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Abstract—The growing share of renewable energy in short-
term European electricity markets has significantly increased
congestion management costs and demands. Therefore, current
market design is not optional to keep congestion costs low. A
proper market would incentivize the integration of flexibilities
to boost competition and lower costs, while mitigating risks of
manipulation. However, assessing behavioral impacts is challeng-
ing due to increasingly interconnected market structures. Studies
modeling more than two markets often overlook the strategic
opportunities that emerge from these interactions, focusing in-
stead on large-scale dynamics. To capture the detailed impact
of bidding strategies, we use reinforcement learning to explore
multi-market strategies. By progressively training a Deep Rein-
forcement Learning (DRL) agent as a market participant—from
replicating established behaviors to mastering intricate multi-
market interactions— we employ Domain-Informed Curriculum
Learning (DomCL), a structured approach that systematically
guides learning through staged complexity. We validate our
approach against established two-market studies, then evaluate it
in two progressively complex four-market case studies spanning
a 6-bus network, including historical data. Results show that
our DRL-based method improves performance while uncovering
challenges that arise as strategic opportunities expand, offering
a structured approach for multi-market design analysis.

Index Terms—Agent-Based Model, Deep Reinforcement Learn-
ing, Electricity Markets, Market Power, Strategic Bidding

I. INTRODUCTION

The increasing share of renewable energy sources, com-
bined with ongoing market integration and the slow pace of
grid expansion, has introduced significant challenges to the
existing European electricity market design. During periods
of high renewable generation, electricity production often
exceeds the transmission network’s capacity. The prevailing
zonal market-clearing mechanism is ill-equipped to manage
these bottlenecks, resulting in a growing reliance on redis-
patch measures. This reliance drives up operational costs and
hinders potential reductions in CO, emissions, adding further
complexities to market operations. Furthermore, this situation
creates opportunities for market manipulation, such as the so-
called “inc-dec gaming” — a strategy that exploits congestion
management mechanisms by overstating offered volumes or
underbidding marginal costs, knowing that these bids are
unlikely to be activated. The potential introduction of market-
based redispatch remuneration mechanisms raises concerns
about amplifying such behavior, as participants could leverage
higher price bids to account for increased opportunity costs
associated with upward regulation.

Challenges to Capturing Multi-Market Behavior: Ad-
dressing the challenges of modern electricity markets requires
market design improvements that incentivize flexibility in-
tegration while mitigating market manipulation. Simulating
strategic bidding behavior is essential for evaluating market
design assessing price formation, identifying flaws, and ensur-
ing effectiveness. However, conventional analytical methods
face inherent limitations with scalability, perfect foresight
assumptions, reliance on predefined probability distributions,
and handling non-convexities—all essential for computational
feasibility. These constraints restrict the integration of multiple
markets, agents, or time steps, significantly affecting the
representation of strategic opportunities and risks.

To model strategic behavior, conventional approaches de-
termine Nash equilibria by formulating payoff functions, as
in game theory, or by modeling each market participant as
an optimization problem constrained by others’ equilibrium
conditions—formalized as EPEC (Equilibrium Problem with
Equilibrium Constraints) and MPEC (Mathematical Program
with Equilibrium Constraints). Notable examples include [1],
which demonstrates systemic risks and dynamics of inc-
dec gaming, offering insights in the dominant strategy even
under perfect competition in market-based redispatch. [2],
[3] apply EPEC models to study local market power in inc-
dec gaming. Collectively, these studies focus on single time
steps within two-market setups. While effective in identifying
dominant strategies in equilibrium scenarios, their reliance
on nested optimization problems leads to exponential growth
in computational intensity with increasing decision points,
making them impractical for larger-scale or more dynamic
settings. These limitations often introduce biases in modeling
bidding behavior, which weakens the interpretation of market
outcomes. Similarly, the assumption of perfect foresight limits
these models’ to capture the uncertainty and complexity of
real-world interactions.

In contrast, stochastic optimization (SO) addresses hidden
information by accounting for risks and uncertainties, avoiding
the assumption of perfect foresight and being less constrained
by scalability. For instance, [4]-[6] use stochastic optimization
to assess the profitability of market participants across multiple
markets, highlighting both the method’s potential and its
limitations. However, in doing so, SO relies on predefined
probability distributions, which limits its ability to capture
evolving interactions across multiple markets or competitors.

