N°3 (tonb-cenTabpb) 2026 ron HHTENNEKTYAJIbHBIE CHCTEMBI

¥ATTBIK FbINbIM
AKALEMUACHI

UDC: 004.4
DOI: https://doi.org/10.66941/3106-9037 /2026 /iss3pp17-31

Azibek B.1, Buganova S.2, Kurmash A.1, Kulmanov A.3, Zhakiyev N.2*
1Astana IT University, Astana, Kazakhstan;
2Kazakh Leading Academy of Architecture and Civil Engineering;
3International Educational Corporation, Almaty, Kazakhstan.
E-mail: n.zhakiyev@kazgasa.kz

REINFORCEMENT LEARNING FOR STRATEGIC BIDDING IN DAY-AHEAD ELECTRICITY MARKET

Balzhan Azibek, Senior Lecturer, School of Intelligent Systems, Astana IT University, Astana,
Kazakhstan;

E-mail: balzhan.azibek@astanait.edu.kz, orcid.org/0000-0001-7389-7777

Buganova Svetlana, Professor, Candidate of Technical Sciences, Kazakh Leading Academy of
Architecture and Civil Engineering (KazGASA), Almaty, Kazakhstan;

E-mail: svetlanabuganova7 @gmail.com, https://orcid.org/0000-0003-2005-3305

Alisher Kurmash, junior researcher, School of Al and Data Science, Astana IT University, Astana,
Kazakhstan;

E-mail: 243008 @astanait.edu.kz

Azamat Kulmanov, International Educational Corporation, Almaty, Kazakhstan, E-mail:
a.kulmanov@kazgasa.kz

Nurkhat Zhakiyev, Professor, Kazakh Leading Academy of Architecture and Civil Engineering
(KazGASA), Almaty, Kazakhstan.

E-mail: n.zhakiyev@kazgasa.kz, orcid.org/0000-0002-4904-2047

Abstract

Reinforcement learning may improve strategic bidding in electricity markets, yet many studies
rely on stylized or synthetic environments. This study evaluates reinforcement learning using bid-level
data from the Kazakhstan Electricity and Power Market Operator (KOREM) covering July 2023-
November 2025. Objectives include reconstructing endogenous pay-as-cleared prices through merit-
order clearing, modeling one strategic generator alongside passive historical participants, and
evaluating out-of-sample performance. Marginal costs are approximated by the 10th percentile of each
generator’s historical bid prices. Double Q-learning replaces classical Q-learning to address observed
instability associated with overestimation bias, while bounded markup decisions and realistic market
constraints ensure economically plausible bidding. Evaluation using a chronological 80/20 train-test
split indicates an approximately 0.37% profit improvement relative to cost-based bidding, without
distorting clearing price distributions or intraday patterns. Stabilized reinforcement learning can
modestly enhance strategic bidding in an empirically grounded electricity market while preserving
fundamental price formation properties.

Keywords: day-ahead electricity market; agent-based modeling; reinforcement learning; Q-
learning; double Q-learning; strategic bidding; market power.
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AHHOTaUUA

OGy4yeHne ¢ MOJKpEIJIEHUEM MOXEeT YJAYYIIUTh CTPATErHYECcKyl0 MOoAady 3asBOK Ha
3JIEKTPO3HEpPreTU4YeCKUX PbIHKAaX, 0JJHAKO MHOTHeE MCCJIeJOBaHUA HUCIOJb3yIOT CTUIU30BAaHHbIE WU
CUHTeTHYecKue cpelbl. MccieoBaHre oLleHMBaeT o6y4yeHUe C MOJAKpeNJeHUEM Ha OCHOBe JJaHHBIX
3asBoK KazaxcTaHcKoro onepaTopa pblHKA 3JeKTpuieckor aHepruu ¥ moiHoctu (KOREM) 3a urosib
2023 - Hoa6pb 2025 roa. 3a7auyy BKJIOYAIOT BOCIPOU3BEIeHUE 3H0IeHHOr0 GOPMHPOBAHHUS €IMHOU
PaBHOBECHOM LieHbI IOCPEJCTBOM PaHXXUPOBAHUSA 3adBOK, MOJieJIMPpOBaHUE O HOTO CTpPaTernyecKoro
reHepaTopa NpU MNacCUBHOM MOBeJleHUU OCTaIbHbIX UCTOPUYECKUX YYaCTHUKOB U BHEBbIOOPOUHYIO
onleHKy 3ddekTUBHOCTU. [IpesiesibHble U3JEPXKKH OLeHUBawTcA 1Mo 10-My OpOIEHTHIIIO
HCTOpPHUYECKUX LleH 3asBOK KaXKJ0oro reHeparopa. /[BoiiHoe Q-o6ydyeHUe 3aMeHsIeT Kjaccuyeckoe Q-
obydyeHUe [l YyCTpaHeHUs HeCTabUIbHOCTH, CBSI3aHHOW C 3aBbllIEHUWEM OLIEHOK; OrpaHUYeHHble
LleHOBble HaJ0aBKM U peasMCTUYHble PbIHOYHblEe OrpaHHUYeHHUs] 00ecreYuBalOT 3KOHOMHYECKYIO
MpaBAONOA0O6HOCTh MOBeleHUA. XPOHOJIOTUYECKOE pa3/ie/ieHHe JaHHbIX Ha 00y4alollyo U TECTOBYIO
BbI6OpKU B cooTHouweHUMHU 80/20 mokasbiBaeT yBesiMueHHe NMPUObLIKM NpubausutesabHo Ha 0,37%
OTHOCHUTEJIbHO 3asIBOK Ha OCHOBe H3Jlep)KeK 0e3 HCKa)KeHHWs paclnpejejieHUd paBHOBECHBIX LieH U
BHYTPUCYTOYHOU AUHAMUKU. CTaOUIN3UPOBAHHOE 00y4YeHHe C NOJKpeNIeHueM 03BOJISIET YMEPEHHO
YAYYLIUTh CTPAaTErM4yecKyr MNoAadyy 3asiBOK Ha SMIOUPUYECKH OOOCHOBAaHHOM pBIHKE, COXpaH:s
OCHOBHbIE CBOMCTBA LIeHOOOpa30BaHMUSI.

