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APPLICATION OF THE DEEP Q-NETWORK MACHINE LEARNING METHOD IN
AN ADAPTIVE ANTENNA SYSTEM WITH AN ARTIFICIAL INTELLIGENCE UNIT

The Deep Q-Network (DQN) machine learning method is analyzed. The possibility of applying the DQN machine learning
method in an artificial intelligence module as part of an adaptive antenna system is shown in order to form a system of knowledge
about the environment in which the adaptive antenna system operates. The algorithm for training a DQN agent is proposed and the
proposed algorithm is implemented in the Python program code. As a result of the software implementation of the DQN algorithm, a
knowledge system was obtained, which in the future will allow to realize the intelligent control of the radiation pattern petals of the
adaptive antenna system.
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POXXHOBCBHKUHN Muxaiino

JlepaBHUI YHIBEPCUTET IHTENEKTyaIbHUX TEXHOJOTIH 1 3B’ 3Ky

POXXHOBCLHKA Ipuna

Sigma Software Group

I'EPACHUMEHKO Irop

HaykoBo-10ciiTHI# IHCTHTYT BOEHHOT PO3BiKH

3ACTOCYBAHHA METOAY I'NNIMBOKOI'O MAIIMHHOI'O HABYAHHA Q-
MEPEXKA B ATANITUBHIN AHTEHHIA CUCTEMI 3 BJIOKOM HITYYHOT'O
IHTEJIEKTY

Y CTartTi po3r/issHyTO MOXJ/IMBOCTI 3aCTOCYBaHHS METOLIB ITIMOOKOIro MaluMHHOro HaBYarHHs A/15 MigBULLYEHHS ePEKTUBHOCTI
po6OT  a[ANTUBHNX GHTEHHUX CUCTEM CyyqacHnx 6e3npoBososux Mepex. OCHOBHY yBary rpuaiIeHo METoZy [/IMOOKoro
MIAKPIN/IoBasIbHOro Has4aHHs Deep Q-Network (DQN,), skuvi MOEAHYE KaacuyHmi anroputm Q-learning i3 MOX/IMBOCTSMU [TIMOOKUX
HEVIPOHHUX MepEX. [TpoBEJEHO aHasl3 MPUHLMITIB ByHKLIOHYBaHHS MeTogy DQN Ta yoro Kio4oBux KOMITOHEHTIB, 30kpema bydepa
BiATBOPEHHS AocBiay (Replay Buffer), LinboBoi HevipoHHOI Mepexi (Target Network), cTparerii JOCTimKeHHS £-greedy Ta MexaHi3My
MIHIMBEUT @yHKUII BTPaT. [TOKa3aHO, IO BUKOPUCTAHHS HEUPOHHOI MEDEXI A1 arpoKcuMaLlii @yHKUIF LIIHHOCTI i [03BOsISE
IHTE/IEKTYaIbHOMY areHTy MPMIMaTVt OfTUMAJIbHI PILUEHHS HABITb Y CKIAAHMX CEDELOBULLAX I3 BE/IMKOI KIIbKICTIO MOXX/IMBUX CTaHIB
1 4.

Y poboTi 3arpornoHoBaHo riaxig 4o iHTerpadii metogy DQN y Mogy/ib LWTYyYHOro IHTENEKTY 34aMTUBHOI aHTEHHOI CUCTEMU,
Takui MOZYJIb MOXE GpOPMYBaTHU CUCTEMY 3HAHb ITPO CEPELOBMIUE QYHKLIOHYBaHHS PagioMeEPEXi Ta 3a6E3eYyBaTy IHTE/IEKTYa/IbHE
KEepyBaHHS napamerpamu giarpamu CripsmMoBaHOCTi aHTEHN. PO3ITISHYTO MOAE/L CEPEAOBULLYA Yy BUITISAI KOMIpKy 6e3rpoBogoBoi
Mepexi, A€ TOYKA AOCTYITy OCHALYEHE aAAMTTUBHOK aHTEHHOK CUCTEMOIO 3 BJIOKOM LUTYYHOIO IHTENIEKTY. Y TaKivi cuctemi popmyBaHHS
74 ANHAMIYHE 3MIHA ETIOCTOK Alarpamu CripsgMOBaHOCTI 34IMICHIOETLCS 3 ypaxyBaHHIM EPEMILLUEHHS] AOOHEHTIB Y 30HI PaAIONOKDUTTS.
Y pamkax AOC/KEHHS areHT HaB4yaBCsl 3Haxo4qnTU ONTUMA/IbHI IMEPEXOAN MK CTaHaMu CEPEAOBMLLE, O MOAETIOE MEPEMILLEHHS
abOHEHTIB, 3 METOKO QOPMYBAHHS €QPEKTUBHOI CTPATENTT KEPYBAHHS HAIPSIMKaMU BUITPOMIHIOBAHHSI.

