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Abstract

Traffic prediction is an important component of the intelli-
gent transportation system. Existing deep learning methods
encode temporal information and spatial information sepa-
rately or iteratively. However, the spatial and temporal infor-
mation is highly correlated in a traffic network, so existing
methods may not learn the complex spatial-temporal depen-
dencies hidden in the traffic network due to the decomposed
model design. To overcome this limitation, we propose a new
model named Trafformer, which unifies spatial and temporal
information in one transformer-style model. Trafformer en-
ables every node at every timestamp interact with every other
node in every other timestamp in just one step in the spatial-
temporal correlation matrix. This design enables Trafformer
to catch complex spatial-temporal dependencies. Following
the same design principle, we use the generative style decoder
to predict multiple timestamps in only one forward operation
instead of the iterative style decoder in Transformer. Further-
more, to reduce the complexity brought about by the huge
spatial-temporal self-attention matrix, we also propose two
variants of Trafformer to further improve the training and in-
ference speed without losing much effectivity. Extensive ex-
periments on two traffic datasets demonstrate that Trafformer
outperforms existing methods and provides a promising fu-
ture direction for the spatial-temporal traffic prediction prob-
lem.

Introduction

With the trend of global urbanization and population growth,
transportation systems are growing bigger and more com-
plex, making Intelligent Transportation System (ITS) (Jab-
barpour et al. 2018) become increasingly important. Traffic
prediction is one of the most challenging tasks in ITS. By
learning historical traffic conditions and patterns, accurate
traffic prediction helps with a wide range of traffic manage-
ment problems, such as traffic congestion, travel duration,
and controlling flow, etc.

Some traffic forecasting works treat traffic prediction
as a general time series forecasting problem, including
classic time series models, e.g. auto-regressive and inte-
grated moving average (ARIMA) models; machine learn-
ing and deep learning models, e.g. recurrent neural net-
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works (RNNs) (Huang et al. 2014; Fu, Zhang, and Li
2016), one-dimensional convolutional neural networks (1D-
CNN5s) (Stoller et al. 2019), and Transformer varients (Ki-
taev, Kaiser, and Levskaya 2020; Zhou et al. 2021; Wu et al.
2021). Although these models account for temporal depen-
dencies in traffic data and have gained success in some traf-
fic prediction tasks, they neglect spatial correlations, com-
promising the model performance in accuracy and other as-
pects. The traffic flow on a road is not only influenced by
its historical traffic conditions but also the conditions of
upstream and downstream roads, making traffic prediction
more challenging than other time series forecasting prob-
lems.

To better utilize the space information hidden in traffic
data, some efforts have been dedicated to combine time se-
ries models with 2D-CNNs or GNNs. Some models, like
(Zhang, Zheng, and Qi 2017) and (Cao et al. 2017), con-
vert traffic data into spatial-temporal grids and then treat
these grid-style spatial dependencies as images and impose
two-dimentional convolutional neural network (2D-CNN)
on the converted grid traffic data. A more natural way to
utilize space information in traffic data is to treat it as a
series of spatial-temporal graphs. These works use RNN,
1D-CNN or Transformer for encoding temporal informa-
tion and GNNs, like GCN, GAT (Yu, Yin, and Zhu 2019;
Guo et al. 2020), for encoding spatial information. For ex-
ample, DCRNN (Li et al. 2017) constructs traffic graph by
nodes proximity (measures road network distance of sen-
sor nodes) and then replaces 2D-CNNs with GCNs in order
to extract graph-style spatial dependencies, in which spatial
dependencies are modeled as a diffusion process. PVCGN
(Liu et al. 2020) constructs a physical graph, a similarity
graph and a correlation graph based on the physical topology
of a metro system and human domain knowledge, and then
incorporates these extracted graphs into a Graph Convolu-
tional Gated Recurrent Unit (GC-GRU) for local spatial-
temporal representation learning.

