]. It suggests similar 

objects to those favored by the user in the past, or items which have been liked by similar users. 

The most popular technique in CF is the nearest neighbor, where a subset of k suitable users (or 

items) is chosen based on their similarities to the target one [4]. Various techniques consider the 

user—system interaction as a static process and only treat the current behaviors of the user, 

which negatively impact his experience over time. In order to address this issue we propose a 

Reinforcement learning framework called DeepTaste to recommend a personalized meal slates 

for users. The proposed method takes advantage of the nature of user—system interaction and 

formalize it as a Markov Decision Process. DeepTaste has Three Main components: a state 

encoder model which represent the user behaviors, the best recommended item model that 

predicts the next item that user might like according to his current state, and Top-N 

recommended items model which responsible for generating meal slate for the user. We also 

developed a REST API that provides several healthcare services such as booking appointments 

online with doctors. Our thesis will be decomposed into three chapters: 

➢ In the first chapter, we introduce the theory of reinforcement learning paradigm and we 

present a detailed description of value based reinforcement learning, then, we talk about the 

success of reinforcement learning in the field of recommendation systems and other fields such 

as gaming. 

➢ In chapter two, we describe in details the architecture of the proposed method as well as 

the REST API. The UML diagrams presenting the different views of the system are also given. 

➢ In Chapter three, provides a detailed implementation of the proposed framework. It also 

discusses the results of the experiments. 

➢ We finalize our thesis by a general conclusion and future works. 
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Chapter 1 : State of the art  
 

I.1 Introduction 

     When we think about the nature of learning, The idea of learning by interacting with the 

environment may be the first one that comes to mind. When a baby plays, waves its arms, or 

looks about, it has no explicit teacher, but it does have a direct sensorimotor connection to its 

environment. Exercising this connection produces a wealth of information about cause and 

effect, about the consequences of actions, and about needs to be done to achieve goals. In our 

lifetime, these interactions are undoubtedly kinds of important sources of knowledge about our 

environment and ourselves. Whether we are learning to drive a car or having a conversation, we 

are acutely aware of how our environment responds to our actions and we try to influence what 

happens through our actions. Learning from interaction is the basic idea of almost all learning 

and intelligence theory [5].  

 

I.2 Reinforcement Learning 

      Reinforcement learning is learning what to do how to map situations to actions so as to 

maximize a numerical reward signal. The learner is not told what actions to take, but must be 

tested to discover which actions will produce the greatest reward. In the most interesting and 

challenging cases, actions may  not only the immediate reward but also the next situation and, 

through that, all subsequent rewards. These two characteristics trial-and-error search and delayed 

reward are the two most important distinguishing features of reinforcement learning[5].  

Reinforcement learning is different from supervised learning. Supervised learning is the type of 

learning studied in most current research in the field of machine learning. Supervised learning is 

learning from a training set of labeled examples provided by a knowledgeable external 

supervisor. Each example is a description of the situation and a specification (label) of the 

correct actions the system should take in response to the situation. This is usually used to identify 

the category to which the situation belongs. The purpose of this type of learning is to allow the 

system to infer or generalize its response in order to act correctly in situations that do not exist in 

the training set. This is an important type of learning, but it is not suitable for learning from 

interaction. In interactive problems, it is often impractical to obtain examples of the desired 

behavior that are correct and represent all the situations in which the agent must act. In uncharted 
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territory (where learning is expected to be most advantageous), agents should be able to learn 

from their own experience. 

Reinforcement learning is also different from what machine learning researchers call 

unsupervised learning, which generally looks for hidden structures in unlabeled data sets. The 

terms supervised learning and unsupervised learning seem to categorize machine learning 

paradigms in detail, but this is not the case. Although people may tend to think of reinforcement 

learning as a form of unsupervised learning because it is not based on examples of correct 

behavior, reinforcement learning is trying to maximize reward signals instead of trying to find 

hidden structures[5].Being able to unravel the structure from the agent's experience certainly 

helps reinforcement learning, but does not in itself solve the problem of reinforcement learning 

maximizing reward signals. Therefore, we believe that reinforcement learning is the third 

paradigm of machine learning, as well as supervised learning and unsupervised learning and 

other paradigms. 

I.3 Learning and Planning 

Various tasks in artificial intelligence and control can be formalized as sequential decision 

processes.We refer to the decision-making entity as the agent, and everything except the agent as 

its environment.At each time-step t the agent receives observations st S from its ∈ S from its 

environment, and executes an environment, and executes an action at ∈ S from its environment, 

and executes an A according to its policy. The environment then provides a feedback signal in 

the form of a reward rt+1 ∈ S from its environment, and executes an R. This time series of 

actions, observations and rewards defines the agent’s experience. The goal of reinforcement 

learning is to increase the future reward of the agent based on past experience. 

I.4 Markov Decision Process 

      Markov Decision Processes are a classical formalization of sequential decision making, in 

which actions affect not only the immediate reward, but also subsequent situations, or states, and 

through those future rewards. Thus Markov Decision Processes involve delayed reward and the 

need to trade off immediate and delayed reward. Markov Decision Processes are a 

mathematically idealized form of the reinforcement learning problem , which can be precisely 

expressed in theory. We can define a Markov Decision Process as a tuple ⟨S , A, P,R,γ ⟩ where : 

➢ S is a finite set of states 

➢ A is a finite set of actions 
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➢ P is state transition probability matrix, Pss ' a =P[St+1=s '∣St=s , At=a] (1.1)2 

➢ R is a reward function, Rs a=E[Rt+1∣St=s , At=a] (1.2) 

➢ γ is discount factor γ∈[0,1] 

Markov Decision Processes aim to directly construct problems that learn from interaction to 

achieve goals. The learner and decision maker is called the agent. The things it interacts with, 

including all things other than the agent, are called the environment[1]. These continuous 

interactions, the agent chooses actions, and the environment responds to these actions and 

presents new situations to the agent. The environment also generates rewards, that is, the agent 

seeks to maximize over time through its chosen actions. 

 

Figure 1.1 The agent–environment interaction in a Markov decision process. 

