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Abstract

Traffic forecasting plays a crucial role in real-world applications
such as traffic management and urban planning. Recent studies
have mainly focused on spatio-temporal graph neural networks
(STGNNSs) and attention-based methods, which have shown promis-
ing results. Nevertheless, both approaches model spatial informa-
tion implicitly, which limits their ability to generalize across dif-
ferent traffic networks. In this paper, we propose Spatio-Temporal
Unified Network (STUNet), a framework to explicitly encode spa-
tial features into unified representations and integrate them with
temporal information effectively. To obtain spatial representations
explicitly, we design a spatial tokenizer that segments the adjacency
matrix of the relation graph into patches to serve as spatial tokens.
Furthermore, to effectively integrate spatial and temporal repre-
sentations, we introduce query-aggregate attention, which simu-
lates the process of tracing upstream and downstream nodes and
aggregating their information, thereby capturing complex spatio-
temporal dependencies. Extensive experiments on traffic bench-
marks demonstrate that STUNet achieves generalization across
different traffic networks with competitive performance. Code is
available at https://github.com/JimmyChen6/STUNet.

CCS Concepts

« Computing methodologies — Temporal reasoning;  Infor-
mation systems — Geographic information systems.
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1 Introduction

Traffic forecasting is a critical task with significant practical impli-
cations, offering invaluable support for intelligent transportation
systems, such as optimizing resource allocation in command and dis-
patch centers and facilitating the development of smart cities [47].
Traffic data is fundamentally a multivariate time series collected
by road-side sensors, characterized by complex spatial relation-
ships. A key characteristic of this data is its strong spatial depen-
dency [18], primarily because traffic flow propagates sequentially
along the underlying road topology (i.e., from upstream to down-
stream). Furthermore, since road networks are typically constructed
from a combination of fundamental components (e.g., overpasses
and roundabouts), the observed spatial dependency patterns are
often transferable across different geographical regions. For exam-
ple, as shown in Figure 1, Y-intersections are typical fundamental
components of traffic networks and the behavior of diverging and
merging can be generalized from one to the other. This generaliz-
ability of spatial information holds significant value for building
robust and scalable forecasting models.

Extensive research has been conducted to achieve accurate traffic
flow forecasting. Early time-series forecasting models have evolved
ranging from statistic methods [3, 21] to data-driven methods [27,
48]. With the rise of transformer [37], a plethora of attention-based
time-series forecasting models have emerged [28, 39, 40, 52, 53].
Although these models have achieved promising results in gen-
eral forecasting tasks, univariate models are inherently limited in
their ability to capture complex spatial information, which leads to
suboptimal performance when applied to traffic data.
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Figure 1: Road networks are typically constructed from a
combination of fundamental components. Here are some
Y-intersections from different parts of a huge network.

To capture the spatial information of the data, researchers have
turned to multivariate time-series models. Inspired by graph neural
networks (GNNs) [7, 12, 15, 20, 34], spatio-temporal graph neural
networks(STGNNs) utilize a message-passing mechanism to ag-
gregate information from neighboring sensors [19]. Here spatial
information serves as the medium through which temporal infor-
mation is propagated, so they’re implicitly represented. However,
the relationships between sensors may vary over time, whereas
GNNss themselves can only accept a given graph and fail to capture
such dynamic changes. Attention-based methods construct spatial
relationships using the inner product of sensor representations,
thereby capturing dynamic sensor relationships; in these methods,
spatial information is implicitly modeled in the form of attention
scores. Furthermore, both STGNN’s and attention-based methods in-
troduce a spatial complexity of O(N?) for spatial information. Some
approaches choose to maintain node-wise spatial embeddings to
implicitly model spatial information [32], which reduces the spatial
complexity of spatial information to O(N).

However, these methods all model spatial information implicitly,
where spatial and temporal information are fully coupled during
training. Such implicit modeling will lead to the learning of spatial
information being inevitably influenced by temporal dynamics. For
traffic data, spatial information should ideally be determined by
the underlying road structure rather than the observed values from
sensors. The coupled training paradigm in existing methods allows
temporal information to interfere with spatial learning, and this er-
roneous causal relationship compromises the generalizability of the
learned spatial information. In contrast, explicitly modeling spatial
information can decouple spatial learning from the overall training
process, ensuring that spatial representations remain unaffected by
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temporal fluctuations and thus achieving stronger generalizability.
Nevertheless, the number and distribution of sensors in traffic data
is not fixed, making it a significant challenge to encode spatial in-
formation into a unified representation without losing structural
details. Furthermore, the representations derived from explicit spa-
tial modeling and those from temporal information do not share
the same semantic space, posing a major difficulty in achieving ef-
fective interaction between the two. In summary, explicit modeling
of spatial information faces the following challenges:

How to explicitly map spatial information into a unified represen-
tation without losing spatial structural information.

How to effectively fuse spatial and temporal representations that
are semantically misaligned.

To address the challenges above, we propose the Spatio-Temporal
Unified Network (STUNet). The framework of STUNet is illustrated
in the model diagram 2. The core objective of this model is to
explicitly model spatial information and effectively fuse it with
temporal information. Inspired by ViT [6], our spatial tokenizer
partitions the adjacency matrix into spatial patches and maps them
into spatial tokens. These spatial tokens preserve the information
of the adjacency matrix and avoid the high complexity associated
with point-wise modeling. Following PatchTST [28], the temporal
tokenizer segments the raw sequences into temporal patches and
maps them into temporal tokens to retain local information. Based
on these spatial and temporal tokens, we propose query-aggregate
attention to effectively fuse their information. It first performs
cross-attention between spatial and temporal tokens to derive the
relative positional relationships between sensors, and then applies
self-attention to the temporal tokens to aggregate causal sensor
information. Notably, since spatial and temporal tokens differ in
their spatial arrangement and their positional relationships are in-
terconnected, we apply two sets of positional encodings within the
query-aggregate attention to preserve their respective positional
information. Furthermore, to ensure that spatial modeling remains
unaffected by temporal information, we employ a pre-training strat-
egy for both the spatial and temporal tokenizers. After pre-training,
the parameters of the spatial tokenizer are frozen to ensure that spa-
tial tokens accurately reflect the spatial structure, thereby achieving
generalizability in spatial information modeling.

