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Abstract—Urban traffic flow prediction plays a crucial role
in smart city management. Since the flow volume of one road
(treated as a node in a traffic network) in future time units
(after time t) depends on the historical volume (before and
including time t) of this road (node) itself and its neighboring
roads (nodes), the traffic flow prediction problem has recently
been studied by utilizing a spatial-temporal adjacency matrix
(AM) of traffic nodes constructed from the historical traffic
and node connections. The construction of AM is often based
on statistical traffic information before t, instead of using the
volume at individual time unit level. In addition, the spatial
and temporal relations between traffic nodes are manually fused
in AM, rather than in a trainable fusion. In order to conquer
these issues, we propose a trainable context enhanced similarity
graph, which fuses the unit-level similarity of traffic time series
and multiple inter-node contextual relations through a learnable
embedding model. In addition, a Quotient Neural Network is
proposed to perceive the explicit relation among short-memory
flow values and facilitate the forecasting. Based on the two
modules, we propose a novel Quotient Graph Neural Network
(QuoGNN). Experiments on four real-world benchmark datasets
demonstrate the superior performance of our proposed model
over the state-of-the-art baselines on multiple evaluation metrics.
The implementation of the model and datasets are available1.

Index Terms—traffic flow forecasting; graph neural network;
urban computing

I. INTRODUCTION

Urban traffic flow forecasting plays a crucial role in smart
city applications [1], [2]. A lot of insights related to public
traffic could be provided to governments and companies via
traffic flow forecasting. However, traffic flow forecasting is
more challenging than other time series forecasting tasks, as
the future flow at one traffic road node depends on both the
historical flows in time dimension and other nodes close in
spatial dimension [3]–[6].

Recently lots of work have used graph neural network
(GNN) models for capturing the complex dependencies of
node traffic flow in spatial and temporal dimensions [7]–[9].
The traffic flow forecasting problem is thus formulated as a
prediction problem by learning from a spatial-temporal data
structure, i.e., a road network with a traffic time series attached
to each road node. Latest Spatial-temporal GNN models are
leveraged on an adjacency matrix constructed by node-node

∗Equal Contribution
•Corresponding Author
1https://github.com/gpxlcj/QuoGNN

spatial similarity matrices and node-node temporal similarity
matrices [7], [10]. A node-node temporal similarity matrix is
often calculated by comparing the statistical information of
the traffic time series associated with two paired nodes [8], or
by comparing two short-term time series [11]. A node-node
spatial similarity matrix is simply obtained from the traffic
network connection information. The spatial and temporal
AM can then be leveraged separately to promote traffic
flow forecasting. To take better advantage of the spatial and
temporal AM, one option is to manually construct a big matrix
by organizing the spatial and temporal AM in blocks on a
pre-defined template [7]. However, these approaches have two
limitations. First, the temporal similarity measured statistically,
rather than being at the time-unit level, would downgrade
the forecasting performance. For example, the hourly or daily
statistical measure is too coarse-grained to catch fine-grained
temporal relations when forecasting the traffic flow at the 5-
min time-unit. Second, the manual organization of similarity
matrices constrains the GNN learning of spatial and temporal
dependencies in a pre-defined rigid template structure.

To resolve the above limitation, we propose to learn
a context-enhanced similarity graph, which fuses temporal
similarity of traffic time series and multiple contextual
relations among traffic nodes through a learnable embedding
model. Intuitively, nodes with a higher temporal similarity
MT

ij in the past are likely to have similar traffic flow in the
future. We define the temporal similarity MT

ij to characterize
the temporal relevance of node i and j at a fine-grained time
level, which is a small time unit required for the forecasting
need, e.g., every 5 mins. Such similarity measure is more
effective than the statistical features that round off the details
of flow time series at a coarse-grained time level (e.g., hourly),
and thus can promote the forecasting performance. Moreover,
since spatially relevant nodes in the road network tend to have
similar traffic flow volumes, we define two types of contextual
similarities to measure the spatial relevance between nodes.
The first similarity Md

ij indicates the spatial connectivity
of two traffic nodes, as two connected road nodes tend to
have more closely related traffic flow than those unconnected
ones. The second similarity MN

ij reflects the similarity of the
neighborhood centered at node i and node j. The intuition
is that two nodes have similar traffic flow if they have
similar neighborhood, e.g., two hub nodes with a high degree
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Fig. 1: (a) traffic time series of three randomly selected road
nodes in PEMS07 dataset, (b) the change ratio of volume at
successive time-unit t and t+ 1, defined as ξt = xt+1

xt .

