\Z I El' A International Information and

Engineering Technology Association

Traitement du Signal
Vol. 43, No. 1, February, 2026, pp. 275-301

Journal homepage: http://iieta.org/journals/ts

Visual Perception-Driven Point-of-Interest Prediction via Multi-View Disentanglement and N

Spatial Encoding

Chenxuan Lai”, Huai Lin

, Dewen Seng”

Check for
updates

School of Computer Science and Technology, Hangzhou Dianzi University, Hangzhou 310018, China

Corresponding Author Email: sengdw@hdu.edu.cn

Copyright: ©2026 The authors. This article is published by IIETA and is licensed under the CC BY 4.0 license
(http://creativecommons.org/licenses/by/4.0/).

https://doi.org/10.18280/ts.430120

ABSTRACT

Received: 30 September 2025
Revised: 25 December 2025
Accepted: 23 February 2026
Available online: 28 February 2026

Keywords:

spatial representation learning, graph
convolutional networks, multi-view
disentanglement,  contrastive  learning,
spatial perception, positional encoding

The effective modeling of complex multidimensional interactions in spatial environments is
a critical challenge in intelligent sensing and urban computing. Existing approaches often
fail to simultaneously capture global structural dependencies and local spatial attributes
when modeling spatial interaction intensity and location distribution patterns. Furthermore,
representation entanglement during multi-source information fusion limits the capacity to
characterize complex scenarios. To address these limitations, a graph-based representation
learning framework that integrates spatial frequency information and positional encoding
was proposed from the perspective of spatial perception modeling. Furthermore, a spatial
representation model based on multi-view disentanglement and adaptive fusion was
developed. Spatial interaction frequency was introduced to weight node relationships,
thereby enhancing the expressiveness of graph structures in capturing significant interaction
patterns. In parallel, positional encoding was incorporated into node representations to
improve sensitivity to spatial distribution characteristics. Building upon this foundation, a
multi-view disentangled representation learning framework was constructed, in which
global interaction dependencies, temporal behavioral patterns, and spatial proximity features
were modeled separately. A contrastive learning strategy was employed to enforce
consistency across views while promoting complementary information extraction.
Subsequently, an adaptive fusion mechanism was utilized to generate unified spatial
representations. Experimental results on real-world spatial interaction datasets demonstrate
that superior performance was achieved across multiple evaluation metrics compared to
baseline methods, indicating that prediction accuracy for spatial targets is significantly
improved. These findings suggest that the integration of graph representation learning with
multi-view disentanglement enhances the model’s capability to capture complex spatial
scenarios and offers a promising approach for visual perception—driven spatial intelligence
applications.

1. INTRODUCTION

traditional recommendation tasks, spatial behavior modeling
is subject to more complex constraints. Specifically, spatial

1.1 Research background and significance

With the rapid proliferation of mobile internet technologies
and intelligent terminals, location-based spatial interaction
data have increased substantially. Data derived from check-in
behaviors tightly couple user activities with geographic
locations and are often accompanied by multimodal
information, including textual reviews, ratings, and images,
thereby forming large-scale spatial behavioral datasets. Under
such circumstances, the extraction of stable behavioral
patterns from massive data and the realization of personalized
spatial prediction have become critical research challenges.
Spatial target prediction and recommendation exhibit
substantial practical value across a wide range of applications.
These approaches are not only fundamental to local service
platforms and location-based service systems but also provide
essential support for route planning, urban resource allocation,
and human mobility analysis. However, compared with
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distance exerts a significant influence, leading to a distance
decay effect in user behavior [1]. Meanwhile, interaction data
are typically highly sparse, with limited user visit records
available [2]. In addition, user behavior demonstrates
pronounced temporal dynamics and periodic patterns, which
further increase the complexity of modeling.

To address these challenges, methodological development
has evolved from rule-based approaches to representation
learning paradigms [3]. Early methods relied primarily on
distance-based or popularity-based ranking strategies, which
were insufficient for capturing individual preferences.
Subsequently, collaborative filtering and matrix factorization
techniques introduced latent representation spaces; however,
their effectiveness was constrained by data sparsity and
limited expressive capacity under linear assumptions. More
recently, graph neural networks have enabled the learning of
high-quality representations from complex relational
structures, thereby providing a promising technical foundation
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for spatial modeling.
1.2 Related work

To address the challenges of sparsity and heterogeneity in
spatial interaction data, a relatively well-structured technical
framework has gradually been established in existing studies
[4, 5]. Current approaches can be broadly categorized into
traditional methods, deep learning—based methods, graph
neural network—based methods, and disentanglement and
contrastive learning—based methods [6-8].

1.2.1 Traditional spatial modeling methods

Early approaches were primarily developed based on
collaborative filtering paradigms, in which predictions were
generated by exploiting user similarity [9]. However,
performance was observed to be unstable under sparse data
conditions. To mitigate this limitation, matrix factorization
techniques were introduced, where low-dimensional latent
representations were learned to alleviate sparsity issues.
Representative methods such as the ranking-based
geographical  factorization model [10] incorporated
geographical factors into the modeling process, while the
factorized personalized Markov chain [11] enhanced
representational capacity by integrating multiple contextual
features. In addition, spatial semantic information has been
explored through representation learning techniques [12], and
spatiotemporal factors have been incorporated into ranking-
based modeling frameworks [13]. Nevertheless, these
approaches remain fundamentally constrained by their linear
modeling capacities.

1.2.2 Deep learning—based spatial representation learning
methods

Deep learning—based approaches have been developed to
enhance the modeling capacity of spatial behavioral patterns
through neural network architectures. In sequence modeling,
recurrent neural networks and their variants have been widely
adopted to capture temporal dependencies in user behavior
[14, 15], and have been applied extensively to spatial
prediction tasks [16]. Long short-term memory and gated
recurrent unit architectures have further improved the
capability to model long-term dependencies. For instance, the
long- and short-term preference modeling method integrates
both long-term and short-term user interests, enabling multi-
scale modeling [17]. The introduction of attention mechanisms
has allowed critical behavioral segments to be selectively
emphasized. Representative models such as the Spatio-
temporal attention network incorporate spatiotemporal
attention to enhance representation performance [18].
Subsequently, Transformer-based architectures [19] have
demonstrated superior performance in sequence modeling
tasks. Models such as the self-attentive sequential
recommendation have been shown to effectively capture long-
range dependencies [20, 21].

