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Abstract

Trajectory-user linking (TUL) aims to match anonymous tra-
jectories to the most likely users who generated them, offer-
ing benefits for a wide range of real-world spatio-temporal
applications. However, existing TUL methods are limited by
high model complexity and poor learning of the effective
representations of trajectories, rendering them ineffective in
handling large-scale user trajectory data. In this work, we
propose a novel Scalable Trajectory-User Linking with dual-
stream representation networks for large-scale TUL prob-
lem, named ScaleTUL. Specifically, ScaleTUL generates two
views using temporal and spatial augmentations to exploit su-
pervised contrastive learning framework to effectively cap-
ture the irregularities of trajectories. In each view, a dual-
stream trajectory encoder, consisting of a long-term encoder
and a short-term encoder, is designed to learn unified trajec-
tory representations that fuse different temporal-spatial de-
pendencies. Then, a TUL layer is used to associate the tra-
jectories with the corresponding users in the representation
space using a two-stage training model. Experimental results
on check-in mobility datasets from three real-world cities and
the nationwide U.S. demonstrate the superiority of ScaleTUL
over state-of-the-art baselines for large-scale TUL tasks.

Introduction

The proliferation of various location-based service plat-
forms has generated a vast amount of user mobility data,
offering researchers valuable opportunities to understand
and analyze human movement patterns (Wang, Cao, and
Philip 2020). Trajectory-user linking (TUL) aims to as-
sociate given anonymous trajectories with the most likely
users who generated them (Gao et al. 2017). This prob-
lem has garnered significant research interest in recent years
because effective TUL methods can benefit a wide range
of spatio-temporal applications, including personalized lo-
cation recommendations (Liu et al. 2019), route sugges-
tions (Pyshkin et al. 2016), behavior tracking (Chen, Hu, and
Wang 2019), and the identification of terrorist or criminal ac-
tivities (Huang et al. 2018). Furthermore, such methods can
also be used to test and challenge privacy protection mecha-
nisms in mobility data analysis models (Rao et al. 2020).
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In this paper, we focus on addressing the large-scale TUL
problem using deep learning models. Traditional methods
rely mainly on similarity measurement techniques, such
as LCSS (Ying et al. 2010), STS (Li et al. 2021), and
SR (Jin et al. 2019, 2020), to assess the similarity between
trajectories and link anonymous trajectories with users of
similar ones. Early deep learning models typically employ
deep neural networks, such as Seq2Seq (Gao et al. 2017),
Variational Autoencoders (VAE) (Zhou et al. 2018), and
Recurrent Neural Networks (RNNs) (Medsker, Jain et al.
2001), to learn spatiotemporal representations of trajecto-
ries and model the problem as a trajectory classification
task. Recently, models like MainTUL (Chen et al. 2022)
and S?2TUL (Deng et al. 2023) have been proposed, uti-
lizing mutual distillation learning networks and graph neu-
ral networks to capture spatiotemporal movement patterns
and relationships between trajectories for TUL problem, re-
spectively. Additionally, a greedy trajectory-user re-linking
method has been designed to address the issue of time con-
flicts in S?TUL.

Despite the notable progress achieved by these methods,
they still face two major limitations. First, existing meth-
ods mainly focus on the TUL problem on hundreds of users
using trajectory classification methods, while real-world ap-
plication scenarios are large-scale and involve massive tra-
jectory users. Current deep leaning models are not specifi-
cally designed for large-scale user trajectory data. They are
typically formulated as multi-class trajectory classification
problems, which results in inefficiencies and limited per-
formance (Joulin et al. 2017). Second, most TUL methods
directly learn the representation of trajectories divided by
day or longer historical trajectories, lacking effective explo-
ration of the irregularity of trajectories and failing to effec-
tively capture various different spatio-temporal dependen-
cies in large-scale user trajectories.