of neighboring nodes, or two marginal nodes connected to
a few other nodes. These two contextual similarities Md

ij

and MN
ij encode supplementary information to the temporal

similarity measure MT
ij . We aggregate them by a trainable

node embedding model, which produces a unified and context
enhanced similarity graph among traffic nodes.

Traffic flow forecasting has another unique challenge, which
is the large variance of flow volumes. As shown in Figure
1a, the flow volumes of node A, B and C vary from 0 to
800. However, the change ratio of volume at successive time-
unit t and t + 1, defined as ξt = xt+1

xt , varies in a small
range centered at 1, as shown in Figure 1b for the three nodes.
Therefore, the dependency of volume at successive time-unit
t and t + 1 (called quotient relation) should be leveraged to
ease the training of forecasting model.

To take advantage of the context enhanced similarity
graph and the quotient relation for traffic forecasting, we
propose a Quotient Graph Neural Network (QuoGNN), which
is composed of similarity graph convolutional layers and
a quotient neural network (QNN). The former layer takes
input historical traffic signals of each node and node-node
similarity, and outputs for each node a representation vector
that characterizes its past traffic patterns enriched by its
temporally and spatially related neighbors. The followed QNN
uses the last non-zero value of the feature sequence to enhance
the model perceptual domain to pay additional attention to
valuable features. The QNN learns relations between the
forecasting time series in x>t and the last observed non-zero
points in x≤t. We evaluated the effectiveness of our proposed
QuoGNN on four real-world datasets. The results demonstrate
that QuoGNN outperforms baseline models with a notable
margin. The main contributions of this work include:

• We design a context enhanced similarity graph which
captures the temporal similarity between traffic nodes
at a fine-grained time level, as well as their contextual
similarity regarding to the spatial relevance. The graph
constructed from a trainable node embedding model
catches node dependency for traffic forecasting in a more
flexible way than the previous manual splicing manners.

• We propose QuoGNN to forecast future traffic by taking
advantage of the learned none-node relations and the
direct contribution from quotient relations in historical
traffic. It thus moderates the similarity discrepancy in the

spatial and temporal dimensions and leverages the key
information for traffic forecasting.

• We compared the proposed QuoGNN model with recent
competitive baselines of traffic forecasting, and conducted
ablation study of QuoGNN on real-world datasets. The
QuoGNN model has smaller forecasting error than all
baselines, and is validated as an effective traffic prediction
model. The evaluation in ablation study also demonstrates
the rational design of QuoGNN.

II. RELATED WORK

A. Traffic Flow Forecasting

Traffic flow forecasting is a typical time series forecasting
task. The recent advances in deep learning models have shown
to be promising solutions for the task. For example, RNN-
based and GNN-based models promote the ability to derive
spatial-temporal latent features from data. FC-LSTM [12]
derives spatial-temporal correlations via extending a fully-
connected LSTM to contain convolution layers in hidden
transitions. DCRNN [13] utilizes bidirectional random walks
and encoder-decoder layer to obtain spatial and temporal
dependencies separately. However, FC-LSTM and DCRNN
are hard to train due to the RNN-based structure. STGCN [14]
utilizes GCN to derive the spatial latent features. Taking a step
further, [8] introduced an attention mechanism to construct
a new model ASTGCN. Graph WaveNet [15] uses GCN
assembled with dilated casual convolution, and each of the
GCN layers could obtain spatial dependencies of nodes at
various granular levels. [10] and [7] proposed new ways for
constructing an adjacency matrix with spatial and temporal
information. STGODE [11] utilizes a tensor-based ordinary
differential equation to derive the spatial-temporal dependency
features dynamically.

