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ABSTRACT To enhance power grid adaptability amid rising renewable energy integration, this paper
proposes M3-PPO, a meta-reinforcement learning algorithm that enables efficient the strategy transfer
and rapid adaptation across tasks with varying energy mixes. Built upon a base framework (M-PPO) that
integrates PPO and MAML, M3-PPO introduces two key innovations to overcome MAML’s training
instability: a Mamba-based context encoder for richer task representation in the inner loop, and a
global-local momentum update mechanism for smoother meta-parameter optimization in the outer loop.
Experiments on the Grid20p platform demonstrate that M3-PPO significantly outperforms baseline
algorithms in generalization and scheduling efficiency, achieving robust performance even when simulating
complex energy environments. The approach is particularly suitable for integration with antenna-enabled
smart grid monitoring, wireless data acquisition, and edge-computing platforms, providing an engineering-
oriented solution for adaptive, real-time, and robust power grid scheduling in modern renewable-rich
energy systems.

INDEX TERMS power grid scheduling, transfer reinforcement learning, M3-PPO, wireless smart grid

I. INTRODUCTION
HE stable control of the power grid, a critical in-
frastructure, is of utmost importance. Traditional grid
control relies on manual operations based on standard pro-
cedures and historical experience, which often struggle to
accommodate the sudden, high-magnitude load fluctuations
frequently imposed by major industries. Driven by the
pursuit of the “dual-carbon goal”, the increasing proportion
of renewable energy has intensified volatility on both the
source and load sides, making it difficult for traditional grid
control methods to cope. Therefore, there is an urgent need
to develop automated grid control methods that can adapt
to the dynamic characteristics of renewable energy.
Research on automated power grid control can be mainly
divided into two categories: model-based and model-free
methods. Model-based methods transform the automated
power grid control problem into a mathematically con-
strained optimization problem by constructing a mathemati-
cal model of the operation of the power system [1,2], and the
model is then solved using optimization techniques such as
dynamic programming and linear programming. Although
having a solid theoretical foundation, model-based methods
often face limitations such as severe dependence on domain
expertise and poor scalability in practical applications [3],
thus prompting researchers to turn to explore model-free
methods [4]. Model-free methods (such as methods based
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on cybernetics or reinforcement learning) do not rely on
accurate mathematical models, but learn power grid control
decisions from historical power grid control data in a data-
driven manner, and thus have received extensive attention
in the field of power grid control tasks. Among them, rein-
forcement learning methods combined with deep learning
techniques can effectively handle high-dimensional state
spaces and complex system dynamics, and autonomously
learn and optimize strategy by interacting with the simula-
tion environment and in a trial-and-error manner [5].
Reinforcement learning has currently shown great poten-
tial in automated grid control tasks such as power grid
energy management [6], voltage control [7], and power
system emergency control [8]. Related research mainly
focuses on how to optimize the control strategy of different
tasks through the reinforcement learning framework, so as
to improve control performance, exploration efficiency, and
real-time response ability. Although reinforcement learning
has shown excellent potential for automated grid control,
as the grid’s energy composition evolves toward higher
proportions of renewables, a strategy trained on one specific
mix lacks generalization ability for different, albeit related,
tasks. Consequently, these strategies struggle to handle new
control tasks that emerge as the grid environment evolves
into new states with differing energy mixes. To overcome
this limitation and endow RL agents with the necessary
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generalization capability, it is imperative to enable the
effective transfer of common decision-making knowledge
from multiple historical tasks. This capability guides agents
to efficiently explore and rapidly adapt to new tasks. Figure
1 shows the knowledge transfer and few-shot rapid adap-
tation tasks of grid scheduling strategy in different energy
combination environments.

By enabling knowledge transfer across tasks, meta-
reinforcement learning has established itself as an important
approach for enhancing RL adaptability, showing consider-
able promise in grid control applications [8-10]. This paper
focuses on the problem of cross-task transfer and rapid
adaptation of strategy in automated grid control, and pro-
poses a meta-reinforcement learning method that combines
context enhancement and momentum update mechanisms
to improve the adaptation efficiency and training stability of
strategy in new tasks. This method is based on the Proximal
Policy Optimization algorithm (PPO) and combines the
model-agnostic meta-learning method (MAML), and is built
on the M-PPO framework to inherit the advantages of both
in policy optimization and rapid adaptation. Aiming at the
problem that the double-layer optimization framework of
MAML often leads to unstable training due to higher-order
differentiation, we innovate from two aspects of inner and
outer layer optimization: in the inner layer optimization,
inspired by the context-based meta-reinforcement learning
method, by introducing a context encoder to enhance the
ability to express task context features, it not only improves
the exploration and adaptation efficiency of the algorithm
for new tasks, but also enhances the consistency of the inner
layer weight adjustment direction and reduces the gradient
volatility; in the outer layer optimization, inspired by the
exponential moving average (EMA) mechanism (such as
Adam [11]), a global-local momentum update mechanism
is designed to smooth the meta-parameter update process,
thereby improving the stability of meta-gradient updates
and making the meta-gradient estimation more accurate and
reliable.

