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Abstract

Identifying and linking the same users across different so-
cial platforms is crucial for understanding user behavior and
preferences. However, cross-domain datasets exhibit diverse
characteristics, such as varying check-in frequencies, signif-
icant disparities in data precision, and distinct distributions.
Existing trajectory representations rely on recurrent neural
network, which fails to dynamically learn multi-dimensional
feature relations and capture high-order associations. Fur-
thermore, current methods for integrating trajectory infor-
mation fails to capture the complex relations and dynamic
variations among cross-domain mobility trajectories. To this
end, we propose the Hierarchical Spatio-Temporal Enhanced
Attention Hypergraph Network (StarNet). This model dy-
namically regulates the multi-dimensional features of trajec-
tories through a locally enhanced spatiotemporal graph neural
network. Meanwhile, StarNet employs a hypergraph network
enhanced by a global spatiotemporal to capture high-order as-
sociations between cross-domain trajectories. The fusion en-
hancement association integrates local and global informa-
tion, which enables this model to link user identities. Ex-
tensive experiments on two well-known LBSN cross-domain
datasets reveal that StarNet outperforms state-of-the-art base-
lines in the accuracy of user identity linkage.

Introduction

Location-Based Social Networks (LBSNs) encompass com-
prehensive data on user interactions, spatiotemporal tags,
and contextual semantics (Cen et al. 2024). Analyzing this
heterogeneous data is pivotal for understanding user prefer-
ences. Through cross-domain user identity linking, mobile
app providers can fully analyze user behavior to achieve pre-
cise personalized recommendations, such as suggesting ser-
vices and products of interest to users. However, differences
in user behavior and characteristics across various platforms
preclude a comprehensive understanding of user individual-
ity and interests through a separate social medium. There-
fore, cross-dataset user identity linkage is essential for gain-
ing a deeper understanding of user behavior while enabling
personalized services.

The key step in cross-domain user identity linkage is
learning representations of mobility trajectories. Effective
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trajectory representation should describe users’ spatiotem-
poral movement patterns and capture high-order correlations
between cross-domain trajectories. Trajectory representa-
tion learning has long been a prominent topic in spatiotem-
poral data mining and natural language processing (Wang
et al. 2024) (Bai et al. 2020). This study summaries sev-
eral trajectory representation models, noting that while these
models improve user trajectory representation by capturing
spatiotemporal relations, they exhibit three limitations.

@ Current methods rely on frameworks such as Recur-
rent Neural Networks (Medsker, Jain et al. 2001) and Long
Short-Term Memory networks (Graves and Graves 2012) to
define trajectory sequences, such as TULVAE (Zhou et al.
2018), TULER (Gao et al. 2017), DeepTUL (Miao et al.
2020), DPLink (Feng et al. 2019), and TULAM (Li et al.
2024). Although RNNs and LSTMs are advantageous in
handling sequential data, they are inefficient in capturing
long-term dependencies, especially with lengthy or irregu-
larly spaced trajectories. Additionally, they struggle to gain
higher-order implicit relations in dynamic trajectories.

@ Existing user trajectory analysis often employs lin-
ear layers to merge local and global information, as seen
in methods such as Attn'TUL (Chen et al. 2024), MVMN
(Zhang, Lai, and Wang 2020), CAT-ART (Li et al. 2023),
and MSTHN (Lai et al. 2023). However, these linear layers
fail to fully capture the complex and dynamic interactions
inherent in trajectories and cannot combine the macro- and
micro-semantics of user behavior. The mechanisms for in-
formation fusion need to be further explored.

® LBSN datasets contain noisy records, leading to spatial
and temporal inconsistencies across different services (Chen
et al. 2018). The behavioral patterns and features of the same
user’s trajectories differ across service providers, influenced
by factors such as sampling rates and time intervals. Such
variations affects the accuracy of user identity linkage.

To address these challenges, we propose a Hierarchi-
cal Spatio-Temporal Enhanced Attention Hypergraph Net-
work (StarNet) for enhancing accuracy in user identity
linkage. StarNet comprises a local spatiotemporal en-
hanced graph neural network module, a global spatiotem-
poral enhanced hypergraph network module, and a fusion-
enhanced association module. The local module learns fea-
tures within trajectories and multi-dimensional data, en-
hancing the model’s understanding of local trajectory char-



acteristics. The global module captures higher-order features
between cross-domain trajectories, improving the model’s
handling of cross-domain trajectories. The fusion module
integrates local and global cross-domain trajectory informa-
tion for association and prediction. The experimental results
on two LBSN cross-domain datasets demonstrate that the
proposed StarNet outperforms baselines (DPlink and At-
tnTUL), achieving an average improvement of 9.98% in
ACC@1 and 12.45% in Macro-F1.

