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ABSTRACT

The paper considers building an Event-Driven Architecture (EDA) for Supply Chain Management (SCM) systems using Q-
learning under uncertainty. It is substantiated that in the presence of high demand volatility, delivery delays, and input data
distortions, deterministic and classical statistical forecasting models commit significant errors, leading to increased operational costs
due to stockouts or excess inventory. The authors emphasize the expediency of transitioning from scheduled cyclical forecast
calculations to real-time response to events in the logistics network. The objective of the study is to develop an event-driven
decision-making architecture that combines an event bus, a Reinforcement Learning-based controller, and an asymmetric reward
function. The main focus is on abandoning the direct recovery of the demand function in favor of assessing the optimality of actions
in specific system states and balancing holding costs and shortage risks. The paper systemizes key solutions: the formalization of a
Markov Decision Process (MDP) without constructing a mathematical model of the environment (a model-free approach);
asynchronous event processing in network nodes; and the use of Q-learning as an interpretable and computationally lightweight
method, serving as an alternative to Deep Reinforcement Learning (Deep RL). Practical analysis proves that applying the proposed
approach ensures system resilience to noisy data and minimizes time lags during managerial decision-making. The conclusions
outline perspectives for further research: extending the architecture to multi-agent systems (Multi-Agent RL) and developing node-
interaction protocols for distributed SCM networks.
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Relevance. Managing modern Supply Chains (Supply Chain Management, SCM) in a dynamic
market environment expands beyond the framework of classical deterministic planning and poses a
complex challenge for adaptive engineering. As modern logistics and production networks integrate
hundreds of distributed nodes, even a minor delivery delay or a small deviation in order volume at a
single stage can scale into significant financial losses for the entire system.

In practice, this drives two key trends: on the one hand, the focus shifts from cumbersome
classical reviews and deterministic models toward the direct integration of artificial intelligence
tools into the decision-making loop [1]; on the other hand, there is a transition from hard-to-
interpret neural networks and Deep Reinforcement Learning (DeepRL) toward transparent RL
algorithms that enable explicit analysis and control of selected strategies [6], [7]. Such a
transformation is inevitable, as most traditional inventory management methods rely on the
assumption of demand stationarity. In contrast, in real-world market conditions with high noise
levels (unpredictable impact factors), the accuracy of purely theoretical forecasting declines
sharply. Consequently, rigid supply schedules result in either excess inventory accumulation or
stockouts. At the same time, attempts to complicate models using multi-echelon DeepRL methods
encounter the “black box” problem and high computational resource requirements [3], [4], [7].

The research goal is to develop and substantiate an Event-Driven Architecture (EDA) for
supply chain management based on Q-learning, which maximizes rewards of supply chain
participants under high environmental uncertainty.

Modern scientific literature highlights 5 main research directions for improving SCM
efficiency.

1. Clarity of System Requirements: System stability and Service Level are defined as early as
the non-functional requirements stage [6].
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2. Event-Driven Architecture: Transitioning from heavy batch processing to a software Event
Bus — a specialized infrastructure layer that provides asynchronous event transmission and
processing (e.g., StockLow or ShipmentArrived) among autonomous system nodes without tight
direct coupling [3], [4].

3. Mathematical Formalization: Representing the network as a Markov Decision Process
(MDP) with discrete state (S) and action (A) spaces, alongside an asymmetric reward function (R)
[7].

4. Transparent Artificial Intelligence: Utilizing tabular Q-learning models with a clear
economic interpretation of Q-values [2], [8].

5. Monitoring: Continuous monitoring of Q-value convergence and the capability for real-time
controller re-training upon changes in external conditions [1], [10].

Practical analysis shows that basic architectural decisions made during the system design phase
exert the greatest influence on reducing operational costs. They define the boundaries and
operational rules for distributed nodes, without which further operational tuning would be
ineffective.

Traditional deterministic mathematical models of multi-echelon supply chains formalize the
network as a directed graph ¢ = (V,E), where V. = M U K U P (manufacturers m € M, transporters
k € K, and retail sales points p € P).

