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Summary. This paper reviews the present applications of reinforcement learning in five major spheres
including mobile autonomy, industrial autonomy, finance and trading, and gaming. The application of
reinforcement learning in real time cannot be overstated, it encompasses areas far beyond the scope of this paper,
including but not limited to medicine, health care, natural language processing, robotics and e-commerce.

Contemporary reinforcement learning research teams have made remarkable progress in games and
comparatively less in the medical field. Most recent implementations of reinforcement learning are focused on model-
free learning algorithms as they are relatively easier to implement. This paper seeks to present model-based
reinforcement learning notions, and articulate how model-based learning can be efficient in contemporary scenarios.

Model based reinforcement learning is a fundamental approach to sequential decision making, it refers
to learning optimal behavior indirectly by learning a model of the environment, from taking actions and observing
the outcomes that include the subsequent sate and the instant reward. Many other spheres of reinforcement
learning have a connection to model-based reinforcement learning. The findings of this paper could have both
academic and industrial ramifications, enabling individual researchers and organizations to be more decisive
when utilizing reinforcement learning algorithms.

Key words: Reinforcement learning, model-based learning, model-free learning, algorithms, medical
image processing, deep reinforcement learning.
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Introduction. Reinforcement learning has encountered remarkable progress in this new
millennia, attaining an apex level of performance in several domains including Atari games [2],
the ancient game of Go [3] and Chess [4]. Model-based reinforcement learning is at the fore
front of social robotics advancement. The aim of this paper is to analyze basic model-based
reinforcement learning algorithms and introduce the potential of model-based learning in
contemporary problem-solving scenarios. We also discuss its practical applications and review
existing literature correlating to the study of reinforcement learning in real time.

Reinforcement Learning. Reinforcement learning is a sphere of machine learning
concerned with sequential decision problems. Explicitly an agent interacts with an environment
by taking actions, with the primary objective of the agent being maximization of the expected
cumulative reward [5]. It is a framework for decision-making problems, a reinforcement
learning environment is usually described with a Markov Decision Process. It comprises of a
set of states, a set of rewards and a set of actions, and the aim of the agent is to maximize the
sum of the utility nodes.

Formally, a Markov Decision Process is represented as a tuple of five elements (S, A, P,
R, Y), where:

« S represents the state space (i.e., the set of possible states),
« A represents the action space (i.e., the set of possible actions),

« P: Sx4xS — [0,1] represents the probability of transitioning form one state to
another state given a particular actions,

+ R: §x4xS — R represents the reward function,
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« Yy is the discount factor that determines the importance of future rewards, y € [0,1].

The agent interacts with its environment in discrete time steps, t =0, 1, 2, ...; at each
time step t, the agent gets a representation of the environmental state St € S, takes an action
At € A, moves to the next state St+1, and receives a scalar reward Ri+1 € R.

Policy, m : §xA4 describes the agent’s behavior that maps states to actions, where z (s|a)
= Pr (At = a|St = s) is the probability of taking action a € A given state s. The agent’s objective
is to maximize the expected cumulative discounted reward, in other words return which is
denoted as Ot:

Ot= Z yth+k+1, (1)
k=0

where y is the discount factor usually y € [0,1], and R is the reward.
The figure below depicts a conventional reinforcement learning framework.
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Figure 1. A conventional reinforcement learning framework [6]

The optimal behavior that is taking the best action at each sate to maximize the reward
over time is called optimal policy ™.

There is a broad range of techniques in reinforcement learning. They are classified into
model-based and model-free approaches.

Model-free reinforcement learning is simply an algorithm which does not use the transition
probability distribution and the reward function associated with the Markov Decision Process,
which represents the problem to be solved. The transition probability distribution or transition
model and the reward function are often collectively called the ‘model’ of the environment or
(Markov Decision Process), thus the moniker ‘model-free’. A model-free reinforcement learning
algorithm is conventionally considered to be an ‘explicit’ trail-and-error algorithm [6].
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Figure 2. Taxonomy of Reinforcement learning algorithms [7]
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Model free algorithms are divided into value-based and policy-based, in this approach
no effort is made to build a model of the environment, instead the agent searches for the optimal
policy through trial-and-error interactions with the environment. Model-free techniques are
generally easier to execute in juxtaposition to model-based techniques.

