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Abstract This paper investigates the problem of traffic signal control in large-scale road networks. A deep reinforcement

learning model based on graph meta-learning using local subgraphs is proposed to control the traffic signal. The entire

traffic network is represented as a graph by defining traffic lights as nodes and treating connections between intersections as

edges. A graph neural network is used to enhance cooperation and communications between agents since information about

neighbors is aggregated. To overcome the challenges in large-scale road networks, the proposed model employs a graph

neural network on local subgraphs to reduce the difficulty of training in large-scale road networks. The model trained in

small-scale traffic networks is transferred to a large-scale traffic network. Agent knowledge acquired from local subgraphs

during the training of a small-scale road network confers advantages to the training of large-scale road networks under the

resemblance between the structures of local subgraphs in small- and large-scale road networks. Furthermore, meta-learning is

used to facilitate the model’s rapid adaptability to unseen large-scale road networks. The advantage of the double Q-learning

network is taken to reduce overestimation. In experiments, real-world road networks and synthetic road networks comprising

more than 1000 intersections are given to evaluate the effectiveness of the proposed model.
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1 Introduction

Traffic congestion considerably impacts society and the economy [1, 2]. Traffic signal control (TSC)
represents a potential solution for mitigating congestion within urban traffic networks. The selection of
an appropriate signal control strategy can alleviate traffic congestion [3].

The primary objective of TSC is to facilitate the safe and efficient movement of vehicles through
intersections while optimizing key measures such as travel time and throughput, which are commonly
adopted to quantify the effectiveness of a given signal control strategy [4]. TSC systems such as SCATS [5]
and SCOOT [6] that rely on expert knowledge may be inefficient despite their widespread adoption.
Thus, an increasing number of researchers are exploring intelligent TSC schemes that leverage advanced
technologies, such as deep reinforcement learning (DRL) within the field of artificial intelligence (AI),
to enhance the efficiency of TSC. Reinforcement learning (RL) explores the learning of knowledge by
an agent through its interactions with the environment [7]. The remarkable success of deep Q network
(DQN) has given rise to a trend toward the use of DRL, which combines the function approximation
capabilities of deep learning (DL) with the strategy generation abilities of RL [8].

When RL is adopted in TSC, every traffic light in the road network is controlled by the agent. The state
is composed of queue length, waiting time, and phase, and the reward function usually depends on queue
length, waiting time, and throughput [4]. Pol et al. [9] used the DQN framework to address the challenge of
TSC. They adopted an image-like representation of the state, which encompassed the positions of vehicles
as well as information on traffic lights. Multiple studies have concentrated on enhancing DQN [10–12],
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and these efforts have been considered in TSC [13]. An increasing number of novel technologies in DL
are being employed within the domain of TSC. A graph neural network (GNN) [14] represents a novel
type of neural network architecture that incorporates factors from graph theory. It is suitable to apply a
GNN in TSC because of the structure of road networks, which can be represented as a graph. Devailly et
al. [15] introduced an inductive graph RL approach that leveraged graph convolutional networks (GCNs)
to control traffic signals. Velickovic et al. [16] introduced the attention mechanism to GNNs. Graph
attention network (GAT) [16] was used in CoLight [17] to incorporate the temporal and spatial influences
of neighboring intersections into target intersections. Yan et al. [18] proposed the graph cooperation Q-
learning network traffic signal control (GCQN-TSC) model to enhance collaboration among agents. The
proposed model is a graph cooperation network with an embedded self-attention mechanism. Moreover,
novel technologies like meta-learning, which can expedite the learning process in new scenarios, were
combined with RL to control traffic signals [19, 20].

Despite the extensive research on TSC, relatively few studies have focused on the challenges of managing
large-scale road networks that encompass over one thousand traffic lights and must contend with heavy
traffic flows. In this paper, the TSC problem of large-scale road networks is studied. Currently, the
GNN is a pivotal tool for TSC because of its proficient handling of traffic graph structures, enabling
comprehensive capture of the topology and spatial relationships within a traffic network. However, large-
scale traffic networks often comprise numerous intersections, exhibiting intricate topological structures.
The GNN applied directly for large-scale TSC usually exhibits limited performance and learning efficiency.
Moreover, it is difficult to train many agents directly in large-scale traffic networks. Therefore, how to
expedite the learning process of the DRL model by leveraging prior experiences should be studied.

Given the aforementioned challenges, in this paper, a novel DRL model based on graph meta-learning
using local subgraphs for large-scale TSC is proposed. First, the TSC problem is modeled as a partially
observable Markov decision process (POMDP), and the entire road network is represented as a graph
with traffic lights defined as nodes and connections between intersections treated as edges. Second, multi-
hop neighboring nodes of target nodes are extracted to construct local subgraphs, and then small- and
large-scale road networks are depicted by multiple small local subgraphs. A GNN, which can enhance
cooperation and communications between agents since information about neighboring nodes is aggregated,
is employed on local subgraphs rather than the whole graph to reduce the difficulty of training in large-
scale road networks. The model forward architecture comprises the graph information extraction module,
the intermediate information processing module, and the final Q-value prediction part. To avoid direct
training in large-scale traffic networks from the ground up, the model trained in small-scale traffic networks
is transferred to a large-scale traffic network. Furthermore, meta-learning is used to enable the transferred
model to quickly adapt to unseen large-scale road networks that include similar local subgraphs with
small-scale traffic networks, thereby enhancing its training performance. Finally, experiments on large-
scale road networks with high traffic flow show the strong performance of the proposed model when facing
a previously unseen large-scale road network.

The main contributions of the paper are as follows. (1) A novel DRL-based TSC model using local
subgraphs is proposed to reduce the difficulty of training in large-scale road networks and improve traffic
efficiency, where a GNN is used on local subgraphs instead of the entire graph, and the model is trained
in small-scale traffic networks and then transferred to a large-scale traffic network. (2) Network training
is conducted under the meta-learning framework to facilitate the model’s rapid adaptability to unseen
large-scale road networks.