In summary, this work makes the following contributions:

* We pioneer the use of spatio-temporal enhanced hy-
pergraph networks in cross-domain trajectory associa-
tion, incorporating cross-attention mechanisms and con-
trastive normalization to effectively capture higher-order
implicit relations between cross-domain trajectories.

To dynamically learn multi-dimensional trajectory fea-
tures, we integrate dynamically composable multi-head
attention with graph convolutional networks (GCNs). We
employ the Kolmogorov-Arnold Networks (KANs) to
dynamically fuse both local and global trajectory infor-
mation, which encourages a comprehensive understand-
ing of cross-domain mobility trajectories.

Extensive experiments on two real-world cross-domain
LBSN datasets were conducted to compare the perfor-
mance of StarNet against five baselines. The results show
that StarNet achieved a 7.16%~12.8% improvement in
ACC@1 and a 7.68%~17.22% increase in Macro-Fl1,
underscoring the superior performance of StarNet.

Related Work

Trajectory Association Methods Based on Temporal Net-
works In recent years, as research has progressed, many
studies have begun to utilize deep learning techniques for
trajectory association. These methods have not only im-
proved the accuracy of trajectory matching and user iden-
tification but have also better captured the semantic and
spatiotemporal features within trajectory data. For instance,
TULVAE (Zhou et al. 2018) captures complex long-term de-
pendencies and trajectory semantics using variational au-
toencoders and hierarchical RNNs. DPLink (Feng et al.
2020) represents paired trajectories through multi-layer joint
embeddings and then performs matching analysis. CPlink
(Ma et al. 2022) extracts spatiotemporal periodic behaviors
in specific geographic regions to calculate similarity pairs
of cross-domain users, thus achieving cross-platform user
identity matching.

Although these temporal networks methods have made
significant progress in trajectory representation and associa-
tion, challenges remain in capturing high-order relations be-
tween trajectories and dynamically learning intra-trajectory
features. Efficient association of multi-source datasets and
cross-domain trajectory matching still pose challenges, ne-
cessitating further exploration and solutions.

Trajectory Association Methods Based on Graph Neu-
ral Networks Given the multifaceted nature of data in
Location-Based Social Networks (LBSNs), Graph Neural
Network (GNN) methods (Jin et al. 2023) (Bai et al. 2023)

12855

are inherently adept at capturing complex and diverse rela-
tions, making them suitable for exploring user preferences,
including user relations, temporal factors, and geographical
factors. GNNTUL (Zhou et al. 2021) learns human mobility
through GNNs and classifiers, effectively associating trajec-
tories with users. S2TUL (Deng et al. 2023) captures more
complex movement relations by constructing different ho-
mogeneous and heterogeneous graphs and integrating them
into a unified semi-supervised learning framework. ANES
(Byun, Choi, and Kim 2023) utilizes user trajectory data
and bipartite graphs to learn aspect-oriented relations be-
tween users and Points of Interest (POIs), thereby associ-
ating users. AttnTUL (Chen et al. 2024) combines GNNs
with a hierarchical attention mechanism to capture local and
global spatiotemporal relations in trajectory data. EgoMUIL
(Huang et al. 2023) captures fused user spatiotemporal fea-
tures and cross-platform relations by aggregating surround-
ing node information and combining topological similarity,
stay location similarity, and co-occurrence frequency.

However, most of the aforementioned methods focus on
specific types of relations or single-dimensional analyses
and are designed only for homogeneous datasets. In this
study, considering these limitations, we construct corre-
sponding hypergraph networks modules for trajectory in-
formation at different granularities. Additionally, we design
multiple attention mechanisms tailored to different feature
extractions, ultimately achieving the fusion of different lev-
els of trajectory information through the KANs mechanism.

Preliminaries

In this section, we first introduce some preliminary concepts
and then formally define the problem of cross-domain tra-
jectory user association. Let i = {uy, us, ..., u;} represent
the set of users that exist across different datasets.

