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Abstract
We introduce Multi-Agent Deep Hedging (MADH), a computational framework that ex-

tends deep reinforcement learning to markets with endogenous price formation. MADH
embeds a differentiable market-clearing mechanism into the learning process, enabling de-
centralized agents to internalize their price impact via gradient ascent. We apply MADH
to peer-to-peer electricity trading, benchmarking it against a centralized welfare-maximizing
planner. Using synthetic data for heterogeneous prosumer communities, we demonstrate that
decentralized agents autonomously learn sophisticated arbitrage strategies, such as capacity
withholding. Crucially, we find that this strategic behavior generates positive externalities:
while active traders reduce their own costs through price-awareness, their arbitrage smooths
market prices, reducing costs for passive consumers. Furthermore, quantitative regret analysis
confirms that MADH policies converge with low regret < 1.5%. These results establish MADH
as a scalable tool for designing stable and efficient autonomous trading platforms.
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1 Introduction
A common assumption in automated pricing and risk management is that individual trades have
negligible influence on market prices. In markets with few active participants or large agents, this
small-investor assumption is inappropriate. We introduce Multi-Agent Deep Hedging (MADH),
which extends Deep Hedging to a multi-agent reinforcement learning (MARL) setting and formu-
lates the market as a Markov game with endogenous prices. We apply MADH to peer-to-peer (P2P)
electricity trading among prosumers, using it to study price formation and the battery-charging
and curtailment policies that emerge, as well as scalability and welfare implications.

1.1 Multi-Agent Deep Hedging
Deep Hedging (DH) (Buehler et al., 2019) models multi-period decision problems with a stack of
shallow policies—one per time step—with gradients propagated end-to-end to optimize a terminal
objective. In its standard form, DH treats market prices as exogenous and does not include a
market-clearing mechanism. This approach has found broad applications in traditional finance
(Krabichler and Teichmann, 2023) and strategic planning in energy consumption and storage
(Curin et al., 2021).

We extend DH to a multi-agent setting. Each agent is equipped with a neural-network policy,
and the market-clearing price is modeled as a differentiable function of all agents’ actions. This
allows each agent to internalize price impact via joint gradient updates through the full computation
graph. Conceptually, MADH phrases the environment as a Markov game and supports both a
decentralized training and decentralized execution (DTDE) setup and a centralized training and
centralized execution (CTCE) benchmark.

Because deterministic policy methods can under-explore—especially in stochastic, non-
stationary MARL environments (e.g., Mnih et al. (2015); Silver et al. (2016); Lillicrap et al.
(2015))—we complement passive exploration from environmental randomness with explicit policy
stochasticity (“active noise”) during training. This improves robustness and helps avoid conver-
gence to poor local optima.

MADH thus offers a simple, scalable way to learn price-aware strategies when prices are en-
dogenously determined by interacting agents, and it provides a practical testbed for contrasting
decentralized learning with a centralized planner in applications such as prosumer energy platforms.

1.2 Application
We apply Multi-Agent Deep Hedging to prosumer electricity trading platforms (PEPs), a policy-
backed market design that enables households and small businesses with distributed energy re-
sources (photovoltaics, batteries) to trade their surplus and cover their deficits on a digital mar-
ketplace. EU legislation explicitly defines and enables peer-to-peer trading and energy sharing for
active customers.1

From an individual prosumer’s perspective, acting on a PEP is a challenging sequential decision
problem. At each time step, an agent chooses (i) battery charge/discharge and (ii) photovoltaic
curtailment to minimize expected daily energy cost subject to device and feasibility constraints.
Platform prices are endogenous: they respond to the joint production, demand, and storage de-
cisions of all agents. The battery provides an intertemporal hedge against market stochasticity—
weather-driven generation and demand variability as well as price fluctuations induced by others’
actions—by shifting energy from low-price to high-price periods and buffering own net-load uncer-
tainty over time. In practice, prosumers cannot be expected to become expert traders; they will
rely on algorithms and automation to steer their assets.

Our application uses MADH as a simulation laboratory to study incentives and behavior under
alternative market rules and regulatory constraints. We evaluate decentralized learning—each
agent optimizes its own policy while internalizing price effects—against a centralized planner that
jointly optimizes all actions. This benchmark quantifies efficiency losses from decentralization and

1RED II defines P2P trading as “the sale of renewable energy between market participants by means of a contract
with pre-determined conditions governing the automated execution and settlement of the transaction” (Directive
(EU) 2018/2001, Art. 2(18)). Recent reforms further clarify that payments for energy sharing “can either be
settled directly between active customers or automated through a peer-to-peer trading platform” (Directive (EU)
2024/1711, Recital (23)).
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strategic interaction and highlights a key motivation for MADH in this domain: centralized control
scales poorly with the number of agents, while decentralized hedging scales well.