The remainder of the paper is organized as follows. Section 2 presents a literature review. Section 3
presents the problem formulation. The proposed model is described in detail in Section 4. Experiments
and evaluations are presented in Section 5. Finally, the paper is concluded in Section 6.

2 Related work

Before the application of RL, several classic methods for TSC have been used. SCATS [5], which has
been widely adopted in many metropolises, chooses traffic signals according to the predefined perfor-
mance measurements. Max-pressure control [21] determines traffic signals on the basis of the principle
of minimizing the “pressure” of phases at an intersection. Max-queue length greedily selects the phase
with the maximum queue length [22].

Recently, important advancements in DL and RL have been made from different research focuses.
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Multitasking data in offline RL have been studied. Pessimistic value iteration on the shared offline
dataset is conducted to execute multitasking data sharing when the dataset is limited [23]. A diffusion-
based method multi-task diffusion model (MTDiff) [24] was proposed in modeling large-scale multi-task
offline data. Regarding safe offline policy, Bai et al. [25] proposed the monotonic quantile network for risk-
averse policy learning, and the method addresses the distribution shift problem. To generalize policies
across diverse domains, Xu et al. [26] proposed the value-guided data filtering algorithm. Furthermore, in
terms of exploration, Hao et al. [27] presented several key challenges in efficient exploration and surveyed
numerous exploration-related methods. Potential safety issues in RL cannot be ignored. Sun et al. [28]
introduced two novel adversarial attack techniques to stealthily and efficiently attack the DRL agents.
RL has enhanced the cognitive abilities of decision-making systems, thereby greatly accelerating the
development of some domains such as game intelligence [29].

Given these advancements, numerous studies have investigated the TSC problem using AI-based ap-
proaches. Deep imitation learning was used to learn expert knowledge through the historical record of
manipulations by traffic operators [30]. Nonetheless, this model is less intelligent than RL-based models,
as it relies on imitation rather than true learning. Some studies based on RL models focus on traffic
scenarios of only one intersection. Li et al. [31] employed a deep stacked autoencoder neural network to
approximate the Q-function. Notably, the experimental settings were relatively modest in complexity, as
only two phases were considered, while right-turn and left-turn maneuvers were omitted. IntelliLight [32]
addresses a simplified one-intersection case. The novel design of memory structure that is beneficial to
the training in RL has also been discussed. IntelliLight, which improved the balance and accuracy of
Q-value estimations, set up a separate experience pool for each phase/action combination, and the same
number of samples was selected from each pool during training. Liang et al. [13] proposed a DRL model
that incorporated dueling, target, and double Q-learning networks and prioritized experience replay to
control traffic light signals. Moreover, they defined actions as plus or minus 5 s for one and only one
phase of the cycle to make the model more flexible.

Although prior studies have predominantly focused on optimizing traffic flow at an isolated intersec-
tion, the recent emergence of TSC systems has used multiagent reinforcement learning (MARL) models
to optimize across entire road networks. In multi-intersection scenarios, it is a common practice to di-
rectly expand single-agent RL to MARL, where each agent is trained and executed independently while
leveraging parameter sharing [33–36]. Furthermore, MARL is often implemented within a value-based RL
framework [17,37,38]. In devising an MARL model for TSC, it is valid to incorporate intuitive principles
that are known to be effective in TSC [34,37–39]. Max-pressure control [21] was considered in the design
of state representation and reward function [37]. Wu et al. [38] proposed efficient pressure and consid-
ered it the traffic state. The correlation degree based on the number of vehicles waiting between two
intersections was introduced in the observation and reward function to facilitate communications between
agents [34]. Zhang et al. [39] included the demand for each phase, which is measured in terms of the
number of vehicles traveling on the incoming lanes within the effective range, as a state representation.

However, most studies focus on scenarios in which the number of intersections is limited to fewer
than 100. In a practical road network, the total count of intersections typically exceeds one thousand.
Extensive road networks with more than one thousand traffic lights are infrequently analyzed because
of the intricacies of the traffic conditions involved. Although CoLight [17] pioneered the use of GAT to
perform experiments on a large-scale road network comprising hundreds of traffic signals, it considered
relatively few intersections, i.e., 196, compared with a practical large-scale road network, which involves
more than 1000 traffic lights that must be considered. MPLight [33] used max-pressure control [21] to
conduct experiments in a Manhattan road network comprising 2510 traffic lights. Nonetheless, the traffic
volume utilized was relatively light, and a transferring model that is trained in small-scale road networks
to large-scale road networks to improve learning efficiency was ignored. An RL model based on GCNs
was explored to generalize to new road networks, and a Manhattan road network involving 3971 traffic
lights was considered [15]. However, traffic of two distinct regimes utilized was relatively light, and using
a GNN on the entire graph in a 3971 large-scale road network was inefficient.

Furthermore, meta-learning, an innovative AI technique, has been integrated with RL in TSC to enable
rapid adaptation to new tasks by leveraging prior experience [19,20]. Zang et al. [19] employed a gradient-
based meta-learning algorithm that involved periodically alternate individual- and global-level adaptation.
This approach facilitated the transfer to new tasks, with training and testing scenarios spanning multiple
cities and traffic flow conditions. However, GNNs were not used to extract graph information from road
networks, and the experimental scenarios were relatively limited in scale; notably, the potential of meta-
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Figure 1 (Color online) Illustration of road networks. (a) Multi-intersection road network; (b) one intersection road network.

learning in tackling TSC on large-scale road networks was not explored. Wang et al. [20] developed a graph
neural framework that incorporates a GAT and a long short-term memory (LSTM) network to extract
spatial and temporal information. Meta-learning facilitates the graph network in effectively capturing
the dynamically evolving characteristics of the intersections by dynamically learning the weights in the
GNN. This approach falls under model-based meta-learning. Specifically, the authors trained two meta-
knowledge learners to generate weights for GAT and LSTM. Nonetheless, experimental road networks
contained relatively few intersections, and meta-learning was not used to facilitate the adaptability to
unseen large-scale road networks.