To address these challenges, we propose ScaleTUL, a
Scalable Trajectory-User Linking with dual-stream repre-
sentation networks for large-scale TUL problem. Specifi-
cally, we design a spatio-temporal augmentation strategy
that includes both temporal and spatial augmentations. The
temporal augmentation introduces trajectories with different
time granularities to fully capture user movement patterns
across various periods, while the spatial augmentation ad-
dresses trajectory sparsity and enhances the potential irreg-



ularities of trajectories to improve model robustness. Addi-
tionally, we develop a dual-stream trajectory encoder, con-
sisting of a structured stae space model (Gu and Dao 2023)
to capture long-term spatio-temporal dependencies in tem-
poral extended trajectories and a recurrent neural network
variant (Graves and Graves 2012) to learn short-term spatio-
temporal movement patterns. Through dual-view contrastive
learning, the model effectively learns the aligned and con-
sistent trajectory representations and the corresponding user
label representations. Finally, a two-stage training process
is employed to link the trajectories with their corresponding
user labels in the representation space.

On three cities and across the nationwide United States
check-in dataset from Foursquare, our experiments show
that ScaleTUL significantly outperforms state-of-the-art
baselines in TUL task.

Our contributions can be summarized as follows:

* We propose a novel scalable trajectory-user linking with
dual-stream representation network, named ScaleTUL.
Our ScaleTUL effectively and efficiently addresses the
challenge of large-scale TUL.

* We design a dual-stream trajectory encoder that in-
cludes two distinct encoders, effectively capturing both
the long-term and short-term spatio-temporal dependen-
cies of user trajectories, in combination with the spa-
tiotemporal augmentation strategy.

We conduct extensive experiments on check-in mobility
data from three cities as well as across the entire United
States. The experimental results demonstrate the effec-
tiveness and superiority of our model in addressing large-
scale TUL problem against state-of-the-art baselines.

Related Work

To address the TUL problem, researchers have developed
various approaches, which can be broadly categorized into
three groups:

Similarity measure-based methods. Traditionally, the
TUL problem is addressed through trajectory similarity re-
trieval methods (Magdy et al. 2015; Sousa, Boukerche, and
Loureiro 2020).

Commonly used similarity measures include Longest
Common Subsequence (LCSS) (Ying et al. 2010), dynamic
time warping (DTW) (Keogh and Pazzani 2000), Signature
Representation (SR) (Jin et al. 2019), and spatial-temporal
similarity (STS) (Li et al. 2021). However, due to the com-
plexity of similarity computations, these approaches tend to
be computationally expensive and time-consuming.

Statistical learning-based methods. Typically, these
methods extract statistical features from trajectory data and
train supervised models to predict the likelihood that a user
generated a given trajectory (Pao et al. 2012; Ren et al.
2020). For instance, (Ren et al. 2020) employs both pro-
file features and online features derived from trajectory data
to train a binary classifier for determining if two trajectories
belong to the same user. (Najjar and Mede 2022) is the first
work to address the challenge of large-scale TUL by using
a non-parametric classifier. Such models’ effectiveness de-
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pends on hand-crafted features’ quality, which relies on do-
main knowledge and understanding of the trajectory dataset.

Deep learning-based methods. Thanks to the power-
ful learning capabilities of neural networks, numerous deep
learning-based methods have been developed to address the
TUL problem using check-in trajectory data (Chen et al.
2024a,b). These approaches primarily focus on learning
high-order representations of user mobility patterns. For
instance, TULER (Gao et al. 2017) employs RNNs like
LSTM to learn sequential transition patterns, while TU-
AVE (Zhou et al. 2018) uses a VAE with RNNs to capture
hierarchical semantics. DeepTUL (Miao et al. 2020) lever-
ages a bidirectional LSTM with attention for learning pe-
riodic mobility patterns, and GAN-based models such as
AdattTUL (Gao et al. 2020), TGAN (Zhou et al. 2021),
and TULMAL (Zhang et al. 2022) have also been pro-
posed. More recently, MainTUL (Chen et al. 2022) uti-
lizes knowledge distillation with RNN and Transformer en-
coders, S2TUL (Deng et al. 2023) constructs graphs to in-
tegrate trajectory-level information, and SAMLink (Chen
et al. 2023) designs adaptive fusion modules for different
types of trajectory data. However, previous studies have been
limited to classifying trajectories for at most a few hundred
users, without addressing scalability problem. This limita-
tion stems from the use of complex neural network archi-
tectures combined with classification layers, which are both
time-inefficient and memory-intensive.

