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INTEGRATION OF A DIGITAL CHATBOT INTO PROFESSIONAL ACTIVITIES:
PEDAGOGICAL POTENTIAL, DESIGN AND DEVELOPMENT TRENDS

M. O. Kovalchuk*

This article explores the pedagogical potential of integrating a digital chatbot into an educational
environment using adaptive and cognitively oriented approaches. The proposed model combines
mathematical modeling techniques, reinforcement learning algorithms (Q-learning), and principles of
instructional design to create a digital tutor capable of dynamic interaction with the learner. The
system architecture is based on four key modules: a user state analyzer, a task generator, a
reinforcement module, and a dialogue manager.

Particular attention is paid to modeling the user's knowledge growth function EXP(t) using
stochastic differential equations that take into account learning efficiency, response time, number of
errors, and random disturbances. The use of a stochastic task selection mechanism enhances
pedagogical variability and supports learner motivation.

The model is implemented as a simulation-based educational game that allows for real-time
tracking of cognitive dynamics. Simulation results confirm that the system can adapt to different
learner profiles, ensuring a personalized learning trajectory and stable knowledge acquisition even
under conditions of fluctuating learning effectiveness.

By combining formal mathematical representations with well-designed functional and pedagogical
architecture, the proposed model can be viewed as a promising tool for the digital transformation of
education.

Keywords: chatbot, adaptive learning, pedagogical agents, machine learning, Q-learning,
gamification, digital technologies, personalized learning, mathematical modeling, educational
environment, design.
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Mmo0enb NnoedHYye Mmemoou MAMEemMamuuHoz0 MOOENI08AHHS, AROPUMMU  NIOKPINII08ANTLHO20
HaguaHHs (Q-learning) ma npuHyunu nedazoziurHozo Ou3aiiHy 01 nobydosu yugposozo mouromopa,
30amHoz20 00 OuHAMIUHOi 83aemo0ii 3 Kopucmyeauem. Apximexkmypa cucmemu b6asyemvcss HA
UOMUPBLOX MOOYSX: AHANI3AMOPL CMAHY Kopucmyeaua, 2eHepamopi 3a80aHb, NiOKPINI08A/ITbHOMY
MO0YJ ma 0ia102080MY MeHeOKepi.

Ocobnugy yeazy npuoiieHo MOOeN08AHHIO 3MIHU PiBHS 3HaHb Kopucmyeaua EXP(t) 3a donomozoro
cmoxacmuuHux OugepeHyianbHUX pPIBHSIHb, UL0 8paxosyromeb (aKkmopu egexmueHOCmI, uacy
8I0Nn08I0i, KLIbKOCMI NOMUNOK Ma 8Uunadkosux 36ypeHs. 3acmocy8aHHs. CMOXaACMUUH020 MEXAHIZMY
subopy 3a80aHb cnpusie nedazoiurill 8apiamueHocmi ma NIOMPUMUL MOMUBAUI.

Mooenv peanizoeaHo Yy 8u2nsdi CUMYASIMUBHOL KOMN'IOMEPHOL 2pu 3 MOAAUBICMIO OUIHKU
KO2HIMuUBHOI OuHAMIKU cmydeHma 8 peasibHomy uaci. Peaynemamu mMo0ento8aHHs niomeeporxyroman,
wo cucmema 30amHa adanmyeamucsi 00 PpIBHUX Npogpinie Kopucmysauig, 3abesneuyrouu
NepcoHaNi308AHY MPAEKMOPII0 HABUAHHSL ma cmabiibHe 3POCMAaHHsST 3HAHb HABIMb 30 YMO8
HecmabinbHoi ehpekmugHoCmi.

INoedHaHHS MmamemamuuHUx hopmManizayiil i3 NPOOYMaAHUM PYHKUIOHANbHUM i nedaz02iuHum
OusatiHom 00380.15€ Po32110amu 3aNPONOHO8AHY MOOENb SIK NePCneKMuU8HUL IHCmpYymeHm yugpoeoi
mpaHcgopmayii ocgimu.

Knrouoei cnoea: uam-6om, adanmueHe HAsUAHHs, Nedazo2iuHi aeeHmu, MAulUuHHe HasUaHHs, Q-

learning, eelimicpikayis, uyugposl mexHoNo2l, NepcoHani3ayis HABUAHHS, MamMemMamuyHe
MOOeN08AHHS, 0CBIMHE cepedosuuie, OU3ATIH.

Introduction of the issue. The rapid IIocTaHoBKa mpobaemHu. CrpimMKuii
advancement of digital technologies and | PO3BUTOK LHM(MPOBUX  TEXHOAOLIH Ta
the growing demand for individualization | 3pOCTaio4i BHUMOTH 1O iHAMBiAyaAisamil
in the educational process necessitate the | OCBITHBEOTO npornecy 3yMOBAIOIOTE
development of new pedagogical tools | HEOOXinHICTE _ CTBOPEHHHA HOBHX
capable of responding flexibly to learners’ | ICAATOTITHUX  IHCTPYMEHTIB,  3AATHHX
needs. In the context of digital | 330€3TEINTH THYYKe pearyBaHHA Ha
transformation, particular attention is noTpedH . 3n06yBatis OCBITH. By MoBax
drawn to software agents-chatbots that b poBoi 'TpaHCCbOpMaU;ll OCO6AHBO%

. . .. . aKTyaAbHOCTI HaOyBalOTh porpaMHi
simulate dialogic interaction and are !
areHTd — d4ar-00TH, g9Ki MOIEAIOIOTDH

increasingly integrated into educational
environments.

A review of recent literature confirms the
widespread implementation of chatbots in
e-learning systems and massive open
online courses (MOOCs), where they are
used to provide instant feedback and
reduce cognitive load [2]. Notably, chatbots
have shown a positive impact on engaging

[iaAOTOBY B3a€MO/IIO Ta AefaAil aKTHUBHIIIE
IHTErpyroTbCs B OCBITHE CEPEIOBHIIIE.
Anaaiz cydacHoi aiTepaTypH CBLI4YUTH
PO ILIMPOKE BIPOBAIXKEHHS 4YaT-00TiB ¥y
CHUCTEMU E€AEKTPOHHOTO HaB4YaHHA (e-
learning) Ta MacoBi BiIKpUTi OHAAHH-KYPCH
(MOOC), me BOHU BUKOPUCTOBYIOTBHCS OAS
HaJlaHHI MHUTTEBOTO 3BOPOTHOI'O 3B’I3KYy Ta
3HUKEHHHd KOTHITUBHOIO HaBaHTAaXKEHHS

students with low academic motivation [1;
9].

Within the framework of personalized
learning, adaptive educational technologies
are gaining increasing importance-these
include intelligent tutoring systems [5],
learning recommendation engines [7], and
adaptive content platforms. However, in
most existing systems, adaptation is
limited to adjusting the difficulty of
educational materials, without accounting
for the complex dynamics of interaction
between the learner and the system.
Furthermore, linguistic interaction as a
deeper means of learner engagement often

[2]. Bokpema, 3acgikcoBaHO MTO3UTUBHUMN
BIAUB 4aT-00TiB Ha 3aAyd4eHHd [0
HaBYaABHOI'O  IIPOlleCcy  CTYHAEHTIB i3
HU3BKOIO aKaJAeMiuHOI0 MOoTUBalli€mo [1; 9].

N KOHTEKCTI IIepCOHAaAi30BaHOIO
HaBYaHHA  BCe  OIiABIIIOrO  3HAYEHHS
HaOyBalOTh a[IAIITHBHI OCBITHiI TE€XHOAOTIT,
cepesl SKUX IiHTEAEKTyaAbHi TBIOTOPHU [5],
CHCTEMH HaBYaABHHUX PEKOMEHAallii [7] Ta
amanTuBHI maatgopmu. OgHak y 6iabIocti
3 HHUX azanTariga oObMeKyeThbCs
PETYAIOBAaHHAM CKAQJHOCTI HaBYaAbHOTO
Marepiaay, 0e3 ypaxyBaHHS KOMIIA€KCHOI
OVHaAMIKHU B3a€EMOii MiX CTYOEHTOM i
cucreMoio. BogHouac MoBHa B3aeMOZid SK
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remains underutilized by developers of
such platforms.

Gamified learning environments
represent another niche, demonstrating
increased student motivation and
engagement [3]. Nevertheless, the
integration of game-based mechanics

with intelligent conversational agents
remains underdeveloped. Equally
significant is the application of
mathematical modeling in educational
processes: cognitive models enable
prediction of learner actions, thus

supporting the optimization of adaptive
strategies [10; 11]. Yet, most current
chatbot implementations lack formal
approaches to user behavior modeling
through differential equations, stochastic

processes, or reinforcement learning
algorithms.

Despite advancements in artificial
intelligence, the majority of existing

educational chatbots rely on pre-scripted
logic with limited natural language
processing capabilities. Such designs
hinder deep adaptation to individual
learning trajectories. The behavioral
models of these bots are often built
empirically, leading to inconsistent
feedback, uneven task distribution, and a
lack of transparent adaptation
mechanisms.

Another unresolved issue is the absence
of multiparametric adaptive feedback that
reflects the complex dynamics of learning.
Only by combining stochastic models,
differential equations, and reinforcement
learning algorithms 1is it possible to
simulate authentic interaction
approximating natural knowledge
acquisition processes.

Therefore, the integration of adaptive
chatbots into learning environments calls
for a rethinking of the methodological
foundations of their design. A particularly
promising direction is the development of a
mathematically grounded model of a
pedagogical agent operating in a dynamic,
gamified learning context. Such a model
should account for individual learner
characteristics, simulate realistic system
behavior, and implement intelligent
interaction strategies through mechanisms
of adaptation and reinforcement.

3aci6 rAuOIIIOrO 3aHYpPEeHHsS B HaBYaHHS
4acTo 3aANNIAETHCH mo3a  yBaroio
PO3POOHUKIB TAKHUX CHCTEM.

Oxkpemy Hinry 3atiMaroThk reiMmicikoBaHi
OCBITHI CcepefoBUIA, SKi CIIPHUSIOTH
OigBUIIIEHHIO MOTHBAaLii Ta 3aAy4eHOCTi
cryneHTiB [3]. [Ipore moemHaHHS irpoBUX

€eAeMEHTIB i3 iHTeAeKTYaAbHUMU
iaAOTOBUMH areHTaMu BCe ie
3aAHMIIAcThLCa obOMexkeHMM. He  wMeHIn
BasKAUBUM € BUKOPHUCTaHHS
MaTeEMAaTHUYIHOIO MOIEAIOBAHHSI B
OCBITHBOMY IIPOIIECi: KOTHITHUBHI MOMEAi

[O3BOASIIOTH IIPOTHO3YBATH il CTyZAEHTa,
CITPHUSIOYH orrTuMi3arti afamrarii
kKoHTeHTy [10; 11]. IIpore B cydacHUX
peaaizaniax yaT-60TiB 6pakye hopMasbHUX
IIiIXO/AiB A0 OIIHCY IIOBEAIHKN KOPUCTyBada
4yepes CUCTeMH AU(EPEHIIaAbHUX PiBHAHD,
CTOXaCTUYHI IPOLECH YU aArOPUTMHU
IiJKPIIIAIOBAaABHOTO HaBYaHHS.

[Torrpu OOCATHEHHHA B TaAy3i IITYYHOTO
IHTEAEKTy, OIABILIICTH ICHYIOYHX OCBITHIX
4yaT-60TiB 0a3ylTbCa Ha CHeHapiax i3
3a3/aAerifib BHU3HAYEHOIO AOTIKOIO  Ta
obMezKeHOI0 OOpPOOKOI0 ITPHUPOAHOI MOBH.
Taka mnoOymoBa YHEMOXKAUBAIOE T'AHOOKY
ajanTalilo 00 IHAWBIAyaAbHHX OCBITHIX

TpaekTopii. IloBemiHKOBI Mojeai OOTiB
gacTo  (POpMYyIOTBCA  EMOIPUYHO, IO
IPU3BOAUTH 0 HEIIOCAITOBHOTO
3BOPOTHOTO 3B’3KY, HEPIiBHOMIpPHOTO

PO3MOoaiAy 3aBaaHb i BiACYTHOCTI ITPO30PHX
MexaHi3MiB HaBYaAbHOI afarmrrartii.