In this work, we design a DRL model based on graph meta-learning using local subgraphs to rapidly
adapt to unseen large-scale road networks by utilizing knowledge obtained in the training of a small-
scale road network. A GNN is used on local subgraphs instead of the entire graph to fully capture
large-scale road network structures and reduce the difficulty of training in large-scale road networks. In
addition, network training is conducted under the meta-learning framework to facilitate the model’s rapid
adaptability to unseen large-scale road networks. In experiments, a 25×40 large-scale road network with
high traffic flow is studied using the proposed model.

3 Problem formulation

This paper studies the TSC problem in the context of multiple intersections. Road networks with multiple
intersections and single intersections are shown in Figure 1. Figure 1(a) illustrates a multi-intersection
road network with six intersections, where traffic signals of multiple intersections must be coordinated
simultaneously to regulate traffic flow. The travel time of a vehicle is equal to the time difference between
its entering and leaving the road network. The average travel time of the road network is defined as the
average travel time of all vehicles that have entered and left the system. TSC aims to minimize the travel
time of vehicles by coordinating their movements at intersections. Figure 1(b) shows a typical intersection
with eight approaches, including four incoming approaches and four outgoing approaches. Each approach
comprises three lanes. The queue length of a lane is defined by the number of waiting vehicles in the lane.
A vehicle traverses the intersection from an incoming approach to an outgoing approach, which is called
a traffic movement. A movement signal is defined with a green signal indicating that the corresponding
traffic movement is allowed and a red signal indicating that the movement is prohibited. As shown in
Figure 2(a), eight traffic movement signals are employed, wherein right-turning vehicles are permitted
to pass through the intersection irrespective of the traffic signal. A traffic signal phase p is defined as a
combination of multiple movement signals. As illustrated in Figures 2(b) and (c), four phases and eight
phases are commonly used, respectively. A TSC scheme that comprises a set of phases can be defined as
{(p1, t1), (p2, t2), . . . , (pi, ti), . . .}, where pi represents the i-th phase and ti represents the corresponding
start time.

We model the TSC problem as a POMDP with 〈G(V , E),S,O,A,P ,R, π, γ〉. G(V , E) is used to rep-
resent the road network as a graph, where V and E denote the node set and edge set, respectively, with
intersections as nodes and connections between intersections as edges. Any edge in E is undirected be-
cause lanes are bidirectional. Assume the road network has N intersections, and each intersection is
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Figure 2 Illustration of movement signals and phases. (a) Movement signals; (b) four phases; (c) eight phases.

controlled by an agent. S is the state space, and O is the observation space. An agent can only observe
a partial state of the entire system. The observation of agent i, which is defined as oi ∈ O, only includes
information of intersection i. Observation information oi can be used by Ni, which denotes the neighbor
agents of agent i. Ai represents the action space of agent i, and A is the joint action space of all agents,
where A = 〈A1,A2, . . . ,Ai, . . . ,AN 〉. The system arrives at a new state after all agents have taken
action. P denotes the transition probability, where P (s′|s, a) represents the probability of the transition
to state s′ when taking action a at state s with s, s′ ∈ S and a ∈ A. R : S × A → R represents the
reward function. Agent i takes action a ∈ Ai when it receives observation oi ∈ O in accordance with
policy πi(a|oi), and π is the joint policy where π = 〈π1, π2, . . . , πi, . . . , πN 〉. γ is the discount factor.

3.1 States

The selection of an appropriate state representation that accurately reflects the environment’s condition
is crucial in TSC. In this paper, the current traffic light phase p and the queue lengths of the incoming
lanes of each intersection are used as the state. The observation oi of agent i is described as a vector
[m1, . . . ,mj , . . . ,m8, q1, . . . , ql, . . . , qL], where binary valuemj represents the j-th traffic movement signal,
with 0 indicating permission and 1 prohibition, ql represents the queue length of lane l, and L is the
number of incoming lanes of the intersection.

3.2 Actions

Action ai of agent i is chosen as phase p from phase sequence 〈p1, . . . , pk, . . .〉, where pk represents the
k-th phase in the configuration of four phases or eight phases.

3.3 Rewards

The reward function is a critical element for the RL model in TSC. The negative sum of queue lengths
of all incoming lanes of intersections is employed as the reward in the proposed model. The reward ri of
intersection i and the reward r of the road network are designed as follows:

ri = −
∑

l∈Li

ql, (1)

r =
1

N

N
∑

i=1

ri, (2)

where ql is the queue length of lane l, Li is the set of incoming lanes of intersection i, and N is the
number of intersections of the road network.

In addition, using the queue length as the reward and incorporating it as part of the state representa-
tion, optimization of the reward can be facilitated [22]. The agent aims to maximize the reward.

4 Proposed model

In this section, the proposed DRL model based on graph meta-learning using local subgraphs is described
in detail.

DRL models are difficult to implement for multi-intersection TSC because they can extract and ef-
fectively utilize the information of the complicated road network structure. Particularly, in a large-scale
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traffic road network where more than one thousand traffic lights need to be controlled, abundant agents
and a complex road network structure complicate the training of the RL model. Such scenarios result in a
considerable reduction in training performance. In the proposed model, a GNN is employed on local sub-
graphs to reduce the difficulty of training in large-scale road networks and to extract the information on
road networks adequately. Using meta-learning and local subgraphs, better performance can be obtained
through less training in large-scale road networks after transferring from small-scale road networks.