In summary, the main contributions of our work are as follows:

e We propose an explicit tokenization strategy of spatial informa-
tion in traffic forecasting, addressing the challenge of general-
izability in spatial information modeling. Our spatial tokenizer
partitions the adjacency matrix into patches, thereby transform-
ing spatial information into a unified representation.

e We propose query-aggregate attention, which utilizes carefully
designed positional encodings to ensure the validity of relative
positions during information fusion, effectively achieving the
integration of spatial and temporal information.

o Building upon the aforementioned contributions, we propose
STUNet, which explicitly maps spatial and temporal information
into unified representations and performs effective information
fusion. Extensive experiments on traffic forecasting benchmarks
demonstrate that STUNet achieves generalization across differ-
ent networks with competitive performance.
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2 Related Work
2.1 Implicit Graph Modeling

Graphs are widely accepted by researchers as a powerful candidate
for representing spatial relations. To date, most spatio-temporal
forecasting methods have utilized graphs as a medium for informa-
tion propagation, thereby implicitly integrating spatial information
to assist in forecasting. These methods can be broadly categorized
into two types: spatio-temporal graph neural networks (STGNN5s)
and Transformers [19, 37]. The former leverages GNNs to utilize
given or learnable graphs for information passing, while the latter
employs attention mechanisms to achieve graph construction and
information propagation.

STGNNSs Inspired by the success of graph neural networks
(GNNs) [12, 20, 38, 43], researchers have extensively explored STGNNS.
Early STGNNs utilized a given prior graph [DCRNN, STGCN]
to perform information propagation using static spatial relation-
ships [24, 46]. To capture spatial dependencies in data without
a prior graph, researchers have proposed various adaptive meth-
ods to obtain learnable graphs. These methods primarily main-
tain node-wise embeddings and construct graphs using their inner
products [1, 5, 41, 42]. Recognizing that spatial dependencies may
vary over time, researchers have subsequently proposed several
STGNNSs based on dynamic graphs [2, 11, 17]. To simultaneously
capture both local and global information, some paradigms have
been introduced that utilize multiple graphs concurrently [10, 23].
PowerPM provides a hierarchical view for GNNs [36]. Furthermore,
to mitigate the high computational complexity of STGNNS, certain
methods have adopted LoRA or linear approximations to enhance
efficiency [13, 30].

Transformers Attention has achieved significant success in
fields such as NLP and CV [6, 37]. Since the computation process
of attention can be viewed as a simulation of spatial relationships,
spatio-temporal forecasting models based on Transformers have
attained considerable success [29, 49, 51]. PDFormer utilizes both
geographic and semantic masks to simultaneously capture short-
range and long-range relationships. To efficiently process spatial
information between sensors [16], STWave samples active sensors
into coefficient sequences [9]. To reduce computational latency,
ASTNet proposes an asynchronous mechanism for spatial and tem-
poral learning [35].

Furthermore, to combine the advantages of the aforementioned

methods, TESTAM utilizes MoE to route between channel-independent

learnable graphs and attention mechanisms [22]. Although STGNNs
and Transformers have achieved promising results, their paradigm
of implicit graph modeling makes them more dependent on tempo-
ral features. This leads to a lack of robust perception of structural
information in the spatial dimension, which in turn limits their
generalizability across different traffic networks.

2.2 Graph-free Spatial Modeling

Graph-based algorithms often suffer from high computational com-
plexity; consequently, a subset of research avoids using graphs to
model spatial relationships. STID directly preserves spatial informa-
tion through node-wise embeddings and uses only an MLP as the
backbone, serving as a highly efficient and competitive baseline [32].
CMusST introduces cross-attention between spatial embeddings and

KDD 2026, August 9-13, 2026, Jeju Island, Republic of Korea.

context to achieve the fusion of contextual information [44]. Patch-
STG performs sensor sampling via KDTree and employs depth
and breadth attention to efficiently learn spatio-temporal informa-
tion [8]. However, these graph-free methods are predominantly
based on node-wise embeddings. Whenever the scenario changes,
these embeddings must be re-trained, meaning they lack the capa-
bility for generalization across different traffic networks.

2.3 Explicit Graph Modeling in Other Fields

Explicit graph tokenization has been explored in graph and com-
puter vision communities. Graphormer introduces centrality encod-
ing, spatial encoding, and edge encoding to inject graph structural
information into the Transformer architecture, achieving state-
of-the-art performance on graph representation benchmarks [45].
GraphGPS proposes a modular framework that combines local
message-passing with global attention, demonstrating that explicit
positional/structural encodings are essential for building general
and powerful graph Transformers [31]. SAT extracts k-hop sub-
graph representations as structural tokens before computing atten-
tion, enabling structure-aware self-attention that captures node-
level structural similarity [4]. In the vision domain, ViT explic-
itly partitions images into fixed-size patches as visual tokens [6],
while MAE further leverages this patch-based representation for
self-supervised pre-training via masked autoencoding [14]. These
works demonstrate that explicitly encoding structural information
into unified token representations is a promising paradigm.

To address the lack of cross-network generalization in previous
studies, we propose STUNet, a model that directly performs explicit
modeling on relationship graphs. STUNet partitions the graph into
equal-length patches and transforms them into aligned spatial to-
kens. These tokens are derived directly from the graph and possess
semantics independent of temporal information, thereby enabling
generalization across different traffic networks.

3 Preliminaries

Multivariate Time Series Data. Multivariate time series data is
made up of multiple univariate time series. We denote X’ € RT as
the univariate time series of sensor i, where T is the number of time
steps. The complete multivariate time series data with N sensors
can be represented as X € RT*V,

Relation Graph. The relation graph of the multivariate time
series data is represented as A € RN*N, where A;; = 1 indicates a
connection between node i and node j, and A;; = 0 otherwise.

Spatial-Temporal Forecasting. Given historical multivariate
time series data X € RN the goal of spatial-temporal forecasting
is to predict the future F time steps of the multivariate time series,
denoted as Y € RF*N,

4 Methodology

In this section, we introduce the overall framework of our proposed
model, Spatio-Temporal Unified Network(STUNet). Our model is
designed to maintain high efficiency and generalizability in large-
scale traffic forecasting tasks. STUNet consists of four main com-
ponents: (1) a spatial encoder that transforms spatial information
(relationship graphs) into spatial tokens; (2) a temporal tokenizer
that converts time-series data into temporal tokens aligned with
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the spatial tokens; (3) a query-aggregate attention mechanism used
to facilitate interaction between temporal and spatial tokens to
capture complex spatio-temporal dependencies; and (4) a predic-
tion head for generating the final forecasting values. Besides, to
decompose spatial information and temporal information modeling,
we utilized a two-stage training strategy.