In value-based methods, for model-free reinforcement learning, the value function is
approximated through Temporal Difference learning instead of directly learning the policy .
The value of policy =, denoted as the value function, is used to assess the state based on the
total reward the agent receives over time. Given each learned policy =, there are two correlated
value functions: the state-value function, v, (s), and state-action value function (quality
function), g, (s,a). The equations for the state and quality function are given in Equations (2)
and (3) respectively.

Vp () = Ep [Ris1t YRz + y? Rus + .| Sy = 5] = Ert[kgoyth+k+1 | S¢ = s], 2)

Gr(s,a) = E; [Rs1+ YRz + Y2 Rus+ ... S, = 5,4, = a] =

= En'[kz_:oyth+k+1 | S = 5,4, = a,

©)

where E,; indicates the agent following the policy z in each step, S is the state.
The value functions are indicated via the Bellman equation. The Bellman equation for
v, and g, are given in the Equations (4) and (5) respectively.

Un(s) = %Iﬂ(aIS)SIZrP(S',rI& a)[r + yv(sD], 4)
qr(s,a) = §P(5'I5. a)[r(s,a,s") + V%ﬂ(a'IS')qn(S', a’l, (5)

where p is the transitions function, and s’ denotes the next sates from the set S.
In comparison, a policy = is better than or equal to a policy ' if:

=7 if Vi€ S:v,(s) = v,/(S), (6)
where V is a universal quantifier.

There is always an optimal policy =* whose expected return is greater than or equal to
the other policy/policies for all states. Optimal policies share the same state-value function,
denoted as q*(s,a) = maxq,(s,a) forall s € S and a € A(s). The Bellman optimality equation

T

for g* (s, a), is given in Equation (7).

7'(s,0) = Ep(srls,@)lr +ymaxq(s,a)], ™

snr

Value-based model-free learning is also segregated in terms of policy: on-policy and
off-policy learning. On-policy learning algorithms in reinforcement learning can be defined as
algorithms that assess and enhance the same policy which is being used to select actions. In the
on-policy setting, the target policy and the behavior policy are the same [8]. The target policy
is the policy that is learned about, and the behavior policy is the policy that is used to generate
behavior. The state-action-reward-state-action (SARSA) algorithm is an on-policy method in
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which the agent interacts with the environment, selects an action based on the current policy,
then updates the current policy. The Q function update in SARSA is done using Equation (8).
A transition from one state-action pair to the next is expressed as (S;, A¢, Rt +1, Se+1, Ar+1) hence
the name SARSA [8]. The update presented in Equation (8) is done after every transition from
a non-terminal state S;.

QS Ar) « Q(St, Ap) + a[Rey1 + YQ(St41,Ars1 — Q(St, Ap) - (8)

Off-policy learning is a method in which the learner i.e. off-policy learner, learns
the value of the optimal policy independently of the agent’s actions. Q-learning is a renown
off-policy learner. In off-policy, the target policy is different from the behavior policy. In
off-policy methods, the policy that is evaluated and improved does not match the policy
that is used to generate data. The methods can re-implement the experience from old policies
or other agents’ interaction experience to improve the policy. The Q-learning rule is denoted
by Equation (9):

Q(SeAp) « Q(Sp, A) + a[Reyq + ymng(St+1' a) — Q(Se Ap)]- 9)

The Q-learning algorithm iteratively applies the Bellman optimality equation (denoted
in Equation (7)). The main distinction between Q-learning and SARSA (see Equation (8)) is
that in the former the target value is not dependent on the policy being used and only depends
on the state-action function, this is shown in Equation (9).

Policy-based methods for model-free reinforcement learning are also known as
direct policy search methods, they do not use value function models. Instead, the policy is
parameterized with 6 and written as my. They operate in the space of policy parameters @
and 6€0 [9]. The primary objective is still to maximize the accumulative return. The agent
updates its policy by exploring various behaviors and exploiting the ones that perform well
in regard to some predefined utility function J(8). See [10] for detailed information on
Policy-based methods.

Model-base Reinforcement Learning. Leaning in reinforcement learning
progresses over discrete time steps by the agent interacting with the environment [11].
Model-based reinforcement learning is a fundamental approach to sequential decision
making, it refers to learning optimal behavior indirectly by learning a model of the
environment, from taking actions and observing the outcomes that include the subsequent
sate and the instant reward. Many other spheres of reinforcement learning have a
connection to model-based reinforcement learning. Model-based reinforcement learning
functions based on Markov Decision Process, which is explained in the earlier section of
this paper.