KiioueBble C/10Ba: PHIHOK 3JIEKTPO3HEPTUM «HA CYTKHU BIIEPE/»; areHTHOE MO/JIeJIMPOBAHUE;
obyuyeHue c nogkpenseHueM; Q-obyuyeHue; ABoHOe (Q-00y4yeHHe; cTpaTerdyeckasl mojiadya 3asiBOK;
pbIHOYHAS BJIACTb.
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AHHOTaMA

HbIFallTyMeH OKBITY 3JIEKTP 3HEPrusiChbl HApbIKTapbIHJAAFbl CTPATETHSJIBIK, OTiHIM Gepyai
»KakcapTa asna/ibl, ajJlali/ia KelTereH 3epTTeyJiep LIapTThl HEMECe CUHTETHUKAJBIK OpTajapFa CyheHe/.
3epTTeyne JJIeKTP 3HEPTUsChbl MEH KyaT HapbIFbIHBIH, Ka3aKCTaHAbIK HapbIK onepaTopbiHbIH AK
(KOREM) ycbiaran 2023 xblaFbl mijage MeH 2025 XbUIFBI Kapallla apaJibIiFbIH/IaFbl 6TiHIM AepeKkTepi
HeriziHJe HBIFAUTYMeH OKbITYy OafasiaHaJibl. 3epTTey MiHAEeTTep OTiHiMaepai OaFachkl OOMBIHINIA
paHXKHUpJIEYy apKbLIbl OGipbIHFAll Teme-TeHAIK OaFaHbIH, 3HJOTEHJi KaJbIITAaCyblH KalTa Kypy/bl,
TapUXU KATbICYUIbLIAP/bIH, €HXap MiHe3-KYJKbl KaFJadblHJa 6ip CTpaTerusijiblK TeHepaTop/bl
MOJIeJIbIEY i KOHE OKBITY ipiKTeMecCiHeH ThIC HOTH KeJiepAi 6aranayabl KaMTHbL. [lleKTi mbIFbIHAAD
9p6ip reHepaToOp/blH, TAapUXH OTiHIM OaFasapblHbIH, 10-IPOIEHTHJI apKbLIbl KybIKTaJaAbl. Q-
MOH/IepiH acblpa 6aFajiayFa GaUIaHBICTbI TYPAKCHI3ABIKThI a3aUTYy YILUiH KJIACCUKAJIBIK Q-OKbITY/[bIH
OpHbIHA KocapJibl Q-OKbITY KOJIAAHBLIA/IbI; LIEKTeJreH 6afa ycTeMesiepi MeH HIbIHaWbl HAPBIKTHIK
neKTeyJaep SKOHOMUKAJBIK TYpPFbI/laH Heri3/li MiHe3-KyJIbIKTbl KAMTaMachl3 eTei. JlepeKkTepAi OKbITY
»KoHe TecTisey ipikTeMesiepiHe XpoHOJIOTUSIBIK 661y (80/20) Ke3iH/e a/bIHFAH HOTHXKEJIEP areHTTIH,
Temne-TeHJiK OafajapAblH YJecTipiMZepi MeH TayJik iwiHAgeri 6ara JMHaMHUKacblH OypMasiamai,
WIBIFBIHAAPFA HeEri3ZieJireH ©OTiHIMJlepMeH CaJbICThIpFaHAa mnaiganbl 1mwamameH 0,37%-ra
apTThIpaTbIHBIH KepceTTi. TypaKTaHAbIPbLIFaH HBIFAUTYMEH OKBITY 3SMIUPUKAJBIK HerizjesreH
HapbIKTa 6aFa KaJbINTACybIHbIH, HETI3Ti KaCUeTTepiH caKTall OTBIPHIN, CTPATETHUSAIBIK 6TiHIM OepyAi
Gipirama *kakcapTa ajaajibl.

Ty#iH ce3aep: «ToyJliK 6YpbIH» 3JIEKTP IHEPTUSCH HAPBIFbI; areHTTIK MOJe/Ib/ley; HbIFalTyMeH
OKbITY; Q-0KbITY; KOcapJibl Q-0KbITY; CTpATETUSJIbIK 6TiHIM 6epy; HAPbIKTBIK OUJIiK.

Introduction. Liberalized electricity markets rely on auction-based mechanisms to coordinate
decentralized supply and demand while maintaining efficiency, reliability, and competitive neutrality.
In day-ahead markets, generators submit price-quantity bids for hourly delivery, and a system operator
clears the market using a merit-order dispatch rule that determines a uniform clearing price. Although
this framework is designed to promote competitive efficiency, strategic bidding remains an inherent
feature of such markets. Heterogeneous cost structures, residual demand elasticity, repeated market
interaction, and information asymmetry create incentives for generators to deviate from pure marginal-
cost bidding.

