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Learning Sequential Distribution System
Restoration via Graph-Reinforcement Learning

Tiangiao Zhao, Member, IEEE, Jianhui Wang, Fellow, IEEE

Abstract—A distribution service restoration algorithm as a
fundamental resilient paradigm for system operators provides
an optimally coordinated, resilient solution to enhance the
restoration performance. The restoration problem is formulated
to coordinate distribution generators and controllable switches
optimally. A model-based control scheme is usually designed to
solve this problem, relying on a precise model and resulting in
low scalability. To tackle these limitations, this work proposes
a graph-reinforcement learning framework for the restoration
problem. We link the power system topology with a graph
convolutional network, which captures the complex mechanism
of network restoration in power networks and understands the
mutual interactions among controllable devices. Latent features
over graphical power networks produced by graph convolutional
layers are exploited to learn the control policy for network
restoration using deep reinforcement learning. The solution
scalability is guaranteed by modeling distributed generators as
agents in a multi-agent environment and a proper pre-training
paradigm. Comparative studies on IEEE 123-node and 8500-
node test systems demonstrate the performance of the proposed
solution.

Index Terms—Graph reinforcement learning, distribution sys-
tem restoration, distributed generation, graph convolutional net-
works

I. INTRODUCTION

EVERE weather events pose increased challenges for

maintaining the resilience and reliability of modern power
systems [1]. When power outages occur, the distribution
system restoration (DSR) is triggered to quickly restore the
affected loads, leveraging advanced emerging control after
the outages are isolated [2]. Researches aiming to expedite
the restoration progress have been conducted to develop a
self-healing and automatic restoration paradigm. Specifically,
alternative network topology will be constructed through con-
trolling smart switches, which energize these out-of-service
loads by performing necessary reconfiguration while satisfying
operational constraints [3], [4].

DSR is conventionally formulated by a complex combina-
torial problem for network reconfiguration. This problem has
been addressed mainly in three categories: 1) the heuristic or
meta-heuristic algorithms [5], [6], 2) expert systems [7], and 3)
mixed-integer programming (MIP)-based algorithms [8], [9].
Among these solutions, MIP-based algorithms have attracted
much interest as their well-recognized optimality guarantee
and formulation flexibility. Various MIP-based solutions, [8],
[10]-[12] have been proposed from different perspectives to
improve the restoration performance in the concept of active
distribution systems (ADS). In this context, various control-
lable devices, such as distributed generators (DGs), microgrids
and smart switches, are coordinated by an adequately designed
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optimization problem centrally. It generates a restoration so-
lution that ensures the performance and optimality of DSR.
In particular, the solution is executed sequentially to control
these controllable components respecting network constraints
[13]. However, the existing work solves the DSR problem
relying on a detailed or approximated physical power system
model. Two aspects limit these model-based solutions: 1)
the solution reliability can not be guaranteed if the system
operators have incomplete and inaccurate network information,
especially when the operator has to maintain parameters for
a distribution network covering numerous nodes; 2) with
the growth of the number of controllable components, the
computational time of these algorithms increases rapidly, and
therefore, their solutions usually have less scalability and
online capability. Although a decentralized restoration scheme
has been investigated in [14] for achieving better scalability,
it still relies on an accurate system model.

Recent advances in deep reinforcement learning (DRL) [15]
reveal the potential in solving complex decision-making prob-
lems. In a general DRL setup, the Markov decision process
(MDP) is adopted to formulate the decision-making problem,
and this problem is then solved iteratively by DRL-based
algorithms [15]. Several DRL-based frameworks have been
architected in the application of energy management systems
[16], [17]. A few studies have been conducted to address the
DSR problem based on DRL, showing the success in this
area [18], [19]. However, they are still in the early stage, and
there are still two vital challenges in solving the DSR problem
which have not yet been fully addressed. One challenge is that
numerous parameters, feasible decisions, and reconfiguration
actions increase significantly with the size of distribution sys-
tems. Therefore, it is costly and time-consuming, considering
one agent to collect central information. In [20], the authors
developed a multi-agent (MA)-based safe policy learning
framework for power management of networked microgrids,
where the gradient information of operational limits is used to
ensure safe decisions. However,as this method does not con-
sider agents’ interactions, lack of interpretability of such power
system models in learning-based solutions may exist [21].Note
that the impacts from neighboring agents are different and
changing after agents take different actions, and to learn
cooperative behavior better, it is needed to incorporate their
interactions during training. Especially in the DSR problem,
agents in DRL need to make decisions based on a complete
knowledge of the system structure and conditions, by which
they can understand the underlying factors that affect their
decision-making. Consequently, the above challenges make
it difficult to apply DRL-based algorithms to DSR problems
directly.