The agent acts in the environment in accordance to the policy m: S = p(A).A policy is
also know as a contingency plan or strategy. The cumulative return of a trace through the
environment is denoted by.

k
Je = Y y*.1. + k, for a trace of length K. For K = o this is called the infinite-horizon
k=0
return [11].
The action-value function Q™ (s, a) as the expectation of the cumulative return given a

certain policy =

k
Q"(5,@) = Enz[ ¥ ¥ 7esx Il st = 5,at = al, (10)
k=0
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where T is the bellman operator.
This equation above can be written in a recursive form, known as the Bellman equation:

QTE(S: a) = Est~T(.|s,a) [R (S» a, SI) + yEar~T(.|sr) [Qn(sl' a’)]]- (11)

The goal is to find a policy = that maximizes the expected return Q™ (s, a):
k
n* = argmaxQ™(s,a) = argmaxE, [ ¥ y*rep Il s¢ = s,a, = al. (12)
T T k=0

There is at minimum one optimal policy, denoted by 7*, which is equal to or better than
other policies. In the planning and search literature, the above problem is typically formulated
as a cost minimisation problem, instead of a reward maximisation problem [11].

Model-based algorithms are clustered into four categories [12]:
1. Analytic gradient computation
2. Sampling-based planning
3. Model-based data generation
4. Value-equivalence prediction

For the performance of the approaches listed above reference [13], to get detailed
information.

The first step in model-based reinforcement learning typical involves learning the
dynamics model from the server data, the dynamics model is known as system identification
[11]. Model learning in essence is a supervised learning problem, the simplest form of model-
based learning is a one-step model. Presented with a batch of one-step transition data
(s¢ as, 11, Se41), there are three primary considerable dynamics function:

» Forward model: (s;, a;) = s;41. Forward models project the next state given a
current state and chosen action. It is by far the most common type of model and can be used for
future planning.

» Backward model: s; = (s, a;). Backward models predict which are the probable
predecessors of a given state. This makes it feasible to plan in backwards direction.

* Inverse model: (s, s¢+1) = a;. Aninverse model projects which action is needed to
get from one state to another. It has proven useful in representation learning [11].

Predominantly, model-based reinforcement learning implementations are mostly
focused on forward models, the feasibility scheme for applying model-based reinforcement
learning models in medical image processing presented in this publication is centered around
forward models, notwithstanding backward models and inverse models will come into play in
advanced implementation of reinforcement learning in medical image processing.

After learning the dynamic model, it is necessary to decree the type of approximation
method that will be used. Theses approximation methods are distinguished into parametric and
non-parametric methods, these can be further discriminated into exact and approximate
methods [11].

» Parametric: Parametric methods are the prevalent approach for model approximation.
In comparison to non-parametric methods, a benefit of parametric methods is that their number
of parameters are independent of the size of the observed dataset.

* Non-parametric: The principal property of non-parametric methods is that they
directly store and use the data to represent the model.

9 ... ISSN 2522-4433. Scientific Journal of the TNTU, No 2 (106), 2022https://doi.org/10.33108/visnyk_tntu2022.02


https://doi.org/10.33108/visnyk_tntu2022.0

Abubakar Sadiq Abdulhameed, Serhii Lupenko

The final factor taken into consideration, is the region of state space in which the model
will be validated, the region can be global or local.

» Global: The dynamics in this model are approximated over the entire state space.
This is the chief approach of most model learning methods. It is often challenging to generalize
properly over the entire state space, nonetheless it is the main way to reserve all information
from previous observations.

» Local: This is used for the local approximation of the dynamics, and each time
discards the local model after planning over it. This approach is especially popular in the control
community, where they frequently fit local linear approximations of the dynamics around some
current state [11]. Local models limit the input domain in which the model should be valid, and
they are fitted to a restricted set of data. This is beneficial because it allows the usage of a more
restricted function approximation class and is potentially less unstable in juxtaposition to global
approximation.

Deep Reinforcement Learning. Deep reinforcement learning is a field that
amalgamates reinforcement learning and deep learning. In certain domains, the state space S is
enormous to store the estimated value function V' in a table. Therefore, it is common to
parameterise the estimated value function on some parameter vector 6. The value in a state is
determined by the current parameters in 6, and the update rules for reinforcement learning
algorithms are modified such that they update the parameters in 6 as opposed to directly
updating the values of states. In deep reinforcement learning, V, is represented using a deep
neural network, with 6 being the parameters of the network. A convolutional neural network is
typically deployed when the input is an image [15].