B. Graph Neural Network (GNN)

Graph neural networks have been applied to solve diverse
types of tasks, e.g., graph/node classification and clustering
[16]. Inspired by Convolutional Neural Network (CNN)
applied to images, CNNs on a graph structure data were
studied based on the hierarchical clustering of the domain
and graph Laplacian matrix [17]. Graph convolutional network
(GCN), one of the most representative works, was proposed
by [18]. GraphSAGE [19] takes various aggregator functions
to capture information from the local neighborhood of nodes.
GAT [20] leverages a masked self-attention mechanism to
measure the dynamic weight of neighbor nodes in the graph.
Various variant models of GNN are proposed for learning
from the graph structural data [16]. We utilize the canonical
GCN on our contextual enhanced similarity matrix to learn
the correlations among traffic nodes, and leave other GNN
plugin models for future study since our focus is the design
of effective framework for traffic forecasting.

III. PROBLEM DEFINITION

The traffic flow forecasting task is to predict traffic volume
of nodes in a road network, based on the historical volume
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Fig. 2: Left: the construction of Context Enhanced Similarity Graph, from taking input flow data on the left to constructing
MT

ij , Md
ij , MN

ij , and node embedding in the middle, and then outputting the graph on the right. right: the framework of
QuoGNN, which takes historical flow on top, and makes prediction output to bottom. FC Layer - Fully-Connected Layer.

data collected by sensors installed on each node. Let a traffic
road network be presented as an undirected graph G = (V,E),
where V represents a set of N traffic nodes, |V | = N . E is a
set of undirected edges linking two nodes if they are physically
connected, Eij = 1 if node i and j are connected, otherwise,
Eij = 0. Sensors record the traffic volume signals in evenly
distributed time slots. All volume signals can be presented
in (X1,X2, ...,XT ) ∈ RN×T , where Xt denotes the volume
signals (xt1, x

t
2, ..., x

t
N ) at the t-th time slot for N nodes.

Given the signal X of all the nodes in graph G, the
target of traffic flow forecasting is to learn a function F
from the observed T1 measurements of the traffic signal to
predict unobserved T2 measurements in the next future. The
formulation is defined as

(Xt−T1+1, ...,Xt)
F→ (Xt+1, ...,Xt+T2). (1)

IV. CONTEXT ENHANCED SIMILARITY GRAPH

Nodes with similar traffic volume signals in a long historical
record may have similar traffic volume in the future (with
high temporal similarity). According to the Tobler’s first law
of geography [21], traffic flow of neighboring nodes have
strong dependency as well (with high spatial similarity).
The forecasting function F is expected to make prediction
by taking advantage of these dependencies between nodes.
We define a similarity matrix at a fine-grained time level
for catching the temporal dependencies among traffic nodes
and two contextual similarities for catching their spatial
dependencies. A unified and context enhanced similarity graph
is then obtained by a trainable embedding model. The whole
process is shown in the left part of Figure 2. We next introduce
the whole process step by step.

A. Temporal Similarity

As the forecasting task is to predict the traffic volume at
each future time unit, it is imperative to measure the node-
node temporal similarity at the same time-unit level, e.g., 5

mins. Given two traffic nodes with volume signal in τ units
Si = (x1i , .., x

τ
i ) and Sj = (x1j , .., x

τ
j ), their similarity can be

measured by a function d(.), e.g., Euclidean distance,

MT
ij = d(Si, Sj) =

τ∑
l=1

(xli − xlj)
2. (2)

To make a stable measure of the traffic variation trending,
the length τ should not be too short. Similarities derived
from short-term time series are vulnerable to the occasions
of weather and society events [10]. We set τ to be one week,
considering the urban traffic cycle from Monday to Sunday.
To further alleviate the impact of unexpected occasions, we
prepare the weekly-window signal Si by taking the weekly
average volume from the entire training data.