Traditional approaches to analyzing strategic behavior in electricity markets rely on equilibrium-
based models, most notably Nash-Cournot formulations and bilevel optimization frameworks. While
analytically powerful, these approaches assume a high degree of rationality and informational
completeness. In practice, market participants operate under uncertainty, observe only partial system
states, and adapt behavior dynamically over time. As a result, equilibrium models often provide
theoretical benchmarks rather than operational descriptions of strategic learning.

Agent-based modeling (ABM) has emerged as an alternative framework capable of representing
electricity markets as complex adaptive systems. In ABM environments, prices and dispatch outcomes
emerge from interactions among heterogeneous agents following behavioral rules. This paradigm
enables modeling of bounded rationality, adaptation, and institutional detail within auction-based
market designs.

Reinforcement learning (RL) provides a natural mechanism for embedding adaptive strategic
behavior within such agent-based environments. By iteratively updating decisions based on realized
profit signals, RL agents can learn effective bidding strategies without explicit knowledge of competitor
cost functions or closed-form equilibrium conditions. Recent studies have demonstrated the potential
of RL and deep RL in stylized electricity market simulations. However, the empirical grounding of such
models remains limited in many cases, as synthetic demand curves and artificial cost functions are often
employed.

The core problem addressed in this study is therefore the following: How does reinforcement
learning perform when embedded within a reconstructed real-world day-ahead electricity market
derived directly from historical bid-level data, rather than within a stylized synthetic environment?»
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More specifically, the study investigates whether adaptive bidding via reinforcement learning can
improve generator profitability while preserving structural properties of price formation in an
empirically reconstructed market environment.

This problem is non-trivial. Reinforcement learning algorithms, particularly value-based methods,
are susceptible to instability, overestimation bias, and excessive exploitation when interacting with
auction mechanisms. Without careful design, RL-based strategies may generate unrealistic price
escalation or volatility artifacts that do not reflect plausible market behavior. Evaluating RL in a realistic
empirical setting therefore requires careful integration of auction reconstruction, cost proxy estimation,
and stability safeguards.

The relevance of this study is both methodological and practical.

From a methodological perspective, embedding reinforcement learning within a reconstructed real
market environment advances the realism of strategic bidding simulations. By reconstructing clearing
outcomes directly from historical bid-level data, the model avoids reliance on synthetic cost assumptions
and externally imposed clearing prices. This approach strengthens the credibility of conclusions
regarding algorithmic performance.

From a practical perspective, electricity markets are increasingly influenced by algorithmic
decision systems. Generators employ automated optimization tools to formulate bids, and the
penetration of digital decision-making continues to grow. Understanding how adaptive learning
algorithms interact with real auction structures is therefore important for both market participants and
regulators.

If reinforcement learning algorithms systematically distort price formation, regulators may need
to consider oversight mechanisms. Conversely, if bounded and stabilized RL can enhance efficiency
without destabilizing markets, it may represent a viable strategic optimization tool under competitive
constraints. By evaluating reinforcement learning within a reconstructed empirical market derived from
nearly two years of real day-ahead bidding data, this study provides insight into how adaptive algorithms
behave under authentic competitive conditions. The primary contribution of this paper is the integration
of reinforcement learning into a fully reconstructed empirical market environment using bid-level data
from KOREM. Rather than using published clearing prices or synthetic cost curves, the model
reconstructs hourly supply stacks directly from historical bids and applies a pay-as-cleared clearing
mechanism consistent with institutional market rules. The strategic agent operates within this
reconstructed environment while all other participants retain their historical bids. This design ensures
realistic competitive depth while isolating the effect of adaptive bidding.

Because marginal cost data are not publicly available, the study introduces a transparent proxy
based on the 10th percentile of historical bid prices for each generator. This allows markup-based
strategic behavior to be modeled without introducing artificial cost assumptions. Another key
contribution is methodological. Initial experiments using classical Q-learning produced unstable markup
escalation due to overestimation bias. Transitioning to Double Q-learning stabilized convergence and
eliminated artificial price volatility, highlighting the importance of algorithm selection in electricity
market applications.

Finally, the model is evaluated using a chronological 80/20 train-test split, ensuring that
performance improvements reflect genuine out-of-sample predictive adaptation rather than in-sample
overfitting.

Literature review

Strategic bidding in day-ahead electricity markets arises from the structure of uniform-price
auctions and merit-order dispatch. When demand approaches available capacity, residual demand
becomes less elastic, allowing generators to submit bids above marginal cost without losing dispatch.
This behavior is a structural feature of electricity markets rather than an anomaly (Biggar and
Hesamzadeh, 2014: 281-306).

Equilibrium-based models formalize these incentives using Nash-Cournot frameworks, showing
that prices may exceed marginal cost under capacity and transmission constraints (Contreras etal., 2004:
195-206). When operational constraints such as unit commitment are included, the strategic problem
becomes dynamic and dependent on generation feasibility (Baillo et al., 2001: 227-248). However, these
models rely on assumptions of full rationality and complete information, which limit their applicability
in real market environments (Ventosa et al., 2005: 897-913).
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Electricity markets operate as repeated and adaptive systems, where participants adjust strategies
based on observed outcomes. Agent-based computational frameworks capture this behavior by modeling
markets as evolving systems driven by decentralized interactions (Tesfatsion, 2002: 55-82). In such
models, strategies emerge over time rather than being derived analytically (Tesfatsion, 2003: 262-268).