Beyond analyzing strategic decisions at the micro level,
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large-scale models often focus on macro-level dynamics, such
as sector coupling or system-wide interactions [7], [8]. These
models simplify strategic bidding into rule-based decisions
to manage computational complexity. More advanced ap-
proaches, like the MASCEM model, consider (Deep) rein-
forcement learning (DRL) to select the most effective prede-
fined strategy, combining adaptability with heuristic rules [9],
[10]. However, these works do not model strategies behavior
at finer resolutions which is important for capturing realistic
market outcomes.

DRL has been successfully applied to various challenges
in strategic interaction [11], [12]. [13] investigated DRL for
finding Nash equilibria, [14], [15] applied RL for joint bidding
and pricing, and [16], [17] used multi-agent RL to study day-
ahead market dynamics. Additionally, [18] incorporated ramp-
up and ramp-down costs into DRL models to handle non-
convexities. Despite these advancements, research on multi-
market decision-making remains limited and often focuses
only on interactions between two markets [19]-[21], as in-
creasing the number of markets introduces computational
intractability. A key research gap lies in modeling strategic
bidding behavior across multiple markets, where growing
complexity leads to additional constraints and trade-offs over
various time horizons—challenges that standard Markov De-
cision Process (MDP) formulations in DRL applications may
fail to capture [22].

Proposed Contribution: Motivated by this gap, we ex-
amine why standard MDP formulations in DRL fail to cap-
ture cross-market dependencies and dynamic constraints in
multi-market scenarios. We then propose domain-informed
curriculum learning (DomCL) to systematically introduce sub-
scenarios reflecting real-world complexities. By leveraging
domain knowledge, DomCL enables agents to establish foun-
dational behaviors before addressing the full complexity of
the model, providing a more scalable solution for multi-
market integrations. We demonstrate the scalability of this
approach by comparing it to standard implementations of a
DRL algorithm and validating it against a well-established
example from the literature. Furthermore, through two case
studies spanning four markets (Balancing Capacity and En-
ergy, Day-ahead, and Redispatch), we evaluate the use of
DomCL to handle systematically increasing environmental
complexity by analyzing how the DRL agent identifies and
exploits strategies such as inc-dec gaming. Finally, as numeric
methods remain challenged in producing feasible solutions in
complex market scenarios, we demonstrate that DRL, guided
by DomCL, effectively uncovers optimal strategies. This un-
derscores its potential for modeling strategic decision-making
in multi-market settings and supports a structured approach to
analyzing market design and behavior across interconnected
markets.

We outline the challenges of standard MDP formulation in
Sec. II-A and introduce DomCL as a solution in Sec. II-B.
Section II-C describes its integration with our DRL-based
Flexibility Service Provider (FSP) agent. In Sec. III-A, we
describe the market environment before presenting our find-
ings in Sec. III-B. We conclude in Sec. IV. Appendices A to D
provide additional details on the algorithm and data.

II. ADDRESSING EFFECTIVE DRL IMPLEMENTATION IN
MULTI-MARKET SYSTEMS

In this section we first examine DRL’s challenges in multi-
market settings, then present DomCL as a solution and outline
the DRL-based FSP model. For details on reinforcement
learning, see [23].

A. Challenges in Multi-Market Modeling with DRL

In DRL, the optimal policy 7* is obtained through iterative
updates using dynamic programming, which models the envi-
ronment as a MDP. An MDP defines transitions from a state
s¢ to the next state s;4; with the agent taking an action a,
and receiving a reward r;, determined by the reward function
R(s¢, ay) [24]. The main objective is to maximize the expected
return (5, defined as the discounted cumulative reward. This is
achieved using the Bellman equation, which relates the action-
value function @ (s, a;) to the expected return under policy
m

Qr(stsar) = Ex[R(st, ar) + YQr(St41, ary1)|se,ae] (1)

When considering M markets, the agent sequentially places
bids a,, in each market state s;,,, where future market
states depend on past actions sy a7 (S¢,0:a—1, @t,0:m—1). Here,
t indexes episodes (each representing a full day of market
interactions), while m indexes sequential market interactions
within an episode. However, policy updates in standard MDPs
only consider immediate rewards, ignoring dependencies be-
yond adjacent steps and leading to myopic decision-making.
For example, if the state at market s;,,43 also depends on
S¢,m and s¢ ,,11, the MDP fails to capture this dependency.
Instead, the agent optimizes s;,, based solely on s; ;11
disregarding the long-term effect on s; ,,,43. Figure 1 visually
illustrates this limitation. If an action yields short-term benefits
in s ., but negatively impacts s,, 43, the agent is not penalized
unless explicitly modeled. As a result, the policy update only
accounts for immediate effects.

