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ABSTRACT

The integration of intermittent renewable energy sources and the increase of dynamic
demand profiles are placing great demands on modern power grids, requiring smart and
adaptive control systems to be able to follow them. This paper presents a new type of
Multi-Agent Twin Delayed Deep Deterministic Policy Gradient (MA-TD3) algorithm
framework for energy distribution and scheduling optimization. Unlike centralized
approaches, our methodology is based on a hierarchical multi-agent system in which
agents representing specific areas of the grid (i.e. microgrids, storage farms, representers
for demand response) coordinate together with a centralized critic and decentralized
actors. This design increases scalability and addresses information privacy between all
the stakeholders. The state space combines the use of multi-resolution prediction (solar
irradiance/wind speed/load), real-time system telemetry and market signals. A composite
reward function is designed to minimize Levelized Cost of Energy (LCOE) as well as
penalize deviations of the grid frequency and favour renewable curtailment avoidance.
We give full mathematical formulations of Markov game, policy networks, critic updates
and centralized training with decentralized execution paradigm. Training is done in a
high-fidelity digital twin environment based on the OpenAl gym interface with
Pandapower and CityLearn simulators. Experimental results show operational cost
improvement of 17.3% and renewable self-consumption improvement of 22.1% with
respect to state-of-the-art benchmarks such as Model Predictive Control (MPC) and
single-agent Deep Q-Network (DQN) methods and keeping voltage and frequency
stability. The proposed framework presents an effective solution for the scalable and
decentralized grid management.

© 2026 Published by Faculty of Engineering

1. INTRODUCTION

variable renewable energy (VRE) sources such as solar
photovoltaic (PV) and wind. This transition, while being

The world energy system is in a paradigm shift from a environmental_ly imperative, hgs meant that there is a
centralized energy generation system that relies on fossil level of volatility and uncertainty that has never been
fuels to a decentralized one that contains a wide array of experienced before in grid operations. Performance
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optimization and scheduling methods, such as linear
programming and heuristic rules, do not necessarily work
well in this new environment which is high dimensional
and stochastic (Varaiya et al., 2011). Consequently, there
is a great demand for autonomous systems that can learn
about optimal policies for energy distribution and
scheduling in real-time.

Reinforcement Learning (RL) has been recognized as a
candidate for such sequential decision-making problems
under uncertainty (Li, 2023). Specifically, actor-critic
algorithms of continuous action spaces such as Deep
Deterministic Policy Gradient (DDPG) and its enhanced
stable version Twin Delayed DDPG (TD3) are suitable
for the control of complex energy systems with
generators, batteries and flexible loads (Seo et al., 2024).
However, most applications assume the grid as if it is a
single, monolithic agent which is impractical for real-
world deployments where multiple stakeholders exist,
privacy concerns and scalability limitations are observed
(Zhang et al., 2018).

This paper covers this gap by introducing a new Multi-
Agent TD3 (MA-TD3) framework. Our core
contributions are:

e  One possible architecture is a hierarchical multi-
agent architecture with a common centralized
critic for the coordinated retrieval of learning,
and decentralized agents for the distributed
execution to ensure a centralized learning of
global costs but decentralized execution of local
autonomy.

e Full mathematical formulation of the Multi-
agent Markov game with formal definitions of
the state space, actions space, transition
dynamics and reward function.

e A new representation of the state that combines
the available physics-based metrics in the grid
(e.g. line loading, voltage angles), and combines
this information with the databases of
probabilistic information available for the
current and future state of the grid to construct a
global perception of the current and future state
of the grid.

e A multi-objective reward function, explicitly
balancing economic, technical and
environmental objectives, including penalty for
carbon intensity, based on real-time carbon
emission factors.

e Validation by a modular digital twin grounded
in the combination of transmission and
distribution system simulators that shows the
best performance in terms of costs reduction,
utilization of renewable energies, and stability
of power grids, in comparison to benchmark
systems.

The remaining details of this paper are organized as

follows. Section 2 performs a review of various related
work and some key research gaps relating to
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reinforcement learning-based grid scheduling. Section 3
introduces the proposed MA-TD3 framework comprising
formal multi-agent Markov game formulation, state and
action space formation, the transition dynamics as well
as the reward formulation. Section 4 provides outlines of
digital twin simulation environment configurations,
experimental configurations, benchmark comparisons
and performance analysis. Lastly, Section 5 concludes
the paper and presents directions for future researches.

2. LITERATURE REVIEW

Artificial Intelligence (Al)-based energy management
has been developed using several paradigms from
classical optimization models to complex multi-agent
reinforcement learning models. This section is a critical
review of the main methodological streams that are
relevant to grid energy scheduling and identify the
research gaps that are addressed by the proposed MA-
TD3 grid energy scheduling framework.

2.1 Traditional Optimization and Model-Based
Control Approaches

Historically, such problems of power system operation as
these, for example, of unit commitment (UC) and
economic dispatch (ED), have been described as
constrained optimization problems. Mixed-Integer
Linear Programming (MILP) is one of the most popular
formulations applied to its capabilities in dealing with
binary commitment choices and linear operations
limitations (Bacci et al., 2024).

A typical MILP based commitment formulation for unit
commitments therefore optimizes the total operational
cost over a time horizon T (Brown & Smith, 2025;
Shekeew & Venkatesh, 2023):

T
min E Z (chPys + c5*SU, . + c54SD, )
geG
t=1

1)
subject to:
dec Pyt = DVt (2
Pyomin - Uge < Pgr < Py max - Ugt VG, L (©)]
—RDy < Py — Pgi—1 < RUyVg,t 4

where P, is generator output, ug. is binary
commitment status, D, is system demand, and RU,, RD,
are ramping limits.