The obtained similarity MT
ij captures only the relevance

of nodes regarding their traffic history. To characterize their
comprehensive dependency, we next define two contextual
similarities to explore dependency in the road network.

B. Contextual Similarity

We define two types of contextual similarities to measure
the spatial relevance between nodes.

Spatial relation similarity. A spatial relation similarity
represents the spatial connection among traffic nodes. By
taking the traffic road network G = (V,E), we define the
spatial relation between node i and j as Md

ij = Eij . This
relation Md

ij indicates the spatial connectivity of two traffic
nodes i and j, as two connected nodes tend to have more
closely relevant traffic than those unconnected ones.

Neighborhood similarity. The second contextual similarity
MN

ij reflects the similarity of the neighborhood centered at
node i and j. The intuition is that two nodes have similar
traffic flow if they have similar neighborhood. Suppose Ni is
the set of neighbors connecting to node i, and Nj is the set of
neighbors connecting to node j. The neighborhood similarity
between node i and j is defined as the maximum average



Algorithm 1 Multi-iteration Assignment algorithm

Input: neighbor sets of node i and j: Ni and Nj (without
loss of generality, assume |Ni| ≥ |Nj |)

Output: the matched pairs ϕ
1: initialize: ϕ = ∅, N̂ = Ni

2: while N̂ ̸= ∅ do
3: ϕ

′
= KM-Algorithm (N̂ , Nj)

4: ϕ = ϕ ∪ ϕ′

5: N̂ = N̂ \(ϕ′ ∩ N̂ )
6: end while

similarity between Ni and Nj , while the maximum average
similarity is determined by the most matchable members
between two sets Ni and Nj ,

MN
ij =

min{|Ni|, |Nj |}
max{|Ni|, |Nj |}

×
max

∑
(p,q)∈ϕ d(Sp, Sq)

max{|Ni|, |Nj |}
, (3)

where ϕ is a neighbor pair set, each p ∈ Ni and q ∈ Nj .
In fact, |ϕ| = max{|Ni|, |Nj |}, because each neighbor in the
larger set should find a matchable one in the other set. To avoid
the meaningless one-to-many matching, we set a constraint
that each neighbor in the smaller set can be matched to at
most

⌈
max{|Ni|,|Nj |}
min{|Ni|,|Nj |}

⌉
neighbors. The ratio min{|Ni|,|Nj |}

max{|Ni|,|Nj |} is
added to adjust the similarity by the size of two sets.

This problem can be presented as a bipartite graph
assignment problem. We have Ni at one side, and Nj at the
other side, and d(Sp, Sq) on the edges linking nodes on two
sides. We then utilize a multi-iteration assignment algorithm
based on Kuhn–Munkres (KM) algorithm to calculate the
maximum similarity assignment for solving Eq. (3). KM
algorithm is an optimal guaranteed solution for the assignment
problem on a complete bipartite graph. We thus adopt it to
solve our problem that has a constraint on the number of
matchable pairs. The algorithm is given in Algorithm 1. After
finding the matchable pairs ϕ, the neighborhood similarity
MN

ij is calculated by the definition in Eq. (3). A larger MN
ij

value indicates that the neighboring sets of node i and j are
more matchable with higher similarity, therefore the node i
and j are more relevant.

C. Context Enhanced Similarity Graph

We have extracted the temporal similarity MT
ij , the spatial

relation Md
ij and the neighborhood similarity MN

ij for
characterizing the relationship of every node pairs. To integrate
these similarities and make a comprehensive representation for
each node, we learn node embeddings preserving the multiple
pairwise relations between two nodes. Let f(vi, vj) measure
the closeness of two nodes in the embedding space, e.g., the
cosine similarity between the node embedding vector vi and
vj . The objective function for node embedding is defined as,

L(v) =

N∑
i=1

N∑
j=1

(
α

2

∥∥∥f(vi, vj)−Md
ij

∥∥∥+
α

2

∥∥∥f(vi, vj)−MN
ij

∥∥∥
+(1− α)

∥∥∥f(vi, vj)−MT
ij

∥∥∥),
(4)

where the hyperparameter α is to balance the similarity
preservation in time unit-level and contextual correlations.