First, how each traffic network is represented as an entire graph and how local subgraphs are generated
from this graph are elucidated. Second, a GNN employed on local subgraphs to capture graph structure
and conduct observation information processing is explicated. Third, the final representation is described
as each local subgraph that is used to predict Q-values. Finally, double DQN training under a meta-
learning framework is elucidated.

4.1 Graph representation of the road network

We represent the road network as a graph where each intersection and node is considered a node and
edge, respectively. Figure 3 presents an example of a graph representation of the road network, wherein
each node is depicted as a circle, and each road is illustrated as a line.

4.2 Local subgraphs

GNN representations may fail to entirely capture the intricate structure of large and complex graphs
[40, 41]. In large-scale road networks, especially where more than one thousand traffic lights need to be
controlled, it is inefficient to directly use a GNN on the entire graph. In the proposed model, we apply
a GNN on local subgraphs instead of the entire graph. V is the set of nodes in the entire graph G(V , E).
The generated local subgraph of node i ∈ V is defined as Ui = (V i, E i), where V i represents a set of
nodes {k|d(k, i) 6 h} and E i denotes a set of edges between these nodes, d(k, i) represents the shortest
distance between nodes k and i in the entire graph, and h defines the size of the local subgraph. Node
i is defined as the central node of the local subgraph Ui. In addition, the representation of the local
subgraph Ui is defined by the representation of node i. The number of local subgraphs in an entire graph
equals the number of nodes in the entire graph. Figure 3 shows an example of the generation of local
subgraphs Ui and Uj , where h is 2, Ui is marked in purple, Uj is marked in green, and arrows represent
directions of generating local subgraphs. A node may belong to two or more different local subgraphs.
As shown in Figure 3, k is a special node that belongs to Ui and Uj simultaneously. Useful information
can be preserved when the GNN is applied on the local subgraphs compared with the entire graph [42].
We employ the GNN on local subgraphs to fully capture the structure of large-scale road networks and
reduce the difficulty of training. The utilization of agent knowledge acquired from local subgraphs during
the training of a small-scale road network confers advantages to the training of large-scale road networks
by virtue of the resemblance between the structures of local subgraphs in small- and large-scale road
networks.

4.3 Model architecture

In this section, the architecture of the proposed model is elucidated. In the proposed model, each
intersection is controlled by an agent, and the parameters are shared among agents. Parameters sharing
among agents can reduce the overall number of parameters, thus streamlining the learning process for
individual agents. The same parameters are updated across multiple local subgraphs, thereby enabling
the proposed model to generalize effectively to previously unseen large-scale road networks. The proposed
model is trained directly in a small-scale road network and then transferred and trained in a large-scale
road network.

The main architecture of the proposed model is illustrated in Figure 4 and includes the graph informa-
tion extraction module, the intermediate information processing module, and the final Q-value prediction
part.
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Figure 3 (Color online) Illustration of the representation of the traffic network.

Figure 4 (Color online) Main framework of the model.

4.3.1 Graph information extraction

In this part, GNN is employed to capture graph structure and conduct observation information processing.
We first process observation information of agents using a GraphSAGE layer [43]:

m
(0)
ik

= mean ({oj , ∀j ∈ Nk(i)}) , (3)

h
(1)
ik

= σ
(

concat
(

oi,m
(0)
ik

)

W0 + b0

)

, (4)

where m
(0)
ik

represents the aggregation of the observation information of i’s neighbors in Uk, oj ∈ R
e

denotes the observation of intersection j, e represents the feature dimension of observation, Nk(i) is the

set of adjacent intersections of i in the local subgraph Uk, mean(·) denotes the mean aggregator [43], h
(1)
ik

is the first processed feature of intersection i in local subgraph Uk, W0 ∈ R
2e×n and b0 ∈ R

n are the
weight matrix and bias vector to be learned, respectively, n denotes the number of neurons in the hidden
layer, concat(·) denotes the operation of concatenating, and σ denotes a ReLU function. As mentioned
in Subsection 4.2, a node probably belongs to two or more different local subgraphs simultaneously. In

this case, the processed feature h
(1)
ik

of intersection i in Uk differs from that in other local subgraphs. The
embeddings of initial nodes encode the observable features of intersections.

4.3.2 Intermediate information processing

In this section, final representations of local subgraphs are obtained:

m
(1)
ik

= mean
({

h
(1)
jk

, ∀j ∈ Nk(i)
})

, (5)
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h
(2)
ik

= σ
(

concat
(

h
(1)
ik

,m
(1)
ik

)

W1 + b1

)

. (6)

Eqs. (5) and (6) are defined as PRO1
k(h

(1)
ik

), where m
(1)
ik

represents the first aggregation of the first

processed features of i’s neighbors in Uk, h
(2)
ik

represents the second processed feature of intersection i in
local subgraph Uk, and W1 ∈ R

2n×n and b1 ∈ R
n are the weight matrix and bias vector to be learned,

respectively.

The equation h
(p+1)
ik

= PROp
k(h

(p)
ik

) can be represented as

m
(p)
ik

= mean
({

h
(p)
jk

, ∀j ∈ Nk(i)
})

, (7)

h
(p+1)
ik

= σ
(

concat
(

h
(p)
ik

,m
(p)
ik

)

Wp + bp

)

, (8)

where m
(p)
ik

represents the p-th aggregation of the p-th processed features of i’s neighbors in Uk, Wp ∈
R

2n×n and bp ∈ R
n are weight matrix and bias vector in the p-th calculation.

Then, the final representation of node i in Uk can be obtained as

h
(2)
ik

= PRO1
k(h

(1)
ik

),

· · ·

h
(L+1)
ik

= PROL
k (h

(L)
ik

),

(9)

where L = h− 1, and h is the size of the local subgraph, as mentioned in Subsection 4.2.
Afterward, the final representation of the local subgraph Uk is obtained:

hk = h
(L+1)
kk

, (10)

where hk denotes the final representation of Uk.

