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Abstract

Trajectory representation learning (TRL) seeks
to convert trajectory data into low-dimensional
embeddings for various downstream tasks. Exist-
ing methods are limited to a single perspective:
GPS-based approaches capture dynamic details
but lack semantic context, while route-based meth-
ods preserve structure but lose fine-grained mo-
tion patterns. To address these limitations, we pro-
pose a trajectory representation model with multi-
perspective fusion, MPH, where M denotes the Mo-
tion modality (GPS), P denotes the planned path
modality (Route), andH signifies the Hierarchi-
cal encoding and fusion strategy. MPH first map-
matches raw GPS trajectories to route sequences
and designs dedicated encoders to extract dynamic
behavioral patterns and static semantic features
respectively. Based on this, MPH leverages a cross-
attention mechanism for modality interaction and
fusion, producing fused route representations that
are hierarchically aggregated into trajectory-level
embeddings. Furthermore, we introduce two self-
supervised tasks to train the model. Contrastive
learning is employed to align road segment repre-
sentations across the two perspectives, while the
dual-mask prediction task strengthens contextual
modeling by jointly reconstructing masked road
segment identities and their corresponding tempo-
ral information. Experiments on two real-world
datasets show that MPH outperforms all baselines
across different tasks.

1 INTRODUCTION

The proliferation of GPS technology and mobile Internet
has given rise to massive trajectory datasets, which serve as
a valuable foundation for intelligent transportation systems

Lan et al.|[2023]], Wang et al.|[2021]], urban planning He et al.
[2020]], and related applications Wang et al.| [2024]], while
also revealing rich movement patterns and behavioral sig-
nals|Deng et al.|[2025]]. However, trajectories are inherently
high-dimensional, long, and noisy sequences. Transforming
raw GPS point streams into low-dimensional, dense, and
semantically rich vector embeddings thus remains a critical
bottleneck for unlocking their value in downstream tasks.

The core challenge in trajectory representation learn-
ing(TRL) lies in effectively embedding complex trajectory
data into a low-dimensional vector space. In recent years,
significant progress has been made in this field. Early work
treat trajectories as simple sequences and used RNNs or
LSTM variants to model temporal dependencies|Yao et al.
[2017]], [Fu and Lee| [2020], Mikolov et al.| [2013]], but re-
dundancy and noise in GPS data limited their effectiveness.
To address this, map matching is introduced to convert raw
GPS points into ordered road-segment sequences that better
reflect real routes [Lou et al.| [2009], [Yang and Gidofalvi
[2018]]. Building on road-segment representations, Graph
Neural Networks(GNNs) model the road network as a graph
to capture topological constraints and spatial relationships
among segments Kipf and Welling| [2017]. At the same time,
inspired by the natural language processing (NLP) pretrain-
ing Devlin et al.| [2019], [Yan et al.|[2021]], trajectory pre-
training models based on masked language models (MLMs)
have emerged |Vaswani et al.|[2017]], Devlin et al.| [2019],
using self-supervised tasks like masked prediction to learn
general trajectory patterns from unlabeled data, reducing
reliance on labeled data.

Despite the significant progress made by the aforementioned
methods, trajectory representation still faces two major chal-
lenges:

* First, most models rely on a single data perspective, fo-
cusing either on the static topology of the road network
or the dynamic GPS point sequence of trajectories,
failing to integrate of dynamic behaviors and static se-
mantics. Taking the trajectory shown in Figure[T]as an
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example, its motion can be decomposed into several
stages: from pl to p2 is the starting phase, p2 to p3
involves a turn, p3 to p4 is steady straight movement,
p4 to p5 involves another turn, and p5 to p6 includes
acceleration. These micro-motion features can be di-
rectly extracted from the raw GPS sequence. while its
origin in a residential area and destination in a business
district reveal the commuting intent. Both are essential
for tasks like destination inference.

¢ Second, multi-source information fusion remains sim-
plistic and lack sophisticated interaction mechanisms
to adaptively weigh different attributes across contexts,
which can even cause feature conflicts. For instance,
when a vehicle moves slowly on a highway, naive fu-
sion may reconcile the static high-speed road attribute
with the actual low-speed dynamic feature poorly,
weakening the model’s discriminative power and gen-
eralization. This demands context-aware weighting
mechanisms to resolve such conflicts.

To tackle these challenges, we propose MPH, an efficient
TRL framework for joint learning of GPS trajectories and
road-segment trajectories. Since GPS trajectories and route
trajectories are highly complementary in information con-
tent, we draw inspiration from the computer vision domain,
where different modalities such as RGB images and tex-
tual descriptions are integrated to achieve comprehensive
scene understanding |Li et al.|[2023]2021]], and apply a sim-
ilar approach to deeply fuse the two modalities. Specifically,
MPH designs dedicated encoders for GPS and road-segment
trajectories to extract features from both perspectives, and
employs a cross-modal interaction mechanism for synchro-
nized representation learning. To enhance MPH’s repre-
sentational capacity, contrastive loss is introduced to bring
representations of the same road segment across modalities
closer, while a mask prediction task encourages the model
to capture the contextual dependencies of trajectories. This
integrated approach effectively mines latent cross-modal
correlations, delivering superior performance across multi-
ple downstream tasks.

The main contributions of this work are as follows:

* Most existing trajectory representation methods rely
on a single modality and thus underutilize the rich
semantic and dynamic information embedded in tra-
jectories. To address this limitation, we propose MPH,
a unified framework that jointly encodes GPS trajec-
tories for motion dynamics and route trajectories for
travel semantics, enabling more comprehensive trajec-
tory representations.

