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Abstract. Traffic signal control (TSC) plays an important role in in-
telligent transportation system. It is helpful to improve the efficiency of
urban transportation by controlling the traffic signal intelligently. Re-
cently, various deep reinforcement learning methods have been proposed
to solve TSC. However, most of these methods ignore the fusion of spa-
tial and temporal features in traffic roadnets. Besides, these methods pay
no attention to the correlations of the intersections in several local ar-
eas. This paper proposes a novel multi-agent deep reinforcement learning
method with spatio-temporal feature fusion to solve TSC. The proposed
method firstly calculates the correlations among different time steps to
capture their temporal dependencies. Secondly, the proposed method
constructs connected subnetworks to capture interactive relations among
intersections in the subnetwork. Experimental results demonstrate that
our method achieves state-of-the-art performance on synthetic and real-
world datasets.

Keywords: Traffic signal control · Multi-agent deep reinforcement learn-
ing · Spatio-temporal feature fusion.

1 Introduction

Along with the rapid urbanization process, a large number of crowd are gathering
towards cities constantly. It leads to the increasing number of private cars and
pedestrians. A series of traffic problems are following such as traffic congestions,
greenhouse gas emissions, and road accidents. To address these problems, it is
necessary to control traffic signals intelligently to regulate traffic order and re-
duce road accidents. The application of traffic signal control (TSC) to Hangzhou
city brain v2.0 [10] is a good example. This city brain made dramatic achieve-
ments in TSC. Up to this year, this city brain controls more than 50% of the
traffic signals on elevated road ramps in Hangzhou. It increases total traffic ef-
ficiency by 15.3%. Therefore, TSC plays an important role in relieving traffic
congestions and increasing traffic efficiency.

Traditional methods use manually designed rules to control traffic signals.
However, These rules can not adapt to complex traffic flows in modern soci-
ety. In recent years, some reinforcement learning (RL) based methods [12, 18,
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24, 29] have emerged to make real-time decisions to solve TSC. These meth-
ods can adjust strategies online according to the feedback of the environment.
Moreover, some multi-agent RL methods [18, 29] handle each intersection as a
single agent. These methods use graph neural networks to learn the interactions
among agents. However, these methods only construct spatial dependency and
ignore temporal dependency. Temporal dependency is fundamentally important
in TSC. For example, the traffic conditions on Monday are similar to those on
Mondays in history. This phenomenon reflects the periodic variation of traffic
flows. Therefore, it is necessary to capture temporal dependency in TSC. Besides,
these multi-agent RL methods only pay attention to the interactions of adjacent
intersections, but traffic conditions are usually similar in a local area, which in-
cludes multiple intersections. These intersections may form a sequence, a square,
or other shapes. For example, traffic congestions may happen in continuous road
sections. To relieve traffic congestions, the intersections in the continuous road
sections need to share vehicle flow information, but existing methods can not
associate these intersections with each other. To tackle these shortcomings, this
paper proposes a multi-agent deep reinforcement learning method with spatio-
temporal feature fusion (MADRL-STFF) to solve TSC. The proposed method
includes three modules. In the first module, the raw data of initial observations
are inputted into an embedding layer. This layer can encode the raw data into
initial feature representations. In the second module, spatio-temporal feature fu-
sion components are designed to extract and fuse spatio-temporal features from
the initial feature representations. These components help the agents to cooper-
ate by exchanging their information to make decisions comprehensively. In the
final module, a Q-value prediction layer is constructed to predict Q-values of the
actions for each agent. The main contributions of this paper are threefold:

– An end-to-end multi-agent deep reinforcement learning method with spatio-
temporal feature fusion, named MADRL-STFF, is proposed to solve TSC.
To achieve the multi-agent cooperation, the proposed method uses graph
neural network to make the neighbor agents and the agents in the same sub-
network share their observations and state representations. MADRL-STFF
is evaluated on two synthetic datasets and three real-world datasets. The
experimental results show the superiority of MADRL-STFF.

– MADRL-STFF captures spatio-temporal dependencies of related traffic sig-
nals by attention mechanism.

– MADRL-STFF constructs connected subnetworks to learn the interaction
of vehicle flows in each local area. These connected subnetworks can share
information among the intersections where traffic conditions are similar.