1.3 Experimental Findings
We validate the framework on simulated communities ranging from N = 4 to N = 62 prosumers.
Our experiments yield three primary insights. First, decentralized agents successfully learn prof-
itable hedging strategies that outperform rule-based heuristics, reducing individual costs by utiliz-
ing battery arbitrage. Second, we identify a distinct trade-off between optimality and scalability.
While the centralized planner (CTCE) achieves the theoretical global optimum for small clusters,
it succumbs to the curse of dimensionality as the population grows. In contrast, decentralized
MADH agents maintain robust performance regardless of system size.

Crucially, our analysis uncovers the emergence of strategic market behavior. As illustrated
in Figure 1, agents trained with price awareness learn to exercise market power through capacity
withholding. By discharging batteries less aggressively during peak demand, they sustain higher
clearing prices to maximize export revenue. While this behavior is individually rational and shows
low regret (unilateral regret < 1.5%), we find that it introduces lower aggregate social welfare,
disappearing with a higher number of agents.
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Figure 1: Average Diurnal Profiles. Top: Battery State of Charge (SoC).

1.4 Contributions.
In this work, we make the following contributions:

• Differentiable Market Architecture: We formulate the prosumer trading problem as a
general-sum Markov game and introduce a fully differentiable market-clearing layer. Unlike
standard actor-critic methods (e.g., MADDPG) that must approximate the joint Q-function,
MADH allows agents to directly compute the gradient of the market price with respect to
their actions.

• Scalability Benchmark: We provide a rigorous comparison between Centralized Training
(CTCE) and Decentralized Learning (DTDE). We empirically demonstrate that while cen-
tralized planners are optimal for small N , they fail to scale (O(eN ) complexity), whereas
MADH agents maintain robust performance as the community grows.

• Economic Interpretability: We show that while strategic agents (who internalize price
impact) have low regret, they achieve slightly lower total social welfare than naive price-
takers.

Related Literature
This paper is situated at the intersection of multiple strands of literature. As discussed above, we
build on the development of Deep Hedging for the hedging of financial portfolios in (Buehler et al.,
2019) and related works. We also add to an existing literature that demonstrates the effectiveness
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of MARL for managing local energy resources under uncertainty, particularly for load scheduling,
storage coordination, and price-sensitive behavior in microgrids (e.g., Roesch et al., 2020; Samadi
et al., 2020; Gao et al., 2021). However, this literature emphasizes system-level energy costs or
improved voltage control and typically does not study strategic behavior of individual agents.2
Examples include the use of Multi-Agent Deterministic Policy Gradient (MADDPG) to learn bid-
ding strategies (Samende et al., 2022) and Factored Multi-Agent Centralized Policy Gradients
(FACMAC), which uses a factored critic to improve scalability while managing network voltage
constraints (Charbonnier et al., 2025). Feng and Liu (2025), for instance, propose a consensus-
based MARL algorithm where agents share and average their critic network parameters to cooper-
atively align their policies and ensure network feasibility. Our work employs neither a Centralized
Learning and Decentralized Execution approach nor requires direct agent communication.

Existing Multi-Agent Reinforcement Learning (MARL) approaches often rely on the centralized
training and decentralized execution (CTDE) paradigm, such as MADDPG (Lowe et al., 2017) or
FACMAC (?). These methods depend on learning a centralized critic to approximate the joint
action-value function. In contrast, MADH bypasses the need for a learned critic. By modeling the
market clearing as a known, differentiable operator, we propagate exact analytical gradients from
the clearing price to the agent’s policy. This approach aligns closer to the Deep Hedging framework
(Buehler et al., 2019) than to standard model-free MARL.

In addition, there is an extensive literature on the design and taxonomy of prosumer trading
markets (e.g., Khorasany et al., 2018; Sousa et al., 2019; Rodrigues et al., 2020; Zhou et al.,
2020; Domènech Monfort et al., 2022; Bukar et al., 2023; Hönen et al., 2023a; Tushar et al., 2021;
Tsaousoglou et al., 2022; Tushar et al., 2023). Our analytical framework adds to this literature
by providing a large-scale simulation tool to investigate how decentralized policies emerge and
perform under varying market designs and regulatory conditions. Our findings also contribute to
the ongoing discussions on the governance of energy platforms (Weiller and Pollitt, 2013; Rosen
and Madlener, 2016; Kloppenburg and Boekelo, 2019; Capper et al., 2022).

The strategic behavior of agents that we document is also connected to the literature on algo-
rithmic collusion by sellers (e.g., Calvano et al., 2020; Eschenbaum et al., 2022), in particular on
online marketplaces (e.g., Brero et al., 2022). This literature focuses on price-setting in stylized
oligopoly games with standard learners (Q-learning in particular), while we study quantity-setting
in a tailored application to energy platforms with a novel MADH architecture.

