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Abstract

Trajectory representation learning transforms complex
spatio-temporal features of trajectories into dense, low-
dimensional embeddings, enabling applications in intelligent
transportation systems. With advances in this field and the
availability of large-scale traffic data, intelligent urban sys-
tems have been widely deployed in major cities. However,
existing methods heavily rely on large volumes of trajec-
tory data, limiting their transferability to cities with sparse
data, especially small or less-developed ones. Moreover,
most current approaches learn representations within a sin-
gle city, overlooking the shared travel patterns across re-
gions and cities with similar geographic contexts. To ad-
dress these issues, we propose MetaTRL, a self-supervised
cross-city trajectory representation learning method based on
meta-learning. Specifically, we introduce a Shared and Pri-
vate Parameterized Cross-city Meta-learning Framework to
support knowledge sharing and transfer across cities. We fur-
ther design a Meta-knowledge Enhanced Road Segment En-
coder and a Trajectory Encoder that integrates private and
shared knowledge to learn and fuse spatio-temporal trajectory
features. Extensive experiments on two real-world datasets
and multiple downstream tasks demonstrate the significant
superiority of MetaTRL over state-of-the-art baselines and
achieves a remarkable average improvement of 134.66% in
Macro-F1 on destination prediction task.

Introduction

With the rise of GPS-enabled devices and location-based
services, large volumes of trajectory data are being gen-
erated, providing valuable insights into human and object
mobility. As a key form of spatio-temporal data, trajecto-
ries support applications in urban planning (Bao et al. 2017,
Dai et al. 2022; Alessandretti 2022), intelligent transporta-
tion (Feng et al. 2023; Liang et al. 2022)

Trajectory Representation Learning (TRL) aims to en-
code sparse, high-dimensional trajectories into compact and
meaningful embeddings for diverse downstream tasks. Early
TRL methods used task-specific sequence models trained
end-to-end (Liu et al. 2019; Li et al. 2018), but they suf-
fered from limited scalability, strong task dependency, and
heavy reliance on labeled data (Ashukha et al. 2020; Ishida
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et al. 2020). To address these limitations, self-supervised
TRL has gained popularity. Seq2seq-based models with re-
construction losses were first introduced (Fang et al. 2021;
Li et al. 2018; Yao et al. 2017). To reduce redundancy and
noise, some methods represent trajectories as sequences of
road segments rather than raw GPS points (Chen et al. 2021;
Yang et al. 2021; Jiang et al. 2023b). More recent two-
stage approaches leverage graph neural networks to first
learn road-segment embeddings from the road network, fol-
lowed by trajectory embedding learning via sequence mod-
els with self-supervised objectives (Jiang et al. 2023b; Ma
et al. 2024; Xia et al. 2025)

Nevertheless, there are still two main challenges to be
solved in self-supervised TRL. (1) Poor generalization
and transferability in cross-city learning. Current intelli-
gent transportation systems have been extensively applied
in large cities but seldom in smaller ones. One key rea-
son is that large cities have the capacity to collect massive
amounts of relevant data, while smaller cities often cannot
afford the associated high costs. Unfortunately, most exist-
ing TRL methods generally adopt self-supervised learning,
which effectively eliminates the need for labeled data, they
typically rely on large amounts of trajectory data for training
in order to fit the specific spatio-temporal features of trajec-
tories. Furthermore, different cities usually have no direct
interactions and often exhibit distinct geographic structures
and travel preferences, so, current methods inherently ex-
hibit poor generalization and limited transferability in cross-
city learning. Studying how to leverage existing data from
certain cities to effectively learn consistent spatio-temporal
features across cities and achieve knowledge transfer is both
a meaningful and challenging problem.