Our main contributions include the following three as-
pects:

1. A novel M3-PPO algorithm for transferable grid
scheduling.

We develop a meta-reinforcement learning architecture,
termed M3-PPO, built upon PPO and MAML. A global-
local momentum update mechanism is introduced to miti-
gate the training instability inherent in MAML. By trans-
ferring scheduling knowledge across power grid environ-
ments with different energy compositions, M3-PPO enables
efficient exploration and rapid policy adaptation in unseen
tasks, thereby significantly enhancing generalization perfor-
mance.

2. A Mamba-based context encoder for enhanced task
representation.

To address the limitations of conventional sequence mod-
eling methods in capturing complex task contexts, the
Mamba model [12] is employed as the context encoder.
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Leveraging its long-range dependency modeling capability,
the proposed approach strengthens task feature extraction
and representation, thereby improving the agent’s adaptabil-
ity to related new tasks and enhancing the consistency of
inner-loop policy updates.

3. Comprehensive validation of performance superiority
in grid scheduling tasks.

Extensive experiments conducted on the Grid20p sim-
ulation platform using the L2RPN public dataset demon-
strate that M3-PPO consistently outperforms benchmark
algorithms across multiple power grid scheduling scenarios.
In environments characterized by complex energy structures,
the proposed method achieves faster adaptation and more
stable policy performance, confirming its practical effective-
ness.

Il. RELATED WORKS

A. MODEL-BASED AUTOMATED POWER GRID
CONTROL METHODS

Model-based automated power grid control methods rely on
accurate mathematical modeling of power grid operation,
transforming complex power grid control problems into con-
strained optimization problems. Sridhar [1] et al. proposed
a model-based anomaly detection and attack mitigation
algorithm to enhance the resilience of power systems against
cyberattacks. Li et al. [2] constructed a cyber-physical model
for the LFC system and proposed a GAN-based FDIA
detection and defense mechanism to improve the ability
of power systems to cope with false data injection attacks.
Although model-based methods provide a solid foundation
for power grid control in theory and methodology, their
limitations in highly complex and dynamically changing
scenarios are prompting researchers to seek integration with
data-driven methods, such as combining deep reinforcement
learning techniques to alleviate modeling dependence and
improve adaptability.

B. REINFORCEMENT LEARNING-BASED AUTOMATED
POWER GRID CONTROL METHODS

In recent years, with the continuous improvement of the
intelligence level of power grids, reinforcement learning has
shown broad application prospects in the field of power grid
control, covering multiple key directions such as energy
management [6], voltage regulation [7], and emergency
control [13]. Samadi et al. [6] proposed a multi-agent dis-
tributed energy management method based on reinforcement
learning to optimize the behavior and operating costs of
distributed energy. Duan et al. [7] proposed an autonomous
voltage control framework “Grid Mind” based on deep
reinforcement learning, combining DQN and DDPG algo-
rithms to achieve fast response and timely control actions.
Chen et al. [13] proposed a model-free emergency control
method based on reinforcement learning, combining multi-Q
learning and DDPG algorithms to handle limited scenarios
and general multi-scenario emergency control respectively,
and prevent the power system from collapsing.
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FIGURE 1. Schematic diagram of cross-task knowledge transfer and rapid adaptation of power grid scheduling strategy

In addition, the application of reinforcement learning in
fields such as frequency regulation [14] and power grid
scheduling [15] has further broadened its application scenar-
ios in power grid control. Meanwhile, competition platforms
such as L2RPN [16] and CityLearn [17] have also promoted
the practical application research of reinforcement learning
control methods by focusing on specific issues such as
robustness, adaptability, and microgrid energy coordination.
Although reinforcement learning has demonstrated excellent
performance in the field of power grid control, it still faces
many challenges in practical applications, especially deep
reinforcement learning models often struggle to adapt to
complex scenarios outside the training environment due to
overfitting and lack of generalization ability [18]. Therefore,
how to use prior knowledge to improve model adaptability
has become one of the important directions in the field of
power grid control [19]. In this context, meta-reinforcement
learning provides a new idea for solving the generalization
problem by learning strategy to quickly adapt to new tasks
in the meta-training stage.

