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Abstract

Road network representation learning (RNRL) has attracted
increasing attention from both researchers and practitioners
as various spatiotemporal tasks are emerging. Recent ad-
vanced methods leverage Graph Neural Networks (GNNs)
and contrastive learning to characterize the spatial structure
of road segments in a self-supervised paradigm. However,
spatial heterogeneity and temporal dynamics of road net-
works raise severe challenges to the neighborhood smoothing
mechanism of self-supervised GNNs. To address these issues,
we propose a Dual-branch Spatial-Temporal self-supervised
representation framework for enhanced road representations,
termed as DST. On one hand, DST designs a mix-hop tran-
sition matrix for graph convolution to incorporate dynamic
relations of roads from trajectories. Besides, DST contrasts
road representations of the vanilla road network against that
of the hypergraph in a spatial self-supervised way. The hy-
pergraph is newly built based on three types of hyperedges
to capture long-range relations. On the other hand, DST per-
forms next token prediction as the temporal self-supervised
task on the sequences of traffic dynamics based on a causal
Transformer, which is further regularized by differentiating
traffic modes of weekdays from those of weekends. Exten-
sive experiments against state-of-the-art methods verify the
superiority of our proposed framework. Moreover, the com-
prehensive spatiotemporal modeling facilitates DST to excel
in zero-shot learning scenarios.

Code — https://github.com/chaser-gua/DST
Extended version — https://arxiv.org/abs/2511.06633

Introduction
The road network is a vital infrastructure in a city, reflect-
ing connectivity and accessibility between road segments,
which guide human mobility. With the development of smart
traffic systems (Azgomi and Jamshidi 2018; Camero and
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Alba 2019; Wang et al. 2024c,d), the road network has be-
come a core component supporting various smart city appli-
cations, such as traffic inference (Yang et al. 2022; Zou et al.
2023) and destination prediction (Xue et al. 2013; Zong et al.
2019). Road network representation learning (RNRL) aims
to learn universal and low-dimensional vector representa-
tions for road networks to enhance performance on down-
stream tasks (Zhou et al. 2024). Consequently, RNRL has
gained significant attention from researchers and is emerg-
ing as a powerful tool for spatial-temporal management.

Early efforts leverage the natural graph topology of the
road network to learn task-specific representations based on
Graph Neural Networks (GNNs) (Jepsen et al. 2019; Li et al.
2020; Gharaee et al. 2021). While these methods demon-
strate robust performance on their original tasks, their effi-
cacy often diminishes when transferred to different down-
stream tasks. Recent research on RNRL methods is inspired
by powerful self-supervised learning paradigms to explore
various geospatial relationships between roads through re-
construction and contrastive learning tasks (Wu et al. 2020;
Chen et al. 2021). Additionally, abundant trajectory data are
utilized to characterize the dynamic relationships between
roads, augmenting road representations with auxiliary infor-
mation (Mao et al. 2022; Schestakov et al. 2023). Nonethe-
less, the neighborhood smoothing mechanism inherent in
GNNs leads to suboptimal road representations due to the
spatial-temporal dynamics of roads, which adversely affects
applications in dynamic downstream tasks.

Figure 1 illustrates the representation challenges of spa-
tial heterogeneity and temporal dynamics for RNRL. Firstly,
spatial heterogeneity reveals that road similarities can be es-
timated from several aspects beyond geospatial distance.
For example, as illustrated in Figure 1(a), in the blue track,
the next hop Sb and Sc after multiple hops from road Sa

have configurations similar to Sa. Extending the analysis to
the broader road network shows that Sd, although spatially
farther from Sa, serves a similar function (i.e., residential).
Hence, methods restricted by nearby roads may yield an in-
complete understanding of distant roads. Secondly, temporal
traffic dynamics at different hours serve as a crucial comple-
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Figure 1: An illustration example of spatial heterogeneity
and temporal dynamics. (a) Distant roads with similar con-
figurations can be connected by a travel trajectory, whereas
nearby roads may not necessarily share similar characteris-
tics. (b) The traffic patterns of roads are characterized not
only by road types but also by temporal dynamics.

ment to road representations, which cannot be adequately
captured by road networks alone. As shown in Figure 1(b),
distinct road types exhibit markedly divergent traffic vol-
umes temporally. Critically, dynamic patterns demonstrate
pronounced weekday-weekend divergence even for identical
road categories. Therefore, road representation necessitates
the consideration of both spatial heterogeneity and temporal
dynamics to effectively adapt to dynamic downstream tasks.