* Spatio-Temporal Check-in Point: A check-in p is a tu-
ple consisting of a location [ € L, a check-in category
¢ € C, and a timestamp ¢(0 <= t <= 24), where loca-
tion [ represents the geographical coordinates (i.e., lon-
gitude and latitude). Formally, p = (I, ¢, t), representing
a check-in at location [ of category c at time ¢.

Mobility Trajectory: A Mobility trajectory is a
spatio-temporal sequence of check-ins generated by
user u; in chronological order. Formally, T'r,,

{p17p27 7pm}

Cross-Domain Trajectory User Association Task:
Given a user set i/ = {uy,us,...,u;} and a set of data
sources from different domains D = {D1, Da, ..., D,, },
for each data source Dy, with an anonymous trajectory
set Tr(*) and known user trajectory set Tn(f), the objec-
tive of the cross-domain trajectory user association task
is to learn a mapping function f:7rM U TrP U... U
Tr(™ — U such that anonymous trajectories from dif-
ferent data sources can be linked to the corresponding
user set .
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Figure 1: The overview of StarNet. (a) The process of capturing correlations between spatial positions in trajectories and
dynamically learning multi-dimensional feature relations. (b) Learning complex connections between trajectories and between
users and trajectories, while capturing high-order features of cross-domain trajectories. (c) Utilizing an associator to achieve

precise user identity linkage.

Methodology

In this section, we introduce the details of our model, Star-
Net (as shown in Figure 1). It comprises three key com-
ponents: (1) Local Spatio-Temporal Enhanced Graph Neu-
ral Network Module, (2) Global Spatio-Temporal Enhanced
Hypergraph Network Module, and (3) Fusion Enhanced As-
sociation Module.

Local Spatio-Temporal Enhanced Graph Neural
Network Module

Spatio-Temporal Convolutional Network and Multi-
Dimensional Feature Encoding To capture the correla-
tions between all spatial positions in trajectories, we con-
struct a local spatio-temporal graph G; V1, &), where
each grid cell is a node in G;. If two consecutive trajectory
points map to different grid cells, an edge is created between
these two grid cells (nodes). We employ a graph convolu-
tional network on this local spatio-temporal graph to learn
the local embedding representation of trajectories.

To jointly capture the topological structure and spatial lo-
cation information between the grid cells, we first perform
convolution operations on the local spatio-temporal graph
G;. The multi-layer spatio-temporal convolutional network
executes the following hierarchical propagation rules:

H{"Y = ReLU (D, *A,D; *H{"W[")

where w( ") is a trainable welght matrix, A; is the adjacency
matrix, A; = A; + I, and Dl = Z Al” H(O) - X,

X represents the feature matrix of G;. H ) € R"*4 is the
output of the i-th layer.

When deeply analyzing human mobility data, relying
solely on spatial information is often insufficient to cap-
ture the complexity of user behavior. Therefore, we integrate

ey
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temporal features, semantic features, and group features of
trajectory data into the trajectory feature enhancement mod-
eling process.

We design three sparse linear embedding layers to encode
the time window ¢;, semantic information s;, and group la-
bel c;, forming a multi-dimensional feature representation
vector x;:

T = U(FC([thi + by; Wesi + bs; Wee; + be; Hy (gz)D)
(2)
where o is the activation function, Wy, W, W, b;, bs, b.. are
learnable parameters in the embedding layers, [;;] denotes
the concatenation function, and F'C/(+) denotes the fully con-
nected layer. H;(g;) means the local embedding of grid g;.

Dynamic Composable Multi-Head Attention Encoder
To better integrate multi-dimensional information features
such as spatiotemporal features, semantic features, and
group features, and to fully capture the long-term com-
plex dependencies within sequences, we propose a dynamic
composable multi-head attention mechanism. By introduc-
ing learnable compositional functions and dynamically ad-
justing attention weights, it enhances the model’s respon-
siveness and adaptability to different trajectory features.