4.3.3 Q-value prediction

The final representation hk of local subgraph Uk is used to predict Q-value:

qk = hkWq + bq, (11)

where Wq ∈ R
n×v and b ∈ R

v are the weight matrix and bias vector to be learned, respectively, v denotes
the number of actions, and qk represents the predicted Q-value of node k.

4.3.4 Network training under a meta-learning framework

Network training is conducted under a meta-learning framework. A meta-learning framework facilitates
learning and improves the model’s rapid adaptability to previously unseen large-scale road networks. In
this paper, the network training process is divided into two parts: inner loop training (ILT) and outer
loop training (OLT). Moreover, two sets of trainable parameters of the neural network are updated at
the corresponding training process, including inner loop parameters of the value network θinner and inner
loop parameters of the target network θ−inner, outer loop parameters (or meta parameters) of the value
network θmeta, and outer loop parameters of the target network θ−meta. An agent makes decisions in the
proposed model with the latest θinner. The value of θinner is always replaced with the value of the latest
θmeta after OLT, and they are initialized with the value of the latest θmeta before the start of each episode.
The value of θ−meta is replaced with θmeta every few OLTs. Moreover, the value of θ−inner is also replaced
with the value of θ−meta when θinner is replaced or initialized. Notably, θ−inner remains unchanged during
ILT before the next OLT.

Differences between ILT and OLT are expatiated as follows. First, the training data used in ILT is the
experience collected during that training episode, while the data used in OLT includes not only experience
collected during that training episode but also data sampled from the pool of stored samples. Second,
the training frequency of ILT is higher than that of OLT. Several ILTs are conducted before the next
OLT.
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During each training, double DQN [11] is used. This method alleviates the problem of overestimation
in the proposed model. The network training is conducted as follows:

yti =
rti
β

+ γQ
(

ot′i , argmaxat′

i

Q
(

ot′i , a
t′
i , Ui; θ

)

, Ui; θ
−
)

, (12)

L(θ) =
1

T

T
∑

t=1

∑

i∈Wt

||yti −Q
(

oti, a
t
i, Ui; θ

)

||2, (13)

θ = θ − α∇θL(θ), (14)

where T denotes the total number of time steps in the updating, Wt represents the set of nodes in the
updating at time step t, yti represents the target value, otk represents the observation of node k at time
step t, V i represents the node set of local subgraph Ui, o

t
i = {otk, ∀k ∈ V i} is the set of observations of

nodes in subgraph Ui, o
t′
i denotes the next observation for oti, a

t
i is the action of node i at time step t,

θ contains all trainable parameters of the value network in the proposed model, Q
(

oti, a
t
i, Ui; θ

)

= qi(a
t
i),

qi is referred in (11), qi(a
t
i) represents the Q-value under action ati, r

t
i denotes the reward of node i at

time step t, β represents a standardized coefficient, θ− represents all trainable parameters of the target
network in the proposed model, L represents the loss function, and α is the learning rate. Eq. (14) is
conducted by the adaptive moment estimation (Adam) [44].

Finally, during parameters updating, ILT is conducted using the equation below:

θinner = θinner − ω∇θinnerL(θinner), (15)

where ω is the learning rate of ILT. Furthermore, OLT is conducted using the following equation:

θmeta = θmeta − λ∇θmeta
L(θmeta), (16)

where λ is the learning rate of OLT.

The training process of the proposed model is given in Algorithm 1. All training on small- or large-
scale road networks is given. Notably, the input θmeta should be initialized randomly when training on a
small-scale road network; then, the output θmeta is transferred to training on large-scale road networks.

In the following discussion, we discuss the computational complexity of the proposed model. The
proposed algorithm introduces additional overhead mainly due to local subgraphs and meta-learning.
In terms of local subgraphs, each node i corresponds to a local subgraph Ui whose center node is i,
which requires additional space to store compared with the GNN on the entire graph because some
nodes and edges are simultaneously present in different subgraphs. Additionally, more time is required
than the GNN on the entire graph because of some repeated computations in different local subgraphs,
such as some aggregations. Despite the additional storage space and time required for local subgraphs,
their incorporation considerably enhances performance, reduces training difficulty, and confers advantages
to the training of large-scale road networks by virtue of the resemblance between the structures of local
subgraphs in small- and large-scale road networks. In terms of meta-learning, additional space is required
because two sets of parameters, namely, inner loop parameters θinner, θ

−
inner and outer loop parameters

θmeta, θ
−
meta, require the double amount of space. ILT and OLT require more computation time than

algorithms without meta-learning. Despite incurring additional overhead, meta-learning facilitates the
model’s rapid adaptability to unseen large-scale road networks.

5 Experiments

We conduct experiments on CityFlow [45]. Small-scale road networks and a large-scale road network
with 1000 traffic lights are used to validate the proposed model. Ablation experiments are conducted to
ascertain the effectiveness of local subgraphs and meta-learning in the proposed model. The computations
on graphs were performed using DGL [46], an efficient and scalable Python package for DL on graphs.
All experiments were conducted five times using different random seeds, and the average outcomes were
used for evaluation.
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Algorithm 1 Training process of the proposed model.