To address these issues, we propose a Dual-branch
Spatial-Temporal self-supervised representation framework
(DST) to obtain road representations from dual perspectives.
From the spatial perspective, DST overcomes spatial hetero-
geneity by extracting dynamic relationships among roads us-
ing a mix-hop transition matrix, which is employed in the
initial stage of graph convolution. Additionally, we design
a road hypergraph incorporating three types of hyperedges
beyond the natural graph topology and integrate it with the
standard road network through contrastive learning. From
the temporal perspective, DST utilizes next-token prediction
for self-supervised representation based on a causal Trans-
former, along with a regularization task that differentiates
traffic modes on weekdays from those on weekends. To ac-
commodate heterogeneous inputs while optimizing learning
efficiency, the dual-branch representations are pre-trained
separately and subsequently fused for downstream tasks.

Overall, our contributions can be summarized as below:

• We propose a novel dual-branch road representation
framework from both spatial and temporal views to ad-
dress the challenges of spatial heterogeneity and tempo-
ral dynamics, called DST.

• We design a mix-hop transition matrix and hypergraph-
based contrastive learning for the spatial branch. Mean-
while, we devise next-token prediction and an auxiliary
discrimination task for the temporal branch.

• Extensive experiments on three datasets across three
downstream tasks indicate the state-of-the-art perfor-
mance of DST based on superior road representa-
tion. Additionally, cross-city experiments demonstrate
the strong transferability of our framework in zero-shot
learning scenarios.

Preliminaries
In this section, we introduce the definitions of notation and
descriptions of variables used in this paper.

Definition 1: Road Network. A road network can be repre-
sented as a directed graph G = {R, E , XR, XE}, where R
and E denote the set of road segments and their connections.
For brevity, we let N = |R| denote the number of road seg-
ments and refer to the road segment as “road” in the later
sections. AG ∈ RN×N is the adjacency matrix. If (ri, rj) is
reachable, then AG [ri, rj ] = 1; otherwise AG [ri, rj ] = 0.
XR ∈ RN×C1 and XE ∈ R|E|×C2 are the features of R
retrieved from OpenStreetMap (OSM) and E computed from
XR, where C1 and C2 represent the number of features.

Definition 2: Road Hypergraph. A road hypergraph GH =
(R, EH) consists of roads and hyperedges, where EH =
(e1, e2, . . . , eK) is the set of hyperedges. A simple graph is
inadequate for capturing high-order relationships and func-
tional properties between roads. Therefore, we introduce
road hypergraph and utilize hyperedges to achieve these ob-
jectives. AH ∈ RN×K is the incidence matrix of a hyper-
graph. For ri and ek, if ri ∈ ek, then AH [ri, ek] = 1; oth-
erwise AH [ri, ek] = 0.

Definition 3: Trajectory. A trajectory τ ∈ T is a se-
quence of continuously reachable r in G, denoted as τ =
(r1, r2 . . . , rM ). Trajectories capture movement patterns
and contain rich dynamic information. In the following sec-
tions, hop distance represents the number of hops within the
trajectory, with hop [ri, rj ] = j − i.

Definition 4: Traffic Dynamics. The traffic dynamics DR =

[ui]
T
i=1 ∈ RN×T×C is the travel mode of R extracted from

the trajectory. Let ui represent the number of visits on the
road at the i-th time. The travel mode is divided by weekdays
and weekends, with 24 hours in a day. Thus, we have T = 24
and C = 2.

Problem Statement: Given a road network G, the goal
of Road Network Representation Learning is to learn a low-
dimensional representation vr ∈ Rd for each road, where d
represents the vector dimension. The learned representation
can be utilized for various downstream tasks based on roads
and trajectories.