In this work, we establish a general DRL framework
equipped with graph convolutional networks (GCN) called



Graph-Reinforcement Learning (G-RL) to address the chal-
lenges mentioned above. GCN takes the feature matrix of
nodes and edges represented by a graph as the input and
produces a node-level feature matrix [22]. It draws increasing
attention to solve problems over graphs [23]. Note that the
DSR problem is profoundly associated with the power system
topology, e.g., the on/off operation of switches will affect
the system topology and the energization path constructed
by DGs. This work employs multi-head attention [24] as
the convolution kernel to extract the relation representation
between a node and its neighboring nodes in a distribution
network. In sequence, we embed GCN to DRL which takes
advantage of its representation ability so as to encode the
relation of a graphical power system model. These graphical
features are taken as the input to an RL module to guide the
DG decision-making. Since multiple black-start DGs could be
in a power system and energize loads, a environment [25]
models the DG’s interaction, where valuable information is
extracted to address the DSR problem cooperatively. The G-
RL-based DSR framework includes the following capabilities:
1) it can be expanded to various dynamic DSR problems using
either DGs or microgrids with sequential control actions; 2)
it is not limited to a typical power system model; 3) it has
the scalability to address DSR in a large-scale system. The
contributions of this paper are as follows:

« A novel G-RL framework is proposed to learn effective
control policies for DSR problems sequentially without
the knowledge of power system parameters, leveraging
the graphical power system model and model-free feature
of RL.

o It embeds the power system topology to the structure
of GCN. Hence, DGs are guided to learn the complex
restoration process via abstracting the mutual interaction
and extracting latent graphical features.

o A multi-agent system (MAS) models DGs as agents, and
DGs share weights among neighboring agents, making it
easy to be applied to a large-scale system.

o Comparative studies are conducted to illustrate the out-
standing performance of our solution, where the scalabil-
ity is verified further by the IEEE 8500-node test system.

II. PRELIMINARIES AND PROBLEM FORMULATION

This section introduces preliminaries and the problem for-
mulation to facilitate the solution design. Tables I first defines
parameters and variables used in this paper.

A. Multi-agent Distribution System Restoration

Conventionally, the DSR problem is hard to solve due to its
combinatorial nature [26]. Although the MILP framework [27]
shows advances in the reduction of computational complex-
ity, the increasing computational time and model-dependent
structure are still not fully addressed, in particular for the
distribution systems with various DGs and microgrids.

This work formulates the restoration problem by a rout-
ing model following the MAS framework. Specifically, each
black-start DG is an energization depot with communication
capability. Its objective is to pick up as many loads as it can
subject to network constraints (e.g., voltage and power flow
limits) and physical constraints (e.g., capacities and generation

TABLE I
VARIABLES AND PARAMETERS

state, the space of states
action, the space of actions
o observation

R reward function

vy discount factor

T time horizon

At time duration

PER active power flow through branch (h, 1)
BR reactive power flow through branch (h, 1)
Pr active load demand of load
L reactive load demand of load ¢
U, Squared voltage magnitude of node n
Py Maximum active power capacity of DG g
Qg’“" Maximum reactive power capacity of DG g
ot Maximum active power capacity of DG g at
time ¢
ot Maximum reactive power capacity of DG g
at time ¢
P Maximum active power capacity of branch
(hyi)
X Maximum reactive power capacity of branch
(hyi)
ymax/gmin Maximum/minimum squared nodal voltage
Thi + JThi Impedance of branch (h, )
0 learnable parameter for the Q network
S the number of samples
N the number of energization agents
o ReLU function
w. learnable weight matrix
b bias vector
h hidden feature
dx dimensionality of K
H the number of attention heads
B the set of branches
N the set of nodes
N the set of neighbors to agent ¢
NE the set of loads restored at time ¢

limits). Inspired by [13], black-start DGs utilize the concept
of energization agents to travel along with the system through
the “’energization path” to energize lines and loads where they
”visit”. Here, the concept of node blocks introduced in [8§]
is adopted to facilitate the G-RL design in Section III. With
this concept, nodes interconnected by non-switchable lines
will be grouped as a node cell and energized simultaneously
if any energization agent visits. Thus, the searching space is
significantly reduced.

An illustrative example is shown in Fig. 1, where three
black-start DGs are labeled in red, brown, and green nodes
with a circle. They are the energization depots with a con-
stant power capacity. Each DG is connected to a certain
number of neighboring DGs, and the communication network
is stationary. An energization agent departs from the depot
and travels along the energization path. Agents can not go
through the same energization path and can only visit one
node cell. At each time-step, an energization agent determines
the next energization destination to energize the system based
on its own and neighboring information. This work assumes
the communication network is independent of the physical



network and connected. Agents in the communication network
at least have one neighboring agent and can interact with their
neighbors. Therefore, the communications would not much
affect the results as long as the communication network is
connected and agents can receive and share information.

