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The transition towards decentralised energy systems creates a need for local electricity platforms on which
prosumers trade energy at endogenously determined prices. We develop a differentiable multi-agent control
framework for such platforms, drawing on neural stochastic control and the pathwise optimisation principle
used in Deep Hedging, whose appeal stems from its simplicity, computational efficiency, industrial use, and
scalability to large-scale optimisation problems. The proposed approach embeds physical storage dynamics,
feasible prosumer actions, and the market-clearing rule in a single computational graph, allowing decentralised
agents to train trading policies by backpropagating through aggregate supply, aggregate demand, and cleared
prices. A stop-gradient construction at the clearing layer separates two economically distinct learning modes:
price-aware learning, in which agents internalise their marginal price impact, and price-taking learning, in
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which prices are treated as exogenous. This yields a market-mechanism-aware alternative to reward-only
multi-agent reinforcement learning methods such as Multi-Agent Proximal Policy Optimisation, which treat the
market as a black-box environment component. We evaluate the framework on peer-to-peer electricity markets
with heterogeneous prosumers, photovoltaic generation, battery storage, and multiple non-discriminatory
pricing rules, using both large-scale synthetic simulations and Swiss smart-meter demand data. The experiments
show that Multi-Agent Neural Network Control learns effective decentralised policies, reduces community cost
relative to rule-based control, and outperforms Multi-Agent Proximal Policy Optimisation in the studied settings
in both cost and training efficiency. The learned policies exhibit emergent, economically sensible behaviour:
they recover standard storage arbitrage and, under price-aware learning, reveal capacity withholding under
quantity-sensitive clearing, which benefits flexible agents at the expense of aggregate community cost.
Embedding market clearing in the training graph therefore provides both an efficient learning signal and
a diagnostic tool for strategic behaviour in local electricity-market design.

1. Introduction

The transition towards decentralised energy systems is reshaping
electricity markets. Increasingly, households and small commercial
consumers are no longer passive load points but prosumers equipped
with photovoltaic generation, batteries, and controllable demand. This
paradigm shift creates a need for local market platforms on which pro-
sumers exchange energy within a community before settling residual
imbalances with the external grid. Such peer-to-peer and local energy
markets promise higher utilisation of distributed generation, reduced
grid dependence, and new forms of community-level coordination.
They also create a difficult algorithmic problem: the trading decisions
of many self-interested agents jointly determine aggregate supply, ag-
gregate demand, and hence the internal market-clearing prices faced
by all participants.

This paper develops algorithms for learning trading policies in such
platform-based electricity markets. We consider a local electricity trad-
ing platform populated by heterogeneous prosumers with stochastic
demand, photovoltaic generation, and battery storage. In each trading
period, agents choose storage and curtailment actions, submit the
resulting net positions to the platform, and receive buy and sell prices
determined by a known market-clearing rule. The resulting decision
problem is a general-sum Markov game with endogenous prices: agents
share a common opportunity to improve community efficiency through
internal trade, but each individual agent may also have an incentive
to influence prices strategically. This motivates multi-agent reinforce-
ment learning (MARL) approaches that model prosumers as interacting
learning agents.

Methodologically, our approach builds on the neural stochastic
control perspective of Han and E [1], in which time-dependent controls
are parameterised by deterministic neural networks and trained end-to-
end through simulated dynamics. Deep Hedging [2] is a finance-specific
realisation of this idea for derivative hedging under market frictions.
We transfer this differentiable control principle to local electricity
markets and extend it to a multi-agent setting in which prosumers
are strategically coupled through an endogenous market-clearing mech-
anism. Deep Hedging has been successful in financial applications
because it is direct, scalable to high-dimensional problems, and capable
of exploiting known structure in the simulation model rather than
relying only on observed reward signals. We use the same principle
for local electricity markets: the physical dynamics, the agents’ feasible
action mappings, and the market-clearing rule are embedded in a
differentiable computational graph, and prosumer policies are trained
end-to-end through the resulting unrolled market simulation. We refer
to this extension as Multi-Agent Neural Network Control (MANNC).

Our contributions are fourfold. First, we formulate local peer-to-
peer electricity trading with heterogeneous prosumers, storage, curtail-
ment, and endogenous platform prices as a differentiable multi-agent
control problem. Second, we introduce MANNC, a neural stochas-
tic control architecture in which decentralised prosumer policies are
trained end-to-end through market dynamics and a known market-
clearing rule. Third, we use a stop-gradient construction at the cleared

prices to separate price-aware learning, in which agents internalise
their marginal price impact, from price-taking learning, in which prices
are treated as exogenous. This provides a direct way to diagnose strate-
gic behaviour induced by the clearing mechanism. Fourth, we evaluate
the framework across clearing rules, community sizes, synthetic sim-
ulations, and Swiss smart-meter demand data, benchmarking against
a centralised differentiable planner, Multi-Agent Proximal Policy Op-
timisation (MAPPO), a rule-based heuristic, and a perfect-foresight LP
lower bound.

The MANNC architecture is motivated by three considerations. First,
local energy platforms may involve large numbers of autonomous
participants, making scalability a central architectural requirement.
Deep Hedging is a natural template for this setting because it was
designed for high-dimensional portfolio optimisation; in our experi-
ments, we mirror this scaling challenge by starting from a six-agent
base community and constructing markets with up to 96 participants.
Second, when the clearing mechanism is known to the platform de-
signer and market participants, treating it as a black-box environment
wastes information. By differentiating through the clearing rule, each
agent receives gradients that quantify how its actions affect aggregate
volumes, cleared prices, and ultimately its own cost. This produces a
market-aware learning signal absent from standard reward-only MARL
methods. Third, the resulting algorithm is comparatively simple: it does
not require many of the engineering components of MARL systems
(such as value-function learning, temporal-difference targets, replay
buffers, clipped surrogate objectives, or centralised critics). In contrast,
methods such as proximal policy optimisation (PPO) and MAPPO rely
on stochastic policy-gradient estimates, advantage estimation, policy-
update epochs, and value-function approximation; related MARL algo-
rithms (such as MADDPG, QMIX, and actor—critic variants) introduce
additional machinery for credit assignment, centralised training, or
value decomposition. Whereas the original Deep Hedging architecture
relies on stochastic market paths for implicit exploration, we add
decaying e-greedy noise to mitigate convergence to poor local optima.

We evaluate MANNC in an experimental framework that tests
both algorithmic performance and economic behaviour. We use large-
scale synthetic simulations for controlled and reproducible comparison
across market designs, agent compositions, and community sizes, and
real Swiss smart-meter demand data to validate empirical robustness
under realistic household consumption patterns. MANNC allows us
to separate two economically distinct learning modes: a price-aware
mode, in which gradients pass through the clearing mechanism and
agents internalise their marginal price impact, and a price-taking
mode, in which a stop-gradient operator treats cleared prices as ex-
ogenous. We compare both variants with a centralised differentiable
planner, which provides a full-information efficiency benchmark, and
with MAPPO, a representative model-free MARL baseline that learns
from reward signals without passing gradients through the market
mechanism.

Our experiments show that MANNC can solve the resulting platform
optimisation problems and outperforms MAPPO in this setting. For a
six-agent community, MANNC reduces mean daily community cost by
12.6-18.9% relative to a rule-based heuristic, compared with 2.5% for
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o Trainable parameters

Wy, b, Layer weights/biases

h? Hidden-layer activations

0] Activation function

L Number of hidden layers

sg(+) Stop-gradient operator

Ci Batch-averaged objective

d,_, Community-avg. demand (kWh), 7—1
8 Community-avg. PV generation (kWh), —1
R Deviation regret (EUR/day)

B Batch size (trajectories)

K Number of training episodes

a Learning rate

Y Discount factor

Pk Exploration rate at episode k

MAPPO, while requiring less training time on a single CPU. The cost
advantage persists in scalability experiments up to 96 agents, with
MANNC delivering 7.8-13.9% lower community cost than the rule-
based heuristic at all tested scales. These results indicate that passing
gradients through a known market-clearing layer provides a more
informative learning signal than reward-only policy-gradient training
for the class of local electricity markets considered here.

Beyond aggregate performance, the framework reveals economi-
cally interpretable emergent behaviour. All learning-based methods
discover the expected diurnal storage-arbitrage pattern: charging dur-
ing midday hours, when photovoltaic generation depresses internal
prices, and discharging in the evening, when demand exceeds local
supply. However, under the supply and demand ratio (SDR) clearing
rule, the price-aware agents learn a more strategic variant of this be-
haviour. In particular, the pure battery agent charges less aggressively
late in the solar period and withholds part of its stored energy during
the evening peak. This capacity-withholding strategy sustains higher
internal prices, reduces the battery owner’s own cost, and shifts costs
onto net buyers such as passive consumers and prosumers without
storage. The same qualitative pattern emerges under linear pricing
rules with high price sensitivity. The behaviour is individually rational
but socially costly: the price-aware decentralised policies exhibit lower
unilateral-deviation regret, suggesting approximate strategic stability,
while producing higher aggregate cost than the price-taking decen-
tralised policies. The withholding signature persists when evaluated
using Swiss smart-meter demand data.

These findings position MANNC as both a learning algorithm and an
analysis tool for local energy-market design. By embedding the clear-
ing mechanism directly in the training graph, the framework enables
platform designers to exploit known market structure, compare alter-
native information regimes, and diagnose potential strategic prosumer
behaviour in controlled simulations. The resulting insights can inform
market-design choices before field validation, while deployment-level
assessment requires additional operational constraints such as network
limits, settlement rules, and communication frictions.

1.1. Literature review

P2P electricity trading platforms and local energy markets have
attracted growing attention. Tushar et al. [3] survey market architec-
tures, pricing rules, and deployment barriers, and Khorasany et al. [4]
provide a complementary classification of market designs and clearing
approaches for local energy trading. Within this design space, two rule-
based pricing mechanisms have become canonical references in the
literature: the mid-market rate [5], which sets the internal price as the
midpoint between the wholesale buy and sell prices, and the supply-
demand ratio (ratio-based) pricing of Liu et al. [6], which adjusts the
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local price to reflect the community-level energy balance. Auction-
based clearing has also been studied [7], but is outside the scope of
this work. A central issue is that the economic properties of these
mechanisms depend on participant behaviour, motivating the joint
study of market design and learning dynamics rather than relying on
stylised behavioural assumptions such as zero-intelligence bidding.