Methodology
In this section, we present the proposed DST frame-
work. DST overcomes spatial heterogeneity and captures
high-order relationships by the learnable mix-hop transi-
tion matrix and hypergraph. Meanwhile, DST employs a
Transformer-based traffic dynamic encoder and two self-
supervised tasks to model the temporal travel traffic dynam-
ics information of the roads. The overall architecture of the
framework is shown in Figure 2.

Mix-hop Transition Matrix Weighting
Before all commencement, each static feature of the road
network is embedded through an independent embedding
layer. The initial embedding of a road segment is formed
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Figure 2: The overview of the proposed DST framework. The high-order relationships are modeled via mix-hop transition ma-
trix weighting and multi-view graph contrastive learning. The temporal travel traffic dynamics are integrated by the Transformer
with two specific task-driven updates. Both block co-enhanced representations power downstream tasks jointly.

by concatenating the outputs of these layers:

ZI =
∥∥∥C1

c=1
Emb (XRc

|XRc
∈ XR) . (1)

Here, || is the vector concatenation operation and ZI ∈
RN×d is the feature embedding of all roads.

Next, we consider extracting the mix-hop transition ma-
trix from trajectories on road networks. Unlike existing
methods, our approach emphasizes the reachable and func-
tional information of both the next hop and multiple hops of
the road within the trajectory:

Phop [ri, rj ] =
∑
τ∈T

∑
1≤i<j≤m

m− (j − i) . (2)

Here, m denotes the number of roads within the single tra-
jectory. The weights are assigned based on hop distance. In
this context, the smaller hop distance receives larger initial
weights, and the longer hop distance receives smaller ini-
tial weights. This strategy emphasizes adjacent links while
incorporating reachable distant links.

To mitigate the impact of magnitude differences, we apply
row normalization to the resulting transition matrix:

P̃hop [ri, rj ] =
Phop [ri, rj ]∑N
j=1 Phop [ri, rj ]

. (3)

Here, P̃hop ∈ RN×N is the final mix-hop transition matrix.
If
∑N

j=1 Phop [ri, rj ] = 0, we set P̃hop [ri, ri] = 1. Then, we
use it to initialize a learnable weight matrix, which is then
used to update the representation further:

Zhop = P̃hop · ZI . (4)

Here, P̃hop is the learnable mix-hop transition matrix and
Zhop ∈ RN×d is mix-hop weighted feature vectors.

Spatial Semantic Graph Learning
Road networks exhibit heterogeneous characteristics, and
the overemphasis of simple graph neural networks on topol-
ogy may induce the over-smoothing problem(Chen et al.
2021, 2024). To mitigate this, we employ the spatial seman-
tic hypergraph to capture high-order relationships between
roads. Inspired by contrastive learning, we model road net-
works through graph-hypergraph views, updating parame-
ters by maximizing mutual information (MI) between posi-
tive node pairs across representations.

Spatial Graph View For the graph view, we employ a
multi-layer Graph Attention Network (GAT) (Veličković
et al. 2018) to obtain the representation that captures the spa-
tial topology of the road network. At this stage, we also take
into account some characteristics of road network connec-
tivity XE . The specific formula for GAT is:

ZG =
∥∥∥H
h=1

σ

 ∑
j∈N (i)

αh
ij ·Whvj

 , (5)

αij =
exp(σ(aT ·

[
Wvi ∥Wvj ∥XEij

]
))∑

k∈N (i) exp(σ(a
T · [Wvi ∥Wvk ∥XEik

]))
, (6)

where H represents the number of heads in the multi-head
attention mechanism, σ is the activation function, Wh is the
learnable parameter of h-th head, and vj ∈ Zhop is the repre-
sentation vector of the road rj . The graph encoder generates
the spatial representation ZG for the graph view.

Semantic HyperGraph View For the hypergraph view,
as illustrated in Figure 2, our hypergraph framework mod-
els complex semantic relationships through three special-
ized hyperedge types. EH1 represents the functional zone
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generated through spectral clustering (Von Luxburg 2007)
of roads. EH2 captures long-range dependencies by group-
ing roads of identical types, regardless of geographical prox-
imity (Zhang and Long 2023). EH3 operationalizes Tobler’s
First Law of Geography (Tobler 1970) through hyperedges
that connect geographically adjacent unidirectional roads.

