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Abstract

Representation learning of urban spatial-temporal data is fun-
damental and critical, serving a wide range of intelligent ap-
plications. Given that road networks and trajectories are in-
herently interrelated, their joint representation learning can
significantly enhance the accuracy and utility of these ap-
plications. However, effectively learning joint representations
for these two types of data remains challenging, particularly
due to the complexities of interaction modeling and cross-
scale optimization. To this end, we propose a unified frame-
work, named UniTR, for joint representation learning of road
networks and trajectories. Specifically, we first design a hier-
archical propagation mechanism to model the complex many-
to-many interactions between road networks and trajectories,
thereby generating informative embeddings. Then, a triple-
level contrastive optimization module is incorporated to sys-
tematically select valid positive and negative samples, fur-
ther refining the embeddings. Experiments conducted on real-
world datasets from two cities clearly demonstrate the effec-
tiveness and superiority of UniTR.

Code — https://github.com/csjiezhao/UniTR

Introduction
Urban spatial-temporal data, particularly road networks and
trajectories, are pivotal in understanding and modeling ur-
ban dynamics (Wang, Cao, and Philip 2020). The process of
representation learning for this data is essential, as it con-
verts spatial-temporal objects into compact and informative
vector representations (Chen et al. 2024a). In practice, these
representations serve as the foundation for a wide range of
intelligent applications, such as traffic prediction (Zhao et al.
2023), route planning (Liu et al. 2023), and mobility analy-
sis (Luca et al. 2021).

Road networks and trajectories are inherently intercon-
nected, with road networks providing the foundational spa-
tial structure and trajectories capturing the dynamic mobility
patterns that occur within this structure (Mao et al. 2022).
Given this interplay, their respective representations should
be learned jointly, rather than in isolation. Integrating these
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Figure 1: Illustration of mutual enhancement in joint repre-
sentation of road networks and trajectories.

two data types into a unified learning framework allows for
mutual enhancement, leading to more effective representa-
tions. Figure 1 illustrates how the road network’s topology
constrains trajectory movements, while multi-modal infor-
mation from road segments supplements their geographic
context. Meanwhile, trajectories reveal the high-order rela-
tionships between road segments, with transition frequen-
cies highlighting the different significance of segments.

A few studies (Chen et al. 2021; Mao et al. 2022; Ma
et al. 2024), have sought to jointly characterize road net-
works and trajectories. These approaches typically use sepa-
rate branches to extract features from road networks and tra-
jectories, allowing the representations to complement each
other in a self-supervised manner. However, this paradigm of
separate modeling may not adequately account for the inter-
actions between spatial structure and human mobility. Fur-
thermore, effective joint representation learning of road net-
works and trajectories requires addressing two key aspects:

First, interactions between road networks and trajecto-
ries. Trajectories interact with multiple road segments, and
road segments are traversed by numerous trajectories. Mod-
eling these complex many-to-many relationships is crucial
for learning effective representations. Second, joint opti-
mization across different representations. The embedding
spaces for road networks and trajectories exist on differ-
ent scales. Both same-scale and cross-scale embedding opti-
mization are vital for achieving meaningful representations.

To address the above challenges, we propose a unified
contrastive learning framework named UniTR for joint
representation learning of road networks and trajectories.
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Specifically, we design a hierarchical propagation mecha-
nism that models the complex interactions between road net-
works and trajectories, facilitating their simultaneous repre-
sentation learning. Additionally, we introduce a triple-level
contrastive loss that optimizes embeddings across different
scales, enhancing the overall performance of the learned
representations. This comprehensive approach ensures that
UniTR not only effectively models the intricate relationships
within urban spatial-temporal data but also achieves superior
performance across various downstream tasks. Our contribu-
tions can be summarized as follows:

• Hierarchical Propagation Mechanism: We design a hi-
erarchical propagation mechanism that simultaneously
learns the representations of road networks and trajec-
tories. This mechanism effectively models the many-to-
many interactions between road segments and trajecto-
ries, enhancing the overall representational quality.