1.2.3 Graph neural network—based spatial relationship
modeling methods

Graph neural networks have been widely recognized as
effective tools for modeling complex relational structures in
spatial interaction data [22, 23]. Compared with sequence-
based models, graph structures enable more natural
representations of multi-relational interactions and enhance
feature learning through neighborhood aggregation
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mechanisms [24]. As illustrated in Figure 1, a typical user—
point-of-interest bipartite graph structure is adopted, in which
users are connected exclusively to points of interest, and no
direct connections are established among user nodes.
Similarly, point-of-interest nodes are only connected to user
nodes, without direct links to other points of interest.

User Set

POU Set

Figure 1. User—point-of-interest bipartite graph

The graph convolutional network proposed by Kipf et al.
[25] laid the foundational framework for this research
direction. Subsequently, the light graph convolutional network
improved computational efficiency through structural
simplification [26]. Building upon these advances, a variety of
graph structure extensions have been introduced, including
geographical proximity graphs and semantic graphs [27-29],
as well as graph-based sequential modeling approaches such
as the session-based recommendation with graph neural
networks [30, 31]. In addition, hypergraph-based methods
have been developed to capture higher-order relational
dependencies, such as disentangled contrastive hypergraph
learning [32, 33]. Collectively, these approaches have
significantly enhanced the capability of spatial relationship
modeling.

1.2.4 Disentangled representation learning and contrastive
learning methods

With the continuous improvement of model capacity,
research focus has gradually shifted toward semantic
disentanglement. Disentangled representation learning aims to
map different underlying factors into independent latent
subspaces, thereby improving representation quality and
interpretability [34, 35]. As illustrated in Figure 2, the
disentanglement task in point-of-interest recommendation is
conceptually presented, where factors originally entangled
within a shared embedding space are separated into distinct
subspaces. Specifically, the blue component represents
geographical preference, the orange component corresponds
to sequential preference, and the purple component denotes
collaborative preference.

Representative approaches, such as the macro-micro
disentangled variational auto-encoder [36] and the
disentangled graph convolutional network [37], model user
preferences through multi-dimensional latent representations.
Building upon these methods, a disentangled dual-graph



framework for point-of-interest recommendation (DisenPOI)
further decomposes user behavior into multiple preference
factors, enabling finer-grained modeling of spatial interactions
[38]. In parallel, contrastive learning has been widely adopted
to enhance representation robustness by constructing positive
and negative sample pairs to constrain the embedding space
[39, 40]. For example, self-supervised graph learning [41]
introduces graph augmentation strategies to formulate
contrastive learning tasks, while extremely simple graph
contrastive learning [42] reduces computational complexity
through noise-based perturbation mechanisms. These
approaches have been shown to effectively reduce information
redundancy across different semantic subspaces [34].

Entangled
Representation

AN Disentanglement PorA [N
[ ——

POIB [ rolB I

POIC rolC N

Figure 2. Conceptual illustration of disentangled
representation learning

1.3 Research content

Spatial behavior is characterized by pronounced regional
concentration and temporal regularity, while heterogeneous
dependencies on spatial, temporal, and preference-related
factors are observed across different users [43-45]. In this
context, the following research problems are addressed:

(a) Existing graph-based collaborative filtering methods
insufficiently exploit interaction intensity and positional
information in spatial scenarios;

(b) Disentangled representation learning models lack
personalized mechanisms during the fusion stage, limiting
their ability to capture user-specific differences;

(c) Collaborative signals are inadequately modeled in multi-
view learning frameworks, thereby affecting the completeness
of learned representations.

To address these challenges, the following contributions are
made:

(a) A Spatial Frequency—aware Light Graph Convolutional
Network (SF-LightGCN) model integrating spatial interaction
frequency and positional encoding is proposed. By
incorporating weighted graph structures and spatial encoding
mechanisms, the expressive capacity of baseline
representations is enhanced;

(b) A three-view disentangled representation learning
model with adaptive fusion, termed DisenPOI++, is
developed. A collaborative view is introduced, and a user-
level dynamic fusion mechanism is designed to improve the
capability of personalized representation learning;

(c) Extensive experiments are conducted on real-world
datasets, including Foursquare and Gowalla. The effectiveness
of the proposed models is validated through comprehensive
comparative evaluations and ablation studies.

1.4 Organization of the study

The remainder of the study is organized into six chapters,
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structured as follows:

Chapter 1: Introduction. The research background and
significance are presented, the related work is systematically
reviewed, and the research problems and primary
contributions are clearly defined.

Chapter 2: Theoretical Foundations and Technical
Background. The problem formulation of spatial behavior
modeling is introduced, along with key methodologies,
including graph convolutional networks, disentangled
representation learning, and contrastive learning.

Chapter 3: SF-LGCN Model. A spatial representation
learning model integrating spatial interaction intensity and
positional encoding is proposed. The model architecture,
information modeling strategy, and optimization process are
described in detail.

Chapter 4: DisenPOI++ Model. A multi-view disentangled
representation learning model with adaptive fusion is
developed. The three-view disentanglement mechanism, gated
fusion strategy, and training procedure are elaborated.

Chapter 5: Experiments and Analysis. Experimental
settings are introduced, and model performance is evaluated
through comparative experiments, ablation studies, and
parameter sensitivity analysis.

Chapter 6: Conclusion and Future Work. The research
findings are summarized, existing limitations are analyzed,
and potential future research directions are discussed.

2. THEORETICAL FOUNDATIONS AND TECHNICAL
BACKGROUND

In this chapter, fundamental theories and key methodologies
closely related to the present research are introduced,
providing the theoretical basis for the design and analysis of
the proposed models in subsequent sections.

2.1 Problem formulation of spatial behavior modeling

2.1.1 Notation and definitions

To facilitate subsequent formulation and analysis, the
fundamental notations and definitions used in point-of-interest
recommendations are first introduced. Let U={uy,u,,...,u)}
denote the set of users, where M represents the total number of
users. Let P = {p,,p,,....,p} denote the set of points of
interest, where N is the total number of points of interest. Each
point of interest p, is associated with a geographical
coordinate (lat,lon;), representing its latitude and longitude,
respectively. The interaction between users and points of
interest is represented by an interaction matrix RERYV, In
implicit feedback scenarios, each element r,,€{0,1} indicates
whether user u has visited the point of interest p,. Furthermore,
the check-in frequency of user u at p, is denoted as f(u,p,),
representing the total number of visits made by user u to p,
during the observation period. It is defined that f{u,p )>1 if and
only if ,=1. The set of points of interest visited by user u
constitutes the positive sample set, denoted as Pu:{plEP|
rui:l} . When temporal information is considered, the
historical check-in sequence of user u is represented as an

ordered sequence S,= {pﬁ‘,pg,...,p’l‘s |}, where p denotes the

point of interest visited by user u at the ¢-th check-in, and |S,|
represents the total number of check-ins for user. The check-
in sequence can be further segmented into multiple sessions



based on temporal intervals, denoted as {s},s5.,...}, where each

session s} consists of a consecutive subsequence of check-ins
within a specific time window.