Solving the objective function (4) is computationally
expensive when N is large. A popularly employed solution
is negative sampling, which is effective in recommendation
system and graph embedding [22]. For each node i, we sample
its most similar neighbors according to MT

ij , Md
ij , and MN

ij ,
which are noted respectively as three positive sets N T+

i , N d+
i ,

and NN+
i . Meanwhile, we sample the least similar neighbors

to get the corresponding negative sets: N T−
i , N d−

i , and NN−
i .

Since MT
ij , and MN

ij are real-value similarities, the positive
neighbors of node i are selected based on the top-k largest
similarity values between node i and its neighbors. Meanwhile,
k negative samples of node i are selected randomly from
all remaining neighbors. Given the binary similarity Md

ij , the
positive neighbor set of node i is constructed by collecting all
neighbors with Md

ij = 1. To have the same number of negative
neighbors, the negative neighbor set N d−

i is constructed by
randomly selecting |N d+

i | nodes from those with Md
ij = 0.

Taking one pair of positive and negative sample from the sets
defined by the same type of similarity, we use hinge pairwise
loss function to rewrite the objective function:

L(v) =

N∑
i=1

α

2

∑
v+
j ∈Nd+

i ,v−
j ∈Nd−

i

max{f(vi, v+j )− f(vi, v
−
j ), 0}

+
α

2

∑
v+
j ∈NN+

i ,v−
j ∈NN−

i

max{f(vi, v+j )− f(vi, v
−
j ), 0}

+(1− α)
∑

v+
j ∈NT+

i ,v−
j ∈NT−

i

max{f(vi, v+j )− f(vi, v
−
j ), 0}.

(5)
By optimizing the objective function (5), we can obtain the

node representation vectors vi. It is believed that the optimized
node vectors preserve both the temporal similarity defined at
the time unit of forecasting, and the contextual similarity.
Therefore, we can take the node representation vectors to
build the context enhanced similarity graph by connecting each
node to only its top-k similar neighbors in the embedding
space (and itself as well). Let A be the adjacency matrix
of this top-k similarity graph based on f(vi, vj) (and with
self-connections). We define its normalized Laplacian matrix
Â = D− 1

2AD− 1
2 for the next forecasting use, and D is the

degree matrix of A.

V. QUOTIENT GRAPH NEURAL NETWORK

The entire framework of QuoGNN is shown in the right part
of Figure 2. QuoGNN is composed of three components: (1)
the input layer; (2) the multiple Context-enhanced Similarity
Graph Convolutional (CSGC) layers; and (3) the quotient
neural network layer. The input layer on the right is a
typical fully-connected layer with RELU activation function.
It takes input Sinput = (Xt−T1+1, ...,Xt), which is the
historical traffic in the last T1 units of N nodes. With
trainable parameters W input and binput, the input is mapped
to hinput = ψ(SinputW input +binput) where ψ is the ReLU



activation function. Note that W input maps each traffic volume
score to a C-dim vector, then hinput ∈ RN×T1×C .

A. CSGC Layer

Taking hinput and Â as input, the Context-enhanced
Similarity Graph Convolutional (CSGC) layer is designed to
encode each node as an m-dim vector by using its history
represented in hinput, as well as the history of its multi-order
neighbor nodes indicated in Â. Due to the popularity and
proved effectiveness of graph convolutional network (GCN)
for acquiring graph node embedding, we adopt it here with the
topology defined by Â, and node features defined as hinput.
In each GCN layer, we aggregate neighbors by three hidden
layers followed by a fully connected layer.