(2) Underexplored correlations between travel pat-
terns and road segment geographic context. The road
network fundamentally constrains human mobility, and a
trajectory’s spatial features are reflected in the relation-
ships among road segments. These relationships depend
not only on intrinsic segment attributes (e.g., length, road
class) but also on their direct connections (e.g., connectiv-
ity), which most existing studies focus on. However, the fea-
tures of a road segment are influenced not only by its di-
rectly connected neighbors but also by the geographic con-
text of its surrounding region. For instance, congestion at
an intersection is affected by the attributes of adjacent seg-



ments, the intersection’s structure, and even nearby intersec-
tions. Road segments with similar geographic contexts of-
ten exhibit similar spatio-temporal correlations. Prior work
overlooks these contextual commonalities of road segments
across regions. More importantly, although road networks
differ across cities, such correlations between geographic
context and trajectory spatio-temporal features are consis-
tent both across regions within a city and across different
cities. Therefore, it is meaningful and necessary to fully ex-
plore these correlations to better support TRL.

To address the above challenges, we propose MetaTRL, a
cross-city TRL method based on meta-learning, key contri-
butions of this paper are summarized as follows:

* We propose a novel cross-city self-supervised trajectory
representation learning framework. By a meta-learning
process with both private and shared parameters, guided
by a dual-modal trajectory recovery task, our Meta-
TRL facilitates effective cross-city spatio-temporal fea-
ture learning and knowledge transfer.

We design a meta-knowledge-enhanced road-segment
encoder and a transerferable temporal encoder to im-
prove private and shared spatio-temporal features learn-
ing. Our proposed knowledge fusion trajectory encoder
performs effective feature integration.

The experiments conducted on two real-world datasets
across three downstream tasks verify that our model ex-
hibits strong capabilities in transferring spatio-temporal
features across cities and achieves the best performance.

Related Work

Self-supervised Trajectory Representation
Learning

Trajectory representation learning aims to encode raw tra-
jectories into high-dimensional embeddings for downstream
tasks such as classification and prediction. Early work treats
GPS trajectories as sequential data (Fang et al. 2021) (Li
et al. 2018; Yao et al. 2017, 2022), ignoring road network
structure. Recent methods adopt a two-stage approach: first,
learning road segment embeddings via skip-gram (Mikolov
et al. 2013) or GNNs (Mao et al. 2022; Fu and Lee 2020;
Yang et al. 2023; Wei et al. 2024; Jiang et al. 2023b; Xia
et al. 2025); second, encoding trajectories with sequence
models like RNNs or Transformers (Vaswani et al. 2017).
For temporal features, existing methods mainly focus on
encoding temporal periodicity and time intervals. In addi-
tion, START (Jiang et al. 2023b) incorporates temporal in-
formation into the attention mechanism, while TrajRL (Xia
et al. 2025) performs multi-scale interval encoding. Re-
cently, more multimodal information is incorporated into
TRL(Ma et al. 2024; Wei et al. 2025).

To reduce reliance on labeled data, self-supervised learn-
ing is widely adopted. Typical techniques include sequence
reconstruction (Yao et al. 2017; Li et al. 2018), masked
language modeling (Chen et al. 2021), mutual informa-
tion maximization (Yang et al. 2021), and contrastive learn-
ing (Chen et al. 2020; Chang et al. 2023). These approaches
enhance generalization and robustness of trajectory embed-
dings across tasks.
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Cross-city Transfer Learning

Knowledge transfer (Jin et al. 2022; Wei, Zheng, and Yang
2016; Finn, Abbeel, and Levine 2017) aims to address deep
learning challenges in data-scarce scenarios. In intelligent
urban system (Zou et al. 2025; Jin, Chen, and Yang 2022),
achieving cross-city knowledge transfer (Lu et al. 2022)
to reduce data costs and improve learning efficiency re-
mains an ongoing research challenge. In the field of spatio-
temporal prediction (Panagopoulos, Nikolentzos, and Vazir-
giannis 2021; Wang et al. 2018; Gong et al. 2024), some
methods have explored knowledge transfer within homoge-
neous domains. However, the cross-city TRL task requires
learning shared spatio-temporal features from cities with
significant heterogeneity in a self-supervised manner, mak-
ing it a more challenging task.

Preliminaries

In this section, we first introduce the basic preliminaries
used in this paper, and then we formally define the studied
problem.