 

I.5 Value Based Reinforcement Learning 

The most successful example of reinforcement learning is the use of value functions to 

summarize the long-term consequences of specific decision-making policies. The value function 

Vπ (s) is the expected return from state s when following policy π. The action value function Qπ 

(s , a) is the expected return after selecting action a in state s and then following policy π,[2] 

Vπ (s)=Eπ[ Rt∨st=s ] (1.3) 

Qπ (s , a)=Eπ [ Rt∣st=s , at=a ]. (1.4) 

The Value-based reinforcement learning algorithms interactively update an estimate V (s) or Q(s, 

a) of the value function for the agent’s current policy. The updated value function can be used to 

improve the policy, for example by greedily selecting actions for the new value function. This 

cyclic process of policy evaluation and policy improvement is at the heart of all value-based 
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reinforcement learning methods. In model-free reinforcement learning algorithms such as 

Monte-Carlo evaluation and 

temporal-difference learning, the value function is updated through sample backups. At each 

time step, a single action sample is obtained from the agent policy, and a single state transition 

and reward is sampled from the environment[2]. 

 

I.5.1 Monte-Carlo Evaluation 

Monte-Carlo evaluation provides a particularly simple, model-free method for policy evaluation. 

The value function of each state s is estimated by the average return over all episodes that visited 

the state s. At each time-step, Monte-Carlo updates the value of the current state to the return [6]. 

However, this return depends on the specific action and the specific state transition sampled in 

each subsequent state, which can be a very noisy signal. Monte-Carlo gives an unbiased, but 

high variance estimate of the real value function. 

I.5.2 Temporal Difference Learning 

Temporal-difference learning is a model-free method for policy evaluation. It bootstraps the 

value function from subsequent estimates of the value function. Bootstrapping method is used 

for reduce the variance of an estimate. In the TD(0) algorithm, the value function is bootstrapped 

from the next time step. Instead of waiting until full return is observed, the next state value 

function is used to approximate expected return. TD_error δt=rt+ 1+V (st+1)−V (st) is measured 

between the value in state st and the value in subsequent state st+1 , plus any rewards 

accumulated on the way rt+1 .  

δt=rt+ 1+V (st+1)−V (st) (1.3) 

ΔV (st)=αδt (1.4) 

where α is the learning rate. 

I.5.3 TD(λ) 

The concept of the TD (λ) algorithm is to bootstrap state values ) algorithm is to bootstrap state 

values with subsequent values at various stages in the future. The parameter λ) algorithm is to 

bootstrap state values  determines the range of time during which bootstrap occurs. At one 

extreme, TD (0) bootstraps the value of the state only in the direct successor state. The other 

extreme TD (1) updates the status value with the final return. Same as Monte Carlo evaluation. 

Eligibility tracking z (s) is maintained in each state to implement TD (λ) algorithm is to 

bootstrap state values ) in stages. Qualification tracking represents the total credit that must be 

primarily allocated for subsequent errors in the valuation. Combine the latest heuristics with 

frequency heuristics. The most frequently visited and most recently accessed condition will be 
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best qualified. Each time the state is accessed, the eligibility trace will increase and the constant 

parameter λ) algorithm is to bootstrap state values  will decrease at each time step. Every time 

you see a difference between the predicted value and the subsequent value, TD_error δt is 

generated. Value functions for all states are proportionally updated based on TD_error and state 

eligibility. 

zt(s)=λzzt −1(s )if s≠st∨λzzt−1(s)+1 if s=st (1.5) 

δt=rt+ 1+Vt (st+1)−Vt (st) (1.6) 

ΔVt (s)=αδt zt(s). (1.7) 

I.5.4 Sarsa(λ) 

The Sarsa algorithm combines policy improvement with temporal-difference learning . The TD 

(λ) algorithm is to bootstrap state values ) algorithm updates an action value function and the last 

action value is used to select an action. The greedy policy is used to combine exploration (a 

random action with a selection probability) and utilization (argmax Q (s, a) with a selection 

probability of 1). The action-value function is updated from each experience tuple (s, a, r, s’, a’), 

using the update rule TD (λ) algorithm is to bootstrap state values ) of the value of the state 

action. If all states are visited indefinitely and an appropriate step size is selected, the Sarsa 

algorithm converges to the optimal policy. 

I.5.5 Value Function Approximation 

In a large environment such as our messy world, it is impossible or impractical to know the value 

of each state s. In this case, it is necessary to represent the state more compactly by using some 

set of feature for the state s. Then, the value function can be approximated by the features vector 

X of state s and the parameter θ. A good practice to approximate the value function is to use a 

linear combination between features vector and parameters. 

V (s)=X .θ (1.8) Non-linear functions such as neural networks can be used to approximate the 

value function using the features vector and weights of the neural network. When it comes to 

approximate the value function using features vector, errors could be attributed to any or all of 

those features. Gradient descent can be used to this problem to update the parameters in order to 

minimize the mean-squared evaluation error . Monte-Carlo evaluation with linear function 

approximation provides a particularly simple case. The parameters are updated by stochastic 

gradient descent, with a step-size of α[2], 

Δθ=−α 
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2 ∇θ(Rt−V (st ))2 (1.9) 

I.6 Exploitation and Exploration 

     In reinforcement learning, Exploitation means that when an agent take an action a in a 

specific state s according to its policy in order to maximize rewards while  exploration means 

that the agent chose to explore to find more information about the environment. Balancing 

between exploitation and exploration is a challenging problem in reinforcement learning. 

I.6.1 Epsilon-greedy 

Epsilon-greedy is a simple method to balance between exploitation and exploration by choosing 

one of them randomly. Epsilon refers to the probability of chose to explore, exploits most of the 

time with a small chance of exploring. 

I.6.2 Upper-Confidence-Bound 

It is necessary to explore, because the accuracy of the estimate of the share value is always 

uncertain. Greedy actions are currently the best actions but some of the other actions at may be 

better. "The selection of greedy actions forces the attempt of non-greedy actions, but 

indiscriminately, and does not prefer those that are close to greedy or particularly uncertain 

actions. how close your estimates are to the maximum and the uncertainty in these estimates. An 

effective way to balance between exploitation and exploration is to use the following formula, 

At=argmax a [Qt (a)+c√ ln(t) /Nt (a) ] (1.9) 

where Nt(a) is the number of times that action a has been selected prior to time t and c >0 is the 

control factor of the exploration, the square root term is to measure the uncertainty in the 

estimate of the action value of a[1]. 