Input: ω, λ, initial greedy factor ǫ, minimum value of greedy factor ǫmin, ǫ decay rate τ , two empty pools D1, D2, ILT frequency

tinner, OLT frequency touter, minimum and maximum amount of stored samples for D1: Bmin and Bmax, maximum amount of

stored samples for D2: B′

max, maximum amount of training samples in D2 for OLT: Bouter, θmeta, road networks;

Output: Optimized meta parameters θmeta;

Create the entire graph G(V, E) and local subgraphs {Ui = (Vi, Ei), ∀i ∈ V};

Replace the value of θinner, θ
−

inner
, θ−

meta with θmeta;

for episode = 1, . . . do

Empty D1;

Replace the value of θinner with θmeta, replace θ−

inner
with θ−

meta;

for time step t = 1, . . . do

Receive observations {ot
i
, ∀i ∈ V} from the environment;

for i ∈ V do

Choose actions at

i
using ǫ greedy according to Q

(

ot
i
, ai, Ui; θinner

)

;

end

Take actions {at

i
, ∀i ∈ V} and get rewards {rt

i
, ∀i ∈ V}, next observations {ot+1

i
, ∀i ∈ V};

Add {〈ot
i
, at

i
, rt

i
, ot+1

i
〉, ∀i ∈ V} into D1, D2;

if |D1| > Bmax then

Remove the oldest experience in D1;

end if

if |D2| > B′

max then

Remove the oldest experience in D2;

end if

if t mod tinner = 0 and |D1| > Bmin then

do randomly draw samples from D1;

Use (15) to update θinner;

until all samples in D1 have been drawn;

end if

if t mod touter = 0 and |D1| > Bmin then

if episode = 1 then

do randomly draw samples from D1;

Use (16) to update θmeta;

until all samples in D1 have been drawn;

else

do randomly draw samples from D1 ∪min(Bouter, |D2|);

Use (16) to update θmeta;

until all samples in D1 ∪min(Bouter, |D2|) have been drawn;

end if

Update θ−

meta, replace the value of θinner with θmeta, replace θ−

inner
with θ−

meta;

end if

ǫ← ǫ× τ but make sure ǫ > ǫmin.

5.1 Settings of the traffic simulator

CityFlow is an MARL environment for large-scale urban traffic scenarios, and it can provide various
road networks and flexible traffic flow scenarios. During interactions between the agents and CityFlow,
CityFlow sends real-time state data to the agents, after which the agents make decisions and send actions
back to CityFlow. Subsequently, each traffic light is assigned a phase, and the simulator executes the
traffic signal action for 10 s. Then, each green signal is followed by a three-second yellow signal and
a two-second all-red signal. Afterward, the agents receive rewards and new real-time state data, and
the decision-making process is repeated as before. A time step is defined as the interval where all
intersections have taken action once. In the experiments, each time step is set to 15 s. Vehicles in
the traffic road network can travel straight or turn left or right at intersections. Traffic lights control
the movements of going straight and turning left, while turning right is unrestricted. Vehicles can turn
right at intersections without being affected by traffic lights. Vehicles entering the road network travel
according to the predetermined speed and routes until they leave the road network.

5.2 Datasets

5.2.1 Synthetic datasets

A synthetic 25×40 large-scale road network is used. Each intersection in the traffic road network consists
of four incoming approaches and four outgoing approaches, each approach comprising three lanes. The
three lanes of an incoming approach represent going straight, turning left, and turning right, respectively.
A vehicle must choose the corresponding lane according to its route after it crosses the intersection.
Traveling to any lane of outgoing approaches is permissible. Each lane is 300 m in length and 4 m
in width. The settings of vehicles settings are shown in Table 1. The predefined routes of vehicles
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Table 1 Settings of vehicles in synthetic datasets.

Parameter Value

Length 5.0 m

Width 2.0 m

Maximum acceleration 2.0 m/s2

Maximum deceleration 4.5 m/s2

Usual acceleration 2.0 m/s2

Usual deceleration 4.5 m/s2

Minimum acceptable gap with leading vehicle 2.5 m

Maximum cruising speed 16.67 m/s

Desired headway time with leading vehicle 1.5 s

encompass various directions, including northbound, southbound, westbound, and eastbound, as well as
combinations of alternating right and left turns and alternating left and right turns. The traffic flow of
vehicles whose routes encompass northbound, southbound, westbound, and eastbound is 19500 vehicles
per 300 s, and that of vehicles whose routes include combinations is 1200 vehicles per 300 s. The traffic
flow is approximately 2096 vehicles per 300 s in the large-scale road network used in MPLight [33] and
is 300 vehicles per 300 s in IG-RL [15]. These flows are lighter than the 20700 vehicles per 300 s used in
this paper.

5.2.2 Real-world datasets

Real-world datasets1), including the 4 × 4 Hangzhou road network and the 28 × 7 New York City road
network, are used. Different real-world traffic flow data are used in Hangzhou and New York.

Experiments are divided into two sections. The first is to train directly on each traffic flow situation of
each road network, excluding the 25×40 road network, and the second is to transfer the model trained on
the small-scale 4× 4 road network to the large-scale 25× 40 road network. In our experimental settings,
each episode is defined as a period of 3600 s.

5.3 Compared methods

• Fixedtime [47]: Phases are executed according to a predetermined plan that includes a fixed sequence
of phases and their corresponding durations.

• CoLight [17]: CoLight is a DRL method that uses GAT [16] to incorporate temporal and spatial
influences of neighboring intersections to target intersections.

• QL-DQN [22]: QL-DQN is an adaptation of vanilla DQN [8] for TSC, where the queue length and
current phase are used as the state, and the queue length serves as the reward. An agent controls each
intersection, and parameters between agents are shared. An agent cannot observe neighbor information.

• GCN [48]: On the basis of QL-DQN, neural network architecture is replaced with two layers of
GCN [48] and a fully connected layer. Information on adjacent intersections is extracted in the GCN
model. Other settings, such as parameter sharing, are the same as those of QL-DQN.

• GraphSAGE [43]: Neural network architecture is replaced with two layers of GraphSAGE [43] and
a fully connected layer based on QL-DQN. The aggregator in the GraphSAGE layer is the mean type.
Other settings are the same as those of QL-DQN.