* To achieve effective cross-modal fusion and comple-
mentarity, we introduce a hierarchical encoding strat-
egy. At the road-segment level, a cross-attention mech-
anism aligns each GPS sub-trajectory with its cor-
responding route segment, adaptively integrating dy-
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Figure 1: An example trajectory for demonstrating semantic
information and motion information.

namic motion features with static semantic information
while preserving fine-grained locality. The resulting
segment-level representations are then aggregated into
a holistic trajectory embedding.

Extensive experiments on two real-world datasets, in-
cluding thorough ablation studies and comparisons
with state-of-the-art baselines, demonstrate that MPH
achieves superior performance across multiple down-
stream tasks, validating its effectiveness and practical-

ity.

2 RELATED WORK

2.1 SEQUENCE-TO-SEQUENCE TRAJECTORY
REPRESENTATION METHODS

Early trajectory representative works are as follows:
Word2Vec Mikolov et al.| [2013] models trajectories as
raw GPS point sequences to produce vector embeddings,
while DeepWalk Perozzi et al.| [2014] and Node2Vec
Grover and Leskovec| [2016]] generate road-segment se-
quences via random walks for learning embeddings. Subse-
quently, sequence-to-sequence architectures gained promi-
nence. Traj2Vec Yao et al.|[2017]] uses LSTM for temporal
dependency capture via sequence reconstruction. T2Vec
Li et al.| [2018]] employs Skip-gram to reconstruct low-
sampling-rate trajectories for similarity computation. GM-
VSAE [Liu et al.| [2020]] adopts a Gaussian Mixture Varia-
tional Sequence Autoencoder for anomaly detection. Trembr
Fu and Lee|[[2020] introduces refined spatiotemporal model-
ing with an RNN encoder-decoder. Meanwhile, GNNs have
gained popularity for their ability to adapt to the road net-
work’s topological structure. GAE Kipf and Welling|[2016]
reconstructs the adjacency matrix in a graph autoencoder
for topology-aligned node embeddings. RFN Jepsen et al.
[2020] proposes relational fusion graph convolution to incor-
porate multi-relational information. HRNR Wu et al.| [2020]
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adopts hierarchical GNNs for multi-scale structural model-
ing, and PIM |Yang et al.|[2021]] together with its enhanced
version PIM-TF effectively aligning road network and tra-
jectory representations through mutual information maxi-
mization.

2.2 SELF-SUPERVISED TRAJECTORY
REPRESENTATION METHODS

However, sequence-to-sequence models suffer from infor-
mation loss when dealing with long sequences and are
heavily dependent on large-scale labeled data for super-
vised training. Subsequent research has shifted towards self-
supervised representation learning, aiming to learn general
representations from the inherent structure of the data. Mod-
els trained on pretext tasks without manual labeling can
capture deep patterns from the data. CTLE |Lin et al.|[2021]]
uses a bidirectional Transformer encoder with mask position
and mask time prediction as two core self-supervised tasks
to learn trajectory location embedding features. CSTRM |Liu
et al.| [2022] models GPS trajectories using a lightweight
BERT model, combining mask prediction and contrastive
learning for training. START Jiang et al.| [2023]] also em-
ploys a BERT model, incorporating data augmentation tech-
niques and mask strategies for model training, and inte-
grates travel semantics together with temporal patterns to en-
hance trajectory representation capabilities. JCLRNT Mao
et al.|[2022]] utilizes the Transformer model and is trained
through three-level contrastive learning of road-road, track-
trajectory, and road-trajectory. TrajCL (Chang et al.[[2023]]
uses a dual-feature sub-attention backbone encoder to cap-
ture the spatial and structural patterns of trajectories, op-
timizing the representations through trajectory contrastive
learning. LighPath Yang et al.|[2023]] uses a sparse Trans-
former encoder, training with a path reconstruction task and
cross-view, cross-network contrastive learning tasks. JGRM
Ma et al.|[2024] uses dual encoders to embed both route and
GPS trajectories, integrates information through modality
interactors, and designs mask prediction and cross-modal
contrastive tasks for training the model.

Despite the significant progress achieved by the aforemen-
tioned methods, existing models still fail to adequately cap-
ture the complex motion patterns within road segments and
overlook the rich semantic information inherent in trajecto-
ries.

3 PRLIMINARIES

Definition 1. (GPS Trajectory) GPS Trajectory Ty, =
{p1,p2,...,pr} is an ordered sequence collected by the
GPS positioning system in the continuous time dimension,
composed of a series of spatiotemporal points. Each spa-
tiotemporal point p; =< lat;,Ing;, t; > consists of latitude,
longitude, and timestamp.

Definition 2. (Road Network Graph) A road network is
Sformally represented as a directed graph G = (V, A).
Each element v; € V corresponds to a physical road seg-
ment. This choice aligns with trajectory data character-
istics—trajectories are inherently sequences of road seg-
ments mapped from GPS points, enabling direct align-
ment between trajectory structure and graph vertices. A €
{0, 13VIXIVlis @ binary matrix where Ali][j] = 1 only if
road segments v; and v; share a common intersection in the
real road network; otherwise, Ali][j] = 0.

Definition 3. (Route Trajectory) Route Trajectory Tyoute =
{r1,7r2,...,7+ } is an ordered sequence represented by road
segments, obtained from the GPS trajectory T, through
map matching techniques. Each point r; =< s;,t; > con-
sists of a road segment ID and a timestamp.

Problem Statement 1. The core task of trajectory represen-
tation is to learn a mapping function fo(Tgps, Troute, ) —
h € RY, given the GPS sequence of the trajectory Typs:
its associated road segment sequence T)oyte, and the cor-
responding city’s road network structure G. This function
maps the trajectory to a d-dimensional unified vector embed-
ding, which captures the intrinsic features of the trajectory
and can be directly applied to various downstream tasks.