While MILP achieves globally optimal solutions by
assuming determination, it has problems of scalability
when the number of generators and time periods becomes
large. Furthermore, it involves precise forecasting and
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linear approximations of the dynamics of the system and
thus is not very effective in the presence of uncertainties.
An extension of model-based optimization to receding
horizon control is Model Predictive Control (MPC)
(Razmi et al., 2022). At each time step t, MPC solves:

min 37T (e e ®)

subject to:
St Xpeprrr = f (paro Uesr) (6)
9Xppo Uers) <0 (7

Although MPC can explicitly include forecasts and
constraints, its performance is very much dependent on
the fidelity of the models and the accuracy of the
predictions. In very stochastic environments where there
is renewable uncertainty MPC can be computationally
intensive and could make suboptimal receding horizon
decisions (Minh et al., 2024).

2.2 Single-Agent Reinforcement Learning in
Energy Systems

Reinforcement Learning (RL) provides a model-less way
of sequential decision-making under uncertainty model.
Early uses have been made in energy applications by
using Q-learning and Deep Q-Networks (DQN) for
discrete control problems in energy systems management
(e.g. home energy management and battery scheduling)
(Barbalho et al., 2025; Meng et al., 2024).

The Bellman optimality equation which DQN is based on
is:

Q*(s,a) = E;r p [r +y rr:lg}x Q(s’, a!)] (8)

However, DQN can be used only for discrete action
spaces making them unsuitable for continuous power
dispatch problems.

Actor-critic approaches In order to address the problem
of continuous control, and specifically Deep
Deterministic Policy Gradient (DDPG) (Seo et al., 2024)
maintains:

e Actor: my(s)

e  Critic: Qg(s,a)

The policy gradient update is:

Vs (@) = Esop [VaQB (5,@) la=ry(s) Vo (S)] 9)

DDPG has recently achieved success in microgrid
dispatch and battery energy management (Hosseini et al.,
2025; Sarmadi et al., 2025). Proximal policy optimization
(PPO) has also been used for voltage control problems
(Jeon et al., 2023).

Despite the promising results, these approaches see the
grid as a single agent, which is a centralized. Such
monolithic formulations are not that practical, for the
real-world grids, which come with multiple stakeholders,
decentralized ownership, privacy considerations, as well
as for scalability.

2.3 Multi-Agent Reinforcement Learning
(MARL)

To work with the decentralization, Multi-Agent
Reinforcement Learning (MARL) frameworks have been
proposed for the coordination of distributed energy
resource (DER).

One influential framework is called Multi-Agent DDPG
(MADDPG) (Kong et al., 2025) which uses centralized
training and decentralized execution (CTDE). Each agent
i keeps its own actor, as well as centralized critic:

Q? (s, @) (10)

where s and a = (a,, ...,ay) denote global state and
joint action.

The critic loss is:

L (gi) = E(s,a,ri,s’)~D

(Ti + YQ?‘!(S’, a) - QliGs, a)) l
(11)

In case of demand response coordination and distribution
generation dispatch, MARL has been applied (Shah et al.,
2024; Fan et al., 2023). However, many studies are based
on DDPG-based critics which are known to have
overestimation bias and unstable convergence problems.
Moreover, the techniques of MARL in power systems so
far are usually implemented at the microgrid scale,
lacking the ability to scale to a full grid-level schedule
with hierarchical agent structures (Ali et al., 2024).

2.4 Twin Delayed Deep Deterministic Policy
Gradient (TD3)

Twin Delayed DDPG (TD3) (Kumar et al.,, 2023)
contributes to the task of stability of DDPG through 3
major mechanisms:

e Clipped Double Q-learning (twin critics)

e Target policy smoothing

e Delayed policy updates

The TD3 target is computed as:
y=r+yl£r=1112Q9;((s,n¢r(s)+e) (12)
€ ~ clip(W(0,0),—c,c) (13)
By taking only the minimum of two critics TD3 takes

care of overestimation bias and helps with more stable
convergence.
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Applications in the energy systems are still restricted to a
single agent setting like HVAC (Li et al., 2024) and
integrated energy system dispatch (Wang et al., 2024).
To date, no comprehensive framework has generalized
TD3 to the scenario of cohesive, hierarchical, and multi-
agents through the grid for coordinated scheduling.

This gap is the motivation of the proposed MA-TD3
formulation.

2.5 Digital Twins and Simulation Environments
for RL Training

Safe training of RL policies in power systems High-
fidelity simulation environments are necessary for the
safe training of RL policies. A number of platforms are
available for building standardized RL interfaces to
applications in energy, including OpenAl Gym
(Brockman et al., 2016), Grid20p (Marchesini et al.,
2025), and CityLearn (Vazquez-Canteli et al., 2019).

Co-simulation  frameworks (e.g., HELICS-based
systems), that allow the combination of transmission-
level and distribution-level simulators is a possible
solution to create digital twins that are as realistic as
possible (Hardy et al., 2024; Zhang et al., 2025; Barbalho
et al.,, 2025; Meng et al., 2024). These environments
make it possible to both safety explore and practice on a
large scale as well as evaluate under a wide range of
operating environments before being exposed in the real
world.

However, there are few works of combination of multi-
agent RL with full digital twin architectures which
include electrical physics and market dynamics.

2.6 State Representation and Reward
Engineering

The representation of the state and how the reward is
designed is critically important for good RL
performance.

Based on recent research, Graph Neural Networks
(GNN) is used to consider the grid topology and space
correlation (Liang et al., 2022). Stability-oriented reward
shaping usually covers the punishment of violation of
voltage (Hossain et al., 2024) and frequency deviation
(Chen et al., 2024).