While vi characterizes the node-node dependency in a latent
space, the node embedding here from GCN layers conveys the
information of historical volume Sinput, which is essential for
forecasting the volume after t. To this aim, GCN first processes
the time domain feature in hinput ∈ RN×T1×C independently.
After that, to learn the sequential dependency of features along
the time domain, we apply 1D dilated convolution including
two gated convolution operations [23]. Finally, we sum up the
output of GCN module and the dilated convolution module to
aggregate the information, and use the new output H ∈ RN×m

as input for the Quo Neural Network layer.

B. Quotient Neural Network Layer

In order to learn the quotient relation between the
forecasting traffic and the last observed non-zero volume in the
traffic signal, we take a quotient neural network layer (QNN)
as the output layer. As shown in Figure 2, QNN includes a
multilayer perceptron (MLP) and a QuoNet.

Multilayer Perceptron. The two-layer MLP takes input
H ∈ RN×m from the last CSGC layer and computes hmlp ∈
RN×T2 as:

hmlp = ψ(HWmlp
0 + bmlp

0 )Wmlp
1 + bmlp

1 , (6)

where Wmlp
0,1 and bmlp

0,1 are trainable parameters of each layer,
and ψ is the ReLU activation function. The dimension T2 of
hmlp is the length of forecasting interval.

QuoNet. In time series forecasting, each unobserved point
to predict is highly correlated with the previous one, as Kalman
Filter [24] is designed for. Our analysis from Figure 1b
confirms the stable dependency of xt+1 on xt. We propose
a linear network layer with fixed weight to amplify this
explicit dependency. We name it Quotient Layer (QuoNet).
One QuoNet expresses two relationships: the quotient and
linear intertemporal correlations inside the time series. The
prediction Ŷ = (X̂t+1, ..., X̂t+T2

) made by QuoNet function
is defined as:

Ŷ = G⊗ (hmlp + β1), (7)

where ⊗ is element-wise product, 1 is an all-ones matrix and
β is a hyperparameter to control the impact of linear relation.
The matrix G ∈ RN×T2 has each entry Gi,τ = x

<(t+τ)
i , which

is the immediate previous non-zero traffic volume of node i

before t+τ . Formally, it is defined as xl
∗

i |l∗ = argmax
l

{xli >
0,∀ l < t + τ}. As given in Eq. (1), our forecasting task
predicts the traffic of one future interval (Xt−T1+1, ...,Xt)

F→
(Xt+1, ...,Xt+T2

), rather than for one time unit t + 1 only.
We thus set for all Gi,τ = x

<(t+1)
i ,∀i = 1, ..., N ,

Objective Function. QuoGNN is optimized to make the
prediction of the traffic flow Ŷ = (X̂t+1, ..., X̂t+T2) to be
close to the ground truth Y = (Xt+1, ...,Xt+T2

), by taking
the input (Xt−T1+1, ...,Xt). We define the loss function of
QuoGNN by Huber Loss, due to its less sensitivity to data
outliers than the squared error loss. For each pair of predicted
and true traffic volume (ŷ, y) in Ŷ and Y , the loss is:

Lh(y, ŷ) =

{
1
2 (y − ŷ)2, if |y − ŷ| ≤ δ,

δ(|y − ŷ| − 1
2δ), otherwise,

(8)

where δ = 1 is the boundary of squared loss and absolute loss.
Lh(Y, Ŷ ) is defined as the sum of all pairwise loss on (ŷ, y).

VI. EXPERIMENTAL EVALUATION

Datasets. We evaluate the proposed QuoGNN on four
different real-world datasets in terms of three metrics. The
PEMS datasets are collected from Caltrans Performance
Measurement System [25]. The data are aggregated by a
5-minute time slot (12 points in one hour). The temporal
similarity matrix MT

ij is calculated on the same time unit. The
location information of the sensors is also recorded, based on
which we measure the spatial similarity.