Agent-based computational economics has a long tradition in
electricity-market research [8], and recent work increasingly combines
agent-based models with deep reinforcement learning (DRL). The AS-
SUME framework [9,10] is a comprehensive open-source toolbox in
this space, coupling agent-based market models with DRL for adaptive
bidding at scales up to 145 simultaneously learning agents; extensions
address storage-unit bidding [11], bi-level optimisation benchmarks
[12], and explainability of learned strategies [13]. In the peer-to-peer
(P2P) setting specifically, May et al. [14] train DRL agents to participate
in a ratio-based local energy market and benchmark against dynamic
programming; Ye et al. [15] formulate P2P trading as a partially
observable Markov game and propose a federated MARL approach
for scalability and privacy; and Ye et al. [16] combine local energy
trading with flexibility services using multi-agent DRL, with a model-
based centralised formulation serving as an optimality benchmark. For
broader surveys of MARL methods and the taxonomy of centralised
versus decentralised training paradigms (CTDE, DTDE, CTCE) adopted
in this paper, we refer to Zhang et al. [17] and Gronauer and Diepold
[18].

A common property of these approaches is that they treat the
clearing mechanism as a black-box environment component: agents
interact with the market through reward signals but receive no gra-
dient information about how their actions affect prices. This creates a
disconnect between market design — where the clearing rule is a known,
parametric object — and learning, which ignores this structure.

Deep Hedging, introduced by Buehler et al. [2], addresses dynamic
hedging of derivative portfolios under market frictions such as trans-
action costs, market impact, liquidity constraints, and risk limits. The
method’s appeal lies in combining modelling flexibility with computa-
tional scalability: it can incorporate realistic frictions and constraints
while remaining tractable in high-dimensional portfolio problems. Im-
portantly for our setting, Deep Hedging also provides a natural way
to embed a known market model into the computational graph, al-
lowing gradients to propagate through the simulated dynamics rather
than treating the market as a black-box environment. Architecturally,
Deep Hedging is a derivatives-specific realisation of neural stochastic
control and continuous-action reinforcement learning: it follows [1]
in parametrising time-dependent controls by neural networks trained
end-to-end through simulated dynamics, and its direct optimisation of
a deterministic trading policy links it to deterministic policy-gradient
methods such as DDPG [19]; see also Szehr [20] and Cannelli et al. [21]
for an explicit reinforcement-learning interpretation of Deep Hedging.

Subsequent work extends the deep hedging paradigm beyond
derivatives’ portfolios. Krabichler and Teichmann [22] apply it to
asset-liability management, Jaisson [23] formalise it as differentiable
reinforcement learning for known single-agent market models, and
Tschora et al. [24] use a differentiable approximation of the EUPHEMIA
electricity-market clearing algorithm to incorporate price formation
into training.

These contributions remain single-agent or single-decision-maker
frameworks, without strategic coupling through shared prices. Since
Deep Hedging is a deterministic policy-gradient architecture, it can con-
verge to suboptimal local optima when exploration is insufficient [25],
a general concern in deterministic policy-gradient methods that moti-
vates explicit exploration noise [19,26,27]; in our multi-agent setting,
simultaneous adaptation and endogenous prices make this issue more
pronounced, so we introduce decaying (¢)-greedy noise during training.

Beyond the model and learning perspective, broader work on energy
communities considers system-level dimensions such as hybrid renew-
able integration and policy frameworks [28], demand-side machine-
learning optimisation [29], metaheuristic dispatch [30], battery life-
cycle considerations [31], and component-level battery state estima-
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tion [32-34]. These dimensions are complementary to but distinct from
the strategic learning question we address.

2. Model setup

We consider a peer-to-peer (P2P) electricity trading platform op-
erated by a market operator and populated by N heterogeneous pro-
sumers indexed by P = {1,..., N}. Time is discretised into trading
periods 7 = {1,...,T}. In each period every prosumer observes its own
local state (demand, generation, and battery state), chooses physical
controls (storage charge/discharge and curtailment), and submits a net
buy or sell order to the platform. The platform aggregates all submitted
orders across agents, determines internal prices as a deterministic func-
tion of these aggregates and settles any residual imbalances with the
external grid at regulated tariffs. We refer to this price-determination
step as market clearing.

2.1. Prosumers, storage, and feasibility constraints

Demand and PV generation. Prosumer i has demand 4 > 0 and PV
generation g/ > 0. Their difference g/ — d/ is positive when generation
exceeds demand and negative otherwise.

Battery model. Each prosumer owns a battery with state of charge
(SoC) S/ € [0,5'], where S’ is the storage capacity. Throughout,
overbars denote upper bounds and underbars lower bounds. At time ¢,
prosumer i selects an energy transfer 5/ (b) > 0 charging, b} < 0 dis-
charging). Conversion losses with efficiency #", 7% € (0, 1] are applied
at the battery side, so that the SoC evolves as

. . ) )~
h 1
St = SpHAT BT -~ €
where ()* := max{-,0} and ()~ := max{—-, 0}. The action b} is

constrained by the power limits b’ (discharge) and & (charge) and by
the current SoC:

bi e B(SH := [max{-b, —¥S87}, min{B', (§* — S))/n"}]. @)

The lower bound ensures S/, > 0 and the upper bound S/, <
S, Throughout, b/ denotes the grid-side energy exchange; conversion
losses appear only in the SoC update (1), while the submitted order (3)

uses b} directly.

Curtailment. Prosumer i may curtail PV generation by choosing Kti e
[0, 1]; the effective injected generation is (1 — Kf )gl.

Submitted net order. Given actions (4}, x/) and local realisations (d’, g}),
the grid-side energy balance determines the order that prosumer i
submits to the platform:

xhi=(dl = (1 —«Hgl) + )T - @), 3

where the first term is the net load after curtailment, (b;')+ is energy
drawn for charging, and ()~ is energy delivered by discharging. A
positive value x/ > 0 is an import (buy) and x! < 0 is an export (sell).

2.2. Market clearing

Aggregate demand and supply. Each submitted order x! is either a buy
(import), m! := (x})*, or a sell (export), ¢/ := (x})”. The platform
aggregates across all agents:

N N
M, = Zm; 0, = Zq;
i=1 i=1

External tariffs and internal price corridor. Residual imbalances are set-
tled with the external grid at regulated tariffs: a retail import price p
and a feed-in export tariff p, with 0 < p < p. Internal platform prices
are constrained to - -

p<p’ <p] <h, Q)

where p,S is the price received by sellers and pP the price paid by
buyers.



N. Greber et al.

Clearing rule. The market operator applies a clearing rule
[ (M, 0,p.5) = (0P, PP, (5)

mapping aggregate orders into internal prices subject to (4). The rule
f is a design choice of the platform operator and is available to all
market participants. In particular, market participants might use this
representation in their optimisation models, e.g. by embedding f into
the computational graph of gradient-based optimisation schemes. We
consider three non-discriminatory instantiations of f — all satisfying the
corridor constraint (4) with a uniform seller price p° and buyer price p?
— that span a range of price-formation structures.

1. Supply and demand ratio (SDR). Following Liu et al. [6], prices
are set as a nonlinear function of the ratio of aggregate supply
to demand. Define

9

M, +¢€’

SDR, :=

where £ > 0 avoids division by zero. Internal prices are
pp

pP =4 (@—pSDR, +p

», SDR, > 1,

, 0<SDR, <1,

o0 = pS -SDR,+p(1 -SDR,), 0<SDR, <1,
! P SDR, > 1.

When SDR, is high (supply abundant), both prices move to-

wards p; when it is low (supply scarce), prices move towards p.

2. Mid-market rate (MMR).
Adapted from Long et al. [5], this mechanism anchors the inter-
nal reference price at the midpoint of the tariff corridor,

MMR ._ ptp
b, =

and blends each agent’s effective price between this midpoint
and the external tariff according to the fraction of trade that can
be matched internally. Define the matching ratios

M 0]
P = min(—’, 1), D= min<—t, 1>. (6)
t Qt t Mt

The sell and buy prices are then

pp =t ™M+ A =r))p, @
p’=rl ™M+ A =rD)p. ®

When supply and demand are balanced (7 = r? = 1), both
prices equal the midpoint. When one side dominates, the surplus
is settled at the external tariff, pulling the effective price towards

p (for sellers) or p (for buyers).

3. Linear pricing rule (LIN). This mechanism expresses the inter-
nal reference price as a linear function of the relative supply-
demand imbalance:

p+p =P O, -M
LIN = = Y ' _
= cl — -f— =P D)

Py “mp< > TP o, 3”)

with sensitivity parameter § = 0.5. The normalisation by O, +
M, makes the price response scale-invariant: it depends on the
relative imbalance between supply and demand rather than on
their absolute levels. Side prices p5 and pP are computed from
the same pro-rata blend (7)-(8) using the matching ratios (6).

Per-period cost. Given internal prices, prosumer i incurs one-period
trading cost

ol =pPmi—pfdql, ©)
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and total cost over the planning horizon
T
=Y - psSi,, (10)
t=1
where the final term values the energy remaining in storage at the end
of the horizon, S, at the feed-in tariff p; this terminal credit prevents

T+1 L
the policy from spuriously depleting the battery in the last period.

2.3. Markov game formulation

We cast the trading platform as a finite-horizon Markov game [17,
35]. A Markov game is defined by a tuple (P, S, {A'},cp, P, {r'}icp, T)
consisting of agents P, state space S, per-agent action spaces A’, transi-
tion kernel P, reward functions /, and horizon T'. Since each prosumer
observes its own demand, generation, and battery level but not those
of other prosumers, we consider per-agent observation spaces O’ and
define policies as mappings 7' : O' — A(A’), where A(A’) denotes the
probability simplex over A’ (e.g. Strupl et al. [25],0liehoek and Amato
[36],Eschenbaum et al. [37]).