• GMSLight: The proposed model, which is an intelligent TSC model based on graph meta-learning
using local subgraphs, is named GMSLight.

Intelligent control methods apply the configuration of four phases, whereas Fixedtime employs the
configuration of eight phases.

5.4 Evaluation metrics

We use two metrics to evaluate different models. First, the reward of the road network is used because
it shows the optimization objective of agents. The reward curve explicitly displays the learning quality
of agents. This metric is only employed in the 4 × 4 road network because the reward is improper for
large-scale road networks. Second, average travel time is used to evaluate models, as described in Section
3. This metric has been widely used in numerous studies [17, 33, 35].

1) https://traffic-signal-control.github.io.
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Table 2 Hyperparameter settings.

Hyperparameter Value

The number of neurons in a hidden layer 64

The size of the local subgraph h 2

Epochs of ILT for the road network of 16 nodes 5

Epochs of OLT for the road network of 16 nodes 30

Epochs of ILT for road networks of 196 nodes and 1000 nodes 2

Epochs of OLT for road networks of 196 nodes and 1000 nodes 10

Time steps in one episode 240

Learning rate of ILT and OLT 0.001

ILT frequency tinner 20

OLT frequency touter 60

θ−

meta update frequency 5

γ 0.8

Initial greedy factor ǫ 0.8

Minimum value of greedy factor ǫmin 0.2

ǫ decay rate τ 0.95

5.5 Performance comparison

In this section, we compare the proposed model with other models listed in Subsection 5.3 in terms of
the reward and the average travel time. The hyperparameter setting is presented in Table 2. The batch
size of ILT in scenarios of 16 nodes and 196 nodes at time step tstep is 3 × tstep. The batch size of OLT
in scenarios of 16 nodes and 196 nodes at time tstep is

{

3× tstep, episode = 1,

3× tstep + 720, episode > 1.
(17)

The batch size of ILT in scenarios of 1000 nodes at time step tstep is
{

1000× tstep ÷ 20, tstep 6 150,

1000× 150÷ 20, tstep > 150,
(18)

where 1000 represents the number of nodes and 20 represents the number of batches. The batch size of
OLT in scenarios of 1000 nodes at time step tstep is



















(1000× tstep)÷ 20, tstep 6 150, episode = 1,

(1000× 150)÷ 20, tstep > 150, episode = 1,

(1000× tstep + 150000)÷ 20, tstep 6 150, episode > 1,

(1000× 150 + 150000)÷ 20, tstep > 150, episode > 1.

(19)

One sample in the batch is 〈oti, a
t
i, r

t
i , o

t+1
i 〉, which is mentioned in Algorithm 1. To ensure fair compar-

isons between different models, we keep the amount of training data Depisode per episode approximately
constant across all models. Depisode refers to the number of 〈oti, a

t
i, r

t
i , o

t+1
i 〉 mentioned in Algorithm 1. In

experiments of the 4× 4 road network, Depisode is 3840 for GMSLight in the first episode and 7680 after
the first episode. Moreover, Depisode is 3840 for other methods in the first episode, 7680 in the second
episode, and 8000 after the second episode. In experiments of the 28× 7 road network, Depisode is 47040
for QL-DQN in the first episode and 80000 after the first episode. Furthermore, Depisode is 47040 for
other methods in the first episode and 94080 after the first episode. Depisode is 300000 for all methods
after the first episode on the 25 × 40 road network. After an episode is trained, the evaluation is to be
done after resetting the CityFlow environment with a greedy policy. Notably, only ILT is kept in the test
for GMSLight. Other methods do not undergo training during the testing process. For the training data
used in an episode for GMSLight, 240 sample sets {〈oti, a

t
i, r

t
i , o

t+1
i 〉, ∀i ∈ V} are used for ILT, 240 sample

sets are used for OLT in the first episode, and 480 sample sets are used after the first episode during the
training in the 4× 4 road network and the 28× 7 road network. Furthermore, the number of used sample
sets is 150 for ILT, 150 for OLT in the first episode, and 300 after the first episode in the 25 × 40 road
network.
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Figure 5 (Color online) Learning directly on Hangzhou dataset. (a) Hangzhou A; (b) Hangzhou B.

Figure 6 (Color online) Learning directly on New York dataset. (a) New York A; (b) New York B.

5.5.1 Performance of direct learning

In this section, we compare these models in 4 × 4 and 28 × 7 road networks. In Figure 5, GMSLight
achieves a higher reward and shorter travel time than other methods. Among all methods, GMSLight
and CoLight demonstrate the fastest learning. Figure 5(a) shows that GMSLight learns faster than
CoLight after 10 episodes and displays strong stability after 42 episodes. Figure 6 shows that GMSLight
outperforms all other methods except for CoLight when training directly on the 28×7 road network. The
overall inferior performance of GMSLight compared with that of CoLight in New York A and New York
B can be attributed to the specific intersection locations and traffic conditions in the New York dataset.
These factors pose challenges for GMSLight in effectively handling particular traffic patterns, causing it to
underperform CoLight in such scenarios. However, as shown in Figure 7, when the size of local subgraphs
is 1, GMSLight achieves lower travel time than CoLight in certain episodes, and overall, GMSLight can
achieve a lower optimal travel time than CoLight. This comparison indicates that GMSLight still has
the potential to effectively handle traffic patterns in New York.
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Figure 7 (Color online) Learning directly on New York

dataset with local subgraph size being 1.

Figure 8 (Color online) Transferring to 25×40 road network.

Table 3 Time consumed for the experiments with GMSLight.