Experiment Settings. All data are split into training,
validation, and test datasets with a ratio of 6:2:2. We use the
signal of T1 = 12 time slots to predict that of the next T2 = 12
time slots on all datasets. The historical time slots of the signal
are used as the training dataset to learn the node embedding,
and the average window size is set as 12 when measuring the
temporal similarity. We adopt three metrics (MAE, MAPE,
and RMSE) that have been widely used in forecasting tasks
to evaluate the performance of our models and baselines. The
dimension of node embedding vectors is set as 64. The impact
factor α is set as (0.1, 0.3, 0.1, 0.3) for the evaluation datasets
PEMS03, PEMS04, PEMS07 and PEMS08, respectively. β of
QuoNet is set as (0.6, 0.5, 0.6, 0.1). The number of positive
and negative samples is k=10. C of CSGC modules is set as
64.

Baselines. To verify the effectiveness of QuoGNN, we
choose the models proposed in the last four years as baselines:
STGCN [14] includes a typical graph convolutional network
for capturing spatial and temporal information; ASTGCN
[8] is a GCN with attention mechanism to capture dynamic
spatial and temporal correlations; STSGCN [10] utilizes a
synchronous modeling mechanism to capture localized spatial
and temporal information; AGCRN [26] is a GNN utilizing
node adaptive learning modules to learn node dependency;
STFGNN [7] is a multi-block GNN with a fusion graph
combining temporal and spatial adjacency matrices; STGODE
[11] uses a tensor-based ordinary differential equation to
obtain the spatial-temporal dynamic trends.



Dataset Metric STG ASTG GWN STSGCN AGCRN† STFGNN STGODE* QuoGNN

PEMS03
MAE 17.49 17.69 19.85 17.48 16.16 16.77 16.50 15.01

MAPE(%) 17.15 19.40 19.31 17.25 16.13 16.30 16.69 14.26
RMSE 30.12 29.66 32.94 29.21 28.59 28.34 27.84 24.76

PEMS04
MAE 22.70 22.93 25.45 21.19 19.83 19.83 20.84 19.28

MAPE(%) 14.59 16.56 17.29 13.90 12.96 13.02 13.77 12.72
RMSE 35.55 35.22 39.70 33.65 32.26 31.88 32.82 31.50

PEMS07
MAE 25.38 28.05 26.85 24.26 23.73 22.07 22.99 20.34

MAPE(%) 11.08 13.92 12.12 10.21 9.90 9.21 10.14 8.52
RMSE 38.78 42.57 42.78 39.03 38.01 35.80 37.54 34.49

PEMS08
MAE 18.02 18.61 19.13 17.13 15.95 16.64 16.81 15.10

MAPE(%) 11.40 13.08 12.68 10.96 10.09 10.60 10.62 9.61
RMSE 27.83 28.16 31.05 26.80 25.22 26.22 25.97 24.47

TABLE I: The performance of QuoGNN and baselines on four datasets. The results of PEMS datasets in column with *
are from [11], with † are from [26], and others are from [7]. Notations: STG - STGCN; ASTG - ASTGCN; GWN - Graph
WaveNet.

Dataset Model MAE MAPE RMSE

PEMS03

STFGNN 16.77 16.30 28.34
QuoGNN-manual 15.74 14.77 25.59
QuoGNN(noQuo) 15.79 14.88 27.61
QuoGNN(noMN ) 15.13 14.40 25.27

QuoGNN 15.01 14.26 24.76

PEMS04

STFGNN 19.83 13.02 31.88
QuoGNN-manual 19.42 12.76 31.69
QuoGNN(noQuo) 19.69 12.96 31.32
QuoGNN(noMN ) 19.54 12.66 31.81

QuoGNN 19.28 12.72 31.50

PEMS07

STFGNN 22.07 9.21 35.80
QuoGNN-manual 21.20 8.92 34.42
QuoGNN(noQuo) 21.78 9.00 35.29
QuoGNN(noMN ) 20.64 8.72 34.26

QuoGNN 20.34 8.52 34.49

PEMS08

STFGNN 16.64 10.60 26.22
QuoGNN-manual 15.70 10.19 25.56
QuoGNN(noQuo) 15.79 10.22 24.84
QuoGNN(noMN ) 15.23 9.67 24.68

QuoGNN 15.10 9.61 24.47

TABLE II: The performance of the best baseline STFGNN
and variants of QuoGNN on PEMS03, PEMS04, PEMS07,
and PEMS08.