4 METHODOLOGY

The overall framework of the model is shown in Figure
[l and it mainly consists of three components: the GPS
encoder, the Route encoder, and the modality fusion module.
We employ two self-supervised tasks to train MPH, namely
the contrastive loss and the mask loss.

4.1 GPS ENCODER

To capture fine-grained dynamic behavior features within
road segments, we design a dynamic road segment encoder
based on bidirectional gated recurrent units (Bi-GRU) to
extract motion pattern features with temporal dependencies
from the raw GPS point sequences.

First, we construct trajectory sequences containing multi-
dimensional kinematic feature vectors. Each GPS point’s
feature vector includes longitude, latitude, traveled distance,
acceleration, instantaneous speed, jerk, and motion direc-
tion angle, providing a complete description of the vehicle’s
motion state. Then, each trajectory is divided into several
sub-trajectories according to the road segments it passes
through. The allocation matrix B, records the number of
GPS points in each sub-trajectory of trajectory 7. A tra-
jectory 7 is divided into K sub-trajectories according to
road segments, denoted as 7 = {s1, s9, ..., Sk}, Where
each sub-trajectory s; corresponds to the trajectory segment
on road segment 7; (r; € V). The j-th sub-trajectory s;
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Figure 2: Overall framework of MPH, of which the original GPS trajectory is processed by map matching to obtain the road
segment trajectory, these two types of trajectories are encoded by two encoders respectively, then undergo mode fusion, and
finally pass through a trajectory encoder to obtain the final trajectory representation.

contains bjT- GPS points, which form a subset of the orig-
inal GPS trajectory. The raw feature of sub-trajectory s;
is represented as X; € RS X7 where bJT- is the number of
GPS points on s;, and 7 denotes the dimension of per-point
features. We first apply a linear transformation layer for
nonlinear mapping and enhancement:

E;, = LayerNorm(ReLU(W eqt - 8i + breat)), (1)

where W ¢cq¢ and b ¢, are the linear layer parameters. The
enhanced sequence features are then input into the Bi-GRU
network to capture both forward progression and backward
contextual dependencies of motion patterns. Specifically, the
forward GRU processes the sequence in temporal order to
capture motion trends from start to end, while the backward
GRU processes the sequence in reverse to model context
from end to start:
ﬁi = GRUtorward (Ei§ 0‘%) € RHv

gri

(2)
h<—i = GRUbaCkward(Ei; em) S RHa

where H is the hidden dimension, BW represents the for-
ward GRU parameters, and Hm denotes the backward GRU
parameters. The final hidden states from both directions are
concatenated to integrate bidirectional temporal informa-
tion, forming the dynamic representation of the road seg-
ment h{"ad, which contains local motion details within the

segment: N -
h!°%? = [h, ® h,] € R?. 3)

This representation is then projected into the model’s uni-
fied feature dimension d and incorporates the segment’s
temporal position within the trajectory:

hﬁ’mj = LayerNorm(W,; - hi°*® +b,,.,.) € RY, (4)

where Wy, € R4*2H gpd byroj € R? are the projection
layer parameters.

Finally, the segment positional encoding pe; is added to
obtain the dynamic road segment representation:

h? = b’ 4 pe;, (5)

where hP contains both fine-grained motion patterns within
the segment and trajectory-level contextual information, pro-
viding a high-quality dynamic feature foundation for subse-
quent cross-modal fusion.

4.2 ROUTE ENCODER

Traditional road network encoding methods are usually lim-
ited to static features and topological structures, often ignor-
ing semantic contextual information. In fact, the distribution
of Points of Interest (POIs) around a road segment pro-
foundly reflects the socio-economic functions of the area
and significantly affects traffic flow and mobility patterns.
To address this, we propose a road network encoder that
integrates multiple sources of features, systematically com-
bining topology, static attributes, and semantic information.
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For each road segment r;, categorical features like road type,
lane type are mapped to dense vectors through embedding
layers, while numerical features like length and speed limit
are nonlinearly transformed via a multi-layer perceptron
(MLP), and ultimately fused into a unified static feature
embedding e5etic,

Based on the constructed road network graph G = (V, A),
we adopt a Graph Attention Network (GAT) to model spa-
tial dependencies between road segments. The multi-head
self-attention mechanism dynamically learns the importance
weights of neighboring nodes, achieving selective aggrega-
tion of topological context. For each road segment r;, using
e’atic a5 input, the GAT encoder outputs a topology-aware
enhanced representation h’*"°:

;" = GAT(ej"*""*, A). (6)

In terms of semantic enhancement, to efficiently capture
the functional semantics of road segments, we select 12
representative POI categories: dining services, shopping ser-
vices, lifestyle services, healthcare services, accommodation
services, scenic spots, business and residential areas, gov-
ernment institutions and social organizations, educational
and cultural services, transportation facilities, financial and
insurance services, companies and enterprises. This classifi-
cation system comprehensively covers the main destination
types of urban residents, effectively characterizing regional
functional features. For each road segment r;, we take its
geometric center as the origin and construct a buffer with a
preset radius o. The function of this buffer zone is to filter
out POIs strongly related to r; , aggregating all POIs within
this range:

POI,, = {p | p € AllPOIs,distance(p, center(s;)) < o. (7)

The POIs around the geometric center can better reflect
the core semantics of the section such as commercial areas,
residential areas, enhancing the discrimination of the rep-
resentation. The details about radius can refer to Appendix
[A3] By counting the occurrence frequency of each POI cat-
egory on the road, we construct a 12-dimensional multi-hot
vector v; and project it through a dedicated embedding layer
to encode the functional context of the segment, obtaining
the vector h?”":

Vi = [ZpEPOISL Ilpe€c),. .., zpepog! I(p € c12)

hf‘” = o(z * Embedding(v;) + b).