To reinforce the time-awareness capability of sequence
data, positional encoding is first added at the input stage:

Z;=X,+PE + 3
. . POS
PE(pos, 2i) = sin (W) ()
. pOs
PE(pos, 2i + 1) = cos (W) (5)

In this context, X; = {1, 22, 23..., %} denotes the po-
sitional embeddings of all grids within the trajectory 1'r,,,,



with positional encoding applied to distinguish the positions
in the sequence, where pos represents the respective posi-
tion indices. The dynamic composable multi-head attention
mechanism dynamically adjusts its internal representations
based on the specific characteristics of the trajectory, thereby
optimizing the information fusion process. The detailed im-
plementation of this mechanism is as follows:

First, the input tensor Z; is multiplied by the projection
matrices for the queries W& and keys WX, generating the
initial attention score matrix A;:

A0
N

This step captures the initial correlations between ele-
ments and normalizes them by the square root of the di-
mension Dj, of each attention head, stabilizing the training
process and preventing gradient vanishing. Next, a learnable
pre-composition function Compose is used to dynamically
adjust the attention distribution based on the input trajectory
features:

6)

A% = Compose (A®, Q, K; Oyre ) )

Here, 0, are trainable parameters that adjust the prelim-
inary attention scores before applying Softmax, ensuring
that the attention mechanism can accurately identify and re-
spond to key information within the trajectory data. The pro-
cessed scores A are then normalized using the Softmax
function to generate standardized attention weights A" :

A" = Compose (Softmax (A%, dim = —1), Q, K; Opox)
(®)
The parameters s further fine-tune and optimize the
model’s responses, allowing it to refine the weight distribu-
tion based on the already adjusted attention scores, thus op-
timizing the understanding of different temporal points, se-
mantic layers, and group features within the trajectory data.

Finally, the output of each attention head O; is computed:

0; =AY (VW) ©9)

O; = Concat(O},02...,OMW© (10)

O represents the result after integrating information from
all attention heads. By leveraging its unique learnable and
adaptive properties, the dynamic composable multi-head at-
tention mechanism optimizes the processing of multi-source
trajectory data, enhancing the model’s flexibility and effi-
ciency in capturing complex data features.

Global Spatio-Temporal Enhanced Hypergraph
Network Module

Construction of the Global Spatio-Temporal Enhanced
Hypergraph To more effectively model and uncover the
complex connections between trajectories and the relations
between users and trajectories, this study constructs a global
spatio-temporal hypergraph Gy = (Vp, £xr). In this spatio-
temporal hypergraph, we define two types of nodes: trajec-
tory nodes 1'r,, and user nodes u; We connect trajectory
nodes and user nodes through hyperedges to represent their
complex relations.
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With the definition and construction of the aforemen-
tioned structure, the spatio-temporal hypergraph neural net-
work can effectively process and learn these complex node
relations. The hypergraph convolutional layer aggregates
and propagates information through the following formula:

H(l+1) :U(D;l/QHDe_lHTD,Jl/QH(l)W(l)) (11)

where H is the incidence matrix, D, and D, are the de-
gree matrices of the nodes and hyperedges, respectively, and
W (l) is the weight matrix of the layer. ¢ is an activation
function, such as the Re LU activation function. This spatio-
temporal hypergraph neural network model can not only
capture the spatial relations between trajectories in depth
but also reveal the deep-level connections between users and
their trajectories.

Cross-Attention Mechanism To deeply learn and capture
the features of cross-domain trajectories, we incorporate the
cross-attention within the spatio-temporal hypergraph neural
network. This mechanism aims to extract high-order rela-
tions and dynamic interactions from trajectory data through
a refined multi-layer structure. Additionally, to address the
issues of node weight averaging and information dilution,
we implement a cross-domain trajectory weight distribution
mechanism to ensure more rational attention allocation.

In each layer of the hypergraph, we configure two special-
ized aggregation functions responsible for analyzing and in-
tegrating information among nodes from different perspec-
tives to capture and express complex spatial and temporal
dependencies.

fi= Ao (W | Vg € e5}) = a( > aa-kwlhi”)
e (12)

A O ey <) <o 3 80
ej'EEi (13)

where €; represents the set of hyperedges connected to node
v;, and f; is the hyperedge representation. [ denotes the layer
number. Aedge2node (Ae2n) and Anode?edge (An2e) are two
aggregation functions representing updates from hyperedges
to nodes and from nodes to hyperedges, respectively. o and
B are the corresponding attention weights, while W and W5
are trainable weight matrices. The hypergraph network with
cross-attention can capture high-order relations and extract
key information from the association between trajectories
and users.