We employ a multi-layer General Hypergraph Neural Net-
works (HGNN+) (Gao et al. 2022) to further capture the
functional semantics of the road network. By constructing
hyperedges to represent various types of potential high-order
and long-range correlations, HGNN+ employs an adaptive
hyperedge fusion strategy to effectively combine these cor-
relations. Specifically, the formula for HGNN+ is:

ZH = D (R) ·AH ·D (EH) ·AH
T · Zhop, (7)

EH = EH1 ∥ EH2 ∥ EH3, (8)
where the diagonal matrix D(R) represents the degree of the
nodes, denoting the number of hyperedges associated with
the nodes, while D(EH) represents the degree of the hyper-
edges, indicating the number of nodes contained in each hy-
peredge, EH is the set of three types hyperedges. The hyper-
graph encoder generates the semantic representation matrix
ZH for the hypergraph view.

Contrastive Learning Loss We pursue the generalized
rather than specific representation for downstream tasks
through self-supervised learning. Therefore, we treat the
representations ZG and ZH as two views of the road net-
work for contrastive learning. We optimize the following MI
maximization objective across these views (Zhu et al. 2021).

LGH = − 1

N

∑
ri∈R

 1

|H (ri) |
∑

rj∈H(ri)

I
(
vri , hrj

) , (9)

where H(ri) is the set of nodes corresponding to the hyper-
graph view of ri, vri ∈ ZG and hrj ∈ ZH is the represen-
tation vector of ri and rj separately, and I(·) is the MI es-
timator (Mao et al. 2022). The mini-batch strategy (Li et al.
2014) is implemented to optimize memory utilization.

Temporal Dynamics Learning
The coarse-grained road utilization feature fails to integrate
into the temporal traffic flow characteristics. To this end, we
employ a Transformer-based encoder to model fine-grained
traffic dynamics. The joint optimization of the dynamic pre-
diction and classification tasks enables comprehensive learn-
ing of 24-hour traffic evolution trends and patterns.

Temporal Travel Dynamics Encoder The Transformer-
based encoder ingests the previously defined traffic dynamic
sequence, with its final hidden state serving as the com-
pressed sequence representation. This architecture proves
particularly effective for dynamic sequence modeling due
to its self-attention mechanism, which captures both local
fluctuations and global temporal dependencies:

ZD = TransEnc (PosEnc (DR)) [−1] . (10)
Here, PosEnc(·) is sinusoidal positional encoding and
TransEnc(·) denotes a standard implementation of Trans-
former Encoder (Waswani et al. 2017). The temporal travel
dynamic encoder produces the temporal representation ZD.

Two-task Joint Dynamic Loss We aim to capture the
patterns and trends of temporal traffic dynamic sequences
through two tasks. Intuitively, the dynamic prediction task
leverages the history sequence to predict the value of the
sequence at the next time step, thereby capturing the long-
term trend of the dynamic sequence. The dynamic classifica-
tion task requires the model to categorize the input sequence
into two types: weekday traffic and weekend traffic to dis-
tinguish between different dynamic sequence patterns. The
corresponding regression value and classification probabil-
ity are obtained after the representation passes through the
project head, and these form the loss for the dynamic se-
quence task:

Lreg =
1

N × C

N×C∑
i=1

∥yi − ŷi∥2, (11)

Lcls =
1

N × C

N×C∑
i=1

C∑
c=1

−yi(c) log(ŷi(c)), (12)

Ld = λreg · Lreg + λcls · Lcls. (13)

Here, ŷi is the predicted output from the fully connected
layer and yi is the ground truth, λreg and λcls are the hy-
perparameters to balance the two tasks.