Agent-based simulations allow explicit representation of auction rules and heterogeneous
participants, enabling analysis of price dynamics and market power under adaptive conditions (Guerci
etal, 2010: 241-286). Platforms such as AMES demonstrate how learning agents interact with realistic
clearing mechanisms (Li and Tesfatsion, 2009: 1-8), while dynamic testing shows that market outcomes
depend on learning trajectories rather than equilibrium states alone (Sun and Tesfatsion, 2007: 291-
327). These approaches establish a foundation for modeling adaptive strategic behavior in electricity
markets.

Reinforcement learning provides a natural extension of agent-based approaches by formalizing
adaptive bidding as a sequential decision-making process. In this framework, agents update their
strategies based on realized profits without requiring explicit knowledge of competitor behavior or cost
structures. Early applications of Q-learning to electricity supplier bidding demonstrate that such agents
can improve profitability through iterative interaction with the market (Xiong et al.,, 2002: 1516-1521).

More advanced approaches incorporate probabilistic reasoning and structured learning, allowing
agents to operate under uncertainty while maintaining stability (Dehghanpour et al.,, 2016: 4744-4754).
Recent developments in deep reinforcement learning enable continuous bidding strategies and more
complex state representations, improving flexibility and scalability (Ye et al., 2020: 1343-1353). Multi-
agent reinforcement learning further shows that decentralized learning can approximate equilibrium-
like outcomes under competitive conditions (Du et al., 2021: 534-544).

A key direction in recent research is the use of empirically calibrated environments rather than
synthetic models. Reinforcement learning applied to realistic market data improves the credibility of
results and reduces reliance on artificial assumptions (Di Persio et al., 2025). At the same time, safety-
constrained reinforcement learning has been proposed to ensure that learned strategies remain
economically and operationally feasible (Stanojev et al., 2023: 1-7). Dedicated simulation environments
confirm that reinforcement learning must be evaluated within structured and institutionally consistent
market settings (Jain and Saxena, 2023; Schimeczek et al., 2023).

Despite these advances, reinforcement learning models remain sensitive to instability. In
particular, value-based methods such as Q-learning are prone to overestimation bias, which can lead to
excessive markup strategies in stochastic environments (van Hasselt, 2010: 2613-2621). Addressing this
issue is critical for applying reinforcement learning in electricity markets.

The effectiveness of reinforcement learning depends on the interaction between learning
algorithms and auction design. Market microstructure influences both efficiency and the extent of
strategic behavior (Nicolaisen et al, 2001: 504-523; Bower and Bunn, 2000: 1-29). Therefore,
reinforcement learning must be evaluated within the constraints of the clearing mechanism.

Instability in value-based reinforcement learning, particularly overestimation bias, can lead to
unrealistic outcomes if not controlled. This has motivated the development of more stable algorithms
and constraint-based approaches that limit excessive strategic behavior (van Hasselt, 2010: 2613-2621;
Stanojev et al., 2023: 1-7). These findings highlight that reinforcement learning in electricity markets
must balance profitability with structural stability.

To clarify the conceptual differences between traditional equilibrium-based approaches and
reinforcement learning methods, Table 1 provides a structured comparison across key modeling
dimensions.

Table 1 - Comparison between equilibrium-based models and reinforcement learning approaches
in electricity market modeling across key methodological and behavioral dimensions

Feature Equilibrium Reinforcement Ref.

Models Learning
Behavior Fully rational agents | Bounded rationality (Weidlich and Veit, 2008: 1728-
assumption 1759)
Information Full information Partial / local | (Tesfatsion, 2003: 262-268)
availability observations
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Adaptation Static (one-shot | Dynamic (learning over | (Guerci et al., 2010: 241-286)
solution) time)

Solution method | Analytical [terative learning (trial- | (Xiong etal,, 2002: 1516-1521)
optimization (e.g, | and-error)
Nash)

Strategic Explicit equilibrium | Implicit strategy

modeling formulation learning

Scalability Limited for complex | High (data-driven) (Yeetal, 2020: 1343-1353; Du et
systems al,, 2021: 534-544)

Empirical Often low (stylized | High (when using real

realism assumptions) data)

Uncertainty Limited Naturally incorporated

handling

Interpretability | High Moderate

As shown in Table 1, reinforcement learning provides a more flexible and adaptive framework for
modeling strategic behavior under uncertainty. However, this flexibility comes at the cost of reduced
interpretability and potential instability, particularly in value-based methods such as Q-learning.

The proposed framework evaluates adaptive strategic behavior under realistic competitive depth,
demand variability, and institutional constraints. Therefore, this work contributes to bridging the gap
between theoretical reinforcement learning models and empirically grounded electricity market
analysis.

Model Framework

Market Environment. The simulated environment represents a uniform-price day-ahead
electricity market reconstructed from historical KOREM bid-level data. For each delivery day d and hour
h, the market consists of a set of generators i € {1,...,N}, each submitting price-quantity offers.

The use of a uniform-price, merit-order market structure follows the institutional design widely
analyzed in electricity market economics (Biggar and Hesamzadeh, 2014: 119-138). Such market
structures have been extensively modeled both in equilibrium formulations (Contreras et al., 2004: 195-
206) and in agent-based simulation environments (Li and Tesfatsion, 2009: 1-8). The present framework
adopts the institutional structure of these markets while embedding it within a reconstructed empirical
dataset.