State. The state comprises time, all battery levels, and exogenous
processes:
s, = (¢, {Shd,gY)) € s an

[ & i=1
Actions. Each prosumer selects a continuous action
d =l k) € Al(s) := B(S)x[0,1], (12)
and the submitted trade xﬁ follows from (3).
Observations. At each step, prosumer i observes
o = (1. Sy, dps g b2y Py dioys &) € O a3

where (p£ B pi ) are the most recent cleared prices broadcast by the
platform. The observation excludes other prosumers’ individual states
and actions but includes aggregate community statistics broadcast by
the platform.

Transition rule. Let a, = (a!,...,aV) denote the joint action. The
transition comprises (i) battery updates via (1), (ii) stochastic evolution
of demand and generation (df H,g; +1)’ and (iii) deterministic market
clearing, in which f maps the aggregates induced by {x!} Z , to prices.
Reward. We define the per-step reward as the negative of the trading
cost:

ri(s,,a,) = —c;. as

Each prosumer seeks to minimise its expected total cost E[C’] over the
planning horizon, with C’ as in (10) (the terminal credit enters as a
terminal reward).

General-sum structure. The game is general-sum [17, Section 2.1]: it is
neither zero-sum (fully competitive) nor cooperative (fully aligned).
All prosumers benefit from internal trading, which avoids the external
retail price p or the low feed-in tariff p, yet each has an individual
incentive to shift aggregate volumes to obtain favourable prices. A
centralised planner that minimises the sum of all agents’ costs treats
the problem as cooperative; we use this as an efficiency benchmark in
Section 3.4.

Real-world execution. Each prosumer computes a; from its observa-
tion o/ and submits the implied trade x! to the platform. The operator
aggregates all trades, clears prices via (5), and broadcasts (p?, p5).

2.4. Gradient structure of the clearing rule

This work studies gradient-based policy-optimisation schemes,
where the clearing rule f is represented as part of the computational
graph. The pathway from actions to costs is

a = (Y, e (M.0) = f(M.0) = (P, p%) = ()N, (15
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Gradients along this chain quantify price impact: how a marginal change
in a prosumer’s trade perturbs the cleared prices and the costs of
all agents. Because all three clearing rules map (M,,Q,) to prices
via closed-form expressions, the gradient V,p, is available in closed
form for each mechanism, and the same training infrastructure applies
without modification.

Non-smooth components. Non-differentiabilities arise from (-)* and ()™,
the piecewise definitions, the min(-, 1) operators, and the clamp in Sec-
tion 2.2. In practice we rely on the subgradients supplied by automatic
differentiation. When a fully smooth graph is needed, these operators
can be replaced by softplus-type relaxations.

By the chain rule, agent i’s gradient splits into a direct term and a
price-impact term,

0%t ™ ol |p 00" T op, ox] 007
——  —
8direct 8price

where dp,/0x! is agent i’s price impact through the shared aggregates.
The stop-gradient sets gp;c.=0.

3. Multi-agent learning framework

We train prosumer policies within a shared simulation environment
— the platform operator’s digital twin — that models physical dynamics,
stochastic demand and generation, and the market clearing rules of
Section 2.2. The central idea is to unroll complete trajectories of this
environment and optimise policies end-to-end via backpropagation
through the resulting computational graph. This is analogous to the
deep hedging architecture of Buehler et al. [2], which has found
widespread adoption in industry applications [22]. The novelty of the
present work lies in extending this pathwise approach to a multi-agent
setting in which agents are strategically coupled through a shared price-
formation mechanism: each agent’s action affects the clearing prices
faced by all other agents, turning the optimisation problem into a
game. Following the taxonomy of Maggiolo et al. [38], end-to-end
optimisation through a known simulator corresponds to supervised
learning; we adopt this terminology throughout.

We consider two MARL frameworks, following the standard taxon-
omy of Zhang et al. [17]:

1. Decentralised Training, Decentralised Execution (DTDE): each agent
maintains an independent policy parameterised by its own
weights and acts from local observations only. The two gradient
modes defined in Section 3.3 - price-aware (strategic) and
price-taking (competitive) — apply within this setting.

2. Centralised Training, Centralised Execution (CTCE): a single global
policy observes the full system state and outputs joint actions for
all agents, minimising community cost.

We call the resulting framework Multi-Agent Neural Network Control
(MANNC) and instantiate it in two settings: MANNC-DTDE for decen-
tralised training and execution (Section 3.2), and MANNC-CTCE for the
centralised planner benchmark (Section 3.4).

The CTCE planner serves as a cooperative efficiency bound: it
represents the best a fully coordinated planner can achieve, but is
not deployable at scale because the joint action space grows exponen-
tially in N. As a model-free baseline we additionally compare against
Multi-Agent Proximal Policy Optimisation [MAPPO;39], a Centralised-
Training, Decentralised-Execution (CTDE) method in which a shared
critic estimates state values. In contrast to the supervised approach,
MAPPO treats the environment - including the clearing mechanism —
as a black box and learns from reward signals alone.

Fig. 1 illustrates both architectures; Sections 3.1-3.4 provide the
technical details.
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Exploration. It is known that gradient-based optimisation in the context
of deep hedging can get stuck in local optima [38]. To remedy this, we
inject exploration noise via a decaying e-greedy scheme: with probabil-
ity ¢, (decreasing over episodes) each agent replaces its policy output
with a uniformly random feasible action, promoting broad exploration
early and a gradual shift towards exploitation. This technique plays a
central role in achieving our performance results; Appendix C.2 (Fig.
C.1(a)) compares convergence with and without noise injection.

3.1. Unrolled objective

For a batch of B sampled trajectories, each of horizon T, the
unrolled objective for agent i is

B

¢ =1y, ae)
B 5

where C} = Z,T:1 ¢, —pSy,, , isagent i’s total cost (10) on trajectory b,

including the terminal storage credit. The gradient V, C' captures both

the direct effect of actions on traded quantities and the indirect effect
through endogenous prices.

3.2. Decentralised training and execution (DTDE)
Policy architecture. Each agent i € P maintains its own policy z? :

O — AA', parameterised as a feedforward neural network with L hid-
den layers'>?

=0, h =W, "+b,), ¢=1,...,L—1, 7% (0') = tanh(W, hE™'+b)),
a7
where 6/ = {W,,b,} ;:1 are agent-specific trainable parameters. The

raw outputs in [—1, 1] are scaled by the charge/discharge rate limits
b, b' and applied to the battery; the resulting SoC is clamped to [0, $7],
which enforces the feasibility bounds (2), while the curtailment output
is mapped affinely to «! € [0, 1]. At each of the T time steps the same
network is applied independently, so the full policy over one episode
corresponds to a stack of T identical networks of depth L.

Each agent’s parameter update depends only on its own cost gradi-
ent. In the price-taking mode, these gradients are fully decoupled; in the
price-aware mode, they are coupled through the shared clearing rule.
Because prices depend only on the two scalars (M, Q,), the forward
pass scales linearly with the number of agents and the horizon. The
stop-gradient backward pass inherits the same linear cost; under price-
aware learning, gradient coupling through the shared aggregates makes
the backward pass scale quadratically in the number of agents.

3.3. Price-aware vs. price-taking learning

The clearing rule supports two learning modes that differ in a single
operation: whether gradients pass through the cleared prices or are
stopped. Let sg(-) denote the stop-gradient operator (.detach() in
PyTorch), which evaluates its argument in the forward pass but blocks
gradient flow in the backward pass: V, sg(z(0)) = 0.

Price-aware learning (strategic). Gradients flow through the full chain
from costs to actions, including the clearing rule f. Agent i’s objective
is

B
> Y (a0, py(®)), (18)

b=1t=1

Chu(0) =

==

1 The tanh output bounds the two components — battery charge/discharge
rate and PV curtailment ratio — to [-1,1].

2 We also investigated recurrent architectures (RNN, LSTM) but did not
observe substantial performance differences.
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(a) Centralised architecture (CTCE). A single neural network
receives the complete system state s, and outputs actions for
all N agents. Grey blocks denote the transition.
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(b) Decentralised architecture (DTDE). Each agent i has an indi-
vidual neural-network policy mapping its private observation o
to actions.

Fig. 1. Comparison of centralised and decentralised policy architectures.

where 0 = (0',...,0V) collects all agents’ parameters and p, ,(6) =
f (x,,b(e), 12 ﬁ). Because Vi p,, # 0, the policy update

0« 0'—aVy G0 (19)

accounts for both the direct effect of the trade and the indirect effect
through prices. The agent learns, for instance, that increasing supply
may lower the sell price.

Price-taking learning (competitive). The cleared prices are detached
from the graph before entering the cost function. Defining p,, =
sg(p,5(6)), the objective becomes

M=

Con@) = 3 X

b=1

c'(a} (0", Prp)- (20)

&=

1

Because V j, , = 0, the update
0" — 0 —aVy CL(0) (21)

optimises only with respect to trade quantities, treating prices as given.
This mode corresponds to the standard economic price-taking assump-
tion.

Algorithm 1 summarises the DTDE training procedure; the evalua-
tion protocol is described in Section 4.

Algorithm 1 MANNC-DTDE

Require: Agents P = {1,..., N}, horizon T, batch size B, episodes K,
learning rate a, mode € {price-aware, price-taking}
1: for episode k =1,...,K do
Set exploration rate p;,
for trajectories b =1, ..., B (in parallel) do
Initialise state s,; set C; « 0 for all i
forr=1,...,T do _
Each agent i computes a’ = 7% (of)
With probability p;, replace a! with a ~ Uniform(A’)
Platform clears market: (pP, p¥) < f(M,.Q,.p, p)
Transition: s,,; < (battery update, exogenous draw, price
broadcast)
10: C) += c
11: end for
12: G, —=PSt1s
13:  end for
14:  Compute batch objective C' 15 > Ci
15:  if price-aware then

© ® NI AW

{terminal storage credit, Eq. (10)}

16: 0 —0 —aVy C_'l’;A(G) for all i
17:  else

18: 0 — 0 —aVy Cli)T(ei) for all i
19:  end if

20: end for

3.4. Centralised planner benchmark (CTCE)

A single policy z¢ : § - A! x - x AN is trained to minimise the
total system cost Z,]i , C' via batch backpropagation.® The architecture
mirrors that of the decentralised agents but receives the complete
state s, and outputs actions for all agents simultaneously; the same
e-greedy exploration schedule applies. Algorithm 2 summarises the
procedure.