Definition 1 (Road Network) A road network is repre-
sented as a directed graph G = (V, &, F), where V is the set
of vertices, each vertex v; € V representing a road segment.
E is the set of edges, each e; ; = (v;,v;) representing the
intersection between road segments v; and vj. F € RIVI*/
is the feature matrix of road segments, where f is the feature
dimension.

Definition 2 (Road-network Constrained Trajectory)

A road-network  constrained trajectory T =<
r1,72,...,Tn > IS a Sequence of adjacent road seg-
ments ordered in time, where r; = (v;,t;) and v; € V
presents the i-th road segment in the sequence, t; is the
visit time for v;, and t; < t;y1. A road-network constrained
trajectory is usually obtained by performing network
matching on the original trajectory.

In this work, we focus on the road-network constrained
trajectories. For simplicity, we use road and trajectory to re-
fer to road segment and road-network constrained trajectory,
respectively.

Next, we formally define our studied problem of cross-
city trajectory representation learning as follows:

Problem 1 Given the road networks Sg = {gz}';igl‘ and
|Sp|
i=1"
where D; = {T; ; }‘jzl‘ is the dataset of trajectories of i-
th city. Based on data from multiple cities, the cross-city
trajectory representation learning aims to learn a generic
low-dimensional vector h; € R? that preserves the spatio-
temporal correlations for each trajectory T ; € D; of the
specific target city.

datasets of trajectories Sp = {D;} of multiple cities,

In this work, our goal is to achieve cross-city knowledge
transfer for TRL, thereby obtaining robust and generalizable
trajectory representation vector that achieves optimal perfor-
mance on multiple downstream tasks.
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Figure 1: Overall Framework of the Proposed MetaTRL.

Methodology

In this section, we present the details of our proposed
MetaTRL framework, as illustrated in Figure 1. Our pro-
posed MetaTRL consists of four key components: (1)
Cross-city Meta-learning Framework, (2) Meta Knowledge
Enhanced Road Encoder, (3) Transferable Temporal En-
coder(4) Knowledge Fusion Trajectory Encoder.

Cross-city Meta-learning Framework

To enable cross-city knowledge transfer, our MetaTRL
adopts a meta-learning framework. The dataset is split into
source and target cities, each with its own training and test
sets. Unlike classical meta-learning that shares all parame-
ters, we introduce a shared-private parameter mechanism to
better capture both general and city-specific spatio-temporal
features. Shared parameters are updated using the source
model and transferred to initialize the target model, facilitat-
ing general feature transfer. Private parameters are updated
separately within each model.

We now introduce the training process of the private and
shared parameterized meta-learning framework. Let Mg_,,
Me,,....-.Me,,, be the source, meta and target models re-
spectively, where Ogc, Ometa and Oy, are their parame-
ters. Firstly, the shared parameters of source model are ini-
tialized from the current meta model, which is named Pa-
rameters Clone. Subsequently, the source model performs
internal learning through the self-supervised task:

Ogrc = Ogrc — A1V ‘CPTe(M@src(

src
train

), (M

where g is the learning rate for the source model, £P"¢
is the loss function and Dyy;, is the source train set. Af-
ter training, the source model captures the spatio-temporal
features in the source city. Subsequently, the meta model

src
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updates its parameters based on the gradients of the source
model on the source test set, enabling the meta model to
rapidly learn knowledge from the source city.

LI (Me,,(Diess)),  (2)

where where et 15 the learning rate for the meta model
and DErS, is the test set of the source dataset. Subsequently,
the target city clones the shared parameters from the meta-
model, enabling effective cross-city knowledge transfer.

S {0|V0€cO 3)

Through the above process, the target model acquires use-
ful prior knowledge and a better initialization for training.
Finally, the target model undergoes self-supervised pretrain-
ing on the training set of the target city.

Otar = Otar — O(tarv@tarﬁpre (MGtar (D ))a “4)
where ay,, iS the learning rate for the target model and

Dar s the train set of the target dataset.

@meta = 6me‘ca - ametav@

src

shared
meta

shared __
tar -

tar
train

Meta-knowledge Enhanced Road Encoder

Meta knowledge extraction. To fully exploit the corre-
lations between similar road geographic context and travel
patterns across cities, thereby enabling effective knowledge
transfer, we design a shared road-network meta-knowledge
extraction module.