T
]’(8>

To effectively capture the temporal periodic patterns of tra-
jectories, we extract minute-level and week-level temporal
information for the timestamps of each road segment 7;
traversed by the trajectory Kazemi et al.| [2019], combining
them into a feature representing the hour within the week.
This is then mapped into a unified temporal representation

vector h!"™¢ to more accurately capture the joint periodic
patterns:

h?me = bweek; X 24 + thour; » ©)

where tyeer; and tpoyr-; represent the week encoding and
hour encoding for the i-th road segment, respectively.

To characterize relative spatiotemporal distances between
segments, we further introduce a positional encoding h?*
for each road segment.

Finally, we fuse the above features—topology-aware rep-
resentation, semantic vector, positional information, and
temporal context—to construct a comprehensive static road
segment representation:

hy = Linear(Concat(h/*°, h?*’ hf"™e hP**)). (10)

4.3 MODE INTERACTOR

To achieve deep fusion of dynamic motion patterns and
static road network semantics, we design a bimodal fusion
module based on cross-attention mechanism. This module
takes the dynamic motion representation h” from the GPS
encoder as the query vector (QQ) and the comprehensive
static representation hy’ from the Route encoder as the key
(K) and value (V) vectors, producing the fused road seg-
ment representation hZ.

We first linearly project the input features into a unified
attention space and then compute cross-attention as follows:

Q=hPWCP K=V =h'WE,
axryy, (D

hZ = CrossAttention(h?, h?) = Softmax( NS )V,

where W@ € R*1%dk and WK ¢ R9%Xdr gre learnable
matrices, and dj, is the dimension of the query set.

By using motion features as QQ and static features as K-V,
our design is grounded in human spatial cognition: moving
agents typically perceive and understand their environment
based on current motion states such as speed and direction
changes—drivers adjust attention to road slopes and curves
based on real-time speed. Our design simulates this “per-
ceive environment through behavior” cognition: using dy-
namic motion states as queries to retrieve the most relevant
semantic information from rich static environment features,
thereby understanding not only “what is happening” but
also*“in what environment this behavior occurs”.

In contrast, using static features as Q and motion features
as K-V implies a mechanical “environment determines
behavior” assumption, which contradicts the autonomous
decision-making nature of moving agents in real traffic and
limits the model’s ability to capture complex interactions
between behavior and environment. The experiment results
can refer to the Appendix [B.3]
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Through cross-attention, we generate a fused representation
hZ for each road segment that retains original motion de-
tails while selectively integrating the most relevant static
and semantic features. These token sequences are then in-
put into a multi-layer Transformer Vaswani et al.| [2017]]
encoder. Its self-attention mechanism learns the global con-
text dependencies of the trajectory, ultimately producing a
unified trajectory representation Hr € R¢ that integrates
local fine-grained dynamics and global trajectory patterns:

H, = TransEncoder(concat( [CLS],h?,..h%)), (12)

where [CLS] is the trajectory start token. Before being fed
into the Transformer, the road segment representations are
concatenated with the start token to form the complete tra-
jectory representation. The encoder output yields trajectory
embeddings with contextual awareness, and this hierarchi-
cal encoding framework—from point-level to segment-level
fusion, and then trajectory-level integration—ensures the
model effectively understands and represents complex mo-
bility behavior across multiple spatiotemporal scales.

4.4 SELF-SUPERVISED TASKS
4.4.1 Contrastive Loss

In the research of multimodal learning research in computer
vision and natural language processing, a core consensus is
that effective fusion often relies on good alignment Radford
et al.| [2021]]. Therefore, we introduce a contrastive learning
task aimed at aligning the dynamic and static views of the
same road segment. The basic assumption is that for any
road segment r; , its dynamic representation from the GPS
encoder h? and its static representation from the Route
encoder h? should correspond to the same semantic entity,
and thus should be close to each other in the embedding
space. We treat the dynamic-static representation pair of the
same road segment (h?” h?) as a positive sample pair, and
representation pairs of different road segments (h?, hjs )
(where ¢ # j) as negative sample pairs.

To avoid the influence of dimensional and scale inconsisten-
cies on similarity computation, we first map both types of
representations to a shared semantic space:

h? = Linear(h?),

K2

/ (13)
hY" = Linear(h?).
Based on this, we apply the InfoNCE loss function:
. hD/ hs/
Econt = _log eXp(Slm( T >/T) ’ (14)

S, exp(sim(hP’ h$")/7)

this loss encourages the model to pull positive sample pairs
closer in the embedding space while pushing negative sam-
ple pairs farther apart in the representation space.

4.4.2 Mask Loss

The design of the mask loss is inspired by the MLM in
NLP Devlin et al.|[2019]], which has been adapted for trajec-
tory data. Considering that trajectory data exhibit significant
spatial and behavioral continuity, a simple single-segment
mask is insufficiently challenging for the model and fails to
capture complex mobility patterns. Therefore, we adopt a
continuous masking strategy: the start position of the mask
in a trajectory is determined with probability p, and a consec-
utive sequence of road segments is masked with an average
length of /. The masked road segment IDs are replaced with
a special [MASK] token, and the model is required to recon-
struct the IDs and travel intervals of the masked segments
based on contextual information. The loss is computed as
follows:

Lonask = /:rmog;ik + K%fka 15)
1 exp(Js,)
,C:sgg - loges—""—, (16)
M ;:4 2ses xp(ds,)
ime 1 -
Lo = 7] > i —til. an
t;€Mr

The model’s final objective function is the weighted sum of
the two self-supervised tasks:

£total = )\1£cont + )\2£mask7 (]8)

where \; and )\, are balancing hypeparameters.

5 EXPERIMENTS

5.1 EXPERIMENT SETTINGS

We evaluate the model on two real-world datasets to address
the following questions:

* RQ1: How does MPH compare to other state-of-the-
art TRL methods in terms of performance on different
downstream tasks?