Experiment Results. The experiment results are shown
in Table I. To avoid unnecessary errors of baselines re-
implementation, we set our experiments on PEMS datasets the
same as baselines and cite the experimental results from [7],
and those with * from [11]. The experimental results show that
our model outperforms all baselines with notable reduction
on MAE, MPAE, and RMSE, especially on PEMS03 and
PEMS08. This demonstrates the effectiveness of our model.
STGCN, ASTGCN, and Graph WaveNet learn the spatial
and temporal relations through different modules separately
and they share a fixed spatial-temporal relationship in one
module for different data. STSGCN could capture the localized
spatial-temporal correlations, so the performance of STSGCN
is better than the first three baselines. Both of STFGNN and
STGODE enlarge the perception of long-range signals inside
nodes themselves for obtaining the sequential dependencies.
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Fig. 3: (a) and (b) are the sensitivity analysis of
hyperparameter α and β on dataset PEMS03 and PEMS08,
respectively.

However, the adjacency matrices used by STFGNN and
STGODE are designed manually with contextual spatial and
temporal information, which can not represent the fine-grained
time level similarity among time series on different nodes.
The context-enhanced similarity adjacency matrix can enhance
the ability of QuoGNN to capture the contextual similarity
and temporal similarity at forecasting time unit-level, and
QNN layers transform the learning target from traffic flow
value to quotient relations between last non-zero value and
forecasting, and decrease the variance of learning targets.
These two components make our proposed QuoGNN leverage
the inter-node correlations in the traffic network and the
quotient relation among time series effectively. The superior
performance of QuoGNN on multiple datasets validates that
QuoGNN is broadly valid in traffic flow prediction tasks.

Ablation Experiments. To verify the effectiveness of each
component of our design, we conduct ablation experiments
with three variants of QuoGNN: QuoGNN-manual, a
QuoGNN utilizing the manual fusion adjacency matrix from
STFGNN; QuoGNN(noQuo), a QuoGNN without the last
QuoNet layer; QuoGNN(noMN ), a QuoGNN lacking MN .
The results shown in Table II indicate that all of our two
models and variants obtain better results than baselines on all
datasets. We could observe that QNN amplifies the ability of
models through learning the quotient relation to near history



effectively and enables the model to better forecast unobserved
signal points. The results indicate that the context enhanced
similarity graph can effectively leverage correlations among
nodes, and QuoGNN can exploit to accomplish forecasting
tasks of traffic flow.

Hyperparameter Sensitivity Analysis. We analyze the
hyperparameter sensitivity w.r.t. α in Eq. (5) and β in Eq.
(7). The parameter α controls the impact of the temporal and
contextual similarities. The parameter β controls the linear
impact factor in QuoNN. We performed 44 sets of experiments
based on different parameters on the PEMS03 and PEMS08
datasets. The analysis result is shown in Figure 3. We can see
that these two hyperparameters do have a significant impact on
the performance of QuoGNN. It is necessary to adjust them in
a given forecasting problem by cross validation in the training
stage. Once the model is trained, the prediction process will
not be affected by these parameter setting.

VII. CONCLUSION

In this paper, we propose a new model QuoGNN for
solving the traffic flow data forecasting problem. A new
Context Enhanced Similarity Graph constructed with temporal
similarity and contextual similarity is used to enhance the
model to extract spatial-temporal correlations and moderate
similarity discrepancy. Meanwhile, a QuoNet layer is applied
to amplify the ability of the model to capture explicit relations
of intertemporal information. We demonstrate the effectiveness
of QuoGNN through comparative experiments on four real-
world datasets. Finally, the ablation experiments verify the
effectiveness of each component in QuoGNN.
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