However, existing methods have a common limitation
preventing them from getting better performance, that is,
all of them encode time and space information separately.
To be specific, as shown in Fig.1, for an input traffic flow
graph with multiple timestamps, these methods either en-
code time-series first, encode space first, or iteratively deal
with time and space. These strategies can use both time and
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Figure 1: (a) Input traffic flow graph with multiple time
stamps. (b), (c) and (d) are three different ways to encode
temporal and spatial information.

space information to some extent. If we look at a node pair in
the same timestamp or the same physical node, information
seems to flow well. However, if we try to analyze a node pair
in different timestamps and positions in the spatial-temporal
graph series, we can observe the following two phenomena:
First, the distance between this node pair is at least 2-hops.
Second, when feeding into the encoder, information is al-
ready highly mixed before it reaches the target node, espe-
cially when this pair of nodes are more than 2-hops away.
Such issues prevent the models discussed earlier from learn-
ing spatial-temporal correlation hidden in the traffic data,
which is exactly highly spatial-temporal correlated.

To solve this problem, we propose the following de-
sign principles that an effective model for traffic prediction
should follow: First, instead of encoding time and space
information separately, this model should unify time and
space, encoding them in one module. Second, this model
should let message pass freely in the learning process to
let correlated nodes from different timestamps and posi-
tions interact with each other and truly catch the complex
spatial-temporal dependencies in the traffic data. Following
these design principles, we propose a model named Traf-
former. First, Trafformer unifies time and space by intro-
ducing a spatial-temporal correlation matrix into the frame-
work which combines all timestamps of all nodes and then
feeds them into a transformer-style encoder-decoder archi-
tecture with three kinds of position encoding: time encod-
ing, space encoding, and feature encoding. Then, to allow
arbitrarily correlated nodes to interact freely, the attention
mechanism of Trafformer works in a fully connected man-
ner in the encoder and decoder respectively. Following the
same design principle, we use the generative style decoder
to predict multiple timestamps in only one forward operation
instead of the iterative style decoder in classic Transformer.
Finally, to let Trafformer works more efficiently, we also
give two sparsed version of Trafformer, which can reduce
the complexity brought about by the full spatial-temporal
self-attention graph as a trade-off between efficiency and
precision.
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Preliminary

A traffic network can be represented as a weighted graph
G = (V,€&, A), where V is the set of N nodes representing
the sensors, £ is the set of edges reflecting physical connec-
tivity between sensors, and A € RV*¥ is the adjacency ma-
trix storing the nodes proximity or distance in the network.
Xt € RN*F denotes the feature matrix of the graph that is
observed at time ¢, where f is the number of features.
Traffic forecasting aims to predict future traffic from a se-
ries of historical traffic observations detected by sensors on
aroad network. In this paper, we focus on forecasting traffic
speeds v' € R at time step ¢ for the N sensors, and volume
and density can be similarly calculated as traffic speeds. We
formalize forecasting as learning a traffic forecasting model
F that predicts T future traffic conditions through the given
M historical traffic conditions on the premise of a network
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where v " denotes an array of feature matrices from time
stamp i to i + n: [v!, vt pitn)

AT
Vgy1 =

The Model

Overview

To let the model truly unify information from time and
space, here we propose a novel approach which mainly in-
cludes three parts. 1) Position Encoding, which integrates
spatio-temporal information into a model from three aspects:
space encoding, time encoding, and feature encoding. 2) En-
coder, which realizes the free interaction of different nodes
at different moments through the stacked self-attention layer.
3) Decoder, which adopts the generative inference to pre-
dict all time slices of all nodes at once. The architecture of
our proposed Trafformer model is shown in Fig.2. To fur-
ther reduce the computation complexity brought about by
the spatial-temporal graph, two sparsification strategies are
given to improve the model efficiency. In the following sec-
tions, we will introduce the details of each component.

Position Encoding for Spatial Temporal Graph

Traffic data is highly spatio-temporal related. In order to bet-
ter process the temporal and spatial information of traffic
data, we design a position encoding method to inject the
temporal and spatial information into the model.

Time Encoding. This module can encode time informa-
tion in two ways. We can think of a sequence as points on
the sine or cosine curve from front to back, so we use the
sine and cosine functions of different frequencies:

E(time,2i) = Sin(time/100002i/D)
Etime,2i+1) = cos(time/10000%/P)

where 7T is the number of timestamps, and D is the dimen-
sion of hidden layers. The time information after encoding
can be expressed as Eyje € RMT*P The dimension rep-
resenting the number of nodes is 1, because spatial informa-
tion is the same across different timestamps, that is, every
node in one timestamp is the same. In addition, time encod-
ing can also be learned from data.