2.1.2 General top-K recommendation and next point-of-
interest recommendation

Point-of-interest recommendations can be broadly
categorized into two paradigms depending on whether
temporal information in user check-in behavior is explicitly
considered: general Top-K recommendation and next point-
of-interest recommendation. The two proposed models
correspond to these respective paradigms.

(a) General top-K point-of-interest recommendation

The objective of general top-K recommendation is to
identify the K points of interest that are most likely to be of
interest to a user from the entire set of candidate points of
interest, based on historical check-in data. In this paradigm,
the temporal order of check-in behavior is not explicitly
considered; instead, all historical interactions are treated as an
unordered set, with emphasis placed on modeling the user’s
global and static preferences. Formally, given the historical
interaction set P, of user u, along with auxiliary information
(e.g., check-in frequency f(u;), and geographical coordinates
of points of interest), a scoring function F,,,. is learned to
estimate the preference score for each candidate point of

User Historical Check-ins
(Without Temporal Order)

Visited POIs: Input

Restaurant A Cafe B ’
Library C Restaurant D ’
Cinema E

Recommendatio
n Model

interest p,€P,, as defined in Eq. (1):

j\/u[:Fqcore(u:pi ‘ PU’ C) (1)
where, C denotes the set of auxiliary information.
Subsequently, all candidate points of interest are ranked in
descending order according to the predicted preference scores
9 ;. and the top K points of interest are selected as the

recommendation result TopK(u)= {pl.l ,pl.z,...,pl.K}. A schematic

illustration of this recommendation paradigm is provided in
Figure 3.

General top-K recommendation represents one of the most
classical paradigms in recommendation systems. Its core
technical foundation lies in collaborative filtering, where user
preferences and point-of-interest characteristics are inferred
from the user—point-of-interest interaction matrix. Both light
graph convolutional network and the proposed SF-LGCN
model belong to this paradigm. The primary advantage of this
approach lies in its relatively simple model structure and its
ability to fully exploit global interaction information.
However, a key limitation is that the temporal dynamics of
check-in behavior are neglected, resulting in an inability to
capture the evolution of user preferences over time as well as
the transition dependencies between consecutive check-ins.

Top-K Recommendation List

1.Restaurant F 0,93 ]

Predicted N .
redictec 2.Milk Tea Shop G 0.87 ]

Scores

3.Cinema E 0.66 |

[ K.Library C 0.57 ]

Figure 3. Illustration of general top-K point-of-interest recommendation

(b) Next point-of-interest recommendation

Next point-of-interest recommendation constitutes a more
fine-grained recommendation paradigm, in which the
objective is to predict the most likely point of interest to be
visited by a user at the next time step, given the historical
check-in sequence. In contrast to general top-K
recommendation, the temporal order of check-in behavior is
explicitly incorporated, with emphasis placed on modeling
dynamic user preferences and sequential transition patterns.
Formally, given the historical check-in sequence of user u,

denoted as S,= {p‘l‘,pg,...,p?sul}, or the current session sy,

together with relevant contextual information, a sequential
recommendation function F,,,, is learned to predict the next
point of interest to be visited, as defined in Eq. (2):

ﬁrSulﬂ =Fext(1,5,,C) @)
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In practical implementations, F,,,, assigns a probability or
preference score to each candidate point of interest, and the top
K points of interest with the highest scores are returned as the
recommendation list. An illustrative example of this paradigm
is provided in Figure 4.

Compared with general top-K recommendations, next
point-of-interest recommendations enable the modeling of
richer behavioral patterns. For instance, sequential transition
regularities such as a tendency to visit a cinema after lunch can
be captured, along with the dynamic evolution of user
preferences over time. Models such as DisenPOI and the
proposed DisenPOI++ belong to this paradigm, where session
graphs are constructed to model transition relationships among
points of interest as well as geographical proximity
relationships.

(c) Relationship between the two paradigms

It should be emphasized that the two paradigms described



above are not mutually exclusive but instead provide
complementary perspectives for modeling user preferences.
General top-K recommendation focuses on identifying the
types of points of interest that a user prefers in a global and
static sense, whereas next point-of-interest recommendation
aims to predict the point of interest that a user is most likely to
visit at a specific moment. Within the present study, SF-LGCN
enhances information utilization in point-of-interest
recommendation from the perspective of global collaborative
filtering, while DisenPOI++ achieves multi-factor
personalized modeling from the perspective of sequential
disentangled representation learning. Consequently, both
approaches contribute complementary improvements to point-
of-interest recommendations from different modeling levels.

2.2 Graph convolutional networks

2.2.1 Fundamentals of graph neural networks

Graph neural networks constitute a class of deep learning
models specifically designed for processing graph-structured
data [46]. Traditional deep learning models are primarily
developed for data in Euclidean space with regular grid
structures, such as images and speech signals, where
translation invariance is typically assumed and neighborhood

User u's Historical
Check-in Sequence

| Home 9: 00AM I

:

| Cafe B 10 00AM

.

’ Office C 11: D0AM l

:

‘ Noodle Restaurant D ’

12: 30PM

Recommendatio
n Model

structures are fixed. In contrast, a substantial amount of real-
world data is represented in non-Euclidean domains, including
social networks and knowledge graphs, where node
connections are irregular and topological structures are highly
complex. Graph neural networks are well suited to handle such
data. In point-of-interest recommendation systems, the
interaction relationships between users and points of interest
naturally form a bipartite graph structure, which provides a
suitable foundation for the application of graph neural
network-based methods in recommendation tasks. Formally, a
graph G=(V,E) consists of a set of nodes V and a set of edges
E. The structural information of the graph can be represented
by an adjacency matrix AeRVPIVI The core mechanism of
graph neural networks is message passing, which can be
summarized as follows: information is aggregated from
neighboring nodes (message aggregation), and node
representations are subsequently updated by integrating the
aggregated information with the node’s own features (state
update). Figure 5 illustrates the information propagation
process in graph convolutional networks. Among various
graph neural network architectures, the graph convolutional
network [25] is one of the most representative models. The
layer-wise propagation rule of the graph convolutional
network is defined as:

Prediction Results
Current Context

2:00 PM
Near the Office

Predicted Candidate
Scores

Prediction

Supermarket £ 0.45

Home 0.31

GymF 0.12

Figure 4. Illustration of next point-of-interest recommendation

Input Layer H° GCN Layer 1 H!