A deep Q network is considered a deep neural network that estimates the action-value
function Qg. The state is given as the input and the Q-value of all feasible actions is generated
as the output. Presented with a transition (s;, as, 741, S¢+1), the parameters in 6 of the neural
network are updated to minimise the Bellman error:

Terr T ymnga (Sts1, @) — Qo (s, ar)- (13)

To prevent over fitting, the algorithm performs experience replay, this stored many
transitions in a database. With every iteration, a number of transitions are sampled
stochastically from the database in order to update the network parameters in 6.

Contemporary Applications of Reinforcement Learning. AWS Deep Racer is an
autonomous racing mini car that was designed to try-out RL on an experimental track. It utilizes
cameras to visualize the runway and a reinforcement learning model to control the throttle and
direction. The team at wayve.ai have successfully applied reinforcement learning to training a
car on how to drive in twenty-four hours. Using a deep reinforcement learning algorithm, they
tackled the lane following tasks, their network architecture included four convolutional layers
and three fully connected layers of a deep reinforcement learning network [16].

Reinforcement learning can be applied to several autonomous driving tasks, including
dynamic pathing, motion planning, controller optimization, trajectory optimization, and
scenario-based learning policies for fast tracks and highways. Several papers have presented
deep reinforcement learning for autonomous driving, considering there are various aspects of
autonomous motion of machine that can be ameliorate by reinforcement learning, particularly
model based.

Industrial applications of reinforcement learning to achieve autonomy with learning-
based robots is a great example of the exploit of reinforcement learning. The topic in question
can train robots that can grasp various intricate subjects and objects — including novel items

ISSN 2522-4433. Bicuux THTY, Ne 2 (106), 2022 https://doi.org/10.33108/visnyk_tNtu2022.02 ..........vv.veveeeeeeeeeeeeeeeeeereeneee 97



Potentials of reinforcement learning in contemporary scenarios

that weren’t present during training. This is achieved by combining large-scale distributed
optimization and a variant of deep Q-learning call QT-Opt. QT-Opt is one of the few scalable
deep reinforcement learning algorithms which demonstrates generalization performance in
challenging real-world tasks, it also supports continuous action spaces, making it well-suited to
robotics problems [17].

Reinforcement learning also has useful applicability in finance and trading, unlike time
series models, reinforcement learning models can predict whether or not to buy, sell or hold a
certain stock items. The principle of regularity is introduced to the process with reinforcement
learning. IBM has a state-of-the-art reinforcement learning centered platform that can make
financial trades. Like a typical reinforcement model, it computes the reward function based on
the loss or profit of every financial transaction [16].

In gaming reinforcement learning is paramount to frontier advocates, there are multiple
examples of its application in gaming, including AlphaGo zero. Using deep reinforcement
learning, AlphaGo Zero was able to learn the game of Go from scratch by playing against itself.
After a certain period of training, which amounted to a little less than 6 weeks, it was able to
outperform an Alpha Go version denoted as Master that previously defeated the world
champion ‘Ke Jie’ in the game [3].

The application of reinforcement learning in real time cannot be overstated, it
encompasses areas far beyond the scope of this paper, including but not limited to medicine,
health care, natural language processing, robotics and e-commerce.

Conclusions. Contemporary research on the field of reinforcement learning for medical
image processing have solely been focused on model-free learning, the amalgamation of a
convolutional neural network with a deep Q network or some other model-free algorithm to
generate expedited results. The implementation of these proposals is perfectly feasible and have
made colossal progress in past few years.

Most decision-making process in the medical field are sequential. Needing multiple
test results and practical diagnosis session to understand the nature of the ailment a patient
is afflicted with. The progressive transition of diseases is often ignored by most machine
learning models implemented in medicine, the doctors also have little perception as to the
nature of the conditional transition of an ailment, except from experience. In terms of
medical image analysis, a computed tomography (CT) scan or a magnetic resonance
imaging (MRI) scan produce a 3d image of soft tissues, bones and other detailed images of
the inside of the body, a deep model-based reinforcement learning technique can ameliorate
diagnosis based on these scans, by learning from existing data collected using fixed
strategies. In model-free learning the algorithms typically learn by trial-and-error strategies,
this method exposes the patient to life threatening risk, model-based reinforcement learning
on the other hand utilizes a virtual environment where the agent can run proposed actions
under supervision.