[ITe omHi€r0 HEBUPIIIIEHOIO MPOOAEMOIO €
BiZicyTHICTB OaraTomapaMeTpPUIHOrO
aalITUBHOI'O 3BOPOTHOIO 3B’IA3KY, IKUH OU
BimoOpazkaB CKAQOHY AUHAMIKy HaBYaHHSI.
Aunie mmoeqHaHHSI CTOXACTUYHUX MOJEAEH,
nudepeHIliaAbHUX PIiBHSIHBb 1 aATOPUTMIB
MiIKPIIAIOBAABHOTO HaBYaHHA [103BOALE
3MOJZIEAIOBATH  aBTEHTHYHY B3a€EMOJIIo,
HaOAMXKEHYy [0 TIIPUPOAHOTO  IIPOLIECY
3aCBOEHHS 3HAHb.

Orxke, iHTerpallis aZalTUBHUX YaT-
00TiB y HaBYaAbHE CEPEOBHUIIE BHMAarae
I€PEOCMHUCAEHHSI METOMOAOTIYHUX OCHOB iX
npoekTyBaHHS. OCOOAMBO ITE€PCIIEKTUBHUM
HaIpsgMOM € CTBOPEHHd MaTeMaTU4YHO
oOIpyHTOBAHOI  MOZEAl  MemZaroriyHOro
areHTa, gKUH QYHKI[IOHye B yMoOBax
OVHaAMiI9YHOTO HaBYaABHOTO CepeaoBHINA 3
refimipikoBaHMMH  eaeMeHTaMHu. Taka
MOJIEAB IIOBUHHA BpaxoByBaTHU
IHAUBiAyaAbHI XapaKTepUCTUKH 3100yBada
OCBITH, 3abe3reuyBaTH peasicTUIHY
IIOBEMIHKY CHCTEMH Ta peasizoByBaTH
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Aim of the research. The aim of this
article is to develop and analyze an
adaptive chatbot model functioning as a
pedagogical agent within a computer-based
educational game wusing methods of
mathematical modeling and machine
learning algorithms.

Current state of the issue. Recent
studies in the field of digital educational
technologies indicate a growing interest
in the use of chatbots as tools to support
learning. In particular, the works of R.
Winkler and M. Séllner [1], as well as W.
Holmes, M. Bialik, and C. Fadel [2],
justify the effectiveness of chatbots in
reducing cognitive load, increasing
learner engagement, and providing
continuous feedback in educational
environments. The  integration  of
chatbots in Massive Open Online Courses
(MOOCs) also demonstrates their
effectiveness in facilitating independent
learning in complex disciplines,
especially in STEM fields [11].

In parallel with the development of
chatbots, there has been active research
into adaptive learning systems such as

intelligent tutoring systems,
recommender systems, and adaptive
hypermedia environments. These

technologies are focused on personalizing
content based on an analysis of learners’
performance. For instance, C. Romero et
al. [12] emphasize the importance of
using learning analytics, artificial neural
networks, and big data to construct
dynamic models of the learning process.
However, the integration of such
technologies with conversational
interfaces remains limited.

Another major focus in modern
educational strategies is gamification,
which has proven effective in enhancing
learner motivation and engagement. As
shown in the study by J. Plass, B. Homer,
and C. Kinzer [3], game-based elements
— such as levels, scoring systems, and
dynamic feedback mechanisms — help
maintain attention and increase interest
in learning. These findings were further
supported by K. Matsumoto and Y. Kim
[13], who analyzed the effectiveness of
combining gamification with adaptive
chatbots in language learning. The

IHTeAEKTyaAbHi cTparTerii B3aemomii uepes
MexXaHi3MH ajarTallii Ta MiAKpinAeHHs.

MeTor0 cTaTTi € poO3pobKa U aHaai3
aarTUBHOL MoeAi 4gar-6oTa AK
IeJAarorivHOr0 areHTa B KOMIIIOTepHIil
HaBYaABHIH I'pi 3 BUKOPUCTAHHAM METOIB
MaTeMaTHYHOTO MO/IEAIOBAHHSI Ta
AATOPUTMIB MaIIIMHHOI'O HAaBYaHHSI.

AHaaiz ocTaHHiIX  mocaimxkens i
myOAikamiii. CyuacHi gocaizkeHHsT v cpepi
IMUPPOBUX OCBITHIX TEXHOAOTIH 3aCBiIYYIOTH
3pOCTalo4Mrii iHTEpeC 40 BUKOPUCTAHHS daT-
0oTiB K 3aco0y INATPUMKH HaBYaABHOTO
nportecy. 3okpeMa, y npargx R. Winkler i
M. Sollner [1], a Takoxk W. Holmes, M. Bialik
i C. Fadel [2] obGrpyHTOBaHO €(eKTHBHICTD
4ar-60TiB y  3HMIKEHHI  KOTHITHBHOTIO
HaBaHTasKeHHSsI, [IiIBUIIIEHHI 3aAyIE€HOCTI Ta
3abe3rieyeHHi IoCTitHOrO 3BOPOTHOIO
3B’I3Ky B OCBITHBOMY cepenoBuIli. /[locBin
BIIPOBaZKEHHSI 4aT-00TiB Y MacoBi BilKpUTi
oHAaMiH-Kypcu (MOOC) Takoxk 3acBigdaye
iXHIO PE3yABTATHBHICTH y CaMOCTiHOMY
BUBYEHHI CKAQOHUX OUCIIHTIAIH, 30KpeMa y
cepi STEM [11].

[TapareAbHO 3 PO3BUTKOM 4YaT-00TiB
BiOyBa€EThCSI  IHTEHCHUBHE  JOCAIKEHHS
CHCTEM aAIITHBHOIO HaBYaHHS, TAKHUX SK
IHTEAEKTYaAbHI TBIOTOPH, PEKOMEHAYIOYi
CUCTEMHM Ta AaJalTHUBHI  TinepMemiiHi
cepemoBuia. Lli TexHoaoTii OpieHTOBaHI Ha
IEePCOHAAI3AIlI0 KOHTEHTY Ha OCHOBI aHaAI3y

pe3yAbTaTiB HaBYaABHOI JISIABHOCTI
KopHucTyBada. Hampukaan, y  poboTi
C.Romero et al. [12] HaroaomeHo Ha
Ba>KAUBOCTi BUKOPHCTAHHS  HaBYaABHOL

aHAAITUKH, IITYYHUX HEUPOHHHUX Mepex i
BEAVWKHUX MaHUX [AS ITOOYOOBU AUHAMIYHUX
MozeAel HaBYaAbHOIO IIpollecy. BomHodac
CAiT 3a3HAYWTH, II0 IHTErpallis TaKHuxX
TEXHOAOTIH i3 uyar-iHTepdeticamMmu Hapasi
3aAUIIAETECH OOMEKEHOIO.

BHauyHy yBary B Cy4YaCHUX IiIXOAax [0
HaBYaHHS TaKOX IMIPHIAIA€HO redmidikariii,

dKa [JoBeAa CBOIO  e(EeKTHUBHICTb Y
OiIBUINIEHHI MOTUBAallii Ta 3aAy4eHOCTi
3no0yBadiB  oCBiTH. $K 3a3Ha4eHO y

nmocaimkenui J. Plass, B. Homer i C. Kinzer
[3], irpoBi eaeMeHTH — PiBHI, cucTeMa 0aaiB,
MeXaHi3MU JUHAMIiYHOTO 3BOPOTHOTO 3B’3KY
— CIHpHAIOTH ITABUINEHHIO yBaruk Ta
3alliKaBA€HOCTI B OCBITHBOMY IIPOILIECI.
[TomaawImi pe3yabTaTy OyAW MHiATBEPIKEHI B
poboti K. Matsumoto i Y.Kim [13], me
IpoaHaAi3oBaHO e(EeKTUBHICTh iHTerparii
refiMi(piKOBaHOTO MiAXOMy Ta aJaITHBHOTO
4yarT-00Ta y BHBYEHHiI iHO3EMHHX MOB.
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authors concluded that this integration
contributes to sustained motivation and
cognitive focus.

Despite progress in the fields of
gamification and adaptive learning,
mathematical modeling of the dynamics
of learning processes and user behavior
remains insufficiently integrated into the
development of educational chatbots.
While reinforcement learning algorithms
such as Q-learning are widely used in
gaming agents and robotics, they are
rarely applied in digital pedagogy
contexts. This research aims to bridge
that gap by combining mathematical and
stochastic models with intelligent
adaptation technologies.

Research Objective. The objective of
this study is to develop, mathematically
justify, and experimentally validate a
conceptual model of a pedagogical
chatbot functioning in an interactive
gamified learning environment. The
chatbot is conceptualized as a dynamic
learning agent capable of adapting the
complexity of learning tasks, adjusting
interaction strategies, and generating
personalized support based on the
individual learner profile.

A distinctive feature of the proposed
approach is the wuse of differential
equation systems to model knowledge
acquisition processes, stochastic
processes to account for individual
variability and unpredictable behavior
changes, and reinforcement learning
algorithms (Q-learning) to optimize
pedagogical influence.

Thus, the study seeks to integrate

formal models of learning process
dynamics with modern digital
technologies in order to build an

intelligent and personalized educational
tool. Special attention is given to the
pedagogical advantages of such a model,
including flexible adaptation to individual
learning styles, motivation support,
enhancement of feedback effectiveness,
and real-time interaction design.

Results and discussion. To implement
an adaptive learning approach, a
conceptual model of a chatbot was
developed that operates within a
simulated  educational environment

ABTOpPHU 3a3HayYalOTh, IO Taka KoMOiHallid
crpusie HiaATPUMaHHIO HaBYaAbHOI
MOTHBAIlil Ta KOHIIEHTpAaITii.

HeszBaskarounn Ha mporpec y cdepi
refimicdpikaltii Ta azanTUBHOTO HaBYaHHS,
MaTeMaTH4HEe  MOJECAIOBaHHA  OUHAMIKH
HaBYaABHOIO IIPOIIECY, & TAKOXK IIOBEMIHKU
KOpUCTyBada 3aAUMIAEThCSI HEOOCTATHEBO
iIHTETPOBaHUM Vy PO3POOKY OCBITHIX YaT-
6oTiB. 3acTocyBaHHS aATOPUTMIB
MiAKPITIAIOBAABHOTO HaB4YaHHsI, 30KpeMa Q-
learning, Xoua 1 aKTUBHO BUKOPUCTOBYETHCS
B IrpoBHX  areHTHUX CHCTEMax Ta
poOOTOTEXHIIl, PIAKO amanTyeTbCs [0
KOHTEKCTy IudpoBoi negaroriku. Came 1o
IIPOTaAVHY 4YacTKOBO IIparHe 3aIllOBHUTHU
3aIIpoIIOHOBAaHE B JaHii crarti
IOOCAIPKEHHsI, B $SKOMY MaTeMaTH4Hi Ta
CTOXaCTHUYHi MOJEAL [IOEIHAHO 3
TEXHOAOTIIMH 1HTEAEKTyaAbHOI afarrTartii.