4.1 Framework

4.1.1  Spatial Tokenizer. Explicitly modeling the structure of a rela-
tionship graph necessitates a robust graph encoding mechanism
that preserves spatial structural properties without information loss.
Since the number of sensors in the data is not fixed, direct mapping
of the relationship graph is infeasible. Furthermore, assigning a
token to every position on the relationship graph would result in
catastrophic computational complexity. Fortunately, inspired by
ViT [6], we propose a spatial tokenizer that partitions the relation-
ship graph into several patches. Since these patches have aligned
dimensions and uniform sizes, they can be processed directly. Com-
pared to point-wise processing, patch-based processing signifi-
cantly reduces complexity while maintaining information integrity.
Given the adjacency matrix of the relationship graph A € RN*N,
we partition it into non-overlapping patches: A, € R(Ps)*x(Ls)*
where (P,)? = [%]2 is the total number of patches, L; is the stride
corresponding to each patch. If the number of sensors N is not
divisible by L, the borders of the adjacency matrix are padded with
zeros. Subsequently, we employ an MLP: R(s)* 5 RY to transform
these patches into spatial tokens E; € R(? $)"xd summary, our
spatial tokenizer effectively preserves spatial information while
achieving low computational complexity by partitioning the adja-
cency matrix of the relationship graph into patches. In addition, the
spatial tokenizer is pre-trained as mentioned in Training Strategy.
For the details of the implementation of STUNet, please refer to
Appendix B.

4.1.2  Temporal Tokenizer. Following previous works [28], we split
input multivariate time series data X € RN into patches X,, €

R(Nth)XLt , where P, = |_H_SLt[+1

| + 1 is the number of patches
of one sensor, L; is the length of each patch and S; is the stride.
Zero padding is adopted if necessary. Then we use a MLP to map
X, into E, € RIN*FP)xdx Besides, due to the periodic patterns in
traffic data, we also add temporal embedding including the number
of days in a week and the number of timeslices in a day, i.e. E;oq €
RNXP)Xdtod and Eg,,, € RN*P)Xddow  Finally, we concatenate
them to get the temporal tokens E; = Ey||E;oq||Edow € RINXP)Xd,
where d = dy + d;oq + dgow is the dimension of temporal tokens.
The temporal tokenizer is pre-trained as mentioned in Training
Strategy as well.

4.1.3  Query-Aggregate Attention. Through the spatial tokenizer
and temporal tokenizer, we obtain aligned spatial tokens E; and
temporal tokens E;, respectively. In this section, we describe the
interactive fusion of temporal and spatial information. Since these
two sets of tokens originate from different modalities, they possess
distinct informational meanings and exhibit different properties
regarding relative position calculations. Consequently, they cannot
be simply mixed for attention computation. To address this issue, we
propose Query-Aggregate Attention, which decouples the complex
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operation of fusing spatio-temporal information into two simple
and meaningful operations: query and aggregation. The backbone
of our STUNet is constructed by stacking multiple Query-Aggregate
Attention modules. For convenience, we denote the inputs to the
i-th Query-Aggregate Attention module as Ei! and Ei™!. We have
Ei~1 = E; for every layer and E? = E, for the first layer.

Query Attention. In query attention, we simulate the query oper-
ation by identifying the positions of nodes that are beneficial for the
current node’s prediction. For the inputs Ei"! and Ei™!, we obtain
the query, key, and value vectors through the following mappings:

Q; = TemporalPE (Ei71W6q) (1)
K! = SpatialPE, (Eg‘lw;‘(q) @)
v, = Ei*lwi,q 3)

where Wéq, W%q, W{,q € R9%4 are learnable parameters. Consid-
ering that the positional information of the query and key vectors
is different, we design the following RoPE strategy [33]: Let Z}*
be the embedding corresponding to the p-th patch of sensor n. We

divide it equally into two parts, ZZ’}’,’ and ZZ’f :

TemporalPE (Z;) = RoPE (Z}2,n) | RoPE (Z}.n) (4
Let Zg’k be the spatial embedding at row j and column k. We divide
it equally into two parts, Zi J]Z and Zi ’];:
. jk ik jk
SpatialPE, (zg ) = RoPE (Zﬁ, p ]) || RoPE (ng K k) )

Since query attention involves the interaction between temporal
tokens and spatial tokens, only the sensor index information cor-
responding to both is relevant here. During the inner product op-
eration, the first half of the tokens correspond to querying the
relative row positions of temporal tokens in the relationship graph,
while the second half corresponds to querying the relative column
positions. For spatial tokens, the two parts of PE mark the row
and column of them, which preserve their 2D positional informa-
tion. For temporal tokens, two parts of PE enable them to find
their neighbors(both source and target) through relative position
with spatial tokens. Thus, our PE mechanism preserves the com-
putational properties of RoPE, thereby achieving two-dimensional
relative position awareness of temporal tokens within the spatial to-
kens. Subsequently, we utilize the attention mechanism to complete
the query operation:

Vd

Here, each token in H' represents the corresponding temporal token
having aggregated the positional information of its upstream and
downstream sensors, thus completing the query operation.

4 AEANS
Hl:Softmax( 49 )Vfl (6)

Aggregate Attention. In query attention, we obtain H?, which
contains the temporal information of the current sensor and the
positional information of its upstream and downstream sensors.
In this stage, we perform the aggregation operation based on this
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Figure 2: An illustration of STUNet framework

information. We obtain the query, key, and value vectors through
the following mappings:

Q! = TemporalPE, (HiWéga) (7)
K! = TemporalPE, (HiW%a) (8)
vV, =H'W,_ 9)

where Wéa, W{(a, W{,a € R% are learnable parameters. In aggre-
gate attention, each token needs to attend to the temporal informa-
tion of the same sensor while also aggregating temporal information
from relevant sensors based on the learned positional relationships.
Therefore, we design the following positional encoding: Let Z?’p
be the embedding corresponding to the p-th patch of sensor n. We
divide it equally into two parts, Z';j: and Z;l,f:

TemporalPE, (Z{) = RoPE, (Z;%. n) [ RoPE (Z.p)  (10)

During the inner product operation, the first half of the token
perceives the positional information of the sensors and aggregates
temporal information from relevant sensors, while the second half
perceives the time lag relationships between tokens across time
steps. The aggregation operation is as follows:
i T
. 'K .
E. = Softmax (Qa—“) ' (11)

This completes one iteration of Query-Aggregate Attention. Through
meticulous task decomposition and clever positional encoding, we
achieve efficient fusion of temporal and spatial information.