• Triple Level Contrastive Optimization: We introduce a
triple-level contrastive optimization that facilitates cross-
scale embedding learning. Through carefully designed
sampling strategies and contrastive loss functions, our
approach ensures that representations are effectively op-
timized both within and across scales.

• Comprehensive Evaluation: We conduct extensive ex-
periments on two real-world datasets and four down-
stream tasks, demonstrating that UniTR outperforms ex-
isting methods in terms of representation quality and
downstream task performance, thus validating the effec-
tiveness of the proposed framework.

Related Work
Representation for Trajectory and Road Network. Rep-
resentation learning for spatial-temporal data, particularly
trajectories and road networks, has been extensively ex-
plored due to its importance in urban analysis (Chen et al.
2024b; Deng et al. 2024b). Trajectory Representation meth-
ods primarily focus on capturing movement behaviors. For
instance, Traj2Vec (Yao et al. 2017) uses spatial and tem-
poral windows to convert GPS trajectories into feature vec-
tors. Subsequent works have refined this approach with tai-
lored windows and data augmentation strategies, such as
those in (Yao et al. 2019; Li et al. 2018; Yang et al. 2021a;
Chang et al. 2023), while TrajFormer (Liang et al. 2022b)
introduces continuous point embedding for transformer-
based models. On the other hand, Road Network Repre-
sentation methods leverage graph-based techniques to cap-
ture structural and geospatial properties. Early methods
like DeepWalk (Perozzi, Al-Rfou, and Skiena 2014) and
Node2Vec (Grover and Leskovec 2016) focused on topo-
logical embeddings, while more recent approaches utilize
graph neural networks (Kipf and Welling 2017) to integrate
node and edge features, addressing complex spatial depen-
dencies (Wang et al. 2019; Wu et al. 2020; Zhang and Long
2023). However, these methods typically treat trajectories
and road networks as separate entities, failing to account for
the interactions between them.
Joint Representation Learning. Acknowledging the inter-
dependence between road networks and trajectories, recent

research has increasingly adopted joint representation learn-
ing approaches. For example, Toast (Chen et al. 2021) and
GTS (Han et al. 2021) integrate auxiliary traffic context
and point-of-interest embeddings, respectively, to enhance
trajectory representations. Recently, successful progress in
contrastive learning for time series (Luo et al. 2023; Lai et al.
2024) and graph learning (Lee and Shin 2023; Xiao et al.
2024) has provided new opportunities for representation
learning (Deng et al. 2024a). Base on that, some methods
apply contrastive learning and other self-supervised tech-
niques for jointly embedding, employing multi-task learning
frameworks with supervision signals like contrastive, auto-
regressive, and masking losses (Fu and Lee 2020; Liang
et al. 2022a; Yang et al. 2021b; Jiang et al. 2023; Mao et al.
2022; Ma et al. 2024). Despite these advancements, effec-
tively managing the many-to-many interactions between tra-
jectories and road networks remains a challenge.

Preliminaries
Definition 1 (Road network) A road network is denoted as
a directed graph G = (V, E ,A). Each vertex v ∈ V cor-
responds to a road segment, typically associated with at-
tributes such as length and coordinates. Each edge ei,j ∈ E
indicates a direct connection between the road segments
vi and vj . A is a binary adjacency matrix that indicates
whether an edge exists between road segments.

Definition 2 (Trajectory) A trajectory τ = ⟨p1, p2, . . . ,
p|τ |⟩ is a sequence of GPS points recorded by a moving ob-
ject. It can be mapped onto the road network G, resulting in
a road segment-based trajectory ⟨v1, v2, . . . , vn⟩.

Definition 3 (Street view image) A street view image is a
photograph captured at a specific location on the road net-
work, offering a detailed visual snapshot of the surround-
ings. Specifically, we collect multiple images on each road
segment and create a 360-degree view, denoted as v.img.

Problem Statement Given a road network G = (V, E ,A)

and a set of historical trajectories T = {τi}|τ |i=1, the objec-
tive is to learn the mapping functions, Fv : V → Rd and
Fτ : T → Rd, which embed each road segment vi and each
trajectory τi into two d-dimensional representation vectors.