Nevertheless, most of the existing works are dominated
by economic or technical goals and environmental
considerations are not taken into account. Incorporating
the carbon intensity signals in the reward function is also
not explored much.
The current research enhances the state of the art by:
e  Combining multi resolution forecasts,
o Embedding Grid metrics based on physics,
e Including dynamic carbon pricing in the reward,
e Designing a multi-objective balancing of
signals between economic, technical and
environmental objectives.
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2.7 Summary of Research Gaps

From the above review, there are three critical gaps:

e Lack of stable MARL algorithms (e.g. TD3
based) for large-scale grid scheduling

e Limited integration between the digital twin
environments and the hierarchical multi-agent
coordination.

e Lack of sufficient consideration of
environmental goals in RL reward engineering

The proposed MA-TD3 framework solves these
deficiencies by incorporating centralized twin critics,
decentralized actors, gradient coordination mechanisms,
as well as a composite multi-objective reward in a high-
fidelity digital twin training environment.

3. PROPOSED METHODOLOGY

The overall structure of the proposed Multi-Agent TD3
framework is shown in Figure 1. The architecture is
separated into three major sections including
decentralized agents, centralized critic with training
mechanism, and grid interaction layer connecting action
to physical system response through the reward function.

On the left part several decentralized agents are
represented. Each agent represents one of the entities on
the grid e.g. microgrid controller, storage operator or
local energy management system. Every agent has its
own actor network a; which has the function to map the
local observations O; to continuous control actions.
These observations comprise internal states (e.g., state of
charge, generator status), information on grid stability,
short-term forecasts as well as market signals.
Importantly, each agent has only access to its local
observation space whenever it is executing.

The middle block represents the common global state s,
which is the aggregate of electrical quantities, the
forecast variables and the market information on a
system-wide base. The joint action vector (each
representing the contribution from a single agent,
(a4, a,, ..., a,) that is output from all the agents affects
this global state using grid dynamics.

On the right side, there are centralized training
components shown. Two critic networks Qy; and Q.
apply the idea of a twin-critic structure of TD3. These
critics take into account the joint state-action and provide
Q-value feedback. A coordination layer ; is used to
modify policy gradients to decrease the conflict between
agents during learning. All experiences (s,a,r,s") are
stored in a replay buffer D from where mini-batches are
sampled for computing TD3 updates:

y=r+y gllnz Qe;c (s’,a") (14)
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Figure 1. Architecture of the Proposed MA-TD3 Framework for Decentralized Grid Energy Scheduling

The bottom part of the figure is how agent actions (as a
reaction to grid input, demand, renewables, prices, etc.)
interact using the composite reward function. The cost,
frequency deviation and renewable utilization, carbon
impact and voltage stability are combined as the reward.
This reward is what drives learning in the centralized
training phase whereas the control output of grid control
(dispatch decisions, demand response signals, storage
actions) are affecting the physical system.

The important point highlighted in the picture is that
coordination occurs during training through centralized
critic and execution is 100% decentralized. After training
is complete each agent acts independently by use of only
local information.

3.1 System Architecture and Problem
Formulation

As shown in Figure 1, the coordinated grid scheduling
problem is formulated as a Partially Observable Markov
Game (POMG). The grid is considered as a group of
interacting decision-making entities rather than a
centralized single controlling entity. This is based on
practical deployment conditions, with generation units,
by storage operators and demand response aggregators
being operated by different stakeholders.

Let I ={1,2,..,N} represent the set of agents. Each
agent i € I has one operational unit associated with it in
the grid. Depending on the system setup, an agent can be
that of a conventional power generator, a renewable
power plant, a battery energy storage system, or a
demand response controller.

At each time steps t the environment is characterized by
a global state s, €S . However, as a result of
communication limitation and privacy factors, agent i
does not observe st directly. Instead, it gets a local
observation of = 0%(s,), where 0%(-) is an observation
mapping which extracts relevant local and shared
information.

Each agent takes as input a continuous action:

at = m;(of) (15)
The vector of joint action is given as.
a, = (a},d?,...,al) (16)
The grid changes to the next state according to:
Ste1 ~ P(Serr | Spar) 17)

A shared reward 7, is issued which is based on the
performance of the system.

During training, the critic networks receive full access to
the global state, as well as joint actions. This enables
them to learn coordinated estimates of values that
consider physical coupling using physical coupling
equations, such as power flow equations, and common
economic signals. At the execution time each agent
utilizes only local actor network and local observation.

This formulation encompasses two aspects of modern
grids that operate in actual circumstances: operational
decentralization and physical interdependence. Agents
operate independently but the action of agents are
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coupled using the system physics and market
mechanisms. The CTDE structure provides the
capabilities for the coordination without the need for
centralized control authority over the real-time operation.

3.1.1 State Space Formulation

At time step ¢, the state of the grid for the entire world is
given by:

st €S C R% (18)
where d = total state dimension.

State vector is divided down into three components:

s; = [Sflec SZOT‘-’C‘Z“’ S{narket] (19)

This separation is not accidental: electrical variables
describe the behavior of the physical system, forecast
variables are used to describe the short-term uncertainty,
market variables are descriptions of economic signals.

Electrical State Component:

The electrical aspect of the state is set out as:

sglec = {Vb,t' 0,:Vb € B} U {Ll,tVI € L} U { t%}

(20)

where:
e U, isvoltage magnitude at bus b,
e 0, isvoltage angle,
e L, isloading percentage of transmission line [,
e f; issystem frequency,
. % is rate of change of frequency.