Under centralized planning, the objective of the manufacturer m € M is to maximize the net
present value (NPV) over the planning horizon H:

H
1
max ) s B ) Xmpt = Chi(ame) = Cie (o) @
t=1 peEP
where:
e max — the maximization operator over output volumes q,,; (the manufacturer strives to

dmt
achieve maximum profit).

o Y — summation over all time periods t from 1 to H, where H is the total planning time

horizon.
1

(1+n)t

o 1 —the discount rate (cost of capital or rate of return) per period.

e t—the ordinal number of the time period (t = 1, ..., H).

« PM Ypep Xmpt — total revenue (income) of manufacturer m in period t.

« PM —wholesale selling price per unit of product offered by manufacturer m in period t.

o YpepXmpt — total delivery volume from manufacturer m to all retail sales points p € P in
period t.

* Xmpt — Volume of goods shipped from manufacturer m to retail sales point p in period t.

o P —the set of all retail sales points (p € P).

o CP.(qme) — production cost function of manufacturer m in period t as a function of total
output qme-

e (¢ — total volume of output (produced goods) by manufacturer m in period t.

o CH (1,0 — holding and storage costs for finished goods inventory in manufacturer m's
warehouse in period t.

e I, —residual finished goods warehouse inventory of manufacturer m at the end of period t.

For transporters k € K, the objective is to minimize total fuel costs and environmental taxes
along all routes (edges of the graph) (i,j) € E:

H
m,}“z z (Cif}‘:f% cdij - @ (xije) + B ¢ij(xijkt))’ (2)

t=1 (i,j)EE

— the discount factor bringing future cash flows to their present value.
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where:
e k € K — a specific transporter from the set of all transport operators K.
e min — minimization of the transporter's k total costs.

H

e >¢_1 —summation over all time periods ¢ from 1 to H.

® Yujer —Summation over all routes (edges E of the transportation network).

ol dij - w(xijee) - fuel costs of transporter k.
° Ci’;}jfl — fuel cost per distance unit for transporter k on route (i, j) in period ¢.

e d;; —distance between nodes i and j.

® w(x) — fuel consumption coefficient depending on the cargo volume x; ;. transported by
transporter k.

o Ef% . i(x;ke ) —environmental tax in period ¢.
e E[* _emission tax rate in period t.

* ¢, (x; jkt) — volume of harmful emissions generated during the transportation of cargo x; ..
Objective function of the retail sales point (p € P):

inal
Pl Z Xmpt — Cpt - Max (0' Dy = Z xmpt) - szlt(lpt)]: (3)

meM meM

H

max E
Xmpt

where:

e max — the maximization operator for the total profit of retail sales point p € P over
Xmpt

incoming order volumes x;,,.,.
e YH . —summation over all time periods t from 1 to H.
Pp’;m“l Y mem Xmpe — total revenue from retail sales at point p in period ¢.

— final retail price per product unit at sales point p in period t.

® Y mem Xmpe — total product delivery volume received by sales point p from all manufacturers
m € M in period t.

® X, — VOlume of goods shipped from manufacturer m to retail sales point p in period ¢.

o C{ft . max(O, Dyt — Ymem xmpt) — penalty for stockout (unfulfilled consumer demand) at
sales point p in period t.

o C{ft — penalty rate (financial loss) per unit of unfulfilled order at point p in period t.

e D, —actual consumer demand at retail sales point p in period t.

o max(O, Dyt — Ymem xmpt) — stockout volume (the non-negative difference between actual
demand and received product volume; equals O if delivery covers or exceeds demand).

o {ft(lpt) — holding costs for unused inventory stored at retail sales point p in period t.

e [, —residual warehouse inventory at retail sales point p at the end of period ¢.