3arporoHoOBaHo a/irOpUTM HAaBYaHHS areHTa Ha ocHosi meTogy Deep Q-Network T1a peasnizoBaHO #oro y Burnisgl
PorpamMHoOro Kogy MoBowo Python. 3a pesy/sibtatamu rporpamMHoi peasnizauii oTpuMaHo 3BaXeHmi rpag rnepexoqis Mixx craHamu
cepenoBuLya, KA HTEPPETYETLCH K CQOPMOBAHA CUCTEMA 3HaHb IHTEIEKTYA/IbHOrO areHTa. AHa/I3 OTpUMAaHUX pE3y/IbTartis
rnokazas, o meroq DQN [03BO/ISE BU3HAYaTU ONTUMAE/IbHI T@ a/IbTEPHATUBHI MAEPLUPYTH EPEXOARIB MDK CTaHaMU 3 PI3HUMU
UMOBIPHOCTSMY, IO BIAKPUBAE MOXJIMBICTH IPOrHO3YBaHHS [M0BEIHKM AOOHEHTIB | OifIbll TOYHOIO KEPYBaHHS HarpsiMHUMM
XapaKTEPUCTUKAMK aHTEHHOI CUCTEMH.

OTpuMaHi pe3ysibTati CBiAYaTh PO MNEDCIIEKTUBHICTL BUKOPHUCTAHHS METOLIB I/IMOOKOIo MigKPI/IIOBa/IbHOMO HABYaHHS Y
CKI1841 3ABMTUBHNX GHTEHHUX CUCTEM MaHbyTHIX GE3MPOBOAOBUX MEPEX, 30KPEMa CUCTEM CTaHAapTIB 5G T1a 6G. 3anpornoHoBaHmi
1IAXI8 MOXe 6yTv BUKOPUCTaHMA /151 peastizallii KOHLENLT IHTE/IEKTYa/IbHUX aHTEH, 14O 34aTHI a4anTyBaTuca A0 3MiH CEPEAOBMLLE B
PEXUMI PEATIBHOMO Yacy, OTUMI3yBaTH BUKOPUCTAHHS PaAioYaCTOTHOMO CIIEKTPa Ta MiABULLYBaTH €QPEKTUBHICTL QyHKLIIOHYBAHHS
CyYacHux cicTem 6e3rPoBO[OBOI0 38 A3KY.

Kimto40Bi C/10Ba: aAarnTUBHAa GHTEHHA CUCTEMA 3 MOLYJIEM LUTYYHOIO IHTEIEKTY, AiarPamMa CripsMOBaHOCTI GHTEHU, LUTYYHM
IHTE/IEKT, MALUNHHE HABYAHHS], CUCTEMA BE3IIPOBOAOBOIO 38 A3KY.
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INTRODUCTION

Innovative approaches based on artificial intelligence/machine learning methods allow solving a number of
urgent problems in the field of radio communications, including increasing the data transmission rate and ensuring
the reliability of communication under conditions of high network load, optimizing the use of the frequency spectrum,
reducing energy consumption, implementing the smart antenna concept [1, 2], etc.

The use of machine learning (ML), deep learning, and big data processing algorithms creates new
opportunities for the further development of radio communication systems, in particular, antenna technology [3].
Modern radio communication systems put forward a number of requirements for the improvement of antenna
technology, namely the need to ensure maximum energy efficiency and broadband [4], the ability to form a multi-lobe
radiation pattern [3, 4], the ability to intelligently control individual radiation patterns in real time [1 — 3], the ability
to allocate a separate radiation pattern for a specific subscriber terminal that is in motion [1 — 3]. These requirements
for modern antenna technology can most likely be met by combining scientific achievements in the fields of antenna
theory and artificial intelligence/machine learning, which will lead to the implementation of the “smart antenna”
concept [3]. It is worth noting that the use of artificial intelligence methods to develop the antenna elements structure
is already described [5, 6]. Also the possibility of using ML methods in order to optimize the parameters of antennas
and adaptive antenna systems (AAS) is described in the literature. For example, in [3] the basic principles and
achievements in the development of smart antennas is discussed as well as their application in various fields, such as
wireless communications, satellite systems and networks, the Internet of Things is considered. Paper [3] also outlines
future directions and evolution of smart antennas as key components of efficient and sustainable wireless
communication systems. The research described in [7] shows that applying the ML algorithm of the Support Vector
Machine method in AAS it is possible to provide intelligent control of the antenna system's radiation pattern. The
paper [8] analyzes the existing classes of ML methods for the possibility of their use in AAS for the purpose of
intelligent control of the radiation pattern. It was shown that the reinforcement learning can potentially be used by
AAS to realize intelligent control of their own directional characteristics. In [9], improvement of the modern AAS
scheme by integrating an artificial intelligence module into it is proposed. The diagram shows and describes the
principle of interaction between the artificial intelligence module and the AAS. One of the methods of artificial
intelligence/machine learning, the intelligent agent, is described and its mathematical model is presented. The
possibility of applying the considered method in the cellular environment of a wireless communication network to
improve the performance of an adaptive antenna system is shown. An example of the operation of an artificial
intelligence unit as part of an AAS using the intelligent agent method is given. It is shown that using the ML method,
an intelligent agent within a single wireless communication cell can create a certain knowledge system capable of
understanding and learning taking into account the patterns of subscribers movement in the cell, and predicting the
direction of a particular subscriber terminal movement. The resulting knowledge system is formed in the artificial
intelligence unit which is included in the structural diagram of a modern AAS proposed in [9]. This knowledge system
can potentially be used to more accurately control the directional pattern of an AAS.