2 Related Works

For solving TSC task, conventional methods usually design fixed phase change
rules of traffic signals. Some methods are still widely used in today’s traffic sig-
nal control system, such as SCOOT and SCATS. These methods design a set of
rules and select the best one according to the current traffic flow situation. Some
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other methods like [13] define fixed cycle-based phase sequence to control traf-
fic signals. [22] proposes a method named max pressure control (MaxPressure)
to maximizes traffic output volume by changing signal phases. Some methods
use optimization methodologies to solve TSC such as [6, 8]. These conventional
methods are proposed based on their assumptions about the traffic model, but
these assumptions can not adaptive enough to the real-time traffic patterns of
modern complex traffic flows [27, 34].

To address the shortcomings of conventional methods, recently RL technol-
ogy is proposed to learn traffic signal control strategies online without prior
knowledge. RL based methods can be divided into two types: single agent RL
methods and multi-agent RL methods [9, 23].

For single agent RL methods, [14] uses deep stacked autoencoder to approx-
imate the Q-function for a single intersection. [4] proposes a deep recurrent
Q-network to solve TSC. It uses long short-term memory (LSTM) to model se-
quential data of traffic signal phases. [17] combines two RL algorithms: policy
gradient and value function based method. It can predict the best traffic signal
phase by the two algorithms. [7] proposes an end-to-end TSC system to collect
raw image data of real-time traffic flows. This system uses convolutional neural
network (CNN) to learn the visual features from the raw image data. These
visual features can be used in configuring TSC policies. [28] proposes a deep
Q-network (DQN) [16] based model, called IntelliLight. IntelliLight consists of
two parts: offline part and online part. The offline part uses the fix-time method
like [13] to initialize the parameters of the model. The online part uses DQN to
optimize the model. [15] combines double DQN and prioritized experience replay
[20] to solve TSC. The common point of these single RL methods is that these
methods are limited to control traffic signals in a single intersection. Besides, the
complexities of these methods become increasingly higher as the scale of TSC
grows. They can not adapt to multi-intersection TSC. Therefore, multi-agent
RL methods are proposed to tackle this problem recent years.

For multi-agent RL methods, [19] first proposes a multi-agent RL method to
solve TSC. It applies DQN and a coordination tool to multiple traffic signals.
Besides, it also designs a new reward function to evaluate the real-time traffic
condition properly. [18] uses graph convolutional networks (GCN) to coordinate
multiple intersections. Similar to [18], [29] uses graph attention network (GAT)
and evaluates it on their open-source traffic simulator CityFlow1 [32]. [21] pro-
poses a decentralized-to-centralized architecture. This architecture divides the
traffic roadnet into multiple local regions. Each region is controlled by a single RL
agent. These local agents are coordinated by a global agent to achieve the aim of
centralized control. [5] proposes an advantage actor-critic based multi-agent RL
method. It uses fingerprints of neighboring agents and a spatial discount factor
to ensure the stable convergence of the method. [24] proposes a cooperative dou-
ble Q-learning (Co-DQL) method. Co-DQL uses upper confidence bound [1] to
balance exploitation and exploration during selecting actions. Besides, Co-DQL
uses mean-field theory to learn a better coordinated strategies among agents.

1 http://cityflow-project.github.io
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[12] proposes a two-stage hierarchical framework to combine RL with schedule-
driven traffic control. This framework adopts decentralized training method and
cooperate the agents by exchanging schedule information and traffic statistics.
[3] proposes a decentralized network level method called MPLight to solve TSC.

It is worth noting that these multi-agent RL methods only capture spatial
dependency without temporal dependency. Recently, [25] proposes a method
called spatio-temporal multi-agent reinforcement learning method (STMARL).
STMARL uses LSTM to extract temporal features and uses GAT to extract spa-
tial features. However, STMARL pays no attention to the correlation of each cou-
ple of time steps. Besides, STMARL only fuses the features of neighbor agents.
It pays no attention to the correlations of the intersections in several local areas.
Therefore, to address these problems, this paper proposes MADRL-STFF to
solve TSC. MADRL-STFF firstly uses attention mechanism to capture tempo-
ral dependencies among different time steps. Secondly, MADRL-STFF proposes
two spatial feature fusion components: feature fusion of neighbor agents and fea-
ture fusion in connected subnetworks. These components can share information
among the intersections in several local areas.