I.7 Reinforcement Learning in Recommendation Systems 

I.7.1 Recommender Systems 

    In our daily life, it is not very uncommon for us to be faced with situations in which we have 

to make decisions without a prior information about our choices. In that case, it seems very 

necessary to rely on the recommendations of others with experience [9]. This was the rationale 

behind the first RS, Tapestry [10], and they termed it as collaborative filtering (CF). Later, the 

term was extended to recommender systems to reflect two facts [9]:  

 

the method may not collaborate with the user 
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 the method may suggest interesting elements instead of filtering them. 

 

By definition, recommender systems are software tools and algorithms that suggest items that 

might be of interest to the users [11]. Another important approach toward the recommendation 

problem is content based filtering (CBF). In content based filtering, the idea is to recommend 

items similar to the user profile, which is a structured representation of user interests [12, 13]. 

Due to the problems of the two methods (i.e., CF and CBF), specifically cold-start (when 

user/item is new) and serendipity (having a diverse range of recommendations), hybrid methods 

was proposed to cover these problems [11]. In general, we call these methods traditional RS 

because they are unlikely to be able to deal with current recommendations due to their sharp 

problems, namely cold start, contingency, scalability, low quality and static recommendations, 

and high computational overhead. Has a large number of users and items. 

 

I.7.2 Reinforcement Learning in Recommendation  

    The essence of user interaction with recommender system is sequence [14]. The problem of 

recommending the best items to users is not only a prediction problem, but also a sequential 

decision-making problem [15] This shows that the recommendation problem can be modeled as 

Markov Decision Process and solved using reinforcement learning methods. As mentioned 

earlier, in a typical reinforcement learning environment, the agent aims to maximize digital 

rewards through interaction with the environment. This is analogous to the recommendation 

problem where the recomender system  algorithm tries to recommend the best items to the user 

and to maximize the user’s satisfaction. Therefore, the recommender system algorithm can play 

the role of the reinforcement learning agent and everything outside this agent, including the users 

of the system and items, can be considered as the environment for this agent. It is almost 

infeasible to apply traditional tabular reinforcement learning algorithms to today’s recommender 

systems with huge action and state spaces. Instead, with the development of Deep Reinforcement 

Learning algorithms, it is becoming an emerging trend among the recommender system 

community to employ reinforcement learning techniques [16]. 

I.7.2.1 Temporal Difference Methods 

    Q-learning has been a popular reinforcement learning algorithm among the recommender 

system community [17].  WebWatcher [17] may be the first recommendation system algorithm 

to use reinforcement learning  to improve the quality of recommendations. They simply model 

the web page recommendation problem as an reinforcement learning problem and use Q-learning 

to improve the accuracy of their basic Web RS, which uses a similarity function (based on TF-

IDF) to recommend similar pages to users. A decade later, Taghipour and Kardan [18] extend 
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this idea to recommend personalized web pages to the users. More precisely, to tackle the state 

dimensionality problem, they borrow the N-gram model from the web usage mining literature 

[19] And use a sliding window to indicate status. Later in [20], they improved their work by 

incorporating conceptual information into a use-based recommender system network. Another 

TD method is [21], in which a travel agency was developed to recommend personalized travel to 

tourists. The method consists of two main modules:  

 personalized students, responsible for learning static and dynamic information from users, 

personalized rankings and responsible for generating recommendations using Q-learning. 

Although the work is one of the first attempts to conduct small-scale online experiments with 

real users, it is unclear how they deal with recommendation problems with large states and action 

spaces. In addition, some technical details related to use reinforcement learning, including the 

reward function, are not yet clear. Reinforcement learning based recommender system session 

was proposed in [22]. The main difference here is that Q-learning is used instead of repeated 

policy algorithms to optimize politics. They maintain manageable and action spaces when 

limiting them to defined numbers. The main contribution of RLWREC [23] is to present a state 

compression model to address the dimensional problem of state space. In particular, the idea is to 

group the songs depending on the performance of similar users, and then replacing the songs 

with the song groups in the learning stage. The Kumean algorithm is used to group the songs. 

SARSA is another TD algorithm used by some recommender systems [24, 25, 26]. The 

recommender system  network in [24] has two main units: global and local. The global unit is 

responsible for understanding global system trends such as the most popular products, while the 

local unit tracks each customer individually. The system uses a weighted method to combine the 

local model and the global model to select the next page for recommendation. An obvious issue 

with this job is scalability, because it's unclear how they want to track all users globally. SARSA 

(λ) is a rough solution version of the original SARSA algorithm, and was used in [60] to develop 

a Web recommender system based on a custom ontology. The system uses a weighted method to 

combine the local model and the global model to select the next page for recommendation. An 

obvious issue with this job is scalability, because it's unclear how they want to track all users 

globally. SARSA (λ) is a rough solution version of the original SARSA algorithm, and was used 

in [25] to develop a Web recommender system based on a custom ontology. The purpose of RS 

is to provide students with a learning path that suits their specific requirements and 

characteristics. The purpose of RS is to provide students with a learning path that suits their 

specific requirements and characteristics. They use the N-gram model to solve the problem of 

state dimension like [18].  
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There are also works that test Q-learning and SARSA at the same time to optimize their 

strategies [27]. For example, emotion-based playlist generation is described as an reinforcement 

learning problem in [27]. To manage the state space, similar to [18], the N-gram (sliding 

window) model is used to model states, that is, each state contains information about the 

emotional category of the last K songs of the user.  

 

I.7.2.2 Dynamic Programming Methods 

DP is another tubular method that has been utilized in [28, 15, 29, 30]. Among the early works 

that formulates the recommendation problem as an Markov Decision Process is [28]. In fact, this 

task illustrates the benefits that can be obtained using Markov Decision Process for 

recommended problems with an example that guides the user from the airport. One of the earliest 

valuable attempts to model a similarly recommended problem into Markov Decision Process is 

[15] Since the model parameters of the Markov Decision Process  based recommenders are 

unknown and the cost of implementing them in a real environment to learn them is very high, 

they recommend using a predictive model that can provide initial parameters for Markov 

Decision Process. This predictive model is a Markov chain in which states and transition 

functions are modeled based on observations in the data set. The basic version of this Markov 

chain uses the maximum probability to estimate the transfer function, but they believe that it 

faces the problem of data scarcity. Therefore, using three techniques, jumping, grouping and 

hybrid modeling, the basic version is improved. Then use the predictive model to initialize the 

Markov Decision Process based recommender. To address the dimensional problem, the last K 

item is used to encode state information. They tested their way of performance using online 

research [31]. 