The key focus of the spatio-temporal hypergraph is to
enhance the representation of each hyperedge and hypern-
ode. However, when a hyperedge connects multiple nodes,
a challenge arises as it can lead to the averaging of these
nodes’ weights and dilution of critical information. To ad-
dress this, we employ a cross-domain trajectory weight dis-
tribution mechanism, ensuring more rational attention allo-
cation and improving the quality of analysis. The attention
matrix « for nodes to hyperedges is computed as follows:

(14)



u, = MLP (R} ") (15)
eXP(Uk)

_ 16

D nace; exp(ua)> (16)

where dj, represents the trajectory association degree of
node k£ with other nodes, including shared geographic lo-
cations, similar time stamps, or user behavior patterns. uy is
a weight factor adjusted based on trajectory association de-
gree to strengthen the connection with key nodes or paths.
Similarly, the attention matrix 8 for hyperedges to nodes is
calculated as follows:

ej = MLP(f}, hi™")

o, = Softmax <lk

a7

)> (18)

Bij = Softmax (lj-
>

eq€ej

The final layer output is H;, = {h{ ... hL}. Through
the above mechanisms, we ensure that in the complex struc-
ture of multiple nodes and hyperedges, the attention weights
of each node and hyperedge are reasonably allocated, thus
avoiding information dilution and enhancing the model’s ex-
pressive capability and analytical quality.

Contrastive Normalization Layer Inspired by the princi-
ples of contrastive learning, we enhance feature uniformity
in the embedding space through a contrastive normalization
layer, mitigating the phenomenon of dimensional collapse.
The primary formula is as follows:

H, = Hy — ; softmax(HHT)H, — (19)
where Hj, and H, represent the representations before and
after the update, respectively, and s is the gradient descent
step size. By updating after a certain representation layer, we
can reduce the uniformity loss, thereby helping to alleviate
dimensional collapse. The application of the contrastive nor-
malization layer allows us to improve the performance and
generalization ability of deep models without significantly
increasing the number of parameters.

Fusion Enhancement Correlation Module

To overcome the challenges of high computational com-
plexity, insufficient generalization ability, and suboptimal
handling of non-linear data during information fusion,
we employ a fusion enhancement method based on the
Kolmogorov-Arnold Networks (Liu et al. 2024).

We define the shape of a KAN as [ni,...,nr+1),
where L denotes the number of KAN layers. Notably, the
Kolmogorov-Arnold theorem is defined by a KAN of shape
[n,2n + 1,1]. A more general, deeper KAN can be repre-
sented by composing L layers:

vy =KAN(x) = (P o®r_10...0P)x. (20)

To fully utilize the fused cross-domain trajectory informa-
tion, we design an association mechanism whose core ob-
jective is precise user identity linkage. Specifically, we first
perform high-level feature extraction on the local represen-
tation O! and global representation H. 7 of each trajectory to
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capture the complex relations of user behavior across dif-
ferent spatial and temporal scales. To effectively integrate
these features, we employ the KAN layer, which can adap-
tively fuse local and global information, ensuring the com-
prehensiveness and consistency of cross-domain trajectory
representation.

Under the processing of the KAN layer, the advanced rep-
resentation of trajectories is mapped to a vector space of di-
mension |I/|, thereby generating feature vectors that reflect
user identity associations. The specific calculation process is
as follows:

yi = W, (KAN (O, HY)) + b, 1)
where W, € RIUI%24 and b, € Rl are learnable weight
matrices and biases, respectively, and the vector y; is the es-
timated probability of associating trajectory T'r; with a user.

To train our model, we apply cross-entropy as the loss
function and optimize our model using the backpropagation
algorithm. We define the cross-entropy-based loss function
as follows:

¢
1 A
LO) =~z Y clge)+5 1017 @2
=1

where c; is the true label of the cross-domain trajectory 7'r;,
o is the softmax function, ( is the number of training trajec-
tories, O is the set of all trainable parameters, and A is an L2
regularization hyperparameter to mitigate overfitting.

Experiments

We evaluated the performance of StarNet in cross-domain
trajectory association tasks, which involve associating cross-
domain users based on their historical trajectories. Our aim
was to address the following four primary research ques-
tions:

* RQI: How does StarNet perform in cross-domain trajec-
tory association tasks compared to existing methods?

RQ2: What is the relative importance of semantic fea-
tures, temporal features, and group features in trajectory
feature representation?