Preliminaries
Definition 1. (Check-in Trajectory). A check-in trajectory
is a chronological sequence of check-in records, where each
record is represented as a tuple (u,p,c,t). In this tuple, u
represents the user, p denotes a uniquely identified venue, c
is the category of the venue, and t is the timestamp of the
check-in. The trajectory, denoted as T'r., is generated by a
user u within a specific time interval T.

When the user associated with a trajectory is unknown,
it is referred to as an unlinked trajectory. In this paper, we
define the time interval 7 as one day. The Trajectory-User
Linking (TUL) problem aims to map these unlinked trajec-
tories to their corresponding users.

Problem. (Trajectory-User Linking). The TUL task aims to
link anonymous trajectories to their respective users. Let
T = {Tr',Tr?, ..., Tr"} be the set of unlinked trajecto-
ries, and U = {uq, ua, ..., Uy, } represent the set of users.

Our goal is to identify a mapping function f(-) that links
unknown trajectories to the corresponding users: T +— U.
This function should map each trajectory to a representation
that reflects the user’s identity, ensuring correct association
with the rightful user.

Methodology

In this section, we present detailed introduction about the
trajectory user linking framework based on dual-stream net-
works (as illustrated in Figure 1). ScaleTUL is accomplished
through a two-stage process involving representation learn-
ing and user linking. We delve into how to learn high-quality
trajectory representations from the perspectives of diverse
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Figure 1: The overview of the proposed framework.

feature capture and lightweight trajectory encoding. Specif-
ically, we first introduce three key components of trajec-
tory representation: Spatio-Temporal Augmentation Strat-
egy, Dual-Stream Trajectory Encoder, and Representation
Alignment Module. Then, we introduce how to efficiently
link representations in trajectory and user latent spaces.

Spatio-Temporal Augmentation Strategy

Raw trajectory data of human mobility is often sparse and
unable to capture the diverse underlying movement inten-
tions. To address this problem, we propose two augmenta-
tion strategies from both temporal and spatial perspectives.

Temporal Augmentation. Human mobility information
typically exhibits periodic characteristics over time. To fully
capture users’ temporal visitation preferences and move-
ment patterns across different scales, we propose a peri-
odic temporal augmentation strategy. Specifically, the raw
check-in sequences are often segmented into daily trajecto-
ries, denoted as {Tr,|7 = 1} . We then query the trajec-
tory sequences of the current user for the upcoming week
and the next two weeks, denoted as {Tr,|1 < 7 < 7} and
{Tr.|1 <7 < 14}, respectively. Subsequently, the tempo-
ral augmented trajectories from different periodic are con-
solidated into new training samples.

Spatial Augmentation. Due to the varying check-in pref-
erences of users across different locations and the potential
for communication failures in recording devices, the result-
ing check-in sequences often exhibit low-sampled trajecto-
ries with significant missing locations. To effectively simu-
late the irregular mobility patterns and noise characteristics
that lead to such sparsely sampled movement data, we pro-
pose a random spatial augmentation strategy. Specifically,
for each newly generated check-in trajectory sample derived
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from temporal augmentation, we further apply a random lo-
cation masking technique to produce a corresponding aug-
mented trajectory, denoted as Tr'T =Tr, ® M,. Here, M,
represents a binary mask vector, where the masking rate r is
defined as the ratio of the number of masked location points
to the total length of the trajectory.