I.7.2.3 Monte Carlo Methods  

Monte Carlo is the latest tabular method and has been used in some recommender systems based 

reinforcement learning [32, 33, 34]. DJMC [32] is an reinforcement-based music playlist 

recommender. In order to solve the problem of dimensionality, each song is modeled as a vector 

of song descriptors (spectral auditory), which includes the song's spectral fingerprints, rhythm 

characteristics, overall volume, and weather information that changes over time. In addition, in 

order to speed up the learning process, reward functions are also considered, such as the 

listener’s preference for individual songs and their song transition patterns. The DJMC 

architecture consists of two main parts: learning the parameters of the listener (their preferences 

for songs and transitions) and planning the song sequence [31]. The unit of learning is divided 

into two parts: initialization and flight learning. During the initialization phase, the listener will 
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be asked about the settings of their songs and transitions. After initialization, the learning process 

starts with playing the song for the listener and requesting their feedback on the song. The 

planning step is responsible for selecting the best song to be recommended. For this, Monte 

Carlo Tree Search is used. If the song space is too large or the search time is limited, group the 

songs (using k-means). A similar work to DJMC is PHRR [33], they use a mixture of Weighted 

Matrix Factorization (WMF) [35] and Convolutional Neural Network (CNN) to extract song 

features. The goal of DivFMCTS [30] is to propose a method for optimizing various topN 

recommendation problems. This method constitutes the configuration of two cyclic stages [31]. 

The first heuristic seeks space for items to find the best main recommendations using the Monte 

Carlo Tree Search algorithm. Then we generalize these findings by neural networks. Two ways 

to solve scalability problems when searching for all items, use two ways to disassemble the 

structural pruning and problems. In addition, a Deep Learning model Gated Recurrent Units 

(GRU)  is used to encode user preference information in a state.  

 

I.7.2.4 Compound Methods 

      In a rare but interesting application, [36] Use reinforcement learning to recommend learning 

activities in smart classrooms. In particular, a cyber-physical social system was established to 

monitor students' learning status by collecting students' multi-modal data, such as test scores, 

heartbeat, and facial expressions, and then recommend appropriate learning activities for them 

[31]. 

    SlateQ [37], is  a recommendation system based on reinforcement learning. In order to 

decompose the Q_value of the list into a combination of item Q_values, they assume that:  

The user only consumes one item in the list. 

 The reward depends only on the item consumed. Using this decomposition, they showed that 

TD methods, such as SARSA and Q-learning, can be used to maximize long-term user 

engagement. 

       They also propose a flexible environment simulator, called RecSim, which simulates the 

dynamics of both users and RSs. In an interesting RS application that is based on SlateQ [31].  In 

[38], they design an RL-like framework for an activity recommender for social-emotional 

learning of students. More precisely, the recommender agent recommends a series of activities 

from the activity database. The instructor then selects an activity from the list and the group 

completes it. In response, the group provides feedback on the activity performed and the agent    

updates its policy accordingly [31]. 
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       In [39], a task-oriented dialogue management system was proposed and applied to different 

recommendation tasks. Two methods of dialogue management are proposed: segmentation-based 

and state-based. In the former, the user base is segmented based on context, such as 

demographics and purchase history, and each segment has a separate strategy. The last method 

relies on concatenating the agent's beliefs about conversation history, user intent, and context. 

Therefore, this belief vector provides a single strategy for all users. This work was tested on 

reference [40] in the field, which included various recommendation tasks, such as recommending 

restaurants in Cambridge or San Francisco [41]. The authors of EDRR [41] describe three 

elements common to all reinforcement learning approaches: embedded state representations and 

policies. They are arguing that it is impossible to directly train an embedded module using the 

other 2 modules because the reinforcement learning method has a large slope of variance.  

 

I.7.2.5 Q Fitted Methods  

      There are also some reinforcement learning based algorithms [43] that use approximate 

methods (adjusted Q) for strategy optimization. In clinical applications [43], reinforcement 

learning is used to recommend treatment options for lung cancer patients, with the goal of 

achieving the greatest patient survival rate. They treat the treatment of patients with advanced 

non-small cell lung cancer (NSCLC) as a two-line treatment, in which the task of the 

reinforcement learning agent is to recommend the best treatment plan in each line of treatment, 

and the best timeline therapy to initiate the second line of treatment. For agent reinforcement , 

support vector regression (SVR) is used to fit the Q function. Since the original SVR cannot be 

applied to censored data, they modified the SVR using the loss function. 

 

I.8 Reinforcement Learning Applications in Video games 

      The application of reinforcement learning is still far from conventional and generally 

requires both art and science. Making applications simpler and more direct is one of the goals of 

current reinforcement learning research. On the other hand on gaming reinforcement learning is 

widely used. A lot of companies implemented reinforcement learning algorithms on gaming 

sector and they achieved and fascinating results. Those algorithms were able to surpass the 

human level professionals in various complicated games.  

 

I.8.1 Atari Games 
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     A team at Deep mind created an agent called DQN and later on thy used it to show how a 

reinforcement learning agent can achieve a high level of performance on any of a collection of 

different problems without having to use different problem-specific feature sets. To demonstrate 

this, they let DQN learn to play 49 different Atari 2600 video games by interacting with a game 

emulator [5]. DQN learned different policies for each 49 games because the artificial neural 

network weights were reset to random values before learning on each game, the same raw input 

network architecture and parameter values. DQN has surpassed the  human level in most of these 

games. The games are similar in that they watch and play streams of video images, but they 

differ significantly. Their behavior has different effects, and the dynamics of different state 

changes required different policies to achieve high scores. Deep convolutional neural network 

have been aesthetically pleasing to transform raw inputs common to all games into specialized 

functions to represent the action values needed to play at the high level of DQN achieved in most 

games [5]. 