Methodology
As depicted in Figure 2, UniTR contains four sequential
stages: Data Preparation, Data Augmentation, Joint Repre-
sentation Learning, and Joint Contrastive Optimization.

Data Preparation and Augmentation
Preparation The data preparation stage involves two key
processes: segment feature extraction and trajectory prepro-
cessing. First, road segment features are extracted by encod-
ing road attributes such as segment ID and length using lin-
ear layers, while street view images are processed through
SwinTransformers (Liu et al. 2021). The resulting features
are concatenated to form the multi-modal feature matrix
(i.e., X). Meanwhile, GPS trajectories are mapped onto the
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Figure 2: The framework of UniTR, which includes modules for data preparation and augmentation, follows up with joint
representation learning and contrastive optimization.

road network by map matching algorithm (Yang and Gido-
falvi 2018). These matched trajectories are then organized
into batches (i.e., B), to facilitate efficient post-processing.

However, both road networks and trajectory data are sub-
ject to various inconsistencies and uncertainties in real-
world urban environments, such as missing attributes, in-
complete street view images, or temporal changes due to
roadworks. To build robust representations that can handle
these challenges, we implement a series of data augmenta-
tion strategies. These strategies are designed to introduce
controlled perturbations into the data, helping the model
learn to generalize and maintain performance in the face
of incomplete or noisy information. Specifically, we apply
Road Network Augmentation and Trajectory Augmentation
techniques, which aim to simulate potential variations and
uncertainties in road networks and trajectory data.

Road Network Augmentation To address the inherent
challenges in road network data, such as missing attributes
and dynamic topology changes, we implement two tailored
augmentation techniques:
• Multi-modal feature masking randomly masks either at-

tribute or visual features from road segment data. By set-
ting a selected modality to a zero vector, the model is
encouraged to learn more robust representations that do
not rely on complete information. Given attribute fea-
ture xattr

i and visual feature xvis
i of road segment vi, the

masked features can be expressed as:

mattr
i ⊙ xattr

i || mvis
i ⊙ xvis

i , (1)

where ⊙ denotes element-wise product, mattr
i and mvis

i
are two binary mask vectors.

• Mobility-based edge removing introduces structural per-
turbations into the road network by selectively removing
edges based on their mobility importance. Unlike random
edge modifications, this approach uses historical trajec-
tory data to determine which connections are less crucial

for the network functioning. For an edge ei,j from vi to
vj , the transition probability p(vj | vi) is calculated as:

p(vj | vi) =
#trans(vi → vj)

#visit(vi)
. (2)

The removing probability of ei,j is then defined as:

pr(ei,j) = δϵ(1− p(vj | vi)), (3)

where δϵ is a linear transformation mapping to [ϵ, 1− ϵ],
ensuring the removing probability never equals 1, even if
there is no transition between the segments.

Trajectory Augmentation Trajectory data is also prone to
various inconsistencies, such as varying sampling rates and
missing records, which can significantly affect the accuracy
of movement pattern modeling. To address these issues, we
employ two augmentation strategies:
• Road segment dropping involves randomly removing

road segments from a trajectory. This technique simu-
lates scenarios where trajectory data are corrupted or
missing, which encourages the model to learn consistent
movement patterns despite the incomplete data.

• Trajectory removing adds another layer of variability by
randomly excluding entire trajectories from the batch B.
This strategy prevents the model from becoming overly
reliant on specific trajectory sequences, promoting its
ability to generalize to unseen movement patterns.

Joint Representation Learning
Given the intricate and deeply intertwined nature of road
networks and trajectory data, effectively capturing the inter-
actions between these two types of data is pivotal for joint
representation learning. In this work, we design a Road Net-
work Encoder and a Trajectory Encoder that work together
through a hierarchical propagation mechanism, enabling the
modeling of many-to-many interactions between road net-
works and trajectories.
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Road Network Encoder This encoder is designed to cap-
ture the low-order structural representations Hlow

v of road
segments, focusing on road-to-road propagation. Specifi-
cally, it utilizes Chebyshev graph convolution (Defferrard,
Bresson, and Vandergheynst 2016) to encode the structural
information inherent in the road network:

Hlow
v =

K−1∑
k=0

Tk(L̂)XΘk, (4)

where L̂ = 2L
λmax

− I represents the normalized Laplacian
matrix derived from the adjacency matrix A, with λmax as
its largest eigenvalue. Tk is the Chebyshev polynomials.