To address this constraint, different strategies have been
proposed. For instance, [25], [26] reformulated an autoregres-
sive Q-function to model dependencies across multiple steps.
While these approaches implicitly encode information from
past observations, they have only shown success when state
dynamics between interrelated actions are negligible or when
trained offline on large datasets.

A more formal alternative to handle partial observability
of past states is by extending the problem to a Partially Ob-
servable Markov Decision Process (POMDP) [22]. A POMDP
generalizes the MDP by maintaining a belief state—a probabil-
ity distribution over possible underlying states, conditioned on

/at,m\/at,mﬂ\ at’mﬂxA

St,m St,m+1 St,m+2 St,m+3
(BC) (DA) (RD) (BE)
&at,m :m+1

Fig. 1. State dependencies in an MDP. The final state is influenced only
by the preceding action from the previous state (gray), while decisions from
earlier stages (pink) are ignored.
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observations and the MDP dynamics. Unlike an MDP policy,
which directly maps states to actions, a POMDP’s policy
maps a history of observations (or belief states) to actions.
This allows dependencies across non-adjacent markets to be
captured, ensuring that s; ps(S¢,0:07-1, Gt,0:0—1) holds.

To address policy training with long-term state dependen-
cies, curriculum learning [27] provides a structured framework
by incrementally training sub-policies. This constrains the
solution space, systematically capturing how actions influence
long-term rewards and improving the agent’s ability to model
complex dependencies across sequential decisions.

B. Domain-Informed Curriculum Learning

To capture long-term dependencies of bidding decisions
across sequential markets, we adopt a curriculum learning
strategy and represent the market process as a POMDP. The
learning process for the optimal policy 7* is partitioned into
sequential sub-tasks, where each sub-policy 7, is trained on a
subset of markets, leveraging knowledge from previous stages.
This structured approach enables a systematic mapping of
states (or belief states) to actions, ensuring the agent incremen-
tally learns inter-market dependencies rather than attempting
to model all potential market interactions at once. Instead
of randomly learning from an extensive number of possible
market-state relationships, we enhance training efficiency by
systematically incorporating domain knowledge. The agent
first learns strategies for the balancing markets (BC and BE),
followed by redispatch (RD), and finally optimizes bidding
across all four markets. Each stage includes the day-ahead
market (DA) and is illustrated in Fig. 2 within the "Market
Environment” diagram.

To define which markets are active at each stage, we
introduce a binary proxy vector p € {0,1}™, where M is
the total number of markets. At each market m, p; ,, contains
entries of 1 for active markets and O for inactive ones.

During stage k, the agent’s policy mx(a¢m | btm, Pe,m) 1S
optimized to maximize the cumulative reward,

T
t=0

bt,mv pt,m:| ) (2)

where b; ., is the belief state, capturing structured dependen-
cies across markets.

When transitioning from stage % to stage k£ + 1, the policy
is updated to incorporate additional market dependencies:

7Tk+1(at,m ‘ bt,mvpt,m) = 7T'k(at,'m | bt,m,7pt,m)+A7Tk(at,m)a

3)
where Ay (at,) modifies the policy as an update step,
progressively integrating new dependencies while preserv-
ing previously learned strategies k + 1. By leveraging sub-
policies from earlier stages, the agent retains learned market
dependencies, incrementally incorporating new interactions
without forgetting prior knowledge. The binary proxy vector
P¢,m implicitly encodes the belief state for the policy during
training, effectively guiding the agent’s focus towards relevant
market interactions at each stage. This structured encoding
further facilitates reward penalization by allowing for de-
layed feedback, where the overall achieved profits reflect the