 

I.8.2 Mastering the Game of Go 

      The ancient Chinese game of Go has challenged artificial intelligence researchers for many 

decades. Methods that achieve human-level skill, or even superhuman-level skill, in other games 

have been failed to achieve human-level in the game of Go. However, until recently, there was 

no Go program close to the human Go master level. A team of researchers at DeepMind [7] 

combine deep neural networks , supervised learning, Monte Carlo tree search, and reinforcement 

learning to develop a program called AlphaGo.  AlphaGo had defeated the European Go 

champion Fan Hui 5 games to 0. This was the first win of a Go program for professional Go 

players with no handicap in a full Go game. Later on, a similar version of AlphaGo overtook 18-

time world champion Lee Sedol to win four out of five in a challenge match. Artificial 

intelligence researchers thought that it would be many more years, perhaps decades, before a 

program reached this level of play. Later on the same team developed a program called AlphaGo 

Zero [8] which use only reinforcement learning and no human data or guidance beyond the basic 

rules of the game.  AlphaGo Zero was able to defeat the previous go program AlphaGo.  

 

I.8.3 Alpha Zero 

     In 2017,  a team of researchers at deepMind developed a successor of AlphaGo Zero which is 

based on tabula-rasa reinforcement learning and self play. The researchers generalize this 

approach into a single AlphaZero algorithm that can achieve, tabula rasa, superhuman 
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performance in many challenging domains. Starting from random play, and given no domain 

knowledge except the game rules, AlphaZero achieved within 24 hours a superhuman level of 

play in the games of chess and shogi as well as Go, and convincingly defeated a world-champion 

program in each case [42]. 

 

I.8.4 Hide and Seek 

      OpenAI conducted experiments were targeted to train a series of reinforcement learning 

agents in mastering the game of hide and seek. In the target setting, the task of the agents is to 

participate in a two-team hide-and-seek game in a physics-based environment. The task of the 

hiders is to avoid the sight of the seekers, and the task of the seekers is to keep the sight of the 

hiders. There are some objects scattered in the environment, and the agents can grab them and 

lock them in place.There are objects scattered throughout the environment that the agents can 

grab and also lock in place. There are also randomly generated immovable rooms and walls that 

the agents must learn to navigate. The OpenAI environment contains no explicit incentives for 

agents to interact with objects. Agents are given a team-based reward; hiders are given a reward 

of +1 if all hiders are hidden and -1 if any hider is seen by a seeker. Seekers are given the 

opposite reward, -1 if all hiders are hidden and +1 otherwise. To confine agent behavior to a 

reasonable space, agents are penalized if they go too far outside the play area. During the 

preparation phase, all agents are given zero reward. To train the hide and see agents, OpenAI 

researchers leveraged the training infrastructure that was used in other multi-player games like 

OpenAI Five and Dacty. This type of infrastructure relies on a policy network in which agents 

are trained using self-play, which acts as a natural curriculum as agents always play opponents of 

an appropriate level. Agent policies are composed of two separate networks with different 

parameters a policy network which produces an action distribution and a critic network which 

predicts the discounted future returns. Each object is embedded and then passed through a 

masked residual self attention block, similar to those used in transformers, where the attention is 

over objects instead of over time. Objects that are not in line-of-sight and in front of the agent are 

masked out such that the agent has no information of them. As AI agents compete against each 

other in the environment explained before, they didn’t only master hide and seek but they 

developed as many as six distinct strategies that were not part of the initial incentives. 

      Initially, hiders and seekers learn to crudely run away and chase. After approximately 25 

million episodes of hide-and-seek, the hiders learn to use the tools at their disposal and 

intentionally modify their environment. They begin to construct secure shelters in which to hide 

by moving many boxes together or against walls and locking them in place. After another 75 
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million episodes, the seekers also learn rudimentary tool use; they learn to move and use ramps 

to jump over obstacles, allowing them to enter the hiders’ shelter. 10 million episodes later, the 

hiders learn to defend against this strategy; the hiders learn to bring the ramps to the edge of the 

play area and lock them in place, seemingly removing the only tool the seekers have at their 

disposal. Similarly, After 380 million total episodes of training, the seekers learn to bring a box 

to the edge of the play area where the hiders have locked the ramps. The seekers then jump on 

top of the box and surf it to the hiders’ shelter; this is possible because the environment allows 

agents to move together with the box regardless of whether they are on the ground or not. In 

response, the hiders learn to lock all of the boxes in place before building their shelter.  The 

fascinating thing about the new behaviors developed by the Hide and Seek agents is that they 

have evolved completely organically as part of an automated curriculum guided by internal 

competition. The execution of actions that occur in almost all cases was better than that learned 

by implicit motives. 

 

I.9 Conclusion  

     Reinforcement learning is an interesting machine learning approach to understanding and 

automating 

    goal-directed learning and decision making. It does not require exemplary supervision or a 

complete model of the environment, but is distinguished from other approaches by focusing on 

learning by trial and error which means that the agent learns from the direct interaction with the 

environment. Reinforcement learning use Markov Decision Process framework to model the 

interaction between the learning agent and its environment in terms of states, actions and 

rewards. Markov Decision Process framework aims to be a simple way of representing the nature 

of the artificial intelligence problems. Reinforcement learning paradigm describes the basic idea 

that underlies almost every theory of learning and intelligence. Combining Reinforcement 

learning with deep learning has enabled reinforcement learning to be applied in a large scale 

problems and crack many challenging problems for  artificial intelligence such as the game of 

Go. Reinforcement learning approach is a key ingredient to realize the dream of Artificial 

General Intelligence (AGI). 

 

 

 



 23 

 

Chapter 2 :project study 
 

1. Introduction 

In this chapter, we will start by defining the main functionalities of our REST API that we 

developed, next we will give a detailed architecture of the Recommender agent and later on we 

will give a detailed design for each functionality in the REST API and we will finish the chapter 

by a conclusion. 