It is worth noting that these two augmentation strategies
are applied only during the training phase. By employing
these two mobility data augmentation strategies, not only is
the issue of sparse training data alleviated from a spatial per-
spective, but the model is also better able to capture more
diverse movement patterns from a temporal perspective.

Dual-Stream Trajectory Encoder

Due to the design of the augmentation strategies, significant
differences in sequence lengths between different trajecto-
ries are inevitable, resulting in a multi-modal distribution.
Consequently, a simple trajectory encoder is insufficient for
modeling such overlapping distribution characteristics. To
address this limitation, we propose a dual-stream trajectory
encoder, which includes a unified embedding layer along
with separate short-term and long-term encoders, each de-
signed to model patterns with different length distributions.

Unified Embedding Layer. Each check-in location of tra-
jectory typically includes not only geographic information
but also rich external information, such as time and semantic
categories. Therefore, before capturing sequential patterns,
it is necessary to integrate all the above information into a
unified location embedding. Here, we use a simple nonlinear
layer fusion to obtain the semantic location representation:

where p, t, and ¢ denote the discrete mapping of location p
at time ¢ with category c. The function fy is a simple multi-



layer perceptron with a nonlinear activation function.

The complete embedding matrix for a single trajectory
can then be obtained by stacking the representations of all
individual locations:

X ={x]i=1,2,...,n}. 2)

By doing so, each trajectory is preliminarily mapped into
a high-dimensional semantic representation.

Dual-Stream Encoder. As previously mentioned, the
augmented trajectories typically exhibit significant differ-
ences in sequence lengths. Therefore, it is necessary to de-
sign appropriate trajectory encoders for these two different
lengths of trajectories to capture their respective features.
Additionally, due to the introduction of more trajectory en-
coders, to maintain efficiency in the sequence learning pro-
cess, it is essential to select sufficiently lightweight encoding
models to support the training of large-scale trajectory data.

To model short-term movement patterns, we select a sim-
ple recurrent neural network variant, Bi-directional Long
Short-Term Memory (Graves and Graves 2012), as the short-
term encoder Fy_ . Furthermore, we use the hidden layer out-
put at the last time step to represent the dynamic pattern of
the short trajectory:

2o = F(0a; X). 3)

Unlike the simple short-term patterns, long-term trajec-
tory patterns require selective processing of input location
information while also satisfying long-range dependency
modeling. Recently, structured state space models (Gu and
Dao 2023) have gained attention due to their hardware-
aware lightweight and efficient characteristics, which ful-
fill our requirements. Therefore, we select them as the long-
term encoder Fy 5 Furthermore, we use the hidden state at
the last time step as the long trajectory representation:

2 = F(bs; X). “

Then we use a learnable parameter ~y to balance the
weights of the representations from two encoders to obtain
the final representation, and use ridge normalization to stan-
dardize the trajectory representation, improving numerical
stability and accelerating the model’s training process:

2=[1(v- za + (L =7) - zp)ll2- )

Representation Alignment Module

Intuitively, by applying spatial augmentation strategies, we
obtain two views of trajectory samples. A natural approach
is to align the masked-view trajectory with the unmasked-
view trajectory via contrastive learning to ensure robust tra-
jectory representation (Li et al. 2023). However, unlike tra-
ditional self-supervised learning, which relies on contrastive
learning with negative samples, our unique advantage lies in
the accessibility of trajectory labels. Therefore, in addition
to basic negative sample information, we can also consider
the associated positive sample signals for each anchor (in
contrast to traditional self-supervised contrastive learning
that typically uses only a single positive sample signal). By
leveraging labeled data to enhance contrastive learning, we
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can obtain higher-quality trajectory representations, thereby
avoiding the misclassification of the same user’s trajectories
as negative samples.