Representation Fusion for Downstream Tasks
Finally, the spatial semantic representation and temporal dy-
namic representation are fused to form the final joint repre-
sentation:

Z = Fusion (ZG , ZH, ZD) , (14)

where ZG , ZH, and ZD are the updated spatial and tempo-
ral representations derived from the graph, hypergraph, and
sequence encoder. Z ∈ RN×d is the final representation
matrix of roads. The fusion methods we explore comprise
concatenation along the last dimension, direct summation,
and integration of representations via a gating mechanism.
In this work, the first is employed for representation fusion.

This fusion method retains all the information of differ-
ent representations, which is sufficiently effective for down-
stream tasks. By incorporating temporal travel traffic dy-
namics into the road network, the final road representation
becomes more informative, enhancing its effectiveness and
versatility. Furthermore, our approach captures semantic re-
lationships within road networks, which are essential for
downstream tasks. For more fusion experiments and further
discussion of fusion, please refer to Appendix D.1.

Experiments
In this section, we present and analyze the experimental re-
sults across three real-world datasets and downstream tasks.
The experimental results validate the effectiveness of lever-
aging spatiotemporal information from both trajectories and
road networks to improve the quality of road network repre-
sentations. Due to space limitations, additional experimental
details and results are provided in Appendices C and D.
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Experimental Setup
Datasets We use datasets from three real-world cities:
Beijing, Porto, and Xi’an. The initial trajectory data con-
sisted of GPS points collected by vehicles. We employ a
map-matching algorithm (Yang and Gidofalvi 2018) to map
it to the road sequence trajectory defined in the previous sec-
tion. Please refer to Appendix C.1 for more details.

Downstream Tasks The effectiveness of road representa-
tions is validated on three traffic-related downstream tasks:
road speed inference (SI), travel time estimation (TE), and
trajectory destination prediction (DP). A more detailed de-
scription can be found in Appendix C.2.

Evaluation Metrics Following prior works (Mao et al.
2022; Schestakov et al. 2023), we employ established evalu-
ation metrics for each task: mean absolute error (MAE) and
root mean square error (RMSE) for the SI and TE; and accu-
racy at 1 (ACC@1) and mean reciprocal rank (MRR) for the
DP. These metrics are standard for their respective domains.

Baseline Methods We evaluate DST against a series of
baselines, including both classic graph learning methods
and self-supervised RNRL methods. The former includes
Node2Vec (Grover et al. 2016), GCN (Kipf et al. 2017),
GAE (Veličković et al. 2018) and T-GCN (Zhao et al. 2019),
while the latter comprises SRN2Vec (Wang et al. 2020),
Toast (Chen et al. 2021), JCLRNT (Mao et al. 2022), Tra-
jRNE (Schestakov et al. 2023) and DyToast (Chen et al.
2024). See Appendix C.3 for more details.

Overall Performance
Table 1 and 2 present the mean values of the results obtained
from five random seeds for DST and baseline models across
different downstream tasks. We can find that DST outper-
forms the baseline models in all tasks, demonstrating its
effectiveness in modeling high-order and long-range infor-
mation about road network function and movement, as well
as its superiority in integrating road network dynamic travel
traffic. Among the baseline methods, Node2Vec, GCN, and
GAE are not specifically designed for road networks. They
are limited to modeling simple graph structures and do not
capture the intricate relationships between roads, leading to
suboptimal performance in tasks. This highlights the impor-
tance of unique designs tailored for road networks. Although
TGCN models temporal traffic dynamics, its architectural
paradigm is not optimized specifically for road networks.
Furthermore, it fails to capture the functional semantics of
road networks. SRN2Vec and Toast apply random walks for
road weighting, thus achieving better performance than the
traditional graph learning methods. DyToast augments Toast
with trigonometric time features, enhancing performance in
destination prediction and travel time estimation tasks. How-
ever, its degraded performance in the speed inference task
reveals representational robustness limitations. Suboptimal
dynamic modeling approaches may degrade performance.
In contrast, JCLRNT and TrajRNE leverage trajectory infor-
mation to enhance road network representations, achieving
better performance across tasks than other methods. Never-
theless, they are deficient in modeling temporal dynamics,

while DST mines the long-range dependencies of roads in
trajectory and models both spatial and temporal traffic rep-
resentations of the road network, achieving superior perfor-
mance compared to other methods.