To overcome the limitations of deterministic planning, a Q-learning model (model-free

approach) is applied based on Temporal Difference (TD) updating of Q-values via the Bellman
equation:

final
Ppt

Qe+1(se,ap) = Qu(spar) + a - [Rt+1 +y 2}2} Qr(Ser1,a’) — Qe (s, at)]' (4)

where:
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e Q¢+1(sy, ap) — the updated action-value estimate for executing action a, in state s, stored in
the Q-table for step t + 1.

o Q.(s,a.) —the current (prior) expected action-value for action a, in state s;.

e a — the learning rate (a € (0,1]), which determines the degree to which the old estimate is
adjusted by newly acquired information.

e R;,; —the scalar immediate reward received by the agent from the environment immediately
after executing action a, at step t.

e y — the discount factor (y € [0,1)), defining the relative weight of future rewards compared
to immediate outcomes.

e max Q(s¢41,a") — the maximum expected utility estimate across all possible candidate

actions a’ € A available in the subsequent state s, ;.
. [Rt+1 +ymax Qi(sty1,a") — Qi(sy, at)] — the Temporal Difference Error (TD-Error),
al

representing the discrepancy between:
o Riyq +ymax Q((s¢y1,a") — the TD-Target (the observed immediate reward plus the
al

discounted maximum future value estimate);
o Q(s, ay) —the previous forecast (prior expected Q-value).
The immediate reward function of Transporter k € K in the simulation environment accounts
for the monetary equivalent of penalties for delivery deadline violations:

Ry: = Revenuey, — Z Ef* - e (xl-jk,t) —A1-Cpy - max(0, Ty — ddpt), )
(L)EE
where:

e Ry —the net scalar reward returned to the Q-algorithm for Transporter k € K at step t.

e Revenuey, — total contractual revenue of Transporter k for provided transportation services
in period t.

o Yijer Et™¥ - e (xi]-k,t) — total deducted environmental taxes across active routes (i,j) € E
when transporting cargo volume Xijy .

o A-Cgt-max(o,rij —ddpt) — monetary penalty incurred by the transporter for delivery
deadline breach on routes servicing sales point p:

o A-scaling and normalization factor for the financial penalty (A > 0);

o Cgt - penalty rate of sales point p for stockout or delayed delivery in period t;

o Tj —actual transit time spent by transport on route (4,);

o ddp - contracted delivery deadline for order fulfillment to retail sales point p in
period t;

o max(O, Ty — ddpt) - delivery time delay (if t;; < ddp, the value strictly equals 0).

Engineering Practices and Architecture. For direct decision-making within the control loop, a
Q-learning controller (Q-controller) is utilized — an algorithmic module based on automatic control
theory and reinforcement learning. Its function is to estimate the Q(s,a) function (Quality — the
expected utility of executing action a in state s), enabling the agent to select an optimal logistics
strategy without constructing an explicit mathematical model of the environment.

To formalize the operational execution, event processing, and adaptive behavior within the
proposed Event-Driven Architecture (EDA), the interaction loop across the Event Bus, Q-
controllers, and the core Supply Chain Model (SCM) environment is structured as a sequential
workflow (Fig. 1).

The operational sequence depicted in Fig. 1 function through three continuous stages.

1. Event Propagation & Strategy Formulation: At each execution step, Manufacturers
(M4, M,) and Transporters (T,, T,) receive state update notifications via the Event Bus. Participants
adapt to organizational conditions by choosing whether to integrate vertically or operate
independently. Operational control variables serve as adaptation mechanisms: Manufacturers
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determine output volumes (g;), while Transporters establish freight tariffs (t;). Strategies are
selected by querying their respective Q-Controllers.

2. Market Execution & Payoff Computation: The SCM Model receives aggregated decision
events from the Event Bus, evaluates vertical integration criteria, and computes dynamic market-
clearing prices in response to stochastic demand fluctuations.

3. Q-Controller Adaptation & Convergence: Realized financial returns are routed back to Q-
Controllers as reward signals. The Q-learning modules compute temporal-difference errors to
update action-value matrices.