‘Communication network

Node cell
Energization depot
Energization agent

Agent communication
—— Candidate energization path

Physical power network

Fig. 1. Multi-agent restoration problem

B. RL for Distribution System Restoration

Here, we reformulate the proposed formulation as an MDP
and establish the fundamental RL problem for system restora-
tion. We begin by introducing the notations used to reformulate
the restoration problem in RL. Let P(s" | s,a),Vs’,s € S,
Va € A be a transition probability. Then, an MDP is defined
by M = (S, A,P(s' | s,a),R,~,T) [28]. In our settings,
each energization agent has the following pair of state and
action:

1) State s;+ € S: Each agent has its observation as the
local state. It includes three aspects: i) Its local attributes,
i.e., the current location, all previously visited node cells, and
the current DG capacity after energizing the visited cells; ii)
the attributes of energization paths correlated to its current
location, i.e., switch status; and iii) the loading condition of
the candidate node cells connected by the energization paths

2) Action a;+ € A: At time-step ¢, an energization agent
chooses an action a;; from its candidate action space 4. In
the formulated restoration problem, it is the choice of the next
visiting node cell. In power networks, it indicates the switch-
on operation of one candidate neighboring branch.

3) Transition probability: P: Given s, and agents’ joint
actions a, at time-step ¢, the system appears at the state
S¢y1 at time-step ¢ + 1 according to the transition probability
P(St+1 |St, at).

4) Reward R; (s, a): The proposed formulation covers
various DSR problems, such as the sequential restoration
model [8], [13] and critical load restoration [29], [30]. Given a
specific restoration problem, the reward function R; ¢(s¢, at) is
defined as its corresponding objective such as maximizing the
overall load supplied or minimizing the outage time of critical
load supply, which is incurred from taking action a;; at state
s;¢. In our case, the objective is to maximize the number of
restored loads, and the reward is defined as

R; i (s¢,a¢) = PlLt x At (1)

where P, is the restored active power of node cell | after
taking action a;¢. The following penalties are added to the
reward function to ensure the feasibility and radial topology:

R! (s¢,a¢): :A negative value equals the load demand of
the node cell if an agent attempts to enter a node cell that has
been already visited; otherwise, it is 0.

R,: : A negative value equals the summation of all the
violated power flow constraints:

—Wp Z (max(()’ PZER _ Pir?ax) + maw(()’ _Pir;'ax _ PER))
- Z (maz(0,Q7F — Q™) + maz(0, —Q5™ — QFY))

- Z (max(0,U; — U™) + maz (0, U™ — U;))
2

where w,,, w, and w, are weights for each factor, and they
are 2, 2, and 10 in our study, respectively.

R.: : A large negative value that penalizes loop formation.
Since some actions may form loops but have relatively more
load restoration leading to a higher total reward, this penalty
should be at least greater than or equal to the maximum
demand of node cells to ensure these actions are penalized.
In our case study, we set this value based on the value of the
system load demand, e.g., twice as great as the total demand,
to penalize these actions significantly.

Remark 2.1: This work does not decide the power gener-
ation directly, which, however, is included in the observation
of agents. By doing so, at each step, agents choose the next
visiting node cells based on their current power capacity and
other observations. If an agent decides where to visit next,
all loads within this node cell will be restored simultaneously.
When an agent restores a node cell, after taking the determined
action, its capacity is updated by

t—1
Pir?tax _ pimax _ Z ZPZ%k (3)

leNEt | k=1

t—1
QP - Y Yk )

leNLt | k=1

where ;. NE, 2;11 PlLk and ), NE 22;11 QlL’k denote
all the restored active and reactive power of load demand
previously. Note that if the remaining power capacity is less
than the visited node cell, only load demand that equals
this power capacity will be restored, resulting in a decreased
reward.

Denote a policy as IIy(a¢|s:), which is a distribution over
candidate node cells given a set of visited and current loca-
tions. The policy returns a probability distribution over the next
candidates who have not been visited with a set of visited node
cells. In our case, the policy is represented by neural networks
(NN). The network will return a policy respecting a specific
objective and distribution network requirement by maximiz-
ing the reward. In this work, the parameterized action-value
function Q;(6y) for each agent at iteration k approximates the
total reward by minimizing the following loss,

L =E[(Ri. +’YHZE}XQ(32¢7 ag,t DO0k-1) — Q(S;m ag,t : ek))z]

&)
where s; , and a; , denote the next state and action, and 7 is the
discount factor. The following section introduces a learning-
based restoration framework which associates the structure of
power networks with the structured NN and adopts DRL to
address the formulated problem.