Considering the transferability across cities, we try to ex-
tract the intersection structure of the road network, which
captures the mutual influences between roads as well as their
joint influence on trajectories. The consistency of intersec-
tion structures across and within cities reflects shared spa-
tial patterns, which we regard as meta-knowledge in road
network. The following process is performed for each road,
with subscripts omitted for clarity.



To characterize the intersection structure, we construct
a structural feature vector for each road. Specifically, we
first compute the distances among all its direct neighbors,
and then construct a statistical feature vector sq € R* over
these distances, including the maximum, minimum, mean,
and variance. In addition, the shape of a road is also part of
the intersection structure. We describe the road shape by rel-
ative spatial position which is a vector s, = [ds, 5] € R?
representing the difference in latitude and longitude between
its start and end points. The structural feature vector is con-
structed by combining all the above features as:

&)
We employ a shared MLP to further encode and learn the
meta knowledge,

MKF (s) = MLP#hered ), (6)

where MLP*"%7¢? j5 an MLP whose parameters are shared.

s = concat(sq, s,) € R,

Private road encoder. In addition to the meta-knowledge
of roads mentioned above, each road also possesses its own
intrinsic attributes. Considering both types of features and
the dynamic correlations among roads, we design a road en-
coder based on a graph attention network (GAT). In the fol-
lowing description of the graph neural network, all parame-
ters are private, and we omit the corresponding notation for
brevity. First, we employ a private MLP to encode and learn
the attribute features of each road:

NAF (u;) = MLPP" %% (1),

where u is the attribute vector of a road.

Then, the roads of each city perform message passing over
their corresponding road-network graph G, during which the
meta-knowledge of roads is incorporated. The nodes in the
graph G aggregate information from their neighboring nodes
as:

N

R =BLU | Y o)W ®)

JEN;

where hEO) = NAF(u,), ng) € R4 ig learnable private
parameters for the [-th layer, N; is the set of neighbors of v;
in graph G, ELU is the Exponential Linear Unit activation

function, and al(-l-) is the attention weight at the [-th layer.
The attention score is related to both the hidden states of
node ¢ and node j and meta knowledge of nodes learned. In
addition, inspired by previous work, we also incorporate the
transition probabilities of roads derived from historical data.

First, we obtain the meta knowledge on e; ; as follows:
MKF 35y = MKF(v;) || MKF(s,), )

where || is the concatenation operator. The attention weight
calculation for the [-th layer is as follows:

exp(LeakyReLU(e Eé) )
> ren, exp(LeakyReLU(e

O _
o =

®
ik

)
l l ! ! l nT
el = (0 | YW+ py W YW
@ _ )
Wi,j = MKF(M)W2 ,

pi,; = count(e; ;)/count(v;),

(10)
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where hgl), h§-l) € R% are the embeddings of roads v; and

v; in the [-th layer, Wél), e Rixd ng),Wfﬁ) e R4 are
learnable parameters, d is the hidden vector dimension in
GAT, LeakyReLU is the activation function, and p; ; is the
transition probability between v; and v, WE? € R?dxd jg 4
learned weight matrix that incorporates meta knowledge of

connected roads.

Transferable Temporal Encoder

The temporal features in a trajectory are as important
as the spatial features. To learn similar temporal patterns
across trajectories from different cities and enable knowl-
edge transfer in the temporal domain, we design a shared
time interval encoder beyond the private period encoder.

To extract weekly and daily periodicities, we extract the
day of the week and the minute of the day, and transform
them into the day-of-week index (1 to 7) and minute-of-day
index (1 to 1440), respectively. For each visit timestamp t;,
we use two embeddings t¢ € R? and t* € R? to present
these two periodic patterns. The time period embedding Tt]:
of time ¢; is:

) =t + 1. (11)

More importantly, the shared time interval encoder is uti-
lized to capture temporal variation patterns of trajectories
that are transferable across cities. For A\; in the time interval
series of a trajectory

|

we transform it to a dense embedding to achieve a stronger
representation capability. Specifically, following (Ma et al.
2024), we adopt a learnable embedding matrix consisting of
Np embedding vectors, each regarded as a virtual bucket.
The time interval embedding for A; is then constructed as a
weighted combination of these N virtual buckets.