FSP Market Environment

(DRL-Agent) ¥ -~ - - - - - - -—- -~ 1
a, o 2
L,—y 1| Sem | [Stm+1| [Stm+2| |Stm+3 : &
1€, MWh} 1| ®B0) | | @A) | | RD) | | (BE) 2

n-Update (9) |- _ _ _ _ _ _ ___I
—— g
s
St,m Stm+1 | [Stm+2 | |Stm+3 -

(BC) (DA) (RD) (BE)

4
Stm | [Sem+1| |[Stm+2| |Stm+3 k]
(BC) (DA) (RD) (BE) w

Fig. 2. Tllustration of the FSP agent’s training process using DomCL in a
four-market environment. Grayed-out market states indicate omitted markets at
different stages, while the yellow box highlights the active market interaction.
Pink elements highlight the policy update process, reward post-processing, and
FSP interaction with the model environment, with references to key equations
from the text

long-term consequences of bidding decisions, as detailed in
Sec. II-C.

C. Flexibility Service Provider - DRL Agent Setup

We introduce a formal model for the FSP, which exploits
market opportunities by bidding strategically to maximize
profits based on available market information. The imple-
mented DRL logic follows the Twin-Delayed Deep Deter-
ministic Policy Gradient (TD3) algorithm [28], a model-free
approach that eliminates the need to assume prior knowledge
of the environment’s dynamics. Furthermore, it adapts its
policy through online learning, directly interacting with the
environment in real-time. TD3 employs an actor-critic archi-
tecture, where the actor (policy network) outputs deterministic
actions. In this setup, the FSP, modeled using TD3, observes
a market state s; ,, and selects an action a,,, representing
a bidding decision (including price and volume), using the
policy function 7y (sy,.y, ), parameterized by 6:

Wﬁ(st,m) = Qt,m (4)

Below, we define the state information provided to the agent,
the bidding actions it can execute, and the profit calculation
mechanism. Details of the algorithm’s update process, includ-
ing the hyperparameters used during training, the historical
data utilized, and a summary of the complete FSP agent, are
provided in Appendix A.

States: The FSP’s decision at each market m for each day
t depends on the following state variables:

. CPt},Lristv Wt,mv ptﬁm] (5)

t,m >

avail

St,m :[ tm

- Cfveil : Available capacity.

- Ct5, + Running electricity (used capacity).

- CPt’f};jt : Past clearing prices (last 3 days).

- Wi m : Weather forecasts (of the current day).

- P¢,m : Market proxy vector, indicating active markets. (see

Sec. II-B for further details).

Each state component influences specific aspects of the
decision-making process: Cyve" and C7%" inform volume
bids, ensuring they remain within feasible operational limits,

while C’Pt}fi,ft and W, ,, guide the pricing strategy, allowing
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the agent to adapt to expected price fluctuations. All data,
expect for the Market Proxy, are in hourly resolution.

Actions: We assume a single divisible bid per hour (similar
to the Colombian bidding format), requiring the agent to
decide both volume and price. Thus, actions are represented
as a 1 x (2H) vector, comprising H price and H volume bids
per market.

atm = VBN

t,m>

PB} ] (6)

where VB{',, and PB}', represent volume and price bids
for each hour in each market. A hyperbolic tangent activation
function maps all actions to the range [—1, 1], where:

- VBl + 1= max(Cfeeit), —1 = —max(CTum).

- PB{,, : 1 = Price cap, —1 = Price floor.

Rewards: The FSP optimizes its bidding policy based
on (2), where the reward corresponds to the profits P,
calculated as the total profit from each hour h at market m of
the current day ¢, excluding fixed costs:

H
Ry = Prm =Y _ SC, «(CP}, —MCl,) ()
h

where SCJ',,, is the sold capacity, CP/, the clearing price
and M Ct’fm is the marginal cost. To captilre long-term depen-
dencies across markets, the reward function is defined using
the return G ,, over markets, which accumulates discounted

future rewards:

M—m
Gt,m = Z ’Yth,m—&-w (8)

w=0

where v € [0,1) is the discount factor. Since TD3 is an
off-policy algorithm, data is stored in a replay buffer before
updates, allowing reward modifications without violating the
assumption that the agent cannot access future information
during training. This effectively aligns reward penalization
with py ,,, which implicitly encodes the belief state.