C. META-REINFORCEMENT LEARNING-BASED
AUTOMATED POWER GRID CONTROL METHODS
Meta-reinforcement learning aims to improve the cross-
task adaptation ability of reinforcement learning models and
has been widely studied in multiple fields in recent years.
Its core idea is to learn the initial parameters or context
generation mechanism of the model through the meta-
training stage, enabling it to quickly adapt to similar new
tasks and thus enhancing the generalization performance.
Existing meta-reinforcement learning methods are mainly
divided into two categories: context-based methods [20] and
gradient-based methods [21]. In fact, the excellent cross-
task adaptation ability of meta-reinforcement learning has
been demonstrated in many fields [22-24]. For example,
in the field of robot control, Belmonte-Baeza et al. [22]
proposed a design optimization framework based on meta-
reinforcement learning, and its application to the optimizing
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kinematics and actuator parameters of quadrupedal robots.
By training a locomotion policy that can quickly adapt to
different designs, it is possible to control robots of different
designs to track random velocity commands over various
rough terrains. In the field of autonomous driving, Ye et al.
[23] proposed an adaptive lane-changing strategy based on
meta-reinforcement learning. By integrating deep reinforce-
ment learning and the MAML framework, it achieved the
rapid adaptation and safe decision-making of autonomous
vehicles in different traffic conditions and dynamic envi-
ronments, thus significantly enhancing the decision-making
generalization ability and safety in complex driving sce-
narios. The above research shows the effectiveness and
universality of meta-reinforcement learning in improving the
generalization and adaptability of models.

The successful experiences of meta-reinforcement learn-
ing in multiple fields provide a reference for its application
in other complex scenarios. Especially in power grid control
tasks, its cross-task adaptation ability shows great potential,
and many innovative studies have emerged. For example,
Huang et al. [8] proposed a deep meta-reinforcement learn-
ing algorithm for training power system emergency control
policies against voltage stability problems and fast adapting
them to unseen operation conditions and/or contingency
scenarios. Xiong et al. [9] proposed a Meta-RL-based trans-
ferable scheduling strategy for Home Energy Management
Systems, which is designed to maintain performance across
seasons and user types while reducing energy costs with
less training data and time. Jakobeit et al. [10] proposed
a control method based on meta-reinforcement learning for
cross-task current control of permanent magnet synchronous
motors. Through meta-learning, it achieved rapid adaptation
to motors with different power ratings and significantly
improved the generality and transfer ability of the control
policy. These studies together show that meta-reinforcement
learning provides an innovative solution to the adaptation
problem in complex dynamic power system scenarios.
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Ill. PROBLEM FORMULATION

This section begins by detailing the power grid under study,
including its basic configuration and operational principles.
Subsequently, we elaborate on how to model the power grid
scheduling problem as a Markov decision process (MDP).

A. POWER GRID OPTIMIZATION SCHEDULING MODEL
1. Basic Structure of the Power Grid

As shown in Figure 2, the power grid usually consists of
the following key components: the generators g € G, the
loads ¢ € C, the substations s € S, and the transmission
lines I € L. The output power of a generator is defined
as active power Pg € Pg and reactive power Qg € Qg,
while the load demand is similarly defined by P € P and
Q¢ € Q¢. The power flow on a transmission line is defined
as active power P;; € P and reactive power @Q;; € @,
where each transmission line connects substations s; and
sj. The current on transmission line [ € L is represented
as I;. The topology of the power grid is represented by
k € K, where x defines the node connectivity of the
power grid, and K is the set of all possible topologies. The
conductance and susceptance between nodes are represented
by the admittance matrices M£ and MF respectively.
2. Objective Function

The objective of power grid optimization scheduling is to
minimize the total operating cost by optimizing the schedul-
ing policy while meeting the requirements of safe operation
and supply-demand balance. This objective function consists
of two parts: the transmission loss cost (irans(t) and the
rescheduling cost Cadjust (t), and its mathematical expression
is as follows:

T
Pcrfgrcl»ﬁ Cgrid = tz_; (Ctrans(t) + Cadjust (t)) (1)
Transmission loss cost Cirans(t): The energy loss caused by
the Joule effect in the transmission line.
Rescheduling cost Caajust(t): The cost of increasing or de-
creasing the generator output power to maintain the balance
of the power grid. Its value is positively correlated with the
adjustment amplitude of the generator output power and is
expressed as:

Cadjust(t) X Z |PG,g(t> - PG,g(t - 1)| (2)

geG

3. Model Constraints
(1) Topology Control Constraint

To optimize the operation of the power grid, the network
structure of the system can be dynamically adjusted through
topology control actions ;. Its update rule is:

MET MG = f(ME, My, k), Vit 3)

(2) Power flow equation constraints
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The power flow equation is the basic equation for power
flow calculation, used to express the power balance rela-
tionship among nodes in the power grid. The power flow
equation is expressed as:

f(&t,'l}t,Pt,Qt;Mé,GtB) :Oa Vt (4)

(3) Variable range constraints

Variables such as node voltage, generator output power,
and line power flow need to be within the specified range,
specifically expressed as:

0, € ©, Vt,
Vg € V, Vt, (5)
Pg(t) € Pq, QG(t) S Qg, Vi,

Pij (t) S P, Qij (t) S Q, Vt.