The paper is structured as follows. Section 3 introduces the Multi-Agent Deep Hedging
(MADH) architecture. Section 2 introduces our application of prosumer trading as a POMG
due to local observations and unknown states. Section 4 outlines the computational framework,
including data generation and training procedures. Section 5 presents our experimental findings.
Finally, Section 6 concludes.

2 Prosumer Trading Game
We apply our MADH architecture to peer-to-peer (P2P) trading on prosumer electricity trading
platforms. We model the market-clearing, price formation, and policy-learning mechanisms as a
partially observable Markov game (Littman, 1994; Eschenbaum et al., 2022) in which prosumer
agents interact over a finite horizon. Throughout, all energy-related variables are measured in
kilowatt-hours (kWh) per trading period. Because we discretize time into hourly intervals, 1 kWh
is both a flow (one hour of power) and the unit of stock for battery capacity.

2.1 Partially-Observable Markov Game
Formally, the game is given by

G =
(
P, T , {Ai}, {Oi},S, T state, {ri}

)
, (1)

with agents i ∈ P, periods t ∈ T = {1, . . . , T}, joint state st ∈ S, and stochastic transition kernel
T state(

st+1 | st, at

)
. Because each agent observes only a private signal oi

t ∈ Oi, the game features
imperfect information. Policies πi : (oi

1:t, ai
1:t−1) 7→ ai

t must therefore cope with non-stationarity
induced by the learning behavior of others. Our framework models a general-sum game or mixed

2Though MARL has previously been applied to automate agent bidding strategies in P2P trading environments
(e.g., Zhang et al., 2018b,a; Qiu et al., 2021).
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game (e.g. see (Zhang et al., 2021) without imposing restrictions on the agents’ objectives (Hu
and Wellman, 2003; Littman et al., 2001).

2.2 Agents
We assume that there are N prosumers, P = {1, . . . , N}, each endowed with photovoltaics (PV)
and a battery of capacity Bi ∈ R+. At the beginning of period t, agent i learns her stochastic
PV generation gi

t ∈ [0, Gi], stochastic inelastic demand di
t ∈ [0, Di], and current battery state

Bi
t ∈ [0, Bi]. She chooses a battery charge (positive) or discharge (negative) bi

t ∈ [−Bi
t, Bi − Bi

t]
and a curtailment share κi

t ∈ [0, 1]. Battery dynamics follow

Bi
t+1 = Bi

t + bi
t

(
1{bi

t≥0}ηch − 1{bi
t<0}(ηdis)−1)

, ηch, ηdis ∈ (0, 1], (2)

and net injection to the platform is xi
t = di

t + bi
t − (1 − κi

t)gi
t, positive for imports and negative

for exports3. Each agent observes (Bi
t, di

t, gi
t, t) but neither others’ battery states nor their chosen

actions, making G a partially observable Markov game (POMG).

2.3 Environment
The platform aggregates injections, St =

∑N
i=1 max{−xi

t, 0} and Dt =
∑N

i=1 max{xi
t, 0}, and

posts volume-weighted sell and buy prices pS
t and pD

t (denoted in €/kWh) that satisfy the corridor
pE ≤ pS

t ≤ pD
t ≤ pI , where pE and pI are exogenous feed-in and retail tariffs.4 Any admissible

clearing rule is a mapping f : (xt, pE , pI) 7→ (pS
t , pD

t ) with residual imbalances settled against the
grid. Agent i’s one-period cost ci

t and total cost Ci are

ci
t =

{
xi

t pD
t , xi

t > 0,

xi
t pS

t , xi
t < 0,

Ci =
T∑

t=1
ci

t, (3)

respectively. Figure 2 shows the interaction of the two algorithms DTDE and CTCE with the
market model over one period of the game.

o1
1

o2
1

oN
1

a1
1

a2
1

aN
1

...
...

Market

o1
2

o2
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2
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(a) Decentralized Algorithm (DTDE).

s1

a1
1

a2
1

aN
1

...

Market s2t = 1 t = 2

(b) Centralized Algorithm (CTCE).

Figure 2: Interaction of the decentralized and centralized algorithms with the market model.

2.4 Pricing Mechanism
For our experiments, we adopt the Supply-to-Demand Ratio (SDR) based pricing mechanism (Liu
et al., 2017). This mechanism is simple to implement and creates dynamic prices that are inversely
proportional to market supply, satisfying a basic economic principle.

The SDR at time t is defined as the ratio of the total available power supply to the total inelastic
power demand within the community. Using the agent definitions from Section 2.2 (where bi

t > 0
is charging and bi

t < 0 is discharging), we define SDRt as:

SDRt =

∑
i∈P

(
(1− κi

t)gi
t − 1{bi

t≤0}bi
t

)
∑

i∈P di
t + 1{bi

t≥0}bi
t

(4)

3See e.g., Lara et al. (2018); Guerrero et al. (2020); Hönen et al. (2023b)
4Note that participation constraints for agents imply the price corridor, as across jurisdictions prosumers are

always allowed to draw from the grid at the retail price and sell to the grid at the feed-in tariff.
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Here, the numerator represents the total power available (curtailed generation plus net battery
discharge), and the denominator is the total inelastic demand.