)
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Figure 2: The structure of Trafformer, consisting of three components: (1) position encoding integrates spatio-temporal infor-
mation into the model, (2) encoder realizes the free interaction of different nodes at different moments through the stacked
self-attention layer, and (3) decoder adopts transductive learning method to predict all time slices of all nodes at once.

Space Encoding. A position embedding vector is used
in the Transformer layer to encode the relative distance be-
tween any two positions. The nodes in graph exist in a multi-
dimensional space, connected by edges, and are not arranged
sequentially. Therefore, for each node in the traffic network,
there is a learnable embedding to describe the spatial loca-
tion information between nodes. This module encodes spa-
tial location information.

We use the structure information of the graph to pre-
calculate the Laplacian eigenvectors (Belkin and Niyogi
2003) and take them as the position information of the
nodes. We use the k smallest non-trivial eigenvectors of node
as Fgpace. The process of calculating the eigenvectors by
factoring the Graph Laplacian matrix can be represented as:

A=1-D"12AD"12 = yTAU, (3)

where D is the degree matrix, A and U correspond to
the eigenvalues and eigenvectors respectively. After encod-
ing the spatial information can be expressed as Egpqce €
RN*IXD ‘Each node has an embedding whose time dimen-
sion is 1, indicating that each time slice of a node in the
graph are the same.

Feature Encoding. Data on traffic flow can change sig-
nificantly over time due to events such as roadworks and
extreme weather, so the data observed by a sensor is heavily
influenced by its surroundings. Due to the spatio-temporal
correlation, each node can affect the state of other nodes at
different times. However, in the traditional self-attention lay-
ers of Transformer, local context such as graph structure is
not fully utilized and the interaction between various points
is ignored. Therefore, we use feature encoding to improve
the efficiency of self-attention and then improve the predic-
tion ability of the model.

The causal convolution (Li et al. 2019) of kernel size k
and stride 1 is used to process the input data in Feature En-
coding, and their similarity is calculated by their local con-
text information. The output of feature encoding can be ex-
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pressed as FEreqture € REX*D where C is the number
of convolution kernel. As shown in orange in Fig.2, the at-
tributes of node A at time 1, time 2, and time 3 are aggre-
gated back to node A. This kind of location perception can
match the most relevant features according to the shape of
the graph. As shown in the red box, it can observe the pat-
tern of traffic flow peaks in different areas, which is helpful
for accurate prediction.

Encoder for Spatial Temporal Graph

In the previous traffic prediction models using Transformer
(Vaswani et al. 2017), the time information and the space
information are encoded separately. For example, the input
for the Transformer encoder of each node is X € RL*P
for encoding the temporal information. However, this sepa-
rated design is not enough for the learning of the complex
spatial-temporal correlation hidden in the traffic network.
Trafformer, on the other hand, integrates the time and space
information into a transformer-style model. The input of the
encoder-decoder structure is obtained by adding three posi-
tional codes, namely time coding, space coding, and feature
coding:

Xinput = Etime + Espace + Efeature (4)

where Xippur € REXNXTXD "and B is batchsize.

Encoder is composed of [ identical layers. In each layer,
the attention mechanism works in a fully connected way.
We take X, as the input of self-attention. Through lin-
ear transformation, we obtain three matrices (), K and V.
The multi-head attention layer we use is similar to that in
Transformer, Q;, K;, and V; for i-th head can be calculated
as:

Qi Ki, Vi) = X[W2, WK W) ©)

where W2, WX, WY € RP*P_ The calculated output
matrix of the attention layer of the i-th head is:

Q:K;
D;

Attention(Q;, K;, V;) = softmax( Wi (6)



The multi-head attention mechanism allows each node on
each timestamp to interact with each node on other times-
tamps, so as to realize the free interaction of any relevant
nodes and capture the complex spatio-temporal correlation
in the traffic network. Thus, for an h-th head attention layer,
the operation can be expressed as:

Xmauiti = Concat(Attention(Qq, K1, V1),

7
.., Attention(Qp, Ky, V3,))W©° @

We construct a spatio-temporal connection graph Agr €
RNTXNT formed by T' x T adjacency matrix A, as shown
in the Attention Matrix in Fig.2, representing the interac-
tion relationship between each node and all other nodes
at each timestamp. Agy is used for graph convolution op-
erations. We use residual connection (He et al. 2016) in
each layer separately. Adding the input results and output
results of each layer, which is used to solve the problem
of multi-layer network training, so that the network can
only focus on the part of the current difference. Then we
use layer normalization (Ba, Kiros, and Hinton 2016) to
speed up convergence, that is, the output of each sublayer
is LayerNorm(X + sublayer(X)), where sublayer(X) is a
function implemented by the sublayer itself.

The feature map of encoder is obtained by the fully con-
nected self-attention mechanism, and then the distilling op-
eration (Zhou et al. 2021) is used to give higher weight to the
dominant feature with dominant attention, that is, the pool-
ing operation of one-dimensional convolution is performed
first to obtain the concatenated feature map. The process of
distilling operation from i to 7 + 1 layer is as follows:

Xf+1 = Pooling ( ELU( Conv1d([X[])) ) (8)

where [-] represents the key operation in the fully connected
self-attention layer, Conv1d represents the one-dimensional
convolution operation. The pooling operation is used to dis-
till the useful information and reduce the whole memory us-
age at the same time. It maps the time dimension from 7 to
T’. The output of the last encoder is the concatenated feature

. . !
map, which is denoted as X feqturemap € REXNVXT XD,

Decoder for Spatial-temporal Graph

Traditional Transformer has two stacked multi-head atten-
tion layers in decoder, which is a dynamic decoding pro-
cess, that is, iterative output step by step. Informer makes
an improvement in this aspect. It uses batch generative pre-
diction to directly output multi-step prediction results, and
predicts all time slices of a node at a time. Trafformer uses
Transductive learning like Informer, taking the entire graph
as input. Moreover, it goes above and beyond such that mul-
tiple timestamps are predicted in one forward operation, and
all time slices of all nodes are predicted at one time, thus
the accuracy of predicting spatial-temporal output is further
improved. The Decoder’s input is:

Xdecoder = Concat(Xtokena XO) (9)

where Xgecoger € RBXNX(TH+T)xD  x represents the
placeholder for the forecast sequence and Xy,er, is the start
token, with Xg, Xioren € REXNXTXD
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Strategies to Reduce Complexity

In Trafformer, the complexity of self-attention reaches
O(N?T?). In this part, we will try to optimize the computa-
tional efficiency of self-attention and reduce its complexity.

The Informer Strategy. Some researchers have visual-
ized the dot product results in self-attention. Finding that
long tail distribution (Yang and Xu 2020; Zhang et al. 2021)
in characteristic graph and verified the sparsity of the self-
attention mechanism: an element in a sequence generally has
high similarity with only a few elements. That is, the dot
product of a few querys and keys computations dominate
the probability distribution.

After each query is dotted with all keys in the sequence,
the discrete distribution obtained by softmax is different. If
the distribution of a query is similar to the uniform distribu-
tion, then self-attention becomes the trivial sum of values,
which has no reference value. However, if the probability
value obtained by a query is very different from the uni-
form distribution, there must be a few larger probability val-
ues, which are obviously more meaningful. Therefore, the
core idea of algorithm optimization is to find these impor-
tant queries.

The authors of Informer simplified the calculation of the
measurement results of query sparsity (Tsai et al. 2019). We
use this calculation, but unlike Informer input sequence, the
input of Trafformer are graphs, so Q, K,V € RP*P and
i, ki, v; stand for their i-th row respectively. The simplified
calculation can be expressed as:

- qik; 1K gik]
M(q;, K) = max 1l — ) 10
(i, K) = max{ =2} LK; 7 1o

where the first term is the simplified calculation method of
Log-Sum-Exp (LSE) of g; on all the keys, and the second
term is their arithmetic mean. L

If the i-th query obtains a larger M (g;, K), its attention
probability is more discriminative and is more likely to in-
clude the major dot product pairs in the head region of the
long tail self-attention distribution.