Specifically, given a batch of N unmasked random
sample-label pairs, the corresponding 2N multi-view sam-
ple pairs are generated through spatial masking augmenta-
tion strategies. We then apply an extended supervised ver-
sion (Khosla et al. 2020) of the traditional Noise Contrastive
Estimation loss (InfoNCE) (Chen et al. 2020) to achieve
more effective representation alignment:

—1
ﬁcl:Zm Z

exp (i - 2p/7)

. » (6
i€2N pEP (i) bgs:(i) exp (zi - z/m)" (©)
where z, = | Proj(z)|2 means that the representation

space is mapped to the unit hypersphere through multi-
layer perceptron and ridge regularization, so that the sim-
ilarity can be measured by the inner product. n € RT
means a scalar temperature parameter. ¢ is the index of an-
chor. B(i) = {1,...,2N}\ {i} is the set of indices of all
samples among the 2N trajectories, excluding the index 1.
P(i) = {p € B(i) : Label(p) = Label(i)} is the set of
indices of all positive samples among the 2N trajectories.
By completing contrastive learning accompanied by su-
pervision signals, we effectively align a more discrimina-
tive representation space, where the trajectory representa-
tions of the same user are closer, and those of different
users are further apart. Subsequently, we discard the pro-
jection layer, freeze the parameters of the embedding layer
and dual-stream encoder }—92 and .7-'93 , and input all the tra-
jectories of each user in the training set into the backbone
network to obtain the individual trajectory representations:

2=y FO5; X)+ (1 =) - F(OF: X)l2. (D

Considering that traditional supervised loss typically uses
a fixed cross-entropy loss classifier, it does not scale well to
dynamic and large-scale trajectory-user linking. Therefore,
we propose using a cosine similarity loss to avoid this issue.
Specifically, by aggregating the trajectory representations of
a single user through a pooling layer, we can precompute the
user labels needed for the next stage of training:

u; = Average-Pooling({27]j € U;}), 8)

where 27 means all trajectory representations of user U;.

Trajectory-User Linking Layer

To link unknown trajectories to the users who generated
them, we further designed a TUL (Trajectory-User Link)
predictor, composed of activation functions and a multi-
layer perceptron, to obtain the final trajectory representation
y = f(0; z). This projection layer is intended to further en-
hance the representational capacity of the input trajectories.

In this representation space, we minimize the cosine sim-
ilarity loss between the representation of the input trajectory
and the corresponding user representation:

Ly = Z(l — cos(yi, Us)),

iEN

)



Datasets‘#users‘#trajectories‘ #POls ‘#categories Duration

TKY 800 104,413 | 39,698 239 11 months
400 51,969 24,526 231 11 months

NYC 800 152,583 | 31,925 251 10 months
400 39,784 19,903 248 10 months

Santiaco 800 132,238 | 21,967 381 18 months
8917400 64,932 13,703 357 18 months

Us 5000 | 749,443 | 258,865 427 18 months
10000 | 1,167,786 |344,274 428 18 months

Table 1: Statistics of the datasets.

where u; denotes the user label who generated trajectory ¢,
y; means unlinked trajectory representation, N is number of
the trajectories. During the testing stage, by calculating the
similarity between the input trajectories and the correspond-
ing user representations, each input trajectory is linked with
the most similar user label.

Model Training

Our model uses a two-stage training pipeline to capture
users’ mobility characteristics and learn generalized fea-
tures. By integrating semantic information from both raw
and augmented trajectories, we obtain enriched user and tra-
jectory representations.

In the first stage, the input trajectory is augmented, and
both the input and augmented trajectories are passed through
the dual-stream encoder separately to obtain their respec-
tive latent features. These features are then projected into a
lower-dimensional space via a projection layer, where they
are normalized and used to compute the contrastive learn-
ing loss. In the second stage, we train trajectory-user linking
layer by minimizing the cosine similarity loss between the
representations of the trajectory and the corresponding user.