3 Problem Definition

Definition 1 (Traffic signal phase): Traffic signal phases indicate the directions
allowing vehicles moving. There are four usually used phases [5] in TSC as shown
in Fig. 1. These phases are going straight from west and east, turning left from
west and east, going straight from north and south, turning left from north and
south, respectively.

(a) (b) (c) (d)

Fig. 1. Traffic signal phases. (a) Going straight from west and east. (b) Turning left
from west and east. (c) Going straight from north and south. (d) Turning left from
north and south.

Definition 2 (Traffic signal control problem): TSC can be casted as a Markov
decision problem. This problem can be defined by the tuple (S,A,P,R, γ):

– State S: S is the state space of agents. Each agent controls the traffic signals
of one intersection. The state of each agent at time t is denoted as sti ∈ S,
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where i is the index of agents. sti consists of the traffic signal phase and
vehicle queue length of the lanes connected with the intersection.

– Action A: A is the action space of agents. The agent i can decide the action
ati ∈ A at time t every ∆t period of time. The action ati can be defined as
traffic signal phase. Each agent can select actions from predefined four kinds
of traffic signal phases.

– Transition Function P: P is the transition function. This function maps
the state-action pair at time t to the next state at time t+1. Formally, given
the state sti and the corresponding action ati for agent i at time t, the next
state st+1

i can be arrived with the transition probability P(st+1
i |sti, ati).

– Reward R: Rti represents the immediate reward of agent i after taking the
action ati at time t. The reward should reflect the condition of traffic conges-
tion. When there is a serious traffic congestion, the vehicle queue length is
longer than ordinary times. Therefore, vehicle queue length can be used in
representing the reward R. Rti can be defined as Rti = −

∑
l L

t
i,l, where Lti,l

represents the vehicle queue length at lane l. However, vehicle queue length
only reflects the degree of the traffic congestion for one intersection. There-
fore, travel time is usually adopted as the ultimate objective to quantify the
efficiency of vehicle movements in traffic roadnets, but travel time is not
proper as reward. The reason is that travel time as reward would be delayed
and invalid in presenting the correctness of the action, because traffic signals
and vehicle movements would influence the travel time of a vehicle [27].

– Discount Factor γ: γ ∈ [0, 1] is the discount factor. It can balance the
immediate reward and the future reward.

By the defined tuple above, TSC aims to maximize the reward of each agent
by Q-learning. The optimization objective of TSC is defined as follows:

Minimize E[rti + γmax
at+1
i

Q′(st+1
i , at+1

i )−Q(sti, a
t
i)], (1)

where rti is the immediate reward of agent i at time t; γ is the discount factor;
sti and ati is the state-action pair at time t; st+1

i and at+1
i is the state-action pair

at time t+ 1; Q(s, a) and Q′(s, a) are current Q-network and target Q-network,
respectively.

4 Method

This paper proposes MADRL-STFF to solve TSC. The framework of MADRL-
STFF is presented in Fig. 2. This method includes three modules. The first mod-
ule is spatio-temporal input embedding. This module encodes spatio-temporal
input data into initial spatio-temporal feature representations. The second mod-
ule is spatio-temporal feature fusion. This module includes temporal feature
fusion and spatial feature fusion. In temporal feature fusion, attention mecha-
nism is used to capture the correlations and fuse the temporal features among
different time steps. Then, temporal convolutional network (TCN) [2] is used
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Fig. 2. The framework of MADRL-STFF. The first module is spatio-temporal in-
put embedding. This module encodes spatio-temporal input data into initial spatio-
temporal feature representations. The second module is spatio-temporal feature fusion.
This module includes temporal feature fusion and spatial feature fusion. In temporal
feature fusion, attention mechanism is used to capture the correlations and fuse the
temporal features among different time steps. Then, TCN is used to capture temporal
dependencies at regular intervals. In spatial feature fusion, the spatial structure fea-
tures are fused in neighbor agents and constructed connected subnetworks. The final
module predicts Q-values of the actions for each agent.

to capture temporal dependencies at regular intervals. In spatial feature extrac-
tion, the spatial structure features are fused in neighbor agents and connected
subnetowrks. The final module predicts Q-values of the actions for each agent.
The details of the framework are given as follows.