GCN Laver 2 H?

Output Layer
Softmax Classification

(a) Overall GCN Architecture
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3.Node Update
Function

R+

h :(-j )

aggv

(b) Message Passing Mechanism

Figure 5. Message passing mechanism in graph convolutional networks



H D= (DéZDéH(’) W(D) (3)

where, A=A+I denotes the adjacency matrix with self-loops
added, D is the corresponding degree matrix, H® represents

the node embedding matrix at the I-th layer, w® is the
learnable weight matrix, and ¢ denotes a nonlinear activation
function.

2.2.2 Lightweight graph convolutional network architecture

He et al. [26] observed that, when graph convolutional
networks are applied to recommendation systems, the feature
transformation matrices W and nonlinear activation functions
o do not contribute to performance improvement in
collaborative filtering tasks. Instead, these components may
degrade performance due to increased model complexity.
Based on this insight, the light graph convolutional network
was proposed, with the design principle of retaining only the
most essential operation in graph convolutional networks for
recommendation tasks, namely neighborhood aggregation.
Accordingly, the graph convolution operations in the light
graph convolutional network are simplified as follows:

QD Z 1 oD @
& NN
D Z () )
£ INTYIN]
where, ¢ and e,@ denote the embeddings of user « and item i

at the /-th layer, respectively, and N, and N; represent the
neighbor sets of user u# and item i. After L layers of graph
convolution, the final embeddings are obtained by aggregating
representations from all layers through weighted summation:

L

e Y a-el) ©)
=0
L

e= Z o -el@ (7)
=0

where, a; denotes the weighting coefficient for each layer,
which is typically set as a/=1/(L+1). Owing to its simplified
yet effective design, the light graph convolutional network has
become a benchmark model in graph-based collaborative
filtering. It also serves as the foundational architecture for the
SF-LGCN model introduced in Chapter 3.

2.2.3 Point-of-interest recommendation based on graph
convolutional networks

The application of graph neural networks in
recommendation systems has evolved from complex
architectures to more simplified and efficient designs. Early
approaches, such as the neural graph collaborative filtering
[47], introduced graph convolution into user—item bipartite
graphs, where feature transformation and nonlinear activation
were retained at each layer. Although performance
improvements were achieved, these models suffered from high
computational complexity and a tendency toward overfitting.
Subsequently, the light graph convolutional network [26]

280

demonstrated through empirical analysis that such operations
contribute minimally to collaborative filtering performance.
As a result, only the neighborhood aggregation mechanism
was preserved, leading to both structural simplification and
improved performance. This advancement highlights that the
core of recommendation tasks lies in effectively leveraging
interaction structures rather than relying on complex feature
transformations.

Building upon this foundation, subsequent studies have
further enhanced the expressive capacity of graph-based
models. The graph sample and aggregate method [48]
improves scalability in large-scale scenarios through
sampling-based aggregation, while graph attention networks
[49] enable differentiated modeling of neighboring nodes via
attention mechanisms. In the context of spatial
recommendation, additional efforts have been made to capture
complex spatiotemporal dependencies. For example, multi-
graph structures and geographically aware convolutional
operations have been employed to model spatial periodicity
and interaction patterns [50]. Moreover, multi-granularity
contrastive learning strategies have been introduced to
enhance the representations of users and points of interest [51].
These advancements provide a solid technical foundation for
integrating check-in frequency and geographical information
in the proposed approach.

2.3 Disentangled representation learning

2.3.1 Fundamental concepts of disentangled representation
learning

Disentangled representation learning aims to learn data
representations in which independent generative factors are
separated into distinct dimensions or subspaces within the
representation  space [35]. An ideal disentangled
representation is expected to satisfy the following property:
each subspace is sensitive to only one underlying factor of
variation, such that changes in a specific factor affect only the
corresponding subspace while leaving other subspaces
unaffected. For example, consider that an observed data
instance x is generated by K independent latent factors
{z1,23,...,zx} . The objective of disentangled representation
learning is to learn an encoder function f; defined as:

fG) = [, (), ()] ()

where, £, (x) is associated exclusively with the k-th generative
factor z;. As illustrated in Figure 6, a typical application of
disentangled representation learning in recommendation
systems involves decomposing user preferences into multiple
independent aspects, such as brand preference, price
sensitivity, and functional requirements. This decomposition
enables more fine-grained user profiling and recommendation
[36].

2.3.2  Multi-factor
recommendation
In point-of-interest recommendation scenarios, the selection
of target locations by users is typically influenced by multiple
factors, which imposes higher requirements on model
expressiveness and representation capacity. In recent years,
disentangled representation learning has been widely adopted
to address such multi-factor modeling challenges. Its core
principle lies in decomposing user preferences into multiple
mutually  independent semantic  dimensions, each

disentanglement in point-of-interest



corresponding to a latent influencing factor [52]. In spatial
recommendation tasks, three primary types of disentangled
factors are commonly identified. First, geographical
preference reflects the spatial concentration of user activities
and represents a key characteristic distinguishing spatial
recommendation from traditional recommendation systems.
Second, sequential preference captures temporal dependencies
in user behavior, enabling the modeling of dynamic transition
patterns in consecutive visits. Third, collaborative preference
is derived from collective behavioral patterns across users and
is used to uncover latent similarities among different users.
Existing methods exhibit varying emphases in disentangled
modeling. For instance, DisenPOI [38] primarily focuses on
the separation of geographical and sequential factors. More
recent studies have further incorporated collaborative signals
and introduced adaptive mechanisms to achieve dynamic
multi-factor fusion, thereby enhancing both the expressive

User Behavior Input

Browsing
History
- Shared User
Click Representation
Behavior
Purchase > l
Feedback
Disentanglement
Module
Mixed Raw
Interaction Signals

capacity of the model and the level of personalization.
2.4 Contrastive learning

2.4.1 Fundamental principles of contrastive learning

Contrastive learning is a self-supervised learning paradigm
in which representations are learned by constructing positive
and negative sample pairs, enabling the encoder to distinguish
between similar and dissimilar instances [39]. Unlike
traditional supervised learning, which relies on manually
annotated labels, contrastive learning derives supervision
signals directly from the intrinsic structure of data or through
data augmentation strategies. As a result, it has achieved
significant success across various domains, including image
recognition, natural language processing, and graph
representation learning. Figure 7 shows the application of
contrastive learning in image recognition.