Nodecell @ Energization depot ~ =e=e-mr Candidate path

B Switchable line Selected energization path

Fig. 2. Graph representation of power networks

III. TECHNICAL METHODS
To design a learning-based approach, the following aspects
are considered: i) the operation condition is physically corre-
lated in the power network topologys; ii) the restoration process
is closely related to the graphical structure of power systems.
From these perspectives, this section constructs a model that
embeds the physical power network topology to DRL.

A. Learning over Power Network Graph

We first construct the formulated problem over a graph
G := (V,€&), where each node n € V is the node cell, and
there exists an edge e € £ between two nodes representing
the energization path. These energization agents start from the
energization depot in our settings and go along the graph to
fulfill the designed objective. Here, we represent the status
change of switchable lines by the selection of the next traveling
node in the graph. As a simple example Fig. 2, if the
energization agent determines to travel from Node 1 to Node
2, it will go through the edge e;s, and the corresponding
switchable line connected between Node Cell 1 and Node Cell
2 will be switched on.

We will then embed this power network graph in the learn-
ing process to capture the graph dependence and correlation
through graph neural networks (GNN).

B. Learning Graph Convolutional Restoration

This work utilizes the GCN model due to its inherent formu-
lation that captures a structured graph mechanism over a power
system network. However, limited attention has been devoted
to generalizing the existing learning models to the structured
datasets in power system applications. Recent studies construct
several GNN frameworks to extract local-connected features
from graphs, aiming to learn a feature representation on graphs
[22]. The GCN model feeds the feature matrix integrating
each node’s attributes and outputs as a node-level feature
matrix. The convolution operation on graphs is similar to
those in convolutional neural networks (CNN). However, the
feature maps in GCN are produced by the kernels convoluted
across local regions in graphs. As in Fig. 3, the neighboring
information in the graph domain is weighted, summed, and
fed to GCN. Therefore, GCN can better capture relationships
in power system graphs with the structured graph layers.

The environment is considered to be partially observable,
where at time-step ¢, each energization agent ¢ gets a local
observation o0; ; which is the attribute of predefined states in
the graph, takes an action a;;, and receives a reward R; ;.
This environment is considered to be static, i.e., the operation

Graph convolutional nefwork Graph convolutional network

Graph structured data jol o)

e ”/'
- -0
S RelU ReLU

0 0 n
3 p S Output
%ﬂ‘ = omevo |7 L2 o Lo [T LT e

Fig. 3. Graph convolutional network
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Fig. 4. The proposed learning framework

conditions (e.g., load demand, power capacity and critical load
location) remain the same throughout an episode. However,
across different episodes, these conditions can take random
values/locations in the environment.

The proposed G-RL contains three types of modules in
sequence: the observation encoding layer, neighborhood co-
operation layers, and Q networks, as illustrated in Fig 4. We
assume each agent can interact with its neighboring agents to
share information and learn cooperative behavior. Note that
sharing the observation could be complicated due to its high
dimension. To overcome this challenge, as at the bottom of
Fig. 4, each agent first collects and encodes its observations
by Observation Encoder to produce a low-dimensional feature
vector by a layer of Multi-Layer Perceptron (MLP). Then,
the feature vector is shared with its neighboring agents, and
therefore, the input of Convolutional Layer contains only the
features of the local and neighboring agents. With this input
information, each agent produces a latent feature following the
steps in Section III.B — 2). For each agent, the input of the
Q network is the concatenated outputs from all the preceding
layers, and we train the model based on deep Q learning given
in Algorithm 1.

1) Observation Encoder: The observation o;; includes i)
the current location, all previously visited node cells, and the
current DG capacity after energizing the visited cells, ii) the
switch status of energization paths correlated to its current
location, and iii) the load condition of the candidate node cells



connected by the energization paths. As discussed in Section
II1.B, each agent will share its information with its neighbors
to predict coordinated actions. Sharing its local observation as
a whole is complicated, and therefore, we introduce Observa-
tion Encoder to facilitate information sharing. A layer of MLP
embeds o0; ; to an m-dimensional latent space,

hi = fw,p,(0i4) (6)

where fy, p, is a learnable network, with the ReLU func-
tion being the activation function The objective of fi, p,
is to encode the observation into a low-dimensional space.
During training, it takes the observation o;; as input and
outputs a hidden feature vector h}. The feature vector h}
efficiently encapsulates complex observation information in a
low dimension and represents the agent’s understanding of its
observations.

2) Convolutional Layer: A key aspect of the coordina-
tion among energization agents is communication, especially
in the MARL environment [28]. This work leverages the
attention mechanism widely adopted to enhance accuracy
[23]. It represents and models the neighborhood influence
by the aggregation of the agent’s neighboring environment
information.