4.1 Spatio-Temporal Input Embedding

This module aims to encode spatio-temporal input data into initial spatio-
temporal feature representations. Given the state sti ∈ Rk of agent i at time
t, sti can be embedded into the initial feature representation xti ∈ Rd, where k is
the state dimension; d is the embedding dimension. Here, the embedding layer is
defined as a multi-layer perceptron (MLP). The embedding process is presented
as follows:

xti = σ(stiWe + be), (2)

where xti ∈ X; X ∈ RT×N×k is the spatio-temporal feature matrix; T is the num-
ber of time steps; N is the number of agents; σ is the activation function ReLU;
We ∈ Rk×d and be ∈ Rd are weight parameters and bias vector, respectively.

4.2 Spatio-Temporal Feature Fusion

This module includes temporal feature fusion and spatial feature fusion.
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Temporal Feature Fusion Temporal feature fusion aims to capture temporal
dependencies and fuse temporal features in different time steps. Temporal fea-
ture fusion consists of two components: self-attention layer and temporal con-
volutional network layer. At the self-attention layer, the correlation between
two different time steps can be calculated by self-attention operation. Then, the
new representation for each time step can be generated. The generation method
combines the initial representations of all the time steps with their correspond-
ing correlations. At the temporal convolutional network layer, a three-layer CNN
with different dilation rates is proposed to capture temporal dependencies in dif-
ferent time steps. Then, a standard CNN is used to fuse the sequential features.
The details of each component are described as follows.

– Self-Attention: Since the traffic conditions are correlated among different
time steps, this component aims to capture these correlations and fuse the
temporal features in different time steps. Formally, given two feature repre-
sentation vectors xt1i and xt2i at time t1 and t2, respectively, the calculation
process is presented as follows:

et1,t2 = (xt1i )T · xt2i , (3)

where t1, t2 ∈ {1, ..., T}; et1,t2 is the attention weight between xt1i and xt2i .
Then, the feature representation for each time step can be updated as follows:

αt1,t2 =
exp(et1,t2)∑T
a=1 exp(et1,a)

, (4)

ut1i = σ(Wu ·
T∑
a=1

αt1,a · xai + bu), (5)

where, αt1,t2 is the attention weight after normalization by softmax function;
Wu ∈ Rd×d and bu ∈ Rd are learnable parameters; ut1i ∈ Rd is the new
representation of agent i at time t.

– Temporal Convolutional Network: In TSC, the evolution tendency of
traffic flows should be learned by each agent to make better decisions. To
achieve this target, the temporal dependencies, which are the correlations
of the vehicle volumes at regular intervals should be captured. Temporal
convolutional network (TCN) is adopted to capture these correlations in
different time scales via different dilation rates. Since TCN can learn long
sequence information in a non-recursive manner, TCN can solve sequence
modeling problem more efficient than RNNs [31]. Therefore, a three-layer
CNN with different dilation rates is proposed to fuse temporal features.
Then, a standard CNN is used to merge the features at all the time steps.
The feature fusion process is presented as follows:

(uti)
(r) = Θ(r)∗τc([(u1i )

(r−1), ..., (uti)
(r−1)])

=

M−1∑
m=0

w(r)
m · (ut−cmi )(r−1),

(6)
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yi = Θ′∗([(u1i )(3), ..., (uTi )(3)]) =

T−1∑
t=0

w′t · (ut+1
i )(3), (7)

where r is the index of CNN layers; c = 2r−1 is the dilation rate; Θ(r) =

[w
(r)
0 , ..., w

(r)
M−1] ∈ RM is the parameters of the r-th layer convolutional ker-

nel; M is the length of the convolutional kernel; ∗τc is the dilated causal op-
erator [2] with dilation rate c; Θ′ = [w′0, ..., w

′
T−1] ∈ RT is the convolutional

kernel of the standard CNN; yi ∈ Rd is the output feature representation of
agent i. Besides, Zero padding strategy is used to keep the output length the
same as the input length.

Spatial Feature Fusion Spatial feature fusion aims to fuse spatial structure
features among different traffic intersections in the roadnet. The roadnet is mod-
eled as a simple graph. This section proposes two feature fusion components to
fuse spatial features in this graph: feature fusion of neighbor agents (NeiFu-
sion) and feature fusion in connected subnetworks (ConFusion). In NeiFusion,
GAT is used to share the information of the neighbor agents with the target
agent i. In ConFusion, connected subnetworks are constructed and the features
of agents in the same connected subnetwork are fused by attention mechanism.
Each component is described in detail as follows.