The learning process terminates when the variation in participants' objective reward functions
stabilizes within a predefined threshold:

|Rey1 — Rel <e. (6)
Supply Chain Participants Event-Driven & RL Platform Architecture
Event Bus Q-Controller SCM Model
Manufacturers Transporters
(M1, M2) (T1. T2) (Data Broker) (RL Engine) (Environment & Market)
:l. Event P & Strategy For }
Publish state event (Chain integration status)
Notify state change
Query optimal policy (Output q & integration flag)
Ret lected strates I_
le eturn selected strategy J
Notify state change
Query optimal policy (Freight tariff t & integration flag)
le Return selected strategy |_
| 1
1 2. Market & C F
Em|t production decision event
Emit transport tariff decision event
Dispatch aggregated action events
Evaluate vertical integration criteria
le—
| Calculate dynamic market price (Stochastic Demand)
-
Compute payoff functions
=
le—
Publish reward events & next state
I " " 1
{ 3. Policy ap & Convergence |
Trigger Q-value update (Bellman Equation)
Update Q-table values via TD-error
je—
Check convergence condition (|AR| < €)
‘€ Strategy update acknowledged
| amperers Event Bus Q-Controller SCM Model
7 7 (Data Broker) (RL Engine) (Environment & Market)

Fig. 1. Sequence diagram of event flows, decision-making, and adaptive policy updates
across SCM participants, Event Bus, and Q-controllers
Source: compiled by the authors

Objective Functions and Mathematical Formulation. To model participant decision-making
under varying structural conditions, payoff functions are defined for each organizational state.

Decentralized Framework

Under decentralized operation (absence of integration), the objective functions for
Manufacturer i and Transporter i in chain i € {1,2} are formulated as:

M =P —v;—t) -q;, 0§ =(t; —wy) - q (7
where v; represents production unit costs; w; denotes transportation costs per unit; t; is the unit

tariff set by transporter i; g; is the output volume of manufacturer i and P is the market price
governed by stochastic inverse demand:

P =max(0,A—B(q, +q,) + &), whereé ~ N(0,02) (8)
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Vertically Integrated Framework. When vertical integration is unlocked and mutually selected,
the joint supply chain generates an integrated profit based on the combined operational cost C;;,;:

™ = (P = cinei) - 4 9)

Total chain earnings are split equally between the integrated entities due to equal power on
profit distribution:

Mt = 0.5 - max(0, ™), M = 0.5 max(0, 1) (10)

Q-Learning Control Model. Agents optimize their long-run cumulative rewards without prior
knowledge of global environment transitions. The action-value function Q(s, a) for each agent's Q-
Controller is iteratively updated according to the Bellman optimality equation:

Qes1(spap) = Qu(spar) + a - [Rt+1 + Vg}g} Q:(sp41,a") — Qt(st:at)] (11)

where:
e s, €S — represents the current state space vector at time t (incorporating the vertical
integration status of both competing chains).
e a, € A —isthe executed action tuple at time t, defined as:
o ay; = (aine,q;) - for Manufacturers, combining integration decision a;,; € {0,1}
and production output volume g;;
o ar, = (@ne, t;) - for Transporters, combining integration decision a;,, € {0,1} and
freight tariff ¢;.
e R,., — is the scalar financial payoff (reward) received by the agent after transitioning to
state s;41.
e« —is the learning rate parameter (a € (0,1]).
e y — is the discount factor for future rewards (y € [0,1)).
e max Q:(st41,a") — explicitly denotes the maximum expected Q-value across all available

candidate actions a’ € A in the next state s, .

To operationalize the proposed Event-Driven Architecture (EDA) shown in Fig. 1, each
functional stage of the system lifecycle is mapped onto the underlying architecture components
(Event Bus, Q-Controllers, and SCM Environment Model). Table 1 formalizes how high-level
architectural requirements are implemented as specific operational mechanisms across the
distributed supply chain network.