Algorithm 2 MANNC-CTCE

Require: Number of agents N, horizon T, batch size B, episodes K,
learning rate «
1: for episode k=1, ...,K do
2:  Set exploration rate p;
3 for trajectories b = 1,..., B (in parallel) do
4 Initialise global state s,; set C, < 0
5 fort=1,...,T do
6: Compute joint action a, = z%(s,)
7
8
9

With probability p,, replace a;, with @, ~ Uniform([]; A")
Platform clears market; transition to s,

N
: Co+=3Y,. ¢

10: end for

11: C, —= p Zf\:{ | S; b {terminal storage credit}

12:  end for
13 0<0-aVy(5X,G)
14: end for

4. Experimental design

We evaluate the proposed framework on a peer-to-peer energy
trading platform populated by heterogeneous residential prosumers.
We present results for both synthetic data generated from calibrated
physical models (Sections 4.1-4.2) and empirical Swiss smart-meter
traces (Section 4.2; validation in Section 5.6).

4.1. Community composition

We consider the following experimental setup, where we opti-
mise the energy consumption of an energy-trading community. This
stylised community comprises N = 6 prosumers representing six dis-
tinct residential archetypes commonly found in central-European set-
tings, see Table 1. We refer to this configuration as the base community
throughout.

3 This centralised optimiser differs from the standard central planner in
economic theory, which selects resource allocations to maximise social welfare.
Our optimiser instead selects players’ actions to minimise total cost, subject to
the same physical dynamics and market clearing rule.
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Table 1
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Prosumer archetypes in the base community (N=6). One-way battery efficiencies " = % = 0.95

for all storage-equipped agents (round-trip ~ 0.90).

ID Archetype PV Battery Charge/discharge Avg. demand Role
(kwWp) (kWh) rate (kW) (kWh/day)

A Full prosumer 8.0 8.0 2.5 13 Controllable
B PV + small battery 5.0 4.0 2.0 11 Controllable
C Flexibility provider 0.0 10.0 3.0 15 Controllable
D PV generator 8.0 0.0 - 10 Passive

E Small PV consumer 3.0 0.0 - 12 Passive

F Pure consumer 0.0 0.0 - 14 Passive

The archetypes differ in installed PV capacity (0-8 kWp), battery
storage (0-10kWh), and average daily electricity consumption (10—
15kWh/day), reflecting the heterogeneity observed in field deploy-
ments [40]. Daily consumption values correspond to annual consump-
tion of approximately 3 650-5 475 kWh, consistent with typical central-
European single-family households [41].

Three agents (A-C) own battery storage and are controllable: their
charge/discharge schedules and PV curtailment ratios are the decision
variables optimised by the learning algorithms. The remaining three
agents (D-F) are passive participants whose net trade is determined
entirely by their demand and PV generation realisations. This 50/50
split between controllable and passive agents reflects a realistic market
environment in which battery strategies must co-exist with exogenous
supply and demand flows.

Agent C (flexibility provider) owns a large battery (10 kWh, C/3.3
rate) but no PV generation, and must therefore purchase all stored en-
ergy from the community market. Its optimal strategy is pure temporal
arbitrage — buying when community prices are low and selling when
they are high — making it sensitive to the price formation mechanism
and the information available during training.

For the scalability analysis (Appendix A), we replicate the six-
agent base unit to create communities of N € {6, 12,24,48,96} agents,
preserving the proportional composition of archetypes at every scale.
As the community grows, the ratio of controllable to passive agents
remains constant, but each individual battery owner’s share of total
market volume decreases, reducing per-agent price impact.

4.2. Data

We model a daily trading horizon of T=24 periods at hourly res-
olution (47 = 1h). We use two data sources: synthetic generator cal-
ibrated to central-European residential profiles (our primary setting,
below), and a real-world instance built from Swiss smart-meter demand
and PVGIS solar data, used to validate the findings in Section 5.6.
Environmental uncertainty enters through two stochastic processes —
photovoltaic (PV) generation and household demand - both generated
synthetically from calibrated physical models.

PV generation. Solar output for prosumer i at hour ¢ is

g =g-8- & M (22)

where g is the installed PV capacity (kWp), &, is a clear-sky irradiance
curve (sinusoidal between sunrise at 06:00 and sunset at 18:00, zero
otherwise), and S,PV € [0,1] is a stochastic cloud-cover factor. The
cloud-cover factor follows a mean-reverting AR(1) process:

V= utp @ i te 6~ NO.0D, @

with autocorrelation ¢ = 0.85, noise standard deviation ¢ = 0.20, and
daily mean p ~ U°[0.6,0.95] drawn independently for each simulated
day. To model transient cloud events, we superimpose 1-4 random
Gaussian dips of width 0.4-1.2h and depth 20%-70% during daylight
hours. The resulting scaling factor is clipped to [0.02,1.0].

Demand. Demand d;' follows a diurnal baseline curve with character-
istic morning (05:00-08:00) and evening (17:00-22:00) peaks and a

midday dip (09:00-17:00). The midday dip coincides with peak PV gen-
eration, creating a systematic surplus that motivates intra-community
trading. Intra-day variability is introduced via an AR(1) process (¢=0.6,
06=0.25) and 1-3 random Gaussian pulses of width 0.3-1.0h and am-
plitude 0.1-0.5, representing stochastic appliance usage. Daily total
demand is log-normally distributed (¢=0.2) to capture seasonal and
occupancy variation. Final demand is normalised to match each pro-
sumer’s average daily consumption d' and clipped to [0.4, 1.8] times the
baseline, see Table 1.

Dataset. We generate 1000 days for training and 100 days for evalu-
ation. All methods are evaluated on the same fixed test set. Training
details (batch size, number of episodes) are given in Section 4.6

Real-world data. To test the findings against realistic profiles, we build
real-data instances of the same six-archetype community. Household
demand is taken from the CKW open smart-meter dataset for canton
Lucerne, Switzerland [42], which records grid consumption only; for
each archetype we form a band of metered households without on-site
PV whose mean daily consumption lies within +15% of the archetype
level, and we sample K independent communities by drawing one
real meter per archetype. PV generation is obtained from the Euro-
pean Commission’s PVGIS service [43] (PVGIS-SARAH3) at Lucerne
(47.05° N, 8.31° E) for the archetype-specified peak power (3/5/8 kWp,
14% system loss) over the same years as the demand.’ Battery sizing
and the controllable/passive split follow the archetype definition un-
changed. Each community spans 730 days (2021-2022), split 80/20
into 584 training and 146 test days. This setup keeps the community
composition fixed while replacing the synthetic demand and PV traces
with real and irradiance-modelled ones; reporting results as mean +
s.d. across the K communities isolates whether the conclusions persist
under realistic load and weather variability and are robust to the
choice of metered households, rather than claiming a fully measured
community.

4.3. Market parameters

All of the experiments use one of the pricing rules described in Sec-
tion 2.2. The external tariff corridor is set to p = 0.05 EUR/kWh (feed-in
tariff) and p = 0.30 EUR/KWh (retail grid_import price), calibrated
to typical central-European residential tariff structures. The resulting
spread of p — p = 0.25 EUR/kWh provides strong arbitrage incentives
for battery owners: even with round-trip efficiency losses of 10%, a full
charge-discharge cycle yields a net margin exceeding 0.20 EUR/kWh in
favourable market conditions. No platform fee is charged.

4.4. Benchmark methods

We compare the mechanism against a model-free MARL method, a
heuristic baseline and a perfect-foresight LP as a lower bound.

4 Because the smart-meter data records consumption only, PV is irradiance-
modelled rather than measured - the standard way of adding generation to
load data; we draw it for 2021-2022 to match the demand years, so there is
no calendar offset.
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Method comparison by information structure. “Endogenous” means prices depend on agents’ joint actions and
gradients propagate through them; “exogenous” means prices are treated as given (stop-gradient)..

Method Training Price signal in training Decentralised
MANNC-DTDE Supervised Endogenous (gradient) Yes
MANNC-DTDE (SG) Supervised Exogenous (stop-grad) Yes
MANNC-CTCE Supervised Endogenous (gradient) No

MAPPO RL (PPO) Reward-only Yes®
Perfect-foresight LP" LP (foresight) — No
Rule-based — - Yes

2 Centralised training (shared critic), decentralised execution.

b Non-causal: optimises with full future information; a lower bound, not a deployable method.

MANNC-DTDE (decentralised, price-aware): Per-agent feedforward
networks trained end-to-end through the differentiable market layer.
Gradients flow through the price formation process, enabling agents
to learn how their actions affect clearing prices.

MANNC-DTDE (SG) (decentralised, price-taking): Identical architec-
ture and training procedure, but a stop-gradient operator detaches
prices from the computational graph before back-propagation. Agents
optimise against prices they treat as exogenous, analogous to the
price-taking assumption in competitive equilibrium theory.

MANNC-CTCE (centralised social planner): A single centralised net-
work observes the full system state and outputs joint actions for all
agents. Trained to minimise community cost, it serves as an efficiency
upper bound under full information.

MAPPO [39]: The model-free CTDE baseline introduced in Section 3.
Rule-based (greedy self-consumption): Charges the battery from ex-
cess PV generation and discharges to cover demand deficits, with no
lookahead or price awareness. This is the standard heuristic deployed
in commercial home energy management systems.

Perfect-foresight LP (perfect-foresight lower bound): A single plan-
ner with advance knowledge of the full day’s demand and generation
minimises the total community grid bill, subject to the same physical
constraints as the learned policies — charge/discharge limits, SoC
bounds, conversion efficiencies, and PV curtailment. Internal trades
net out at the community level, so the total equals the external grid
bill independent of the clearing rule; the problem is therefore a linear
program, solved to optimality. Being non-causal and centralised it is
not deployable, but its cost lower-bounds that of any causal policy.

Table 2 summarises the information structure exploited by each
method.