– Feature Fusion of Neighbor Agents: The states and strategies of neigh-
bor agents support the target agent to make coordinative decisions. There-
fore, this component uses GAT to fuse the features of the neighbor agents.
Given the neighbor agents Ni of agent i, the correlations between Ni and
agent i are calculated by attention mechanism. Then, the new feature repre-
sentation of agent i can be generated by combining the representations of Ni
with their corresponding correlations. The process is presented as follows:

e′i,j = (Wtyi)
T · (Wsyj), (8)

βi,j =
exp(e′i,j)∑

a∈Ni
exp(e′i,a)

, (9)

gi = σ(Wg ·
∑
j∈Ni

βi,j · yi + bg), (10)

where e′i,j is the attention weight between yi and yj ; βi,j is the attention

weight after normalization by softmax function; Wt,Ws,Wg ∈ Rd×d and bg ∈
Rd are learnable parameters; gi ∈ Rd is the output feature representation.

– Feature Fusion in Connected Subnetworks: The traffic conditions are
usually highly correlated in connected intersections. These intersections can
be included into a subnetwork to share their information. Therefore, this
component aims to construct connected subnetworks and fuse the features
of agents in the same connected subnetwork. To achieve this target, firstly,
connected subnetworks are constructed by collecting the agents with the
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nearest vehicle queue lengths. Secondly, each connected subnetwork can be
represented by fusing agent features in this subnetwork. Thirdly, the correla-
tions between the target agent i and the connected subnetworks of including
agent i are evaluated by attention mechanism. Finally, the representations
of these connected subnetworks are combined with their correlations to gen-
erate the new feature representation of agent i. The details of the process
are given as follows.
Firstly, connected subnetworks are constructed by collecting the agents of
having the nearest vehicle queue lengths. The construction algorithm is
shown in supplementary material. Formally, the connected subnetwork csi
can be constructed initially by adding agent i. Then, at each iteration step,
csi collects the nearest agent from the neighbor agents NSi of csi by compar-
ing their vehicle queue lengths. At last, there are N constructed connected
subnetworks corresponding to N agents, respectively.
Secondly, each connected subnetwork can be represented by fusing agent
features in this subnetwork. Given the agents in csi, a standard CNN is
used to fuse the features of the agents in csi. The feature fusion process is
presented as follows:

pi = Θ′′∗(csi) =

|csi|∑
j=1

w′′j−1 · gij , (11)

where pi is the feature representation of csi; Θ
′′ = [w′′0, ..., w

′′
|csi|−1] ∈ R|csi|

is the convolutional kernel of the standard CNN; gij ∈ csi.
Thirdly, to evaluate the importance of agent i in the connected subnetworks
of including agent i, the correlations between the target agent i and these
connected subnetworks are calculated by attention mechanism. The calcula-
tion process is presented as follows:

e′′i,j = (W ′tgi)
T · (W ′spj) i ∈ csj , (12)

where e′′i,j is the attention weight between gi and pj ; W
′
t ,W

′
s ∈ Rd×d are

learnable parameters.
Finally, the new feature representation of agent i can be generated by the
connected subnetworks of including agent i. The generation method is com-
bining the feature representations of these connected subnetworks with their
correlations. The calculation process is presented as follows:

ηi,j =
exp(e′′i,j)∑

i∈csa exp(e
′′
i,a)

, (13)

fi = σ(Wf

∑
i∈csj

ηi,j · pj + bf ), (14)

where ηi,j is the attention weight after normalization by softmax function;
Wf ∈ Rd×d and bf ∈ Rd are learnable parameters; fi ∈ Rd is the output
feature representation of this component.
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4.3 Q-Value Prediction

This module aims to predict Q-values of the actions for each agent. MLP is used
in the calculation process as follows:

hi = [gi, fi], (15)

oi = σ(hiWh + bh), (16)

where hi is the residual connection of gi and fi; oi is the predicted Q-value of
agent i; Wh ∈ Rd×|A| and bh ∈ R|A| are weight parameters and bias, respectively.