RQ3: Is the attention mechanism design of StarNet ef-
fective in capturing intra-trajectory dependencies and the
significance of cross-domain trajectory features?

RQ4: How does the design of the contrastive normaliza-
tion layer and the KAN layer influence the efficacy of
StarNet?

Settings

Datasets We utilize real-world cross-domain LBSN
datasets, Foursquare-Twitter(Zhang, Kong, and Yu 2014)
and Instagram-Twitter(Riederer et al. 2016), to validate our
proposed model. The statistical information of these datasets
is provided in Table 1.

We use the baseline source code published by the authors,
employing the parameter settings recommended in the orig-
inal papers and fine-tuning for each dataset to achieve opti-
mal performance. In our experiments, we set the embedding



Dataset User numbers Location numbers Check-ins
Instagram 2505 59639 428292

Twitter 1721 46312 447972
Foursquare 2970 16689 44915

Twitter 1228 10472 53337

Table 1: Basic information of the datasets

dimension d=128, the number of multi-head attention heads
to 8, and the regularization parameter to Se-4. For fair com-
parison, we set the number of epochs to 80, batch size to
16, and dropout to 0.5 for all learning methods. The learn-
ing rate was adjusted from 0.0001 to 0.01, using an early
stopping mechanism with patience set to 10 to avoid overfit-
ting. Each experiment was repeated 10 times, and we report
the average results. All experiments for model efficiency
evaluation are conducted on a machine with Intel Xeon(R)
Gold 6348@2.60GHz 24 core CPU, 100GB memory, and
NVIDIA Tesla A800 (80GB) GPU.

Baselines We compare StarNet with seven baselines al-
gorithms, including (1)TULER-GRU (Gao et al. 2017),
(2)TULER-LSTM (Gao et al. 2017), (3) TULER-BiLSTM
(Gao et al. 2017), (4)T3S (Yang et al. 2021), (5)DPLink
(Feng et al. 2020), (6)TULAM (Li et al. 2024), (7)AttnTUL
(Chen et al. 2024).

Overall Performance Comparison (RQ1)

We first evaluated the overall performance of StarNet on two
datasets and compared it with state-of-the-art baselines. The
overall performance of each model is reported in Table 2,
where the best performance is highlighted in bold and the
second best is underlined.

From the results in Table 2, we can see that our model
achieved the best performance across all metrics on both
cross-domain datasets. This is because our designed local
graph neural network and global enhanced hypergraph net-
work model effectively capture the micro and macro spa-
tial features of spatiotemporal trajectories. Furthermore, our
dynamic composable multi-head attention can dynamically
learn and integrate dependencies on trajectory sequences,
temporal dimensions, group features, and semantic informa-
tion. Through KAN, it can adaptively fuse local and global
representations. This is the primary reason our model per-
forms best on both sparse datasets (i.e., Foursquare-Twitter)
and dense datasets (i.e., Ins-Twitter).

The results in Table 2 show that on sparse datasets, our
model outperforms the state-of-the-art baseline AttnTUL on
metrics such as ACC@1, ACC@5, and Macro-F1. Specif-
ically, our model improved ACC@1 by 12.80%, ACC@5
by 8.30%, and Macro-F1 by 17.22% compared to AttnTUL.
These significant performance improvements demonstrate
the effectiveness of our model in handling trajectory data
with complex spatiotemporal dependencies.

On dense datasets, our model also exhibits excellent per-
formance. Compared to AttnTUL, our model achieved sig-
nificant improvements in ACC@1, ACC@5, and Macro-
F1 metrics. Notably, our model improved ACC@1 by
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Figure 2: An ablation study on Feature Factor.

7.16%, highlighting its strong capability in integrating
multi-dimensional spatiotemporal information.

Feature Factor Analysis (RQ2)

To investigate the contributions of different sources to tra-
jectory feature representation, we introduced three variants
of StarNet: StarNet-T, StarNet-C, and StarNet-P. These vari-
ants respectively represent models where temporal, group,
and semantic features are removed from the trajectory fea-
tures. We compared the performance of these three variants
with StarNet, and the results are shown in Figure 2. Notably,
the inclusion of temporal, semantic, and group features all
contribute to performance improvement. Among these, the
inclusion of group features is particularly effective in en-
hancing the ability to identify trajectories.