¢ RQ2: How does each module in MPH contribute to the
overall model performance?

* RQ3: How effective is the pre-training process of
MPH?

* RQ4: How well does MPH perform in terms of trans-
ferability?

5.2  PERFORMANCE COMPARISON(RQ1)

We systematically compare our model with six existing rep-
resentative methods which is depicted in Appendix [A.5|on
two real trajectory datasets, based on the overall perfor-
mance metrics across three downstream tasks. Note that we
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Table 1: Performance comparison on three downstream
tasks on Chengdu dataset. Bold denotes the best result, and
underline denotes the second-best result.

‘ Destination Prediction ‘ Travel Time Estimation ‘ Top k Similar Trajectory Search

Models
| MiFIt  MaFIt | MAE] RMSE| | HR@It HR@S5? HR@I0f
‘Word2Vec | 0.2260 0.0352 1.7322 27322 0.4814 0.5126 0.6074
Node2Vec | 0.3167 0.0724 1.6056 2.0591 0.4503 0.5032 0.6370
Traj2Vec | 0.0230 0.0100 2.0486 3.0303 04002  0.5217 0.6218
GVAE 0.3500 0.0900 2.0675 2.5747 04976 0.5301 0.6575
JCLRNT | 0.4062 0.1459 1.5339 2.5626 0.7600 0.8860 0.8980
START 0.7993 0.2671 1.2861 1.6995 0.8806 0.9390 0.9698
JGRM 0.7538 0.2209 1.3842 1.8463 0.6993  0.8889 0.9342
MPH 0.7996 0.2712 0.4386 0.6823 0.9096 0.9856 0.9928

Table 2: Performance comparison on three downstream tasks
on Xi’an dataset. Bold denotes the best result, and underline
denotes the second-best result.

‘ Destination Prediction ‘ Travel Time Estimation ‘ Top k Similar Trajectory Search

Models
| Mi-FIT  Ma-FI? | MAE| RMSE| | HR@I{ HR@5 HR@IOT
Word2Vec | 0.1180 0.0056 1.7098 2.7168 0.5776  0.7986  0.8756
Node2Vec | 0.5426 0.1769 1.5111 1.9393 0.5500 07780  0.8660
Traj2Vec | 0.0250 0.0208 | 2.0190 2.5129 0.0190 00712  0.1054
GVAE | 03238 02120 | 2.1343 2.6969 0.5960  0.6574  0.7358
JCLRNT | 0.3740 0.1264 1.6076 2.0710 0.7700  0.9300  0.9560
START | 0.8229 0.3008 1.3494 1.7772 0.8598  0.9096  0.9396
JGRM | 0.7748 0.3739 1.4567 1.9827 04911  0.7748  0.8596
MPH 0.8367 0.2881 09111 1.2772 0.865 09728  0.9804

introduce the exact same POI semantic information as MPH
to the most representative baseline models (JGRM, START)
to strip away the data advantage and purely evaluate the
contribution of the model architecture itself.

Our model achieves superior performance across all three
downstream tasks, demonstrating its effectiveness in cap-
turing comprehensive trajectory semantics. In destination
prediction, our model outperforms START and JGRM by
effectively integrating movement patterns with road seg-
ment semantic information, enabling accurate identification
of travel intentions and urban functional areas. For travel
time estimation, our model exhibits a distinct advantage,
particularly on the Chengdu dataset, by leveraging both
inter-segment temporal correlations and intra-segment fine-
grained dynamic features to precisely quantify time costs. In
top-k similar trajectory search, our model surpasses START,
which incorporates travel semantics but lacks understanding
of travel purposes, by integrating road-level functional se-
mantic information that captures deeper trajectory intentions.
In contrast, sequence-based methods (Word2Vec, Node2 Vec,
Traj2Vec) struggle with complex spatiotemporal dependen-
cies, while GVAE, though considering road network topol-
ogy, lacks optimization for trajectory-specific characteristics
and real-time dynamics.

5.3 ABLATION STUDY (RQ2)

In order to evaluate the effectiveness of each component
of the model, we conducted ablation experiments with the
following specific variants:

¢ w/o Cont Loss(CL): Removes the contrastive learning
in the self-supervised task.

* w/o Mask Loss(ML): Removes the mask prediction in
the self-supervised task.

¢ w/o GPS Encoder(GE): Removes the GPS encoder
branch.

w/o Route Encoder(RE): Removes the route encoder
branch.

e w/o Cross Attention(CA): Removes the cross-
attention module and directly concatenates different
view representations for fusion.

Table 3: MPH performance under different ablations on
Chengdu dataset. Bold denotes the best result, and underline
denotes the second-best result.

‘ Destination Prediction ‘ Travel Time Estimation ‘ Similar Trajectory Search

| Mi-FI1  MaFl1+ |MAE, RMSE| |HR@I{ HR@51 HR@IOT
MPH | 07996 02712 | 04386 0.6823 09096 09856  0.9928
wlo CL | 0.7961 02269 | 1.7320 2.1294 09290 09750  0.9926
wioML | 07376  0.1823 | 1.6157 2.1068 0.8098  0.8890  0.9514
wloGE | 07649 02042 | 1.5295 20711 09510  0.9892  0.9938
wloRE | 0.7121 0.1647 | 1.9045 2.3334 07978 09602  0.9784
wloCA | 07714 02118 | 0.3188 0.5550 0.8586  0.9530 09716