The pseudo code of MADRL-STFF is shown in supplementary material. To
achieve the multi-agent cooperation, the proposed method uses graph neural
network to make the neighbor agents share their observations and state represen-
tations in the learning process. Besides, connected subnetworks are constructed
to share information among the agents in each subnetwork.

5 Experiment

5.1 Datasets

Following the previous works, our method is evaluated on two synthetic datasets
and three real-world datasets2 [26, 29, 34]. The two synthetic datasets are 6× 6
uni-direction traffic roadnet (Unidirec6×6) and 6× 6 bi-direction traffic roadnet
(Bidirec6×6). The three real-world datasets are 3 × 4 traffic roadnet in Jinan
(DJinan), 4×4 traffic roadnet in Hangzhou (DHangzhou) and 28×7 traffic roadnet
in New York (DNewY ork). These datasets are deployed on an open-source traffic
simulator CityFlow [32]. The details of these datasets are described as follows:

– Unidirec6×6: An uni-direction 6 × 6 traffic roadnet. The traffic flow in this
roadnet is generated every 12 seconds in simulator from west to east and
north to south.

– Bidirec6×6: A bi-direction 6×6 traffic roadnet. The traffic flow in this road-
net is generated every 40 seconds in simulator in both west-east and north-
south directions.

– DJinan: There are 12 intersections in Dongfeng Sub-district, Jinan, China.
The traffic data of these intersections are collected by roadside surveillance
cameras. By these cameras, the time of entering the roadnet and the trajec-
tory for each vehicle are recorded.

– DHangzhou: This dataset is generated by roadside surveillance cameras near
16 intersections in Gudang Sub-district, Hangzhou, China.

– DNewY ork: This dataset includes 196 intersections of Manhattan in New
York. It is collected from open source taxi data.

2 https://traffic-signal-control.github.io/
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5.2 Baseline Methods

Our method MADRL-STFF is evaluated with two categories of methods: tra-
ditional transportation methods and RL methods. The details of traditional
transportation methods are described as follows:

– Fixed-Time Control (Fixed-Time) [13]: Fixed-Time uses pre-defined
cycle-based phase sequence to control traffic signals.

– Max Pressure Control (MaxPressure) [22]: MaxPressure is a state-of-
the-art network-level method for TSC. It can maximize traffic output volume
by selecting the phase corresponding to the maximum pressure.

The details of RL methods are described as follows:

– Light-IntellighT (LIT) [33]: LIT is an individual deep RL method without
considering neighbor agent information. It uses DQN to select the action with
new designed state and reward.

– PressLight [30]: PressLight combines RL technology and MaxPressure method.
It adds max pressure value into the reward to essentially evaluate the real-
time traffic condition.

– Graph Convolutional Network (GCN) [18]: This method uses GCN to
fuse neighbor information with the same attention weights.

– CoLight [29]: CoLight uses GAT to extract and fuse traffic features by
combining neighbor information with their corresponding correlations.

– Spatio-Temporal Multi-Agent Reinforcement Learning (STMARL)
[25]: STMARL learns spatio-temporal dependencies among multiple traffic
signals. It uses LSTM to extract temporal features and uses GAT to extract
spatial features.

Besides, to verify the effects of the spatio-temporal feature fusion components
in MADRL-STFF, some variants of MADRL-STFF are proposed as follows:

– MADRL-Temporal: A variant of our method only using temporal feature
fusion components.

– MADRL-Spatial: A variant of our method only using spatial feature fusion
components.

– MADRL w/o Att: A variant of our method without self-attention com-
ponent.

– MADRL w/o TCN: A variant of our method without temporal convolu-
tional network component.

– MADRL w/o NeiFusion: A variant of our method without considering
the feature fusion of neighbor agents (NeiFusion).

– MADRL w/o ConFusion: A variant of our method without considering
the feature fusion in connected subnetworks (ConFusion).
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Table 1. Performance comparison on synthetic datasets and real-world datasets w.r.t
average travel time (the lower the better). ∗ indicates the results of this method are
obtained directly from the original paper. Note that the average travel time for LIT
is missing, because LIT cannot be trained and updated simultaneously due to the
limitation of CPU and memory on New York dataset.