The model does not incorporate transmission constraints, nodal pricing, or unit commitment
decisions. This abstraction isolates markup-based strategic behavior within a single clearing zone,
consistent with many agent-based electricity market studies that focus on auction dynamics rather than
network feasibility (Guerci et al, 2010: 241-286). The omission of intertemporal commitment
constraints is deliberate, as strategic unit commitment introduces a substantially more complex bilevel
optimization structure (Baillo et al., 2001: 227-248).

Demand for each hour is derived from historical KOREM data. To avoid deterministic overfitting
during training, stochastic multiplicative noise is introduced, scaled according to peak and off-peak
regimes. This treatment aligns with the adaptive modeling perspective in which agents interact with a
stochastic but institutionally consistent environment rather than a static deterministic schedule (Sun and
Tesfatsion, 2007: 291-327).

Agent Structure and Roles. The reconstructed market consists of a set of agents corresponding
to generators observed in the historical KOREM dataset. Each agent represents an individual market
participant submitting price-quantity bids in the day-ahead market. In line with agent-based modeling
principles, agents operate independently and make decisions based on local information rather than
global system knowledge (Tesfatsion, 2002: 55-82; Tesfatsion, 2003: 262-268).

To isolate the effect of adaptive strategic behavior, agents in the model are divided into two
categories: a single strategic learning agent and multiple passive agents.

The strategic agent represents one generator whose bidding behavior is modeled using
reinforcement learning. Instead of submitting its historical bid price, this agent applies a markup over its
estimated marginal cost and adapts this markup over time to maximize profit. The decision-making
process of the strategic agent is based on observed market conditions, including clearing prices, demand
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levels, and previous outcomes. This approach reflects adaptive learning behavior commonly studied in
electricity market simulations (Ye etal., 2020: 1343-1353; Xiong et al,, 2002: 1516-1521).

All remaining agents are modeled as passive participants. These agents submit their historical bids
without modification and do not adapt their strategies over time. Their role is to provide a realistic and
empirically grounded competitive environment for the strategic agent. By preserving the original bid
structure of the market, the model maintains the actual supply stack and competitive depth observed in
the real system.

This hybrid agent design, combining one adaptive agent with a population of fixed historical agents,
is widely used in agent-based electricity market studies to ensure interpretability and stability of results
(Pinto et al., 2013: 335-346; Di Persio et al., 2025). Unlike fully adaptive multi-agent systems, where all
participants learn simultaneously, the current approach allows the impact of reinforcement learning on
strategic bidding to be evaluated in isolation.

Although simplified, this structure captures the key dynamics of strategic interaction in electricity
markets while avoiding the additional complexity and convergence issues associated with multi-agent
reinforcement learning frameworks (Du et al,, 2021: 534-544; Khamzina et al., 2025).

Reconstruction of Supply Stack and Clearing Mechanism. For each hour 4, all submitted bids
are aggregated and sorted in ascending order of offered price. Let P;, denote the submitted price and Qi,x
the offered quantity of generator i.

Cumulative supply is constructed as shown in Eq. (1):

k
Shao = Z Quyh (1
=1

The cumulative function Sy () defines the total available supply up to the k-th bid, allowing
construction of the aggregate supply curve. Bids are ordered such that:

Payn = Poyn = = = Py (2)

This ordering represents the merit-order ranking of bids, where lower-priced offers are dispatched
first, forming the basis of the supply curve.

The market-clearing price Ph* is determined as the price of the marginal accepted bid satisfying,
as shown in (3):

Su(k*) = Dy (3)

where Dy, is hourly demand. The index k* identifies the marginal unit required to meet demand Dy,
determining the cutoff point for accepted bids.

This pay-as-cleared reconstruction reflects the clearing principle implemented in most pool-based
electricity markets and studied extensively in computational market test beds such as AMES (Li and
Tesfatsion, 2009: 1-8). Auction microstructure has been shown to influence strategic incentives
significantly (Nicolaisen et al, 2001: 504-523; Bower and Bunn, 2000: 1-29), and therefore
reconstructing clearing endogenously from bids ensures institutional fidelity. By avoiding direct use of
published historical clearing prices, the model allows strategic bid modifications to propagate through
the same merit-order logic that governs real market outcomes.

Marginal Cost Proxy. True generator marginal costs are not publicly available in the dataset. To
enable markup modeling relative to cost, a proxy marginal cost M C; is estimated for each generator i as
the 10th percentile of its historical bid prices:

MC; = Percentile;o{P; 4} .

This percentile-based proxy (4) assumes that the lower tail of historical bids approximates cost-
reflective offers during competitive conditions. Similar empirical approximations have been employed in
data-driven electricity market modeling when direct cost data are unavailable (Di Persio et al., 2025).
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The approach avoids introducing synthetic cost curves while maintaining empirical grounding in
observed bidding behavior.

While this proxy does not represent true fuel or operational cost data, it provides a consistent
reference point for modeling markup-based strategic behavior within an empirically reconstructed
environment.

Strategic Agent Structure. The reconstructed market includes all historical bidders observed in
the dataset. However, only one generator is modeled as a strategic reinforcement learning agent. All other
participants submit their historical bids unchanged.

This hybrid structure, one adaptive agent embedded within a population of passive participants,
follows a common experimental design in agent-based market simulations where the objective is to
isolate the behavioral impact of a single learning agent (Pinto et al., 2013: 335-346). The strategic agent
replaces its historical price with a markup-based bid defined as in Eq. (5):

Ps,h = MCs(l + mh) (5)

where m,, is the markup selected by the reinforcement learning policy for hour 4. The offered
quantity remains equal to its historical quantity.