Scenario Training time (h) Testing time (h) Other time (h) Total time (h)

Hangzhou A (80 episodes) 5.29 (69.24%) 1.45 (18.98%) 0.90 (11.78%) 7.64

Hangzhou B (80 episodes) 5.68 (68.60%) 1.60 (19.32%) 1.00 (12.08%) 8.28

New York A (80 episodes) 29.63 (55.67%) 13.25 (24.90%) 10.34 (19.43%) 53.22

New York B (80 episodes) 28.78 (55.67%) 12.55 (24.27%) 10.37 (20.06%) 51.70

25× 40 road network (15 episodes) 9.71 (31.41%) 8.79 (28.44%) 12.41 (40.15%) 30.91

5.5.2 Performance of transferring

In this section, all methods are evaluated in the 25 × 40 road network using parameters obtained from
the training in the 4 × 4 road network as initial parameters. The final parameters of the training in
the first real-world traffic flow data are used as initial parameters. Figure 8 illustrates that GMSLight
outperforms the other methods, and notably, GMSLight displays superior performance after only one
training episode. This model’s rapid adaptability to a previously unseen road network benefits from
mechanisms of meta-learning and local subgraphs in the proposed model. Training on local subgraphs of
a small-scale road network facilitates the acquisition of knowledge that can be applied to train on unseen
large-scale road networks with similar local subgraphs.

Figures 5 and 8 show the learning efficiency because different methods have basically the same amount
of training data Depisode between two episodes. GMSLight learns more efficiently than other methods
when transferring to large-scale road networks.

5.5.3 Training time

The time consumed for the experiments with GMSLight using two AMD EPYC 7302 16C/32T CPUs and
a GPU of NVIDIA RTX 3080TI is shown in Table 3; the values in parentheses indicate the proportion
of the corresponding time relative to the total time. Testing time refers to the time consumed during
the testing process. Other time includes simulator running time and data processing time during the
interaction between agents and the environment. Simulator running time and data processing time during
the testing process are included in the testing time. The total number of episodes is 15 for the 25 × 40
road network and 80 for other scenarios. As the number of agents increases, the proportion of other time
becomes larger, while the proportion of training time becomes smaller because the simulator running
and data processing in large-scale scenarios are more time-consuming. In the 25× 40 road network, the
training time is only 9.71 h, accounting for 31.41% of the total time of 30.91 h.

5.5.4 Ablation comparisons

We perform ablation experiments to verify the effectiveness of meta-learning and local subgraphs used
in the proposed model. Two configurations are compared with GMSLight. Configuration 1 excludes
meta-learning, and configuration 2 excludes local subgraphs. Figure 9(a) shows that the mechanisms of
meta-learning and local subgraphs facilitate learning and enhance model stability. Figure 9(b) shows that
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Figure 9 (Color online) Ablation study on learning directly on Hangzhou dataset. (a) Hangzhou A; (b) Hangzhou B.

Figure 10 (Color online) Ablation study on the network transferring. (a) 25 × 40 road network; (b) 35 × 50 road network.

meta-learning and local subgraphs contribute to the improved performance of the proposed model. An
extra 35×50 road network is used to conduct the ablation experiment. The traffic flow of the 35×50 road
network is 26700 vehicles per 300 s, while other settings remain consistent with those of the 25× 40 road
network except for the number of intersections. Figure 10 demonstrates that the application of meta-
learning improves learning efficiency when transferring to large-scale road networks. Although the 35×50
road network has 750 more intersections and 6000 more vehicles per 300 s than the 25× 40 road network,
meta-learning still enables the model to converge rapidly. The mechanism of local subgraphs contributes
to less travel time because knowledge of local subgraphs is used to improve training on previously unseen
large-scale road networks, and the GNN on local subgraphs extracts information on large-scale road
network structures adequately.

5.5.5 Size of local subgraphs

An ablation study has been included to discuss the optimal size of local subgraphs. This study is
conducted with a size ranging from 1 to 3. As shown in Figures 11 and 12, the convergent rewards in
Hangzhou or New York road networks are similar when the size is equal to 1, 2, and 3. In Hangzhou
B, Figure 11(b) shows that a size of 1 achieves slightly better convergent performance despite exhibiting
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Figure 11 (Color online) Ablation study on the local subgraph size on Hangzhou dataset. (a) Hangzhou A; (b) Hangzhou B.

Figure 12 (Color online) Ablation study on the local subgraph size on New York dataset. (a) New York A; (b) New York B.

relatively slow learning speed in the early stage. In New York A, as shown in Figure 12(a), a size of 1
achieves the best performance. A size of 2 in New York B, as depicted in Figure 12(b), demonstrates
basically the most optimal performance. For large-scale road networks, Figure 13 shows that sizes 2
and 3 achieve relatively optimal performance and exhibit the highest learning speed in the 25× 40 road
network and the 35× 50 road network, respectively. Size 1 performs poorly in large-scale road networks
because of the insufficiency of local subgraphs of this small size in extracting and effectively using the
intricate structural information of the large-scale road network. Overall, a size of 1 is optimal in small
road networks, whereas sizes 2 and 3 exhibit superior performance in relatively large road networks. The
optimal size may increase with an increase in road networks.

6 Conclusion

In this paper, we propose a DRL model to solve large-scale TSC problems. Specifically, a GNN is used
on local subgraphs to reduce the difficulty of training in large-scale road networks and to extract the
information on large-scale road network structures adequately. In addition, it is used to promote the
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Figure 13 (Color online) Ablation study on the local subgraph size after transferring. (a) 25× 40 road network; (b) 35× 50 road

network.

training of the transferred model. Meta-learning is introduced to facilitate training when transferring to
previously unseen large-scale road networks. In the future, certain research directions will be of interest
to us. First, the setting of actions can be more flexible by considering the integration of choosing phase
and changing duration. Hybrid action space methods can be taken to address mixed control problems
flexibly [49]. Second, concepts related to multiagent systems focusing on facilitating collaboration can be
considered to enhance performance [50,51]. Finally, how to improve algorithm efficiency in terms of time
and space must be determined.
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