[More Independent Dimensions, Bette

Independent Interest Subspaces

Recommendation
Results
Brand
Preference
Refined User
R Profile
Price

Sensitivity Accurate Ttem

Matching

Functional
Needs

Personalized
Recommendations

Other Latent
Interest Factors

Interpretability

Figure 6. Role of disentangled representation learning in recommendation systems
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Representation Space
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Pull Together
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Augmente
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Push Apart

Negative Pair: Low
Similarity
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Figure 7. Application of contrastive learning in image recognition

The general framework of contrastive learning is defined as
follows. Given an anchor sample x, a semantically similar
sample x” forms a positive sample pair, while a semantically
dissimilar sample x~ constitute negative sample pairs. The
objective of contrastive learning is to train an encoder f{-) such
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that the representations of the anchor and its positive sample
are pulled closer in the embedding space, while those of the
anchor and all negative samples are pushed farther apart. This
process can be interpreted as learning relative similarities
among samples within a predefined metric space. The



construction of positive sample pairs typically relies on
transformations applied to the original data. In computer
vision, common data augmentation techniques—such as
random cropping, rotation, and color jittering—are employed
to generate multiple views of the same image as positive pairs.
In natural language processing, semantically consistent
sentence pairs can be constructed through techniques such as
back-translation and token masking. In graph representation
learning, positive pairs may be formed by generating different
subgraph views of the same node or by applying perturbations
to the graph structure. Negative samples are typically drawn
either from other samples within the current mini-batch or
from a memory bank containing historical representations.

The most commonly used loss function in contrastive
learning is the information noise-contrastive estimation loss
[53], defined as:

exp(sim(z,z")/7)
exp(sim(z,z*)/r)+ XX, exp (sim(z.57)/7)

LCL=—10g (9)

where, z, z" and z; denote the representations of the anchor
sample, the positive sample, and the j-th negative sample,
respectively. The function sim(-,") represents a similarity
measure, typically implemented as cosine similarity. The
parameter 7 is a temperature hyperparameter, and K denotes
the number of negative samples. From an intuitive perspective,
this loss function encourages the similarity of positive sample
pairs to dominate among all candidate samples (i.e., one
positive sample and K negative samples), thereby maximizing
the probability that the positive pair is correctly identified. By
continuously pulling semantically consistent samples closer
and pushing inconsistent samples apart, contrastive learning
enables the extraction of invariant features that are strongly
correlated with semantic information, while suppressing
irrelevant variations introduced by data augmentation or noise.
Consequently, the learned representations exhibit strong
generalization and discriminative capabilities, making them
particularly suitable for pretraining or as auxiliary objectives
in downstream tasks.

2.4.2 Applications of contrastive learning in recommendation
systems

In recommendation systems, data sparsity has long posed a
significant challenge to the learning of high-quality
representations. Contrastive learning addresses this limitation
by constructing self-supervised training signals, enabling
latent structural information to be extracted directly from the
data and thereby improving both the robustness and
generalization capability of learned representations [54]. Self-
supervised graph learning [41] represents one of the earliest
attempts to incorporate contrastive learning into graph-based
collaborative filtering. In this approach, multiple augmented
views of the user—item interaction graph are generated through
stochastic perturbations, such as node dropping and edge
perturbation. The resulting node representations from different
views are treated as positive sample pairs for contrastive
learning, thereby enhancing the model’s robustness to
structural perturbations. Subsequently, the extremely simple
graph contrastive learning [42] introduced a simplified
framework in which contrastive views are constructed by
injecting noise directly into the embedding space, thus
avoiding complex graph augmentation procedures. Empirical
results demonstrate that the effectiveness of contrastive
learning primarily depends on representation consistency
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rather than the specific form of augmentation.

In the context of disentangled representation learning,
contrastive learning plays an even more critical role. Since
explicit supervision signals for different latent factors are
typically unavailable, contrastive learning provides indirect
constraints by constructing proxy positive and negative
samples, thereby facilitating the separation of different
semantic subspaces and reducing information redundancy
among representations. Furthermore, the application of
contrastive learning in recommendation systems has continued
to expand. On the one hand, it can be integrated with
pretraining strategies to learn general-purpose representations
from unlabeled data. On the other hand, it can be incorporated
as an auxiliary loss and jointly optimized with the main task to
improve overall representation quality. In summary,
contrastive learning has evolved from a technique for
alleviating data sparsity to a versatile framework for
enhancing representation robustness and supporting
disentangled modeling. This evolution provides essential
technical support for the proposed models, such as
DisenPOI++.

3. PROPOSED MODEL INTEGRATING SPATIAL
INTERACTION FREQUENCY AND GEOGRAPHICAL
INFORMATION

The light graph convolutional network has demonstrated
strong performance in collaborative filtering tasks, where its
simplified neighborhood aggregation mechanism enables
effective modeling of user—point-of-interest interaction
relationships. However, when directly applied to point-of-
interest recommendation scenarios, two notable limitations
remain. First, variations in interaction intensity between users
and points of interest are not explicitly considered. Second, the
geographical information associated with points of interest is
not incorporated into the model. To address these limitations,
an enhanced model, termed SF-LGCN, is proposed. Without
introducing additional structural complexity, the model is
improved from two complementary perspectives: edge weight
modeling and node representation.

3.1 Overall model architecture

The overall architecture of the proposed SF-LGCN model
is illustrated in Figure 8.

The proposed model
components:

(a) Embedding layer

User embeddings are retained as standard learnable
representations, while point-of-interest embeddings are
enhanced by incorporating geographical information.
Specifically, a geographical encoder is employed to encode
latitude and longitude coordinates, and the resulting
geographical features are integrated into the initial point-of-
interest embeddings through learnable parameters.

(b) Graph convolutional layer (light graph convolutional
network)

Multi-layer propagation is performed over the user—point-
of-interest bipartite graph using the light graph convolutional
network framework. In addition, spatial interaction frequency
(i.e., check-in frequency) is incorporated as edge weights to
participate in the message passing process.

(c) Prediction layer

Preference scores are computed using the inner product of

is composed of three main



the final user and point-of-interest embeddings. Based on these

the recommendation results.
scores, the top-K points of interest are ranked and returned as
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Figure 8. Architecture of the Spatial Frequency—aware Light Graph Convolutional Network (SF-LightGCN) model

3.2 Construction of frequency-weighted graphs pronounced long-tail pattern (Figure 9), in which the majority

of interactions occur only once, while a small number of high-

frequency interactions reflect stable and persistent user
preferences.