The platform’s buying and selling prices, pD
t and pS

t , are calculated as a function of SDRt and
the external grid tariffs pI (retail/import) and pE (feed-in/export). These prices fluctuate within
the bounds of the grid tariffs, as shown by the formulas adapted from (?):

pS
t =


pEpI

(pI − pE)SDRt + pE
, 0 ≤ SDRt ≤ 1

pE , SDRt > 1
(5)

pD
t =

pS
t · SDRt + pI(1− SDRt), 0 ≤ SDRt ≤ 1

pE , SDRt > 1
(6)

This mechanism ensures that the platform prices are bounded by the grid tariffs:

pE ≤ pS
t ≤ pD

t ≤ pI (7)

This dynamic pricing structure creates strong incentives for intertemporal arbitrage. When
SDRt is high (abundant supply), prices are driven down towards the feed-in tariff pE , incentivizing
agents to charge their batteries. Conversely, when SDRt is low (scarce supply), prices rise towards
pI , incentivizing agents to discharge their batteries and sell to the platform.

3 Multi-Agent Deep Hedging Architecture
We propose Multi-Agent Deep Hedging (MADH), a method designed for finite-horizon, partially
observable Markov Games (POMGs) (see Section 2.1). MADH is formulated as a multi-agent
reinforcement learning (MARL) framework, and we introduce two key variants: (i) a Decentralized
Training and Decentralized Execution (DTDE) setting, in which each agent learns an independent
policy and acts autonomously based on their local observations, and (ii) a Centralized Training
and Centralized Execution (CTCE) setting, where a single global policy is trained using full access
to the global state which outputs joint actions for all agents.

Our architecture is motivated by the simplicity and proven success of MARL in industrial
applications (e.g., Mnih et al., 2015; Silver et al., 2016). However, standard RL algorithms often
struggle in environments characterized by high stochasticity. These challenges are amplified in
MARL settings due to increased complexity and non-stationarity (Lowe et al., 2017). While
our MADH architecture leverages environmental stochasticity to encourage exploration—akin to
techniques used in continuous control RL methods such as DDPG (Lillicrap et al., 2015)—this
passive approach to exploration is often insufficient. Therefore, explicit stochastic policies are also
incorporated into MADH to enhance exploration and robustness.

3.1 Decentralized Training and Execution
In the DTDE setting, each agent i ∈ P maintains its own policy πθi : Oi → Ai, which maps
local observations to actions. These policies are parameterized as neural networks and trained
independently using only local information. Agents do not observe the global state, coordinate
with others, or share information—neither during training nor execution.

The policies πθi consist of a feedforward neural network with L hidden layers and ReLU acti-
vations, followed by a tanh:5

h0 = oi ∈ Oi, hℓ = σ
(
Wℓh

ℓ−1 + bℓ

)
, πθi

(x) = tanh
(
WLhL−1 + bL

)
, ℓ = 1, . . . , L− 1 (8)

where {Wℓ, bℓ} are agent-specific trainable parameters. Recurrent alternatives such as LSTMs may
also be used in partially observable settings.

Each agent acts independently based on its private observations. These actions are submitted
to a central market mechanism, which computes prices and updates the environment. The resulting

5The tanh function is used to bind the network’s output to a specific range. In our application, this continuous
output corresponds to two actions: the charging/discharging rate and the percentage of PV production to curtail.
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global state induces new observations for the next individual agent decisions. Figure 3.

Agent 1 t = 0 t = 1 t = 2 ... t = T cost

Agent 2 cost

Agent N cost

Figure 3: Each agent has an individual neural network policy that sequentially maps its private
observations to actions. The transition functions (shown in grey) determine the observations
available to each agent.

Policies are trained batch-wise via backpropagation through the full unrolled trajectory of the
environment. We distinguish two cases in DTDE: (i) backpropagation with full computation graph,
where agents engage in gradient descent through the environment updates (price-aware agents),
and (ii) backpropagation without full computation graph, where agents only consider their action
and not its influence on the environment (agents not being price-aware). Each trajectory records
observations, actions, and incurred costs, or

τ i
b =

{
(oi

t,b, ai
t,b, ci

t,b)
}T

t=0, (9)

where ci
t,b is the cost incurred by agent i at time t in batch b. After collecting a batch, the average

cost is

C̄i = 1
B

B∑
b=1

T∑
t=0

ci
t,b. (10)

To model different market behaviors, we crucially rely on controlling the flow of gradients during
backpropagation. We distinguish between agents that internalize their impact on market prices
versus those that treat prices as exogenous. This distinction is implemented by manipulating the
automatic differentiation computation graph.