MeTa AOCAiIZKEeHHS. Mertoro
J[OCAITZKEHHS € POo3poOACHHH, MaTeMaTHIHe
OOI'PyHTYBaHHA Ta  EKCIIEpHMEHTaAbHA
nepeBipKa KOHIIETITyaAbHO1 MOZIEAl
IearoriyHoro yar-06oTa, SKui OyHKIIOHYE B
iIHTepaKTHBHOMY HaBYaABHOMY CEpPEIOBUILL
3 reifimipikoBaHUMH eaeMeHTaMHu. YdaT-0oT
BUCTyIlIa€ SK [AUHaAMIYHUP HaBYaAbHUH
areHT, LI0 34aTE€H aJalTyBaTH CKAAQHICTB
HaBYaABHUX 3aBIaHb, 3MIHIOBATH CTPAaTerTii
B3aeEMO/il Ta TeHepyBaTH MHOIATPUMKY Ha
OCHOBI iIHAUBIyaAbHOTO ITpodiAto 3m00yBaya

ocBiTH. OCOOAMBICTIO  3aIPOIIOHOBAHOTO
oigxomy € BUKOPUCTAHHS CHCTEM
audpepeHITiaAbHUX PiBHSHB IS

MOJIEAIOBaHHSI IIPOLIECIiB 3aCBOEHHSI 3HAHDb,
CTOXaCTUYHUX IIPOLIECIiB [AsS BpaxyBaHHS

IHAVBIAyaAbHUX BIAMIHHOCTEH Ta
HemnepenbadyBaHUX 3MiH y  ITOBEIHIT
KOpHUCTYBa4a, a TaKOXK aATOPUTMIB

migKpinatoBaabHOro HaBdaHHS (Q-learning)
JAS OIITUMi3allii ITe1arorivyHOro BIIAUBY.

TarkuM YHUHOM, OCAIIZKEHHS CIIPSIMOBaHE
Ha iHTerpamiro (OPMAaABHHX  MOJAEAeH
OUHaMIKHA HaBYaABHOTO IIPOLIECY 3
Cy4JaCHUMH ITU(PPOBUMU TEXHOAOTIAMU 3
METOI0 CTBOPEHHS IHTEAEKTYaABHOTO Ta
II€pPCOHAAI30BaHOI0O OCBITHBOTO iHCTPYMEHTA.
OcobanBa yBara IPUIIAIETHCS
IIeNaroriyHrM IlepeBaraM TaKoro MiIXOmdy,
30KpeMa: THYYKIiN aframrrarii 110
IHAVBIyaAbHOTO CTHAIO HaBYaHHS,
HiATPUMITI MOTHBAIII], MM ABUIIIEHHIO
e(PeKTUBHOCTI  3BOPOTHOrO 3B’I3Ky Ta
BIIOCKOHAA€HHIO iHTepdelicy B3aeMozii Ha
OCHOBI peaAbHOTO 4acy.
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enriched with gamified elements. The
model emulates the behavior of a digital
tutor capable of real-time adaptation to
the individual characteristics of a
student. A key feature of the proposed
solution lies in the integration of
mathematical modeling of the learning
process with reinforcement learning
mechanisms, allowing for automatic
optimization of content delivery strategies
based on user performance. The model
was implemented as a scenario-based
educational computer game, which
enabled experimental validation of the
functionality and interactions of the
system’s core components.

The main objectives of the modeling
process were to assess the chatbot’s
ability to: dynamically adjust the
difficulty of educational content; adapt its
interaction strategy based on individual
user profiles; effectively apply
reinforcement learning (Q-learning) to
optimize pedagogical impact; respond to
stochastic factors inherent in real-world
educational processes (e.g., fatigue, loss
of concentration, random errors).

The implementation took the form of a
functional prototype developed in Unity,
with a mathematical core executed in
Python. This architecture allowed for the
simulation of learning sessions and
visualization of the user's knowledge level
(EXP) over time. The experiment utilized
the following types of data: synthetic
student profiles with three levels of initial
learning efficiency (high, medium, low),
defined by parameters 1, r, and ¢; system
variables including EXP(t), a(t), n(t), L(t),
Q(s,a), and Brownian noise as a
stochastic component; simulation
scenarios comprising three distinct EXP
growth trajectories under different
learning conditions, enabling evaluation
of system stability, progress speed, and
adaptivity.

During the development of the
experimental chatbot model, four
functionally interconnected modules were
identified, forming the architectural
foundation of the adaptive system. Each
module performs clearly defined tasks
and collectively supports a closed-loop
cycle of user interaction monitoring, data

Bukaanm oOCHOBHOro Martepiaay. 3
METOI0 peaaizallii agarTUBHOIO IIiAXOMy A0
HaBYaHHS OyAO PO3pPOOACHO KOHIIEIITYAABHY
MomeAab dYar-6ota, SKWUH (YHKIIIOHYE B

yMOBax CUMYABOBAHOTO OCBITHBEOTO
cepenoBHIIA 3 refimipikoBaHUMH
ereMeHTaMH. Mozeab iIMITye IIOBEMIHKY
1 POBOTO TBIOTOPA, 3/1aTHOTO
azfarnTyBaTUuCd 10 IHAVBiAyaAbHUX
XapakKTepUCTUK  CTYLEHTa B  PEXUMI

peaabHOro dYacy. OCHOBHOIO OCOOAHBICTIO
3aIIPOIIOHOBAHOIO PillIEeHHs € IIOEIHAHHS
MaTEeMaTHYHOTO MOJIEAIOBAHHSI HABYAABHOTO

Iporecy i3 MeXaHi3MaMu
HiIKPITIAIOBAABHOTO HAaBYaHHS, 1110 I03BOASE
aBTOMAaTHUYHO OIITHMIi3yBaTH cTparerii

HOJAaHHS MaTepiasy 3aA€KHO BiJ YCIIIIITHOCTI
KopHucTyBada. Peaaizalia Mogeai Maaa
dopMy KOMITFOTEPHOI I'PHU 3 €AeMeHTaMH
CIIEHApPHOTO HAaB4YaHHS, II0 I03BOAHAO
€KCIIEPUMEHTAABHO IIePEeBipUTH
(PYHKIIOHYBaHHS OKPEMHX KOMIIOHEHTIB
CUCTEMH Ta IXHIO B3AEMO/IIIO.

OCHOBHOIO METOI0 MOJIEAIOBaHHS 0yAO
IepPEBIPUTH 30ATHICTh YaT-00Ta: AUHAMIYHO

3MiHIOBaTH CKAQIHICTD HaBYaABHOI'O
KOHTEHTY; KOPHUIYBaTH CBOIO CTpPaTETiio
B3aeMoOAii Ha OCHOBI iHAWBIAyaABHHUX
XapaKTEepPHUCTUK KOPHCTyBada; e(eKTUBHO
BUKOPUCTOBYBATH HiIKPINAIOBAABHE
HaBuyaHHa (Q-learning) masa orrrumizartii
IIeIaroTiYHOIO  BIIAMBY; pearyBaTH Ha

CTOXaCTU4YHI (PAKTOPH, BAACTHBI pPeasbHOMY
OCBITHBOMY IIPOLIECY (HAIIPHUKAQZ, BTOMA,
BTpPaTU KOHIIEHTPAllil, BUIAKOBI IIOMHUAKH).

dopma peaaizariii Oysra obpaHa y BUTASIL
npototuily Ha Unity 3 MaTeMaTHYHUM S1POM
Ha Python, axuili no3Boage cuUMyArOBaTH
HaBYaAbHI cecii Ta BidyaaidyBaTh 3MiHHU
piBHA 3HaHb (EXP) y 4aci. B ekcriepuMeHTi
OyAM BHKOPHUCTaHI HACTYIIHI THUIIM MAHUX:
YMOBHI IpoiAi CTYZIEHTIB 3 TPhOMa PiBHIMU

II049aTKOBOI ePeKTHBHOCTI (BHCOKMHIA,
cepemHil, HU3BKHUM), HKi 3370aBaAlCh
nmapaMeTpamMu n,7,&; 3MiHHI MoieAl

(EXP(t),a(t),n(t),L(t),Q(s,a), BKAIOYHO 3
OpPOYHIBCBKHM IIYMOM SIK CTOXaCTHYHHM
dakTopoM); cleHapii MOJEAIOBaHHS (TPH
nocaimoBHOCTI 3poctraHHs EXP 3a pisHHUX
mapaMeTpiB  HaBYaHHS, II0 [A03BOAWUAU
OLIIHUTH CTAOIABHICTP, IIBUIAKICTBH IIPOTPECY
¥ aJalTUBHICTb CUCTEMH).

Y mpoiieci peaaizarlii ekcriepuMeHTaAbBHOI
MozeAai dar-0ora OyAO BHOIAGHO YOTHPHU
PYHKIIIOHAABHO B32a€MOIIOB 'I3aHi MO/IYAI, 1110
YTBOPIOIOTH apXiTEKTYPHY OCHOBY
afarnTUBHOI cucTeMu. KoKeH 3 HUX BUKOHYE
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processing, and content adaptation. The
system includes:

1. User State Analyzer — performs real-
time monitoring of the student’s learning
activity. Among the tracked parameters
are response accuracy, reaction time,
number of hints wused, and error
frequency. The collected data are
aggregated into a comprehensive user
profile s(t) €S, which reflects the
learner’s current cognitive state. This
module functions as the system’s sensory
input, providing the informational basis
for decision-making by other
components.

2. Task Generator — generates learning
tasks with an appropriate difficulty level
a(t) € R*, which is determined based on
the learner’s current performance
efficiency n(t). The difficulty level is
calculated using the differential equation:

Z—z = k1(n(t) — 0), where 6 — represents
the threshold level of efficiency
corresponding to optimal cognitive load.
Thus, this module ensures gradual
progression or simplification of learning
content in accordance with the user’s
individual learning dynamics.

3. Reinforcement Module -
implemented wusing the Q-learning
algorithm, this component serves as the
adaptive learning core. It interprets the
learning process as a Markov decision
process (MDP), in which the agent
(chatbot) seeks to maximize expected
cumulative reward by updating the Q-
function:

Q(s,a) < Q(s,a) + a[R + ymax,, Q(s',a’) — Q(s,a)],

where R - is the feedback (reward), y —is
the discount factor, and a — is the learning
rate. This module enables the chatbot to
adjust its pedagogical interaction strategy
based on user feedback and the history of
previous decisions.

4. Dialogue Manager — responsible for
the verbal interaction between the chatbot
and the learner. Its task is to adapt the
tone, style, and form of communication
according to the learner’s level of
preparation, the instructional context, and
feedback from other modules. Through this

YiTKO BHU3HAYEHI 3aB/IaHHd, 3a0e3Medyiodu
3aMKHEHUH IIMKA 300py, OOpoOku #
azarnralii HaB4aAbHOI iH(popMallii Ha OCHOBI
Oifi  kopucryBada. [lo CKaamy CHCTEMH
BXOISTB!

1. Aranizamop cmaHy Kopucmysaua
(User State Analyzer)— 30iliCHIOE MOHITOPUHT
HaBYaAbHOI aKTHUBHOCTI CTYAE€HTa B PEXUMI
peaabHOro uacy. Cepen IapaMeTpiB, IO
PEECTPYIOTRECA: TOYHICTH BiAmoBimel, dwac
peakilii, KiABKiCTh BUKOPHCTAHUX IIiIKA30K,
JacroTa TIOMUAOK. OTrpumani na”i
arperyrTbCcd B miaicHUH podiab
KopuctyBada s(t) €S, gakuii BigoOpakae
HOoro TIIOTOYHMM KOTHITUBHHH cTaH. Lleit
MOIYAB BUKOHYE (PYHKIIiI0 CEHCOPHOI'O BXOIY
CHCTEMH, HAAIOYU OCHOBY [AS IIPHHHATTI
pillleHb iHIITMMH KOMITOHEHTAaMM.

2. Tenepamop 3asdars (Task Generator)
— popMye HaBYaABHI 3aBOAHHS BiIIOBITHOTO

piBHA CKAQTHOCT1 a(t) € RY, AKUHN
BU3HAYAETHCS 3 ypaxyBaHHAM e(DeKTUBHOCTI
HaBYaHHa KopucrtyBada 17(t). PiBensb

CKAQIIHOCTi OOYHCAIOETBCH 3a JOIIOMOIOIO0
. . da
nudpepeHITiaABHOTO PiBHAHHS:—~ = k1(n(t) —
0), ne 6 — moporoBuil piBeHb e(PEKTHUBHOCTI,

1110 BiATIOBiAAE ONITHUMaABHOMY
KOTHITUBHOMY  HaBaHTaXKEHHIO. Takum
YHMHOM, MOAYyAb 3a0e3ledye IIOCTYIIOBE

yCKAaHEHHsI abo CIIPOIIEHHS HaBYaAbHOI'O
KOHTEHTY BIANIOBIIHO A0 IHAWBIAYaABHOTO
IIPOTpecy.