Experiments
Datasets

We use real-world check-in data collected from the popular
location-based social network platform Foursquare (Yang
et al. 2015), selecting data from three cities and the entire
United States for our dataset. For the cities of Tokyo (TKY),
New York City (NYC), and Santiago, we select the top 800
and 400 users, respectively, who have the most trajectories,
to evaluate model performance. To demonstrate the effec-
tiveness of our proposed framework on a large scale, we se-
lect the top 5000 and 10000 users with the most trajectories
across the United States for evaluation. In our experiments,
we use the first 80% of each user’s sub-trajectories for train-
ing, and the remaining 20% for testing. Additionally, 20%
of the training data is set aside as a validation set to assist
with an early stopping mechanism to find the best param-
eters and avoid overfitting. The statistics of all datasets are
summarized in Table 1.
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Approach for Comparison

We compare ScaleTUL with recent state-of-the-art models
for trajectory user-linking. Specifically, the following base-
line approaches are evaluated.

* KNNTUL (Najjar and Mede 2022) - is the first work to
attempt solving the large-scale TUL problem by employ-
ing the k-Nearest Neighbors (KNN) method.

MainTUL (Chen et al. 2022) - is a knowledge distillation
framework to capture rich contextual features in check-in
data, with an RNN encoder and a temporal-aware Trans-
former encoder.

S2TUL (Deng et al. 2023) - is a semi-supervised frame-
work that models the relationships between trajecto-
ries by constructing both homogeneous and heteroge-
neous graphs. The framework includes four variants, of
which we select the two that performed best across most
datasets: S2’TUL-R and S?TUL-HRSTS.

Evaluation Metrics and Parameter Settings

We use the Acc@k, Macro-F1 and Micro-F1 to evaluate the
model performance. Specifically, Acc@k is used to evalu-
ate the accuracy of TUL prediction. Unlike previous work
that used Macro-Precision and Macro-Recall, we opted to
include Micro-F1 for the following reasons: Macro-F1 is de-
rived from Macro-Precision and Macro-Recall, effectively
integrating their results. Additionally, Micro-F1 offers an
overall performance metric that more accurately reflects the
model’s behavior across the entire dataset. For the baselines,
we use the parameter settings recommended in their papers
and fine-tune them. For ScaleTUL, we set default embed-
ding dimension to 512, apply an early stopping mechanism
with patience to 5 to avoid over fitting, and adjust the learn-
ing rates as follows: In the first stage, the initial learning rate
is set to 0.001 and decays by 20% every 5 epochs. In the
second stage, the initial learning rate is set to 0.0005 and de-
cays by 90% every 5 epochs.The source code of our model is
available at https://github.com/sleevefishcode/ScalableTUL.

All experiments are conducted on a machine with Intel(R)
Xeon(R) Silver 4214 (2.20GHz 12 cores) and NVIDIA
GeForce RTX 3090 (24GB Memory).

Overall Performance

We report the overall performance with baselines in Table 2
and Table 3, where the best is shown in bold and the second
best is shown as underlined.

As shown in Table 2, ScaleTUL significantly outper-
forms all baselines in terms of all evaluation metrics on
the check-in datasets of three cities, except for Acc@5 on
TKY. This performance can be attributed to the spatio-
temporal augmentation strategy and the dual-stream trajec-
tory encoder. The former helps to alleviate issues related to
trajectory irregularity and sparsity, thereby enhancing the
model’s generalization capability, while the latter more ef-
fectively captures the spatio-temporal movement patterns in
users’ check-in trajectories, accommodating different trajec-
tory lengths.



Dataset Methods Acc@l | Acc@5 | Macro-F1 | Micro-F1 | Acc@l | Acc@5 | Macro-F1 | Micro-Fl
|U| = 400 | = 800

KNNTUL 4.32% | 5713% | 4376% | 4432% | 3745% | 50.02% | 3621% | 37.46%

MainTUL 60.60% | 69.80% | 59.18% | 60.69% | 57.02% | 61.82% | 5548% | 57.02%
TKY S’TUL-R 59.98% | 73.04% | 60.82% | 59.98% | OOM OOM OOM OOM
S’TUL-HRSTS | 6353% | 7590% | 62.94% | 6371% | OOM OOM OOM OOM