4.1.4  Projection Head. After L layers of Query-Aggregate Atten-
tion, we obtain the original spatial tokens E; € R 5)*xd and the
output tokens EF € RINXPr)xd that integrate spatio-temporal in-
formation. Since the spatial tokens do not contain temporal infor-
mation, we utilize only the output tokens for downstream fore-
casting tasks. Specifically, each output token corresponds to the
information aggregated from the P;-th patch of the N-th sensor.
We concatenate the tokens for each sensor into E, € RN*(Frxd)
and pass them through an MLP to obtain the predicted values:

Y =E,Wy + by € RV*F (12)

where Wy € RP*XF and by € RV*F are learnable parameters.
Finally, we optimize STUNet using the prediction loss:

L=|Y-Y] (13)

4.2 Training Strategy

The quality of the tokens output by the spatial and temporal tok-
enizers is critical to the overall performance of the model. If STUNet
were trained in an end-to-end paradigm, spatial information model-
ing would be influenced by temporal information, thus reducing the
generalizability of STUNet. Besides, such a paradigm would lead to
mutual interference between spatial and temporal tokens and re-
quire additional effort to balance their respective scales, often failing
to yield optimal training results. Thus, we adopt a two-stage train-
ing paradigm: first, the spatial and temporal tokenizers are trained
independently using autoencoder; subsequently, the pre-trained
tokenizers are integrated into the backbone for joint training. Note
that the same set of sensors may correspond to different adjacency
matrix since the order of them can be different, to handle this, dur-
ing the first stage of training the spatial tokenizer, we randomly
shuffle the node indices of the input relationship graph to generate
diverse adjacency matrices. This would also make spatial tokenizer
more robust. Moreover, since spatial information has been modeled
effectively in the first stage, we utilize the prediction loss only to op-
timize the model and freeze the parameters of the spatial tokenizer
during the second stage. Thus, the representation of spatial infor-
mation would not be influenced by temporal information, which
can achieve greater generalizability.

5 Experiments

In this section, to evaluate our proposed STUNet comprehensively,
we conduct extensive experiments to address the following research
questions:

o RQ1. How does the generalization ability of our STUNet perform
when comparing with other approaches?

e RQ2. Compared to existing approaches in large-scale traffic
forecasting, how does STUNet perform?

e RQ3. Are the main components within STUNet effective in en-
hancing the model’s performance?
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e RQ4. What are the requirements of STUNet regarding its hyper-
parameters?

e RQ5. How does the efficiency of STUNet compare with other
existing methods?

5.1 Setups

Datasets Following LargeST [25], we conduct experiments on on
four traffic flow datasets SD, GBA, GLA, CA and three traffic veloc-
ity datasets METR-LA, PEMS-BAY, SZ-TAXI [24, 25, 50]. We split
each dataset into train, validation, test sets with a ratio of 6:2:2
for SD, GBA, GLA, CA, SZ-TAXI and 7:1:2 for others. We utilize
24 continuous time slices as a sample with the historical window
of 12 and the future window of 12. For detailed statistics of these
datasets, please refer to appendix A.

Evaluation metrics We utilize diverse evaluation criteria from
performance and efficiency aspects for a comprehensive compari-
son. For the performance aspect: we utilize three commonly adopted
numerical metrics to assess the performance of predicted traffic
time series, i.e., mean absolute error (MAE), root mean squared
error (RMSE), and mean absolute percentage error (MAPE). For
the efficiency aspect: the measurement of the model’s efficiency is
based on the wall-clock time, and the memory needs of models are
revealed by the batch size in the training phase.

5.2 Zero-shot performance(RQ1)

To evaluate the generalizability of our proposed STUNet, we se-
lected three non-overlapping flow datasets SD, GBA, GLA and three
velocity datasets METR-LA, PEMS-BAY, SZ-TAXI. For all methods,
we conducted testing on two datasets after the model had converged
on the third, thereby obtaining their zero-shot performance, which
serves as a direct reflection of their generalizability. In this experi-
ment, we selected six baseline methods: (i) for univariate models, we
chose DLinear [48], PatchTST [28], and STID [32]; (ii) for multivari-
ate models, we selected iTransformer [26], STGCN [46], STWave [9],
and PatchSTG [8]. Specifically, for graph-free approaches which
use spatial embeddings, we remove these node-wise embeddings
to perform zero-shot experiments.Table 1 and 2 presents the zero-
shot capabilities of all baseline methods alongside our STUNet. We
observe the following results:

Multivariate models exhibit stronger generalizability com-
pared to univariate models. As shown in Table 1 and 2, mul-
tivariate models generally achieve lower error metrics across all
indicators than univariate models. This is attributed to the fact that
multivariate models integrate spatial information, which is a critical
factor influencing the fusion of temporal information across differ-
ent sensors in traffic data. The inclusion of such spatial information
significantly enhances the model’s generalizability.

Explicit spatial modeling demonstrates superior gener-
alizability over implicit graph structure modeling. STUNet
achieves the best performance across all scenarios and metrics in
Table 1 and 2, surpassing all methods that rely on implicit spatial
modeling. This superiority stems from the fact that implicit model-
ing paradigms often allow temporal dynamics to interfere with the
learning of spatial information. Such erroneous causal relationships
lead to inaccurate spatial modeling, which in turn compromises
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generalizability. In contrast, STUNet explicitly models spatial infor-
mation, thereby avoiding interference from temporal information
and achieving more robust generalizability.

5.3 Performance Comparisons (RQ2)

Table 3 presents the results of selected strong baseline methods and
our STUNet across four datasets (for full results of performance
comparisons, please refer to 7 in appendix D). According to the re-
sults in Table 3, our STUNet has achieved performance comparable
to existing state-of-the-art (SOTA) models. Furthermore, STUNet
achieves the best performance in terms of the RMSE metric across
all datasets and horizons, indicating that STUNet provides supe-
rior accuracy for larger values. This implies that STUNet is more
precise in forecasting during peak periods, which typically require
more intensive human resource scheduling and are more critical in
urban governance. Consequently, STUNet holds greater practical
significance for urban management.