Thus, the possibility of using ML methods to improve the concept of a smart antenna is substantiated in [3,
7-9].In[8, 19], it is shown that reinforcement learning methods can potentially be combined with other ML methods,
such as neural network methods, to increase the accuracy of controlling the directivity characteristics of an AAS.
However, such a combination of ML methods to increase the efficiency of controlling the directivity characteristics
of an adaptive antenna system has not been described in the literature. Therefore, the purpose of this paper is to propose
an example of the operation of an artificial intelligence module as part of an adaptive antenna system using the deep
Q-network ML method.

Deep Q-Network Method
The Deep Q-Network (DQN) method [10] is a method of deep reinforcement learning that combines
traditional Q-learning methods [8 — 10] with the capabilities of deep neural networks. The traditional Q-learning
method is described by the following mathematical model [9 — 11]:

O(s,a)=(1-a)O(s,a)+ oc|:R(s,a) +A

max ,
; Q(s,a')}. (1)
a'ed

In equation (1), s is the current state of an agent from a set of states S(S;,5,,...5,,) , a is the current action
of an agent in state § from a set of actions A(dy,a,,...a,), a is a learning rate that can be set between 0 and 1, s'is

a next state from a set of states S(5},55,...5,), @ is a possible action of an agent from A(d;,a,.,...a,) in the state
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' . . . ..
S, A is a discount factor that can also be set between 0 and 1, R(s,a) is reward for transition between states,

max
a'eA

0O(s',a") is a next action with maximum reward.

The DQN method uses a deep neural network to approximate a function that evaluates the utility of
performing a certain action in a state [8, 10]. This allows the agent to make decisions even in complex environments
with a large number of possible states and actions. Let's explain in more detail the work of the DQN method using the
example of a graphical diagram of the learning process using the DQN algorithm (Fig. 1.1) [8, 10].

Reward

v
Action selection Environment

;
molicy

State [ >/\b
3 N

Agent

Action

Parameter ©

Current state of affairs

Fig. 1. Diagram of the learning process using the Deep Q-Network algorithm

Fig. 1.1 shows an agent acting in a certain environment, after the action is performed, the agent moves to a
new state in the environment, and for the actions performed in the environment, the agent receives a reward. The
maximum value of the reward determines the agent's transition to the optimal state. This principle is used to implement
the algorithm of traditional Q-learning [8 — 10] which is described by expression (1.1). The DQN method includes in
the above algorithm a deep neural network to approximate the function Q(s,a) . The task of the neural network is to

analyze the set of target states and, accordingly, the set of actions and, as a result of the analysis select the optimal
action for the agent to move to a new target state.

The analysis of the DQN method allows us to distinguish the following components [10, 11]: Replay Buffer,
Target Network, e-greedy strategy, minimization of the DQN loss function.