This formulation reflects the economic interpretation of strategic bidding as deviation from
marginal-cost offers, consistent with equilibrium-based markup logic (Biggar and Hesamzadeh, 2014:
281-306; Contreras et al,, 2004: 195-206), but without requiring explicit equilibrium solution.

Reinforcement Learning Formulation. The strategic bidding problem is modeled as a sequential
decision process. At each hour, the agent observes a state vector incorporating recent clearing prices,
demand conditions, and profit outcomes. Such state-based adaptation aligns with reinforcement learning
formulations applied to electricity supplier bidding (Xiong et al.,, 2002: 1516-1521).

The action space consists of discretized markup levels bounded within economically plausible
limits. Bounding the action space is essential in auction environments, as unbounded value-based
learning may otherwise generate unrealistic escalation behavior, a concern emphasized in reinforcement
learning applications to power systems (Stanojev et al., 2023: 1-7).

The reward function is defined as realized hourly profit:

Ry = (P — MCy) - Qecerted (6)

Equation (6) captures realized profit, where revenue depends on the clearing price and accepted
quantity, while costs are approximated by the marginal cost proxy. The learning algorithm initially
employed classical Q-learning:

050 = Qs ) +a[R+y" 7 0(", ) - 0(s,0)] (7)

The update rule adjusts action values based on observed rewards and estimated future returns,
with the maximization term introducing potential overestimation bias. Classical Q-learning has been
previously applied to electricity bidding problems (Xiong et al., 2002: 1516-1521; van Hasselt, 2010:
2613-2621). To address this issue, the model adopts Double Q-learning, which separates action selection
from value evaluation:

0:(5,0) = (s @) +a [R+7vQu(s",arg" ) 01(s",a)) — Qi (5, 0) (8)

By separating action selection and evaluation, this formulation (8) reduces overestimation bias and
improves stability in stochastic environments. A symmetric update applies to @Q,. Bias reduction
mechanisms are particularly relevant in competitive multi-agent contexts where value overestimation
may lead to unstable bidding behavior (van Hasselt, 2010: 2613-2621; Du et al,, 2021: 534-544).
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Exploration follows an e-greedy schedule with decay during training. After convergence,
exploration is disabled during out-of-sample evaluation.
To improve clarity of the proposed framework, the overall workflow of the model is illustrated in
Fig. 1. The diagram summarizes the interaction between data input, market reconstruction, and
reinforcement learning-based strategic decision-making.
[State: 1 [ }
* clearing price Action:
* demand markup my,
* previous profit

KOREM Bid-Level Data Data processing Market Reconstruction Strategic Agent (RL)

* Observes state

* Prices * Clean data + Sort bids

+ Select: ti
* Build supply curve elects action

(markup my)

* Quantities « Extract hourly bids
* Demand + Build dataset

l

Modify Strategic Bid

Reward Calculation RL Update
Match supply &
demand

— . paccepted Q-Learning / Double Q-
« Determine clearing By = (P —MC5)- Qg Learning
price P*

Figure 1: Workflow of the proposed agent-based reinforcement learning framework,
illustrating the interaction between real bid-level data, market reconstruction, strategic
agent decision-making, and learning through iterative updates

Aep / inoy yoea 10} yeaday

Psp = MC;(1 + my)

Training and Evaluation Protocol. The dataset is divided chronologically into training (80%) and
testing (20%) segments. Chronological splitting avoids look-ahead bias and aligns with empirical
validation practices in electricity market modeling (Di Persio et al., 2025). The reinforcement learning
agent updates its policy sequentially across training days, interacting with reconstructed auction
outcomes.

A central contribution of this study is its direct empirical grounding in real day-ahead electricity
market data from the Kazakhstan Electricity and Power Market Operator (KOREM). Rather than relying
on stylized synthetic datasets or abstracted cost curves, the proposed agent-based framework is
constructed from historical bid-level data, allowing strategic adaptation to be evaluated within a realistic
institutional and competitive environment.

Dataset and Market Coverage. The empirical dataset comprises bid-level submissions from the
KOREM day-ahead electricity market covering days between July 2023 and November 2025. This period
spans approximately two years of continuous day-ahead market operations, capturing seasonal
variation, demand cycles, and heterogeneous bidding behavior across participants.

For each delivery day and hour, the dataset includes individual bidder identifiers, submitted bid
prices, offered quantities, delivery hour, and delivery date. In addition, hourly system demand values are
available. The dataset therefore enables full reconstruction of the supply curve for each trading hour.

Importantly, historical clearing prices were not directly used in the modeling process. Instead,
clearing prices were reconstructed from bid-level data using the official pay-as-cleared mechanism. This
approach ensures that any strategic modification of bids produces internally consistent clearing
outcomes rather than relying on externally imposed historical prices.

Reconstruction of Market Clearing. For each delivery date and hour, the clearing procedure was
reconstructed to replicate the pay-as-cleared uniform pricing mechanism used in day-ahead markets. All
submitted bids were first aggregated and sorted in ascending order by price. Quantities were
cumulatively summed until the total supply equaled or exceeded hourly demand. The price associated
with the marginal accepted bid was identified as the market-clearing price for that hour.