5.4 Abliation Study (RQ3)

To address RQ2, we conducted ablation experiments on two datasets,
SD and GBA. Specifically, we evaluated the impact of the following
components on STUNet:

e “w/o spatial tokens”: STUNet completely removes the spatial
tokenizer and performs full attention only on temporal tokens.

e “w/o tokenizer pre-train”: STUNet randomly initializes the spatial
and temporal tokenizers and trains them directly alongside the
entire model.

e “w/o tokenizer freeze”: STUNet pre-trains the spatial and tempo-

ral tokenizers but does not freeze the spatial tokenizer during

stage 2 training.

“w/ full attention”: STUNet replaces query-aggregate attention

with full attention and employs absolute positional encoding for

both temporal and spatial tokens.

e “w/0 matrix augmentation”: STUNet does not perform matrix
permutation augmentation during the pre-training of the spatial
tokenizer.

e “w/ reconstruction pre-train”: STUNet utilizes a reconstruction
task instead of a prediction task during the pre-training of the
temporal tokenizer.

Based on the results shown in Table 4, we can draw the following
conclusions:

Importance of spatial information in guiding temporal in-
formation fusion. According to the results of “w/o spatial tokens”,
removing spatial tokens led to the most severe performance degra-
dation on both the SD and GBA datasets. Without spatial tokens,
the model is forced to infer potential spatial relationships solely
from the temporal information within the temporal tokens. This is
causally flawed, and the experimental results further demonstrate
that spatial information cannot be accurately reconstructed from
temporal information alone. Additionally, “w/o tokenizer pre-train”
and “w/o tokenizer freeze” also resulted in performance declines on
both datasets. In these scenarios, spatial and temporal information
are trained in a coupled manner, allowing temporal dynamics to
interfere with spatial learning. Pre-training and freezing the spa-
tial tokenizer decouples spatial feature extraction from temporal
learning, thereby preventing such interference.
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Table 1: Results of zero-shot performance comparison of our STUNet and baselines on traffic velocity datasets. Here redfont
indicates the best performance and blurfont denotes the second best performance. All metrics are average values from horizon

1to 12.
Methods | SD — GBA \ SD — GLA \ GBA — SD \ GBA — GLA GLA — SD GLA — GBA
| MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) [ MAE RMSE MAPE (%)
DLinear 47.82  75.17 42.49 51.71 81.86 44.74 50.06 81.02 40.20 51.81 81.36 46.84 50.45 82.32 36.80 48.23  75.94 42.32
PatchTST 48.54 77.93 40.27 50.61 83.64 30.72 50.13 83.28 31.47 49.22  81.68 30.55 50.58 82.93 31.99 47.29 74.96 39.88
STID 38.88  62.12 30.21 4249 68.39 27.28 42,04 69.07 28.25 42,65 68.94 32.96 4257 69.27 30.79 38.85 63.45 35.12
" iTransformer | 43.33 ~ 77.43 4028 | 4129 7488  26.63 | 43.15 7240 2649 | 3830 67.13 2482 | 4464 7459 3222 | 3880 6346 3437
STGCN 3858  60.37 34.88 4317 69.97 37.71 3462 52.20 26.40 3557  53.56 28.53 3346 5174 23.94 32.88  49.81 27.60
STWave 45.56  69.46 46.42 50.80 76.53 66.37 48.33  73.56 37.27 53.85 82.62 48.67 49.01 77.19 38.65 4549  69.67 40.43
PatchSTG 3798 59.35 30.70 42.76  65.59 35.50 36.70 61.51 25.18 40.98 63.35 35.23 34.61 57.80 24.71 33.40 52.89 28.82
STUNet 34.46  53.90 26.88 36.77 57.98 24.55 32.71 52.16 21.90 33.06 50.96 24.42 32.19 4944 22.41 3239 47.52 26.41

Table 2: Results of zero-shot performance comparison of our STUNet and baselines on traffic flow datasets. Here redfont
indicates the best performance and blurfont denotes the second best performance. All metrics are average values from horizon

1to 12.
Methods | SD — GBA \ SD — GLA \ GBA — SD GBA — GLA GLA — SD GLA — GBA
| MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE  MAPE (%)
DLinear | 4782 7517 4249 | 5171 8186 4474 | 5006 8102 4020 | 5181 8136 4684 | 5045 8232 3680 | 48.23 7594  42.32
PatchTST | 4854 77.93 4027 | 50.61 8364 3072 | 50.13 8328 3147 |49.22 8168 3055 |50.58 8293 3199 | 47.29 7496  39.88
__STD 3888 6212 3021 | 4249 6839 2728 | 4204 6907 2825 | 4265 6894 3296 | 4257 6927 3079 | 3885 6345 3512
{Transformer | 4333 ~ 7743 ~ 4028 [ 4129 7488 2663 | 4315 7240 2649 | 3830 67.13 2482 | 4464 7459 3222 | 3880 6346 3437
STGCN | 3858 60.37 3488 | 4317 69.97 3771 | 3462 5220 2640 | 3557 5356 2853 | 3346 5174 2394 | 3288 4981  27.60
STWave | 4556 69.46 4642 | 5080 7653 6637 | 4833 7356  37.27 | 53.85 8262 4867 | 4901 7719 3865 | 4549 6967  40.43
PatchSTG | 37.98 5935 3070 | 4276 6559 3550 | 3670 6151 2518 | 4098 6335 3523 | 3461 57.80 2471 | 3340 5280  28.82
STUNet | 3446 5390 2688 | 3677 5798 2455 | 3271 5216 2190 | 3306 5096 2442 | 3219 4944 2241 | 3239 4752 2641
Effectiveness of query-aggregate attention. The “w/ full = 40 26 —— mAE 139
attention” variant led to significant performance drops on both 24 24 —— RMSE
datasets. Since spatial and temporal tokens originate from two w 36w W 364
. . . <
entirely independent tokenizers, they do not share the same se- s21 325 £22 2
mantic space. Furthermore, the positional information of temporal 20 33
tokens is determined by their corresponding sensors and time steps, 18 28
whereas that of spatial tokens depends on the relative positions of 32 64 128 256 18 32 64 128 2 5630

sensors; thus, their spatial positional information is also distinct.
Full attention conflicts with these two facts, leading to substantial
performance degradation. In contrast, the asymmetric processing of
spatial and temporal tokens in query-aggregate attention enables
effective information interaction while preserving their distinct
semantic spaces.