Trajectory Encoder This encoder aims to: 1) learn tra-
jectory representations by aggregating consecutive road seg-
ment representations through road-to-trajectory propaga-
tion, and 2) supplement road segment representations by in-
corporating high-order relationships discovered in the tra-
jectories through trajectory-to-road propagation.

For a given trajectory τj , the encoder first processes the
low-order representations and positional encoding of the
road segments within the trajectory, and computes the tra-
jectory representation as:

hτj = σ

 ∑
vi∈τj

(hlow
vi

+PE(i))Θτj

|τj |
+ bτj

 , (5)

where Θτj and bτj are learnable parameters, σ is the activa-
tion function, and PE(i) is the positional encoding function.
Subsequently, the learned trajectory representations hτj are
feedback to the corresponding road segments through a con-
volutional layer in the opposite direction, resulting in high-
order representations for each road segment:

hhigh
vi

= σ

 ∑
τj :vi∈τj

hτjΘvi

degree(vi)
+ bvi

 . (6)

Finally, a comprehensive and rich representation Hv =
Hlow

v + Hhigh
v of road segments is formed, which used to-

gether with the batched trajectory data representations Hτ

for follow-up joint optimization.

Joint Contrastive Optimization
As shown in Figure 2, prior to applying contrastive learning,
we employ two projection heads, gv(·) and gτ (·) to map the
representations into a new latent space where the loss com-
putation occurs. Specifically, the representations (H1

v,H
2
v)

and (H1
τ ,H

2
τ ) are projected individually, yielding two sets

of projected representations: (Z1
v,Z

1
τ ) and (Z2

v,Z
2
τ ). How-

ever, jointly optimizing their representations is challenging
due to the difficulty in positive/negative sample mining and
the misalignment of their embedding spaces. Motivated by
previous study (Lee and Shin 2023), we design: 1) a proxim-
ity and mobility-aware sampling strategy to accurately iden-
tify valid contrast pairs; and 2) a triple-level contrastive loss
that optimizes representations both within individual scales
and across the road network and trajectory scales, ensuring
more cohesive and meaningful representations.

Proximity and Mobility-Aware Sampling Identifying
valid positive and negative samples for road networks and
trajectories is a non-trivial task due to the inherent complex
spatial and temporal dependencies. To this end, we introduce
a strategy that leverages geographic proximity and mobility
semantics to ensure that the selected samples are both spa-
tially and semantically relevant.

(1) Sample Selection for Road Network. For each road
segment vi in the road network graph G1, we identify posi-
tive samples z1,+vi

from two sources: neighboring road seg-
ments within a specific geographic proximity and the corre-
sponding road segment in the alternate view. Formally:

z1,+vi
= {z1vj

| vj ∈ N 1
q (vi)} ∪ {z2vi

}, (7)
where N 1

q (vi) denotes the q-hop neighbors of vi in G1. Ac-
cordingly, negative samples z1,−vi

are selected with two crite-
ria: 1) they lie outside the q-hop neighborhood of the target
node, and 2) they do not co-occur with the target node in the
current trajectory batch:

z1,−vi
={z1vj

| vj /∈ N 1
q (vi) ∧ vj /∈ B1(vi)}∪

{z2vj
| vj /∈ N 2

q (vi) ∧ vj /∈ B2(vi)}.
(8)

(2) Sample Selection for Trajectories. Similarly, for each
trajectory τi ∈ B1, we select positive samples z1,+τi based on
the similarity of their movement paths to τi. This involves
identifying trajectories with high path similarity within the
same view and the corresponding trajectory in the other view
B2. Negative samples z1,−τi are selected from trajectories that
are disjoint, ensuring they offer a clear contrast to the posi-
tive examples. The above process can be described as:

z1,+τi = {z1τj | Jac(τi, τj) ≥ θ} ∪ {z2τi},

z1,−τi = {z1τj | Jac(τi, τj) = 0 ∧ τj ∈ B1}∪

{z2τj | Jac(τi, τj) = 0 ∧ τj ∈ B2},
(9)

where Jac(·) denotes the measure of Jaccard similarity coef-
ficient, θ is a predefined threshold.