However, it is infeasible to calculate sparsity for each
query due to the computational cost. Therefore, in practice,
the key part of each query is randomly sampled first, and
then the sparsity score is calculated. The n queries with the
highest score are selected to calculate the dot product be-
tween them and all keys, and then the attention result is ob-
tained. The input of the self-attention layer is directly av-
eraged as the output. The overall time complexity of this
simplified computation is O(NTIn(NT)).

The Sparse Graph Strategy. As mentioned in the section
Encoder for Spatial Temp, since the information of the traf-
fic network is transmitted simultaneously in time and space
dimensions, we constructed a spatio-temporal connection
graph Agy € RNT*NT formed by T' x T adjacency ma-
trix A. Therefore, it is equivalent to that all time slices of
each node and all neighbor nodes are connected, the spatio-
temporal correlation between nodes at different times under
different timestamps can be fully considered.

However, this also introduces some problems. First, the
dimension of Agr is very high, which will bring consid-



erable computational load to the model. Here, we try to
find a way to reduce the computational load and improve
the operation efficiency of the model. Second, each node
has a different impact on its neighbors. The adjacency ma-
trix contains only 0 and 1, so the weight calculation of the
self-attention mechanism may be limited. If two nodes in
a spatio-temporal connection graph are connected, even if
they are not actually related for a period of time, or their
degree of correlation is very low, their features will be con-
sidered to be related and given a weighted sum. Conversely,
if two nodes in a spatio-temporal connection graph are not
connected, they will not be given a weighted sum even if
they are strongly correlated in reality.

Therefore, referring to the simplification method of STS-
GCN (Song et al. 2020), we replace Agp from the fully
connected matrix with a sparse matrix Aspqre to adjust the
weight of the calculation.In this way, the correlation be-
tween different nodes can be more reasonably emphasized
in the calculation of weights, and also reduce the computa-
tion load and improve the operation efficiency of the model.
The sparse matrix is calculated as:

Apast, =1 ® A* (11)

where I € RT*T is an all-ones matrix, ® stands for Kro-
necker product. & is the neighbor order in the spatial direc-
tion, that is, the matrix to the K -th power. In our experiment
we tried the values of k of 1 and 2. A4 € RY*V in-
dicates the mask matrix. After the self-attention matrix is
masked, the sparse matrix Agpare is obtained. The formula
is as follows:

= Amask O) (Q * K) (12)

where Agparse € RNTXNT "and ® stands for Hadamard
product. This sparse matrix Aspqrse can be used instead of
the spatio-temporal connection graph Agr to reduce the op-
eration overhead. Using the spatio-temporal graph locality
assumption, the complexity is reduced to O(E x T?) in this
section.

We choose Mean Squared Error (MSE) as the loss func-
tion, which can evaluate the degree of data change. The
smaller the MSE, the higher the accuracy of the prediction
model in describing the experimental data.

Asparse

i=T j=N
~ 1 ~ ; ;
(t+1):(t+T). _ (t+i)  ~r(t+i) \2
L(X ,@)_—TN E E (Xj X; )
i=1 j=1
(13)
where © is the model parameter.

Experiments

In this section, we compare the performance of Trafformer
with state of the art models in terms of traffic flow prediction
using two real-world datasets. We designed ablation exper-
iments and evaluated the computational efficiency of differ-
ent complexity reduction strategies.

Experimental Setup

Datasets. We evaluate the performance of our proposed
model using two real-world datasets, the public transporta-
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tion network datasets METR-LA and PEMS-Bay. METR-
LA recorded traffic speed statistics by loop detectors from
207 sensors on Los Angeles County freeways for four
months, from March 1, 2012, to June 30, 2012. PEMS-BAY
is collected from loop detectors on Los Angeles County free-
ways and contains six months of traffic speed information
from 325 sensors in the BAY area from January 1, 2017,
to May 31, 2017. During the experiment, both datasets are
sorted in ascending chronological order and are split into
three parts for training, validation, and testing, which ac-
count for 70%, 10%, and 20% respectively. For a fair com-
parison, all methods share the same random split. Table 1
provides detailed data set statistics.