3.2.1 Analysis of frequency characteristics
The distribution of check-in frequency is characterized by a

Foursquare Check-in Frequency Distribution

Foursquare Dataset — POI Check-in Frequency Distribution (Long-tail)
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Gowalla Check-in Frequency Distribution

Gowalla Dataset — POI Check-in Frequency Distribution (Long-tail)
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Figure 9. Histograms of check-in frequency distributions for users and points of interest in the Foursquare and Gowalla datasets

3.2.2 Edge weight definition
The check-in frequency is directly incorporated as the edge
weight and defined as:

Wi, =f(up) (10)
where, flu,p) denotes the historical check-in frequency of user
u at point-of-interest p. To prevent highly connected nodes
from exerting excessive influence during the message passing
process, symmetric normalization based on node weighted

degrees is further applied. The normalized edge weight is
defined as:

w, Sfu,p)
W= == (11)
JD.D, DD,
D= Z Wap (12)
PEN(u)
D,= Wp (13)
uEN(p)

where, D, denotes the weighted degree of user node u, and D,
denotes the weighted degree of the point-of-interest node p.
Through this design, the intensity of user preferences encoded
by check-in frequency is effectively preserved, while
numerical stability is maintained during graph convolutional
propagation. Consequently, more reliable structural signals are
provided for learning user and point-of-interest
representations.

3.2.3 Construction of the weighted adjacency matrix
In the SF-LGCN model, check-in frequency is not merely
treated as an auxiliary statistical feature; instead, it is directly

284

incorporated into both the construction of the user—point-of-
interest bipartite graph and the graph convolutional
propagation process. This design enables more accurate
modeling of the relationships between user preferences and
point-of-interest characteristics. After obtaining the edge
weights, a weighted user—point-of-interest interaction matrix
R is first constructed, where each element is defined as
Fuy=W,,. Subsequently, this interaction matrix is embedded
into the full adjacency matrix of the user—point-of-interest
bipartite graph, resulting in a weighted adjacency matrix 4"
Following this, the standard symmetric normalization strategy
adopted in the light graph convolutional network is applied to
the weighted adjacency matrix, yielding the normalized matrix
used for graph convolutional propagation:

A'=D4" D3 (14)
where, D denotes the diagonal degree matrix computed from
A", and each diagonal element corresponds to the sum of the
edge weights connected to the respective node. Through this
normalization process, the message passing mechanism
accounts not only for differences in interaction frequency
between users and points of interest but also mitigates scale
bias introduced by high-frequency nodes. As a result, more
balanced information propagation across nodes is achieved.

3.3 Geographical information integration module

3.3.1 Encoding of latitude and longitude coordinates

Each point of interest is associated with a set of
geographical coordinates. To map the low-dimensional
latitude and longitude coordinates into the same latent space
as the point-of-interest embeddings, a multilayer perceptron is
employed as a geographical encoder. The normalized
coordinate vector is transformed through nonlinear operations



to obtain the geographical embedding of each point of interest.
The encoding process is defined as:

g,= tanh (W2 -Dropout (ReLU( W1x,,+b1)) +bz) (15)
x,=[lat,,lon,] er’ (16)

where, x, denotes the latitude-longitude coordinate vector
associated with point of interest p. The terms W, R,
b, R, W,eR?, and b, ER? are learnable parameters, and d
denotes the embedding dimension. Through this encoding
process, the geographical embedding g, €R is obtained. To

further enhance nonlinear expressive capacity and improve
training stability, a Dropout layer is introduced after the
hidden layer, and a hyperbolic tangent (Tanh) activation
function is applied at the output layer. In addition, to mitigate
the influence of scale differences in the raw coordinate values,
z-score normalization is applied to the point-of-interest
coordinates during data preprocessing, and the normalized
coordinates are subsequently fed into the geographical
encoder.

3.3.2 Learnable weight fusion mechanism

After obtaining the geographical embeddings of points of
interest, a globally shared learnable parameter is introduced to
weight the contribution of geographical information, which is
then directly added to the base point-of-interest identifier
embedding. This design preserves structural simplicity while
enabling adaptive control over the influence of geographical
information within the overall representation. For a given
point of interest p, the initial enhanced embedding is defined
as:

0) _
e, —ezl;‘”e +ageogp (17)

where, ez‘”‘?ERd denotes the base identifier embedding of
point-of-interest p ; ngRd represents the geographical

embedding generated by the geographical encoder; and
(tgeo ER s a globally shared learnable fusion coefficient. In the

implementation, a,,, is treated as a trainable scalar parameter,

initialized to 0.3 and updated automatically during training via
backpropagation. In SF-LGCN, geographical information is
not incorporated as an independent feature applied only at the
prediction stage. Instead, it is integrated into the point-of-
interest representation prior to graph convolutional
propagation, ensuring that geographical preference signals can
continuously influence higher-order neighborhood
aggregation. After the fusion process, the enhanced point-of-
interest embeddings are used together with user embeddings
as the initial input to the light graph convolutional network
model. Specifically, user embeddings remain unchanged,
while point-of-interest embeddings are updated to e!(,o) .
Subsequently, multi-layer propagation is performed over the
weighted user—point-of-interest bipartite graph, allowing
geographical information to be further integrated into the final
node representations.

3.3.3 Design considerations for the fusion strategy

In point-of-interest recommendation tasks, several
strategies have been developed for incorporating geographical
information, including post-fusion, embedding concatenation,

independent-channel modeling, and additive fusion. Post-
fusion methods typically adjust prediction results at the final
stage, which limits the effective utilization of spatial
information during representation learning. Embedding
concatenation introduces additional features but increases the
dimensionality of representations and incurs additional
computational cost. Independent-channel approaches require
the construction of more complex architectures, thereby
reducing model simplicity. By jointly considering expressive
capacity and computational efficiency, an additive fusion
strategy with a learnable weight is adopted. In this approach,
the geographically encoded representation is directly added to
the initial point-of-interest embedding. This method preserves
the original embedding dimensionality while enabling the
contribution of geographical information to be adaptively
controlled through the parameter oy, . As a result
geographical information is continuously incorporated during
subsequent graph convolutional propagation, allowing spatial
modeling capability to be effectively enhanced without
compromising model simplicity.