T} = Softmax(MLP*"*"“*(A;)) x Wgp,

0
ti —ti—1

ifi=1

12
ifi>1" (12)

(13)

where Wi € RVB*4 ig learnable embedding matrix. Af-
ter obtaining the time period embedding and time interval
embedding, we add the two as the time embedding of time
til

T, =TF +T!. (14)

Knowledge Fusion Trajectory Encoder

After the spatial and temporal encodings, we obtain the em-
bedding of a road v; in a given trajectory 7 as:

x; = hy + T3, + pey, (15)

where pe; denotes the position encoding in 7. The initial
representation of the trajectory 7 is obtained by concatenat-
ing the embeddings of roads initas X = x1[|xs|| ... ||z €
RITIxd

Now, each road embedding integrates both private and
shared spatio-temporal features. To build a generalized tra-
jectory representation for the target city, the trajectory en-
coder must be capable of extracting knowledge that truly



align with the features of trajectories in the target city. We
achieve this by leveraging the self-attention mechanism in
the Transformer encoder. First, to distinguish between pri-
vate knowledge and shared knowledge, we map trajectory
embedding into two separate views:

Xprivate _ MLPpri’uate (X),
Xshared — MLPShared(X).

Considering that the Value in the attention module should
contain the true features of the target city, while the Query
and Key should capture general features of different cities
and enable knowledge transfer through attention weights, we
obtain them from the corresponding views.

(16)

Q _ XsharedWshared
= ) ,

sharedyyrshared
K - X WK 5

__ yprivate private
V=X wErivate,

a7

where Wghared Jyshared and Wshared are shaped learn-
able parameters.Then, self-attention—based feature fusion is
QK”

performed as follows:
V.
i)

Other components, such as residual connections, layer
normalization, and the multi-head self-attention mechanism
are also employed, but are not elaborated here. We denote
the output of the trajectory encoder as Z € RI71*¢ More-
over, the final trajectory representation is obtained through
average pooling as z € RY.

Attention(Q, K, V) = softmax < (18)

Self-supervised Pre-training and Fine-Tuning

Pre-training. Our goal is to learn generalized trajectory
representations that can support various downstream tasks.
To this end, we pre-train MetaTRL using self-supervised
signals from the trajectory itself, rather than relying on
supervised labels. The effectiveness of trajectory recovery
tasks based on masked language modeling (MLM) (De-
vlin et al. 2018) has been widely demonstrated. To en-
hance cross-city knowledge transfer, we design a dual-
modal masking mechanism, enabling the model to learn and
transfer both spatial and temporal features.

Specifically, we first perform full masking on randomly
selected, non-contiguous sub-trajectories rather than on in-
dividual roads, masking all their features to increase predic-
tion difficulty. Then, we apply temporal masking, where a
subset of unmasked road segments is randomly selected, and
their temporal features are masked with a fixed probability.

Finally, during the meta-learning pre-training phase, we
append a linear predictor after the trajectory encoder to sepa-
rately predict the masked roads and the masked timestamps.

27" = ZW gy + bym € R, (19)
' = ZW,, + by, € RT XL,

The former is a classification task and the latter a regression
task. We use cross-entropy and mean squared error as their
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respective losses, combined via weighted summation.

| FM| Zfm

E%‘l‘ = L Z log exp(Zlf )

FMI =7 S exp(2™)

TM (2())

1 A

L= —= i =t
TM ~

LP7e = L+ (1 —y) L™,

Model Fine-tuning. We fine-tune MetaTRL on down-
stream tasks, formulating them as either classification or
regression. A linear classifier or regressor followed target
model is trained with cross-entropy or mean squared error
loss, respectively.