B. MODELING OF POWER GRID SCHEDULING
PROBLEM BASED ON MARKOV DECISION PROCESS
Given that Equation (1) constitutes a non-linear mixed-
integer optimization problem, traditional methods like dy-
namic programming often struggle with real-time perfor-
mance and model dependency. To address this, we model
the grid scheduling task as a MDP, defined by the tuple
(S,A, P,R). The components of this tuple are detailed
below.
1. state space S

The composition of the state space .S is crucial for solving
the power grid scheduling problem. We define the state at
time ¢ as s, it integrates key features including the power
values of generators and loads (Spq,Soc,Spc,Sqoc).
generator dispatch targets and their actual implemen-
tations (Sdispatch,targeta Sdispatch,actual), Operational con-
straints (line/substation cooling times Stcoolline; Steool,sub
and line overflow duration Sioverfiow), and topological in-
formation (bus connectivity Sy, line capacity utilization .S,
and line status Sy).
2. action space A

The action space A is composite, comprising: (1) discrete
topological actions a, that reconfigure line-to-bus connec-
tions within substations, and (2) continuous rescheduling
actions a¢ that adjust the active and reactive power setpoints
of generators to optimize power flow and cost.
3. transition probability P : S x A xS — R

The transition probability P is governed by the power
flow and topology Equations (3) and (4), which determin-
istically define the next state s’ in our simulation environ-
ment. The dynamics of the grid environment are inherently
stochastic, primarily due to the continuous fluctuations in
load demand and renewable power output. Different energy
mix scenarios, with renewable energy penetration rates vary-
ing from 10% to 30%, are each associated with a distinct
time series. At each time step, after the agent takes an action,
the next state s’ is computed deterministically by the built-
in power flow solver based on the current state, the action,
and the specific load and generation values at that time
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FIGURE 2. Schematic diagram of the basic structure of the power grid

step, using equations (3) and (4). Therefore, the transition
probability P captures the fact that the simulator generates
state transition paths based on deterministic physical rules,
which are driven by a sequence of stochastic inputs.
4. reward function R: S x A - R

The design of the reward function R aims to guide the
agent to balance the economy and system stability in the
scheduling process. At each time step ¢, the reward is cal-
culated based on the definition of the L2RPN environment
[16], and the specific form is as follows:

T(St, at) _ {Cconst - Cgrid<t);

normal operation ©)
-1, system crash

As shown in formula (6), when the system is operating
normally, positive feedback is provided according to the
value of Ceonst —Clrid (t). Among them, Ceonss is a constant,
and Clyia(t) is the actual operating cost at time ¢. When the
system collapses, the reward value is set to -1 to impose a
severe penalty and explicitly avoid the risk of instability.
5. objective function

The agent’s objective is to find a policy 7y that maximizes
the expected cumulative discounted reward:

T
tz_;,ytr(st,at)] (7)

a€ A,

max W) = E,

s.t. ap = m(sy), sesS

Where y is the discount factor balancing short-term and
long-term rewards.

IV. METHODOLOGY

We first introduce the basic knowledge of gradient-based
meta-learning methods and the Mamba model, laying a theo-
retical foundation for combining gradient-based and context-
based meta-reinforcement learning methods to achieve rapid
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adaptation. Then, we present the key steps of our proposed
M3-PPO (a Momentum- and Mamba-empowered Meta-RL
framework based on PPO) algorithm and clarify how they fit
in with existing power grid operation procedures to promote
the agent’s rapid exploration and efficient adaptation in new
environments.

A. GRADIENT-BASED META-LEARNING METHODS
Gradient-based meta-learning methods optimize the initial
parameters of the model so that it can quickly adapt
in new tasks through few gradient descent steps, usually
implemented by two optimization processes: inner-layer
optimization and outer-layer optimization.
1. Inner-layer optimization process

The model parameters 6 are iteratively updated according
to the loss function L7, for each task T; to obtain new
parameters ¢; adapted to the task. The typical iterative
method is single-step gradient descent, that is:

0; =0 —aNVoLr,(fo) ®)

where « is the inner-loop learning rate.
2. Outer-layer optimization process

The initial parameters € of the model are optimized by
integrating the learning experiences of each task in the inner
loop. Its goal is to make § perform well on all tasks after
inner fine-tuning. The update formula is as follows:

0=60-58V9 > Lr(fo) ©)
T;~p(T)
where [ is the meta-learning rate.
B. MAMBA MODEL

Traditional linear time-invariant state space models (SSMs)
are computationally efficient but limited in sequence context
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representation. To address this, Mamba [12] introduces a
selective state space model (S6) with an input-dependent
selection mechanism. As shown in Figure 3, the core
innovation is dynamic parameterization: instead of static
parameters, the key matrices B, C, and the time scale
parameter A are projected from the input sequence x.
Specifically, the parameters B, C' and A are dynamically

projected from the input sequence # € RBXLXD s follows:
C = Se(x) (1)
A =7a(A+ Sa(x)) (12)

Among them, B € RBEXEXN ¢ ¢ RBXIXN A ¢
REXLXD The projection functions Sp and Sc perform
linear projection to the N-dimensional space. The symbol
Ta represents the Softplus activation function [25], and
Projection, = Broadcasta (Linear; (z)) converts x to the
size RP*L>1 and broadcasts it to the D dimension. This
allows the model to selectively retain or discard information
based on the current input, enabling effective long-range
dependency modeling. A hardware-aware algorithm ensures
computational efficiency during this selective scanning pro-
cess.

C. PROPOSED METHOD

We construct the foundation of M3-PPO by integrating the
stability of PPO [26] with the rapid adaptation capability of
MAML [21] within a meta-reinforcement learning frame-
work (denoted as M-PPO). Building upon this M-PPO base,
we introduce two key innovations to address the training in-
stability of MAML: (1) a Mamba-enhanced context encoder
for the inner loop, and (2) a global-local momentum update
mechanism for the outer loop. The overall framework of the
M?3-PPO algorithm is described in Figure 4.

1. Context Encoder Module

Context encoders, which extract task representations from
past experiences, are crucial for meta-reinforcement learn-
ing [9,27]. While LSTM [9] and Transformer [28] are
commonly used, they face limitations in long-sequence
modeling: LSTM’s recurrent structure dilutes long-range
dependencies, and Transformer’s attention becomes sparse
with long sequences.

To address these limitations, we adopt the Mamba model
[12] as the context encoder. The encoder processes a trajec-
tory of past interactions, represented as a sequence of state-
action-reward tuples D = {(s1,a1,71),...,(sT,ar,77)},
as detailed in Algorithm 1. Mamba’s selective state space
mechanism provides superior dynamic representation capa-
bilities for long sequences with complex temporal dependen-
cies, such as those in power grid scheduling. This enhances
task representation quality and accelerates adaptation to new
tasks.
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2. Global-Local Momentum Update Meta-Parameter Mech-
anism

We draw inspiration from the EMA mechanism and
propose a global-local momentum update mechanism to
establish a more balanced dynamic parameter adjustment
method between global knowledge and local tasks. As il-
lustrated in Figure 5, while standard MAML initializes each
task with the global meta-parameter 6 (left), our approach
(right) computes the initial parameters for task 7 > 1 as:

O0i = po + (1 — p)0;—y (13)

where p is an adjustable trade-off factor used to balance
the influence of the global parameter 6 and the previous task
parameter 6; 1 on the current task. This design offers four
key advantages:
Enhanced adaptation efficiency: 6;_, provides a more ap-
propriate start for tasks with a gradually increasing propor-
tion of renewable energy generation, reducing the adaptation
cost.
Smooth task transition: blending the local experience ;1
and the global prior 6 enables gradual knowledge transfer
between sequentially related tasks.
Improved task collaboration: creates a knowledge chain
across tasks, promoting progressive learning.
Stabilized meta-optimization: smoothens the gradient direc-
tion across tasks, buffering the impact of task variations.
In summary, the complete process of the M3-PPO algo-
rithm is detailed in Algorithm 1.
Algorithm 1: M3-PPO Algorithm

Require: p(T): distribution over tasks
Require: «, 3, p: hyperparameters

1: Randomly initialize meta parameter 6 of the actor and critic networks,
where 0 = (04, 0y).
While not done do
Sample a batch of tasks T; ~ p(T')
for all T%; do
if (¢ > 1) then
0; = pb + (1 — p)0i—1
else
0; =6
Sample a single trajectory D; = {(s1,a1,71),...,(s7,ar,rr)}
using policy m(a¢|st,at—1,7¢—1;04) in T
10:  EncodedInput]l = Mamba(D;)
11: Evaluate V L,ctor and V Ly using EncodedInputl
12:  Compute adapted parameters with gradient descent:

9: =60 QV(QLT,i (fg)

R A A o ol

13: Sample a single trajectory D, = {(s1,a1,71),...,(sT,ar,rr)}
using policy m(a¢|st, at—1,7¢—1;04) in T
14: end for

15: EncodedInput2 = Mamba(D;)
16: Update 0 < 6 — BVg ZTij(ﬂ L, (fgr) using each EncodedInput2
17: end while ’

3. Overall Training Process

(a) Architecture and Loss Function Gradient of Mamba
Network in RL

We employ Mamba as a shared feature extractor, followed
by independent linear output layers forming the actor and
critic networks. Generally, the RL process adopts the PPO
algorithm [26]. The objective loss of the actor network
includes the proximal ratio clipping loss LS'P and the
entropy Ly, and the objective loss function of the critic
network is the state value function loss Ly .