Policy Update: The policy is updated iteratively based on
the expected return:

T
ms ~E [Z tht,m} ©)

t=0

An overview of the FSP’s interaction with the market
environment is provided in Fig. 2, highlighting the exchange
of state information, bidding actions, return calculation, and
policy updates specific to this study.

III. RESULTS

To assess the performance of the implemented agent setup,
we investigate an EPEC model from the literature [2], applied
to a two-market setup testing the impact of the research gap.
We then evaluate our DRL agent to bid strategically in an
extended four-market environment through two progressively
complex case studies: (I) the Four-Markets Baseline case
and (I) the Four-Markets Flex+ case, designed to assess its
strengths and limitations.

A. Market Environment

We adopt the environment from [2]: based on a six-bus
(from [29]) network including loads, transmission lines, and
generators across DA and RD markets we test our approach.
To enhance the market setting, we extend this environment
to include BC and BE markets, enabling four-market experi-
ments. Congestion is managed through a two-step linear power
flow (LOPF) process: first, the DA market clears without
line capacity constraints to identify overloaded lines. Then,
a second LOPF run incorporates line limits and RD bids
while fixing the DA dispatch.. To better capture real-world
variability, we further extended the static two-market model
by integrating historical weather and load data, introducing
non-Gaussian stochasticity. Historical data simulates grid im-
balances in balancing markets. Accepted positive capacity bids
are reserved, while negative bids are mandatorily placed at the
minimum price in the DA market and restricted for RD in
the Four-Markets Baseline. BE bids are auto-generated from
reserved capacity, leaving only price decisions. As stated in
Sec. II-C, we assume a single, divisible bid is submitted per
hour. To reduce computational complexity, data is divided into
four six-hour blocks, with data points sampled accordingly.
Additionally, the data is scaled to match the magnitude of
the six-bus model. For a detailed description of the data and
preprocessing methods, refer to Appendices C and D.

B. DRL Performance in Multi-Market Environment

The main objective of this study is to apply DRL to
develop a scalable approach for assessing bidding strategies
in sequential electricity markets. Before extending to the four-
market case, we first benchmark our method against the EPEC
model in a two-market system from [2]. Unlike the EPEC
model, which fixes decisions on volume bids, our approach
operates in a continuous action space, allowing dynamic
bidding decisions, setting volume as well as price choices. For
a fair comparison, we constrained the agent’s actions to match
the EPEC model. Under these conditions, the agent converged
to the same equilibrium bidding strategy, achieving 99.8% of
the profits obtained in the EPEC model. The majority of these
profits stem from the agent’s ability to identify and exploit inc-
dec gaming strategies, replicating the exact behavior observed
in the EPEC model.

1. Four-Markets Baseline: Expanding to four markets
allows for a more rigorous evaluation of DRL’s scalability
in capturing strategic FSP behavior under increasing market
complexity. However, training without DomCL leads to a
significant decline in performance, as evidenced by lower total
profits (see Fig. 3). To ensure a fair comparison between
training with and without DomCL, we match the total number
of training iterations for both approaches. The results show that
DomCL significantly improves enhances the agent’s perfor-
mance, with the final training Stage 3 (blue boxplot) yielding
considerably higher rewards than the baseline training without
DomCL. The black dashed line represents the mean profit.
Additionally, the staged progression of DomCL reveals distinct
differences in reward distributions: balancing markets (Stage 1,
light grey box) exhibit lower profit potential than RD markets
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Fig. 3. Four-Markets Baseline: Comparison of achieved profits in the last
50 episodes of each training stage using DomCL (boxplots) against the mean
profit from training without DomCL (black dashed line).

(Stage 2, dark grey box), where the agent retains local market
power and can exploit inc-dec gaming more effectively.

The observed disparity stems from how the agent formulates
its decision-making strategy under different training setups.
Without DomCL, the agent treats the problem as an MDP,
adopting a weighted strategy that averages optimal decisions
across markets based on their frequency. As a result of MDP-
based decision-making, the agent follows an intermediate
approach that cannot fully exploit interdependencies between
markets, limiting its strategic flexibility. In contrast, DomCL
enables the agent to model the problem as a POMDP, allowing
it to dynamically adapt and align strategic opportunities across
markets. By leveraging these observed market interdependen-
cies, the agent formulates a more cohesive and substantially
more profitable bidding strategy.