Replay Buffer is used to store past interactions of the agent with the environment (pairs of states, actions,
rewards, and subsequent states). This allows for more efficient training of the neural network by reducing the
correlation between successive data samples. Target Network is used to stabilize training. The parameters of the target
network are updated by copying the parameters of the main network after a certain period of time reducing fluctuations
in Q-value updates. The e-greedy strategy is DQN uses an e-greedy approach, where the agent chooses a random
action with probability &, and the best action according to the Q-value with probability (1 — €). Minimization of the
DQN loss function is the process of adjusting the weights of the DQN neural network in a way to reduce the
discrepancy between the current Q-value estimates and the target Q-value, i.e. the loss function in the DQN is based
on the difference between the current Q-value and the target Q-value. The minimization of the DQN loss function is
described by the following expression [10, 11]:

2
O)=E(; 4., y7)~ p| - 0(s.a:0)) |, @)
where 0 is the parameter (weight) of the main neural network, Q(s,a;0) is the current estimate of the Q-

value for the state and action, D is information from the playback buffer (random transitions), ¥ is the target O-

value.
The target Q-value can be written using expression (1.1) taking into account the parameter of the target

network 6~ as follows [8 — 11].

max _
y=R(s,a) +h———0(s",a"50 ), (3)
a'eAd
max C o a—e . . . ..
where — y QO(s',a';0 ) is the next action with the maximum reward taking into account the target network
a' e

parameter 0 .
Thus, the process of training a neural network is reduced to updating the parameters of the target network
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For better understanding, we present the described learning process as an algorithm for training an agent

Initializing the DQN parameters

’ Saving experience in memory ‘

o Determining the adjacency matrix of a graph
e Setting up hyperparameters (q, A, etc.)

¢ Building a neural network Updating the DQN model
o Selecting random samples from memory
o Update the neural network parameters

Start of the training cycle
e Setting (determining) the initial state of the
agent

A

/

Selecting an action (moving to the next vertex)

¢ Random selection (e-greedy strategy)
¢ Or a neural network forecast

Evaluation of the action
o Determination of remuneration
o Transition to a new state
o Checking whether the target state has been
reached

\ 4

Fig. 2 Algorithm for training an agent using the Deep Q-Network method

Thus, this subsection analyzes the DQN ML method in detail. It is shown that the use of a neural network in
DON significantly improves the performance of the basic ML method of an intelligent agent.

Integration of the Deep Q-Network Machine Learning Method

into an Adaptive Antenna System with an Artificial Intelligence Unit

Let's consider a potentially possible variant of applying the DQN ML method in an adaptive antenna system
with an artificial intelligence unit in order to form a certain knowledge system, on the basis of which it is possible to
provide intelligent control of the antenna system's directivity characteristics. Note that the block diagram of an
adaptive antenna system with an artificial intelligence unit was proposed and substantiated in [8, 9].

To substantiate the possibility of using the DQN ML method in adaptive antenna system with an artificial
intelligence unit, let's look at Fig. 1.

We consider a cell of a cellular communication system as an environment where an intelligent agent operates.
In the cell, an access point equipped with an AAS with an artificial intelligence unit works to realize the radio signal
coverage area. The AAS with an artificial intelligence unit forms a multi-petal beamforming pattern where according
to the 5G and 6G wireless network standards a beamforming petal is allocated individually for each subscriber and
must change its directional angle in accordance with the direction of the subscriber movement within the radio
coverage area of the cell [1]. Thus, in fact, the beamformer acts as an intelligent agent in the DQN ML method.

Let's take a closer look at the environment of a cell. Let it be a cell of an ultra-dense network [1] that
implements a radio coverage area within one floor of an office building Fig. 3.

Fig. 3. shows the nine rooms of the office building. In the hall (room #3) an access point is installed that
implements the cell of the ultra-dense radio network by allocating individual petals of AAS directional pattern for the
corresponding subscribers.
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Fig. 3. Floor plan of an office building

So, for the environment described above we conduct a special case of training an intelligent agent in order to
form a certain knowledge system on the basis of which it is possible to provide intelligent control of the antenna
system's directivity characteristics.

Let's conduct training when the agent needs to find a way from room 3 (hall) to room 9 (rest room). Using
the algorithm from Fig. 2 the training process in the form of a program code in Python is implemented [12].

The result of the agent training using the DQN algorithm is obtained in the form of a weighted color graph
in Fig. 4.

32

6

Ry

S

R

7

Fig. 4. The result of the agent training using the DQN algorithm
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Fig. 4 shows a weighted color graph where the numbered vertices are the rooms in the plan of Fig. 3. Edges
are the possibility of moving from one room to another. The values of the weights correspond to the values of the
probabilities of the agent's transition from one room to another. The edges that are marked in red as a result of the
DOQN agent training are determined to be optimal for achieving the goal of moving the agent from room 3 to room 9.
The graph shown in Fig. 4 is considered as the formed knowledge system of the DQN agent as a result of its training
to determine the options for the agent's transition from room 3 to room 9.

Analysis of the graph in Fig. 4 allows us to conclude that as a result of the DQN agent training the optimal
path for the agent's transition from vertex 3 to vertex 9 was determined.