Table 1. Distribution of practices across the development stages of an Event-Driven SCM system

Development / Targeted EDA

No. Operational Stage Component(s) System Architectural Mechanism & Implementation
1 |Requirements SCM Model, Establishes baseline operational constraints (v;,w;) and service level
Formalization Manufacturers (M;), |metrics. Defines payoff structure (I1#¢¢, I1i**) balancing inventory holding
Transporters (T;)  |costs against stockout penalties
2 |EDA Infrastructure [Event Bus Implements asynchronous message queues for event dispatches
& Event Routing (StockLow, OrderPlaced, ShipmentArrived). Decouples state distribution

from decision computation to eliminate latency

3 |MDP State Space |Q-Controller, SCM |Discretizes state space vector s, € S (representing integration status

Formalization Model across chains) and action spaces a, = (@, q;) O (@;, t;) 10 prevent the
curse of dimensionality in model-free environments

4 |Q-Controller Q-Controller (RL  |Evaluates action utility via Bellman updates (eq. 11). Handles cold-start
Execution & Engine) initialization using prior simulation history and enables real-time Q-table
Policy Update updates upon receiving reward events (R, ,) via the Event Bus

5 |Online Monitoring |Event Bus, Q- Monitors temporal difference errors in real time. Validates system
& System Controller convergence using the reward stabilization condition ||R..; — R¢|| < € (EQ.1)
Convergence and triggers adaptive controller re-training upon structural market shifts

Source: compiled by the authors
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As detailed in Table 1, the architecture ensures that high-level economic objectives are
translated into low-level software events processed by the Q-controllers. By anchoring each
engineering practice to structural nodes, the system maintains real-time responsiveness without
relying on centralized deterministic solvers.

Simulation Results

To clarify the experimental scope within the broader system framework, the simulation
experiment in this study specifically evaluates the Supply Chain Interaction Layer (which governs
dynamic vertical integration and pricing decisions between competing Manufacturers M; and
Transporters T;). While the overall architecture spans multi-tier event handling, this experiment
isolates the strategic equilibrium and Q-learning convergence mechanisms within a duopoly supply
chain under stochastic market demand, serving as a functional validation module prior to full-scale
network deployment. To validate the efficiency of the proposed approach, a simulation model of a
duopoly market structure under demand uncertainty was developed using the Mesa 3 framework
(Python). The model encompasses two parallel supply chains i € {1,2}, each consisting of a
Manufacturer (M;) and a Transporter (T;).

The inverse demand function incorporates random stochastic noise distributed according to a
normal distribution &, ~ N(0, 0%):

P =max(0,A—B(q, + q;) +&), whereé ~ N (0,0%) (12)

where A represents the baseline market capacity parameter (A = 280), B is the demand slope
parameter (B = 1), & ~ N'(0,2) denotes normal stochastic noise with mean 0 and variance o2 = 2,
and q,, q, are the output volumes of manufacturers 1 and 2, respectively. Marginal production costs
are defined as v,, v,, unit transportation costs as w,,w,, and total combined vertical integration
COStS &S Cint 1) Cine 2-

The simulation was executed over 50 independent Monte Carlo runs, each lasting 1,200-time
steps. The empirical results obtained were compared with the theoretical robust Cournot model [11]
under decentralized planning with tariffs ¢, and t,, respectively (Table 2).

Table 2. Dynamics of market indicators across experiment stages under uncertainty
(Mean £ SD over 50 Monte Carlo runs)

Stage 1: ) . - Theoretica
Metric Decentralization Stagte 2 %doa%tggon Statge S.S)g(l)nillztgte | Cournot
(steps 50-199) (steps 300-599) (steps 900-1149) Model
Output volume g, 13.05 +6.15 13.00 + 6.18 13.21 +6.34 30.28
Output volume g, 13.55 + 6.50 13.50 + 6.41 13.51 +6.36 30.28
Delivery tariff t, 18.21 £+ 7.05 17.26 +7.25 16.89 + 7.30 37.33
Delivery tariff t, 18.46 + 7.05 17.01 £8.24 16.84 + 8.26 37.33
Market price (P) 88.16 £ 12.91 88.19 + 13.37 87.90 + 13.45 47.33
Supply Chain 1| 0.0 % (SD: 0.0%) | 1.6 % (SD:12.6 %) | 2.5 % (SD: 15.7 %) -
integration  share
(%)
Supply Chain 2| 0.0% (SD: 0.0%) | 6.8% (SD: 25.2%) | 7.1 % (SD: 25.7 %) -
integration share (%)
Reward M, 728.86 + 233.23 722.38 + 202.86 728.42+205.58 549.90
Reward T, 222.71 + 141.67 218.53 + 151.36 223.44 +162.33 824.85
Reward M, 748.32 + 238.75 721.00 + 198.05 719.04 +194.87 549.90
Reward T, 236.39 + 153.37 255.03 + 183.05 254.22 +181.95 824.85