Study of Attention Mechanism in StarNet (RQ3)

We conducted ablation experiments to verify the necessity
of the attention mechanism. Specifically, we designed two
variants: StarNet-STCAttn (S-S) and StarNet-CrossAttn (S-
C), which represent the removal of the dynamic compos-
able multi-head attention mechanism in the local graph and
the cross-attention mechanism in the global graph, respec-
tively. As shown in Figure 3, the ablation study highlights
the importance of attention mechanisms in capturing intra-
trajectory dependencies and cross-domain trajectory fea-
tures. The comparison results of StarNet-STCAttn indicate
that the dynamic multi-head composable attention in the lo-



Methods \

Foursquare-Twitter

Ins-Twitter

\ ACC@l ACC@5 Ma-P Ma-R  Ma-Fl \ ACC@1 ACC@5 Ma-P Ma-R  Ma-Fl
TULER-GRU 0.4078 04777 03056 03316 0.2995 | 0.5970 0.6164 0.4837 0.4908 0.4675
TULER-LSTM 0.4082 0.4921 03121 0.3491 0.3088 | 0.5884 0.6228 0.5108 0.5150 0.4960
TULER-BIiLSTM | 0.4196 0.5197 03117 0.3470 0.3085 | 0.6024 0.6312 05112 0.5221 0.5056
T3S 0.4413 0.5441 03483 03664 0.3388 | 0.6315 0.6681 0.5212 0.5380 0.5139
DPLink 0.4512  0.5520 0.3518 0.3754 0.3455 | 0.6365 0.6721 0.5694 0.5232 0.5267
TULAM 0.4865 0.5763 03672 0.3929 0.3623 | 0.6446 0.6885 0.5717 0.5441 0.5382
AttnTUL 0.5485 0.6458 0.4538 0.4206 0.4006 | 0.6896 0.7614 0.6103 0.5820 0.5715
StarNet 0.6187 0.6994 0.5127 0.4675 0.4696 | 0.7390 0.8026 0.6571 0.6195 0.6154
Improve 12.80% 8.30% 12.98% 11.15% 17.22%| 7.16% 5.41% 7.67% 6.44% 7.68%
Table 2: The overall performance of StarNet
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Figure 3: An ablation study on Attention Mechanism.

cal graph is highly effective for capturing complex dynamics
within trajectories. Notably, StarNet-CrossAttn’s ACC@1
performance is significantly lower than that of StarNet, indi-
cating that cross-attention in the global graph is crucial for
extracting key information among different trajectories.

Comparison of Normalization Layer and KAN
Layer Design Study (RQ4)

We conducted ablation experiments to evaluate the impact of
the normalization layer and the KAN layer on StarNet. Two
variants were considered: one where the normalization layer
was removed (S-C), and another where the KAN layer was
replaced with an MLP layer (S-K). As shown in Figure 4,
the experiments with StarNet-ContraNorm demonstrate that

A@1l A@5 Ma-P Ma-RMa-F1
(a)Foursquare-Twitter

A@1 A@5 Ma-P Ma-RMa-F1
(b)Ins-Twitter

Figure 4: An ablation study on Comparison of Normaliza-
tion Layer and KAN Layer.

the proposed contrastive normalization layer plays a posi-
tive role in addressing the problem of oversmoothing in spa-
tiotemporal enhanced hypergraph networks. The experimen-
tal results of StarNet-KAN, compared to StarNet, show the
advantages of using the KAN network over MLP to integrate
local and global information, highlighting the effectiveness
of KAN in handling complex spatio-temporal data.

Conclusion

In this paper, we propose a model StarNet for identifying and
linking user trajectories across domain datasets. The local
spatio-temporal enhanced graph neural network module in-
tegrates graph convolutional networks with a dynamic com-
posable multi-head attention mechanism to adaptively adjust
multi-dimensional data features. To capture higher-order re-
lations between cross-domain trajectories and mitigate tra-
jectory sparsity, the global spatio-temporal enhanced hy-
pergraph network module incorporates cross-attention and
contrastive normalization layers into the spatio-temporal
hypergraph network. Finally, the fusion-enhanced associa-
tion module employs the KANs to adaptively merge local
and global trajectory representations, achieving precise user
identity linkage. Extensive comparative experiments on two
real-world LBSN cross-domain datasets demonstrate that
StarNet significantly outperforms state-of-the-art baseline
models across all evaluation metrics.
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