Triple Level Contrastive Loss To align representations
cross scales, we design the contrastive loss at segment, tra-
jectory, and cross level. Each level is designed to optimize
the representations by focusing on specific aspects of the
spatial-temporal data, ensuring that the learned embeddings
are both cohesive and discriminative across different scales.
For clarity, we first present the similarity measure:

s(za, zb) = ecos(za,zb)/x, (10)
where cos(·) represents the cosine similarity between two
embeddings, x is the temperature parameter.

(1) Segment Level Contrast. At this level, the goal is to en-
hance the ability to distinguish between different road seg-
ments based on their contextual relationships. For each road
segment vi in view G1, the contrastive loss is designed to
maximize the similarity between the anchor embedding z1vi

and its corresponding positive samples z1,+vi
, while minimiz-

ing the similarity with the negative samples z1,−vi
, that is:

lv(z
1
v,i) = − log

∑
z∈z1,+

v,i
s(z1v,i, z)∑

z∈z1,+
v,i

s(z1v,i, z) +
∑

z∈z1,−
v,i

s(z1v,i, z)
.

(11)
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The segment level loss is then averaged across all segments
in both road network views:

Lv =
1

2|V |

|V |∑
i=1

lv(z
1
v,i) + lv(z

2
v,i) (12)

(2) Trajectory Level Contrast. The trajectory level con-
trast focuses on refining the understanding of movement
patterns by optimizing the relationship between trajectories.
For each trajectory τi in view B1, the contrastive loss is de-
signed to enhance the agreements between the anchor em-
bedding z1τi and its corresponding positive samples in z1,+τi ,
while pushing away negative samples in z1,−τi :

lv(z
1
τ,i) = − log

∑
z∈z1,+

τ,i
s(z1τ,i, z)∑

z∈z1,+
τ,i

s(z1τ,i, z) +
∑

z∈z1,−
τ,i

s(z1τ,i, z)
.

(13)
The trajectory level contrastive loss is obtained by averaging
across all trajectories in both trajectory batch views:

Lτ =
1

2|B|

|B|∑
j=1

lτ (z
1
τ,i) + lτ (z

2
τ,i) (14)

(3) Cross Level Contrast. This type of contrast aims to
narrow the gap between road segments and the trajectories
that traverse them. The loss maximizes similarity between
road segments in G1 and trajectories in B2 when they are
related, and minimizes it otherwise, and vice versa for tra-
jectories in B2 and road segments in G1. Formally:

lc(z
1
v,i, z

2
τ,j) =− log

D(z1v,i, z
2
τ,j)

D(z1v,i, z
2
τ,j) +

∑
k:i/∈k D(z1v,i, z

2
τ,k)

− log
D(z2τ,j , z

1
v,i)

D(z2τ,j , z
1
v,i)) +

∑
k:k/∈j D(z2τ,j , z

1
v,k)

,

(15)

where D is a discriminator implemented by a combination
of a bilinear layer and a sigmoid activation, which quantifies
the similarity probability of road segment-trajectory pairs.
The overall cross level contrastive loss is computed by sum-
ming the losses from both views, and averaging across all
road segment-trajectory pairs that co-occur:

Lc =
1

2|N |

|V|∑
i=1

|B|∑
j=1

Ivi∈τj (lc(z
1
v,i, z

2
τ,j) + lc(z

2
v,i, z

1
τ,j)),

(16)
where N =

∑|V|
i=1

∑|B|
j=1 Ivi∈τj represents the total number

of road segment-trajectory pairs that co-occur.
As a result, the final objective function combines the seg-

ment, trajectory, and cross level contrastive losses to ensure
comprehensive representation learning:

L = λvLv + λτLτ + λcLc, (17)

where λv , λτ and λc are weighting factors that balance the
contributions of each loss.