3. [TioxkpinnosanbHULL MO0y
(Reinforcement Module) — peanizoBanuii Ha
OCHOBiI  aATOPUTMY Q-learning, ek
KOMIIOHEHT BiZlirpa€e poAb aJaIllTUBHOIO

HaBYaAbHOIO dnpa. Bin  iHTepmnperye
HaBYaABHUIN IIPOLIEC UK MapKOBCBKHUH
AQHIIOT CTaHIB Ta AiH, y 9KOMYy areHT (J4art-
60T) mparHe MaKCHMI3yBaTH OYiKyBaHy

BUHAropozy depe3 OHOBAEHHS Q-yHKITii:

(1.1)

ne R — BeAMYmHa 3BOPOTHOTO 3B’A3KY
(BuHaropozaa), y — KoeillieHT AUCKOHTY, «
— INBUAKICTh HaB4YaHHsS. MOAYAbL 103BOASIE
KOPHUT'YBaTH HeJaroriyyy cTpaTerito
B3a€MO/ii Ha OCHOBiI 3BOPOTHOTO 3B’d3KY
KOpHCTyBadya Ta icTopili IIoIepenHix
piIlIeHb.

4. [ianoeosuii meHedxep (Dialogue
Manager) - BignoBimae 3a BepOasbHY
B3aeMogilo yar-6ora 3i crymerTom. Horo
3aBIaHHS — ajarTallis TOHY, CTHAIO Ta
dopmu KOMyHIKamii BiATIOBiAHO M0 pPiBHA
IiITOTOBKH, KOHTEKCTY HaB4YaABHOI
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dialogue interface, the user receives tasks,
hints, and explanations, effectively
transforming the chatbot into a personal
digital tutor.

All components operate within a unified
adaptive system with dynamic feedback
loops (see Figure 1), allowing for the
personalization of the educational process
based on accumulated learning analytics.

User State

Difficulty

cuTyallii Ta 3BOPOTHOTO 3B’S3Ky Bifl iHITHX
MO/YAIB. Cawme 4yepes [ianoroBuH
inTepdetic KOpPUCTyBa4d OTpUMYE
3aBOaHHs, ITiKa3KW Ta II0sICHEHHS, IO
IIePeTBOPIOE dYaT-00T Ha IIE€PCOHAABHOTO
U@ POBOTO THIOTOPA.

Bci KOMIIOHEHTH B3a€EMOMIIOTH ¥ Me3Kax
€OVHOI aJalITUBHOI CUCTEMHU 3 TUHAMIYHUM
3BOPOTHUM 3B’dI3KOM (pHC. 1), 110 103BOALE
IIepPCOHAaAi3yBaTH OCBITHIM IIpollec Ha
OCHOBi HAKOIIMYEHOI aHaAITHKH.

Task

Level

Analyzer Generator
A
Profile New
Data Task
¥
Reinforcement Dialogue
Module Interaction | Manager
Results
A
Profile Verbal
Data Interaction
4

Fig. 1. Architecture of an adaptive learning chatbot (modular structure)

The scheme illustrates a closed
adaptation loop in which the user's actions
are continuously analyzed, and the content
parameters and interaction strategies are
dynamically adjusted based on the
feedback received. This approach ensures
a high level of personalization in the
learning process and creates the
foundation for modeling the functionality of
a digital tutor.

At the initial stage of the study, the
structural framework of the adaptive
chatbot was implemented, integrating
multi-level information about the user's
cognitive and behavioral characteristics.

The interaction between functional
modules — the user state analyzer, task
generator, reinforcement module, and

dialogue manager - is realized through
standardized data transmission interfaces,
forming a unified adaptive environment.
Thanks to the modular approach, the
system achieves a high degree of flexibility,
scalability, and extensibility. The
coordinated operation of the modules
enables dynamic regulation of the learning

CxemMa [OEMOHCTPYE 3aMKHEHHM IIHMKA
aganrarnii, B gIROMYy [ii KOpHcTyBada
Oe3mepepBHO aHAAI3YIOTBCS, a IIapaMeTpu
KOHTEHTYy ¥ criocobu B3aeMomii AUHaAMIYHO
KOPUIYIOTBCH BiAIIOBIAHO OO OTPHMAHOTrO
3BOPOTHOTO 3B’SI3KY. Takuii T JIXIT,
3abe3rieuye BUCOKHI PiBEHb ITepPCOHAaAi3allil
HaBYaABHOI'O  IIPOLleCy Ta  CTBOPIOE
IepeayMOBU A MOJIEAIOBAHHS
PYHKITIOHAABHOCTI IIU(PPOBOrO THIOTOPA.

Ha mepmomy erami mocaimskeHHsT Gyao
peaaizoBaHO CTPYKTYPHY OCHOBY
amanTUBHOro 4ar-6ora, IO IOENHYE
pi3HOpPiIBHEBY iH(pOopMAIlil0 TPO KOTHITUBHI
Ta [IOBEAiHKOBI XapakKTePUCTUKH
KopucTtyBada. Baaemoisa pyHKITIOHAaABHUX
MOIOYyAIB — aHaai3aTopa cTaHy, TeHepaTopa
3aBJaHb, MiAKPIIAIOBAABHOTO MOOyASl Ta
[iaAOrOBOTO MeEHeKepa peaaizoBaHa
gyepes CTaHOapTU30BaHi inTepdeiicu
nepenadi maHux, IO (POPMYIOTH €OUHE
a/IaTITUBHE CEPENOBHUIIIE.

3aBASKHM MOILYABPHOMY MiAXOAY BOAAOCS
OOCSTTH BHCOKOI THYYKOCTI CHCTEMH, ii
MacurraboBaHOCTI Ta MOZKAHUBOCTI
IIOMIAABIIIOTO  PO3LIMPEHHS.  Y3ro[zKeHa
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material delivery strategy, which is a key
component of individualized learning.

To quantitatively describe the
interrelations between parameters of the
learning process, the model employs
mathematical modeling methods. The
following subsection provides a detailed
analysis of the mathematical formalization
of key dependencies that determine the
adaptive behavior of the system.

At the core of the proposed
mathematical model lies the function

EXP(t) - an indicator of the wuser’s
accumulated experience (knowledge),
which evolves over time under the

influence of interaction with the learning
agent. The change in this indicator is
modeled using a stochastic differential
equation, which makes it possible to
account for both systematic and random
factors inherent in the educational process:

dEXP(t) = [Bin(t) — Br(t) — Pse

where: n(t) — is the user's efficiency; r(t)
—is the response time; €(t) — is the quantity
of errors; o —is the parameter of stochastic
fluctuations; dW (t) Wiener process
(Brownian motion) that models random
disturbances (e.g., fatigue or loss of
concentration.

Such modeling makes it possible to
represent both the systematic growth of
knowledge and short-term regressions
caused by suboptimal learning conditions.

In parallel, the complexity level of the
learning task af(t), is defined and adapted
according to the user's performance:

a(t+1) =a()+8(0 —nt-1)
where 6 — is the target performance, § —
is the adaptation coefficient, 7 — is the
response delay, ¢(t) — is stochastic noise
that introduces variability into the
adaptation mechanism.

Additionally, the user’s performance n(t)
is calculated as a weighted index that
considers accuracy, response time, and the
number of hints used:

n(t) = wy - Accuracy + wy - (1 — "

poboTa 3a3HaYeHUX MOAYAIB 3abesmedye

OUHaMidHe peryAroBaHHS cTparerii
IIOJAaHHS HaBYaABHOTO MaTepiasy, IO €
KAIOYOBUM €AEMEHTOM

IHAUBiAyaAi30BaHOTO HABYAHHSI.
Jasi KiABKICHOTO OIINCY B3a€MO3B’d3KiB
MizK mapaMeTpaMu HaBYaAbHOTO IIPOIIECY B

MOJIeAL Oyao 3aCTOCOBAaHO METOaH
MaTEMAaTUYHOI'O MOIEAIOBAHHL. N
HaCTYITHOMY HiApo3aiai IIETAaABHO

PO3rASHYTO MAaTeMaTH4HYy QopMaaizalliio
KAIOUOBHX 3aA€KHOCTEM, 110 BH3HA4YAIOTh
alalITUBHY OBEIiHKY CUCTEMHU.

N IIEHTPi 3aIIpOIIOHOBAHO]
MaTeMaTHYIHOI MOZeAl 3HaXOAUTHCS
dyuKLig EXP(t) — MoOKa3HUK HAKOITMIEHOTO
OOCBiay (3HaHB) KOpPHUCTyBaya, 10
3MIHIOETECA B 4aci IIifl BIIAUBOM B3a€MOJIii
3 HaBYaABHUM areHToM. 3MiHa IIBOTO
IIOKa3HUKa MOJEAIOETBCS 3a I0IIOMOTOIO
CTOXaCTUYHOTO nudepeHIliaAbHOTO
PiBHAHHS, IO [03BOASIE BpaxyBaTH S$K
CUCTEMATHUYHI, TaK 1 BHIIAAKOBI YHHHHKH
OCBIiTHBOTO ITPOIIECY:
t)ldt + o dW(t), (1.2)

ne: n(t)— edeKTHUBHICTE KOPUCTyBada;
r(t) - 4wac BignoBimi; €(t) KIABKICTB
IIOMHAOK; O rnapaMeTp CTOXaCTHYHUX
KoAamMBaHB; dW(t) — BiHepiBChRKUU MpoIec
(6bpoyHiBCBKMi PYX), 10 MO/IEAIOE
BUMAAKOBI 30ypeHHS (HAOPHUKAAL, BTOMY
abo BTpaTy KOHIIEHTpPAILLii).

Taxke MOIEAIOBaHHS JI03BOALE
BimoOpazkaTH K CUCTeMaTU4YHe 3POCTaHHS
3HaHb, TakK 1 KOPOTKOYACHI perpecii,
CHIPHUYUHEHI HeiJeaAbHUMH  yMOBaMH
HaBYaHHS.

[TapaseabHO BH3HAYAETbCS  piBeHb
cKiadHocmi HaeuaibHo20 3ae0aHHs a(t),
AKUH aJanTyeTbCcd BIAIOBIAHO [0
e(peKTUBHOCTI KOpHUCTyBa4a:

)+ &), &) ~N(0,0%). (1.3)

e 6 IiAboBa ePEeKTUBHICTh, 06—
KoedillieHT aganTarti, Tt 3aTpUMKa
pearyBaHHd, a §(t) — CTOXaCTHYHUU LIyM,
110 BBOAMWTH BapiaTHBHICTE y MEXaHi3M
agarrartii.

Oxkpim 1BOTO, egpexmugHicmo
Kopucmysaua n(t) Ppo3paxoOBYeETbCS SK
3Ba>KEHHUM  IIOKA3HWUK, 110 BpPaxoBYyeE
TOYHICTB, IIBUAKICTD BiAIIOBiAl Ta KiABKICTH

BUKOPHCTAHUX ITIJKA30K:
r(t) h(®)
) +ws - (1- ),

max

(1.4)

max
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where h(t) —is the number of hints used,
wi, Wy, w3 — are weighting coefficients (their
sum equals 1).

The change in the user's discrete level L(t)
is determined based on reaching specific
knowledge thresholds:

L(t-1)+1,
Lo ={{ )

To ensure pedagogical flexibility and
maintain motivation, the model
incorporates a probabilistic selection of the
next task from a set of available ones:

ne h(t) — KIABKICTP BHKOPHCTaHHX
MiIKa30K, Wi, W,, W3 — BaroBi Koedilli€eHTH
(cyma grux gopiBHIOE 1).