2. Problem Statement 

       Due to the increasing of online services such as online social networks, news, shopping, 

booking, E-learning and healthcare services, it poses a significant challenge for users to find the 

items that match their interests. Recommender systems become vital organ for giant companies 

such as google, Facebook, Tencent, Amazon and Netflix. Since that recommender systems have 

an important role for such companies and the life of users, its critical to build a robust 

recommender systems that satisfy users interests and match their needs. Recommendation 

approaches such as Collaborative Filtering take  the user – system interaction as a static process 

and address user current behaviors which damage the user experience in the long run. In order to 

address this issue we propose a Reinforcement learning framework called DeepTaste to 

recommend a personalized meal slates for users. The proposed framework takes advantage of the 

nature of user—system interaction and formalize it as a Markov Decision Process. DeepTaste has 

Three Main components: a state encoder model which represent the user behaviors,  the best 

recommended item model that predicts the next item that user might like according to his current 

state, and Top-N recommended items model which responsible for generating meal slate for the 

user. 

3. API Functionalities 

 In this section we are going to  address all the main and subsidiary functionalities in our 

REST API which provides services in the field of healthcare. 

3.1 Main Functionalities 

 

➢ Admin dashboard 
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➢ Food Recommender Agent DeepTaste 

➢ Rate Food 

➢ User Profile management (create, edit, add health status) 

➢ Appointments management (book,view, cancel) 

➢ Search for doctors 

➢ Rate Doctors 

➢ Posts management (view,create,edit,delete) 

 

3.2 Subsidiary Functionalities 

 

➢ Performance 

➢ Security (Password Encryption ) 

➢ Compatibility with any platform (Linux,Windows and Mac OS) 

➢ Easily integrated at any type of applications (Desktop apps, web apps, mobile apps,..) 

➢ Easy to add new Functionalities 

 

4. Proposed Framework 

4.1 Problem Settings 

We formalize the recommendation task as Markov Decision Process (MDP). We defined the 

state, action, and reward as follows: 

➢ State 𝑠𝑡 ∈ 𝑆represents the observed user positive interaction history (liked food history of 

user). 

➢ Action 𝑎𝑡 ∈ 𝐴represents the recommended item that the agent select according to current 

user state (user positive interaction history). 

➢ Reward 𝑟𝑡 ∈ 𝑅is the utility function that we want to maximize which defined as the user 

feedback. It takes +1 for each item liked by the user, if the liked item is the item selected 
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by the agent, a high reward score is given  on the other hand it takes -1 for each disliked 

item as well as a high penalty score if the disliked item is the one that selected by the 

agent. 

The figure below describes an overview of the DeepTaste framework architecture. 

 

Figure 2.1 : overview of the DeepTaste framework architecture. 

4.2 DeepTaste Framework Architecture 

In this section we are going to present the technical details  of each component in the proposed 

framework. 
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Figure 2.2: Detailed framework architecture 

 

4.2.1 State Encoder Model 

In reinforcement learning, a good state representation is very important part ant it affect the 

learning task because the agent makes decisions based on the current state. In our framework we 

defined the state as the latest 10 user positive interactions (liked foods) history. We take the 

ingredients information of  the latest 10 items (food) that user liked, then we use Doc2Vec [44] 

encode each one of them into 𝑅1×10vector which represents item feature vector, after that we 
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take the feature vectors of the tenth items and concatenate them into one𝑅1×100features vector 

which represent user current state. 

Doc2vec is a technique that heavily based on word2vec [44], to create a numerical 

representation of a document regardless of its length. Its very nice technique and easy to use and 

gives good results. 

4.2.2 Best Recommended Item Model 

For the recommendation task we use DQN algorithm which takes user state features vector as an 

input and output a Q_value for each item (food) and  contains one hidden layer. The  DQN 

model tries to learn action-value function Q(s) in order to predicts action-value Q for each action 

(item) according to the user state, and then we use argmax(Q_values) to select the best candidate 

to recommend to the user. We also use Epsilon-greedy algorithm to balance between exploration 

and exploitation. The algorithm learns the action-value function online through  the interaction 

with users. 

4.2.3 Top-N Recommendation Items Model 

Since we want to recommend top N items(food) for the user, we take features vector of the best 

candidate item that recommended by DQN agent in the previous step, and we use K-Nearest 

Neighbors K-NN to find the closest k actions (items) to the best candidate, then we recommend 

them with the best candidate item as the top N recommended items(food) in our case we will 

recommend 10 items for the user. 

5. REST API Design 

In this section we are going to give a detailed design for all the functionalities in our Rest API as 

well as how the recommender system is integrated in the API. 
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Figure 2.3: Overview of the REST API Architecture 

 

 

Figure 2.3 represents a general architecture of our REST API. User can make an HTTP request ( 

GET, POST, PUT or DELETE) through a mobile app, desktop app or web app, ext then the 

REST API  interrogate the data base then the REST API sends HTTP response to the user in Json 

format. 

➢ GET used to request for information such as profile information. 

➢ POST used to create new information or send confidential information such as 

passwords. 

➢ PUT used to update existing data in the database. 

➢ DELETE used for deleting contents from database such as posts. 

5.1 Recommendation Task Design 

In order to get the meal slate, the user send GET request to the REST API, next the recommender 

agent will interrogate the data base to get the user current state, then the recommender agent will 

generate the meal slate for the user and send it to the user through an HTTP response in json 

format. Figure 2.4 shows the recommendation task design in the REST API. 
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Figure 2.4 :  the recommendation task design in the REST API. 

 

5.2 Use Case Diagram 

The REST API that we designed contains a lot of interesting functionalities in healthcare sector 

such as booking appointments, search for doctors and food recommendation. We also provide 

functionalities for doctors by enabling them to create profile and manage patients appointments 

online. The use case diagram in the figure below describes all the available functionalities in our 

REST API. 
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Figure 2.5 : the use case diagram 

 

5.3 Class Diagram 

Figure 2.6 represent a class diagram to show how the data are stored in the database and also the 

links between Entities in the database. 
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Figure 2.6  class diagram 

5.4 Activity Diagrams 

We are going to use UML activity diagram to describe the dynamic aspects of our system and 

the flow between activities. We have an activity diagram for the admin activities and another one 

for the users activities. 