Richness of the adjacency matrix. On the SD dataset, omitting
matrix permutation augmentation during spatial tokenizer pre-
training resulted in a significant performance decline, whereas only
a minor drop was observed on the GBA dataset. Considering that
the average node degree is nearly identical for both datasets, but
the number of nodes in SD is approximately 30% of that in GBA,
it implies that their traffic connectivity is similar. However, the
diversity of adjacency matrices accessible in the SD dataset is much
lower than in GBA. Consequently, the richness gain provided by
matrix permutation augmentation is significantly more pronounced
on the SD dataset.

Consistency between pre-training and downstream tasks.
Replacing the pre-training task of the temporal tokenizer with
reconstruction led to performance declines on both datasets. This
indicates that employing the same task for temporal tokenizer pre-
training can provide superior temporal tokens for stage 2.

(a) Dimensions on SD (b) Dimensions on GBA

19 29 21 33
—— MAE —4— MAE
—+— RMSE —— RMSE
L8~ 28ijJ 20 32L,mJ
= —— = g =
= x = x
17 27 19 31
16 2 3 4 5 26 18 2 3 4 5 30
(c) Layers on SD (d) Layers on GBA

Figure 3: Hyper-parameter study of STUNet.

5.5 Hyper-parameters Study (RQ4)

Figure 3 and 4 illustrates the impact of several hyperparameters
on model performance. We conducted experiments on the SD and
GBA datasets, varying the hidden dimension across [32, 64, 128,
256] and the number of model layers across [2, 3, 4, 5]. Regarding
dimension, we observed a distinct ceiling effect on both datasets:
when the dimension is below 128, reducing it leads to severe per-
formance degradation; however, increasing the dimension beyond
128 yields no further performance gains. This is because our tokens
must accommodate spatial information with a patch_size of 64 and
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Table 3: Traffic forecasting performance comparison of our STUNet and selected baselines. Redfont indicates the best perfor-
mance and bluefont denotes the second best performance.

Datasets | Methods Horizon 3 Horizon 6 Horizon 12 Average
MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%)

DSTAGNN | 18.13  28.96 11.38 2171 3444 13.93 27.51  43.95 19.34 21.82  34.68 14.40
D?STGNN | 14.92 2495 9.56 17.52  29.24 11.36 22.62  37.14 14.86 17.85  29.51 11.54
DGCRN | 1534 25.35 10.01 18.05  30.06 11.90 22.06  37.51 15.27 18.02  30.09 12.07
BigST 16.42  26.99 10.86 18.88  31.60 13.24 23.00 38.59 15.92 18.80 31.73 12.91

o | STWave 11530 " Zssy ~dosi " [GeIs 3003 iive | 2198 3699~ isa0 |t om2 1z
GMAN 16.20  27.32 11.78 19.64  33.59 13.55 2571 44.73 16.83 20.01  34.97 13.81
MAGE 15.09  25.22 10.10 18.86  31.18 15.29 2530  41.07 20.10 18.72 3159 14.00
STID 15.15  25.29 9.82 17.95  30.39 11.93 21.82  38.63 15.09 17.86  31.00 11.94
PatchSTG | 14.53 24.34 9.22 16.86  28.63 11.11 20.66  36.27 14.72 16.90  29.27 11.23
STUNet 14.87  23.73 9.55 17.38  27.55 11.47 21.18 3321 14.69 17.32 27.75 11.62
DSTAGNN | 19.73  31.39 15.42 2421 37.70 20.99 30.12  46.40 28.16 23.82 3729 20.16
D?STGNN | 17.54  28.94 12.12 2092  33.92 14.89 25.48  40.99 19.83 20.71  33.65 15.04
DGCRN | 18.02  29.49 14.13 21.08 34.03 16.94 2525  40.63 21.15 2091 33.83 16.88
BigST 18.70  30.27 15.55 22.21 3533 18.54 26.98  42.73 23.68 2195 35.54 18.50

GBa | STWave | 1705 2042 _ 1301 [ 2099 3401 _ 1562|2496 4031 2008 | 2081 3377 1576
GMAN 18.10  30.09 14.71 23.01 38.07 18.32 3154 52.49 25.45 23.44 41.06 18.80
MAGE 18.18  28.61 13.17 23.23  35.46 19.66 28.62  43.15 25.62 22.79  35.40 19.68
STID 17.36  29.39 13.28 20.45 3451 16.03 2438 4133 19.90 20.22  34.61 15.91
PatchSTG | 16.81 28.71 12.25 19.68  33.09 14.51 23.49  39.23 18.93 19.50  33.16 14.64
STUNet 16.86  27.10 12.38 19.68  31.11 15.13 2344 36.37 19.83 19.49  31.11 15.25
DSTAGNN | 19.49  31.08 11.50 24.27 38.43 15.24 30.92  48.52 20.45 2413 38.15 15.07
BigST 18.38  29.40 11.68 22.22  35.53 14.48 27.98 44.74 19.65 22.08  36.00 14.57

| STWave | 1748 28.05 1006 | 21.08 3358 1256 | 2582 4128 1651 | 2096 3348 1270

Gla | GMAN 11741 2053 1876 [2202 3772 2220 |29786 5123 2816 | 2247 3945 2268
MAGE 16.86  26.58 12.11 21.64 3220 16.72 2792 40.37 26.02 21.51 3244 18.22
STID 16.54  27.73 10.00 19.98  34.23 12.38 24.29 42,50 16.02 19.76  34.56 12.41
PatchSTG | 15.84 26.34 9.27 19.06  31.85 11.30 2332 39.64 14.60 18.96  32.33 11.44
STUNet 16.48  26.05 10.35 19.75  31.08 12.41 2433 37.94 16.09 19.64 3134 12.53
BigST 17.15  27.92 13.03 20.44 33.16 15.87 2549  41.09 20.97 20.32 3345 15.91

| STWave | 1677 2698 1220 [ 1897 30.69 1440 | 2536 3877 1901 | 19.69 3158 1458

ca | GMAN | 1754 ~ 2681 © 1450 [ 2038 3230 1530 | 27.07 4394 1770 | 21.13 3413 1568
MAGE 17.03  25.89 16.25 21.46 31.85 22.25 26.87 38.87 31.62 21.00 3177 21.95
STID 15.51  26.23 11.26 18.53  31.56 13.82 22.63  39.37 17.59 18.41  32.00 13.82
PatchSTG | 14.69 24.82 10.51 17.41 2943 12.83 21.20  36.13 16.00 17.35  29.79 12.79
STUNet 14.87  24.15 10.83 17.75  28.36 13.36 21.87  35.05 17.11 17.65  28.22 13.23

Table 4: Ablation study of STUNet on average results of SD and GBA datasets. Bold indicates the best performance.