From Table 3] it can be seen that although some model vari-
ants perform better on specific tasks, the complete model
demonstrates the best overall performance across all down-
stream tasks. This indicates that the effective collaboration
between components is crucial for achieving balanced and
robust model performance. 1) The w/o CL variant leads to
a sharp decline in travel time estimation performance, as
the two representations are not adequately aligned, resulting
in the model’s failure to establish an accurate time map-
ping relationship. 2) The w/o ML variant shows a decline
in performance across all tasks, indicating that the mask
prediction task is essential for the model’s sequence under-
standing and generalization ability. 3) Notably, the w/o GE
variant performs best on the most similar trajectory search
task. This is attributed to the fact that this task prioritize the
overall semantic similarity of trajectories; thus, removing
GE allows the model to focus more on functional semantics,
ultimately yielding better performance. 4) The w/o RE vari-
ant performs the worst on both the travel time estimation
and most similar trajectory search tasks, highlighting the
core role of path information in trajectory sequence model-
ing. 5)The w/o CA variant performs best on the travel time
estimation task. Since this task is sensitive to GPS noise,
the full cross-attention mechanism tends to introduce such
noise and degrade performance; consequently, the modified
variant proves to be more effective. These results suggest
that while simplifying the model may work well in certain
specific scenarios, the complete model achieves the best
overall multi-task balance , confirming our design targets
generalization, not single-task overfitting.
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5.4 EFFECT OF PRE-TRAINING (RQ3)

We design comparative experiments to examine the effect
of pretraining on downstream performance for destination
prediction and travel time estimation. One group follows a
“pretraining—fine-tuning” paradigm and the other trains the
model from scratch. We progressively increase the training
data scale from 10% to 100%. The results shown in Fig-
ure [3]implies that performance steadily improves for both
approaches as data increases, while the pretrained model’s
curve rises more gently, indicating that pretraining enables
the model to learn general features and reduces its depen-
dence on data volume. Notably, fine-tuning a pretrained
model consistently outperforms direct training at the same
data scale, a benefit attributable to the rich trajectory pri-
ors learn during pretraining which enhance adaptability to
downstream tasks. Moreover, as training data grows, overall
performance continues to improve, demonstrating that our
masked-segment prediction and contrastive self-supervised
tasks effectively guide the model to capture generalizable
trajectory representations; even with limited data, the pre-
trained model maintains strong performance, highlighting
its practical value.

[ ™\ —= Pretrain —=— No-Pretrain

N

Mico FI

(a) Micro F1 in Destination Pre- (b) MAE in Travel Time Estima-
diction. tion.

Figure 3: The effect of pretrain on Chengdu dataset.

5.5 TRANSFERABILITY STUDY (RQ4)

We designed cross-dataset transfer experiments to evaluate
the model’s generalization ability and cross-city adaptabil-
ity. Specifically, we will train a complete model on City
A, and then directly or fine-tune it for transfer to City B,
evaluating its performance on downstream tasks in the tar-
get city. The experiments include two transfer methods: 1)
Direct Transfer: This approach directly applies the model
trained on the source city to the target city. 2) Fine-tuning
Transfer: In this approach, we select a subset of samples
from the target city’s training data and fine-tune the source
city model before applying it to the downstream tasks of
the target city. Considering the differences in road network
structures between cities, during the fine-tuning process, we
will unfreeze and reinitialize certain parameters, such as the
GAT embedding dimensions of road segments, while retain-
ing the weights of the other parts of the model to balance

adaptation to the city-specific structures and the reuse of
general knowledge.

Table 4: Experimental results for Chengdu— Xi’an transfer.

Chengdu—Xi’an ‘ bp TTE

| Mi-F11 Ma-F11 | MAE| RMSE]|
w/ Transfer 0.7673 0.2077 | 1.1018 1.5327
w/o Transfer 0.7635  0.2105 | 1.4938  1.8000

Table 5: Experimental results for Xi’an—Chengdu transfer.

Xi’an—Chengdu ‘ bp ‘ TTE

| Mi-F11 Ma-F11 | MAE| RMSE]
w/ Transfer 0.7095  0.1457 | 0.5927  0.8571
w/o Transfer 0.7345 0.1655 | 1.1018 1.5327

From the above Tables [ and [f] it can be seen that the direct
transfer approach demonstrates significant advantages in
both tasks, outperforming most baseline methods. Due to
the differences in road networks and mobility patterns be-
tween cities, the fine-tuned results show task-related variabil-
ity. Travel time estimation depends on movement patterns,
which exhibit good transferability across cities of differ-
ent scales. However, the destination prediction task heavily
relies on city-specific semantic contexts, and its transfer per-
formance is closely related to the similarity between cities.
Overall, MPH demonstrates robust cross-city transferability
and reduced reliance on city-dependent structures.

6 CONCLUSION

MPH consists of a hierarchical road segment-trajectory col-
laborative encoding strategy and a dual-branch heteroge-
neous feature encoding architecture. The former achieves
progressive modeling from local to global by aligning and
fusing road segment-level features and aggregating them at
the trajectory level. The latter employs modality-specific
encoders combined with a cross-attention mechanism to re-
alize deep adaptive fusion of heterogeneous features, signifi-
cantly enhancing the robustness and semantic discriminative
capability of trajectory representations. Our model relies on
high-density trajectory data and may degrade under sparse
sampling. Future work will explore data generation and aug-
mentation techniques to improve applicability in real-world
sparse scenarios.
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A  EXPERIMENTAL SETTINGS
A.1 DATASETS

The experiments are conducted on two real-world datasets including Chengdu and Xi’arﬂ Each of these includes GPS
trajectories, route trajectories. Both dataset contain 100000 trajectories collected in China, from 2018/01/01 to 2018/01/15.
The road network data are downloaded from OpenStreetMap (OSM)Haklay and Weber [2008]], Boeing| [2017], and the POI
data are collected via the Amap AP We split each dataset into training, validation, and test sets in a 6:2:2 ratio.