Experiments
Datasets We conduct the experiment on two real-world
datasets from two distinct sources: a public dataset for Porto,
acquired from a Kaggle competition (Kaggle 2015), and a
private one for Chengdu, provided by Didi Chuxing. Each
dataset comprises road network data, GPS trajectories, and
street view images. The road networks for both cities are
sourced from OpenStreetMap (OpenStreetMap Contributors
2024), and street-view panoramic images are obtained via
the APIs of Google Maps and Baidu Maps. The statistics of
these datasets are summarized in Table 1.

Datasets Porto Chengdu

# road segments 10,780 6,786
# road connections 24,980 17,542

# trajectories 1,710,670 5,819,383
# street view images 10,780 6,786

Table 1: Statistics of the datasets.

Downstream Tasks and Metrics To assess the effective-
ness of our representation learning model, we employ four
downstream tasks: two related to road segments and two fo-
cused on trajectories (Ma et al. 2024; Mao et al. 2022).

• Road Type Classification. Classifies each road segment
by type, using a fully connected layer with a Softmax
layer. Performance is measured by Micro-F1 (Mi-F1) and
Macro-F1 (Ma-F1) scores.

• Traffic Speed Inference. Estimates average traffic speed
per road segment with a linear regression model, eval-
uated by Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE).

• Travel Time Estimation. Predicts travel time for a trajec-
tory using a 3-layer Multi-Layer Perceptron, with MAE
and RMSE as metrics.

• Trajectory Similarity Search. Retrieves top-k similar tra-
jectories for a query trajectory, using HR@10 and Mean
Rank (MR) for evaluation.

Baselines We compare our model with 6 baselines, includ-
ing two random walk-based methods: Node2Vec (Grover
and Leskovec 2016) and SRN2Vec (Wang et al. 2020), two
GNN-based methods: RFN (Jepsen, Jensen, and Nielsen
2020) and HRNR (Wu et al. 2020), a graph contrastive
learning-based method: SARN (Chang et al. 2023), and a
joint representation learning method: JCLRNT (Mao et al.
2022). The first five baselines focus on learning road net-
work representations, while the last one jointly learns repre-
sentations for both road networks and trajectories.

Performance on Downstream Tasks
This section presents a comparison of our model, UniTR,
against baseline methods across four downstream tasks. The
overall results are given in Table 2, we can find that:
• In the road segment-based tasks, UniTR significantly

outperforms all baselines. Specifically, UniTR achieves
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Task Road Type Classification Traffic Speed Inference Travel Time Estimation Similar Trajectory Search

Dataset Porto Chengdu Porto Chengdu Porto Chengdu Porto Chengdu

Metric Mi-F1/Ma-F1 Mi-F1/Ma-F1 MAE/RMSE MAE/RMSE MAE/RMSE MAE/RMSE MR/HR@10 MR/HR@10

Node2Vec 0.430/0.377 0.467/0.455 3.69/4.89 7.30/8.28 202.4/293.1 137.2/203.2 25.265/0.712 43.062/0.659
SRN2Vec 0.511/0.286 0.442/0.391 2.45/3.23 3.42/4.57 202.0/294.3 226.5/312.2 11.822/0.914 14.410/0.861
RFN 0.501/0.228 0.431/0.327 3.25/4.55 6.79/7.78 163.0/256.7 162.7/235.4 31.654/0.724 54.181/0.639
HRNR 0.409/0.296 0.410/0.370 3.56/4.80 7.24/8.22 205.8/295.7 144.8/212.5 24.743/0.716 46.780/0.653
SARN 0.510/0.305 0.507/0.404 3.50/4.76 7.12/8.11 167.5/263.7 162.1/234.0 28.356/0.703 52.356/0.638
JCLRNT 0.593/0.402 0.634/0.620 2.39/3.29 3.76/4.83 159.3/251.3 120.6/180.8 5.003/0.939 7.457/0.912
UniTR 0.638/0.564 0.668/0.664 2.10/2.91 3.20/4.26 144.6/209.9 110.5/162.7 1.740/0.984 3.002/0.958

Table 2: Performance comparison on downstream tasks.