These are variables that describe the instantaneous grid
stability and operating condition. As for this, the voltage
and line loading are the indicators of the stress in the
network, while the frequency is the expression of system
wide power imbalance.

Forecast Component:
In order to consider the uncertainty in the generation and
load demand of renewable energies, multi-step forecasts

are integrated.

For renewable sources r € R and horizon k =1, ..., K:

f t_
s/ orecast _ {.Ur,t+klt' UE,HkIt} V] {Ml,t+k|t' O’12_1:+k|t} (21)

Where,
2 .
® Uikt Oreeke  are  predicted mean and
variance of renewable,
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. ul‘ﬂmt,aﬁHkn are predicted load mean and
variance.

Including the variance as well as mean enables the policy
to have different responses in different conditions of high
or low uncertainty.

Market Component:

The market-related part of the state is:
sparket — 3, wvb € B}u {cI}U{R*!} (22)

where:
e ], is locational marginal price,
o ¢ is carbon intensity of grid imports,

e R;%is reserve requirement.

These signals link control decisions that are made with
respect to physical and economic and environmental
objectives.

3.1.2 Observation Space

Agents are not observant of the full global state. Each
agent i receives:
. _ . _ f t
of = 0'(s0) = [sEi5tar SLocar - sTsiobe]  (23)
Here,
o sftec , stores the voltages, flows or internal
states that the agent has jurisdiction of,
o s/omeci" includes forecasts that are relevant for
assets that are controlled by that agent,
o sarkel is a signal of public market signals.

This structure is true of realistic access to information:
physical data is local; market prices are global.

3.1.3 Action Space Formulation

Each agent i makes a continuous control ai € A; at each
time step. The action space is supposed to represent
physically controllable quantities of the asset represented
by that agent. Since different correspondence with
different grid components, structure of A; depends on a
type of the agent.

A. Generator Agent

For a conventional generator agent controlling units g €
G;, the action is active and reactive power setpoints:

at = [Pyr Qg (24)

Here, Py, controls energy dispatching and economic cost
whereas Q4. impacts on the voltage regulation and
reactive power balancing can be mentioned.
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The action is constrained by:

Pg,min < Pg,t < Pg,max (25)
Qg,min(Pg,t) < Qg,t < Qg,max(Pg,t) (26)
—RDy < Py, — Py 1 < RU, (27)

The ramping constraint is provided in order to make the
dynamics of generators realistic; sharp changes in output
cannot be permitted. Reactive power limits are normally
dependent to the active power because of generator
capacity curves.

B. Storage Agent

For a battery storage agent controlling systems b € B;,
then action:

a; = [Pt PY] (28)

where charging and discharging powers are individually
controlled.

Physical constraints are:

0 < Pl < Pghax (29)
0 <P < Pl (30)
Pt - P = (31)

The last condition, the simultaneous charging and
discharging cannot be done.

The state of charge is changing according to:
SOCyr41 = SOC,, +nstPERAL — n% At (32)
b
With
SOCymin < S0C,; < SOCy max (33)
This is a dynamic relating of present action into future
feasibility so that the inherently sequential nature of the
problem is based in action.
C. Renewable Agent
D.
For renewable sources r € R;, the action is given by:
ai = [Pgyrt (34)
With

0 < Pfy"t < ppyet (35)

Available renewable generation is not controlled by the
agent, but only the decision to curtail how much is made.

This is in line with operation practice in grid-connected
renewable plants.

E. Demand Response Agent

For flexible loads f € F;, the action is reduction of load:

a; = [Pf¢¢ (36)

subject to:
0 < Plg? < Plnis (37)
th;_;’d At < Efotal (39)

The energy budget constraint is used to ensure that load
reduction over time does not exceed contractual limits to
flexibility.

The joint system action is:

a, = (a},d?, ...,al) (39)

This joint vector gives the physical position of operation
for the grid at time t.

3.2 Transition Dynamics
The rule of the state transition takes this form:

See1 ~ P(Ses1 | Sty ar) (40)
Here, P is not some abstract stochastic model, it depends
on the grids physics, the operation incredible along with
the unlock of uncertainty with renewable power
generating. In this transition the following are involved
(i) nonlinear equations of AC power flow, (ii) generator

commitment logic and (iii) stochastic evolution of
renewable.

3.2.1 Power Flow Equations

For each bus b, the equations for AC power flow have to
be obeyed:

For bus b:

Pbllréj = Vb,t Z ) BVj't (Gb] CoSs gbj,t + Bb] sin gbj,t)
jE
(41)
ll:'lt] = Vb,t z ) BVj't (Gb] sin Bbj‘t - Bb] CoSs gbj,t)
J€E
(42)
Where 0, =0,,—0;,, and G,; , B,; are the

conductance and susceptance of the line between buses b
and j.
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The injected active power at bus b is the net effect of all
the controllable and uncontrollable elements connected
to bus b:

Py = gecy Por + Zrer, (PEPH — PEIT) +
Toesa (PS5 - (Pl =) pyst) @
fEFp
On a similar line the reactive injection is:
inj _
bt — ZgEGb Qg,t - QllJ(,)tad (44)

These equations are those that force the physical coupling
between agents. As an example, a change in dispatch is
made at one bus, voltages and flows change throughout
the network. Therefore, even if policies are decentralized
in nature, the impact is system wide in nature.