Unidirec6×6 Bidirec6×6 DJinan DHangzhou DNewY ork

Fixed-Time [13] 210.94 210.94 814.11 718.29 1830.07
MaxPressure [22] 186.56 195.49 343.90 407.17 1611.08

LIT [33] 261.87 257.52 299.08 299.53 -
PressLight [30] 183.09 175.69 692.72 885.55 1951.47
GCN [18] 208.43 207.65 570.30 481.30 1649.01
CoLight [29] 169.07 176.37 292.12 293.95 1460.86
STMARL∗ [25] 205.34 180.31 - 319.14 -

MADRL-STFF 166.79 171.41 276.90 285.18 1318.55

5.3 Performance Metrics and Parameter Settings

Following the existing methods [29, 30], average travel time is used as the per-
formance metric to evaluate the performances of different methods. After each
training episode, the performances of these methods are tested by calculating
the average travel time of all the vehicles spent in the roadnet (in seconds). The
average of the last 10 episodes of testing is reported as the final result.

For all RL methods, the number of episodes is set to 200; the learning rate
is set to 0.001; The discount factor γ is set to 0.8; The dimensions of all hidden
layers in these methods are set to 20; The batch size is set to 20. Specifically for
MADRL-STFF, the number of agents Ncs in a connected subnetwork is set to
4 on all the datasets.

The pseudo codes of MADRL-STFF and connected subnetworks construction
algorithm, the sensitivity of Ncs, algorithm complexity and convergence analysis,
attention visualization are shown in supplementary material.

5.4 Comparison with Baseline Methods

This section compares MADRL-STFF with baseline methods on two synthetic
datasets and three real-world datasets. Most of baseline methods are evaluated
by running their source codes on CityFlow platform, but the code of STMARL
is not open-source. Therefore, the results of STMARL are obtained directly from
the original paper. The source code of MADRL-STFF is available on request.
The experimental results are shown in Table 1. Several observations can be found
as follows:

– MADRL-STFF outperforms traditional transportation methods on synthetic
datasets and real-world datasets in terms of average travel time. On syn-
thetic datasets, MADRL-STFF outperforms Fixed-Time and MaxPressure
by 19.84% and 11.46% on average, respectively. On real-world datasets,
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Table 2. Ablation study of spatio-temporal feature fusion components w.r.t average
travel time (the lower the better).

Unidirec6×6 Bidirec6×6 DJinan DHangzhou DNewY ork

MADRL-Spatial 168.98 180.02 290.65 299.85 1417.59
MADRL-Temporal 168.31 179.40 289.64 295.44 1381.33
MADRL w/o Att 168.65 179.74 289.60 295.15 1366.01
MADRL w/o TCN 167.56 175.04 279.22 286.26 1344.45
MADRL w/o NeiFusion 167.47 179.31 279.26 289.52 1352.83
MADRL w/o ConFusion 166.87 176.73 285.83 292.40 1364.51

MADRL-STFF 166.79 171.41 276.90 285.18 1318.55

MADRL-STFF outperforms Fixed-Time and MaxPressure by 51.42% and
22.53% on average, respectively. These traditional transportation methods
control traffic signals by designing fixed rules and depending on prior knowl-
edge. However, MADRL-STFF uses the RL technology to update the TSC
strategies by the feedback of the environment. Therefore, MADRL-STFF
can adapt to the dynamics of complex traffic scenarios more than traditional
transportation methods.

– MADRL-STFF outperforms other RL baseline methods on synthetic datasets
and real-world datasets by 14.64% and 26.09% on average, respectively. For
these RL baseline methods, LIT is only applied to single intersection sce-
nario. PressLight uses a simple DQN network to solve multi-intersection
TSC, but PressLight pays no attention to the interactions among these in-
tersections. GCN and CoLight capture spatial dependencies among multiple
intersections, but they ignore temporal dependencies. STMARL uses LSTM
to extract temporal features and uses GAT to extract spatial features. How-
ever, STMARL pays no attention to the correlation of each couple of time
steps. Besides, STMARL only fuses the features of neighbor agents. It pays
no attention to the correlations of the intersections in several local areas.
Compared with these RL baseline methods, MADRL-STFF not only cap-
tures spatio-temporal dependencies to solve multi-intersection TSC, but also
constructs connected subnetworks to share information among the intersec-
tions in several local areas. Therefore, MADRL-STFF achieves the better
results than these RL baseline methods.