Let sg(·) denote a stop-gradient operator (commonly implemented as a ‘.detach()‘ operation in
frameworks like PyTorch). This operator evaluates its argument normally during the forward pass
but blocks gradient flow during the backward pass, i.e., ∇θ sg(z(θ)) = 0.

Price-aware (Strategic) Agents. Price-aware agents learn to internalize their market power.
During training, their loss calculation uses the fully differentiable price function pt,b(θ) =
„f(xt,b(θ), pE , pI). Because the market clearing function f is differentiable, gradients propagate
from the agent’s cost, through the pricing mechanism, back to the agent’s actions. This allows the
policy to learn how increasing supply might lower the market price, thereby affecting the revenue
generated by that supply.

Their batch objective is:

C̄i
PA(θ) = 1

B

B∑
b=1

T∑
t=0

ci
(
oi

t,b, ai
t,b(θi), pt,b(θ)

)
, (11)

where θ = (θ1, . . . , θN ) collects all agents’ parameters. The gradient update is:

θi ← θi − α∇θiC̄i
PA(θ). (12)

Price-unaware (Naive) Agents. Price-unaware agents act as traditional price-takers, assum-
ing their individual actions do not influence aggregate market outcomes. We enforce this behavior
by detaching the calculated market prices from the computation graph before they enter the agent’s
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cost function. The agent sees the price value, but the connection to the actions that caused that
price is severed in the backward pass.

We define the detached price as p̃t,b = sg
(
pt,b(θ)

)
. The batch objective becomes:

C̄i
PU(θi) = 1

B

B∑
b=1

T∑
t=0

ci
(
oi

t,b, ai
t,b(θi), p̃t,b

)
. (13)

Because of the stop-gradient operator, ∇θi p̃t,b = 0. The agent’s policy update only accounts for
the direct effect of its actions on its quantity-driven costs, holding prices fixed:

θi ← θi − α∇θiC̄i
PU(θi). (14)

Exploration is encouraged via randomization in actions. We use a decaying ϵ-greedy scheme in
which agents sample a random action uniformly from their action space with probability ϵ and
otherwise follow their policy output. This ensures broad exploration early in training and shifts
toward exploitation over time. Algorithm 1 summarizes training for the DTDE setting.

Algorithm 1 MADH with Decentralized Learning & Execution (DTDE)
1: Input: Agents {1, . . . , N}, horizon T , batch size B, episodes K, learning rate α
2: for each episode k = 1 to K do
3: Update probability of random action pε

4: Sample B days in parallel:
5: for training horizons b = 1 to B do
6: Initialize state s0, set cumulative costs Ci

b ← 0
7: for t = 0 to T do
8: Each agent i computes ai

t = πθi(oi
t)

9: With probability ρk replace each component of ai
t with random draws ε ∼ U [A]

10: Market clears: (st+1, {oi
t+1})← f(st, (a1

t , . . . , aN
t ), ξt+1)

11: Market clearing f computes costs ci
t and prices

12: Accumulate cost: Ci
b +=ci

t

13: end for
14: end for
15: Compute gradients and update parameters
16: if price-aware then
17: θi ← θi − α∇θiC̄i

PA(θ)
18: else (price-unaware)
19: θi ← θi − α∇θiC̄i

PU(θi)
20: end for

3.2 Centralized Learning and Execution
As an efficiency benchmark, we implement a central optimizer with full observability of all agents’
states. A single policy πθ : S → A1 × · · · × AN is trained to minimize the total cost,

∑N
i=1 Ci,

using batch backpropagation. The architecture of the planner mirrors that of the decentralized
agents but unlike the individual agents it receives the complete state at each time period. The
central optimizer then outputs actions for all agents.

Again, a decaying ϵ-greedy exploration strategy is used during training to mitigate the risk
of converging to poor local minima and to promote robustness in continuous action spaces. Im-
portantly, this central optimizer does not maximize individual agent objectives, but rather the
aggregate total economic welfare of all agents.6

6Note that this central optimizer differs from the standard concept of a central planner in economic models. In
typical formulations, a central planner selects the allocation of resources to all agents in order to maximize social
welfare. In our case, the central optimizer instead selects the players’ actions in order to maximize total welfare.
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Algorithm 2 MADH with Centralized Learning & Execution
1: Input: Number of agents N , horizon T , batch size B, episodes K, learning rate α
2: for each episode k = 1 to K do
3: Update probability of random action pε

4: Sample B days in parallel:
5: for training horizons b = 1 to B do
6: Initialize global state s0, set cumulative cost Cb ← 0
7: for t = 0 to T do
8: Compute joint action at = πθ(st)
9: With probability ρk, replace each component of at with a random variable ε ∼ U [A]

10: Market clears: st+1 = f(st, at, ξt+1)
11: Accumulate cost: Cb +=

∑N
i=1 ci

t

12: end for
13: end for
14: Update policy: θ ← θ − α∇θ Cb

15: end for

Figure 4 shows a centralized optimizer in which a single neural network receives the complete
system state per period and outputs actions for all agents.