After computing the observation encoding h!, each agent
performs the following calculations to obtain a query I', a key
K and a value V,

Ty = Wrh!, K;=Wgh!, V;=Wyhl. (7

Each agent then shares the query-value pair (I';, V;) with its
neighborhood agents j € A;, where we also include agent 4
in AV; to improve the awareness of attention on its condition.
After receiving this pair from neighbors, we embed the value
representation of the local region in GCN. Inspired by the
attention mechanism [23], we first calculate a similarity score
for the key,

JKi
q )s ®)

K

;; = softmax(

This score is assigned as a weight to each of the incoming
values, and we compute a weighted sum of the incoming
values followed by a linear transformation, i.e.,

ajj = Z Q4;V; 9
JEN;
where a;; is the attention score that represents the neighboring
importance to agent i in determining the policy.

In this work, these neighbors are pre-defined on a com-
munication network. One can extend it by various definitions
of distances such as the node cell distance and the electrical
distance between DGs. Therefore, the formulation of a;
can be applied to restoration problems on various network
structures since it relaxes the concept of agent’s neighbors.

We then combine the representation of energization agents
with their importance through a transformation to set up the
overall influence of neighboring conditions, i.e.,

= o(Wo Y aijV; + Wohs) (10)

JEN;

Wou and Wy are the learnable weights. The weighted sum
of neighboring values aggregates the information importance
from the encompassing situation for obtaining efficient restora-
tion policy. The attention mechanism expands the agent’s focus
based on the environment conditions (e.g., load demand and
locations) to a larger scale. For example, the original emphasis
of energization agent ¢ on its neighbors is distinct due to
its limited situational awareness. The attention mechanism
receives the latent feature from the neighboring agents directly
from the GCN layer. The messages carried by the hidden states
enrich their environment knowledge since these additional
messages include its adjacent agents’ knowledge. As a result,
this mechanism facilitates agents to determine actions with
additional information.

The above single-head attention is extended to multi-head
attention to increase the expressiveness further and simultane-
ously visit the neighborhood from other subspaces at various
positions. For attention head m, the functions of a;} and
WZ»’J’»L have the same formulation as (9) - (10), and the overall
importance h;”/ is given by

H
/ 1 /
WY =0 | Wou(= (D] D aliol + Woni™))
m=1jeN;

(an

Note that more attention heads give more relation representa-
tions. Besides, multiple GCN layers can extract higher-order
relation representations, capture the inner-features among
agents effectively, and facilitate restoration actions.

3) Q metwork: Since an energization agent takes discrete
actions (i.e., the selection of the next traveling node), we
deploy DQN in the RL module, but it is worth noting that other
RL algorithms are also applicable to the proposed framework.
As in Fig. 4, agent ¢ concatenates all GCN layers’ features and
feeds them into the Q network. The value representation and
features from neighboring agents are assembled and reused
to learn restoration cooperatively in different ranges. The Q
network determines the action with the e-greedy which max-
imizes the Q-value and meanwhile, minimizes the following
loss to optimize the policy,

S N

131

LO =35> 5D (Ri,t +ymax Q(s ;¢ Ox-1)
s=1 i=1

2
- Q(Sg,tva;,t : 0k)> (12)
where 6 denotes all trainable variables. The formulations of
the Q -network and (12) focus on both reward maximization
and neighboring influences. In our problem, the power flow
verification is only revealed after node energizations, where
the agent only receives the penalty in the future. Here, we
adopt the idea of n-step Q-learning and add this penalty to the
final reward.

C. Pre-Training Paradigm

To extend the solution to a large-scale system, we introduce
a pre-training paradigm similar to the idea of curriculum
training [31]. The proposed framework does not rely on
the number of energization depots. Transferring all agents’



network parameters for a more straightforward task to a
complex task would be a good initialization for the complex
task. This establishes a curriculum of tasks with increasing
complexity [31]. In the setting of curriculum learning, agents
learn better when samples are organized in a meaningful order
that illustrates more complex ones gradually. The proposed
framework can be applied to tasks with arbitrary numbers
of agents and targets (i.e., node cells), and the agents share
their parameters. According to [32], this enables us to directly
use a policy from a task with N agents and M targets to a
different task with N’ agents and M’ targets. Transferring all
agents’ network parameters for a more straightforward task to
a complex task would be a good initialization for the complex
task. This establishes a curriculum of tasks with increasing
complexity [31]. Specifically, energization agents firstly learn
to cooperatively restore the system in a small team with large
capacities. Rather than achieving the final goal, this stage
focuses on providing the agents with environmental knowledge
and cooperative behaviors beforehand, by which their policies
are bootstrapped to accomplish the complex objective. In other
words, they share parameters with new members and apply the
previous knowledge to a new scenario, and this knowledge is
gradually adapting to the complex task. As proved in [33], if
two MDPs have a small distance, the pre-trained Q-function
from the simpler task would be closer to the optimum than
the random initialization.