3.2.2 Generator Dynamics

In the case of conventional generators, the commitment
status u, € {0,1} will be part of a solution of a system
of minimum up/down time constraints:

Uge — Uge1 < Ug,VT E [t+ 1,min(t + T, —1,T)]
(45)

Ugr—g —Uge <1 —ug, VT
€ [t + 1, min(¢ + Tdov™ — 1,T)]
(46)

where T, and T*™ are minimum up and down times.
These are requirements that do not allow unrealistic
increased  frequently  switching of generators.
Commitment decisions therefore affect several future
time steps and cause temporal coupling in the learning
problem.

3.2.3 Renewable Generation Evolution
Available renewable power evolves as:

PR = (PR, we) + vr (47)
Here, f,-(-) is some nonlinear mapping that is driven by
some weather variables f.(-) (e.g., irradiance, wind

speed) and where v, . is stochastic noise.

This formulation captures both predictable trends in
weather patterns and short-term variability.

3.3 Multi-Agent TD3 Algorithm

The learning framework builds upon TD3 to the many
agent setting given centralized training.
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3.3.1 Network Architecture
For each agent i, we maintain:
e  Actor network
T 0 = Al (48)

e Target actor
! (49)

One centralized twin critic is used:

Qp,, Vg, (50)

Each of the critics represents the global state and joint
action by a scalar value:

QoS XA >R (51)
Target critics Qo1 Qgé are maintained for stability.
3.3.2 Replay Buffer
Transitions are stored in replay buffer D:
(St: e, Tts St+1, {05}{\;1' {0£+1}§V=1 (52)

The replay buffer breaks the correlation among time and
improves the sample efficiency.

3.3.3 Critic Update
For each critic k € {1,2}, we minimize:
2
L(Hk) = IE(S,a,T,S',{o'i})~D [(y - ng (S, a)) ] (53)

The TD3 target is:

y=r+)/I£I=111f12Q9;{(S.a) (54)

where:
't = T[d)l{(O”:) + €t (59)
et ~ clip(W(0,07), —c;, ¢;) (56)

Noise smoothing helps to decrease overestimation and
fix the value updates.

3.3.4 Actor Update

Each actor is updated to maximize the centralized value
which is the critic:

Ve (i)
= ]ESND’OL'ND [Vangl (s, at,...,a") |ai:n¢i(oi) V¢L.7r¢i(0i)]
(57)
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During this update the actions of other agents are
considered fixed from the sampled transition.

3.3.5 Target Network Updates

Networks of the target are updated by Polyak averages:
Op <10, + (1 —1)0;, fork =12 (58)
o —1p; + (1 —1)¢p; fori=1,..,N (59)

Updates are lagged behind critic updates, as is TD3.

3.3.6 Gradient Coordination Layer

As all agents are sharing a global reward, conflicting

gradients from them can occur early in the training. In

order to decrease the destructive interference, the raw
gradient is projected:

Ve J (00

B Vg J(Pi) - V¢,~](¢j)
= Vs J($:) — Z#i M V¢j](¢j) 2 V¢j](¢j)

(60)

This eliminates components that are directly opposed to
the direction of update of other agents, which enhances
cooperative convergence.

Theoretical Justification: A multi-agent system with a
multi-agent global reward will have each agent i
optimizing the same objective J(¢q,...,Pn)

Nonetheless since the centralized critic Qq, (s, a’, ..., a")
is sensitive to the joint action, the gradient V J of agent
i may interfere with the agent j, i.e., the dot product
V¢i]‘V¢j]<0. Conflicting updates may result in

destructive interference and slows convergence, resulting
in unstable learning (notably in Figure 3 Independent
TD3). Gradient coordination layer The proposed gradient
coordination layer overcomes this by shifting each agent
gradient to the normal plane of conflicting agent gradient
as in Eq. (60).

When the gradients are conflicting (dot product negative)
the projection operation is used. This keeps elements of
V,J orthogonal to the conflicting directions, so that each
agent can make cooperating updates while maintaining
the individual learning signal of each agent.

Table 1 presents the comparative overview of the existing
multi-agent coordination and gradient conflict mitigation
methods.

In contrast to PCGrad (that supports many tasks or, more
precisely, agents) our approach hosts many independent
agents with a central critic. The update in Eq. (60)
guarantees that the update of any agent does not conflict
directly with another, which is essential in convergence

in grid scheduling when the physical limits of agents
(generators, storage, demand response) are coupled.
Ablation studies confirm the empirical contribution
(Table 3) with the removal of this layer raising the total
cost by 10.3% and renewable curtailment by 43.7%.

Table 1. Comparison with Existing Methods

Method Conflict Mitigation Limitation
MADDPG None (independent Prone to non-
(Kong et al., updates) stationarity and
2025) conflict
PCGrad (Yu Projects gradien_t onto Des_igned for
normal of conflicting multi-task, not
etal., 2020) . .
gradients multi-agent
Requires sign
GradDrop _— alignment, less
(Chen et al., D_rops conflicting suited for
2024) sign components continuous
control
Projects per-agent Tailored for
Proposed gradients to resolve cooperative
MA-TD3 conflicts specifically MARL with
in CTDE setting shared reward

3.4 Composite Reward Function

The global reward is defined as:

R, = wyRE™ + wyRI™% + wsRPe™ + w, RgTPO"
+ wgRYOU
(61)

Weights satisfy:

Yhoawg =1 (62)
It is a balancing act between operational cost, stability of
the system, use of renewable resource, emission, and

voltage regulation.

Economic Term: The economic reward which penalizes
operational cost:

Rge™ = —¢ ;P (63)
where:
CP = ) PPyt + ) (c54SUp, +c34SD,)
gEeG gEeG
£ Ay B A
bEB
(64)

Where, Plf,'fp(’” is power imported from the bulk grid at
bus b, and where, 4, is the locational marginal price.