Central Agent t = 0 t = 1 t = 2 ... t = T reward

Figure 4: Centralized optimizer with joint action planning.

4 Experimental Design
We empirically validate the MADH framework within a simulated peer-to-peer (P2P) energy mar-
ket populated by heterogeneous prosumers. We employ synthetic data calibrated to physical mod-
els, ensuring our results are robust to the stochastic nature of renewable generation and demand
while avoiding overfitting to specific historical weather datasets.

4.1 Data Generation
We model a daily trading horizon T = 24 with hourly resolution. The environmental state is gov-
erned by two primary stochastic processes: photovoltaic (PV) generation and inelastic household
demand.

Stochastic PV Generation. Solar generation gi
t is modeled as a physics-based clear-sky curve

scaled by a stochastic factor ξPV
t ∈ [0, 1]. To capture the temporal correlation of weather systems,

the scaling factor follows a mean-reverting AR(1) process:

ξPV
t = µ + ϕ(ξPV

t−1 − µ) + ϵt, ϵt ∼ N (0, σ2) (15)

where µ ∼ U [0.6, 0.95] represents the daily mean irradiance. To simulate transient cloud cover,
we superimpose random Gaussian pulses (negative deviations) of varying width and depth. This
forces agents to learn hedging strategies against sudden intraday supply shocks.

Stochastic Demand. Inelastic demand di
t follows a diurnal sinusoidal baseline exhibiting char-

acteristic morning and evening peaks. We introduce intra-day variability via a secondary AR(1)
process and inject random short-duration pulses to model high-power appliance usage (e.g., EV
charging). Additionally, total daily demand is log-normally distributed (σ = 0.2) across episodes
to simulate seasonal occupancy changes.
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4.2 Agent Heterogeneity
We investigate distributional effects by simulating a heterogeneous community. Agents are uni-
formly assigned one of four distinct profiles, creating a diverse ecosystem of active and passive
participants:

1. Balanced Prosumer: Equipped with moderate generation (4 kWp) and battery storage
(12 kWh), capable of active arbitrage to cover local demand.

2. High-Generation Prosumer: Features identical storage (12 kWh) but higher generation ca-
pacity (8 kWp), typically acting as a net seller.

3. Solar-Only Prosumer: Possesses PV generation (5 kWp) but lacks storage capabilities. These
agents are fully exposed to spot price volatility and cannot time-shift supply.

4. Pure Consumer: Characterized solely by inelastic demand (20 kWh/day) with no generation
or storage, acting as a passive price-taker.

4.3 Policy Architectures
We implement two distinct neural architectures to contrast decentralized and centralized learning
paradigms.

Decentralized Policy Network. We parameterize the local policy πθ for each agent i. The
network input is a state vector si

t ∈ R4 comprising normalized features: battery state of charge
(SoC), time index t/24, current demand di

t, and PV generation gi
t. The architecture consists of

two hidden layers (16 units each, ReLU activations). The output layer utilizes a tanh activation
to produce continuous control signals for the battery charge/discharge rate and the curtailment
ratio. These raw outputs in [−1, 1] are passed through a differentiable dynamics layer to enforce
physical constraints (e.g., battery capacity limits).

Centralized Policy Network. As a benchmark for the theoretical optimum, we employ a
global planner that jointly determines actions for all N agents. The input is a global state vector
St ∈ R1+3N , formed by concatenating the time step with the tuple (SoC, Demand, PV) for every
agent. To ensure sufficient representational capacity, the network width scales with the population
size (16×N units per layer). The output layer of size 2N simultaneously produces specific battery
and curtailment actions for the entire fleet.

Rule-Based Baseline. We compare learning-based approaches against a heuristic “self-
consumption” strategy. This logic prioritizes local utilization of PV generation to minimize grid
interaction, disregarding price arbitrage. During surplus (gi

t > di
t), excess energy charges the bat-

tery to capacity before selling to the market. Conversely, during deficits, the battery discharges to
cover net load, purchasing from the grid only when storage is depleted.

4.4 Training Protocol
The system is trained over K = 50 episodes, where each episode comprises a learning phase (50
days) followed by an evaluation phase. We optimize policies using Adam (α = 10−3, batch size
B = 32). To facilitate exploration in the continuous action space, we employ an ϵ-greedy strategy
where ϵ decays exponentially from 0.5; with probability ϵ, the agent executes a random action
sampled uniformly from the valid control space. We apply gradient clipping (norm 1.0) to stabilize
backpropagation.

To ensure statistical robustness, all reported results are averaged over 10 independent runs
using distinct random seeds. While training data is generated stochastically to prevent overfitting,
all models are evaluated on a fixed, pre-generated test set of unseen scenarios. This ensures that
all algorithms are benchmarked against the exact same environmental conditions.