VOL. 15, NO. 3, AUGUST 2026



Q. Dai et al.

AE JOURNAL
¢ ORG

X 18,051
— R —

ConviD o 7]' I

project

Selection Mechanism

FIGURE 3. The Mamba Module (the blue boxes denote the projection functions Sg, Sc, and Sa that generate the input-dependent
parameters. The blue arrows illustrate the data flow and the pathway of the selective information scanning mechanism within the SSM
module.)

| action
|

.
Power system| Stare: s,

environment a : Hanba — MLP —— 717
kiiias ||
e MLP -V 9
ample A,=R- V(Su‘s a:—l,v’)—x,.;gu);
l AAAAAAAAAAA ks | f 3
Task | Task 2 Task 3 Update by Loss Function

|

! :
: |
| |
| I
! f) t) ) |
: 10% 15% 20%
| Task 4 Task 5 :
I

! l
| I
! |
J )

Actor—Critic Network

gradient descent

. Update b
e 0" i gradi[;nat ede:cent' ZL(@JZL(Q.;)

Inner Level

L8,

a,i

1
1
4
|
|
I
|
‘|
N
|
|
1
|
=L, +L, LO,)=L, :
1

Meta—-Objective

ner T,Eer

FIGURE 4. Overall Framework of the M3-PPO Algorithm

(oF] 3 9 ’
5% 30%
MAML Update Meta-Parameter 2]
|
l I l l |
0, & & o, 0s

Global-Local Momentum Update 0
Meta-Parameter

0 ) I ) \ 10

v (-6, (1-12)6,

6 O 0s

FIGURE 5. (left) parameter update of the MAML framework; (right) parameter update of the global-local momentum update
mechanism

The detailed gradient of the objective loss function of the
actor network is divided into two parts: VL;“P and VLg,
and the formula is as follows:

VLactor = VL + VL (14)

where VLI is derived from the PPO clipped objective
and VL is the entropy gradient. The gradient V Ly of the
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objective loss function of the critic network is:

AV (s¢; 0,
VLy = [Ry — V(s;60,)] OV(sts b0)
a0,
where R; is the discounted return.
(b) Meta-training and Meta-testing Phases

The training follows a standard meta-RL paradigm:

s)
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Meta-training: The model is trained over a distribution of
tasks p(7T). The inner-loop adapts parameters per task via
gradient descent, while the outer-loop updates the meta-
parameters by aggregating gradients from all tasks.
Meta-testing: On a novel task, the pre-trained Mamba
encoder remains fixed, providing a generalized task repre-
sentation. Only the actor and critic are fine-tuned with few
samples, enabling rapid adaptation.

V. EXPERIMENTS

In this section, we introduce the experimental design and re-
sult analysis for validating the effectiveness of the algorithm.
We first describe the experimental environment, baseline
algorithms, and model parameter settings. Secondly, we
design comparison experiments and ablation experiments to
prove the effectiveness of the Mamba module in power grid
environments with different renewable energy proportions.
Finally, we demonstrate the transferability under five dif-
ferent energy mix distributions through behavioral analysis
experiments.

A. EXPERIMENTAL SETUP

1. Dataset & Environment: Experiments are built on the
publicly available grid dataset from the L2RPN compe-
tition (12rpn_neurips_2020_track2_small [16]), which pro-
vides real-world grid topology and timeseries operational
data. We utilize the Grid2Op simulator to create the training
and testing environments. The simulator calculates the next
system state based on actions and the current state via an
integrated power flow solver. The model is trained on a
distribution of tasks generated from five different energy
mixes, with renewable penetration rates ranging from 10%
to 30%. During testing, the agent adapts to novel, unseen
energy mixes within the same 10%-30% range to evaluate
its generalization capability. The parameter details of the
power grid structure are shown in Table 1.

TABLE 1. Power Grid Topology Parameters

Grid Nsub Nine  Ngen  Nioaa

12rpn_neurips_2020_track2 118 186 62 99

2. Baseline Algorithms: To prove the effectiveness of the
proposed method, the baseline algorithms we selected cover
from random actions, classic deep reinforcement learning
algorithms (DoubleDuelingRDQN, A2C, PPO), to the meta-
reinforcement learning framework M-PPO algorithm which
is the cornerstone of the M3-PPO algorithm.