5.5 Effect of Spatio-Temporal Feature Fusion Components

To compare the effectiveness of spatio-temporal feature fusion components, the
experiments are conducted by removing each feature fusion component from
MADRL-STFF. The experimental results are shown in Table 2. The results
demonstrate that MADRL-STFF outperforms all the variants on synthetic datasets
and real-world datasets by 2.30% and 3.18% on average, respectively. It indicates
the effectiveness of our feature fusion components. Besides, there are several ob-
servations as follows:
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– Temporal feature fusion components (MADRL-Temporal) are more effec-
tive than spatial feature fusion components (MADRL-Spatial) on all the
datasets. As shown in Table 2, in terms of average travel time, the increases
of MADRL-Spatial are more than those of MADRL-Temporal on all the
datasets. Maybe temporal feature fusion components can learn more fea-
tures about variation tendency of traffic flows in history than spatial feature
fusion components. These features can be used to make better decisions to
reduce traffic congestions.

– In temporal feature fusion, self-attention is more effective than TCN. As
shown in Table 2, in terms of average travel time, the increases of MADRL
w/o Att are more than those of MADRL w/o TCN on all the datasets. The
reason may be that self-attention can capture the correlation of each couple
of time steps, but TCN only pays attention to the time steps at regular
intervals. Therefore, self-attention can capture more temporal dependencies
than TCN.

– In spatial feature fusion, the feature fusion of neighbor agents (NeiFusion)
is more effective than that in connected subnetworks (ConFusion) on syn-
thetic datasets. In contrast, ConFusion is more effective than NeiFusion on
real-world datasets. As shown in Table 2, in terms of average travel time,
the increases of MADRL w/o NeiFusion are more than those of MADRL
w/o ConFusion on synthetic datasets. on real-world datasets, the increases
of MADRL w/o ConFusion are more than those of MADRL w/o NeiFusion.
On real-world datasets, the vehicle trajectories are more complicated than
that on synthetic datasets. It may lead to the severe traffic congestions in sev-
eral connected intersections, which are not limited to neighbor intersections.
These connected intersections can be correlated by ConFusion. Therefore,
ConFusion outperforms NeiFusion on real-world datasets. However, on syn-
thetic datasets, there are only straight trajectories. In this scenario, neighbor
intersections have direct impacts on the target intersection. Therefore, Nei-
Fusion outperforms ConFusion on synthetic datasets.

6 Conclusion

This paper proposes a multi-agent deep reinforcement learning method with
spatio-temporal feature fusion (MADRL-STFF) to solve TSC. The proposed
method includes three modules. In the first module, the raw data of initial ob-
servations are inputted into an embedding layer. This layer can encode the raw
data into initial feature representations. In the second module, spatio-temporal
features are extracted and fused from the initial feature representations. For
temporal feature fusion, the correlations among different time steps are captured
by attention mechanism. For spatial feature fusion, feature fusion of neighbor
agents and feature fusion in connected subnetworks are proposed to fuse spa-
tial features. In the final module, a Q-value prediction layer is constructed to
predict Q-values of the actions for each agent. The results of extensive experi-
ments on synthetic datasets and real-world datasets validate the superiority of
our method.
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In the future, the proposed method will be extended to large-scale traf-
fic roadnets [3]. Besides, some traditional transportation methods [6, 22] and
schedule-driven methods [11] can be used to learn the reward function and the
dynamic lengths of phases in reinforcement learning, respectively.

Acknowledgement

This work is supported by the National Key R&D Program of China (2018AAA0101203),
and the National Natural Science Foundation of China (62072483).

References

1. Auer, P., Cesa-Bianchi, N., Fischer, P.: Finite-time analysis of the multiarmed
bandit problem. Machine Learning 47(2–3), 235–256 (2002)

2. Bai, S., Kolter, J.Z., Koltun, V.: An empirical evaluation of generic convolutional
and recurrent networks for sequence modeling. arXiv preprint arXiv:1803.01271
(2018)

3. Chen, C., et al.: Toward a thousand lights: Decentralized deep reinforcement learn-
ing for large-scale traffic signal control. In: AAAI 2020, vol.34. pp. 3414–3421 (2020)

4. Choe, C., Baek, S., Woon, B., Kong, S.H.: Deep Q learning with LSTM for traffic
light control. In: 2018 24th Asia-Pacific Conference on Communications (APCC).
pp. 331–336 (2018)
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