4.5. Policy architectures and observations

Observation space. All decentralised agents (MANNC-DTDE, MANNC-
DTDE (SG), MAPPO) receive the same observation vector at each time
step t:

i S D D Ky
i <Srl ton oy P P P TPy s

[ T d;, &, N A Ap di_y, g,_1>, @4

where S! is battery SoC, S’ battery capacity, d' and ! are the agent’s
normalised demand and PV generation, and 4p = p—p = 0.25 EUR/kWh
is the tariff spread used for price normalisation. The lagged market
signals pi 1 ptli , are the community clearing prices from the previ-
ous period, and d,_;, g_, are the community-average demand and
generation. At =0, all lagged features are initialised to zero.

The inclusion of lagged aggregate statistics reflects a realistic infor-
mation structure in which the market platform publishes community-
level summaries — but not individual prosumer data — after each trading
period.

The centralised planner (MANNC-CTCE) observes the full system
state s, = (t/T, {S}/S", d!, &} ). We give this benchmark system an
artificial information advantage — full observability of all agents’ states

Table 3

Training hyperparameters. With y=1 MAPPO’s objective is undiscounted,
matching the daily-cost evaluation metric and the full-episode MANNC ob-
jective; the MANNC methods carry no discount as they backpropagate the
whole-episode cost directly.

Hyperparameter MANNC-DTDE/MANNC-CTCE MAPPO
Episodes 50 50

Batch size (days) 32 32

Optimiser Adam Adam

Learning rate 1073 5x 1074
Gradient clipping None max norm 10.0
Discount factor y 1.0 1.0

GAE 1 - 0.95

PPO clip ¢ - 0.2

PPO epochs per episode - 15

Minibatches per epoch - 1 (full batch)
Entropy coefficient - 0.05
Exploration e-greedy, p, =0.7- 0.9 Gaussian ¢, ~ 0.5

Hidden layers 2 x 16 2x16 N for CTCE) 2 X 64

— to isolate the performance that can be reached in principle from the
constraints imposed by partial observability. It does not observe market
prices, as prices are a consequence of the joint actions it prescribes.

MANNC networks. The policy architecture is described in Section 3.2.
Decentralised agents use hidden dimension 16; the centralised planner
scales this to 16N and produces 2N joint actions. Table 3 lists all
architectural parameters.

MAPPO networks. MAPPO actors and critic use two hidden layers of
64 units with tanh activations, orthogonal weight initialisation [44]
(gain \/5 for hidden layers, 0.01 for the policy head), and layer nor-
malisation on inputs. Actors produce tanh-squashed Gaussian poli-
cies with a learnable log-standard-deviation parameter initialised at
—0.7 (6 = 0.5). The centralised critic takes the global state vector
/T, {(S}/S', d}, g, p5 /Ap, pP /Ap) as input.

4.6. Training protocol

Table 3 summarises the training hyperparameters for all methods.

MANNC training. MANNC-DTDE and MANNC-DTDE (SG) policies are
optimised with Adam (a=10"3) without gradient clipping. Each episode
simulates a full day (T'=24 steps), after which each controllable agent’s
total daily cost is back-propagated through the environment dynamics
and - in the case of MANNC-DTDE - through the market-clearing
rule. Exploration follows an e-greedy scheme: with probability p, =
0.7-0.9% (decaying from 70% to approximately 0.4% over 50 episodes),
each action component is replaced by a uniform random sample from
[-1,1]. MANNC-CTCE follows the same protocol, except that a single
centralised network outputs all agents’ actions and the loss is the sum
of all agents’ costs (social welfare objective).

MAPPO training. MAPPO collects on-policy rollouts for all training
days in the batch, yielding T' x B = 24 x 32 = 768 transitions per agent
per batch. Rollouts from all batches are aggregated before performing
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15 PPO update epochs on the full dataset. Actor and critic are optimised
separately with Adam (a=5 x 107*) and gradient clipping at max
norm 10.0. A one-at-a-time sensitivity sweep over entropy coefficient,
PPO epochs, mini-batch count, and initial policy standard deviation is
reported in Appendix B.

Evaluation protocol. All trained policies are evaluated on the same fixed
test set of 100 days. Battery SoC is initialised to zero at the start of each
test day across all methods, ensuring comparable initial conditions. The
rule-based heuristic requires no training and is evaluated directly on the
test set.

4.7. Evaluation metrics

Community cost. The primary performance metric is the mean daily
community cost on the test set:

N
1

_ i
Clotal - |D | Cd’
testl geDy i=1

(25)
aggregating each agent’s daily total cost (10) — including the terminal
storage credit — over all agents and test days.

Per-agent cost. We report individual daily costs C' to analyse distribu-
tional effects — specifically, whether learning based battery strategies
shift costs onto agents without storage flexibility.

Unilateral deviation regret. We test whether the learned policies are
close to a Nash equilibrium — whether any agent can lower its cost by
deviating while the others hold fixed. A rollout gives each agent i a
realised net-import trajectory x;; x*, denotes the others’ equilibrium
trajectories (sampled from their policies — a Nash equilibrium is de-
fined over policies, so these give a tractable proxy). With total cost
Cost;(x;,x_;) = Yo ¢ — pSy,, (= C'ofeg.(10)) and the others
frozen at x*, the best-response cost and unilateral-deviation regret are

Cost;3R = n’l‘}n Cost;(x;, X" ), R = Cost;(x;,x*,) — Cost;3R > 0. (26)
Dynamic programming best-response. We solve agent i’s best-response
problem by dynamic programming (DP) over its battery schedule, with
x*, frozen and p, recomputed at each (s,a) to include the deviator
(a strategic best response); “exactly” is up to the discretisation of the
state-action space (n,=101 SoC and n,=41 action points, PV fully used),
whose effect is bounded in Appendix C.3. The recursion is run after the
entire trajectory has been observed — it uses the realised future demand,

generation, and others’ actions - so it is a non-causal optimiser. With

net grid trade neti(s,a) = d' — g’ + bf”“d(s,a) (the grid-side battery
exchange of Eq. (3)) and terminal value V;(s) = —ps, the backward
recursion

V(s) = main[c;' (netj(s, @), p,(neti(s,a),x,; ) + Vi (s, a))] 27)
gives Costl,, = V;(0). Because this method optimises with full hindsight,
Costh, < CostimCausal and hence R’ > R{_: the reported value upper-
bounds the causal Nash regret, and a small R’ indicates proximity to

equilibrium.

Training time. We report wall-clock training time measured on a single
CPU (Apple M-series, no GPU) to quantify the computational trade-offs
between differentiable and model-free training.

5. Experimental findings

All reported values are means + one standard deviation over five
random seeds. We first establish that the MANNC methods reduce cost
and train efficiently (Section 5.1), verify convergence and numerical
stability (Section 5.2), then analyse what the policies learn and why
(Section 5.3), test generality across clearing mechanisms (Section 5.4),

10

Energy and Al 25 (2026) 100809

Table 4

Test-set performance (N=6, five seeds, SDR clearing). C,,: mean daily
community cost; “Gap”: excess over the perfect-foresight LP lower bound;
training time on a single CPU (Apple M-series, no GPU). The Perfect-foresight
LP is non-causal - it optimises with full knowledge of the day - and is a bound,
not an achievable policy.

Method Cioa (EUR/day) Gap (%) Train (s)
MANNC-CTCE 9.34+0.71 +3.9 ~75
MANNC-DTDE (SG) 9.73 £0.73 +8.2 ~61
MANNC-DTDE 10.06 +0.71 +11.9 ~ 121
MAPPO 11.22 +£0.70 +24.8 ~ 184
Rule-based 11.51 +0.61 +28.0 0
Perfect-foresight LP 8.99 +0.72 - -

assess strategic stability via regret (Section 5.5), and validate on real
Swiss smart-meter data (Section 5.6).

5.1. Aggregate cost and training efficiency

Under the SDR clearing rule, the MANNC methods cut the mean
daily community cost by 12.6-18.9% relative to the rule-based heuris-
tic and outperform the model-free MAPPO baseline, training in one to
three minutes on a single CPU (Table 4; N=6, five seeds). MANNC-
CTCE, which has full state access, is cheapest (9.34 EUR/day); among
the decentralised methods the price-taking MANNC-DTDE (SG) (9.73)
edges out the price-aware MANNC-DTDE (10.06), and both beat MAPPO
(11.22) and the heuristic (11.51).

A perfect-foresight LP that dispatches all batteries with full knowl-
edge of the day (Section 4.4) reaches 8.99 EUR/day; MANNC-CTCE lies
within 3.9% of this bound and the best decentralised policy within
8.2%, so little headroom remains. But the LP is a non-causal central
planner: it does not operate through the endogenous price-formation
mechanism and ignores incentive-compatibility.

The price-taking MANNC-DTDE (SG) attains a lower community
cost than the price-aware MANNC-DTDE: by internalising their price
impact, agents learn to extract surplus from others (Section 5.3), an
effect specific to the clearing rule (Section 5.4).

MAPPO improves on the heuristic by only 2.5% and trains about
three times slower than MANNC-DTDE (SG); the gap persists under sys-
tematic tuning (Appendix B), reflecting the learning signal rather than
tuning. MANNC-DTDE is slower than MANNC-DTDE (SG) because its
backward pass couples all agents through the shared price aggregates
(Section 3.2).

Fig. 2 breaks cost down by archetype. The storage agent C (bat-
tery only) gains most, from 3.62 to 2.64-2.83 EUR/day via temporal
arbitrage. Agent D (PV only) is cheapest under MANNC-CTCE (0.34),
which times the other agents’ charging to D’s midday surplus. The pure
consumer F pays more under price-aware MANNC-DTDE than price-
taking MANNC-DTDE (SG) - a consequence of the capacity withholding
analysed in Section 5.3.

5.2. Convergence and stability

Fig. 3 shows the training-batch community cost over episodes. The
MANNC methods fall steeply in the first ten episodes and reach near-
final cost within about 20 (MANNC-CTCE, MANNC-DTDE (SG)) to 30
(MANNC-DTDE) episodes. MAPPO starts lower — its Gaussian policy is
initialised near zero action (“do nothing”), cheaper than the arbitrary
dispatch of a randomly initialised network — but converges more slowly
to a higher plateau, mirroring the test ranking of Section 5.1. The
+1s.d. bands over the five seeds are narrow, indicating consistent
convergence.