A.2 IMPLEMENTATION

We run MPH using PyTorch 2.5.1. We uniformly deploy all experimental environments on the Ubuntu 22.04 system equipped
with NVIDIA RTX GeForce 3090 GPU. The model settings are as follows: the GAT has 2 layers with attention heads
[8, 1]; the Transformer encoder has 8 attention heads and a hidden layer dimension of 256; dropout rate is set to 0.1; the
temperature parameter for contrastive loss § is 0.07; A;1=X2=0.5, and the mask ratio is 15%. During pretraining of the
Chengdu and Xi’an models, we use the AdamW |Loshchilov and Hutter [2019]] optimizer with a learning rate of 3e-3 and
train for 30 epochs.

A.3 POI AGGREGATION RADIUS CONFIGURATION

Table 6: POI aggregation radius for different road types

Road type radius (m) ‘ Road type radius (m)
motorway 200 motorway_link 200
trunk 150 trunk_link 150
primary 100 primary_link 100
secondary 80 secondary_link 80
tertiary 60 tertiary_link 60
residential 50 unclassified 40
living_street 30

To effectively capture the functional semantics surrounding each road segment, we assign differentiated buffer radii based on
road hierarchy and service scope. Roads at different levels serve distinct functions within the urban transportation network

"Datasetthttps://github.com/mamazi0131/JGRM
POI Datathttps://1lbs.amap.com/
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and exhibit varying influence ranges over surrounding Points of Interest (POI). In general, higher-grade roads with greater
traffic capacity (e.g., motorways, urban arterials) have larger service radii and can cover broader areas, thus warranting
larger buffer radii. In contrast, lower-grade roads (e.g., residential streets, living streets) primarily serve adjacent local areas,
where smaller buffer radii are more appropriate.

The detailed radius configuration is presented in Tabld6] This design references urban road classification standards and
relevant empirical studies, ensuring that POI aggregation adequately reflects the functional context of each road segment
while avoiding the introduction of excessive irrelevant information.

A4 BASELINES

To comprehensively evaluate the performance of MPH, we select four categories of representative TRL models for
comparison and analysis:

1. Joint Representation Models
* JCLRNT Mao et al.|[2022]: This model constructs separate encoders for road segments and trajectory data and
performs joint optimization using a triple contrastive loss.
* JGRM Ma et al. [2024]: It designs dual encoders to process GPS trajectories and route trajectories, using mask
reconstruction loss and cross-view matching loss to achieve representation learning.
2. Graph-Based Models
* START Jiang et al.[[2023]: This model uses a graph encoder to fuse the spatiotemporal features of trajectories
and combines contrastive learning and mask language modeling tasks for pretraining.
* GVAE Kipf and Welling|[2016]: Based on the graph variational autoencoder architecture, this model learns node
representations that align with road network topologies by reconstructing the adjacency matrix.
3. Trajectory Point-Based Sequence Models

* Traj2Vec|Yao et al.| [2017]: Using a seq2seq architecture, this model encodes GPS trajectory sequences with an
LSTM network to learn their dynamic features.

4. Route-Based Embedding Models

* Node2Vec|Grover and Leskovec|[2016]]: This model generates node sequences through random walks and learns
road segment embeddings based on graph structures.

* Word2Vec |Mikolov et al.|[2013]: Using the Skip-gram model, this approach learns distributed representations of
road segments based on their co-occurrence relationships.

A.5 DOWNSTREAM TASKS

We designed the following three downstream tasks to evaluate the performance of the trajectory representation model:

* Destination Prediction: This task aims to predict the road segment ID of the destination based on the trajectory
sequence, which is a classification task. We use a linear layer for prediction and employ micro-averaged (Mi-F1) and
macro-averaged (Ma-F1) F1 scores as evaluation metrics, which measure the overall classification accuracy and the
model’s ability to identify sparse classes, respectively.

* Travel Time Estimation: In this task, the model is required to predict the total travel time from the start to the end
of the trajectory, which is treated as a regression problem. We use a fully connected layer as the regression head and
employ Mean Absolute Error (MAE) and Root Mean Squared Error (RMSE) as evaluation metrics, assessing the
accuracy and stability of the time predictions.

* Top k Similar Trajectory Search: This task evaluates the performance of trajectory representations in similarity-based
retrieval. To rigorously test the discriminative power of the learned embeddings, we construct the candidate set with two
types of samples: 1) original trajectories; 2) generated detour trajectories (spatially altered but semantically consistent
with the original). We then retrieve the Top-k most similar samples and evaluate using Hit Rate (HR@1, HR@5,
HR@10).

The detour trajectory generation follows a spatially-temporally feasible strategy:
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1. Select a random continuous sub-trajectory from the original trajectory (accounting for r% of the original length);

2. Based on the directed road network graph, use the depth-first search (DFS) algorithm to find an alternative path between
the start and end points of the selected sub-trajectory;

3. Assign timestamps to road segments in the detour path using historical average travel time or observed data, ensuring
the detour sample meets both spatial feasibility (compliant with road network constraints) and temporal consistency
(matching real travel dynamics).

B ADDITIONAL EXPERIMENTS

B.1 HYPERPARAMETER ANALYSIS

To investigate the impact of key model parameters on performance, this study systematically evaluates parameters such as
the number of encoder layers, embedding dimensions, batch size, using the Chengdu dataset. Besides, mask length and
mask probability, as key settings for the mask prediction task, have a significant impact on model training. We also test
different combinations of mask probability and mask length. The experiments are evaluated using the Mi-F1 and Ma-F1
scores for the classification task, and the MAE and RMSE for the regression task. Retrieval metrics, which are part of the
downstream extension validation, are not introduced at this stage. Experimental results are shown in Figure

The number of encoder layers MPH achieves optimal regression performance at 4 layers, while classification metrics
remain stable across settings in figure [da] This is because the destination prediction task primarily relies on semantic
information, while the travel time prediction task requires sufficient expressive capacity to capture long-term dependencies
in the sequence. Once the number of encoder layers exceeds the optimal value, the performance of the regression task
continuously declines on account of excessive model complexity.