10



Baselines. We compare MADH against two boundary conditions that bracket the performance
of any learning algorithm:

1. Centralized Oracle (CTCE): A planner with global observability. This represents the theo-
retical lower bound on system costs but is computationally intractable for large N .

2. Rule-Based Heuristic: A rigorous "maximise self-consumption" logic commonly deployed in
commercial home energy management systems (HEMS). This serves as the industry-standard
baseline.

We omit generic independent learners (e.g., IPPO) as our Price-Unaware (DTDE-PU) agent ef-
fectively represents this class of algorithms (treating the environment as stationary and prices as
exogenous).

4.5 Evaluation Metrics
Total System Cost. We measure global market efficiency via the aggregate daily cost of all
agents:

Ctotal =
N∑

i=1

T∑
t=1

ci
t (16)

Lower total costs indicate superior resource coordination (e.g., peak-shaving via battery discharge)
and reduced reliance on the external grid.

Unilateral Deviation Regret. To assess the stability of the decentralized policies, we evaluate
individual regret. A set of policies constitutes an NE if no agent can significantly reduce costs
by unilaterally altering its strategy. We quantify this via the unilateral deviation regret Ri. For
each agent i, we fix the trained policies of the population π∗

-i and retrain agent i to discover its
best-response policy πi

BR. The regret is the relative cost improvement achieved by this deviation:

Ri = Ci(π∗)− Ci(πi
BR)

|Ci(π∗)| (17)

where Ci(π) denotes the cumulative cost for agent i under policy π. A regret value Ri < ε with ε
low confirms that agents have no incentive for different policies.

5 Experimental Findings
We evaluate the Multi-Agent Deep Hedging (MADH) framework across four dimensions: (i) con-
vergence and stability, (ii) economic efficiency and emergent behavior, (iii) scalability, and (iv)
equilibrium stability. We compare three learning paradigms against a heuristic baseline:

• CTCE (Centralized Oracle): A global planner maximizing total social welfare (ideal bench-
mark).

• DTDE–PA (Price-Aware): The proposed method, where agents internalize their impact on
the market clearing price via differentiable trading.

• DTDE–PU (Price-Unaware): Decentralized agents that treat prices as exogenous, ignoring
their own market power.

• Rule-Based: A myopic controller that maximizes self-consumption (charges when gt > dt,
discharges when gt < dt).

All experiments simulate heterogeneous communities of size N ∈ {4, . . . , 62}.

5.1 Convergence
Figure 5 illustrates the training progression of the total system cost for a community of N = 4
prosumers. All learning-based methods achieve stable convergence within 50 episodes, consistently
outperforming the rule-based baseline.

11



0 10 20 30 40 50
Episode

80

90

100

110

120

130

140

150

160

To
ta

l S
ys

te
m

 C
os

t (
pe

r 
E

po
ch

) (
)

CTCE
Price-Aware
Price-Unaware
Rule-Based ( 121.42)

Figure 5: Convergence of Total System Cost (N = 4). The Centralized benchmark (Red) defines
the lower bound. Notably, naive Price-Unaware agents (Grey) achieve lower total system costs
than strategic Price-Aware agents (Blue).

The results highlight a trade-off between individual rationality and global efficiency. The cen-
tralized planner (CTCE) achieves the lowest system cost (6.1% improvement over baseline) by
perfectly coordinating assets to eliminate inefficient cross-trading. However, among the decentral-
ized methods, the naive DTDE–PU agents (3.5% improvement) actually outperform the strategic
DTDE–PA agents (1.5% improvement) in terms of aggregate social welfare.

Price-Unaware agents act as competitive price-takers, clearing the market with maximum vol-
ume. In contrast, Price-Aware agents learn to exercise market power : they strategically withhold
capacity to influence prices in their favor. While this maximizes individual utility under equilib-
rium constraints (see Sec. 5.4), it creates a deadweight loss that reduces the total efficiency of the
system.

5.2 Strategic Battery Usage and Price Formation
To inspect the mechanism behind this efficiency gap, we analyze the diurnal battery and price
profiles in Figure 6.
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Figure 6: Average Diurnal Profiles (N = 4). Top: Battery SoC. Bottom: Market Prices. Price-
Aware agents (Blue) exhibit strategic behavior—discharging less aggressively during evening peaks
than Price-Unaware agents (Grey)—to sustain favorable selling prices.

The DTDE–PU agents (Grey) behave aggressively: they charge during solar peaks and dis-
charge rapidly during evening demand (18:00–20:00), causing sharp price jumps. In contrast,
DTDE–PA agents (Blue) learn a capacity withholding strategy. They utilize less battery capacity
and discharge gradually over a longer horizon. By rationing their supply, they prevent the clearing
price from crashing, effectively manipulating the market to maximize the value of their exports
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rather than the volume. CECT uses more capacity than the other regimes and has generally lower
prices in the evening period.