Source: calculated by the authors based on the results of the simulation experiment

The adapted estimation of final Q-values for dominant states is presented in Table 3. The
difference between the Cournot theoretical model and the experimental results is that, during the
experiment, participants in the supply chains find a local optimum, whereas the Cournot model
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calculates a global optimum. The initial parameters of the participants and the discrete step at which
changes occur in the supply chain system influence both the rate of adaptation and the isolation of
the local optimum. When participants choose short-run guaranteed low rewards rather than short-
run losses, a significant increase in profit is achieved with a certain probability. The current choice
made by supply chain participants between guaranteed low profits and risky, high future profits,
taking into account the discounting of future profits, accounts for the difference between the
experimental Q-table approach and the theoretical predictions of the Cournot model.

Table 3. Final Q-value estimates for Supply Chain 1 and Supply Chain 2 agents

State s = | Supply Integration Q(s,a) Q(s,a) Dominant  Choice
(5,S,) | Chain Strategy Manufacturer | Transporter | (Q)
0,0 SC1 Integration =0 | 728.42 223.44 Dominant
decentralization
0,0 SC2 Integration =0 | 719.04 254.22 Strategic
decentralization
0,1 SC2 Integration =1 | 741.20 278.50 Local shift toward
integration (4Q,, =
+24.28)
1,1 Both Integration =1 | 635.10 198.20 Economically
(SC1, inefficient
SC2) symmetric
integration

Source: compiled by the authors based on Q-table convergence from simulation results

Analysis of Results and Discussion

An analysis of the obtained empirical data allows for the following scientific and practical
conclusions:

1. The Effect of "Conservative Output™ Under Noisy Demand. In the deterministic
theoretical Cournot model, the output volume of each manufacturer reaches g* = 30.28, forming a
total supply of Q = 60.56 at a market price of P = 47.33. In contrast, under stochastic noise ¢;, Q-
agents formed a restrained strategy with output volumes g, = 13.21 and g, = 13.51 (totaling Q =
26.72). This confirms that, under uncertainty, agents prefer a higher price (P = 87.9) to volume,
thereby minimizing the risk of losses from stockouts or price collapses.

2. Asymmetric Formation of Bargaining Power. Agent learning led to a gradual reduction in
transportation tariffs (from t;, = 18.21,t, = 18.46 in Stage 1 to t; = 16.89,t, = 16.84 in Stage
3). Consequently, Manufacturers achieved higher average rewards (R,;; = 728.42 and Ry, =
719.04) than predicted by the theoretical decentralized model (R, = 549.90), effectively capturing
a portion of the transporters' profits.

3. Limitations of Vertical Integration in a Noisy Environment. Unlike deterministic
models, where vertical integration is economically advantageous due to the elimination of double
marginalization, agents in a noisy environment maintain a predominantly decentralized structure
(integration shares are 2.5 % for SC 1 and 7.1 % for SC 2). This occurs because manufacturers, by
restricting their own output volumes, increase product prices and thus secure higher profits without
requiring long-run vertical integration. The feasibility of vertical integration emerges only when
demand does not decline over a specific time interval. The integration of both supply chains leads to
a significant increase in sales volume by eliminating double marginalization, which lowers prices
and profits for both supply chains under the given logistics system parameters, ultimately rendering
vertical integration economically unviable.

Conclusions. As a result of this research, an event-driven supply chain management
architecture based on Q-learning was developed and scientifically substantiated. It has been
experimentally proven that responding to events as they occur (via trigger handling through an
Event Bus), combined with evaluating action values in Q-tables, and eliminates reliance on
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distorted static demand forecasts. The study confirmed that foundational architectural decisions
regarding constraint formalization and the discretization of state and action spaces provide the most
significant effect. Experimental validation in the Mesa 3 environment confirmed that, under
uncertainty, Q-agents self-organize into a stable asymmetric Nash equilibrium, yielding a more risk-
averse pricing strategy than deterministic calculations in the Cournot quantity-competition model.