Data Nodes Edges Time Steps MissingRatio
METR-LA 207 1515 34272 8.109%
PEMS-BAY 325 2369 52116 0.003%

Table 1: Summary statistics of METR-LA and PEMS-BAY.

Baselines. We compare Trafformer with the following mod-
els:

* ARIMA: Auto-Regressive Integrated Moving Average
(Li et al. 2017) is a classical time series mathematical
model.

* AGCRN: Adaptive Graph Convolutional Recurrent Net-
work (Bai et al. 2020) combines GRU.

* WaveNet: Inflated causal convolution is used to acquire
receptive fields (Oord et al. 2016).

* Graph Wavenet: Graph WaveNet (Wu et al. 2019) con-
ducts graph convolution with adaptive adjacency matrix.

» Transformer: solves the long-distance dependence prob-
lem based on self-attention structure (Vaswani et al.
2017).

Parameter Setup. For ARIMA, AGCRN, WaveNet and
GraphWaveNet, we set their parameters as what were used
by their authors. For Transformer and Trafformer, we set the
encoder layer to 2 and decoder layer to 1. The hidden di-
mension for each attention layer is set to 32. For Trafformer,
the batch size for METR-LA is set to 11 and the batch size
for PEMS-Bay is set to 5. All learnable parameters are ini-
tialized with a normal distribution. We use Adam optimizer
with an initial learing rate of 0.002. We test 3 settings for
dropout rate (0, 0.05, 0.2) and set the rate to 0. We choose
evaluation metrics including mean absolute error (MAE),
root mean squared error (RMSE), and mean absolute per-
centage error (MAPE).

Results of Traffic Flow Prediction

Table 2 compares the performance of Trafformer and dif-
ferent methods of traffic flow prediction task on the two
datasets for 15 min, 30 min, and 60 min advance prediction.

In terms of short-range prediction, that is, 15-minute pre-
diction, the prediction performance of Trafformer is compa-
rable with that of Graph Wavenet. Both models are the opti-
mal or suboptimal results, indicating that our model Traf-
former has reached an advanced level in short-range pre-
diction. Trafformer delivers the best results for long-range



Data  Models 15 min 30 min 60 min
MAE RMSE MAPE(%) | MAE RMSE MAPE(%) | MAE RMSE MAPE(%)
ARIMA 399 821 9.60 5.15 1045 12.70 6.90 13.23 17.40
f] AGCRN 367 9.58 8.45 4.75 12.1 10.77 6.13 14.86 13.46
o~ WaveNet 299  5.89 8.04 359  7.28 10.25 4.45 8.93 13.62
E Graph Wavenet 2.70  5.19 6.97 3.12 632 8.47 3,55  7.39 10.02
S Transformer 3.08 6.05 8.35 374  17.56 10.79 478  9.52 14.68
Trafformer 278 535 7.32 3.05 6.18 8.67 341 717 9.96
ARIMA 1.62  3.30 3.50 233 476 5.40 338  6.50 8.30
Q AGCRN 1.39 298 X 1.76 397 X 2.14 4385 X
- WaveNet 1.39  3.01 291 3,59  7.28 10.25 4.45 8.93 13.62
E Graph Wavenet 133  2.82 2.77 1.64 3.70 3.70 201 4.56 4.67
E Transformer 2.21 4.43 5.15 228  4.59 5.32 239 486 5.65
Trafformer 1.31 2.83 2.92 1.61 374 3.82 1.88 4.38 4.59

Table 2: Performance comparison of Trafformer and other baseline models on traffic flow prediction task. The lower the value
the better the model. The best result is in bold and the second best is underlined. X means the result is too large to be included

in the table.

Method MAE RMSE ATT AIT Complexity
Trafformer 341 717 95235 67.17 O(NT?)
Trafformer-IS 406 8.07 37220 1438 O(NTin(NT))
Trafformer-A  4.13  7.73  670.78 28.62 O(ET?)
Trafformer-A2 3.64 7.60 78521 30.17 O(ET?)