ScaleTUL 65.13%" | 7447% | 63.37% | 65.13%" | 60.63%" | 71.03% " | 58.74% | 60.63%

KNNTUL 44.69% | 5431% | 4381% | 44.68% | 39.15% | 49.95% | 37.70% | 39.15%

MainTUL 54.84% | 60.83% | 5336% | 54.83% | 5243% | 59.50% | 51.00% | 52.43%

NYC S’TUL-R 57.00% | 64.35% | 5652% | 51.00% | 5197% | 6052% | 50.56% | 51.96%
S’TUL-HRSTS | 5688% | 6552% | 54.65% | 56.88% | 51.59% | 60.39% | 49.00% | 51.58%

ScaleTUL 59.43% " | 66.03%° | 57.06%" | 59.43% | 56.11% | 63.78% | 53.30% | 56.11%"

KNNTUL 52.35% | 6278% | 53.39% | 5234% | 4656% | 5741% | 47.74% | 46.57%

MainTUL 5529% | 64.59% | 5544% | 5529% | 51.82% | 63.00% | 5161% | 51.82%

Santiago S’TUL-R 53.96% | 64.95% | 5470% | 5396% | 49.46% | 61.40% | 50.08% | 49.46%
S’TUL-HRSTS | 54.00% | 64.10% | 5334% | 5400% | OOM OOM OOM OOM

ScaleTUL 5844%° | 67.12% | 57.46% | 58.43%" | 53.55%" | 64.51% | 52.61% | 53.55%"

Table 2: Performance comparison with baselines on the dataset from three cities. OOM stands for “out of memory”. Marker *
indicates the results are statistically significant (t-test with p-value < 0.01).

Dataset Methods Acc@l | Acc@5 | Macro-F1 | Micro-F1 | Acc@l | Acc@5 | Macro-F1 | Micro-Fl
U] = 5000 U] = 10000

KNNTUL 45.59% | 57.36% | 44.85% | 4559% | 39.00% | 5113% | 37.70% | 39.01%

MainTUL 5140% | 5771% | 5089% | 51.39% | 4385% | 5101% | 42.83% | 43.85%

Us S’TUL-R OOM OOM OOM OOM OOM OOM OOM OOM

S’TUL-HRSTS | OOM OOM OOM OOM OOM OOM OOM OOM

ScaleTUL 54.94% | 64.05% | 54.02% | 54.94%" | 44.90%" | 53.88% | 44.32%" | 44.90%

Table 3: Performance comparison with baselines on the dataset from the United States. OOM stands for “out of memory”.
Marker * indicates the results are statistically significant (t-test with p-value < 0.01).

As the number of users in a dataset increases, the chal-
lenge of correctly linking users to their trajectories intensi-
fies, leading to performance degradation in all models. How-
ever, ScaleTUL can still achieve the best results. Specifi-
cally, ScaleTUL achieves an average improvement of 6.68%
in Acc@1 and 5.2% in Macro-F1 compared to the best-
performing baseline on the TKY and NYC datasets when
the user count reaches 800. The significant improvements
in accuracy and F1 scores suggest that ScaleTUL ’s archi-
tecture, especially its spatio-temporal trajectory augmenta-
tion strategy and dual-stream encoder, effectively captures
complex user mobility patterns even as the number of users
scales up, demonstrating its robustness against the increased
complexity of larger datasets.

The experimental results on the nationwide U.S. dataset
are presented in Table 3. Notably, ScaleTUL continues to
perform well even when the number of users reaches 10k. In
contrast, S?TUL faces challenges in managing the large vol-
ume of user-generated trajectories, and the performance of
the KNNTUL method falls significantly short of our model’s
performance. For 5k users, our model surpasses the previ-

13229

ously best-performing MainTUL model, with improvements
of 6.89% in Acc@1 and 6.11% in Macro-F1.