3.4 Graph convolution and prediction layer

3.4.1 Light graph convolutional network-based graph
convolution

After incorporating geographical information into the point-
of-interest embeddings, the enhanced initial point-of-interest
embeddings are concatenated with the initial user embeddings
to form the overall node representation. Multi-layer light graph
convolutional network propagation is then performed on the
frequency-weighted user—point-of-interest bipartite graph. Let
E® denote the nodes at the /-th layer. The graph convolutional
propagation process is defined as:

EV=[EYEV] (18)
EMV=2"EV 1=0,1,...,.L-1 (19)

where, 4" denotes the frequency-weighted and symmetrically
normalized adjacency matrix. At the node level, the
propagation rules for user nodes and point-of-interest nodes
can be expressed as:

M= D e
u DD P (20)
PEN(W) P
(I+I) up ([)
21)
uEN(p}

After L layers of propagation, the representations from all
layers are aggregated through mean pooling to obtain the final
user and point-of-interest embeddings:

L
1
=y el 22
= Y el (22)
=0
o 23
= L+IZ @3)

This design is consistent with the core principle of the light
graph convolutional network, in which no additional feature



transformations or nonlinear activation functions are
introduced during the propagation stage. Instead, higher-order
collaborative relationships are effectively captured through a
simplified neighborhood aggregation mechanism.

3.4.2 Preference prediction

After obtaining the final user and point-of-interest
embeddings, the preference strength of a user for a candidate
point of interest is computed using the inner product of their
representations. The predicted preference score is defined as:

s=(e)'e;

3.5 Loss function and model optimization

24)

The Bayesian personalized ranking loss [55] is adopted as
the optimization objective. The core idea of the Bayesian
personalized ranking is that, for any given user u, the predicted
preference score of a visited (positive) point of interest should
be higher than that of an unvisited (negative) point of interest.
Let the training triplet set be defined as D={(u,i,j)li€l, j&I, },
where i denotes a positive point of interest that has been
visited by user u, and j denotes a negative point of interest
sampled from the unvisited set. The predicted preference
scores are defined as:

su=(en) elsy=(e)'¢]

According to the implementation, the Bayesian
personalized ranking loss over the current batch is formulated
as:

(25)

1
LBPR:E Z softplus (suj-sm-

(u,1,j) EB

(26)

where, B denotes a training mini-batch, and
softplus(x)=1log ( 1+¢*). This formulation is equivalent to the
classical Bayesian personalized ranking objective - log o (s,,-
s,;), but adopts the numerically more stable softplus function.

To mitigate overfitting, an L2 regularization term is further
introduced. In the implementation, the regularization is
applied to the initial embeddings of users, positive points of
interest, and negative points of interest within the current
batch, defined as:

1

2 2 2
L3 (VAT @)

When the geographical information integration module is

enabled, the initial point-of-interest embeddings efo) and e;())
already incorporate the output of the geographical encoder as
well as the influence of the learnable fusion coefficient oe,.
Consequently, the parameters of the geographical encoder and
the fusion coefficient are also indirectly regularized through
the regularization term. The overall loss function is therefore
defined as:
L :LBPR +/1Lreg (28)
The Adam optimizer [56] is employed for parameter
updates. According to the implementation, the optimizer is
applied to all trainable parameters of the recommendation
model. The main hyperparameter settings of the SF-LGCN
model are summarized in Table 1.

Table 1. Key hyperparameter settings of the Spatial
Frequency—aware Light Graph Convolutional Network (SF-

LightGCN) model

Hyperparameter Value

Embedding dimension d 64

Number of graph convolutional layers L 3

Learning rate 0.001
L2 regularization coefficient 4, le-4

Hidden dimension of the geographical encoder d}, 32
Batch size 2048
Optimizer Adam

3.6 Time and space complexity analysis

In this section, the time and space complexity of the SF-
LGCN model (i.e., Algorithm 1) are analyzed. Compared with
the original light graph convolutional network, the proposed
model incorporates spatial interaction frequency as edge
weights in the user—point-of-interest bipartite graph and
further introduces a geographical coordinate encoder along
with a learnable fusion coefficient a,,,. The incorporation of
check-in frequency modifies only the numerical values of
existing edges and does not introduce additional nodes, edges,
or trainable parameters. Therefore, it does not affect the
overall time or space complexity of the model. The additional
computational overhead arises primarily from three
components: the encoding of point-of-interest geographical
coordinates, the fusion of geographical embeddings with
point-of-interest  representations, and the repeated
computation of full-graph representations during both training
and testing.

Algorithm 1. SF-LGCN model algorithm

Input: User check-in data; point-of-interest geographical coordinate data; number of graph convolutional layers K; embedding

dimension d; learning rate n); regularization coefficient A

Output: Predicted preference scores of users for candidate points of interest; model loss value; learned user and point-of-interest

embeddings

1: All model parameters are initialized; user embedding matrix Eu and point-of-interest embedding matrix Ep are randomly

initialized,

2: A geographical feature matrix is constructed based on point-of-interest latitude and longitude coordinates, and is input into

the geographical encoder to obtain geographical representations G;

3: A frequency-weighted user—point-of-interest bipartite graph is constructed based on the check-in frequency matrix, yielding

the weighted adjacency matrix Aw;

4: The normalized propagation matrix is computed according to Eq. (14);

5: while the model has not converged do
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6: Training triplets (u,i,j) are randomly sampled;

7: fork=1to Kdo

8: The initial point-of-interest embeddings are computed by incorporating geographical information according to Eq. (17);
9: User and point-of-interest embeddings at the k-th layer are updated according to the graph convolutional propagation
equations;

10: end for

11: Layer-wise embeddings are aggregated via mean pooling to obtain final user and point-of-interest embeddings;

12: Preference scores for positive and negative samples are computed according to Eq. (24);

13: The ranking loss is computed using the Bayesian personalized ranking loss function (Eq. (25));

14: The regularization term is incorporated to obtain the total loss (Eq. (27));

15: All model parameters are updated using the Adam optimizer;

16: end while

17: Preference scores for all candidate points of interest are computed according to the prediction equation;
18: The top-K recommendation results are generated by ranking the predicted scores in descending order;

19: return

3.6.1 Time complexity analysis
During a single full-graph forward propagation, the
geographical coordinates of all points of interest are first
processed by the geographical encoder to obtain geographical
embeddings, which are then fused with the original point-of-
interest embeddings using a learnable weighting mechanism.
The time complexity of this stage is O(Pd), where P denotes
the number of points of interest and d denotes the embedding
dimension. Subsequently, the fused node representations are
propagated through L layers of the light graph convolutional
network over the frequency-weighted sparse graph. At each
layer, the core operation consists of a sparse matrix—dense
matrix multiplication, with a time complexity of O(|E|d),
where |E| denotes the number of edges. Therefore, the total
time complexity of the L-layer graph convolution is O(L|E|d).
The overall time complexity of a single full-graph embedding
computation can thus be expressed as:
O(Pd+L|E|d) (29)
During the training phase, the Bayesian personalized
ranking loss requires one forward propagation, and an
additional geographical encoder computation over all point-
of-interest coordinates is performed to construct positive and
negative samples. Consequently, for a mini-batch of size B,
the main computational cost can be summarized as:
O(L|E|d+2Pd+Bd) (30)
Furthermore, considering the negative sampling process,
approximately |R| triplets are generated at the beginning of
each epoch, incurring a sampling cost of O(|R|). Therefore, the
overall time complexity per training epoch can be expressed

as:
R|

O(|R|+[E]*(L|E|d+2Pd+Bd)) (€2))]