Dataset Porto BJ
Time span 07/01/2013- | 11/01/2015-
07/01/2014 11/30/2015
#Trajectories 695,085 1,018,312
#Users 435 1,677
#Road Segments 10,903 38,479

Table 1: Statistics of the two datasets after preprocessing.

Datasets

We conduct the experiments on two real-world datasets,
Porto and BJ. All road-network and road attribute informa-
tion is obtained from OpenStreetMap.

Compared Methods

To evaluate the effectiveness of our model, we compare
MetaTRL with SOTA TRL methods, including Trembr (Fu
and Lee 2020), PIM (Yang et al. 2021), Toast (Chen et al.
2021), JCLRNT (Mao et al. 2022), LightPath (Yang et al.
2023), TrajCL (Chang et al. 2023), START (Jiang et al.
2023b), TrajRL (Xia et al. 2025).

Experiment Settings

We implement our MetaTRL with PyTorch 2.6 and Libc-
ity (Jiang et al. 2023a) framework. During training, another
dataset outside the target city is used as the source dataset.
To better align with the cross-city TRL application scenario,
we limit the target training set to 50,000 trajectories. The
code is available at https://github.com/Xfc30/MetaTRL.

Downstream task settings. We select three popular and
important downstream tasks to evaluate the model’s perfor-
mance: trajectory classification (CLA), travel time estima-
tion (TTE), and destination prediction (DP).

Evaluation Metrics. For the CLA task, we use Accuracy
(ACC), Fl-score (F1), Area Under Roc (AUC) to evalu-
ate binary classification task, and Micro-F1, Macro-F1, Re-
call@5 to evaluate multi-classification task. For the TTE
task, we use Mean Absolute Error (MAE), Mean Abso-
lute Percentage Error (MAPE), and Root Mean Square Er-
ror (RMSE) to evaluate the regression results. For the DP
task, we use Micro-F1, Macro-F1, Recall@5 to evaluate the
multi-classification task.



Method Trajectory Classification Travel Time Estimation Destination Prediction
Micro-F1 1 | Macro-F1 1 | Recall@51 | MAE | | MAPE | | RMSE| | Micro-F1 17 | Macro-F1 1 | Recall@5 1
Trembr [TIST-20] 0.0374 0.0167 0.1143 1.707 0.265 2.354 0.515 0.166 0.770
PIM [IJCAL-21] 0.0295 0.0121 0.0974 1.905 0.272 2.872 0.370 0.129 0.606
Toast [CIKM-21] 0.0308 0.0113 0.1070 1.995 0.288 2.923 0.390 0.131 0.637
JCLRNT [CIKM-22] 0.0355 0.0155 0.1016 2.014 0.265 2.761 0.360 0.119 0.592
TrajCL [ICDE-23] 0.0279 0.0841 0.0924 2.087 0.284 3.089 0.494 0.160 0.732
LightPath [KDD-23] 0.0324 0.0154 0.1069 1.802 0.259 2.784 0.417 0.139 0.657
START [ICDE-23] 0.0403 0.0194 0.1334 1.605 0.251 2.351 0.550 0.176 0.800
TrajRL [ICDE-25] 0.0425 0.0202 0.1466 1.607 0.241 2.368 0.563 0.191 0.818
MetaTRL 0.0478 0.0252 0.1545 1.509 0.233 2.198 0.642 0.248 0.861
Improvement 12.47% 24.75% 5.39% 5.98% 3.32% 6.51% 14.03% 29.84% 5.26%

The metric with “1” means that a larger result is better, and the metric “|” means that a smaller result is better.

The bold results are the best, and the underlined results are the second best. The time in travel time estimation is in minutes.

Table 2: Performance Comparison of All Models on Porto Dataset.