Numerical stability. The clearing rules contain non-smooth components
— the (-)* aggregation, the piecewise SDR price, and the min(-, 1)/clamp
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Fig. 3. Training convergence (N=6). Shaded regions: +1 standard deviation
over five seeds.

operators of MMR and LIN - yet gradient-based training is well-
behaved. Across the SDR price’s domain the automatic-differentiation
gradient matches a finite-difference reference to within 4 x 1073 (mean
8x107%), confirming the subgradients at the kinks are handled correctly.
Over a full run (1, 600 updates) the gradient norm stays bounded (mean
1.7, max 6.7) with zero NaN or infinite values, and the per-agent price
sensitivity |0p/dx| remains small (mean 0.016, max 0.60; Appendix
C.1).

Exploration. The decaying e-greedy noise gives a modest but consistent
gain: MANNC-DTDE converges to 7.35 +0.22 EUR/day with exploration
versus 7.46 + 0.23 without (training-batch cost). The injected random
actions raise the early-training curve but decay over training, helping
agents escape suboptimal joint policies (Appendix C.2).

5.3. Learned strategies and the withholding mechanism

We now examine what the policies learn: their battery dispatch
(Section 5.3.1), the resulting prices and trading flows (Section 5.3.2),
the capacity-withholding effect of price-awareness (Section 5.3.3), and
direct evidence that the price-gradient drives it (Section 5.3.4).

5.3.1. Battery dispatch

Fig. 4 shows the learned battery action as a function of hour-of-
day and SoC for the three controllable agents. All learning methods
recover a diurnal-arbitrage pattern. The PV+battery agents A and B
charge around midday (06:00-16:00), when abundant PV depresses
community prices, and discharge in the evening (17:00-22:00), with
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charge intensity rising in available PV and tapering as the battery fills.
The pure-storage agent C, lacking PV, shows a fainter pattern, and
MAPPO’s C exhibits little structured arbitrage.

5.3.2. Market prices and trading flows

The learned policies produce a U-shaped price profile, see Fig.
5: internal prices approach the retail tariff 5 in the morning and
evening and the feed-in tariff p at midday. The buyer-seller spread
is narrowest under MANNC-CTCE and MANNC-DTDE (SG), indicating
efficient internal matching, whereas the rule-based heuristic pins prices
to the corridor extremes, having no price-smoothing behaviour. The
per-agent net-import profiles show the controllable agents reshaping
their flows — A and B charge in the morning, and C, despite owning no
PV, becomes a midday buyer and evening seller — tracking the perfect-
foresight optimiser’s import/export shape closely, whereas MAPPO and
the heuristic deviate more, see Fig. 6.

5.3.3. Capacity withholding

The per-agent breakdown of Section 5.1 localises the price-aware/
price-taking gap. The storage agent C is cheaper under price-aware
MANNC-DTDE than under price-taking MANNC-DTDE (SG) (2.64 vs.
2.79EUR/day), while each passive buyer — D, E, F — pays about
0.15EUR/
day more, for a net community increase of 0.34. Agent C achieves this
by withholding capacity: it charges less and releases less into the evening
demand peak, retaining more in storage at day’s end and supplying
~ 1 kWh less to the evening market (Appendix D), which sustains higher
clearing prices on a smaller traded volume. This is textbook capacity
withholding, learned purely from the price-impact gradient — which the
next subsection isolates directly, and Section 5.4 shows to be specific
to the clearing rule.

5.3.4. Direct evidence of gradient utilisation

To show directly that the stop-gradient changes the learning signal
— not merely the reward — we compare the gradient with and without
it on the same policy and data, see Table 5. On identical parameters
and the identical batch we run two backward passes differing only
in whether the cleared prices are detached: g, (prices in the graph,
MANNC-DTDE) and gy, (prices detached, the MANNC-DTDE (SG)
recipe); their difference gyic = 8pun — &airec 1S €xactly the signal
the stop-gradient discards. At initialisation the two gradients coincide
(cos = 1.00 + 0.00, [lgyicell ~ 0.05): while policies are naive, the
stop-gradient is an exact approximation. Over training the discarded
component grows about twentyfold - to ||gyc.|l & 1.2-1.3, tight across
seeds — becoming comparable in magnitude to the gradient the stop-
gradient retains, while the two updates rotate apart (cosine falling from
one towards zero). The price-impact gradient is thus real, sizeable,
and increasingly distinct from the price-taking update: MANNC-DTDE
demonstrably learns from information MANNC-DTDE (SG) discards.
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Section 5.4 confirms the causal link at the mechanism level by tuning
a real clearing-rule sensitivity.

5.4. Generdlity across clearing mechanisms

Sections 5.1-5.3 used the SDR rule. We now repeat the comparison
under all three clearing rules of Section 2.2. The three are nested: MMR
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is exactly the f=0 member of the LIN family (a constant mid-price), and
LIN approaches an SDR-like full-corridor response as f — 1, so the set
spans price formation from a fixed internal price (MMR) to one that
responds strongly to the supply-demand imbalance (SDR).

Table 6 reports community cost. MANNC-CTCE is lowest (~ 9.35)
and MAPPO and the heuristic highest under every rule, and all methods
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Table 5

Norm of the price-impact gradient g, = & — &airex @nd cosine between
full and direct gradients at training checkpoints. Mean =+ s.d. over five seeds.
Late-training cosine variance is high because g, is small near the optimum;
lgprice ll is the robust quantity.

Episode |||l (dropped by SG) COS(&urr> direct)

A B C A B C
0 0.07+0.01 0.04+0.01 0.06+0.13 1.00+0.00 1.00+0.00 1.00+0.00
9 0.75+022 1.24+0.24 0.63+0.08 0.97+0.03 0.98+0.02 0.95+0.04
24 1.13+021 133+020 1.14+0.08 —0.14+0.68 0.94+0.08 -0.29+0.32
49 1.17+0.18 1.29+0.18 1.30+0.07 0.08+0.53 0.30+0.83 0.01 +0.70

stay above the mechanism-independent perfect-foresight bound. The
same MANNC training runs unchanged under each rule — each admits
a closed-form price gradient — so the method is not specific to SDR.
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What changes across rules is the strategic behaviour: the order of the
two decentralised variants reverses, with MANNC-DTDE (SG) cheaper
than MANNC-DTDE under SDR but dearer under MMR. That reversal
is the withholding effect, which we now dissect.

The price-aware/price-taking gap Cpypg —Csg (positive when price-
awareness raises community cost) is +0.34+0.05 under SDR but —0.37 +
0.02 under MMR and +0.08+0.02 under LIN(f=0.5): under MMR the sign
flips. Fig. 7 shows why at the archetype level — under SDR the storage
agent C profits (gap —0.15) while the passive buyers D, E, F each pay
~ +0.15; under MMR C’s advantage vanishes (gap =~ 0) and the passive
agents gain.

The gradient itself is neutral: it tells an agent how its trades move
the price it faces, and the mechanism sets whether acting on it helps or
harms others. Under MMR the short side of the market receives the
favourable mid-price while the long-side residual settles at the grid
tariff, so the rule rewards being short — buying into community surplus,
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agent C versus the passive agents D/E/F. Mean =+ s.d. over five seeds.

Table 6
Community cost (EUR/day, mean =+ s.d. over five seeds) by method and

clearing rule (LIN at p=0.5; MMR is LIN at f=0). The LP optimiser is
mechanism-independent (internal trades net out at the community level).

Method SDR MMR LIN
MANNC-CTCE 9.34+0.71 9.35+0.69 9.35+0.70
MANNC-DTDE (SG) 9.73+0.73 10.07 £0.72 9.59+0.73
MANNC-DTDE 10.06 +0.71 9.70 +0.72 9.67 +0.73
MAPPO 11.22 £0.70 11.38 £0.65 11.26 +£0.67
Rule-based 11.51 £ 0.61 11.51 +£0.61 11.51 £0.61

Perfect-foresight LP 8.99 + 0.72 (mechanism-independent)

selling into deficit. The price-aware C responds by cycling its battery
markedly more (12.3 vs. 8.2kWh/day), yet its own cost barely changes
(per-agent gap ~ 0): this is not cooperation. The extra balancing is a
positive externality — the passive buyers D, E, F face lower prices and
capture most of the —0.37 saving. Under SDR the same selfish gradient
points the other way (restrict supply to lift the ratio-price), making
the externality negative, so C profits and the others pay. The clearing
rule fixes the sign of the externality that price-awareness creates, not
whether agents act together.

The LIN family makes this a continuum through its price-response
sensitivity g. Fig. 8 sweeps g from O to 1: the community gap rises
monotonically from —0.35 at =0 (where LIN is MMR, consistent with
the standalone MMR value —0.37) through zero near f~0.4 to +0.20 at
p=1, and the per-agent split (panel b) crosses accordingly. The more
the clearing price responds to aggregate imbalance, the stronger the
incentive to withhold - the mechanism-level counterpart to the gradient
evidence of Section 5.3.4.

These results clarify when withholding arises: it is a property of
quantity-sensitive pricing (SDR, high-# LIN), not of price-aware learning
per se. Rules that fix the internal price (MMR, f=0 LIN) turn the same
gradient from a withholding incentive into a market-balancing one
whose benefit spills over to the passive participants. Extending the
analysis to auction-based mechanisms such as a double auction (which
would require a differentiable relaxation of the discrete matching) is
left to future work.

5.5. Strategic stability: regret

A low community cost matters only if the learned policies are stable
- if no agent can improve by deviating unilaterally. We quantify this
with the DP unilateral-deviation regret R of Section 4.7 (Eq. (26)): for
each controllable agent, the gap between its equilibrium cost and the
cost of its best response with the others held fixed. The best response
is computed by dynamic programming over the realised trajectory and
recomputes prices to include the deviator, so it is a non-causal, strategic
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Table 7

DP unilateral-deviation regret R’ (EUR/day, mean + s.d. over five seeds) for
the controllable agents under SDR. The best-response oracle has full hindsight,
so these upper-bound the causal Nash regret. Passive agents D-F have no
flexibility and hence zero regret.