Ablation Studies
DST employs the following core designs for road network
representation: the mix-hop pattern extraction strategy ini-
tializes the learnable transition matrix to capture road long-
range dependencies contained in trajectories; the hypergraph
with different hyperedges models higher-order functional
information; the dynamic travel traffic integration supple-
ments temporal information. To evaluate the impact of these
designs, we conduct ablation studies by removing specific
components. (1) w/o Phop: this variant excludes the learn-
able transition matrix; (2) w/o hg1: this variant eliminates
region relationship hyperedges from the hypergraph struc-
ture; (3) w/o hg2: this variant eliminates the same type re-
lationship hyperedges from the hypergraph structure; (4)
w/o hg3: this variant eliminates one-way relationship hyper-
edges from the hypergraph structure; (5) w/o tm: this variant
omits temporal travel traffic dynamic modeling.

Figure 3 illustrates the performance of the model in the
Beijing dataset after the removal of different design com-
ponents. The results on other datasets are similar. It can be
observed that removing any of these components results in
inferior performance on downstream tasks compared to the
complete DST. Specifically, we make the following analysis.
Firstly, the variants w/o Phop and w/o hg2 exhibit the most
severe performance degradation in the speed inference task,
indicating that higher-order functional and motion relation-
ships between roads are essential for learning effective road
representations. Secondly, the variant w/o tm demonstrates
significantly degraded performance across both trajectory-
based tasks, underscoring the critical complementary role of
dynamic travel traffic information in road network charac-
terization. Finally, the variants w/o hg1 and w/o hg3 exhibit
moderate performance degradation across all tasks, indicat-
ing that diverse hyperedge types mutually reinforce each
other to comprehensively model road network higher-order
relationships. Please refer to Appendix D.2 for more details.

Parameter Sensitivity
In this section, we analyze the effect of parameters on DST
performance: the mini-batch size, the traffic batch size, and
the ratio of λreg and λcls. The evaluation is conducted on the
destination prediction task for the three datasets. The results
are shown in Figure 4. We can find that DST maintains con-
sistent excellent performance across all datasets despite pa-
rameter variations. The specific conclusions are as follows.
Please refer to Appendix D.5 for more details.

Firstly, the results of varying mini-batch size indicate that
a smaller size reduces the number of negative samples, po-
tentially causing insufficient sample discrimination and un-
derfitting. Conversely, a larger size increases computational
complexity and memory demands while hindering effec-
tive learning. Thus, a moderate batch size achieves an op-
timal balance between learning efficiency and model per-

38528



Methods
Beijing Porto Xi’an

Destination Prediction Travel Time Estimation Destination Prediction Travel Time Estimation Destination Prediction Travel Time Estimation

ACC@1 (↑) MRR (↑) MAE (↓) RMSE (↓) ACC@1 (↑) MRR (↑) MAE (↓) RMSE (↓) ACC@1 (↑) MRR (↑) MAE (↓) RMSE (↓)

Node2Vec 0.1954 0.2884 253.0633 378.8966 0.2201 0.3364 109.5741 150.4529 0.4088 0.5083 287.3482 430.5943
GCN 0.2189 0.2995 256.2389 381.1153 0.3780 0.4861 108.4090 151.8520 0.4054 0.4904 249.5978 387.8792
GAE 0.2472 0.3254 249.8528 376.1648 0.3997 0.5165 107.6947 150.9522 0.4223 0.5091 283.0110 417.5603
TGCN 0.2080 0.2911 274.5425 402.6056 0.4584 0.5827 111.8000 155.3018 0.3887 0.4823 231.3772 341.2320
SRN2Vec 0.4158 0.4702 242.3774 368.4888 0.6552 0.7745 101.9539 144.1221 0.6966 0.7503 236.8440 378.1186
Toast 0.3031 0.3652 248.4413 374.0255 0.6142 0.7324 101.7503 145.7847 0.7103 0.7673 244.5761 381.7282
JCLRNT 0.4222 0.5528 246.7876 373.1402 0.5133 0.6626 101.6065 145.2937 0.6752 0.7711 240.6833 380.1059
TrajRNE 0.6728 0.7603 237.1361 363.2190 0.6728 0.8063 102.5061 145.2530 0.8260 0.8831 207.6418 314.7823
DyToast 0.4440 0.5164 239.6679 365.3374 0.4887 0.6025 102.3489 145.3401 0.7508 0.8080 238.4887 379.9900
Ours 0.7288 0.8213 236.6965 363.2039 0.6766 0.8101 101.4223 143.6598 0.8335 0.8950 202.8479 307.7553