The optimal path is from vertex 3 to vertex 2 (transition probability 51%), from vertex 2 to vertex 4 (transition
probability 80%), from vertex 4 to vertex 8 (transition probability 64%), from vertex 8 to vertex 9 (transition
probability 80%).

The closest alternative path has the following sequence of vertices: from vertex 3 to vertex 2 (transition
probability 51%), from vertex 2 to vertex 8 (transition probability 64%), from vertex 8 to vertex 9 (transition
probability 80%).

An interesting fact is that according to the results of training the DQN agent the closest alternative path has
one less vertex than the optimal path which is determined in accordance with the higher values of the transition
probability between the initial and target vertices.

CONCLUSION
Thus, this section analyzes in detail the DQN ML method. The possibility of applying the DQN ML method
in an artificial intelligence module as part of an adaptive antenna system is shown in order to form a system of
knowledge about the environment in which the adaptive antenna system operates. The algorithm for training a DQN
agent is proposed and the proposed algorithm is implemented in the Python program code. As a result of the software
implementation of the DQN algorithm a knowledge system was obtained which in the future will allow to realize the
intelligent control of the radiation pattern petals of the adaptive antenna system.

References
1. Wen Tong, Peiying Zhu, “6G: The Next Horizon: From Connected People and Things to Connected Intelligence,” Cambridge
University Press, Includes index ISBN: 1108839320, 2021. — 490 p.
2. K. Suganthi, R. Karthik, G. Rajesh, and Peter Ho Chiung Ching “Machine Learning and Deep Learning Techniques in

Wireless and Mobile Networking Systems,” CRC Press is an imprint of Taylor & Francis Group, Includes index ISBN: ISBN: 978-0-367-62006-
6,2022.-274 p.

3. Zakia Hammouch, Ouazzani Jamil “Convergence of Antenna Technologies, Electronics, and Al IGI Global, Includes index
ISBN13: 9798369337752, https://doi.org/10.4018/979-8-3693-3775-2 , 2025. — 588 p.

4. Constantine A., “Balanis Modern antenna handbook ” USA.: Includes index. ISBN 978-0-470-03634-1 (cloth) 1. Antennas
(Electronics) I. Title. TK7871.6. B354 2008. — 1700 p.

5. Farzad Mir, Lida Kouhalvandi, Ladislau Matekovits, “Deep neural learning based optimization for automated high
performance antenna designs,” Scientific reports, vol. 12, pp. 1 —12,2022.

6. Barsa Samantaray, Kunal Kumar Das, Jibendu Sekhar Roy, “Designing Smart Antennas Using Machine Learning
Algorithms,” Journal of Telecommunications and Information Technology, vol. 4, pp. 46 — 52, 2023.

7. Christos G. Christodoulou, Judd A. Rohwer, Chaouki T. Abdallah, “The Use of Machine Learning in Smart Antennas,” /EEE

Antennas and Propagation Society Symposium, 2004, July, 20 — 25, 2004.. proc. of conf.
https://doi.org/10.1109/APS.2004.1329637 , pp. 321 — 324, 2004.

8. Rozhnovskyi M., Rozhnovska L., Moskalenko T. “Analysis of machine learning methods for solving antenna technology
problems,” Measuring and computing devices in technological processes, issue 2, DOI: https://doi.org/10.31891/2219-9365-2024-78-26, pp. 217
—225,2024.

9. Rozhnovskyi M.V., Rozhnovska I. Yu, “Application of artificial intelligence method in adaptive antenna system,”
Radiotekhnika: All-Ukrainian interdepartmental scientific and technical collection, issue 215, https://doi.org/10.30837/rt.2023.4.215.08 , pp. 77 —
85,2023.

10. Laura Graesser, Wah Loon Keng, “Foundations of Deep Reinforcement Learning. Theory and Practice in Python,” Pearson
Education Global Rights & Permissions Department, Includes index ISBN-13: 978-0-13-517238-4, 2020. — 380 p.

11. Mohit Sewak, “Deep Reinforcement Learning. Frontiers of Artificial Intelligence,” Pune, Maharashtra, India, Includes index
ISBN 978-981-13-8284-0, 2019. — 203 p.

12. Python program code of the DQN training process: https://github.com/MihailRozhnovskiy/DON_agent_training

Monterey, CA, USA,

International Scientific-technical journal
«Measuring and computing devices in technological processes» 2026, Issue 1
346


https://doi.org/10.4018/979-8-3693-3775-2
https://doi.org/10.1109/APS.2004.1329637
https://doi.org/10.31891/2219-9365-2024-78-26
https://doi.org/10.30837/rt.2023.4.215.08
https://github.com/MihailRozhnovskiy/DQN_agent_training