Method Trajectory Classification Travel Time Estimation Destination Prediction
ACCT | F11 | AUCT | MAE| | MAPE | | RMSE| | Micro-F1 1 | Macro-F1 1 | Recall@5 1

Trembr [TIST-20] 0.685 | 0.735 | 0.715 | 11.539 0.516 38.363 0.131 0.027 0.281
PIM [IICAL-21] 0.650 | 0.713 | 0.724 | 13.489 0.581 42.365 0.094 0.021 0.226
Toast [CIKM-21] 0.672 | 0.690 | 0.681 | 12.875 0.529 49.151 0.119 0.024 0.233
JCLRNT [CIKM-22] | 0.709 | 0.725 | 0.738 | 12.616 0.533 48.650 0.107 0.020 0.215
LightPath [KDD-23] | 0.649 | 0.690 | 0.690 | 12.153 0.605 45.006 0.108 0.023 0.245
TrajCL [ICDE-23] 0.584 | 0.608 | 0.623 | 14.110 0.592 50.714 0.121 0.027 0.269
START [ICDE-23] 0.737 | 0.819 | 0.784 | 10.851 0.489 36.317 0.140 0.029 0.295
TrajRL [ICDE-25] 0.732 | 0.816 | 0.781 | 10.698 0.468 36.185 0.173 0.038 0.343
MetaTRL 0.784 | 0.847 | 0.845 | 10.217 0.400 34.279 0.396 0.129 0.561
Improvement 6.38% | 3.42% | 7.18% | 4.50% | 14.53% | 5.27% 128.90% 239.47% 63.56%

The symbols have the same meanings as in Table 2.

Table 3: Performance Comparison of All Models on BJ Dataset.

Setting Method Trajectory Classification Travel Time Estimation Destination Prediction
Micro-F1 1 | Macro-F1 1 | Recall@51 | MAE | | MAPE | | RMSE] | Micro-F1 1 | Macro-F1 1 | Recall@5 1

START 0.0403 0.0194 0.1334 1.605 0.251 2.351 0.550 0.176 0.800
Porto TrajRL 0.0425 0.0202 0.1466 1.607 0.241 2.368 0.563 0.191 0.818
MetaTRL 0.0433 0.0211 0.1493 1.578 0.238 2.309 0.594 0.217 0.835
STATR 0.0352 0.0157 0.1244 1.615 0.259 2.364 0.509 0.150 0.758
BJ— Porto TrajRL 0.0386 0.0173 0.1385 1.654 0.267 2.401 0.535 0.183 0.779
MetaTRL 0.0478 0.0252 0.1545 1.509 0.233 2.198 0.642 0.248 0.861

Table 4: Evaluation of Model Transferability.

Performance Comparison

Table 2 and Table 3 show a comprehensive comparison of
the performance of different baselines and our MetaTRL
across the three tasks. Clearly, our MetaTRL achieves the
best performance across all three downstream tasks on both
datasets, with notable improvements over state-of-the-art
baselines. This indicates that different cities share certain
common spatio-temporal trajectory patterns, further demon-
strating both the necessity of cross-city trajectory represen-
tation learning and the effectiveness of MetaTRL. In par-
ticular, on the important destination prediction task, our
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MetaTRL achieves a remarkable average improvement of
143.98% across three metrics on BJ dataset .

Specifically, for the CLA task, our MetaTRL achieves an
average improvement of 10.03% across all metrics on both
datasets, demonstrating its ability to transfer trajectory pat-
tern from source to target cities. This effectively enhances
travel pattern mining in the target city. For the TTE task,
our MetaTRL achieves up to 14.53% improvement in the
MAPE metric. Despite the significant differences in mobil-
ity behaviors across cities, our proposed meta-knowledge
extraction and transferable time encoder enable the model
to learn relative spatio-temporal variation patterns in trajec-



tories, leading to better performance. In the DP task, our
MetaTRL achieves a significant average improvement of
80.18% across three metrics on both datasets, with particu-
larly strong performance on the larger BJ dataset. Benefiting
from meta-learning directly optimized through the trajectory
reconstruction pretext task, as well as the carefully designed
shared and private parameterization, our MetaTRL maxi-
mizes effective knowledge transfer while preserving city-
specific information.