(1) Random Algorithm: A power grid control algorithm
that uses random actions.

(2) DoubleDuelingRDQN Algorithm: A power grid con-
trol algorithm that uses D3QN and is optimized using the
Istm network.

(3) A2C Algorithm: A power grid control algorithm that
uses A2C.
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(4) PPO Algorithm: A power grid control algorithm that
uses PPO.

(5) M-PPO Algorithm: A power grid control algorithm
based on M-PPO.

3. Evaluation Metrics:

ARPE (Accumulated Reward Per Episode): The ARPE
indicates the comprehensive performance, integrating the
economy and security metric. A higher ARPE value means
a better comprehensive performance of algorithms.

ASPE (Accumulated Survival Per Episode): The ASPE
measures the total number of steps an agent survives in
an episode, reflecting the cumulative time during which the
agent maintains normal grid operation without a power out-
age. A higher ASPE indicates greater operational stability
of the agent.

4. Hyperparameter Settings:

(1) The Mamba network is the shared layer with an input
dimension of observation_size. The actor network contains
2 hidden layers, with the number of neurons in each layer
being 4*observation_size, 32 in sequence, and the number
of neurons in the output layer is equal to action_size. The
critic network contains 2 hidden layers, with the number
of neurons in each layer being 2*observation_size, 32 in
sequence, and there is only 1 neuron in the output layer.
All networks apply the ReLU activation function.

(2) The discount factor v is 0.95, and the hyperparameter
weighing the contribution of the entropy regularization term
is 0.01. A total of 100,000 steps are trained, and the
maximum number of steps for the agent in each round is
set to 2000.

VI. EXPERIMENTAL RESULTS

A. PERFORMANCE COMPARISON

We compared the ARPE values and ASPE values of the
proposed M3-PPO algorithm with the baseline algorithms
Random, DoubleDuelingRDQN, A2C, PPO, M-PPO during
the training phase in the IEEE-118 environment to verify the
effectiveness of the proposed algorithm. Based on the results
of 4 rounds of training phase experiments, we calculated
the mean and 0.95 confidence intervals of each metric and
evaluated and compared the performance of each algorithm
accordingly. Table 2 and Figure 6 detail the comparison
results between the algorithms.
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FIGURE 6. Comparative Analysis of ARPE Values During the Training Phase

TABLE 2. Performance Comparison During Training

Random DoubleDuelingRDQN A2C PPO M-PPO M3-PPO
ARPE  5.0942.65 657.031+32.34 993.70+2.19 1006.06425.72 1121.71447.45 1263.361+56.49
ASPE  8.1943.00 775.461+35.83 1135.8446.59 1152.57424.35 1283.17463.77 1442.99462.33

From Table 2 and Figure 6, we can observe the following:

(1) The metric values of these algorithms all converge to
a specific interval, while the metric values of the random
algorithm are close to zero.

(2) The average ARPE and ASPE values of the A2C and
PPO algorithms are significantly higher than those of the
Random and DoubleDuelingRDQN algorithms. The trends
of the A2C and PPO curves are similar, both rising steadily
with the increase in the number of steps. The PPO curve is
slightly higher than the A2C for most of the time, and the
final performance of PPO is slightly better with a smoother
curve.

(3) Although the M-PPO algorithm is better than the
standard PPO, its curve fluctuates more compared to the
M3-PPO.

(4) For the M3-PPO algorithm based on the M-PPO ar-
chitecture, its average ARPE and ASPE values are 1263.36
+ 56.49 and 1442.99 £ 62.33, respectively, significantly
exceeding all other algorithms. Although its confidence
interval is slightly wider, the overall value is higher, and
the curve smoothness is better than that of M-PPO.

These results indicate that all reinforcement learning
algorithms except the Random algorithm achieve the ba-
sic objectives of the grid scheduling task. The superior
performance of A2C and PPO over DoubleDuelingRDQN
suggests that the actor-critic framework more effectively
handles high-dimensional state spaces and long-term de-
pendencies. Moreover, M3-PPO, incorporating a global-
local momentum mechanism and a Mamba-based context
encoder, demonstrates clear advantages in both performance
and training stability, highlighting its potential for complex
decision-making tasks such as power grid scheduling.
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B. ANALYSIS OF THE TRANSFERABILITY OF POWER
GRID SCHEDULING STRATEGY