The consistent outperformance of ScaleTUL across dif-
ferent user scales not only underscores its robustness but
also demonstrates its scalability. The model’s ability to
maintain and even improve its performance as the dataset
grows larger suggests that its architecture is well-suited for
handling the increased complexity and data irregularities
that come with larger user bases. These significant improve-
ments emphasize the superiority of our approach in effec-
tively learning and generalizing from diverse and extensive
trajectory data, making ScaleTUL a reliable and powerful
solution for large-scale TUL applications.

Ablation Study

In our ablation study, we evaluate our model against five
carefully designed variations: (1) w/o T-Aug — This vari-
ant excludes temporal augmentation from the trajectory aug-
mentation strategy. (2) w/o S-Aug — This variation omits the
random mask used in trajectory augmentation. (3) w/o Aug —
Here, the entire trajectory augmentation strategy is removed,
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Figure 2: Experimental results of component ablation on
NYC (top) and TKY (bottom) (|I/| = 400).

meaning no aggregation or masking is applied. (4) w/o LT-
Encoder - It removes the long-term encoder in dual-stream
trajectory encoder. (5) w/o ST-Encoder — It excludes the
short-term encoder in dual-stream trajectory encoder.

The results of the ablation study are shown in Figure 2,
which demonstrates the contribution of each component to
the overall performance of our model. Notably, the long-
term encoder has a significant affect on model performance,
especially on the TKY dataset. This is primarily due to the
fact that the TKY dataset includes a substantially higher
number of longer trajectories (those with five or more
points) compared to the NYC dataset. This highlights the
effectiveness of our designed trajectory encoder, which in-
cludes the long-term component. The impact of the trajec-
tory augmentation strategy—w/o T-Aug, w/o S-Aug, and
w/o Aug—underscores the importance. These variations re-
veal that temporal and spatial trajectory augmentations are
crucial for improving model performance, particularly in
handling data irregularities and sparsity. This is particularly
evident in the NYC dataset, where trajectory augmentation
helps mitigate issues related to data sparsity and irregular-
ity, demonstrating its effectiveness in enhancing the model’s
ability to generalize from limited data.

Parameter Study

We evaluate the model’s sensitivity to embedding dimension
d and masking rate . As shown in Figure 3, the model’s
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Figure 3: Result of parameter sensitivity embedding size d
on NYC(left) and TKY (right) (|I/| = 400).
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Figure 4: Result of parameter sensitivity mask ratio r on
NYC(left) and TKY (right) (|I/| = 400).
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Figure 5: Experimental results of running time, || = 400

(left) and |24| = 5000/10000 (right).

performance initially improves with d increases and then de-
clines. This trend occurs because a small embedding dimen-
sion is insufficient to capture the spatio-temporal dependen-
cies intrinsic to trajectories, while an overly large embed-
ding dimension reduces the model’s generalization capabil-
ity. For masking rate r, larger values improve performance
by alleviating data sparsity and boosting the model’s ability
to generalize. However, when r approaches 1, performance
plateaus and eventually declines, as excessive masking elim-
inates important information that the model needs to make
accurate predictions.

Efficiency Study

We also perform efficiency experiments by comparing our
model with the baseline models. As shown in Figure 5, the
results indicate that our model outperforms other deep learn-
ing methods in terms of time efficiency. Particularly on the
TKY dataset, our model achieve a speed improvement of
approximately 96.04% compared to the most effective base-
line, S2TUL-HRSTS. The reason for its significant time con-
sumption is that constructing both homogeneous and het-
erogeneous graphs to integrate trajectory-level information
becomes highly time-consuming when dealing with a large
number of trajectories. It should be noted that when the num-
ber of users is 10k, the number of trainable parameters is
reduced by 10 million compared to MainTUL, thereby low-
ering hardware demands and shortening training time.

Conclusion

In this paper, we propose a novel scalable trajectory-user
linking with dual-stream representation networks called
ScaleTUL. Experimental results on datasets from three cities
and across the United States demonstrate that ScaleTUL
outperforms the state-of-the-art methods and proves its ef-
ficiency in efficiency study.
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