Model Transferability Study

To further analyze and demonstrate the superiority of our
MetaTRL over existing SOTA methods in terms of cross-
city transferability, we report in Table 4 the performance
of two representative baseline models under different train-
ing settings. For the baseline methods, they are trained on
the BJ dataset and fine-tuned on the Porto dataset. The re-
sults show that both START and TrajRL exhibit noticeable
performance degradation across various downstream tasks
when trained in a cross-city manner, indicating their limited
transferability. In contrast, our MetaTRL, which is inher-
ently designed to support cross-city training, achieves signif-
icant performance improvement in a cross-city manner, fur-
ther validating the necessity and effectiveness of cross-city
trajectory representation learning. Notably, the experimen-
tal results also demonstrate that our MetaTRL, when trained
with self-supervised learning directly on the target city, can
still achieve the best performance on downstream tasks.

I w/o Transferable Time Encoder
w/o Time Interval

B w/o KF-Traj Encoder
B w/o Time Mask

w/o MKE-Road Encoder MetaTRL
x1072 x10~*
4.8 1.70
4.6 64
1.65
4.4 6.3
1.60
4.2 6.2
4.0 1.55
38 6.1
1.50
MicroF1 on CLA MAE on TTE 607" MR on sTS
Figure 2: Results of Ablation Study on Porto.
Ablation Study

To evaluate the effectiveness of each module of our TrajRL,
we compare the performance of the following variants and
the complete MetaTRL: (1)w/o MKE-Road Encoder:this
variant replaces the whole Meta Knowlegde Enhanced
Road Encoder with a GAT encoder. (2) w/o Transferable
Time Encoder: this variant removes the whole Transfer-
able Time Encoder. (3) w/o Time Interval: this variant re-
moves the shared time interval encoder. (4) w/o KF-Traj
Encoder: this variant replaces the whole Knowledge Fu-
sion Trajectory Encoder with a transformer encoder. (5)
w/o Time Mask: this variant removes the time masking and
recovery self-supervised task.
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The experimental results in Figure 2 validate the effective-
ness of each module. First, w/o Transable Time Encoder
significantly reduces performance, which demonstrates the
necessity of temporal encoding in TRL. Furthermore, the
comparison between w/o Time Interval and MetaTRL
demonstrates that the shared time interval encoding benefits
multiple downstream tasks, particularly having a significant
impact on travel time estimation. The results of w/o Time
Mask demonstrate that the time mask and recovery task not
only enhances temporal feature learning, but also contributes
to spatial feature representation. In addition, thanks to the
exploration and integration of shared meta knowledge across
regions and cities, our Meta Knowlegde Enhanced Road
Encoder outperforms the conventional GAT encoder sig-
nificantly. Knowledge Fusion Trajectory Encoder also ef-
fectively improves model performance across various tasks
through the fusion of cross-city trajectory patterns.

—&— MicroF1
—— MAE

—&— MicroF1l
MAE A

1.54
0.62 R

71154
0.60

1.52
0.58| 1.52
0563364 128 256 512+-°0 6 32 64 96 12820
(a) Embedding Size d (b) Batch Size N,

Figure 3: Impact of Hyper-parameters on TTE and DP on
Porto.

Parameter Sensitivity Analysis

We further conduct the parameter sensitivity analysis for
critical hyper-parameters, i.e., embedding size and batch
size. We report the results of TTE (by MAE) and DP (by
MicroF1) on Porto Dataset, the results on BJ are similar.
From Figure 3(a), we observe that increasing the embed-
ding size initially enhances model performance. However,
excessively large embeddings lead to performance degrada-
tion, likely due to sparsity in the learned trajectory represen-
tations. Larger batch sizes typically improve convergence,
but excessive sizes can harm training stability and cause the
model to converge to inferior solutions. This trend is clearly
reflected in Figure 3(b).

Conclusion

In this work, we proposed MetaTRL, a novel cross-city tra-
jectory representation learning method. MetaTRL captures
both private and shared spatio-temporal features through
a self-supervised meta-learning process, enabling effective
transfer and integration to target cities. Extensive exper-
iments across three downstream tasks on two real-world
datasets show that MetaTRL outperforms current SOTA
baselines in both performance and transferability cross
cities, which demonstrate the necessity of cross-city TRL
and superiority of the proposed MetaTRL.
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