Table 1: The results on three real-world datasets in terms of the destination prediction task and the travel time estimation task.
The best one is denoted by bold and the second-best is denoted by underline. ↑ and ↓ denote higher is better and lower is better.

Methods
Beijing Porto Xi’an

MAE (↓) RMSE (↓) MAE (↓) RMSE (↓) MAE (↓) RMSE (↓)

Node2Vec 8.2268 8.8945 9.0367 10.1075 6.8403 8.8547
GCN 8.1926 8.8436 8.9723 10.0485 6.8014 8.8107
GAE 8.1600 8.8154 8.9442 10.0804 6.8040 8.8114
TGCN 5.8026 6.7065 6.5242 7.8042 6.0006 8.0067
SRN2Vec 6.9959 7.8806 7.0657 8.3563 6.0201 7.9983
Toast 6.6538 7.4272 7.2837 8.4783 5.5102 7.5338
JCLRNT 2.8512 3.9013 3.7475 4.9999 4.5138 5.7294
TrajRNE 3.0756 4.3049 4.7854 6.3375 5.1898 7.1767
DyToast 8.0957 8.8124 8.6818 9.8597 6.7461 8.7050
Ours 2.4595 3.2557 3.4259 4.5538 4.4987 5.6557

Table 2: The results on three real-world datasets in terms of
the speed inference task. The best one is denoted by bold
and the second-best is denoted by underline.

formance. Secondly, the results of varying traffic batch size
indicate that DST is not sensitive to this parameter. Nonethe-
less, there is a slight performance improvement in small-
sized traffic batches, potentially due to the sparsity of the
traffic sequence. A larger batch scale may introduce more
noise. Finally, the results of varying the λ ratio indicate that
increasing the next token prediction loss weight enhances
model performance. This adjustment compensates for the
significant magnitude difference in initial training losses be-
tween tasks, thereby improving task balance during training.

Generalization on Zero-Shot Learning Scenarios
Given substantial variations in urban systems, such as net-
work topology, traffic patterns, and human mobility, trans-
ferable models significantly reduce deployment costs and re-
source expenditures across cities. To evaluate the cross-city
transferability of DST, we conduct a zero-shot learning ex-
periment. Recognizing dependencies between the mix-hop
matrix and urban nodes, we remove this component and
train exclusively in Beijing. Evaluation then occurs on the
Porto for three downstream tasks. In this context, we com-
pare DST-transfer with GAE and JCLRNT, which support
zero-shot learning. Table 3 demonstrates competitive zero-
shot performance of DST attributable to comprehensive spa-
tiotemporal representation learning.

Case Study
In this section, we conduct a case study to demonstrate the
ability of DST to capture high-order relationships between
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Figure 3: Ablation study on Beijing dataset.
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Methods
Speed Inference Destination Prediction Travel Time Estimation

MAE (↓) RMSE (↓) ACC@1 (↑) MRR (↑) MAE (↓) RMSE (↓)

GAE 9.0482 10.1209 0.3119 0.4204 112.1389 154.2606
JCLRNT 4.1047 5.3195 0.0167 0.0338 109.7691 151.6060
DST-transfer 3.5126 4.6181 0.6424 0.7765 108.0329 150.2018

Table 3: Zero-shot learning results (Beijing → Porto).

road segments. We choose the highest-traffic road (ID=144)
in Beijing as an anchor road, and compute representation
and geographic distances to other roads. Figure 5(a) shows
the distance distribution of other roads and the anchor road.
We identified a distant road segment (ID=1748) exhibiting
close representational proximity. In Figure 5(b), we visu-
alize them in the road network. The anchor road is red,
and the selection road is green. The visualization reveals
that both the anchor and selected segments lie on the third
ring of Beijing. Fine-grained analysis in Figure 5(c) and
5(d) shows they share identical functional roles, unidirec-
tional flow patterns, and dual inflow and outflow character-
istics. This confirms DST successfully captures functional
and traffic-dynamic relationships beyond spatial proximity.