3MiHa JuckpemHoz0 pigHsL Kopucmysaua
L(t) Bu3Ha4YaeThCd Ha OCHOBI JOOCSITHEHHS

IIEBHUX HOpOI‘iB 3HaHBb:
if EXP(t)2A,,

1.5
else. (1.5)
JAVN: ¢ 3abe3rnedyeHHs IegaroriyHoi
THYYKOCTI Ta 30epexkeHHs MOTHUBAllil

MOZleAb BpaxOBy€ UMOBIipHIiCHUH BHOIp
HaCTYyIIHOTO  3aBAAaHHSI 3  MHOXUHHU
MOZKAWBHX:

p — _exp(Cla® - al)
LTS e (-la® - ajl)’

where «a; — is the complexity of task i, a
P; — is the probability of its selection. This
approach (based on the softmax function)
helps retain an element of variability and
avoid monotony in learning.

Collectively, these components form the
mathematical framework of an adaptive
system that not only responds to changes
in user behavior but also predicts the
further trajectory of learning. The
application of stochastic models and
differential equations creates the
foundation for implementing an intelligent
learning environment with a high degree of
personalization.

To enable dynamic behavior control of
the chatbot under uncertainty in the
learning process, the Q-learning algorithm
was employed—one of the fundamental
approaches in Reinforcement Learning.
This method allows the agent (in this case,
the chatbot) to learn optimal strategies
based on accumulated experience from
interacting with the user.

In the developed model, learning is
viewed as a sequence of interactions
between the agent and the environment,
represented by the user's current state.
The state space (S) includes such
characteristics as knowledge level (EXP),
effectiveness (1), number of mistakes,
response time etc. The action space (4)
includes options such as adjusting task
difficulty, providing a hint, changing the
dialogue style, offering a content review,
and so on.

The core function optimized by the agent
is the OQ-function, which represents the
expected value of the cumulative reward:

(1.6)

o€ q; — CKAA[HICTh 3aBHaHHA [, a P; —
HMOBIipHicTE #ioro Bubopy. Takmii miaxin
(Ha ocHOBI softmax-dyHkiiii) mo3BoasEe
30eperTd eAeMeHT  BapiaTUBHOCTI #
YHUKHYTHU OJHOMAHITHOCT] y HaB4YaHHi.

Y cyKyImmHOCTI 1Ii KOMIIOHEHTH (POPMYIOTH
MaTeMaTUYHHUN Kapkac aarTHBHOI
CHCTEMH, III0 JO3BOASIE HE AHUIIIE pearyBaTH
Ha 3MiHH y IIOBEiHIII KOpPHUCTyBada, a #
IIPOTHO3YBAaTU  IIOJAABILIy  TPAEKTOPIIO
HaB4YaHHA. 3acCTOCYBaHHS CTOXaCTUYHUX
ModeAelt Ta mudepeHIiacbHUX pPiBHAHD
CTBOPIOE IIEPEAyMOBH [OAsl  peaaisartii
IHTEAEKTYaAbHOTO HaB4YaABHOTO
cepemoBHIlla 3 CTyIIEHEM
ImepcoHaaizariii.

3 METOI0  peaaizamii  AUHAMIYHOTO
yIIpaBAiHHS MMOBEIIHKOIO YaT-00Ta B yMOBax
HEBU3HAYEHOCTI HAaBYaABHOIO IIpPOIlecy Oyao
3aCTOCOBaHO aaroputM Q-learning — oguH i3
b6azoBux HiIXOiB HiIKPIIIAIOBAABHOTO
HaByaHHsa (Reinforcement Learning). Lleit
METO/I IO3BOASIE aT€HTY (B JaHOMY BHUIIQIKY —
4aTt-60TYy) HaBYaTUCS OIITHMAaABHUM
cTpaTeriaMm OiH, OPIEHTYIOYHCH Ha
HaKOIMUYeHUH JIOCBi B3aeMoIii 3
KOPUCTYBa4eM.

Y  po3pobaeHiEi = MomeAi = HaBYAHHS
PO3TASIIAETECA K TIOCAIJOBHICTL B3a€EMOIN
MixK areHToM i CepenoBUIIIEM,
IpeaCTaBACHUM IIOTOYHUM CTaHOM
KopuctyBada. [Ipoctip cmaHig (S) BRArodae
TaKi XapaKTEpPUCTUKH, $SK piBeHb 3HaHb
(EXP), edpbeKTUBHICTS (17), KIABKICTB TIOMHAOK,
4yac Bianosiai Touo. IIpocTip 0Oiil (4) MiCTUTH
BapiaHTU: 3MIiHUTH CKAQHICTh 3aBIaHHH,
HaZlaTU IIiAKa3Ky, 3MiHUTH CTHAB [iaAory,
3aIIpOIIOHYBaTH IIOBTOPEHHS  MaTepiaAy
TOLLIO.

OcHoBHa QyHKIS, 9Ky HaMmaraeTbcs
OIITHUMI3yBaTU areHT — Ie Q-pyHKUi dK
O4iKyBaHe 3Ha4Ye€HHSI CyMapHOi BUHArOpPOIH:

BHCOKHM
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Q(s,0) = Q(s,@) +a[r+ymaxQ(s,a) - Qs @)]

where s — 1is the current state of the
user; a — is the selected action; r — is the
received reward (e.g., the user’s correct
response); s’ is the new state after
performing the action; a — is the learning
rate; y - is the discount factor (the
importance of future rewards).

The accumulated Q-function values are
stored in a table that is continuously
updated during the learning process. After
each interaction step, the chatbot analyzes
the user's state transition and adjusts its

actions accordingly in  subsequent
episodes.

To initialize learning, an e-greedy
strategy was employed, allowing the

system to balance between exploring new
actions (exploration) and exploiting already
optimal ones (exploitation). This is
especially crucial in educational systems,
where different wusers exhibit unique
behavioral patterns.

Simulations confirmed that as the
number of episodes increases, the agent
gradually improves its interaction strategy:
the number of incorrect responses
decreases, the task selection becomes more
efficient, and the difficulty level stabilizes.
The convergence of the Q-learning
algorithm is ensured under standard
conditions of € decay and fixed learning
coefficients.

Thus, integrating Q-learning into the
chatbot's architecture enables the creation
of an intelligent environment capable of
self-learning, adaptation, and  the
refinement of interaction strategies
depending on the dynamics of the user’s
learning progress. The next section will
present the simulation results, specifically
analyzing how  system  parameters
influence the learning trajectories over
time.

To evaluate the effectiveness of the
proposed adaptive model, a simulation of
the learning process dynamics was
conducted within a conditionally created
environment that reflects the interaction
between a student and the chatbot. The
primary performance metric tracked
during the simulation was the user's

(1.7)

[e: s — IOTOYHUH CTaH KOPUCTyBada; a —
BuUOpaHa [mig; r — oTpUMaHa BHHAaropoaa
(HampukAam, IIpaBUABHA BIOIIOBLOL
KOpHUCTyBaua); S HOBHUHM CTaH IIicAs
BUKOHAHH4 [ii; ¢ — IIBUAKICTL HaBYaHHS
(learning rate); y — KoeillieHT AUCKOHTY
(BasKAMBICTE MaHOyTHIX HATOPOL).

Hakonnueni 3Ha4YE€HHA Q-dynkitii
30epiraroTecsa y TabAUIl, dKa MTOCTIiHHO
OHOBAIOETBHCS B Ipolleci HaBuaHH4A. [licas
KOJKHOTO KPOKY B3aeMO/ii yaT-00T aHaAizye
3MiHy CTaHy KOpPHCTyBada Ta BiAIIOBiIHO
KOPHUIY€E CBOI Aii B IIOJAABIINX €I1i300aX.

JAVN:: iHiiaaizarrii HaB4YaHHS
BUKOPHUCTOByBaAacs cTpareris e
skanibHoro  momyKy — (e-greedy), gka

[03BOASIE DaraHCYBaTH MiXK JIOCAIIKEHHIM
HOBUX [ili (exploration) Ta BUKOpUCTaHHIM

BXe€ OITHUMaAbHUX (exploitation). Ile
0COOAMBO  Ba’XKAUBO Yy  HaBYaABHHUX
CHUCTEeMAaX, e pizHI KOpHUCTyBadi

OEMOHCTPYIOTH YHIKAaABHI CTHAI ITOBEOIHKU.

Y xoni cumMyasiii 6yAo IIiATBepIKEHO,
1110 i3 3POCTaHHSIM KiABKOCTI €I1i30/IiB areHT
IIOCTYIIOBO ITOKpAIIy€ CTPATETiI0 B3aEMO/III:
3MEHIIYEThCH KIABKICTH HEIIPaBUABHHUX
peakiiiii, 3poctae e(EeKTUBHICTE O000pPY
3aBJaHb, cTabiai3yeTbCa piBEHB
ckaagHocTi. 30iKHICTE aaroputMmy Q-
learning 3abe3nmedyyeTbcd OpU OOTPUMAaHHI
CTaHOAaPTHUX YMOB 3MEHINIeHHd € i dpircarrii
KoedilieHTiB HaBYaHHSI.

Takum yuHOM, 3acTocyBaHHs Q-learning
y CTPYKTYpPi yar-6oTa JIO3BOASIE
peaaidyBaTH iHTEAEKTyaAbHE CEPENOBHIIIE,
31aTHE [0 CaMOHaBYaHHd, ajamTallii Ta
BIOCKOHAA€HHd CTpaTerii B3aeMozii B
3aA€KHOCTI BiJ [AWHaAMIKM HaBYaABHOTO
oporpecy KopucryBada. Y HaCTYIIHOMY
minpo3aiai Oyme PpoO3TASHYTO pe3yAbTaTH
MOJZIEAIOBAHHS — 30KpeMa, fK IlapaMeTpu
CHUCTEMH  BIIAMBAIlOTH Ha  TpaeKTopil
HaB4YaHHS y 4aci.

3 METOI0  OLIHKH  e(EeKTUBHOCTI
3alIPOIIOHOBAHOI aAAaIlITUBHOI MoOzeAi OyAao
IIPOBENEHO CHUMYAdIliiHE MOAEAIOBaHHS
OUHaMiK1 HaBYaABHOI'O IIPOIECY B YMOBHO
CTBOPEHOMY CEepPeIOBHII, IO BimoOpazkae
B3aEMOII0 MiXK CTyZEeHTOM i dYaT-00TOM.
OcCHOBHUM ITOKa3HUKOM, 110
BicTEeXyBaBCs BIIPOJOBXK MOEAIOBAaHH,
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knowledge level — EXP(t), as a function of
time.

To demonstrate the adaptive potential of
the model, three scenarios were simulated,
corresponding to different levels of initial
user efficiency:

1. High efficiency level (npign) - the
student learns quickly, rarely makes
mistakes, and seldom uses hints.

2. Medium efficiency level (Nmeq) — the
student occasionally makes mistakes,
utilizes assistance, and learns at a
moderate pace.

3. Low efficiency level (n,,w) — the
student shows unstable performance,
frequently requires support, and responds
with delays.

Based on the mathematical model, three
knowledge growth trajectories EXP(t) were
generated, representing changes in user
knowledge over time for each profile
(Figure 2).

High efficiency (n=0.9)
| —— Medium efficiency (n=0.7)

15.0 -
—— Low efficiency (n=0.4)

125}
10.0f
7.5}

5.0

EXP(t) — piBeHb 3HaHb

251

0.0r

OyB piBeHb 3HaHb KopucTyBada — EXP(t), K
(yHKIIig Jacy.

JAVN: JeMOHCTpaIrtii aarITUBHOTO
MIOTEHIIiaAy MoeAi OyA0 3MOEABOBAHO TPU
ClLieHapii, 1110 BiAIOBiIAI0OTH Pi3HUM pPiBHSIM
II0YaTKOBOI e(peKTHBHOCTI KOpUCTyBaya:

4. Bucokuil pigeHb egexmusHoCmi
(Mhign) — CTYHEHT IUBHUAKO  3aCBOIOE
MaTepiaa, piIKo AOIIyCKae IIOMHUAKHU, PiIKO
BUKOPUCTOBYE IiIKA3KH.