Admin activity diagram 

Figure 2.7 represents the flow of the admin activities such as how to delete users or grant 

permissions for accounts. 
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Figure 2.7 : Admin activity diagram 

 

Activity Diagram for Users 

Figure 2.8 represent the flow of activities that can be done by users such as sign up, log in and 

create appointments. 
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Figure 2.8 : Activity Diagram for Users 

 

5.5 Sequence Diagrams 

In this section we are going to describe the sequence of the interactions that happens between 

user and the system of few functionalities such as the recommendation task, sign up functionality 

and so on using the sequence diagram. 

 

 Sequence Diagram for the Recommendation 

Figure 2.9 bellows shows the interaction between the recommender agent and the user and also 

describes how the recommender agent online training, which starts by the agent takes an action 

(recommendation slate), then the application shows the recommended items (food) to the user 

then the user sends his feedback, next the user  feedback used to calculate the error of the 

recommendation and then the error will be used to update the DQN network weights(section 

4.2.2) in order to increase the quality of the recommendation. 
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Figure 2.9: Sequence Diagram for the Agent training 

Sequence Diagram for Sign Up 

Figure 2.10 describes the sequence of interactions user—system in the sign up functionality, 

which starts by the user entering his information then it stored in the database then the system 

sends a verification email to the user to confirm his identity. 

 

Figure 2.10 : Sequence Diagram for SignUp 

 

Sequence Diagram for viewing appointments 

Figure 2.11 describes the sequence of interactions between doctor—system of an interesting 

functionality for the 
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Figure 2.11 : Sequence Diagram for viewing appointments 

 

doctors which enable them to view the list of patients that books an appointment with them. 

Sequence Diagram for booking an appointment 

Figure 2.12  describes the sequence of interactions between patient—system of an interesting 

functionality for the patients which enable them to look for doctors and book an appointments 

with them. 
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Figure 2.12 :  Sequence Diagram for booking an appointment 

 

Sequence Diagrams for Posting system 

Figures 2.13 and 2.14 represent sequence diagram for creating a post and viewing posts. The 

posting system is a very interesting functionality which helps users to share their experiences 

with others and also learn from the experiences of others for example a user share his experience 

of dealing with chronic disease such as diabetes and also doctors can post healthcare advises 

such as dealing with hypertension.  
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Figure 2.13 : Sequence Diagrams for Posting system 

 

 

Figure 2.14 : Sequence Diagrams for Posting system 
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3. Conclusion 

In this chapter we addressed the importance of  the recommendation systems as well as the 

importance of designing robust recommender systems which should take care of users interests 

in the long run, we also addressed the importance of defining a good state representation, which 

is  critical for decision making task. System design is important to accelerate the development 

cycle, make the system easy to debug and facilitate adding extension to the system. 
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Chapter 3 : Realisation 
 

1. Introduction 

In this Chapter, we first describe the hardware and software tools used in developing the 

proposed system, then we explain the implementation that we have conducted to verify the 

effectiveness of our approach 

 

2. Development Environment and Tools 

2.1 Hardware Platform: 

The implementation of the application is carried out on a laptop having the following 

characteristics:  

 Machine: hp 

 Processor: Intel (R) Core (TM) i3-6006U 

  Frequency: 2.00GHz 

 RAM: 4.00 GB 

 Operating system: Linux 

2.2 Software Platform: 

This section presents the tools used for the development of the proposed system. 

Flutter: is a free and open-source mobile UI framework created by Google and released 

in May 2017. In a few words, it allows you to create a native mobile application with only one 

codebase. This means that you can use one programming language and one code base to create 

two different apps (for iOS and Android). 

Flutter consists of two important parts: 

 An SDK (Software Development Kit): A collection of tools that are going to help you develop 

your applications. This includes tools to compile your code into native machine code (code for 

iOS and Android). 
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 A Framework (UI Library based on widgets): A collection of reusable UI elements (buttons, text 

inputs, sliders, and so on) that you can personalize for your own needs.[45] 

3. Technology that used 

Our application is developed by rest frameworks and flutter 

-REST frameworks is acronym for representational State Transfer. It is architectural style for 

distributed hypermedia systems and was first presented by Roy Fielding in 2000 in his famous 

dissertation. REST framework is a powerful and flexible toolkit for building Web APIs. Its main 

benefit is that it makes serialization much easier. 

-Flutter is a cross-platform UI toolkit that is designed to allow code reuse across operating 

systems such as iOS and Android, while also allowing applications to interface directly with 

underlying platform services  ,The goal is to enable developers to deliver high-performance apps 

that feel natural on different platforms, embracing differences where they exist while sharing as 

much code as possible. 

Some reasons to use REST framework:  

 Its Web-browsable API is a huge usability win for your developers. 

 Authentication policies include packages for OAuth1 and OAuth2. 

 Serialization supports both ORM and non-ORM data sources. 

 It’s customizable all the way down. Just use regular function-based views if you don’t 

need the more powerful features. 

 It has extensive documentation and great community support. 

 It’s used and trusted by internationally recognized companies including Mozilla, Red 

Hat, Heroku, and Eventbrite.[46] 

https://restframework.herokuapp.com/
https://www.django-rest-framework.org/api-guide/authentication/
https://www.django-rest-framework.org/api-guide/authentication/#django-rest-framework-oauth
https://www.django-rest-framework.org/api-guide/authentication/#django-oauth-toolkit
https://www.django-rest-framework.org/api-guide/serializers/
https://www.django-rest-framework.org/api-guide/serializers#modelserializer
https://www.django-rest-framework.org/api-guide/serializers#serializers
https://www.django-rest-framework.org/api-guide/views#function-based-views
https://www.django-rest-framework.org/api-guide/generic-views/
https://www.django-rest-framework.org/api-guide/viewsets/
https://www.django-rest-framework.org/api-guide/routers/
https://www.django-rest-framework.org/
https://groups.google.com/forum/?fromgroups#!forum/django-rest-framework
https://www.mozilla.org/en-US/about/
https://www.redhat.com/
https://www.redhat.com/
https://www.heroku.com/
https://www.eventbrite.co.uk/about/
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4. Application handling: 

our system provides several services to administrator and users, and for fulfilled this task we 

need: 

 

• First, the admin side  

• Then, the user side  

 

Admin graphic user interface  

 

Once you've logged in to your user account, you'll see the administration user interface 

(adminui). admin can proforme allot of actions like: 

 

 Create and configure users accounts and profiles, including creating and assigning 

permission and roles to users. 