D. Implementation

1) Loop detection: For a given system, we assume the
system topology is known, i.e., line connection and node
locations. After agents predict the actions, we can directly
connect the associated lines to obtain the topology if agents
take these actions. We detect loop formation by running either
a search algorithm (e.g., Depth First Search) or a python-based
network analysis tool (e.g., NextworkX).

2) Radiality guarantee: Note that the model-free feature
makes GCN challenging to handle the radial constraints di-
rectly. Although it is unlikely to take the actions that have
been already significantly penalized during training, GCN still
has the possibility of taking actions that violate the radial con-
straints. Therefore, a backup approach is introduced to avoid
further forming loops during implementation. In particular, we
first produce Q values for several possible actions from a given
state. Then, we take the actions based on the size of Q values
and check if there exists any loop. If the action with the largest
Q value forms a looped topology, we will omit it and test the
next action with the 2nd largest Q value, and so on.

The solution implementation can be summarized in the
following steps.

1) The distribution network is first mapped to a graph. An
adjacent matrix represents its topology. The node cell
containing a black-start DG is modeled as the energiza-
tion depot. Each energization agent departs from the
depot to energize the system cooperatively according to
the network structure.

2) Graph convolutional restoration is then constructed fol-
lowing the multi-attention mechanism in Section III.B-2).
It encodes the local observation, integrates neighboring

features on the graph and generates the latent feature
vector h;, to predict the Q-value. Stacking more GCN
layers gradually improves an agent’s observation field and
cooperation scope as more information is aggregated.

3) After receiving the latent feature, the Q network pre-
dicts the Q-value. The Q-learning process is given in
Algorithm 1. The output of the Q-network is the best
next node cell to be energized. Here, we adopt fitted Q-
learning [34] to learn parameters efficiently. In particular,
fitted Q-learning utilizes experience replay with a random
minibatch of samples rather than update the Q-network
sample-by-sample.

The learning process is terminated when it either reaches the
maximum learning episode or restores all loads.

Algorithm 1 Learning Q-function

Initialize: Output features from GCNs, K relayed to fitted Q-
learning, L episodes and 1" sample size

DistEvent-VC: Learn parameter set 6 of the Q-network

1: Initialize experience replay memory M to capacity N

2: while Training is true do

3:  for Step t =1 to 7T, agent 7 do

4:
randoma; : € A;, with probability €
€it <= Y argmax Q(si,aiy : 0), otherwise 13)
5: Take joint action a; = [ai,...,an,] and observe the
rewards Ry = [Ri,,..., Rn,] and the next state s¢11 =
[51,t+17 [RRE 5N,t+1]
6: Store < s¢, at, R¢, si+1 > in the replay buffer
7: for i =1 to N do
8: Sample a random minibatch B of K experiences from
the replay buffer
9: Update 6 by Adam optimizer for B
10: end for
11:  end for

12: end while

IV. CASE STUDIES

This section conducts case studies to verify the effectiveness
of the learning-based restoration framework in terms of the
optimality and scalability. We start by presenting the system
and algorithm configurations. Its optimality and scalability are
then demonstrated and compared with benchmark algorithms.

A. Setup

1) Distribution network configuration: The modified IEEE
123-node [13] and IEEE 8500-node [27] test systems are
adopted in this study. We follow the concept of the node
block [8] to reduce the searching space. The IEEE 123-node
test system contains five substations [13]. We add additional
switchable lines and DGs with the black-start capability to
the original test feeder and partition the system into 15 node
cells. The details of the parameters of the modified system can
be found in [13]. To generate load profiles for each episode,
the original load demands are multiplied randomly from 0.1
to 2 p.u. to model the light and heavy loading conditions. We
adopt the IEEE 8500-node system to test the scalability, where
switchable lines and DGs are also added to the original system.



TABLE II
HYPER-PARAMETERS

Hyper-parameter DQN MARL G-RL
7 (Softmax factor) - - 0.28
Numbers of neighbors - 3 3
Convolutional layers - - 2
Attention heads - - 8
Number of MLP layers - - 2
Q-network (1024,256)  (1024,256)  affine transformation
Shared
Discount factor 0.96
Reply buffer 2 x10°
€ and decay 0.68 and 0.995
Optimizer Adam
Activation ReLU

The system is then partitioned into 578 node cells. The target
number of DGs to be controlled is 20. The load profiles for
training are generated by randomly disturbing base loads.

2) Algorithm configuration: The configurations of the pro-
posed G-RL algorithm and two benchmark RL algorithms (i.e.,
basic single-agent DQN [34] and MARL [25]) are summarized
in Table II, where only CNN are utilized in the benchmark al-
gorithms. We manually tune the hyper-parameters of different
algorithms to obtain their best performance. The parameters
share the same discount, batch size, buffer capacity, optimizer,
€ and decay. Note that all reward components are normalized,
i.e., in p.u., to match the weights of NN. The benchmark
results are then compared with all RL algorithms under the
same operational condition.