This reconstruction ensures that the simulated market clearing process mirrors the actual auction
logic of the KOREM day-ahead market. By reconstructing clearing prices rather than importing them
directly, the framework allows strategic bid modifications to affect price formation in a structurally
consistent manner.
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Marginal Cost Proxy Construction. True marginal costs of generators are not publicly available
within the dataset. To enable modeling of strategic markups over marginal cost, a proxy marginal cost
was constructed for each bidder.

For each generator, marginal cost was approximated using the 10th percentile of that bidder’s
historical bid prices across the dataset. The rationale for this approach is that the lower tail of historical
bids likely reflects cost-based offers submitted during periods of low demand or intense competition.
Using a percentile rather than the minimum bid avoids distortions caused by occasional anomalous or
extreme low-price entries.

This proxy introduces an approximation, as actual production costs are not observed directly.
However, it allows strategic markups to be defined relative to empirically grounded bid behavior rather
than synthetic cost curves. The implications of this assumption are discussed explicitly in the limitations
section.

Strategic Agent Design within Real Market Environment. The reconstructed market includes
all historical bidders observed in the dataset. However, only one bidder is modeled as a strategic
reinforcement learning agent. All remaining participants retain their historical bids unchanged.

This modeling choice results in a hybrid market structure in which the competitive environment is
fully empirical, while a single generator adapts its bidding behavior. The strategic agent replaces its
historical bid price with a markup-based formulation defined as a function of its proxy marginal cost,
while maintaining historically observed quantities. All other bidders act as passive participants,
submitting the same prices and quantities recorded historically.

This design isolates the effect of reinforcement learning within a realistic competitive landscape.
Because other bidders do not adapt strategically in the simulation, the learning dynamics of the focal
agent can be interpreted without multi-agent interaction effects confounding the results.

Training and Evaluation Protocol. To prevent look-ahead bias and ensure credible empirical
evaluation, the dataset was divided chronologically into training and testing segments. The first 80
percent of delivery days were used for training the reinforcement learning agent. The remaining 20
percent were reserved exclusively for out-of-sample evaluation.

The learning process was conducted sequentially across training days, allowing the agent to update
its policy through repeated exposure to historical market conditions. After training convergence was
achieved, the learned policy was fixed. Performance evaluation was then conducted on the test subset
without further learning or parameter adjustment.

This chronological split ensures that performance improvements reflect genuine predictive
adaptation rather than overfitting to future data.

Reinforcement Learning Implementation. The strategic agent employs value-based
reinforcement learning. Initial implementation used classical Q-learning, a method previously applied to
electricity supplier bidding problems (Xiong et al., 2002: 1516-1521; van Hasselt, 2010: 2613-2621).
However, classical Q-learning is known to suffer from overestimation bias in stochastic environments,
which may lead to aggressive action selection.

To mitigate this issue, the model adopts Double Q-learning, which separates action selection from
evaluation and reduces upward bias in value estimation. Bias reduction is particularly relevant in
auction-based markets where reward signals depend on stochastic clearing outcomes and competitor
behavior.

Exploration is implemented using an e-greedy policy with gradual decay. During the testing phase,
exploration is disabled to evaluate deterministic policy performance.

The reinforcement learning configuration is designed to balance profitability improvement with
structural stability, reflecting concerns raised in reinforcement learning applications to power systems
regarding convergence and volatility (Stanojev et al., 2023: 1-7).

Results

Baseline Benchmark. The baseline configuration represents non-adaptive cost-based bidding by
the strategic generator, while all other participants submit their historical bids unchanged. Market
clearing is reconstructed through the pay-as-cleared merit-order mechanism described earlier, ensuring
institutional consistency with wholesale pool markets (Biggar and Hesamzadeh, 2014: 119-138).

Out-of-sample evaluation on the 20% test dataset yields cumulative profit for the strategic agent
of:
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These values establish the empirical reference against which reinforcement learning performance
is evaluated and are presented in comparison in Table 2.

Table 2 - Out-of-Sample Performance Comparison Between Baseline and RL Configurations

Metric Baseline RL Change
Total Profit 21,491,955 21,571,138 +0.37%
Mean Clearing Price 29.6008 29.6920 +0.31%

Reinforcement Learning Performance. Under Double Q-learning, the strategic agent adapts its
markup decisions based on realized profit signals and observed market states. Out-of-sample cumulative
profit increases to:

Profitg;, =21,571,138

This corresponds to an absolute improvement of 79,183 monetary units and a relative increase of
+0.37%.

Although moderate in percentage terms, such improvements are economically meaningful in
wholesale electricity markets operating at large scale. Importantly, the improvement is achieved without
extreme markup escalation, reflecting bounded strategic adaptation consistent with residual demand
theory (Biggar and Hesamzadeh, 2014: 281-306).

The stabilization achieved through Double Q-learning is particularly relevant given known
overestimation bias issues in classical value-based reinforcement learning (van Hasselt, 2010: 2613-
2621). Earlier experiments with standard Q-learning produced higher short-run profit gains but
introduced instability. The final configuration prioritizes structural plausibility over aggressive
exploitation. The comparison between baseline and reinforcement learning performance is illustrated in
Fig. 2.