This state-dependent strategy is visualized in Figure 7. The policy heatmap confirms that Price-
Aware agents learn to charge the battery when PV generation is abundant, with the discharging
region improving with a higher SOC.
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Figure 7: Policy Heatmap (DTDE–PA). The agent learns a gradient strategy: charging (light)
when PV is high/SoC is low, and discharging (dark) as SoC increases.

5.3 Scalability and Computational Trade-offs
We benchmark scalability by increasing the community size N . Figure 8 (Left) reveals the com-
putational cost of strategic learning. DTDE–PA training time grows quadratically, as it requires
backpropagating gradients through the market-clearing mechanism for all agents (O(N2) interac-
tions). Conversely, DTDE–PU and CTCE remain computationally efficient per episode.
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Figure 8: Scalability (N ∈ {4, . . . , 60}). Left: Training time per episode. Price-Aware learning
is computationally intensive. Middle and right: Cost optimality. The centralized planner (Red)
fails to scale, degrading in performance as N grows, while decentralized agents maintain stable
performance.

Figure 8 (Left) reveals the computational cost of strategic learning. DTDE–PA training time
grows quadratically (O(N2)), as the backward pass requires propagating gradients through the
clearing mechanism where every agent’s action affects the price faced by every other agent. Con-
versely, DTDE–PU scales linearly (O(N)) as price gradients are detached. However, the Cen-
tralized Planner (CTCE) exhibits a different failure mode. While its training time per step is
acceptable, the sample complexity required to explore the joint action space A1 × · · · × AN grows
exponentially. This results in the performance degradation seen in Figure 8 (Right), where the
centralized policy fails to converge to an optimal solution within the fixed computational budget
for N = 60.

5.4 Regret Analysis
Finally, we verify the stability of the learned strategies by measuring ex-post regret—the cost
reduction an agent could achieve by unilaterally deviating to a best-response policy. For the DTDE–
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Figure 9: Relative Improvement of Price-Aware vs. Price-Unaware. The benefit of strategic
awareness is highest in small markets (oligopoly) and decays as N increases (competitive limit).

PA population (N = 8), average regret is negligible (< 1.5%). Figure 10 confirms this stability:
the best-response trajectory (dashed) deviates only marginally from the learned equilibrium policy
(solid), yielding minimal gain.
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Figure 10: Equilibrium Stability. The learned DTDE–PA policy (Solid) is nearly identical to the
theoretical Best Response (Dashed).

6 Conclusion
This work introduces Multi-Agent Deep Hedging (MADH), a scalable framework for learning de-
centralized trading policies in markets with endogenous price formation. By embedding a differen-
tiable market-clearing mechanism directly into the computation graph, we enable agents to learn
complex, non-linear strategies that internalize their impact on market prices without requiring
explicit communication or central coordination.

Our empirical application to peer-to-peer energy trading reveals critical insights into the de-
ployment of autonomous agents in economic systems. First, we demonstrate that scalability is a
decisive advantage of the decentralized approach. While the centralized welfare-maximizing plan-
ner (CTCE) provides a theoretical lower bound on costs for small communities, it succumbs to the
curse of dimensionality as the population grows. In contrast, decentralized MADH agents maintain
robust performance regardless of system size.

Second, our results quantify the Price of Anarchy in algorithmic markets. We find that strategic
(Price-Aware) agents show low ex-post regret. However, this individual rationality comes at a cost
to social welfare: strategic agents learn to withhold capacity to support prices, resulting in lower
aggregate efficiency compared to naive (Price-Unaware) agents. This highlights a fundamental
tension: while DTDE-UA agents yield higher total welfare, their policies are exploitable; conversely,
strategic agents form stable markets but introduce deadweight loss through oligopolistic behavior.
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Ultimately, MADH serves as a powerful simulation testbed for market design. It allows reg-
ulators and platform operators to anticipate the emergent behaviors of market agents—such as
capacity withholding or peak shifting—and iteratively refine market rules to align individual in-
centives with system-level efficiency.

Limitations and Theoretical Considerations. A central assumption of MADH is the dif-
ferentiability of the market clearing function f(·). While this holds for Supply-to-Demand Ratio
(SDR) and smoothed approximations of order books, it may not directly apply to discrete match-
ing mechanisms (e.g., strict merit-order stacks) without relaxation techniques. Furthermore, while
our regret analysis confirms convergence with low regret, theoretical convergence guarantees for
policy gradient methods in general-sum non-convex games remain an open research challenge. Our
work relies on empirical validation of stability rather than analytical proofs.

Future Work. While this study focused on economic trade-offs, real-world deployment requires
physical feasibility. Future work will extend MADH to incorporate grid constraints (e.g., voltage
and line limits) directly into the differentiable clearing mechanism. Additionally, investigating the
interplay between MADH agents and legacy grid controllers offers a promising avenue for designing
hybrid regulatory frameworks that balance market freedom with grid stability.
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