All solution algorithms are trained and tested in Python on
a personal laptop with a 2.6 GHz Intel Core i7 and 16 GB
of RAM. The power flow is evaluated using pandaPower [35]
when each training episode is completed. If there exists any
power flow violation, the corresponding penalty R, is added
to the final reward.

For better comparison, two performance indexes are adopted
to evaluate the solution algorithm: 1) the mean reward and
2) the success rate (SR). In particular, we record the reward
every 100 episodes. For the SR, we calculate the percentage
of successful tasks in all previous 100 episodes.

B. Modified 123-node test system

Here, we illustrate the results of the proposed solution to
verify its effectiveness and performance. The system topology
and its corresponding graph are given in Fig. 5. In this
case, 5 energization depots, including 2 substations at nodes
150 and 350, and 3 DGs at nodes 250, 450, and 95 are
deployed to restore 15 node cells. For G-RL, each episode has
a different loading condition and DG capacity and constant
depot locations. During the training process, the weights of
NN are periodically recorded and used for testing the solution
performance. The results of our solution and the benchmark
RL algorithms are given in Figs. 6 - 7, where the mean reward
and SR are illustrated, respectively. The SR measures the
percentage of episodes which achieves the objective. For all
algorithms, we calculate their min-and max-values in different
training runs (i.e., shaded area) and the corresponding mean
value (i.e., solid line).

As learning curves for rewards and SRs are shown in
Figs. 6 - 7, the proposed solution is capable of discovering
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Fig. 5. Graph representation and physical topology of the modified IEEE
123-node test system

an outperforming policy. As expected, DQN has the worst
performance. In contrast, our solution yields a lower loss
and higher reward than the benchmark RL algorithms, and
meantime, the convergence speed is faster which can facilitate
us to design the solution for a large-scale system. The results
of the SR comparison are given in Fig. 8. The mean SRs are
28%, 56% and 88% respectively for DQN, MARL and G-RL,
which verify our solution’s outstanding performance.
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TABLE III
TESTING RESULTS IN THE IEEE 123-NODE TEST SYSTEM

DQN MARL G-RL CPLEX
Light loading (0.5%Pr) 100%  100% 100%  100%
Heavy loading (2*Pr,) 68% 92% 100%  100%
Average time (s) 1.82 1.75 1.78 35
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Fig. 8. Comparison of the SR for the IEEE 123-node test system

All algorithms are then evaluated by 3 test cases, and each
case is unrolled with 500 episodes. To verify their efficiency,
we model the problem by the fixed-time step model as in [13]
and solve it by CPLEX. The restored load and computational
time are given in Table III, where Py, is the system’s baseline
load. All the approaches return similar results as the CPLEX
using less computational time when the system is in the
light loading condition. However, DQN and MARL suffer
a decreased accuracy, especially when the system has heavy
loading, and DG capacities are marginal to the given load
demand. Besides, without considering the neighboring influ-
ence, DQN has the worst performance. The message sharing
helps the G-RL and MARL to discover a better policy signifi-
cantly. However, MARL is unable to discover the sophisticated
restoration protocol because of lacking knowledge regarding
power networks. Given the same operational condition, the
proposed solution has a better performance than other RL
benchmarks. To better interpret the results, Fig. 9 visualizes
the restoration path sequentially using the learned policy.
We assume the DGs at Node 55 and Node 250 have lower
power capacity. As shown in Fig. 9, energization agents are
coordinated to restore the system in three steps, where 1) no
loops are formulated; 2) full loads are energized, and 3) DGs
energize loads based on their power capacity. For example,
two node cells need to be energized in the second step. At
that time, the DG at Node 450 has not enough capacity to
energize the node cell next to the current energization agent’s
location (brown). Meanwhile, the substation at Node 150 can
not energize the node cell above the current energization
agent’s location (red) either. If it decides to energize this cell,
the system can not be fully energized since each agent can
not enter a node that has already been visited. Based on the
current situation, the policy coordinates the energization agents

by kingsgtinns pssispls S diFRy espring the full system.

To analyze the scalability, we test the proposed solution on
the modified IEEE 8500-node system. The graph is represented
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Control sequences in the IEEE 123-node test system
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Fig. 10. Learning curves of rewards for the IEEE 8500-node test system

according to the system topology. The system contains 20
black-start DGs to energize the 578 node cells. Again, for G-
RL, each episode has a random loading condition and constant
depot locations. Instead of training from scratch, the proposed
pre-training paradigm is deployed over different energization
agents. To keep the environment being invariant, the number
of neighbors to an agent is assumed to be 3. The pre-training
in multi-agent systems aims to help agents learn cooperative
behavior [33]. Specifically, a control policy is first pre-trained
with 5 DGs. Once it is completed, the returned policy is
transferred to an increased number of DGs (i.e., 10, 15 and
20) repeatedly.