Ultimately, with DomCL, the agent adapts its strategy to
broader market conditions during the final third stage. In
specific situations, it mitigates the potential for reduced profits
from inc-dec gaming caused by market fluctuations driven
by renewable generation and DA demand, by engaging in
balancing. These results demonstrate how DRL can allow the
integration of multiple markets to facilitate long-term bidding
decision-making under imperfect information when treating
the problem as POMDP acquired by the proposed DomCL.
These results show how DRL enables multi-market integration
and supports long-term bidding decisions under imperfect
information by treating the problem as a POMDP through the
proposed DomCL.

II. Four-Markets Flex+: This case study evaluates the
robustness of DomCL in training multi-market strategies for
FSPs by reinforcing the interdependence between policies
learned in Stages 1 and 2, which form the foundation for
the final strategy in Stage 3. To test this, we introduce a
novel market design where the TSO can deploy capacity
procured from the BC market for both balancing and RD.
This increased flexibility may incentivize market participants
to offer additional capacity due to higher activation prob-
abilities while fostering greater competition and potentially
lowering overall costs. However, as the DRL agent retains
local market power, its strategic behavior remains unchanged,
resulting in no significant impact on market prices. While
one might expect the agent to hedge its inc-dec gaming
gains more easily by participating in both flexibility markets,
it instead achieves slightly lower profits than in the Four-

(a) L. Baseline - without DomCL (b) II. Flex+ - with DomCL

7
S

0,
+9% w0

=)
S
|

-20%
-41%

[
S
L

-60%
-80%

Relative Change [%]

o Awarded Flex. [MW] ® Redispatch Cost [€] ™ Total Cost [€]

Fig. 4. Percentage ratios of awarded flexibilities (including BE and RD
volumes), RD costs, and total system costs relative to the Four-Markets
Baseline with DomCL, for (a) Four-Markets Baseline without DomCL and
(b) Four-Markets Flex+ with DomCL.

Markets Baseline (see Fig. 4b). Detailed results indicate that
increased system flexibility, combined with weaker trace-
able action-reaction patterns, makes inefficiencies harder to
identify. Moreover, any remaining opportunities—despite the
agent’s initial market power—are more volatile, increasing risk
and encouraging more conservative strategies. This suggests
that participants in a regulator-controlled system (e.g., without
access to hidden information) may struggle to detect or exploit
residual inefficiencies.

Given this complexity, validating the advanced market de-
signs becomes inherently challenging, especially when no
clear optimum exists or can be formally defined. This un-
derscores the rationale for using DRL, as conventional nu-
merical optimization methods may fail to produce feasible
solutions. Consequently, the best practice involves demonstrat-
ing measurable improvements over established benchmarks.
Thus, Fig. 4 compares model outcomes for the previous case
study without DomCL (a) and the second case study using
DomCL (b), both relative to the Four-Market Baseline. The
results highlight the significant performance gains achieved
with DRL and DomCL but also reveal challenges in the
more advanced Four-Market Flex+ setup. Despite theoretically
higher achievable margins, overall performance drops slightly,
suggesting unresolved complexities.

IV. CONCLUSION

This study applies DRL to develop a scalable approach for
assessing bidding strategies in sequential electricity markets.
We introduce DomCL to enable DRL within a POMDP
framework and show that the FSP agent converges to the
same equilibrium bidding strategy as an established EPEC
model in a two-market setup. In a four-market setting with
historical data, DomCL yields notable performance gains.
However, increased market flexibility dilutes market feedback,
weakening the agent’s ability to detect inefficiencies and
leading to more conservative bidding behavior. These findings
highlight both the potential and the remaining challenges of
applying DRL in multi-market environments. The proposed
framework offers a structured approach for evaluating market
design, and examining strategic behavior across interconnected
market settings, thereby paving the way for further research
on strategic decision-making.
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APPENDIX A
TD3 ALGORITHM AND HYPER PARAMETERS

A. Updating Process

The critic, or (Q-network, approximates the Q-values using
weights and biases 09, and its loss function is defined as:

1
L= > (0 Qs as109))? (10)
J
where N is the size of the minibatch of sampled transition

(sj,aj,75,554+1) from the memory buffer. The target value,
14, is computed as:

Y

Here, Q' and 7’ are target networks - copies of the actor and
critic networks used to stabilize training by preventing harmful
interdependencies during updates. These target networks are
updated by using soft updates:

yj =1 +7Q (5541, (5;41169).