Embedding dimension The results in Figure 4b|indicate that a moderate embedding dimension (128) achieves the
best trade-off between the two tasks. This is due to that smaller dimensions limit expressive power and semantic cap-
ture, hurting classification; larger dimensions introduce excessive parameters and task-irrelevant noise, causing severe
overfitting—particularly detrimental to regression performance.

Batch size From the figure it can be seen that a batch size of 64 yields the best overall performance for both the
classification and regression tasks. Smaller batches lead to underfitting and elevated regression errors due to insufficient
gradient stability, whereas larger batches inject excessive noise, impairing classification accuracy. Therefore, moderate batch
sizes thus best support stable convergence across both tasks.

Mask settings As shown in Figure the darker the grid color, the smaller the MAPE error value. We can observe
that when the mask probability is 0.15 and the mask length is 3, the performance on the regression task is optimal. This
is because a lower mask probability reduces information loss, while a longer mask length better aligns with the model’s
requirements for the regression task.

—8—Mi-Fl —A—Ma-FI - % MAE-4- RMSE —8— Mi-FI —A—Ma-Fl - % MAE-4- RMSE —8— Mi-Fl ——Ma-Fl — % MAE-4 RMSE Travel Time Estimation

/ os A os| 0
~ K < A —o 13418 12872 12081
A// ”’ % 06 ’/ //. : H L \\ - ”\/

13243 1.2652

0.4860

Mask Length
2

0.2
The Value of L Batch Size Mask Prob

(a) The effect of the number of (b) The effect of embedding size (c) The effect of batch size on (d) The effect of mask settings on
encoder layers on MPH. on MPH. MPH. regression task.

Figure 4: Hyperparameter analysis on Chengdu dataset.
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Figure 5: Comparison of the top-3 similar trajectories by MPH and START on Chengdu Dataset.

B.2 CASE STUDY

To visually evaluate MPH in the most similar trajectory search task, we compare a representative trajectory with the
best-performing baseline, START, as shown in Figure[5] Both models retrieve trajectories largely similar to the query, the
difference between the retrieved results and the query trajectory gradually increasing as the ranking moves lower. In the
Top-1 result, the trajectory returned by MPH has the highest degree of spatial consistency with the query trajectory, while
START shows some deviation. In Top-2 and Top-3, MPH’s retrieved trajectories better match the path shape and spatial
direction, while START exhibits noticeable deviations. This demonstrates that MPH captures global semantic and spatial
features more effectively, yielding stronger discriminative ability in similarity retrieval.

B.3 COMPARISON OF DIFFERENT FUSION METHODS

To verify the rationality of the cross-attention fusion mechanism (treating motion features as Q and static route features
as K-V), we supplement ablation experiments comparing three alternative fusion strategies: 1) Concatenation fusion(CF):
directly concatenating GPS and route feature vectors; 2) Inverted cross-attention fusion(ICF), using static route features as
Q and dynamic GPS motion features as K-V. Experimental results in Table[7] demonstrate our method’s clear superiority
in two downstream tasks. This empirically validates that treating dynamic GPS as queries to retrieve relevant static route
context is the most effective strategy, aligning with our design principle inspired by human spatial cognition.

B.4 MODEL EFFICIENCY STUDY

The comparison of model parameters is shown in Table[8] MPH remains lightweight structure under a multi-module design
while achieving superior efficient compared to baselines. Table 0] shows MPH achieves the lowest average inference latency
across tasks, satisfying real-time ITS requirements and confirming practical deployability.

Table 7: Experimental results for the comparison of different fusion methods on chengdu dataset.

‘ Destination Prediction  Travel Time Estimation
‘ Mi-F1 1 Ma-F11 MAE| RMSE|
MPH | 0.7996 0.2712 0.4386 0.6823

CF 0.7361 0.1771 1.5074 2.0015
ICF 0.7345 0.1832 1.5093 1.9304
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Table 8: Comparison of Model Parameter Size and Training Time

Model Name Parameter Size (MB) Training Time (Hour)

MPH 3.05 1.4
START 15.28 2.3
JGRM 6.48 2

Table 9: Inference Latency Comparison

Model Name Downstream Task Inference Latency (ms per trajectory)
Destination Prediction 0.78
MPH Travel Time Estimation 0.54
Similar Trajectory Search 0.57
Destination Prediction 14.65
JGRM Travel Time Estimation 2.72
Similar Trajectory Search 11.4
Destination Prediction 0.89
START Travel Time Estimation 0.54
Similar Trajectory Search 1.27

B.5 MODEL INTERPRETABILITY EVALUATION

To understand how MPH fuses dynamic GPS features with static route semantics, we visualize the cross-attention weights
produced by the model during inference. Figure [6] visualizes the attention heatmap for a single trajectory, the darker the
color, the greater the attention weight here. Attention concentrates around the diagonal, showing the model primarily focuses
on the current and neighboring road segments, consistent with spatial locality. At the end of the trajectory, attention shifts
rightward, indicating the model attends to future road segments, demonstrating temporal predictive capability.

Figure [7|compares three trajectories at different speeds: Figure[7a] corresponds to a low-speed scenario, where the attention
forms a narrow band tightly concentrated near the diagonal. Figure [/b|represents normal medium-speed driving, where
the attention appears as a wider band with moderate diffusion. Figure [/c|shows a high-speed scenario, where the attention
is more uniformly distributed without prominent peaks. This shows MPH dynamically adjusts attention to static route
semantics based on GPS motion signals, highlighting cross-attention’s adaptive capability in fusing heterogeneous features.
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Figure 6: Attention heatmap of a sampled trajectory
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