Related Work
Road Network Representation Learning. Road net-
works are inherently structured as graphs. Most existing ap-
proaches draw inspiration from graph representation learn-
ing (Zheng et al. 2022, 2023; Wang et al. 2024a; Yang et al.
2025) and employ graph neural networks (GNNs) for mod-
eling. Numerous GNN-based methods (Wu et al. 2020; Pei
et al. 2020; Zhang and Long 2023; Cao et al. 2025) develop
specialized graph encoders to capture the spatial topology
of road networks. As trajectory data proliferates, trajectory-
enhanced methods (Mao et al. 2022; Schestakov et al. 2023)
extract movement and transfer patterns to advance road net-
work representation learning. However, these methods inad-
equately model higher-order information within functional
and movement. Our method integrates spatial semantic in-
formation from the perspectives of transfer mode and func-
tional structure while incorporating travel traffic dynamics.

Graph and Hypergraph Learning. Early graph learn-
ing (Perozzi et al. 2014; Grover et al. 2016) focuses on the
topology of graphs and learns the shallow representations of
graphs. With the development of deep learning, graph con-
volutional network (Kipf et al. 2017) and graph attention
network (Veličković et al. 2018) achieve significant success
in graph learning by aggregating features in different ways.
Temporal graph convolutional network considers dynamic
changes in graphs (Zhao et al. 2019; Wang et al. 2024b) later.
Limited by the adjacency in graphs, these models struggle to
represent higher-order relationships between nodes. There-
fore, hypergraph learning is employed to model higher-order
relationships among two or more entities. Hypergraph Neu-
ral Networks (Feng et al. 2019; Gao et al. 2022) adopt differ-
ent message-passing mechanisms to learn hypergraph repre-
sentations. However, neither graphs nor hypergraphs can be
directly applied to road networks that require tailored de-
signs due to their complex spatiotemporal characteristics.

(a) Distance to the anchor road. (b) Cases in the road network.

(c) The highest traffic road detailed visualization.

(d) The road geographically distant but representationally close.

Figure 5: Case study of the highest traffic road in Beijing.

Spatial-temporal Self-supervised Learning. Graph self-
supervised learning methods are categorized into generative
and contrastive paradigms. Generative approaches (Bondy
and Hemminger 1977) leverage intrinsic graph structure as
supervision, focusing on reconstruction tasks. Contrastive
methods (You et al. 2020; Liu et al. 2023) operate on aug-
mented graph views, exploiting invariance across views and
discriminative information between negative pairs as super-
visory signals. Sequence self-supervised learning typically
employs predictive pretext tasks, where supervisory signals
are autonomously generated through statistical heuristics or
domain knowledge. These tasks model implicit data-label
relationships to facilitate representation learning (Medina-
Salgado et al. 2022). Our framework integrates multi-view
graph contrastive learning to capture spatial semantics,
while dynamically designed prediction and classification
tasks model travel traffic dynamics, jointly enhancing road
network representation.

Conclusion
This paper proposes DST, a comprehensive road network
representation framework that integrates spatial semantics
and temporal travel traffic dynamics. DST simultaneously
models the functionality of the road network and the move-
ment provided by trajectories. For spatial semantics, we de-
sign a mix-hop transition matrix and hyperedges to cap-
ture long-range dependencies between roads. For temporal
travel traffic dynamics, we employ two well-designed tasks
to model traffic trends and patterns. Extensive experimental
results on three real-world datasets across three downstream
tasks demonstrate the effectiveness and robustness of DST.
Furthermore, DST demonstrates satisfactory transferability.
In the future, we will investigate the emergency forecasting
problem of road networks in the context of extreme natural
disasters, such as typhoons and storms.
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