09— 769 + (1 —7)8¥ (12)
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0" —— 707 + (1 —7)6" (13)

The actor network, denoted as the 7w-network with weights
6™, outputs deterministic actions 7(s;), as described in [30].
Since the policy is deterministic, Gaussian noise N(0,0)
is added to the executed actions during training to ensure
sufficient exploration. The actor is updated by maximizing the
expected Q-value of the selected action:

1 ™ ™
VgrJ = N Z an(Sv CL|9 )‘S:Sj,a:W(Sj)VGWW(S|0 )‘Sj .
J

(14
To improve stability and performance, TD3 employs twin
critics and delayed updates. Twin critics mitigate overestima-
tion bias by maintaining two Q-value estimators and using
their minimum for target computation. Delayed updates ensure
that the actor and target networks are updated less frequently
(every two critic updates), allowing the critics to stabilize
before influencing the policy. The complete FSP agent, based
on TD3, is outlined in Algorithm 1.

B. Applied Hyper Parameters

Hyper-parameters are initially selected through empirical
testing and later fine-tuned using “Optuna” [31] for auto-
mated optimization. The final hyper-parameters applied are:
v =0.99, 7 = 0.995, and a replay buffer size of |R| = 10°.
Gaussian exploration noise is drawn from A (0, ), initially
scaled by 0.1 and linearly reduced to 0.01 throughout training.
Additionally, Gaussian noise, scaled by 0.2, is also to the target
y; in (11)

The neural network architecture employs an actor learning
rate of A\ = le-4 and a critic learning rate of Ay = le-3. Both
networks comprise two hidden layers with 256 neurons each,
utilizing a batch size of 64. Batch normalization is applied to
enhance stability. The following number of training iterations
are implemented for the two-market and four-market setups:

o Four-Market Setup: Each training epoch, corresponding
to one sampled year of data (see Appendix D), consists
of 28 days, with four sequential market sessions per day.
The total training duration is:

— With DomCL: N = 80 epochs per stage.
— Without DomCL: N = 240 epochs in total.

This results in a total of 4 x 28 x 80 x 3 training
steps. During the exploration phase, the first 1000 steps
are executed with random actions, and policy updates
commence after 500 steps.

o Two-Market Setup: Here, training is performed in a
single stage over one day, comprising two consecutive
market sessions. The training process requires 2 x 1000
steps to converge. During the exploration phase, the first
300 steps are taken with random actions, and policy
updates begin after 150 steps.

In both setups, policy updates are applied every four time
steps, with four update steps executed per cycle.

Algorithm 1 Flexibility Service Provider Agent using DomCL
1: Define: K = {M;,..., M} as markets per stage and
V as the total executed market steps in stage k
2: Initialize O market states using random actions, and
Vstart market states before starting updates
3: for each stage k in K do > Each consisting of N epochs
4 Reset environment and obtain initial state:

avail run hist
5t,0 = [Ct,O ) t,OvOPt,O 7Wt70’pt70]

5 Sample dataset S for training (see Appendix D)

6 Set counter for visited market states: VV < 0

7: for each episode t do

8 for each market m € M, do

9: Increment visited market states: )V <V + 1
10: Select action:

U(A), ity <O
At =
b Tk (St.m) + Ne(0,0), else
11: Execute action: a;,, = [VB}H, PBIH]
12: Observe next state sy ,,41 and reward 7y ,,
13: Store transition (S¢.m, Gtm, 7t,m, St,m+1) iN R
14: end for
15: Compute and store return Gy, in R using:
M—m
Gt,m = Z waPt,m—i-w
w=0

16: if V > Vstart then
17: Sample minibatch (s;,a;,7;,5;+1) from R
18: Compute critic gradient by (10), with:

yj = Gj +Q (541, mi(554+1169)
19: Update critic: 0% < 09 — AoV L(69)
20: Compute policy gradient by (14)
21: Update policy: 0™ <— 0™ — A\ Vg J
22: Update target networks by (12) and (13)
23: end if
24: end for