Task Road Type Classification Traffic Speed Inference Travel Time Estimation Similar Trajectory Search
Metric Mi-F1 Ma-F1 MAE RMSE MAE RMSE MR HR@10

UniTR 0.638 0.564 2.101 2.909 144.6 209.9 1.740 0.984
w/o vis 0.613 ↓ 0.497 ↓ 1.978 ↑ 3.026 ↓ 142.7 ↑ 211.9 ↑ 2.049 ↓ 0.946 ↓
w/o t2r 0.600 ↓ 0.472 ↓ 2.144 ↓ 2.973 ↓ 145.9 ↑ 224.1 ↓ 1.964 ↓ 0.976 ↓
w/o Lτ 0.613 ↓ 0.505 ↓ 2.221 ↓ 3.108 ↓ 146.6 ↑ 214.1 ↓ 1.742 ↓ 0.983 ↓
w/o Lc 0.633 ↓ 0.532 ↓ 2.177 ↓ 3.046 ↓ 142.4 ↑ 209.3 ↑ 1.756 ↓ 0.983 ↓

Table 3: Ablation study on four downstream tasks in Porto dataset. ↓ denotes a decrease in performance, and ↑ an improvement.

the highest Mi-F1 and Ma-F1 scores in road type clas-
sification and the lowest MAE and RMSE in traffic
speed inference, underscoring the robustness of its joint
learning framework. SRN2Vec enhance the Node2Vec
model with real trajectory data but remains inferior
to UniTR. GNN-based methods like RFN, HRNR and
SARN, perform reasonably well but are still limited by
under-utilizing trajectory information. The superior per-
formance of UniTR highlights the advantages of joint
representation learning that fully exploits both road net-
work structure and mobility patterns.

• For the trajectory-based tasks, the first five base-
lines, which are not designed to specifically learn trajec-
tory representations, underperform as expected. In con-
trast, joint learning models like JCLRNT and UniTR,
which both employ joint representation learning, signif-
icantly surpass the others. Notably, UniTR outperforms
JCLRNT in all trajectory-based metrics, highlighting its
superior ability to model the complex interactions be-
tween roads and trajectories. This advantage is largely
attributed to the hierarchical propagation mechanism and
cross-scale comparative learning of UniTR, which en-
ables it to capture more fine-grained relationships be-
tween road network and trajectories.

To summarize, the strong performance across all tasks and
datasets underscores the effectiveness of UniTR. By simul-
taneously capturing the structure of road networks and the
mobility patterns of trajectories, UniTR generates robust and
generic representations that excel in diverse applications.
In addition, most of the metrics are better on the Chengdu
dataset with smaller road network scale and high trajectory
sampling rate. It means that smaller road network with finer-

grained trajectory data appear to enhance the performance
by providing detailed spatial-temporal information.

Ablation Study
To assess the contribution of various components in UniTR,
we conducted ablation experiments on four variants of the
model: 1) w/o vis: removing visual information from the
road segment features; 2) w/o t2r: excluding the trajectory-
to-road propagation in the trajectory encoder; 3) w/o Lτ :
omitting the trajectory level contrastive loss; and 4) w/o Lc:
removing the cross level contrastive loss.

The results of ablation experiments on the Porto dataset
are presented in Table 3. We can find that each component
of UniTR plays a critical role in its overall performance.
The removal of visual features (w/o vis) leads to a notice-
able performance decline in road type classification, sug-
gesting that street view images are particularly valuable for
this task. Excluding the trajectory-to-road propagation (w/o
t2r) results in significant performance drops in traffic speed
inference and trajectory similarity search, underscoring the
importance of dynamic interaction modeling between tra-
jectories and road segments. The information of road net-
work and trajectory data is indeed complementary, enhanc-
ing representation quality and task performance. Moreover,
The omission of the trajectory level contrastive loss (w/o Lτ )
primarily affects trajectory-based tasks, indicating its crucial
role in accurately capturing movement patterns. Similarly,
removing the cross level contrastive loss (w/o Lc) causes
moderate performance declines across all tasks, demonstrat-
ing its contribution to aligning road segment and trajectory
representations. Notably, none of the ablated variants out-
performs the UniTR model across all tasks, highlighting the
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Figure 3: Effects of road segment dropping ratio and trajec-
tory batch size (|B|).

necessity of integrating all components to achieve balanced
and robust performance.