 Configure and schedule publishing sessions. 

 Create and manage workflow processes. 

The figure below resum admin action: 

 

FIGURE 3. 21 ADMIN LOG IN  
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Figure 3. 22 dashbord of admin account  

 

Figure 3. 23 change password 
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Admin manage account  

 

Figure 3. 24 acounts managment  

 

Figure 3. 25 search for accounts 
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Figure 3. 26 create account 

 

Figure 3. 27 create account with permission graint 
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Figure 3. 28 save / edit/ delete option 

  

 

Figure 3. 29 account details 



 46 

 

 

Figure 3. 30 doctor account information_1 

 

Figure 3. 31 doctor account information_2 
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Figure 3. 32 patient appointment 

 

Figure 3. 33 add appointment  
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Figure 3. 34 user history 

Client user interface  

 

Figure 3. 35 log in request 



 49 

 

 

Figure 3. 36 profiel edit  

 

Figure 3. 37 search for a doctor by name 
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Figure 3. 38  get the appointments list 

 

Figure 3. 39 create an appointment  
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Figure 3. 40 change an appointment date 

 

Figure 3. 41 sign in page 
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Figure 3. 42 home page  

 

Figure 3. 43 profiel page 
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5. Conclusion 

In this chapter, we have seen the criteria on which we chose the programming language, the 

general interface and the various functionalities of the system, as well as the obtained results. 
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Conclusion and Perspectives 
 

This thesis proposes an online model-free reinforcement learning framework for food 

recommendation.  

The aim of the proposed method is to enhance the quality of recommendation over time. 

This framework introduces three main components; the first one uses a deep learning technique 

called Doc2vec to encode user state. Then, a value based reinforcement leaning algorithm called 

Deep Q Learning is applied. It takes the user encoded state as an input, and it provides the best 

candidate item to be recommended. Finally, the third component generates a Top-N 

recommended items using KNearest Neighbors (knn) algorithm by taking the best candidate and 

return k neighbors of that candidate. The experiment results indicates that the quality of the 

recommendation given by the proposed framework is improving over time. 

             In a future work, we plan to enhance the quality of the user state representation by 

incorporating other useful information. 
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Résumé 

Les systèmes de recommandation sont parmi les domaines les plus étudiés en intelligence artificielle à 

cause de l’émergence du Big data ainsi que leur importance dans une grande variété d’applications, telles 

que les achats en ligne, etc. De nombreuses approches ont été proposées afin de développer des 

systèmes de recommandation robustes qui correspondent aux intérêts des utilisateurs, tels que le filtrage 

collaboratif (FC), le filtrage basé sur le contenu (FBC) et les techniques hybrides. Plusieurs méthodes 

proposées considèrent l'interaction utilisateur-système comme un processus statique, ce qui dégrade la 

qualité des recommandations à long terme. Dans ce mémoire, nous avons proposé un modèle 

d'apprentissage par renforcement en ligne, appelé DeepTaste, pour la recommandation alimentaire. Le 

modèle proposé utilise Doc2vec pour l'extraction des caractéristiques d'état, et l’algorithme du k-plus 

proches voisins (kppv) pour générer la liste des éléments recommandés (TopN). L’étude expérimentale 

a montré que le modèle proposé peut détecter  le changement des comportements des utilisateurs et 

fournir des recommandations adaptées aux intérêts des clients. 

Mots clés : Apprentissage par renforcement, Systèmes de recommandation, DQN, Doc2vec, kppv. 

Abstract 

Recommendation systems are one of the most widely-studied domains in the field of 

artificialintelligence, due to the increasing of big data as well as their importance in wide variety of 

industriessuch as online shopping and entertainment industry and so on. A lot of approaches have been 

proposedto build robust recommendation systems that match users interests such as collaborative 

filtering (CF),content-based filtering (CBF) and hybrid techniques. Several proposed approaches take 

the user—system interaction as a static process which damage the user experience in the long run. In 

this thesiswe proposed an online model free reinforcement learning framework called DeepTaste for 

foodrecommendation. The proposed framework use Doc2vec for state features extraction and k-

nearestneighbor (knn) for generating TopN-recommended items. It showed a quite interesting 

improvement ofcapturing users behaviors and delivering recommendations that fit users interests.  

Keywords: Reinforcement learning, Recommender Systems, DQN, Doc2vec, knn. 

ص
ّ

 ملخ

مت بالإضافت حعد أهظمت الخىصيت واحدة من أكثر المجالاث التي جمذ دزاستها على هطاق واسع في مجال الركاء الاصطناعي ، هظسًا لصيادة البياهاث الضخ

يب لبناء أهظمت إلى أهميتها في مجمىعت مخنىعت من الصناعاث مثل الدسىق عبر الإهترهذ وصناعت الترفيه وما إلى ذلك. جم اقتراح الكثير من الأسال

( والخقنياث الهجينت. العديد من CBF( ، والخصفيت القائمت على المحخىي )CFجىصيت قىيت جخىافق مع اهخماماث المسخخدمين مثل الخصفيت الخعاوهيت )

طروسوحت اقترحنا همىذاًا مجاهيًا الأساليب المقترحت جأخر جفاعل المسخخدم مع النظام كعمليت ثابخت جضس بخجسبت المسخخدم على المدي الطىيل. في هره الأ 

 -kلاسخخساج ميزاث الحالت و  Doc2vecللخىصيت الغرائيت. يسخخدم إطرواز العمل المقترح  DeepTasteلإطرواز عمل الخعلم المعصش عبر الإهترهذ يسمى 

ىكياث المسخخدمين وجقديم الخىصياث التي المىص ى بها. لقد أظهس جحسنًا مثيرًا للاهخمام في الخقاط سل TopN( لخىليد عناصس knnالجاز الأقسب )

 جناسب اهخماماث المسخخدمين.

 DQN  ،Doc2vec ، knnالمعصش ، أهظمت الخىصيت ،  الخعلم :المفتاحية الكلمات