1le7 Profit Comparison (Zoomed Scale)

2.15751

2.1550 1

2.15251

2.1500

Profit Proxy

2.1475 1

2.1450 1

2.1425 1

2.1400

Baseline RL
Figure 2: Out-of-sample cumulative profit comparison between baseline and Double Q-learning
configurations

Clearing Price Distribution and Structural Stability. A critical concern in applying
reinforcement learning to auction-based electricity markets is the potential distortion of price
distributions. Auction microstructure studies demonstrate that market design strongly influences
volatility and efficiency (Nicolaisen et al., 2001: 504-523; Bower and Bunn, 2000: 1-29). Therefore,
reinforcement learning performance must be evaluated not only in terms of profit but also in terms of
structural stability.
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The empirical distribution of clearing prices under both configurations was compared using the
reconstructed pay-as-cleared outcomes.

Under Double Q-learning, the distribution remains concentrated within historically observed
intervals. No heavy-tailed amplification or abnormal price spikes are introduced. The modal structure
associated with peak and off-peak regimes is preserved. Fig. 3 illustrates that reinforcement learning
does not distort the overall price distribution.

Distribution of Day-Ahead Clearing Prices
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Figure 3: Distribution of day-ahead clearing prices under baseline and RL configurations

Intraday Price Structure. Electricity markets exhibit characteristic intraday price patterns driven
by demand cycles and supply stack composition (Kabdygali et al., 2023: 16-29). Agent-based market
studies emphasize that preserving such temporal structure is essential for institutional realism (Li and
Tesfatsion, 2009: 1-8; Sun and Tesfatsion, 2007: 291-327).

The hourly average clearing price profile remains consistent under reinforcement learning. Prices
increase during peak demand hours and decline during off-peak periods in both baseline and RL
configurations. The RL scenario exhibits slightly elevated prices during peak periods, reflecting targeted
markup adjustments.

The preservation of temporal price structure indicates that adaptive bidding operates within
merit-order constraints rather than disrupting the institutional clearing logic. This pattern is illustrated
in Figure 4.

Average Clearing Price by Hour of Day
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Figure 4: Average clearing price by hour of day

Strategic Markup Dynamics. The observed profit improvement is driven by context-dependent
markup adaptation. Reinforcement learning increases markups primarily during hours of elevated
demand, when residual demand elasticity permits price influence. During low-demand hours, markups
remain minimal, reflecting competitive pressure.
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This behavior is consistent with strategic bidding patterns predicted in equilibrium analyses
(Contreras et al., 2004: 195-206) and observed in adaptive agent-based simulations (Pinto et al., 2013:
335-346). The bounded nature of markup adjustments demonstrates that Double Q-learning
successfully mitigates overestimation bias and prevents unstable escalation.

Discussion

Interpretation of Results. The empirical results demonstrate that reinforcement learning can
enhance strategic bidding performance within a reconstructed real-world day-ahead electricity market.
However, the magnitude and stability of this improvement are strongly constrained by both the
competitive structure of the market and the design of the learning algorithm.

The observed improvement in profitability, although moderate, reflects the realistic conditions of
the reconstructed environment. Unlike stylized simulations where agents operate in simplified or
synthetic settings, the strategic agent in this study interacts with a real bid stack derived from historical
data. As a result, the opportunity for profit maximization is limited by the presence of competing bids and
the merit-order dispatch mechanism. This indicates that reinforcement learning does not artificially
inflate profits, but instead identifies economically feasible opportunities for strategic adjustment.

A key observation is the temporal distribution of markup behavior. The reinforcement learning
agent increases markups primarily during peak-demand hours, while maintaining near-zero markups
during off-peak periods. This behavior suggests that the agent implicitly learns the concept of residual
demand elasticity, exploiting situations where demand approaches available supply. Such behavior is
consistent with theoretical expectations from electricity market economics, where market power is most
pronounced under capacity constraints (Biggar and Hesamzadeh, 2014: 281-306).

At the same time, the limited increase in average clearing prices indicates that the agent’s influence
on overall market outcomes remains constrained. This is an important result, as it demonstrates that
reinforcement learning-based strategies do not lead to structural distortion of price formation when
applied within a realistic institutional framework. The preservation of price distribution and intraday
patterns further supports this conclusion.

As electricity trading becomes increasingly automated, stability and interpretability are essential
criteria for evaluating learning-based strategies. The findings indicate that empirically grounded market
reconstruction and appropriate algorithmic constraints can support adaptive participation without
introducing excessive volatility (Azibek et al., 2024: 1749-1762).

Conclusion

This study evaluated reinforcement learning for strategic bidding in a day-ahead electricity market
reconstructed from KOREM bid-level data. One adaptive generator interacted with passive historical
participants within pay-as-cleared auctions. Reconstructing clearing outcomes from historical bid stacks
preserved competitive depth and institutional structure, providing an empirical basis for evaluating
strategic behavior.

The empirical grounding of the model plays a central role in these findings. By reconstructing
clearing outcomes directly from bid-level data rather than relying on synthetic supply curves or
predefined price series, the framework evaluates adaptive behavior under actual competitive conditions.
This ensures that the observed results reflect realistic market dynamics rather than artifacts of simplified
modeling assumptions.

Adaptive bidding improved profitability without fundamentally altering price formation in the
reconstructed market. The agent increased markups during periods of high demand, while the
competitive supply stack constrained excessive price manipulation. Bounded reinforcement learning
may support strategic decisions within the existing auction rules.

Double Q-learning increased out-of-sample profit by approximately 0.37% relative to cost-based
bidding. Although classical Q-learning produced larger preliminary short-term gains, its unstable
markups and clearing prices highlighted the consequences of value overestimation. Separating action
selection and evaluation improved convergence and supported bounded, economically plausible bidding.
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