Dataset SD GBA GLA

Metric MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%)
w/o spatial tokens 20.85  33.05 13.71 23.97  35.67 18.06 24.28  37.69 15.40
w/o tokenizer pre-train 18.15 28.93 12.21 20.10 32.31 15.96 20.48 32.54 13.37
w/o tokenizer freeze 17.78  27.89 12.21 20.13 3198 16.35 2031 3243 13.34
w/ full attention 19.52 31.33 13.28 20.88  32.46 17.78 23.54  36.10 15.83
w/o matrix augmentation 18.55  29.02 12.91 19.68 31.27 15.30 21.24 3294 14.92
w/ reconstruction pre-train | 19.43  31.13 13.47 20.28  32.60 16.50 21.10 3271 14.09
STUNet 17.32 27.75 11.62 19.49 31.11 15.25 19.64 31.34 12.53

36-dimensional temporal information and facilitate their fusion. An
insufficient dimension cannot adequately represent this informa-
tion, resulting in suboptimal performance, whereas an excessively

large dimension introduces redundancy. Regarding the number of
layers, there is negligible performance difference between 2-layer
and 3-layer networks on the SD dataset, and further increasing the
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Table 5: Efficiency comparisons on four datasets. Here BS refers to batch size, Train refers to training time (in seconds) per
epoch, Infer refers to inference time (in seconds) and Total refers to total training time (in hours). Note that Total denotes the
whole training time. Besides, - indicates out of memory with minimum batch size 1.

Methods SD GBA GLA CA

BS Train Infer Total | BS Train Infer Total | BS Train Infer Total | BS Train Infer Total
DLinear 64 23 3 0.3 64 75 9 1 64 123 16 2 64 276 36 4
DCRNN 64 867 150 28 64 1,816 319 59 43 2,491 435 81 19 4,845 851 158
AGCRN 64 92 15 64 536 83 17 45 1,413 245 46 - - - -

3
STGCN 64 53 16 2 64 160 54
GWNET 64 97 14 3 64 483 66
ASTGCN | 64 128 19 4 45 1,126 147
STGODE | 64 188 26 6 49 710 103
DSTAGNN | 64 240 23 7 27 1,959 171
DGCRN 64 430 76 14 12 4,461 605
D?STGNN | 45 563 69 14 4 5885 796
STID 64 34 5 0.5 64 111 16
PatchSTG | 64 64 6 1 64 262 30

6 64 268 86 10 64 701 206 25

15 | 64 1,028 139 32 | 44 4105 548 113
35 |17 3060 393 77 | - - - -
23 |30 1,305 192 42 | 13 4212 659 135
53 | 10 5241 467 120 | - - - -
138 | - - - - |- - - -
148 | - - - - |- - - -

2 64 181 27 3 64 408 60 6
4 64 295 27 4 32 981 93 14

STUNet 64 150 46 4 64 680 180

1140 312 12 32 2417 594 22

19 29

—— MAE
—— RMSE

=

171 27

18; 28

MAE
RMSE

%7 8 9 10°°

Figure 4: Patch size on SD

depth may even lead to performance decline. In contrast, on the
GBA dataset, increasing the number of layers from 2 to 5 generally
results in performance improvements. This suggests that for larger
datasets, the model requires deeper representations to capture the
increased diversity in the data. Besides, the result of figure 4 indi-
cates that STUNet’s performance is not sensitive to the patch size
of spatial tokenizer with enough dimension.

5.6 Efficiency Comparisons (RQ5)

To evaluate the efficiency of our proposed STUNet, we compared its
training and inference speeds with those of other spatio-temporal
models. As shown in Table 5, STUNet demonstrates high efficiency
among spatio-temporal models. As the number of nodes in the
dataset increases, several GNN-based methods encounter Out-of-
Memory (OOM) issues or exhibit quadratic complexity growth,
whereas the increase in training and inference time for STUNet
is significantly more gradual. This efficiency is attributed to our

patching operation on the adjacency matrix, which reduces the com-
plexity of modeling spatial relationships. This becomes increasingly
pronounced as the number of nodes grows.

6 Conclusion

In this paper, we introduce the Spatio-Temporal Unified Network
(STUNet), a framework designed to explicitly model spatial and tem-
poral features into unified representations. By employing a spatial
tokenizer that partitions the relational graph into patches, STUNet
successfully extracts robust spatial tokens that remain invariant to
temporal fluctuations, thereby ensuring strong cross-network gen-
eralizability. Furthermore, our proposed query-aggregate attention
mechanism effectively integrates these disparate representations
by simulating the causal relationships between upstream and down-
stream nodes. Extensive experimental results on multiple traffic
forecasting benchmarks demonstrate that STUNet not only achieves
competitive performance but also exhibits superior zero-shot gener-
alizability and computational efficiency. We believe that the explicit
modeling paradigm and the decoupled training strategy presented
in this work provide a promising direction for building scalable and
robust intelligent transportation systems.
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Unified Spatio-Temporal Tokens are Bases for Generalizable Traffic Forecasting
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Figure 5: Geometric Distribution of Sensors in LargeST

A Dataset Statistics

We utilized four datasets from LargeST: SD, GBA, GLA, and CA.
LargeST contains five years of traffic flow data (from 2017 to 2021)
with a 5-minute interval. For our experiments, we used the data
from 2019 and downsampled it to a 15-minute interval, resulting
in 35,040 time steps for each sensor, which are widely accepted.
Table 6 presents the statistical data for these four datasets. Although
the number of sensors varies significantly across the datasets, their
average degrees are remarkably similar, suggesting a degree of con-
sistency in their spatial dependencies. We further visualized the
distribution of the number of first-order neighbors for the sensors
in each dataset, as shown in Figure 6. It can be observed that the
degree distributions across the four datasets are quite similar, all
exhibiting a unimodal structure with most degrees concentrated
between 10 and 40. Slight variations exist among the datasets; for
instance, the peak for the GBA dataset is around 30, while the peaks
for the other three datasets are around 20. Additionally, the distribu-
tion of high-degree sensors in the SD dataset is relatively uniform,
whereas in the other three datasets, the number of high-degree sen-
sors decreases significantly as the degree increases. Furthermore,
we visualized the geographical distribution of sensors across the
different datasets, as illustrated in Figure 5. It is evident that there is
no overlap between the SD, GBA, and GLA datasets, which provides
a solid foundation for our zero-shot experiments.