S. CepeoHiii pigeHb egexmusHoCmi
(Mmed) - CTYHEHT IePioaANYHO
IIPUIIYCKAETHCA IIOMHAOK, BHKOPHCTOBYE

[OIIOMOTY, HaBYa€TbCSI 3  IIOMIipHOIO
HIBUOKICTIO.
6. Husbkuii pigeHb egexmusHocmi

(Mow) — CTYmEHT neMOHCTpye HecTabiabHI
pe3yAbTaTH, 4YacTo IIoTpedye IIATPUMKH,
pearye i3 3aTpuUMKaMH.

Ha ocHoBi MarematudHOl Momeai OyAao
3r€eHEPOBAHO MPU MPAEKMOPii 3POCMAHHS
EXP(t), mo BimoOpaxkaroTb 3MiHy pPiBH4
3HaHb y 4Yaci [Oasg KOXKHOTO 3 IIpodiaiB
(puc. 2).

0 10 20

30 40 50
Yac (t)

Fig. 2. Dynamics of knowledge level EXP(t) for three user types: high, medium,
and low efficiency

The simulation results revealed the
following features:

- At a high level of efficiency, the
knowledge level increases rapidly and
monotonically; the trajectory displays only
minor fluctuations, indicating stable
material acquisition.

PesyapTaT MOZEAIOBAHHHA 3aCBiIYUAU
Taki 0coOAMBOCTI:

- Ilpu eucokiii ecpekmusHocmi piBEHb
3HaHb 3pOCTa€ IIBUAKO i MOHOTOHHO,
TpaeKTOpisa LOEMOHCTPYE He3Ha4Hi
daykrTyarii, mo cBigY4UTHL IIpO crabisbHE
3aCBOEHHI MaTepiaay.
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- With a medium efficiency level,
knowledge growth is slower, and the
trajectory contains local oscillations, which
may be caused by stochastic influences—
such as fluctuations in attention or
external distractions.

- In the case of low efficiency, the EXP(t)
curve exhibits pronounced periods of
stagnation or even temporary regression,
indicating difficulties in mastering the
material. At the same time, due to the
adaptation of task complexity and support
provided by the chatbot, a slow upward
trend is still maintained even under such
conditions.

In addition to knowledge dynamics,
changes in the complexity level of the
educational content a(t), were also
tracked, illustrating how the system
responds to user progress or difficulties.
According to the simulation results,
complexity adaptation proved effective:
students with higher efficiency were
assigned increasingly challenging tasks,
whereas students facing difficulties
received simplified assignments to help
stabilize the learning process.

Thus, the modeling results confirm that
the proposed system is capable of
dynamically responding to the learning
situation, maintaining flexibility, and
facilitating gradual knowledge growth—
even under conditions of unstable user
behavior. To better understand the
mechanisms that ensure such adaptivity,
it is worthwhile to analyze the principles
behind adjusting the complexity of learning
content, as this is one of the key tools of
personalization.

One of the core personalization
mechanisms in the adaptive chatbot is the
system for regulating the complexity of

educational content based on the
dynamics of user performance. This
adaptation helps to avoid both cognitive
overload and boredom, thereby
maintaining an optimal challenge level
essential for sustaining learning
motivation.

The adaptation mechanism is based on
analyzing an integrated efficiency indicator
n(t), which is calculated after each task
and considers the following factors:
accuracy of completion (percentage of

- 3a cepedHbo20 pigHSL epeKmusHOCMI
OpupicT 3HaHbP € I[OBIABHIIINM, a
TPaEKTOPis MICTUTHL AOKAaAbHI KOAMBaHHS,
gKi MOXKYTb OyTu CIIPUYHHEH]
CTOXaCTUYHHUMHU BIIAMBaMH — 3MiHaMH
yBaru abo 30BHIIIIHIMHU BiIBOAIKaHHSIMH.

- Y BUIaAKy HU3bLKOI egexmusHoCcmi
kpuBa EXP(t) mMae BupaxkeHi nepionu
crarHanii abo  HaBITH TUMYacOBOIO
perpecy, L0 CBiJ4YUTH [P0 TPYOHOLU ¥
3aCBO€HHI Marepiaay. BomgHouac, 3aBagaku
aganTarmii ckaamHOCTI Ta MiATPUMIN 3i
CTOPOHH 4YaT-00Ta, HaBiTh y TAKUX yMOBax

30epiraeTnbcs [IOBIABHUT IIO3UTUBHUU
TPEHM.

KpimMm pgmHamikm 3HaHB, QikcyBasacs
TAKOIK 3MiHa piBHA CKAQIHOCTI
HaBYaABHOTO KOHTEHTY a(t), 10
JEMOHCTPYy€E, SK CHCTeMa pearye Ha
nporpec abo TPYyAHOII KOpHUCTyBauda. 3a
pe3yabTaraMu CHUMYASIIII], ajarTalisa
CKAQIHOCTI BUAIBUAACHA e(pEeKTUBHOIO:
CTYHAEHTH 13 BUIIOIO  e(PEeKTUBHICTIO
OTPUMYBaAM 3aBAAaHHS 31 3pPOCTAl0YuM

piBHEM BHKAUKY, TOLAi S$SIK CTYAEHTH 3

TPYAHOIIIAMH — OTPUMyBaAu 3aBJaHHS,
CKOPHUTOBaHi Ha CITPOILIEHHS AL
crabiaizartii HaBYaHH4.

Takum YUHOM, pe3yAbTaTH
MOIEAIOBAHHI HiATBEPIKYIOTh, 1110
3aITpoIIoOHOBaHAa cucreMa 3aaTHa
OUHAMIYHO pearyBaTH Ha HaBYaABHY

cutyailito, 306epiraTd THYYKIiCThb i CIIpUATH
IIOCTYIIOBOMY 3POCTaHHIO 3HAHb HaBiTh 3a
YMOB HecTabiabHOI TIOBEIHKU
KopucTtyBada. [Iad TAHMOIIOro po3yMiHHS
MeXaHi3MiB, 110 3a0e3IeYyITh TaKy
aarnTUBHICTh, MOOIIABHO IIpoaHaAi3yBaTU
IIPUHIIUIIN 3MiHU CKAQIHOCTI HABYAABHOTO

KOHTEHTy HgK OIOHOTO 3  KAIOYOBUX
IHCTPYMEHTIB ITepCoHaAi3allii.
OgHuMm i3 KAIOYOBHX  MeXaHi3MiB

mepcoHaaizarii B aanTuBHOMY 4aT-00Ti €
cucreMa PETyAIOBaHHS CKAQTHOCTI
HaBYaABHOI'O KOHTEHTY BIiANOBIAHO MO0
OUHaMIiKHN YCIIITHOCTI KOpUcTyBada. Taka
ajanTallia  J03BOASE  YHHUKHYTH 9K
IIepeBaHTaKEHHSI, Tak i HyOBTH,
3abe3rieuyodyn TakK 3BaHUU ONTHMaAbHUH
piBeHBb BUKAUKY, HeoOXimHui IIAS
OiITPUMKH HaBYaAbBHOI MOTHUBALIIi.
MexaHnisM apanTallii I'PyHTYETBCS Ha
aHaaisi IHTETPaAbHOTO IIOKa3HUKAa
epeKTUBHOCTI 7)(t), IKUil 00YHUCAIOETBCS 3a
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correct responses), response time, number
of hints used, number of errors made.

Based on the value of n(t) it is compared
to two thresholds: Upper threshold (ypper)
— if exceeded, the system increases the
difficulty of the next task; Lower threshold
(Mower) — if the value is below this, the
difficulty decreases; Stability zone — if n(t)
lies between the thresholds, the difficulty
remains unchanged.

The adjustment of complexity a(t)
follows the formula:

pesyabTaTaMH  KOXKHOI'O  3aBJaHHS 3
ypaxyBaHHSM TaKHUX (PaKTOPiB: TOYHICTH
BHKOHAaHHS (BimcoTok IIpaBUABHHUX
BigmoBizme#); 4Yac BIANOBIAl; KiABKICTh
BUKOPUCTAHUX IIiIKAa30K; KIABKICTB
IIOMHAOK.

Ha ocHoBi 3HadeHHd 7)(t)BUKOHYETHCS
IOPIBHAHHS 3 ABOMAa IIOPOTaMU: BepXHill
nopie (Nypper) — AKIIIO IIEPEBUIIIEHO, CHCTEMA
YCKAQOHIOE HACTyIIHE 3aBIAaHHS; HUIKHIU
nopiz (Mower) — 9KIIIO 3HAYEHHSI MEHIIIE 3a
IOopir, CKAAQOHICTH 3MEHIIYETBCS; 30HA
cmabinbHocmi — grRImE 1(t) 3HAXOOAUTHCH
MiK [IOpPOTaMH, CKAAQIHICTh 3aAHMIAETHCS
HE3MiHHOIO.

3MmiHa ckaamHOCTI a(t) BUKOHYETBHCH 3a

dopmyaoro:

a(t) + Aa, if n®) > Nupper
at+1) =qa(®) —Aa,  if () < Mower (1.8)
a(t), else
Moreover, to preserve an element of Kpim Toro, mass 30epekeHHs eAeMEHTY
variability and prevent predictability, a | BapiaTuBHOCTI Ta 3amobiraHHs
stochastic component is introduced into the | nepengbauyBanocti, y mpoliec BuUOOPY
task selection process. Even within a single | 3aBzaub BBEIEHO cmoxacmuuHuil

level of difficulty, the system has a pool of

options and selects a specific task
randomly, according to a probabilistic
distribution:

2

where P; — probability of selecting task i;
a; — complexity level of task i; a(t) — target
complexity level; ¢ — variability parameter;
Z — normalization coefficient.

This mechanism allows the system not

only to reflect the learner’s current state
but also to maintain pedagogical
flexibility—occasionally offering slightly
easier or more difficult tasks to reinforce
learned material or stimulate cognitive
engagement.
Figure 3 illustrates the decision-making
flowchart for adapting task complexity in
the educational chatbot. It shows the
sequence of steps from data collection to
task selection.

KomnoHeHm. HaBiTb y Mexkax oJHOT'0O piBHHA
CKAQIHOCTI cucTeMa Mae Habip BapiaHTIB i
obupae KOHKpETHE 3aBOaHHS BHIIAIKOBUM
YUHOM, 3 ypaxyBaHHAM IMOBIpPHICHOTO
po3noiay:

(1.9)

ne: P; — iMOBIipHiCTE BHOOPY 3aBOaHHS i
Q; — CKAQIHICTE 3aBOaHHd i; a(t) — baxkaHa
CKAQMHICTh; 0 — IIapaMeTp BapiaTUBHOCTI;
Z — HOpMaaizamiiHu# KoeillieHT.

Ileit wMexaHI3M [JO3BOAIE HE AHIIE

BpaxoByBaTH IIOTOYHUM CTaH
KOpHCTyBada, a ¥ 30epiraTu memgaroriyHy
THYYKICTB IIPOIOHYBaTH IHOAI TPOXHU
npocrimri abo CKAaoHINII 3aBOAHHS [AS
3MIIHEHHd 3aCBOE€HOrO Martepiaay abo
CTUMYASIIIi KOTHITUBHOI aKTUBHOCTI.
Ha puc. 3 HaBemeHo cxemMy NpHUUHATTS
pillleHHS MO0 AajanTalii CcKAagHOCTi
HaBYaABHOTO KOHTEHTy B uaT-00Ti. BoHa
OEMOHCTPYE IIOCAIIOBHICTL KPOKiB: Bif
300py maHuUX [0 BHOOPY HACTYITHOTO
3aBIaHHS.
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[ Collect performance data]

|

.

[Evaluate effectiveness n( t)]

Integral
performance
score

Decrease
difficulty

Choose
the hext task

+ Accuracy
* Response time
* Hints

*Errors

Stabilitiy
Zone
Stability zone

Decrease
difficulty

!

Y

Choose the next task }7

v

Y

.

’* Stochastic selection
within difficulty level

Fig. 3. Flowchart of task complexity adaptation in the educational chatbot

The Flowchart clearly illustrates the
decision-making algorithm within an
adaptive chatbot system concerning the
adjustment of task difficulty based on the
user's learning performance.