Table 3: Different complexity reduction strategies. ATT: Av-
erage training time, AIT: Average inference time

prediction, especially for 60 minutes. For the dataset MetR-
LA, Trafformer has better MAPE values than ARIMA,
AGCRN, Wavenet, Graph Wavenet, and Transformer mod-
els by 7.44%, 3.5%, 3.66%, 0.06%, and 4.72% respectively,
which is significantly better than all of the other models. For
the experimental results on data set EMS-Bay, the MAPE
values of Trafformer are also 3.71%, 9.03%, 0.08%, and
1.06% better than those of the rival models. These experi-
mental results show that our model greatly improves the ac-
curacy of long-term traffic flow prediction.

Computation Efficiency

We compare the experimental training time and theoretical
complexity of different complexity-reducing strategies. The
results are given in Table 3. We can see that both strategies
for reducing complexity improve training efficiency and in-
ference efficiency. For efficiency comparison, the Informer
strategy achieves the best efficiency among all variants, but
it also gets the worst performance. Higher informer sample
factor can trade efficiency for performance. The sparse graph
strategy does not perform well when we only concatenate
original adjacency matrix A to build spatial-temporal graph.
But when we concatenate A? to build the spatial-temporal
graph, it performs much better thanks to a bigger recep-
tive field in space dimension. Moreover, the training time
is consistent with the theoretical analysis we give in Section
Strategies to Reduce Complexity.
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Ablation Study

To verify the effectiveness of designs in Trafformer, we con-
duct ablation experiments on METR-LA. Table 4 shows
metric of MAE, RMSE, and MAPE. Here is the conclusion.

» Without space encoding, Trafformer can’t get the spatial
information of each node, so it fails to learn how to use
the information of neighbor nodes because it can’t distin-
guish them in the same timestamp. We can see that Traf-
former without space encoding gets performance similar
to Transformer.

* Without the spatial-temporal graph, Trafformer works
like a Transformer with space encoding and feature en-
coding but no information from neighbor nodes. How-
ever, this configuration still works better than Trans-
former, which proves the effectiveness of the design of
feature encoding.

* Trafformer with iterative decoder performs well in short-
term prediction, but it gets much worse when the pre-
diction window is longer. On the contrary, Trafformer
with generative decoder performs stable with the offset
increasing. It proves the generative decoder works better
for learning spatial-temporal dependency between arbi-
trary outputs and avoiding error accumulation.

Related Work
Spatial-Temporal Graph

In recent years, graph neural networks (GNNs) have become
the frontier of deep learning research, showing state-of-the-
art performance in various applications (Wu et al. 2020b;
Jin et al. 2021a; Yu et al. 2021). With strong learning abil-
ity, CNN can capture the hidden spatial information in the
non-Euclidean structure data in the traffic field and identify
the network structure (Jin et al. 2021b), which brings new
opportunities to solve the problem of traffic prediction. The
majority of Spatial-temporal Graph Networks follow two di-
rections, RNN-based and CNN-based approaches.



Models 15 min 30 min 60 min

MAE RMSE MAPE(%) | MAE RMSE MAPE(%) | MAE RMSE MAPE(%)
No Egpace 3.14 6.15 8.55 3.8 7.63 10.86 488  9.65 14.68
No Agr 3.01 5.93 8.11 330 7.14 9.22 425 8.73 13.19
Trafformer Iterative 2.80 5.48 7.31 3.27 6.99 9.04 3.91 7.57 11.75
Trafformer 278 5.35 7.32 3.05 6.18 8.67 341 717 9.96

Table 4: Ablation experiments on METR-LA. The best result is bold and the second best is underlined.