Table 6: Dataset statistics.

Datasets Sensors Edges Degree Time Range

SD 716 17,319 24.2 01/01/2019-12/31/2019
GBA 2,352 61,246 26.0 01/01/2019-12/31/2019
GLA 3,834 98,703 25.7 01/01/2019-12/31/2019

METR-LA 207 1515 7.32
PEMS-BAY 325 2369 7.29
SZ-TAXI 156 532 341

03/01/2012-06/30/2012
01/01/2017-05/31/2017
01/01/201501/31/2015
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B Implementation Details

To help better reproduce our experimental results, here are the
implementation details of STUNet.

B.1 Data Sampling Strategy

All datasets from LargeST are too large to be directly processed.
Therefore, we employ a data sampling strategy to convert the whole
datasets into batches. To be specific, we partition all sensors of the
dataset into groups with batch size B;. A batch contains a group
of sensors and their one-hop neighbors with multiple series of
batch size B;. Such sampling strategy can maintain spatial rela-
tions between sensors and reduce memory usage. Besides, sensor-
grouping follows a random strategy rather than a distance-based
strategy(such as Kmeans). In other words, sensors in a batch may
not have correlations. This will force STUNet to distinguish relative
and non-relative sensors and extract features from relative sensors,
thus enhancing robustness of STUNet.

B.2 Training Statistics

STUNet employs a two-stage training strategy: tokenizer pre-training
and backbnone training. During tokenizer pre-training, both spatial
tokenizer and temporal tokenizer are trained for 20 epochs on SD
and GBA, 10 epochs on GLA and CA. Besides, we conduct a random
permutation for each adjacency matrix in batches to enhance the
diversity of adjacency matrix during spatial tokenizer pre-training,
thus making spatial tokenizer robust. We employ ReduceLROn-
Plateau as learning rate scheduler with initial learning rate 0.0005,
factor 0.3 and patience 10 for all datasets. During backbone training,
we train for 120, 100, 90 and 80 epochs on SD, GBA, GLA and CA.
We adopt ReduceLROnPlateau Ir scheduler with initial learning rate
0.001 and patience 10 for all datasets, and the factors of SD, GBA,
GLA and CA are 0.5, 0.3, 0.2 and 0.1. In addition, both tokenizer
pre-training and backbone training are optimized with Adam. The
whole framework is implemented with pytorch and run on one
NVIDIA H800 80GB GPU.

C Analysis of distributions of spatial tokens

Real-world traffic networks are composed of various prototypical
topological structures. To evaluate whether the spatial tokenizer
of STUNet can effectively discriminate between these patterns, we
sampled instances of straight roads, Y-intersections, and cycles
from the SD dataset. We then extracted their corresponding spatial
tokens using the pre-trained spatial tokenizer. Following an average
pooling operation on these tokens, we employed UMAP for clus-
tering visualization and quantitative assessment. The experimental
results yielded an Adjusted Rand Index (ARI) of 0.96 and a Normal-
ized Mutual Information (NMI) of 0.98, indicating that the spatial
tokenizer successfully recognizes distinct road structures. Further-
more, a Silhouette Score of 0.62 was achieved; values exceeding 0.5
typically signify robust cluster separation. These findings demon-
strate that STUNet’s spatial tokenizer is capable of distinguishing
diverse spatial relationships, thereby providing strong empirical
evidence for the rationality of our architectural design.
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Figure 6: Sensor degree distribution of the four datasets

Table 7: Extra traffic forecasting results in addition to Table 3

Horizon 3 Horizon 6 Horizon 12 Average
MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%) | MAE RMSE MAPE (%)

DCRNN | 17.14 2747 11.12 2099  33.29 13.95 26.99  42.86 18.67 21.03  33.37 14.13
STGCN | 17.45 29.99 12.42 19.55  33.69 13.68 23.21 41.23 16.32 19.67 34.14 13.86
SD GWNET | 15.24 25.13 9.86 17.74  29.51 11.70 21.56  36.82 15.13 17.74  29.62 11.88
AGCRN | 15.71 27.85 11.48 18.06  31.51 13.06 21.86  39.44 16.52 18.09  32.01 13.28
STGODE | 16.75 28.04 11.00 19.71  33.56 13.16 23.67 42.12 16.58 19.55 33.57 13.22

DCRNN | 18.71 30.36 14.72 23.06 36.16 20.45 29.85  46.06 29.93 23.13  36.35 20.84
STGCN | 21.05 3451 16.42 23.63  38.92 18.35 26.87  44.45 21.92 23.42  38.57 18.46
GBA GWNET | 17.85 29.12 13.92 21.11  33.69 17.79 25.58  40.19 23.48 2091 3341 17.66
AGCRN | 1831 30.24 14.27 21.27  34.72 16.89 24.85 40.18 20.80 21.01  34.25 16.90
STGODE | 18.84 30.51 15.43 22.04 35.61 18.42 26.22  42.90 22.83 21.79  35.37 18.26

DCRNN | 1841 29.23 10.94 23.16  36.15 14.14 30.26  46.85 19.68 23.17  36.19 14.40
STGCN | 19.86 34.10 12.40 22.75 3891 14.11 26.70  45.78 17.00 22.64 38381 14.17
GLA GWNET | 17.28 27.68 10.18 2131  33.70 13.02 2699 4251 17.64 21.20  33.58 13.18
AGCRN | 17.27 29.70 10.78 20.38  34.82 12.70 24.59  42.59 16.03 20.25 34.834 12.87
STGODE | 18.10  30.02 11.18 21.71  36.46 13.64 26.45 45.09 17.60 2149 36.14 13.72

DCRNN | 17.55 28.21 12.68 21.79  34.27 16.67 28.56  44.34 23.84 21.87 3441 17.06
STGCN | 18.99 3237 14.84 21.37  36.46 16.27 2494  42.59 19.74 21.33  36.39 16.53
GWNET | 17.14 27.81 12.62 21.68 34.16 17.14 28.58 44.13 24.24 21.72 34.20 17.40
STGODE | 17.57 29.91 13.91 20.98  36.62 16.88 25.46  45.99 21.00 20.77  36.60 16.80

Datasets | Methods

CA

D Additional Results

We present the additional results of performance comparison ex-
periment here in Table 7.
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