As for prospects for future research then to fully generalize the experimental conditions across
the entire Event-Driven Architecture (EDA), future research directions will focus on: (i) scaling the
multi-agent Q-learning environment from a duopoly setting to a heterogeneous multi-echelon
network incorporating real-time inventory management at retail nodes (p € P), (ii) stress-testing the
event-bus throughput and latency under high-frequency real-time event streaming, and (iii)
integrating dynamic emission taxes (Ef?*) alongside adaptive penalty structures (1) to evaluate
cross-layer system resilience across complex, non-stationary logistics ecosystems.
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AHOTALIA

VY po6oTi po3rIsIHYTO KOHIIEMIiI0 MO0YI0BH KepoBaHoi mofismu apxirektypu (Event-Driven Architecture, EDA) mist cucrem
yIpaBiiHHs JaHioraMu nocradanss (Supply Chain Management, SCM) i3 Bukopucranusm Q-learning B yMoBax HEBU3HAYEHOCTI.
OOrpyHTOBaHO, IO 32 HASBHOCTI BUCOKOi BOJIATHJIBHOCTI HOIUTY, 3aTPUMOK Y IOCTQYaHHSX Ta BUKPHMBJICHb y BUXIJHHMX JaHHX
JeTepMiHOBaHi Il KJIaCHYHI CTaTUCTHYHI MOZEINI NMPHITYCKAIOThC 3HAUYHMX MOMHJIOK, I10 NPU3BOAUTBH 1O 3POCTAHHS ONepaliifHuX
BUTpar uepe3 jaediuurT abo HAUIMIIOK TOBAapHOrO 3amacy. ABTOPH IiJKPECIIOIOTH IOLIIBHICTh TMEPeXOAy BiA LHUKIIYHOTO
PO3paxyHKy HMPOTHO3iB 3a PO3KIAJOM JI0 pearyBaHHS Ha MOJII B JIOTICTHYHIM Mepexi y pealbHOMY 4aci 3a JOMOMOIOI0 MPOrpaMHOL
uHn noxiit (Event Bus). Meroro pocnimkeHHs € po3poOka KepoBaHOi NOMISIMU apXiTEKTYpH MPUHHSATTS PillieHb, KA NOEIHYE NINHY
MOAIil, KOHTpOJIep Ha OCHOBI HaBuaHHs 3 miakpimuieHHsM (Reinforcement Learning, RL) ta acumerpuuHy (yHKIiI0 BUHArOpOAM.
OcHOBHA yBara MpPUAUIAETHCS BiAMOBI Bifi MPSMOro BiJHOBJIEHHS (DYHKIUIi MONMUTY HAa KOPUCTh OLIHKM ONTHUMAJBHOCTI AiH Y
KOHKPETHHX CTaHaX CHCTEMH Ta IMOIIYKy OalaHCy MK BHTpaTaMH Ha YTPUMaHHsS 3amaciB i pusukamu jaediuury. Y poboTi
CHCTeMaTH30BaHO KJIFOYOBI pilieHHs: (opmManizaliisi MapKOBCHKOro mporecy npuiHaTTs pimeHs (Markov Decigion Process, MDP)
0e3 moOymoBu MaTeMaTtndHoOi Mmopmeni cepepoBuina (model-free miaxin); acMHXpoHHa O00poOKa MOAIM y BY3Jax MEpexi;
Bukopucranns Q-learning sK iHTEpHPETOBAHOIO Ta OOYMCIIOBAJIBHO JIETKOro MeToxy. lIpakTW4HHH aHami3 JOBOAUTBH, IO
3aCTOCYBaHHs 3alPOIIOHOBAHOIO IMiAX0MYy 3a0e3neuye CTiiKiCTh CHCTEMH 0 3allyMIICHHX JIAaHUX Ta MiHIMI3ye 4acoBi 3aTPUMKH i
4ac MPUIHATTS YIPABIiHCHKUX PIllICHb.
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