Frequency Term: The reward for nominal frequency (50

Hz or 60 Hz - deviation from this frequency) is penalized
and is given by the frequency reward:

RI™ = | Afy 1=~ f; = faom | (65)
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Renewable Utilization Term: The renewable reward for
the use of available renewable energy instead of
curtailing it:

avail _pcurt
Z-regz(Pr,t _Pr,t )

Pavail+€
ZTER nt

where € is a small constant so that there is no division by
Zero.

ren —
Rt -

(66)

Carbon Term: The carbon reward penalizes emissions
that are proportional to the carbon intensity of the grid.

Rfarbon — —Cfrid . Zb BPbiTport At (67)
€

where ¢?* is the carbon intensity of grid-supplied

power (kg CO, per MWh)

Voltage Term: The voltage reward is used to penalize the
deviation from nominal voltage:

R?olt = _ZbEB IVb,t — Vaom | (68)

where V., is the nominal voltage magnitude (typically
1.0 per unit).

3.5 Training Algorithm

Training proceeds as follows:
1. Initialize actor and critic networks along with
target networks.
2. Initialize replay buffer.
3. For each episode:
o Reset environment.
o For each time step:
e Select actions with exploration
noise.
Execute joint action.
Observe reward and next state.
Store transition.
Update critics.
Every fixed delay:
= Update actors.
= Apply gradient coordination.
= Update target networks.

This has finished one iteration of training.
4. RESULTS AND DISCUSSION
4.1 Simulation Architecture

A modular simulation environment which is built using:
1. Transmission Level: Power flow equations
solved at every time step Pandapower simulator

for AC optimal power flow.
2. Distribution and Building Level: CityLearn
simulator For detailed demand response and
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thermal dynamics, building level energy
consumption and flexible loads Modeling.
3. Renewable Generation Models: Historic
weather data based stochastic models for solar
PV generation and wind generation:
PV = Psre e [1+ B(T, — Tsre)] (69)

) Gi‘TC
PYind = ~pAC, (4, f)v3 (70)
4. Interface: Custom OpenAl Gym wrapper
which does the coordination between the
simulators, steps the environment and computes
the global reward.

4.2 Test System

The test system, a modified distribution system in the
form of an IEEE 33-bus integrated with three 30-bus
transmission areas contains:
e 5solar farms (Total capacity - 150MW)
e 2 wind farms (total capacity: 100 MW)
e 4 battery energy storage systems (Storm:
80MWh, Power rating: 40MW)
e 3 conventional power stations (2 gas, 1 coal;
300MW capacity)
e 20 flexible loads with demand response
capability (Total flexible capacity: 50MW)

4.3 Benchmark Algorithms

We compare MA-TD3 against:

1. Centralized MPC with perfect foresight:
Solves 24 survey (predicted) horizon
optimization at each step with perfect
knowledge of future renewable generation and
load.

2. Single-Agent DDPG: A single agent has a
controller of all the resources in which case;
action space has the dimension equal to sum all
the individual action dimensions.

3. Independent TD3 learners: Each agent uses
TD3 to learn independently (no centralized
critic), with each agent having its very own
critic (based on local observations).

4.4 Evaluation Metrics

Description of performance is based on:

e Total Operational Cost ($M): Total of
generation costs, Startup / Shutdown costs, Grid
imports over the evaluation period.

¢ Renewable Curtailment Rate (%): Percentage
of available renewable energy that is curtailed.

e Average Frequency Deviation (Hz): Mean
absolute deviation for deviation from nominal
frequency.

e Voltage Stability Index (VSI): Minimum
singular value of power flow Jacobian which
indicates proximity of voltage collapse:

VSI, = Gmin(]PF(St)) (71)
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e Carbon Emissions (tons CO2): Total CO;
emissions from traditional generation and
import from grid.

4.5 Experimental Setup

Training was done in 10,000 episodes of each 24 hours
of the day with 5 minutes time steps (288 steps per
episode). Hyperparameters were optimized using the
Bayesian optimization method:

Actor learning rate: 3 x 107

Critic learning rate: 1 x 1073

Discount factor: y = 0.99

Polyak averaging parameter: 7 = 0.005

Target policy noise: ¢ = 0.1

Noise clipping parameter: ¢ = 0.3

Policy delay: 2

Replay buffer size: 10°

Batch size: 256

Reward weights: w; = 0.4, w, = 0.15, wy =
0.2, w, = 0.15, ws = 0.1.

4.5.1 Implementation and Reproducibility Details

In order to make the proposed MA-TD3 framework
completely reproducible, the following subsection
presents the implementation specifications, neural
network  structures, training  algorithms,  and
computational resources, convergence parameters,
integration of the simulator, and hyperparameter
optimization process of MATLAB R2023b.

Neural Network Architecture:

The actor network s, of each agent is then performed
with MATLAB Deep Learning Toolbox as a feedforward
network with two hidden layers of 256 and 128 neurons
respectively and then a ReLU layer. At the output layer,
atanh layer is used and scaled to the action limits specific
to the action (e.g., power setpoints, curtailment ratios).
Qo,, Qp, are centralized twin critics, with three 512, 256,
128 neuron ReLU hidden layers, where the global state
concatenated into a state variable (dimension d; = 187)
and the joint action (dimension d, = 42) are used as
inputs. After every hidden layer, there is layer
normalization that is performed using
layerNormalizationLayerfunction. Any networks are
constructed with usefulConnectedLayer, reluLayer and
tanhLayer™ (when they are used as an actor output).