Parameter Analysis
We analyze the impact of two crucial parameters of UniTR:
the dropping ratio of road segments and the size of trajectory
batch. The evaluation is conducted on the Chengdu dataset,
with performance measured by Mi-F1 for road type clas-
sification and MAE for travel time estimation. The results
are illustrated in Figure 3. For the dropping ratio, we ob-
serve a moderate dropping ratio around 0.4, which yields
the best performance for both road type classification and
travel time estimation. This finding suggests that strategi-
cally dropping a portion of road segments encourages the
model to learn more robust and effective representations. As
the ratio exceeds this optimal point, a noticeable decline in
performance occurs. This decline likely results from the ex-
cessive loss of critical information, which impairs the abil-
ity of UniTR to make accurate predictions. Regarding the
trajectory batch size, the result reveals that a mid-sized tra-
jectory batch (around 2000 trajectories) strikes a well bal-
ance between learning efficiency and model performance.
Smaller size may lack sufficient diversity in trajectory pat-
terns, leading to underfitting. Conversely, larger batch size
might introduce excessive noise or complexity, causing the
model to struggle with efficient learning. Thus, the trajec-
tory batch size is a key factor in determining the capacity to
effectively capture the different movement patterns.

Computational Complexity Analysis
The proposed UniTR incurs computational costs in the
following aspects: 1) O (|V|F + |E|) for road network
augmentation, O (|B|+ |B| · |τ |) for trajectory augmenta-
tion; 2) O

(
(|E|+ |V|)Fd2

)
for road network encoder,

O
(
(|B|+ |V|)Fd2

)
for trajectory encoder; 3) O

(
|V|2d2

)
for road level contrast, O

(
|B|2d2

)
for trajectory level con-

trast and O
(
|V| · |E|d2

)
for cross level contrast. Herein, F

and d denotes the dimension of hidden state and embedding
vector, respectively. Overall, the model complexity is mainly
influenced by road network scale and trajectory batch size.

Case Study
Embedding Visualization We visualize the embeddings
learned by our model, and observe them in the context of
road type classification on Chengdu dataset. As depicted in

(a) Road map of Chengdu.

primary 
secondary

tertiary 
residential

(b) 3D visualization of embeddings.

Figure 4: Road types and embedding visualization

Figure 4, the embeddings show clear clustering according to
road types, with primary and secondary roads distinctly sep-
arated from residential and tertiary roads. This demonstrates
that UniTR is able to learn meaningful representations from
multi-modal data for differentiating road types.

(a) Query trajectory. (b) 1st retrieved one. (c) 3rd retrieved one.

Figure 5: Illustration of trajectory search.

Similar Trajectory Search Figure 5 shows the query tra-
jectory and the top three retrieved trajectories. The retrieved
trajectories closely align with the query, demonstrating that
the embeddings effectively capture the underlying mobility
patterns and spatial structures, resulting in accurate similar-
ity retrieval. This confirms our model’s capability to learn
robust trajectory representations that generalize well to sim-
ilar trajectory identification tasks.

Conclusion

In this paper, we propose a unified framework entitled
UniTR for joint representation learning for road network and
trajectory data. Specifically, we design a Road Network En-
coder and a Trajectory Encoder that work together through
a hierarchical propagation mechanism, modeling many-to-
many interactions. In addition, we propose a proximity and
mobility-aware sampling strategy to identify valid contrast
pairs and design a triple-level contrastive loss for represen-
tation optimization. Experimental results show that the rep-
resentation learned by UniTR outperforms existing methods
in terms of downstream task performance. In future work,
we plan to conduct further exploration from the perspectives
of downstream task extension and cross-city generalization.
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