Regardless of the potential of model-based reinforcement learning in medical image
analysis, several factors hinder the progress of reinforcement learning application in real life
situations. One of them being the reward or penalty of the actions performed by the agent, theses
rewards determine the behavior of the optimal policy.

Nonetheless, there are several applications of reinforcement learning in medicine, from
the development of treatment strategies for lung cancer [17] and epilepsy [18], to the proposal
of treatment strategies based on medical registry data [19].
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VJIK 004

INOTEHUIA/IN HABYAHHA 3 HIAKPHIJIEHHAM Y CYHACHHUX
CHEHAPIAX

AodybOakap Caaik Aoayaxamin; Cepriii Jlynenko

TepHoninbcokuul HAYIOHAILHUU MeXHIYHUL YHigepcumem imeri leana Ilynios,
Tepuonins, Ykpaina

Pestome. Posenanymo nomoume 3acmocy8amuHs HABYAHHA 3 NIOKPINJAEHHAM Y N MU OCHOBHUX
chepax, exaOUAYU MOOIILHY ABMOHOMIIO, NPOMUCIO8Y ABMOHOMIIO, (DiHaHCu U mopeienio ma iepu.
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3acmocyeanus naguanHs 3 NIOKPINAEHHAM V DENCUMI PEANbHO20 YACY HEMOJCIUBO nepeoyiHumu. Bowo
oxonoe cghepu, wo 8UX00AMb 0ANeKO 3a pamMKu yici cmammi, 6KII0UAIOUU, dle He 0OMENHCYIOUUCD, MeOUYUHY,
0XOpOHY 300p08’s, ONPAYIO8AHHSA NPUPOOHOI MOBU, POOOMOMEXHIKY ma eiekmpouny komepyilo. Cyuacmui
O00CTIOHUYBKE 2PYNU 3 HABUAHHA 3 RIOKPINAEHHAM 00CA2NU 3HAYHO20 Npo2pecy 8 iepax i NOPI6HAHO MeHule 8
meoduyuni. Ocmanni peanizayii HAGUAHHA 3 NIOKPINIEHHAM 30CepeOdHCeHi HA aANopummax HAae4yaHHsa Oe3
Mooeni, ocKinbKu ix 8i0HOCHO nezute peanizysamu. I[Ipedocmasneno KoHyenyii HagUanHA 3 NIOKPINAeHHAM HA
0CHOGI MoOdeni ma cghopmosano, AK HAGUAHHA HA OCHOGI MOOeNi Modce Oymu epexmusHum y Cy4acHUx
cyenapiax. Haguauwna 3 niokpinieHHam Ha ocHO8I MoOeii € YyHOaMeHmanbHuM HiOX000M 00 HOCAI008HO20
nputinammas piwens. Lle cmocyemuvca HaguanHs ONMUMAIbHOI NO6EOIHKU 0NOCEPEOKOBAHO WNAXOM 6USUEHHS
Mmoleni cepedosuwja, GuUHeHHA Oill I cnOCMepedCcenHs 3a pe3yIbMmamami, AKi 6KIOUAOMb HACMynHe
HacuueHHs ma Mummesy eunazopody. Bacamo imwux cgep nasuanua 3 NiOKpinjieHHAM No8 A3ami 3
HAGUAHHAM 3 NIOKPINAEHHAM HA OCHO8I MoOeii. Bucnosku yiei cmammi Moxcyms mamu ik akaoemiuti, mak
[ npOMUCNIO8] HACNIOKU, 00360AI0UU OKPEMUM OOCIIOHUKAM | OP2aAHI3ayisM eqheKmMUSHO GUKOPUCTIO8Y8AMU
aneopummu HA84aHHs 3 NIOKPINAEeHHAM.

Kntowuosi cnoea: naguanns 3 nioKpinjeHHAM, HABYAHHA HA OCHO8I MoOeli, HA8UaHHA be3 Mooeli,
ancopUMMU, ONPaAYIOBanHs MeOUUHUX 300padlceHb, 2IUOOKe HABUAHHS 3 NIOKPINAEHHAM.
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