To verify the effectiveness of our proposed innovative al-
gorithm M3-PPO in enhancing the cross-task generalization
ability and adaptability of power grid scheduling strategy,
we compared the test results of the M3-PPO algorithm and
the benchmark algorithm in a similar but unknown energy
portfolio environment. The specific evaluation metrics in-
clude ARPE and ASPE values. Table 3 and Figure 7 show
the comparison results of different algorithms during the test
phase.
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TABLE 3. Performance Comparison in Testing Phase
Random DoubleDuelingRDQN A2C PPO M-PPO M3-PPO
ARPE  4.07+2.44 601.061+28.93 944.19+32.4 948.66+41.48 1031.20466.5 1192.44£47.5
ASPE  7.3442.14 714.40+34.36 1074.79£36.0 1093.02+£47.78 1197.85£70.2 1371.65+47.22
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FIGURE 7. Comparative Analysis of ARPE Values in the Testing Phase

From Table 3 and Figure 7, we can directly observe the
following phenomena:

(1) The ARPE value of the Random algorithm is always
close to zero throughout the test process.

(2) The curve of the DoubleDuelingRDQN algorithm is
overall flat, and the ARPE value is stable at a relatively low
level.

(3) The curve trends of the A2C and PPO algorithms
are similar, converging to similar ARPE values, and PPO is
slightly better than A2C.

(4) M-PPO algorithm: Its overall ARPE value is higher
than that of A2C and PPO, but its confidence interval is
relatively wide.

(5) The curve of the M3-PPO algorithm is always at
the highest position. Its ARPE value significantly exceeds
other algorithms. The ARPE reaches 1192.44 + 47.51,
while the ASPE achieves 1371.65 + 47.22. Moreover, the
confidence interval is relatively narrow, and the overall curve
is relatively smooth, with less fluctuation than M-PPO.

These results confirm the strong transferability of M?3-
PPO. The global-local momentum mechanism enhances
robustness to state distribution shifts, while the Mamba-
based encoder improves sequential dependency modeling,
enabling effective policy adaptation in new scenarios. In
contrast, although M-PPO has a certain transfer foundation,
the large fluctuations in its performance curve indicate that
its policy stability is still insufficient when facing new
energy combinations. Overall, M3-PPO offers a reliable
solution for scheduling in complex grid environments.
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C. ANALYSIS OF THE EFFECTIVENESS OF THE MAMBA
MODULE

We compared the ARPE and ASPE values of the M-PPO
algorithm without a representation module and the M2-PPO
algorithm with Mamba used as the representation module in
this paper to verify the effectiveness of the representation
module used. The comparison results in the training and
testing phases are shown in Table 4, Table 5 and Figure 8.

TABLE 4. Performance Comparison During Training

M-PPO MZ2-PPO
ARPE 1121.71 + 47.45 1208.58 + 55.07
ASPE 1283.17 + 63.77 1379.56 + 62.44

TABLE 5. Performance Comparison in Testing Phase

M-PPO MZ2-PPO
ARPE 1031.20 + 66.54 1144.40 + 18.53
ASPE 1197.85 £ 70.22 1319.66 £19.73
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From the results in Table 4, Table 5 and Figure 8, it
can be seen that introducing the Mamba representation
module based on M-PPO can significantly improve the basic
performance of the algorithm.

Specifically, by enhancing the feature representation of
the task context, the M2-PPO algorithm improves adaptabil-
ity and generalization ability of the algorithm to different
tasks, thus significantly improving the overall performance.
This result fully verifies the effectiveness of the Mamba en-
coder introduced in this paper and its key role in enhancing
the algorithm performance.

VIl. CONCLUSION

This paper proposes an M3-PPO algorithm based on meta-
reinforcement learning, aiming to improve the generalization
ability and adaptability of the power grid scheduling strategy
in cross-task scenarios. The algorithm realizes the efficient
exploration and rapid strategy adaptation of structurally
similar but unseen tasks by migrating the scheduling strategy
learned by the agent in the power grid environment with di-
verse energy combinations. M3-PPO takes PPO as the basic
framework, integrates the idea of MAML, and on the basis
of the meta-reinforcement learning infrastructure M-PPO,
takes into account both the policy optimization efficiency
and the cross-task adaptation ability. To further improve
the training stability and new task adaptation performance,
the algorithm introduces the Mamba model as a context
encoder in the inner-layer update and combines the global-
local momentum optimization mechanism in the outer-
layer update. Experimental results show that compared with
the existing benchmark algorithms, M3-PPO exhibits better
generalization performance and comprehensive scheduling
efficiency in various power grid scheduling scenarios. Es-
pecially in the complex energy structure environment, its
adaptation speed and policy stability are significantly better
than the existing methods.

Future research will focus on two key directions to
further enhance the practicality of M3-PPO: (1) advancing
meta-generalization by integrating cross-domain multi-task
learning mechanisms to strengthen its adaptability in diverse
energy environments, and (2) optimizing computational ef-
ficiency through lightweight or distributed computing tech-
niques to facilitate real-time deployment in large-scale grid
operations.
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