Training Procedure and Convergence Settings

Training based on the CTDE paradigm and replay buffer
as a circular buffer of size 10° based on
rIReplayMemory object of Matlab. Each timestep a joint
action is performed with exploration noise sampled by
normrnd(0, 0.1) truncated at +0.3. Actors and target
networks are updated once every 2 timesteps (policy
delay) and the twin critics are updated once every
timestep (adamupdate). Convergence can be described as
an attainment of a moving average episodic reward at a

standard deviation of less than 2% in 200 consecutive
episodes. The termination of training is based on a
reached convergence or 10,000 episodes, which is later.
Early termination is used when there is no increase in
rewards at inception of 1,500 episodes.

Computational Resources

Each of the experiments was run on an Intel Core i9-
13900K processor (24 cores) with 64 GB of RAM and
NVIDIA RTX 4090 (24GB VRAM) graphics card.
Environment simulations were parallelized using
MATLAB parallel computing toolbox with 8 workers.
To train 10,000 episodes (block 288 timesteps) it took
about 38 hours.

Simulator Integration Details

The digital twin context is fully provided in MATLAB
with custom scripts and Simulink to make the power
system dynamic. The AC power flow of transmission
level is determined at the time step by executing
MATLAB powerSystem object and pf of powerflow(ps,
p.u. Newton Raphson) with a convergence tolerance of
10~8p.u.). The building demand response models and
distribution-level are modeled as discrete-time state-
space systems in MATLAB. Renewable generation is
drawn using a set of precomputed profiles on past
weather data (NREL NSRDB and Wind Toolkit) with
some Gaussian noise (¢ = 0.05 p.u.) with normrnd. The
global state is formed by taking sums of bus voltages with
angles and magnitude, the loading of lines, frequency and
RoCoF, forecast vectors (persistence model with
ARIMA residuals with the use of MATLAB arima class),
and market signals. The environment is based on the
rIFunctionEnv interface of the MATLAB Reinforcement
Learning Toolbox by which it can be easily combined
with standard RL agents.

Hyperparameter Tuning Process
Bayesian optimization hyperparameters were optimized
with bayesopt through the MATLAB bayesopt function
in 200 runs. The search space consisted of:

e Actor learning rate: [10~* 1073] (log scale)

e Critic learning rate: [5x 107%,5 x 1073] (log
scale)
Discount factor y: [0.95 0.999]
Polyak 7: [0.001 0.01]
Target policy noise o: [0.05' 0.2]
Batch size: [64-512] (integer)

The objective task was the mean episodic reward of a
validation set of 200 episodes. The best trial is
represented by the last hyperparameters listed in Section
4.5. On training and evaluation, all random seeds were
fixed with rng(42, 'twister’).

4.6 Performance Analysis

The proposed MA-TD3 framework was able to
outperform all of the benchmarks throughout a simulated
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30-day testing period. The quantitative results are given
in Table 2.

Table 2. Performance Comparison across Methods

. Independent | Proposed
Metric MPC | DDPG D3 MA-TD3
Total Cost [4.21+| 435+
(M$) 018 | 025 412 +0.21 [3.48+0.15
Renewable
Curtailment | 222%| 1872 155104 | 71413
2.1 3.2
(%)
0.032
+ +
/B\g%naFtrug?\u(eS;)y * 060336_ 0.035 +0.005 Oboggs_
0.004 ' ’
0.89%| 082+
Worst-case VSI 003 0.05 0.87+0.04 [0.92+0.02
Carbon
Emissions (tons 285+ 312+ 268 + 24 198 + 18
22 28
CO»)

4.6.1 Cost and Efficiency Analysis

MA-TD3 was 17.3% less expensive than MPC ($3.48M
vs. $4.21M). This improvement stems from:

1. Non-myopic storage arbitrage: MA-TD3
learned to charge batteries at times of low prices
(usually high renewable generation) and
discharge at peak times reaching a higher profit
level than MPC's receding horizon approach.

2. Peak demand reduction: The framework was
a combination of coordinated demand response
as well as storage dispatch, which reduced peak
grid imports by 23.5% and the resulting the
demand charges.

3. Startup cost optimization: MA-TD3 learned to
keep conventional generators offline during
times where there is enough renewable
generation, avoiding startup costs MPC incurred
due to having a shorter planning horizon.

4.6.2 Renewable Utilization

The increase in the renewable utilization that is 22.1%
(7.1% curtailment versus 15.2% for MPC) are the direct
effect of the penalty for curtailment included in the
reward function. MA-TD3 learned to:
e Store instead of curtailing excess renewable
energy in batteries
e Shiftable loads (flexible loads are loads that can
be moved to other times of the day) to a time
when renewable generation is high
e Reduce conventional generation when
renewables are abundant.

Figure 2 illustrates the renewable utilization in the course
of one sample week and shows the ability of MA-TD3 to
utilize almost all available renewable energy output
during the peak production times.
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Renewable Utilization Comparison Over a Sample Week
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Figure 2. Comparison of Available and Utilized
Renewable Power Over a Sample Week for MPC and
MA-TD3

4.6.3 Grid Stability

MA-TD3 was able to have better frequency and voltage
stability even with a higher level of renewable
penetration. The algorithm made proactive use of battery
energy storage systems for frequency regulation (12.5%
less average frequency deviation versus MPC).

The centralized critic allowed the agents to coordinate the
reactive power support across the grid. When one of the
agent’s voltage dropped, other agents increased the
reactive power injection so that the value of the worst-
case Voltage Stability Index grew from 0.89 (MPC) to
0.92.