The process begins with the collection of
data on the results of the previous task,
including the following key indicators:
accuracy (percentage of correct answers),
response time, number of hints used, and
the number of errors made.

These parameters are integrated into a
generalized performance indicator 7(t),
which is then compared against two
threshold values 7ypper (the  high-
performance threshold) Ta nower (the low-
performance threshold).

Based on this comparison, the system
decides whether to increase the task
difficulty (akmon(t) > Nypper), decrease it
(if n(t) < Mower), Or maintain the current
level (within the stability zone).

Once the target difficulty level a(t + 1),
is determined, the system selects the next
task. At this stage, a stochastic selection

CxeMa HaOYHO [OEMOHCTPYE AaATOPUTM
OPUUHSTTS PillleHb ¥ CUCTEMI aJalITUBHOTO
yar-6oTa L1010 3MiHU CKAQIHOCTI
HaBYaABHOTO 3aBIaHHS BIAIIOBIIHO [0
e(peKTUBHOCTI HaBYaHHS KOPUCTyBaya.

[Tpo1rec po3royrHaEThCS 31 300py JaHUX
IIPO pe3yAbTaTH BHKOHAHHS IIOIIEPEIHBOTO
3aBIaHHS, 30KpeMa TaKUX [IOKa3HHUKIB, SK:
TOYHICTH (BiZcoToK IPaBUABHUX
Binmosiget); yac  peaxirii; KIABKICTBH
BUKOPHUCTAHUX iKAa30K; KIiABKICTB
JOIyIIEHNX [TOMUAOK.

Il rapaMeTpu IHTETrpyIOThCH B
y3araabHEHHH IIOKa3HUK e(eKTHBHOCTI
n(t), 9Kui paal HOPIBHIOETBCA 3 OBOMA

TIOPOTOBUMHU 3HAYEHHAMHU Nypper (MEKA
BHCOKOi VCIIIIIHOCTI) Ta& Mower (MEXKa
HU3bKOI €epeKTHUBHOCT).

Ha ocHOBIi mNOpiBHAHHS 3 IIUMH

IIOpPOTaMM CHCTeEMa IIpUHMae pillleHHd IIPo
iBUILEHHS CKAQTHOCTI (axwmwo n(t) >
Nupper), SHUXKEHHS CKAQIHOCTI (Ko n(t) <
Niower), @00 30€pe’KEeHHsT MOTOYHOTO PiBHA
(y Mekax 30HH CTabiABHOCTI).
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is applied from the pool of tasks
corresponding to the selected difficulty
level, using a probabilistic distribution
(1.9), This approach preserves variability
and pedagogical flexibility within the
learning process, avoiding excessive
predictability and enhancing motivation.

For example, a student named Anna
has just completed a task with a difficulty
level of «=3.0. Her performance
indicators were: accuracy - 90%;
response time — 12 seconds (fast); and no
hints used.

Based on this data, the system
calculates n(t) = 0,85, which exceeds the
upper threshold 7y,per = 0,8. As a result,
the difficulty is increased: a(t+1)=
a(t)+4a=3,0+4+05=35. Then, using
stochastic selection from the task pool at
level 3,5, the chatbot chooses the next
task and presents it with an appropriate
tone via the dialogue manager.

In this way, difficulty adaptation
functions as a regulator of learning pace
and workload, ensuring an individualized
learning trajectory. The proposed model
of the adaptive chatbot also stands out for
its pedagogical advantages, which can
significantly improve the quality and
effectiveness of the educational process.
Its implementation supports the creation
of a flexible, personalized learning
environment that adjusts to the user’s
specific needs and fosters sustained
improvement in learning outcomes.

By taking into account the wuser's
cognitive and behavioral characteristics,
the system enables the individualized
adjustment of learning parameters such
as difficulty level, information delivery
pace, task format, and sequence. This
allows for the construction of a
personalized learning trajectory that
aligns with the student's actual level of
preparedness. Research by O. Schei et al.
[14] confirms the effectiveness of such
systems in enhancing student motivation
and engagement in the learning process.

The mechanism for adjusting content
difficulty based on the performance
indicator n(t) helps to avoid both
cognitive overload and monotony. As a
result, the system maintains an optimal
level of challenge, which is critical for

[TlicAa Bu3HA4YeHHda 0OaxKaHOIO PiBHSA
ckaanmHocTi a(t + 1), cucreMa BUKOHYE BUOIp
HacCTyIIHOro 3aBAaHHsg. Ha 1poMmy erarni
3aCTOCOBYETBCS CTOXaCTUYHUM BHOIp 3
MHOXKHWHH 3aBJaHb BIiANOBIAHOTO piBHA
CKA[IHOCTI — 3a JIOIIOMOIOI0 iMOBipHICHOTO

posnomiay (1.9), mo mo3Boasge 30epertu
BapiaTHUBHICTh 1 II€JATOTIYHY THYYKICTb Y
HaBYaABHOMY IIPOLIECi, 3arobirarogyu
HaaMipHi#H nepeadavyBaHOCTI Ta
HiIBUIIYIOYHY MOTHUBALIIIO.

Hammpuraag, crtymeHTKa AHHa IIOMHO

3aBepIuAa 3aBAaHHS 3i cKaanHicTio a = 3.0.
[i mokasHuKM: TouHicTh — 90%; Yac BiamnoBimi
— 12 cekyHp (1IBHAKO); 0€3 BHKOPHUCTAHHS
ITiIKA30K.

Ha ocHOBI mux gaHux cucTeMa O0YHCAIOE
n(t) = 0,85, 110 mIepeBHUIIye BEPXHiM HOPIr
Nupper = 0,8. Y pesyabraTi  CKAQIHICTH
30iabmryersest:  a(t+ 1) = a(t) + da = 3,0 +
0,5 = 3,5. [1aai 3a JOIIOMOT'OIO CTOXACTHUYHOIO
BimOOpy 3 IIyAy 3aBmaHb piBHA 3.5 yaT-00T
obupae HaCTymHe 3aBOaHHA i mmomae Horo y
BiAMIOBiAHIN TOHAABHOCTI Yepe3 MiaroroBUM
MEHEKED.

Takum yYHHOM, agamTallid CKAAIHOCTL
BUKOHYE POAb PEryAdTopa TEMIy Ta
HaBaHTaKEHHS, 3abe3neuyoun
IHOIVBiAyaAi30BaHy TPAEKTOPil0 HaBYaHHS.
3anponoHoOBaHa MOEAb a[AIITUBHOIO YaT-
foTa BUPIZHAETBCSI TAKOXK 1 HH3KOIO
IeJATOTiYHUX IIepeBar, I0 3IaTHi CYTTEBO
OiABUIIUTH SKICTb 1  Pe3yAbTaTUBHICTb
OCBITHBOTO TIpollecy. Ii peaaizartisg crpusie
CTBOPEHHIO THYYKOTO, IIEPCOHAAI30BAHOTO
HaBYaABHOIO CEPENOBUIIIA, IKE aaITyeThCs
o0 moTped KOHKPETHOIO KOpHCTyBada Ta
3abe3rieyye crase 3pPOCTaHHs HaBYaAABHHUX
Pe3yABTaTIB.

3aBagKu ypaxyBaHHIO KOTHITUBHHX Ta
OBEIIHKOBUX XapaKTEePUCTUK
KOpHUCTyBaya, cucreMa 3abe3rneyye
IHOAWBIAyasbHE HasallITyBaHHS IIapaMeTpiB
HaBYaHHA: PIiBHA  CKAQOHOCTiI, TEMILy
IoaHHS indopmariii, dopmary  Ta
IOCAiIOBHOCTI 3aBaaHb. lle pae 3mory
BUOYIOBYBaTH IIEPCOHAAIZ30BAHY TPAEKTOPIIO
HaB4YaHHS, 1110 BiAIOBiAa€ peaAbHOMY PiBHIO
IIiATOTOBKHU CTyOeHTa. JocaimkeHHSa
O. Scheita in. [14] OiITBEPIZKYIOTD
e(PEeKTUBHICTh TAaKHUX CHUCTEM Yy IIiABUILIEHHI
MOTHUBAllii Ta 3aAy4E€HOCTi CTyOEHTIB [0
HaBYaABHOIO IIPOLIECY.

MexaHi3aM  pPeryAloBaHHA  CKAIHOCTI
HaBYaABHOI'O KOHTEHTY Ha OCHOBI
IOKa3HUKa e(QEeKTUBHOCTI 7)(t) mo3BoAde

VHUKHYTH $K IIepeBaHTaKeHHsI, TakK i
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sustaining cognitive motivation—
especially in self-directed or remote
learning environments. A systematic
review of the literature shows that
adaptive chatbots contribute to the
development of self-regulated learning by
supporting students in goal setting,
planning, and monitoring their own
progress [15].

The system not only registers user
errors but also adapts its interaction
strategy by reducing difficulty or offering
additional hints. This approach fosters a
positive emotional environment, prevents
demotivation, and supports the gradual
closing of knowledge gaps. NeuroChat
research demonstrates that integrating
neuroadaptive mechanisms, such as
monitoring cognitive engagement via
EEG, can enhance student-chatbot
interaction and improve learning
efficiency [16].

Through dialogic interaction, a chatbot
can stimulate students’ reflection,
independent goal-setting, self-
monitoring, and self-regulation. In this
way, the model fosters the development
not only of subject-specific knowledge but
also of key competencies.

The modular structure of the system
enables its integration into various
educational environments, including
Learning Management Systems (LMS)
and mobile applications. This makes it a
versatile tool suitable for a wide range of
pedagogical tasks. Research by W. Kaiss
et al. [17] has shown that integrating an
adaptive chatbot into the Moodle platform
improves students’ learning outcomes,
particularly when their individual
learning styles are taken into account.

At the same time, the implementation
of such a chatbot requires thoughtful and
pedagogically grounded design, as design
largely determines the system’s usability
and effectiveness from the end user’s
perspective. It is important to consider
not only the technical aspects, but also
the psychological and pedagogical
dimensions of the interface and
interaction logic.

Key design aspects include:

1. Functional Design — the modular
architecture ensures a clear separation of

MOHOTOHHOCTI y HaBYaHHi. 3aBOIKU I[LOMY
HiATPUMYETHCI OIITHMaABHUN piBEHb
BUKAUKY, HKUH €  KPUTUYHUM  [JAd
OiATPUMAaHHS  IIi3HAaBaAbHOI  MOTUBALIii,
0coOAMBO B yMOBaxX CaMOCTIHHOro abo
MUCTAaHIlMHOrOo HaB4yaHHd. CHucreMaTUYHHHA
OTASIT AiT€epaTypu BKa3ye Ha Te, II0
aarITUBHI 4aT-O00TH CIIPUGIOTH PO3BUTKY
CaMOpPEryAbOBaHOIO HaBYaHH4,
IiATPUMYIOYH CTYAEHTIB Yy BCTAHOBAEHHI
miaeH, IIAaHyBaHHI Ta MOHITOPHUHTY BAACHOTO
nporpecy [15].

Cucrema He aulle QIKCye ITOMUAKH
KOpUCTYyBada, a ¥ amarTye CTpaTeriio
B3a€EMOMii, 3HHXKYIOUYHM CKAQOHICTH abo
HaJaro4M JOJATKOBI MigKa3Ku. Takui miaximn

dopMye TIIO3UTUBHHUHE eMOLiPHUN ¢oH,
3ariobirae JeMOTUBAllii Ta Crpusie
IIOCTYIIOBOMY IIOJIOAQHHIO IIPOTAAMH ¥
3HAHHSIX. JlocAizKeHHS NeuroChat
JOEMOHCTPYE, 1110 iHTerparia

HeWpoaJalITUBHUX MEXaHI3MIiB, TaKHX 4K
MOHITOPHUHI KOTHITHMBHOI 3aAyYE€HOCTI 3a
JIOTIOMOTOIO EET, MOzKe TIOKPAIIITU
B3a€EMOMII0 MiXK CTyOeHToM i dyar-60ToM,
HiABUIIYIOYN e(PEeKTUBHICTE HaB4YaHHS [16].