Method A (PV+Bat8) B (PV+Bat4) C (Bat10)
MANNC-DTDE 0.19+0.03 0.10+0.01 0.24 +0.01
MANNC-DTDE (SG) 0.14 +0.02 0.09 £0.01 0.30 £0.01
MANNC-CTCE 0.22 +0.04 0.18 +0.03 0.35+0.03
MAPPO 0.72 £ 0.04 0.55+0.05 0.97 +0.02

oracle; R therefore upper-bounds the true causal Nash regret, and a
small value indicates proximity to a Nash equilibrium. By construction
R! > 0, and the three passive agents (no battery) have zero regret.
All values are inflated by the oracle’s hindsight; comparisons across
methods and agents are the key quantity.

The decentralised MANNC policies are close to equilibrium: regret
of 0.10-0.24EUR/day for MANNC-DTDE (about 9% of the storage
agent’s daily cost) and 0.09-0.30 for MANNC-DTDE (SG). MAPPO
is four-to-five times farther from Nash (0.55-0.97), likely because it
learns from reward signals alone without access to the market structure,
so its higher cost coincides with strategically unstable policies.

The price-aware and price-taking variants have the same average
regret (0.18), but differ where it matters. For the pure-storage agent C
— the only purely strategic actor — price-aware MANNC-DTDE has
markedly lower regret than price-taking MANNC-DTDE (SG) (0.24 vs.
0.30). Because the best-response is strategic, this gap is the strategic
margin that price-taking training leaves exposed: an agent that ignored
its price impact during training is more exploitable by a strategic
deviator. For the PV+battery agents A and B, which act less purely on
price impact, the ordering is reversed and small.

The centralised planner MANNC-CTCE has positive regret for every
battery owner (0.18-0.35), higher on average than the decentralised
policies: the cost-minimising joint schedule is not a Nash equilibrium
— each agent could cut its own cost by deviating. The same applies
to the perfect-foresight LP of Section 5.1, likewise a cooperative, non-
strategic solution. Low community cost and individual rationality are
therefore distinct: the decentralised MANNC policies, each optimising
only its own cost, settle closer to a self-enforcing equilibrium than the
cooperative optimum does.

The best-response oracle is converged at the grid resolution used —
refining it changes regret by under 0.003 EUR/day (Appendix C.3).

5.6. Real-world validation

The preceding sections used synthetic profiles. To test external
validity we re-run the SDR comparison on real Swiss demand (Sec-
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Fig. 9. Mean daily community cost across K=12 communities (CKW de-
mand,PVGIS generation; SDR clearing). Error bars: +1 s.d. across communities.

tion 4.2): K=12 communities, each formed by drawing one real CKW
smart-meter household per archetype and pairing it with irradiance-
modelled PVGIS generation, over 730 days (2021-2022). Costs are
reported as mean + s.d. across the twelve communities.

The method ranking is preserved on real data, see Fig. 9: MANNC-
CTCE is cheapest (9.93EUR/day), followed by the decentralised
MANNC variants (MANNC-DTDE (SG) 10.19, MANNC-DTDE 10.50),
with MAPPO (11.78) and the rule-based heuristic (11.69) clearly worse.
The MANNC methods cut community cost by 10-15% over the heuristic
on real demand, as on synthetic data; MAPPO, which narrowly beat the
heuristic on synthetic data, no longer does.

The withholding signature also reproduces. Price-aware MANNC-
DTDE costs more than price-taking MANNC-DTDE (SG) by +0.31 +
0.19 EUR/day - positive in all twelve communities and close to the
synthetic value (+0.34). The strategic effect of Section 5.3 is therefore
not an artefact of the synthetic generator: it emerges under real load
and weather variability too.

This is a real-demand validation rather than a deployment study.
The demand is measured, but — because the CKW meters record con-
sumption only — PV generation is irradiance-modelled (PVGIS), and
battery sizing follows the archetype definitions. The results thus hold
for real demand and realistic generation in a single region (canton
Lucerne); pairing measured rooftop PV with measured demand, and
varying region and storage, is left to future work (Section 6.5).

6. Discussion
6.1. Implications for platform design

Two findings from Section 5 carry direct implications for P2P
platform design: the welfare effect of price-aware learning, and the
incentive-compatibility of centrally planned dispatch.

First, the comparison between MANNC-DTDE (DTDE, endogenous
prices) and MANNC-DTDE (SG) (DTDE, exogenous prices) isolates the
welfare effect of agents internalising their price impact (the welfare cost
arises under SDR; under MMR the same gradient produces a welfare
gain, see Section 5.4).

Under SDR, internalising price impact triggers capacity withholding
and raises community cost relative to the price-taking case (Table
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4). Per-agent price impact diminishes with community size - each
trade enters the clearing rule only through the aggregate, so individual
influence is diluted as N grows — but the aggregate SDR cost gap stays
at 2.5-3.8% across N € {6,12,24,48,96} as a fraction of MANNC-DTDE
community cost (Table A.1). From a platform-design perspective, these
two observations point to different forms of oversight. As community
size increases, each individual agent’s marginal price impact is diluted,
reducing the relevance of interventions aimed at individual market
power. At the same time, the persistence of the aggregate welfare
gap suggests that mechanism-level monitoring remains important, since
small individual incentives can still generate material community-level
distortions. Under MMR the picture reverses (Section 5.4): the same
gradient produces a positive externality and the gap turns into a welfare
gain, so neither monitoring tool is warranted.

Second, the regret analysis, see Table 7, reveals that the socially
optimal allocation produced by the centralised planner is not incentive-
compatible: every battery owner could reduce its cost by 0.18-0.35
EUR/day through unilateral deviation. Platforms that rely on cen-
tralised dispatch instructions are therefore vulnerable to strategic non-
compliance unless accompanied by binding commitment or compen-
sation mechanisms. In contrast, the decentralised MANNC variants
exhibit substantially lower regret (R’ € [0.09,0.30] EUR/day), indicat-
ing they approximate a Nash equilibrium and are self-enforcing without
external coordination.

6.2. Centralised versus decentralised learning

In terms of incentive compatibility, both decentralised MANNC
variants are close to a Nash equilibrium (regret 0.09-0.30 EUR/day,
averaging ~ 0.18 across the controllable agents), with MANNC-DTDE
closer for the pure-storage agent C and MANNC-DTDE (SG) marginally
closer for the PV+battery agents A and B. MANNC-CTCE has posi-
tive regret for every battery owner (0.18-0.35), confirming that the
centrally planned schedule is not incentive-compatible. MAPPO has
the highest regret (0.55-0.97 EUR/day), likely because it learns from
reward signals alone without access to the market structure; its com-
munity cost is also ~ 12% higher than MANNC-DTDE’s and ~ 15%
higher than MANNC-DTDE (SG)’s. From a deployment perspective the
two decentralised variants are a trade-off rather than a dominance
ordering: MANNC-DTDE (SG) yields the lowest community cost among
the decentralised methods, while MANNC-DTDE is closer to the strate-
gic best-response of the pure-storage agent. Both are approximately
self-enforcing.

In terms of computational cost, MANNC-DTDE (SG) and MANNC-
CTCE scale linearly with N, see Appendix A, while MANNC-DTDE
scales super-linearly due to the coupling of agents’ gradients through
the clearing rule. At N=96, MANNC-DTDE is approximately twenty
times slower than MANNC-DTDE (SG). MAPPO scales linearly but
with a larger constant. These observations motivate the stop-gradient
approximation for communities exceeding approximately 24 agents,
where the cost-performance difference between MANNC-DTDE and
MANNC-DTDE (SG) is small relative to the computational savings.

In terms of information requirements, MANNC-CTCE requires cen-
tralised access to all agents’ states, which raises privacy concerns and
creates a single point of failure. MAPPO requires centralised train-
ing (shared value function) but permits decentralised execution. Both
MANNC-DTDE variants require only local observations and the pub-
licly broadcast clearing prices, making them compatible with privacy-
preserving platform architectures.

6.3. Strategic behaviour and welfare redistribution

The capacity-withholding mechanism documented in Section 5.3.3
connects the MANNC framework to the broader literature on mar-
ket power in electricity markets. In oligopolistic wholesale markets,



N. Greber et al.

generators with inframarginal capacity can increase profits by restrict-
ing output, a phenomenon well documented in both theoretical and
empirical studies [45-47]. An analogous mechanism arises endoge-
nously in small-scale P2P markets when battery owners have access to
price-impact information.

The impacts on individual costs are asymmetric. Battery owners
(who can shift load intertemporally) benefit from the strategic pre-
mium, while passive consumers and prosumers without storage bear
the cost through higher purchase prices, see Fig. 2, Agents D, E, and F.
This distributional effect is relevant for regulators concerned with
fairness in energy communities, particularly under EU directives that
promote citizen participation in local energy markets. This effect is
not inherent to price-aware learning but depends on the clearing rule:
the mechanism sweep of Section 5.4 shows that withholding arises
under quantity-sensitive pricing (SDR, high-g LIN) but reverses under
fixed-price rules (MMR), where the same gradient produces a positive
externality for passive participants.

Per-agent price impact diminishes with N — a single agent’s trade
enters only through the aggregate volume — but the community-level
withholding gap stays at 2.5-3.8% (as a fraction of MANNC-DTDE
community cost) across N € {6,12,24,48,96} under SDR (Table A.1).
Under heterogeneous scaling, each agent’s influence shrinks but the
strategic actors and the agents bearing the resulting price distortion
grow in proportion, so the aggregate distortion persists.

6.4. Comparison with model-free MARL

MAPPO serves as a model-free baseline. The MANNC methods
reduce community cost by 12.6-18.9% over the heuristic versus 2.5%
for MAPPO, see Table 4, and train faster. The gap reflects the learning
signal: pathwise gradients through the clearing rule provide richer per-
step information than scalar rewards, leading to faster convergence
and more effective arbitrage. MAPPO’s advantage is applicability to
proprietary mechanisms where no model of the price-formation process
is available.

6.5. Limitations

The framework requires a differentiable clearing rule; discrete
matching mechanisms such as strict merit-order stacks would need
smooth relaxations.

Absence of network constraints. The model treats the community as a
single electrical node without grid constraints. In practice, voltage lim-
its, line capacities, and network losses affect feasible trading outcomes.
Ignoring these constraints may overstate the gains from P2P trading
relative to grid-mediated exchange.