4.6.4 Learning and Convergence

Figure 3 shows the learning curves of MA-TD3,
Independent TD3 and single agent DDPG. MA-TD3
showed:

e Faster convergence: Achieved 90% of final
performance at episode 2,800 v. 4,200 for
Independent TD3

e Lower variance: Reward standard deviation
during final 1,000 episodes was 0.21 for MA-
TD3 vs. 0.35 for Independent TD3.

e More stable learning: No catastrophic
forgetting or performance collapses observed.

Learning Curves, Convergence Speed, and Stability Comparison

Normalized Cumulative Reward

0.2 : : — MATD3
H H Independent TD3
H H —— Single-Agent DDPG
0.0 : : —— MA-TD3 (No Coordination)
T T T T T T
o 2000 4000 6000 8000 10000

Episodes

Figure 3. Convergence and Stability Analysis of MA-
TD3 and Benchmark Methods
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The use of the gradient coordination layer was critical to
the stable multi-agent learning. Without this, agents
sometimes took on conflicting goals so that the
performance would sometimes plateau for hundreds of
episodes.

4.7 Ablation Studies
We performed ablation studies to separate out the
contribution of each of the algorithmic parts as show in

Table 3.

Table 3. Ablation Study Results

Confiauration Total Renewable
g Cost (M$) Curtailment
Full MA-TD3 3.48 7.1%
Without carbon reward 3.62 8.3%
Without gradient o
coordination 3.84 10.2%
Without target policy o
smoothing 3.71 9.4%
Single centralized critic 0
(per-agent) 3.67 8.9%

Removing the carbon intensity term from the reward led
to a 18% larger grid imports during high carbon periods
which validates the efficiency of making operational
decisions with environmental outcomes.

Disabling the gradient coordination layer caused extra
modelling time, almost 40%, and an occasional lack of a
good local minimum where the agents competed for
access to restricted resources instead of cooperating.

4.8 Robustness Analysis

To predict policy error, we evaluated the policy
robustness by adding noise to renewable and load
forecast during the evaluation.

Table 4. Robustness to Forecast Errors (10% noise)

Method Cost Increase Curtailment
(%) Increase
MPC 123 185%
DDPG 15.7 22 1%
Independent
TD3 9.8 14.2%
MA-TD3 6.2 9.7%

In Table 4, MA-TD3 had the least amount of
performance degradation, which shows that the learned
policy is good at adapting to the uncertainty. The
centralized critic that is trained on diverse experiences
with different forecast realizations has learned good
predictions of Q-value, and can guide the actors to make
good actions over a wide range of possible futures.

4.9 Limitations, Computational Complexity,
Scalability, and Deployment Issues

Computational Complexity: Training MA-TD3 for
10,000 episodes (each 288 steps) took 38 hours on an

Intel 19-13900K CPU with RTX 4090 GPU. But it can be
run very quickly - the choice of every agent requires less
than 5 milliseconds, fast enough to implement 5-minute
grid control steps.

Scalability: The framework can accommodate up to 20
agents. In addition to that, centralized critic presents a
bottle-neck since it absorbs all actions of agents as input.
In bigger grids we may have an agent hierarchical group
(e.g. a critic per zone).

Key Limitations:

e Inaccurate renewable forecasts lead to a drop in
performance (see Table 4).

e Reward weights should be tuned manually; the
incorrect values can lead to unstable learning.

e Training (e.g., overvoltage) of the policy may
exceed grid safety limits. Safe RL is needed.

Practical Deployment Challenges:

e Simulation vs. real world: It is not possible to
model everything in a digital twin. Transfer
learning (future work) is needed.

e Communication: Centralized training is based
on the assumption that no data is lost; real
deployment may be slowed down or lose some
data.

e Operator trust: Operator trust in black-box Al
might be unfounded. Explainable Al (future
work) is essential.

5. CONCLUSION

This paper introduced a novel Multi-Agent Twin
Delayed Deep Deterministic Policy Gradient (MA-TD3)
framework for the energy distribution and scheduling
optimization in complex renewable-rich power grids. We
have presented complete mathematical formulations of
the multi-agent Markov game, including strict
mathematical formulations of the state space, action
space, transition dynamics and composite reward
function. The framework is a combination of the
hierarchical multi-agent architecture and a shared
centralized critic for coordinated learning and
decentralized actors to execute the learning in a
distributed fashion to achieve both global cost
optimization and local autonomy.

Key contributions include:

1. A mathematical description of the scheduling
problem from the point of view of the grid as a
partially observable Markov game scenario with
N agents with detailed state and action space
description for different types of agents
(generators, storage, renewable, demand
response).

2. Extension of TD3 algorithm to multi-agent
dynamics including centralized training and
decentralized execution with twin critics, target
policy smoothing and delayed policy update for
stable learning.
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3. A new gradient coordination layer that
addresses agent conflict at the early training
stage by projecting on conflicting part of
gradient.

4. A composite reward function in which there are
five  functions  (economical, frequency,
renewable utilization, carbon, voltage) to
balance the multiple objectives.

5. Validation in a high-fidelity digital twin
environment based on Pandapower and
CityLearn simulators.

Results show that MA-TD3 puts 17.3% cost into
operation 22.1% renewable self-consumption with
regards to MPC benchmarks, all the while keeping
superior voltage and frequency security and stability.
Ablation Studies Confirm Contribution of Component
Algorithm Effects of Forecasting Uncertainty Analysis is
also conducted on the policies to demonstrate how MA-
TD3 policies behave gracefully.

A number of directions for future research are apparent
from this work:

1. Safe Reinforcement Learning: Incorporate
formal verification techniques and safety levels
to make sure policies do not violate essential
constraints of operations (e.g. voltage limits,
thermal limits, etc.)

2. Federated Learning for Privacy: Implement a
Federated Learning Version of the training
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