25: Policy Result from Stage k& (Training over My):

T
71'; ~ E |:Z FYth,mil

t=0

26: Policy Update for Next Stage: 711 < 7} + Amy,
27: end for

APPENDIX B
TECHNICAL DETAILS MARKET ENVIRONMENT

The market environment is based on the Chao and Peck
6-bus network [29], adapted from [2]. While the original
setup included only the day-ahead (DA) and redispatch (RD)
markets, we extend it by incorporating balancing capacity
(BC) and balancing energy (BE) markets. An overview of
the 6-bus network, including generator capacities and marginal
costs, is provided in Fig. 5.

Market clearing procedures, including congestion emer-
gence and resolution, are structured as follows
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TABLE I
MARKET TIMING, PRICING RULES, AND BID FORWARDING MECHANISMS

Market GCT Pricing Rule Forwarding Mechanism
Balancing Capacity D-1, 10:00 Pay-as-Bid Accepted bids are reserved (positive and negative).
Day-Ahead D-1, 12:00 Pay-as-Cleared Reserved capacities must be offered at the price floor.
Only in Four-Markets Flex+: Reserved capacities
Redispatch D-1, 18:00 Pay-as-Bid (positive and negative) are converted into energy bids.
Free bidding is allowed; single-price bids are added.
Balancing Energy .25 min Pay-as-Cleared Beserved cap?cities (pos}tix@ ar}d negative) are converFed .
into energy bids. Free bidding is not allowed; only price bids are added.

« BC Market: Procures secondary reserves (aFRR) via
LOPF at two nodes—one for upward, one for downward
capacity.

« DA Market: Solved via LOPF without line constraints
to determine initial dispatch.

o Congestion Check: A secondary LOPF run with fixed
DA dispatch detects congestion by enforcing line limits.

« RD Market: If congestion occurs, nodal pricing redis-
patches while maintaining DA feasibility.

o« BE Market: Clears imbalances using accepted BC re-
serves via LOPF without line constraints.

We use single divisible bids per hour and agent. Additional
constraints for BC and BE bids are applied:

o Capacity Bids: Negative bids must be placed in the DA
market at the price floor; positive bids are reserved for
the BC.

« Balancing Energy Bids: Auto-generated from accepted
BC bids, restricting free bidding.

The market clearing timing and forwarding mechanisms are
summarized in Table I.

APPENDIX C
LOAD AND WEATHER DATA

We integrate load and weather data for our four-market
use cases and model redispatch needs based on resulting
weather patterns and DA load fluctuations. This highlights a
key advantage of DRL training—its ability to learn without
requiring large amounts of historical data upfront.

A. Data Scaling

For all markets except RD, we incorporate Austrian load
and price data (November 2022—October 2023) from Austrian
Power Grid (APG) [32]. Weather forecasts and real-time
renewable availability stem from ENTSO-E’s Transparency
Platform [33].

To align historical data with the literature model, we scale
the day-ahead demand using a factor «, where:

MM odel
HDA_Data

Y =aX, a= (15)
where [iasode; 18 the fixed demand from the model, and
ILDA_Datq 1S the mean of the historical dataset. Price data

remains unscaled.

APPENDIX D
DATA SAMPLING

A uniform hourly resolution is applied across all markets.
The BC market, operating in six 4-hour blocks, is interpolated
to hourly values, while BE market data, originally recorded at
15-minute intervals, is aggregated to hourly samples.

To capture seasonal and weekly variations, a structured
sampling approach is applied:

o Seasonal Division: The year is split into four seasons of

13 weeks each.

o Weekly Selection: One representative week is sampled per

season.

e Daily and Hourly Sampling: Each day is divided into

four 6-hour intervals, with one data point sampled per
interval:

— Interval 1: 00:00-05:59
— Interval 2: 06:00-11:59
— Interval 3: 12:00-17:59
— Interval 4: 18:00-23:59
The final dataset S consists of four sampled weeks, one
from each season, with seven days per week and four data
points per day, ensuring representation of daily, weekly, and
seasonal patterns.

100 60 MW

E Zone 2

Fig. 5. Overview of the 6-bus network, adapted from [2], including generator
capacities, line limits, and loads.
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