The rise of GNNs inspired the following work to employ
spatial-temporal GNNs (STGNNG) in traffic prediction (Guo
et al. 2019; He, Chow, and Zhang 2018), in which both spa-
tial and temporal information are utilized. STGCN (Yu, Yin,
and Zhu 2017) stacks multiple spatial-temporal convolution
blocks and each block concatenates two temporal convolu-
tions and one graph convolution layer. In STSGCN (Song
et al. 2020), a localized spatial-temporal graph that includes
both temporal and spatial attributes is constructed first and
a spatial-based GCN method is then applied. RiskOracle
(Zhou et al. 2020a) increases the prediction granularity to
the level of minutes. RiskSeq (Zhou et al. 2020b) predicts
sparse urban accidents with finer granularity and multiple
steps from a spatio-temporal perspective. By defining and
using out-degree and in-degree matrices, Graph WaveNet
(Xu and Liu 2021) assembles graph convolution with di-
lated casual convolution, each graph convolution layer tack-
les spatial dependencies of nodes information extracted by
dilated casual convolution layers at different granular lev-
els. DCRNN (Li et al. 2017) models the bidirectional diffu-
sion process to capture the influence of both upstream and
downstream traffic. GGRU (Zhang et al. 2018) expands on
DCRNN, proposing a unified method for constructing a re-
current neural network based on an arbitrary graph aggre-
gator. AGCRN (Bai et al. 2020) captures fine-grained spa-
tial and temporal correlations in traffic series automatically
based on the recurrent networks. Temporal correlation and
spatial correlation are closely intertwined in real life. The
future trend is to combine CNNs/GCNs with RNNSs to ex-
tract spatial and temporal correlation of traffic prediction.

Time Series Forecasting

Machine learning models for traffic prediction driven by big
data have attracted great attention in academia and indus-
try in recent years (Dai et al. 2019; Yao et al. 2019; Zhao
et al. 2020). Due to the immense importance of time series
forecasting, various models have been well developed. Most
deep learning models for traffic forecasting have been built
by utilizing RNNs due to their ability to memorize temporal
dependencies in time series via self-circulation. RNN and
GRUNN (Fu, Zhang, and Li 2016) compared different RNN
models, namely LSTM and GRU, finding that when cap-
turing forward temporal dependencies, GRU achieved better
performance than LSTM in forecasting traffic. SUB-LSTM
(Cui, Ke, and Wang 2018) proposed a deeply stacked bidi-
rectional and unidirectional LSTM architecture that can cap-
ture both forward and backward dependencies in time se-
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ries. DeepAR (Salinas et al. 2020) combines autoregressive
methods and RNNs to model the probabilistic distribution
of future series. LSTNet (Lai et al. 2018) uses CNN and
RNN to extract short-term local dependency patterns among
variables and to discover long-term patterns for time series
trends. Attention-based RNNs (Shih, Sun, and Lee 2019)
can model long-term dependency in time series data. These
deep forecasting models mainly focus on the temporal rela-
tion modeling by recurrent connections, temporal attention,
or causal convolution.

Recently, Transformer (Wu et al. 2020a; Vaswani et al.
2017) has been developed as a new architecture in deep
learning, such as natural language processing (Devlin et al.
2018; Brown et al. 2020), audio processing (Huang et al.
2018) and even computer vision (Dosovitskiy et al. 2020;
Liu et al. 2021), which employs attention mechanisms along
with a position encoding strategy for sequence modeling.
LogTrans (Li et al. 2019) introduces the local convolution to
Transformer and proposes the LogSparse attention to select
time steps following the exponentially increasing intervals.
Reformer (Kitaev, Kaiser, and Levskaya 2020) replaces dot-
product attention with one that uses locality-sensitive hash-
ing and uses reversible residual layers instead of the stan-
dard residuals. Informer (Zhou et al. 2021) extends Trans-
former with KL-divergence based ProbSparse?2 attention and
achieves O(LlogL) complexity. Autoformer (Wu et al. 2021)
is a decomposition architecture with inner decomposition
blocks, which can empower the deep forecasting model with
immanent progressive decomposition capacity. STTNs (Xu
et al. 2020) focus on jointly modeling spatial and tempo-
ral dependencies by making full use of Transformer to solve
traffic prediction tasks. Traffic Transformer (Cai et al. 2020)
designs different temporal encoding strategies by explicitly
modeling temporal patterns reflected in the time series.

Conclusion

In this paper, we propose the Traffromer model to learn
the complex spatio-temporal correlation hidden in the traffic
network. Specifically, Trafformer can unify spatio-temporal
information in a model and predict multiple timestamps in
a single forward operation with a generative decoder, to en-
able each node on each timestamp to interact with each node
on other timestamps. In addition, we propose two variants of
Trafformer to improve the training accuracy and speed. Ex-
periments on two real datasets demonstrate the effectiveness
of Trafformer algorithm in improving the ability of traffic
prediction problems.
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