Yepes 1iaa0roBY B3aEMO/IiI0 YaT-00T MOKe
CTUMYAIOBATH CTyZeHTa [0 pedaeKcii,
CcaMOCTiHHOTrO (POPMYAIOBAaHHSA HaBYaABHHUX
miael, CaAMOKOHTPOAIO Ta CaMOPETYASIIi.
TakyuM YHHOM, MOIEAb CIIPHSE PO3BUTKY HE

AUIIIE TIPEOMETHHX, a ¥  KAIOYOBHUX
KOMIIETEHTHOCTEMH.
MonyabHa CTPYKTypa CHUCTEMH

3abe3rieyye MOXKAHUBICTS ii iHTerpartii B pi3Hi
OCBiTHI CcepemoBHUINA, 30KpeMa CHCTEeMH
yIpaBaiHHA HaBuaHHAM (LMS) abo Mo06iabHi
momatku. lle pobuthk ii yHiBepcasbHUM
IHCTPYMEHTOM, IIPHAATHHUM [AS IIHPOKOIO
CIIEKTPA IeIaroTiYHUX 3aB/IaHb.
Hocaimxkenna W. Kaiss Ta iH. [17] mokasaso,
io iHTerparlis aganTUBHOrO d4ar-6ota B
naarcgopMmy Moodle cropuse HoOKpaleHHIO
HaBYaAbHUX pe3yAbTaTiB CTYZEHTIB,
0COOAMBO opu BpaxyBaHHi IxXHix
IHAVBIAyaAbHUX CTHUAIB HaBYaHHSI.

Pazom 3 TuM, peaaizallis Takoro dar-oora
norpebye MPOAYMAHOIO ¥  IHEeJaroriyHo
OoOI'PyHTOBAHOIO au3aiiHy, OCKIABKH came
OU3alH BH3HA4Ya€ CTYIIIHb IIPUHHSITHOCTI Ta

e(PEKTUBHOCTI CHCTEMH 3 TOYKH 30pYy
KiHIIEBOTO KOpHUCTyBada. Bakauso
BpaxoByBaTH HE AUIIle TEXHIYHy, ase H
TIICUXOAOTO-IIEIATOTIYHY CKAaI0BY

iHTepdeicy Ta AOTIKH B3a€MOIII.
KarouoBi acrekTH am3aiiHy BKAIOYAIOTH
IIPYU LIBOMY:
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functions (analysis, task generation,
adaptation, = communication),  which
facilitates the scalability, testing, and
updating of individual components. The
use of standardized interfaces allows the
system to be easily extended with new
modules, such as emotion recognition or
voice interfaces.

2. Pedagogical Design — the chatbot’s
effectiveness as a learning agent greatly
depends on the dialogue logic, types and
frequency of prompts, and the style of
communication. An optimal balance
between automated support and student
autonomy fosters trust in the system and
its perception as a tutor rather than
merely a technical tool. The study by J.
Belda-Medina and V. Kokoskova [18]
emphasizes the importance of adapting
the chatbot's language style and interface

to student needs to increase user
satisfaction.
3. Visual Style and Interface - an

intuitive and friendly interface lowers the
entry barrier for interaction and promotes
better learning. Particular attention
should be paid to adapting the language
of the interface to the learner’s age,
background, and subject area.

Together, these aspects ensure not
only the system’s technical functionality
but also its pedagogical effectiveness,
making the adaptive chatbot a powerful

tool in the digital transformation of
education.

Conclusions and research
perspectives. The combination of
mathematical modeling with a
comprehensive functional and
pedagogical design of the adaptive

chatbot opens a new level of development
for digital pedagogy. The proposed model
simulates the dynamics of an authentic
educational process, combining the
precision of formal descriptions with the
flexibility of a human-centered interactive
environment.

Modeling results confirm the
effectiveness of the concept, which is
based on the use of a system of
differential equations, reinforcement
learning algorithms (Q-learning), and
adaptive dialogue logic. This approach
enables the system not merely to react to

1. PyHKITIOHAABHHUH AU3aiiH - MOOyABHA
apxiTekTypa 3abe3meyye giTKEe
po3MeskyBaHHA (PYHKIIIHM (aHaai3, reHeparlis
3aBAaHb, Aa[arTallis, KOMyHiKallis), IIo
TIOAETIIIYE MacIITaOyBaHHS, TECTyBaHHS Ta
OHOBAEHHSI OKpeMUX KOMIIOHEHTIB.
BukopucranHus CTaHIAPTHU30BaHUX
iHTEP(EHCIB MO3BOASE AETKO IOIOBHIOBATH
CUCTEMY HOBHUMH MOIOYASIMU, TaKUMHU SK

po3mi3HaBaHHS  eMOIlii abo  TroAOCOBi
inTepdeiicu.
2. Ilemaroriunmii IU3aiH -

e(peKTUBHICTEF 4YaT-00Ta SK HaBYaABHOTO
are’HTa 3HaYHOIO MipOIO 3aA€KUTH BiJ AOTIKH
MIaAOTiB, THUIIIB 1 YACTOTH IiAKA30K, CTHAIO
3BEpHEHHS /10 KopHucTyBada. OnTuMasbHUH
fOasaHC MiX aBTOMAaTH30BaHOIO ITiATPHUMKOIO
Ta aBTOHOMI€IO CTyaeHTa CIIpusie
dopMyBaHHIO OOBipM [0 cHUCTeMH Ta il
COPUMHATTS €K TBIOTOPAa, a He AUIle
TEeXHIYHOrO  iHCTpyMeHTa. JlOCAiIREHHS
J. Belda-Medina Ta V. Kokoskova [18]
HiIKPECAIOE BasKAUBICTE aarrraliii MOBHOTO
CcTHAIO Ta iHTepdelicy yaT-60Ta MO IOTPED
CTY[EHTIB OAd MiABUIIEHHHI 38J0BOAEHOCTI
KOPHCTYBayiB.

3. BisyaapHuii ctmab Ta iHTepderc —
iHTYITUBHO 3po3yMmiaMH 1 [AOOPO3MYAMBHIHI
inTepdetic 3HMXKYE BXigHUE Oap’ep 10
B3a€EMO/ii Ta CIpUse KpalioMy 3aCBOEHHIO
Matepiasy. OcoOAMBY yBary CAi OPUIIAHUTH
amarrranii MoBH iHTEpPgEeNcy 10 BiKy, piBHMA
I ATOTOBKH Ta IpeaMeTHOT obaacri
HaBYaHHI.

Y cyKymHOCTi IIi acmeKTHu 3a0e3nedyroTh
HE AHWIIe TEeXHiYHy (YHKIIIOHAABHICTD
cucTeMH, a # ii nemaroriyHy edeKTHBHICTS,
pobATYM  amanTUBHOTO 4YaT-00Ta mOi€BUM

IHCTPpyMEHTOM IIH(PpoBOoi TpaHcdopmarlii
OCBITH.
[ToemnanHsa MaTeMaTHIHOTO

MOJIEAFOBaHHS 3 IIAICHUM (PYHKITIOHAABHUM i
IMeJaroriyHuM AU3aHHOM agallTUBHOIO daT-
OoTa BiZKpUBa€ HOBHHU pPiBEHL PO3BUTKY

mudpoBoi  memaroriku.  3arporroHOBaHA
MoAeAb iMiTye [OMHAMIKy CIPaBKHBOTO
OCBITHBOIO IIPOLIECY, IIOEOHYIOYHU TOYHICTH
dopMarbHHUX OIIHCiB 3 THYYKICTIO
AIOTHHOLIEHTPHUYHOTO B3a€EMOINHOTO
CepeIoBUIIIA.

PesyasraTu MOJEAIOBaHHS

HiaTBEPIKYIOTh €(PEKTUBHICTh KOHIIEIIIi], B
OCHOBI SKOI A€KUTH BUKOPHUCTAHHS CUCTEMH
ou(pepeHIliaAbHUX — PiBHAHB, AATOPUTMIB
migKpinaroBaabHOrO HaB4YaHH4A (Q-learning) i
amanTUBHOI AOTIKM miasory. TakuP mimxim
3abe3rieyye He IIPOCTO pearyBaHHs Ha 3MiHY
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changes in the user’s state, but to
proactively shape a learning strategy
based on accumulated experience.

The chatbot's architecture, consisting

of four interconnected modules—user
state analyzer, task generator,
reinforcement module, and dialogue

manager—forms a closed adaptation
cycle. This allows the system to consider
both objective indicators of learning
performance (accuracy, time, errors) and
stochastic factors (attention decline,
random motivation fluctuations) that are
typical of real educational environments.

Simulation data demonstrated that
even in cases of low or unstable
performance, the system is capable of
stabilizing and sustaining learning
progress by dynamically adjusting task
difficulty and interaction style. The use of
a stochastic task selection mechanism
increases learning variability and reduces
habituation, which is critical for
maintaining motivation.

Thus, the proposed model not only
performs adaptation but also simulates a
full-fledged educational cycle in which
the mathematical precision of algorithms
is complemented by the flexibility of
pedagogical design. This provides the
potential for its integration into digital
educational platforms of various levels,

cTaHy KOpPHCTyBada, a ¢ IIpPOaKTHBHE
dopMyBaHHS HaBYaABHOI cCTpaTerii Ha
OCHOBI HaKOITMYEHOTO JOCBiIy.

CrpykTypa 4ar-60Ta, L0 CKAQOAETHCH 3
YOTUPHOX B3AEMOIIOB'I3aHUX MOIYAIB —
aHaaizaTopa CTaHy KOpPHCTyBa4a,
reHepaTopa 3aBIaHb, IIOKPIIAIOBAABHOIO
MOOyAd Ta [OiaAOTOBOTO MeEHe/Kepa —
dopmMye 3aMKHEHWH IMKA amanTarii. Lle
[O3BOASIE  CHCTE€Mi  BpaxOoByBaTH K
00'eKTHBHI [IOKa3HUKU e(peKTUBHOCTI
HaBYaHHS (TOYHICTb, 4ac, IIOMHAKH), TakK i
CTOXaCTU4YHi BIIAUBU (3HIKEHHd yBar,
BUNAJKOBI KOAWBAHHYA MOTHUBAllii), II0
XapakTepHi [OAd PeasbHOrO  OCBITHBOTO
CepenoBHUIIIA.

Cumyaquiiiigi faHi MoKasaad, 10 HaBiTh Y
BUIIQKaxX HHU3BLKOI abo  HecTabiABLHOI
e(peKTUBHOCTI, cucremMa 31aTHA
crabiaizyBaTu ¥ OiATpUMyBaTH HaBYaAbBHUN
Iporpec 3a PaxyHOK JUHaMIi4HOTO
PEryAIOBaHHS CKAQIHOCTI 3aBAAaHb 1 CTHAIO
B3aemomii. 3acToCcyBaHHS CTOXaCTHYHOIO
MexXaHi3My BHOOpPYy 3aBOaHb IiOBHIIYE
BapiaTHBHICTh HaBYaHHA Ta 3MEHIIy€E e(PeKT
3BUKAaHHH, 110 € KPUTUYHO BaKAUBUM [IAS
OiATPUMaHHS MOTHBAIlii.

Taxkum 4MHOM, 3aIIPOIIOHOBaHA MOJEADL He
AWIIIe BUKOHye (QYHKILIO agarralli, a #u
MOIEAIO€ TIOBHOILLIIHHHUN OCBITHIH ITHMKA, ¥
AKOMYy MaTeMaTUdYHa TOYHICTH AATOPHUTMIB
JOTIOBHIOETHCHA THYYKICTIO II€JAroTigYHOTO
mu3aiiny. lle 3abesnedye moTeHIiaa i
inTerpamii B I1udpoBi ocBiTHI maaTdopMu

subject Qrientgtions, and target | pizporo piBHS, IIPEIMETHOTO CIIPSIMYBAHHSI
audiences, including remote and blended | 13 11iaboBOI ayauTopii, BKAIOYAIOYH
learning formats. JUCTAaHITINHI Ta 3MIIIaHi dopmatu
HaBYaHHS.
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