The results of the solutions with/without pre-training are
given in Fig. 10, where the mean rewards are illustrated for
several training runs, respectively. It is shown that equipping
our solution with the pre-training paradigm will significantly
improve the performance of the entire learning process and
is able to handle problems in a large-scale system. The
mean reward, the SR, and the training time for different RL
algorithms are given in Table. IV. These results verify that our
solution can effectively address the restoration problem in a
large-scale test system.



TABLE IV
TRAINING RESULTS OF DIFFERENT RL ALGORITHMS IN THE IEEE
8500-NODE TEST SYSTEM

SR Mean reward  Training time

(%)  (per unit) (hrs)
DQN 28 0.431 12.2
MARL 56 0.654 9.8
G-RL 94 0.968 6.4
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Fig. 11. Mean SR v.s. average training time for every 50 episodes in the

IEEE 8500-node test system

TABLE V
TESTING RESULTS IN THE IEEE 8500-NODE TEST SYSTEM

DQN MARL G-RL
Average restored load  73.53%  92.32%  100%
Average time (s) 2.35 2.05 2.02

To further demonstrate the performance, we compare the
pre-trained G-RL with other RL algorithms for 50 test cases.
As it may take hours to complete one case, for the sake of
efficiency, we only train these algorithms for 500 episodes for
each case. Fig. 11 illustrates the mean SR v.s. the average
training time. The results verify that our solution is more
effective than other RL algorithms.

We implement the learned control policies using different
RL-based approaches, and the results are given in Table V.
As expected, our solution has outstanding performance among
the RL-based algorithms, benefiting from the pre-training
paradigm and embedded graphical network. Hence, the results
verify the ability of our solution to handle large-scale test
systems.

Remark 4.1: Training GCN sometimes can be very ex-
pensive, and solving simple problems directly with model-
based programs can be more straightforward and has a similar
computation time as in Table IV. Instead of proposing a new
method that replaces the existing solutions, we focus more on
providing an alternative method when the existing solutions
have difficulty in solving the problem directly with traditional
programs. In particular, their performance could be degraded
by three aspects: 1) the system operator has incomplete
and inaccurate information; 2) the computational time for
these algorithms increases significantly with the increase of
controllable devices and the operation horizon and 3) these
algorithms have to resolve the problem at each time step
when the system condition changes with time, limiting their

flexibility. Although MILP solvers would have a comparable
computational time, our RL-based method is more robust to
the model inaccuracy and brings an additional advantage to
solving restoration problems. Besides, with the multi-agent
framework and attention mechanism, during implementation,
agents only require the (latent) features from their neighbors
(e.g., via communication) regardless of the number of agents,
which makes our solution easily scale.

V. CONCLUSION

This paper proposes a G-RL framework to address the DSR
problem. The power network is modeled by a graphical model
and linked with the structure of GCNs to capture the influence
of network reconfiguration and graphical interactions over
controllable devices. The DRL algorithm is then adopted to
learn an effective control policy for DSR using latent features
produced by GCNs. The MA environment and pre-training
paradigm make our solution easy to be scaled to large power
systems while maintaining its efficiency. Comprehensive case
studies on IEEE 123- and 8500-node test systems show that
the proposed G-RL framework significantly improves the
efficiency and scalability of conventional RL algorithms, e.g.,
DQN and MARL.
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APPENDIX
A. Power flow constraints

Agents calculate the following power flow constraints to
obtain I2,:

> HReRS- Y BReRL )
h:(h,i)eB J:(i,5)EB

SoaEeaf= > Qreeh aw)
hi(h,i)€Q J:(i,5)EB

Ui = Uj = 2(riz P + 24;Q5%),  (140)

_Pi?ax SPE‘R S P;}lax7 (14d)
max BR max

—Qij" <Qij < Q" (14¢)

Umin SUz < [ymax (l4f)

where (14a) - (14c) are the linear DistFlow constraints [36],
and (14d) - (14f) are the associated operational constraints.

B. MILP Model [13]

Here, we list the constraints used in the comparative study.
Note that since these constraints of the fixed-time step model
are directly adopted from [13], their equations are not detailed
for simplicity, and we provide the the corresponding equation
numbers in [13]. The optimization objective is to minimize
the unserved energy, subject to the following constraints:

o System model constraints (23) — (32),

o System operational constraints (37) — (39),
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Component operational constraints (40) — (42),
Connectivity and sequencing constraints (44) — (50)
Operating time constraints (51) — (52).
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