Training can converge to local optima, a known limitation of
gradient-based policy search in the deep hedging architecture [38]. Ex-
tending the framework to stochastic policies may improve robustness.

The DP regret values are upper bounds due to the oracle’s hindsight;
discretisation error is below 0.003 EUR/day, see Appendix C.3.

Other practical constraints. The model also omits regulatory aspects
(settlement rules, ex-post market-power mitigation), communication
delays in the broadcast of cleared prices, and uncertainty in the pub-
lished price signals themselves. Each would tighten the action space
or perturb the observation channel; we treat them as future work
rather than incorporate stylised versions here, to keep the strategic
conclusions clean.

Regional scope of the real-data validation. The CKW case study uses
smart-meter demand from a single Swiss region (canton Lucerne) paired
with irradiance-modelled PVGIS generation and an assumed battery
sizing (Section 5.6). The framework is region-agnostic — tariff corridor,
demand profile, and asset mix are all parameters — but a multi-region
evaluation with paired measured rooftop PV remains future work.
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7. Conclusion

This paper introduced a learning framework for decentralised peer-
to-peer electricity trading in which the platform’s market clearing
rule is embedded directly in the multi-agent training simulator. Each
prosumer’s policy is optimised end-to-end by backpropagation through
a complete trajectory of physical dynamics and price formation, so
that the gradient an agent receives reflects its own impact on the
prices faced by all participants. A stop-gradient operator at the clearing
prices isolates this price-impact signal, separating strategic learning
— which internalises price impact — from competitive learning, which
treats prices as exogenous. The same training graph admits three non-
discriminatory clearing rules — a supply-to-demand ratio, a mid-market
rate, and a linear pricing rule — in closed form, so the approach is not
tied to a particular mechanism.

On a stylised six-prosumer community in a central-European setting,
the pathwise methods reduce mean daily community cost by 12.6 to
18.9 per cent relative to a self-consumption heuristic, against 2.5 per
cent for a representative multi-agent reinforcement-learning baseline,
and train in one to three minutes on a single laptop CPU. The decen-
tralised policies approximate a Nash equilibrium under a non-causal
best-response oracle, with average unilateral-deviation regret of about
0.18 euro per day per controllable agent; the reinforcement-learning
baseline is three to four times farther from equilibrium. Consistent
with the general observation that learning through a known model is
more sample-efficient than reward-only learning, embedding the price-
formation mechanism in the training graph yields both lower cost and
stronger strategic stability than treating it as a black box. Endogenous
capacity withholding emerges from the price-impact gradient under
quantity-sensitive clearing and reverses under fixed-price clearing —
so the direction of the welfare effect of strategic learning is set by
the clearing rule, not by the gradient itself. Method ordering and
the withholding signature both reproduce on real Swiss smart-meter
demand for twelve independently sampled communities.
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Appendix A. Scalability

We test scaling along two axes. Community cost is measured under
heterogeneous scaling: for each N € {6, 12,24,48,96} we draw three in-
dependent communities by sampling each agent’s PV capacity, battery
size, and average demand from the archetype ranges (yielding ~ 50%
controllable agents), so per-agent cost is comparable across N (Table
A.1). Compute and memory are measured under replication scaling, where
the six-archetype base unit is replicated to the target N; this fixes the
per-agent composition and isolates the algorithmic complexity from the
cost trend (Table A.2).
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Table A.1
Mean daily community cost (EUR/day, mean =+ s.d. over three heterogeneous
community draws) versus community size N under SDR clearing.

N MANNC-DTDE MANNC-DTDE (SG) Rule-based Perfect-foresight LP

6 10.06 + 1.09 9.81+1.32 11.17 £ 1.69 9.14 +1.28

12 21.67 +2.06 21.09 +2.15 2350 +2.11 19.91 +£2.37

24 44.08 + 3.44 4242 +3.61 48.83 +4.03 39.90 + 3.47

48  86.90+3.20 83.71£3.79 97.25 +3.65 77.46 +3.61

96 175.16 + 7.09 170.43 +7.29 195.60 + 7.52 159.01 +6.30
Table A.2

Per-batch compute and memory under replication scaling (single CPU). The
price-aware backward pass couples all agents through the shared price aggre-
gates, so its cost grows quadratically with N; the stop-gradient, centralised,
and model-free backward passes decouple across agents and grow linearly.

N=6 N=12 N=24 N=48 N=96
MANNC-DTDE backward (s) 0.042  0.153 0.603  2.413 9.874
MANNC-DTDE (SG) backward (s) 0.011  0.031  0.053  0.095  0.190
MANNC-DTDE total (s) 0.064 0.194 0682 2570 10.19
MANNC-DTDE (SG) total (s) 0.032  0.073  0.144  0.243  0.489
MANNC-CTCE total (s) 0.040 0.076  0.149  0.314  0.697
MAPPO total (s) 0.085 0.153 0.288  0.563  1.130
MANNC-DTDE peak memory (MB) 369 375 390 419 490

Across all five sizes the MANNC methods cut community cost by 7.8
to 13.9% relative to the rule-based heuristic, and the withholding gap
Cprpg — Csg stays between 2.5 and 3.8% of community cost. The gap
does not shrink with N: as the community grows, each agent’s share
of the price-forming volume falls, but the number of strategic actors
and the number of agents bearing the resulting price distortion grow
in proportion, leaving the aggregate distortion roughly constant.

The forward pass is linear in N for every method (prices depend
only on the two aggregates M,,Q,). The price-aware backward pass,
however, scales quadratically: over a 16x increase in N its cost rises
~ 236x% (0.042 — 9.87 s), consistent with the quadratic scaling derived in
Section 3.2, whereas the stop-gradient backward pass rises only ~ 17x
(linear). At N=96 the price-aware step is therefore ~ 21x slower than
the price-taking one (10.2 vs. 0.49s). Peak memory grows modestly
— +120MB for MANNC-DTDE across the range — so memory is not
the binding constraint; compute is. Because each agent’s trade enters
the clearing rule only through the aggregate, individual price impact
diminishes as the community grows, making the strategic effects of
Section 5.3 most pronounced in small communities even though the
aggregate withholding gap (Table A.1) persists at every tested size. For
large communities the price-taking variant is the practical choice.

Appendix B. MAPPO hyperparameter tuning

MAPPO'’s underperformance (Section 5.1) is robust to hyperparam-
eters. Starting from the reported configuration (y=1, entropy 0.05, 15
PPO epochs, full-batch updates, initial policy std ¢, ~ 0.5) we vary one
setting at a time (Table B.1); each value is the mean daily community
cost over five seeds.

No tuned setting moves MAPPO below 11.15EUR/day. The initial
policy std is near-optimal at the reference value: shrinking it to ¢,=0.25
leaves cost unchanged, while enlarging it to ¢, € {1.0,1.5} makes
convergence within the 50-episode budget worse — so the reviewer-
flagged Gaussian initialisation is not a confound. Across the entire
sweep MAPPO remains > 1.4EUR/day above MANNC-DTDE (SG);
the deficit reflects the learning signal (reward-only versus pathwise
gradients), not tuning.

Appendix C. Numerical and approximation diagnostics
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Table B.1

MAPPO cost (EUR/day, mean + s.d. over five seeds) under one-at-a-time
hyperparameter changes from the reported configuration, including the initial
policy std ¢,. Every variant stays ~ 15-30% above the best decentralised

method, MANNC-DTDE (SG) (9.73).

Configuration Cioia (EUR/day)
Reference (y=1, ent. 0.05, 15 epochs, 1 minibatch, ¢,~0.5) 11.21 +£0.69
Entropy coefficient 0.0 11.31 £0.69
Entropy coefficient 0.01 11.25+0.70
Entropy coefficient 0.1 11.31 £0.69
PPO epochs 5 11.26 +£0.71
PPO epochs 30 11.15+0.71
Minibatches 4 11.17 £ 0.69
Initial std o6, = 0.25 11.20 £ 0.71
Initial std o) = 1.0 11.69 + 0.59
Initial std 6, = 1.5 12.69 +0.56

Table C.1

DP best-response cost and regret (Agent C, EUR/day) versus grid resolution.
The reported grid (101,41) is converged to within 0.003 EUR/day of a 4x-finer
grid.

N n,

21 41 81 161
51 0.2207 0.2267 0.2284 0.2290
101 0.2216 0.2276 0.2292 0.2292
201 0.2220 0.2279 0.2295 0.2300
401 0.2220 0.2280 0.2296 0.2301

C.1. Gradient stability

Despite the non-smooth clearing components, the pathwise gradi-
ents are well-behaved. Across the SDR price’s domain the automatic-
differentiation gradient matches a finite-difference reference to within
4 x 1073 (mean 8 x 107°), confirming the subgradients at the kinks
are computed correctly. Over a full training run (1,600 updates) the
gradient norm stays bounded (mean 1.7, max 6.7) with zero NaN or
infinite values, and the per-agent price sensitivity |dp/dx| remains small
(mean 0.016, max 0.60).

C.2. Exploration-noise ablation

The decaying e-greedy schedule yields a modest, consistent gain
(Fig. C.1(a)): MANNC-DTDE converges to 7.35 + 0.22 EUR/day with
exploration versus 7.46+0.23 without (training-batch cost). The injected
random actions inflate the early-training curve but decay over training,
helping agents escape suboptimal joint policies.

C.3. DP best-response discretisation

The regret in Section 5.5 uses a dynamic-programming best-response
on a discretised state-action grid. Table C.1 shows it is converged: refin-
ing the grid 4x in each dimension beyond the reported (n,, n,)=(101,41)
changes the regret by under 0.003 EUR/day (~ 1%), so the discretisa-
tion error is negligible relative to the reported values.

Appendix D. Supplementary strategy results

Fig. C.1(b) shows Agent C’s mean SoC trajectory under price-aware
and price-taking learning, the mechanism behind the capacity with-
holding of Section 5.3.3: the price-aware agent peaks lower (5.85 vs.
6.52kWh) and retains more at day’s end (1.00 vs. 0.72kWh), supplying
~ 1kWh less to the evening market.
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Fig. C.1. Exploration ablation (a) and capacity-withholding mechanism (b).

Data availability

Data will be made available on request.
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