From the above analysis, it can be observed that the
dominant computational cost remains concentrated in the full-
graph sparse propagation of the light graph convolutional
network. The incorporation of frequency-based edge
weighting only modifies edge values and does not alter the
leading term O(L|E|d). The additional overhead introduced by
the geographical module is O(Pd), while the learnable
parameter ay,, is a scalar and thus introduces negligible
computational cost. Consequently, the increase in time
complexity relative to the original light graph convolutional
network remains well controlled.
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3.6.2 Space complexity analysis

In terms of space complexity, the model is required to
maintain user embeddings, point-of-interest embeddings, the
frequency-weighted sparse adjacency matrix, the point-of-
interest coordinate matrix, and the parameters of the
geographical encoder. The storage cost of user and point-of-
interest embeddings is O((U+P)d). The storage cost of the
frequency-weighted sparse graph is O(|E|). The storage cost of
the point-of-interest coordinate matrix is O(l) . The
geographical encoder consists of two linear transformation
layers with a fixed hidden dimension; therefore, its parameter
size scales linearly with d and can be expressed as O(d). The
parameter size of a,,, is O(1). Accordingly, the overall space
complexity of model parameters and static data can be
expressed as:

O((U+P)d+|E|+P+d) (32)

Overall, the space complexity of the SF-LGCN model with
learnable spatial weights remains dominated by the embedding
matrices and the sparse graph storage. The additional memory
overhead introduced by the geographical module is relatively
modest, thereby preserving scalability while enhancing the
modeling of geographical information.

In this chapter, the limitation of the standard light graph
convolutional network model in effectively utilizing auxiliary
information for point-of-interest recommendation tasks has
been addressed. To this end, the SF-LGCN model has been
proposed. Improvements have been introduced from two
perspectives: edge weight modeling and spatial information
integration. While preserving the advantages of the light graph
convolutional network—such as structural simplicity, a clear
propagation mechanism, and high training efficiency—the
proposed model further enhances the capability to capture user
behavioral intensity (i.e., check-in frequency) and point-of-
interest spatial attributes. As a result, more expressive and
informative representations are obtained, providing effective
support for subsequent improvements in recommendation
performance. Building upon this foundation, the core model of
this study, DisenPOI++, is introduced in the next chapter.

4. A SPATIAL PERCEPTION MODEL BASED ON
MULTI-VIEW DISENTANGLEMENT AND ADAPTIVE
FUSION

In the previous chapter, the spatial representation capability
of the SF-LGCN model was enhanced to a certain extent by



incorporating  check-in  frequency and geographical
information. However, multiple influencing factors are still
jointly entangled within a unified representation, making it
difficult to distinguish the contributions of different semantic
sources to user behavior. To further improve representation
capability, a spatial perception model based on multi-view
disentangled representation learning and adaptive fusion,

referred to as DisenPOI++, is proposed in this chapter.
4.1 Overall framework of the model

The overall architecture of the DisenPOI++ model is
illustrated in Figure 10.

A.Input

B.Three-view encoding

C.Contrastive Learning

D.Fusion Prediction

Historical
sequence

Collaborative View

( LightGeN )

User-POI bipartite graph

Intra-view Contrast

(Collaborative)

Intra-view Contrast

(Sequential)

Intra-view Contrast

Sequential View

( GatedGraphConv )

Session graph

Sfeat dropout
enhancement

Target POI

Geographic View

( GeGoN )

Distance Graph

(Geographical)

: Minimization of Tri-view
| Cosine Similarity 1
J

i
ICross-view Positi vu—.\'eguriv:%
I y ’

| Sample Contrast JI

User-level GATE

€y— softmax(ai, oz, as)

l

T

AttentionFusion
Lightweight Attention Fusion

Module

Concatenation
Target POI + Geographical +

Fusion

MLP

\Prediction Score

Figure 10. Overall architecture of the disentangled dual-graph framework for point-of-interest recommendation (DisenPOI)++
model

Multiple semantic views are constructed over a unified
graph structure, and disentangled representation learning is
employed to obtain distinct preference representations. These
representations are subsequently integrated through an
adaptive mechanism and utilized for spatial target prediction.
The overall framework consists of three key components:
multi-view construction, disentangled representation learning,
and adaptive fusion.

4.2 Multi-view modeling

Spatial behavior is typically driven by multiple factors, and
a single-view representation is insufficient to fully capture the
underlying decision mechanisms governing user selection of
spatial nodes. To address this limitation, a multi-view
modeling framework is constructed from different semantic
perspectives, in which complex behaviors are decomposed
into multiple relatively independent representation spaces. In
this manner, the expressive capacity of the model with respect
to multi-source information is enhanced. Specifically, under a
unified user—point-of-interest interaction framework, three
complementary semantic views are constructed to characterize
spatial structural relationships, behavioral dynamics, and
group-level collaborative patterns, respectively.

First, the geographical view is designed to capture the
spatial proximity relationships among points of interest. In
real-world scenarios, points of interest that are geographically
close often exhibit similarities in functionality or attributes,
and user preferences formed within a specific region can
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frequently be transferred to other nearby locations. Therefore,
in this view, geographical information is incorporated to
construct a spatial correlation structure, enabling the model to
capture local spatial distribution patterns and thereby improve
the modeling of regional preferences.

Second, the sequential view is introduced to model the
temporal dependencies in user behavior. Spatial visit patterns
typically exhibit strong trajectory characteristics, where
actions at different time steps are contextually related. For
example, consecutively visited points of interest often reflect
the current activity trajectory or short-term interests of a user.
In this view, historical behavioral sequences are modeled to
capture dynamically evolving interest patterns, thereby
enhancing the predictive capability for subsequent actions.

Third, the collaborative view is introduced to model group-
level preference relationships among users. Users exhibiting
similar behavioral patterns tend to share common interests in
similar types of points of interest, and such information can
provide effective complementary signals under data sparsity
conditions. In this view, collaborative signals embedded in the
user—point-of-interest interaction structure are leveraged to
learn latent associations between users and points of interest,
thereby enhancing the generalization capability of the model.

The three views described above model user behavior from
the perspectives of spatial structure, behavioral dynamics, and
group-level information, respectively, and exhibit strong
complementarity. The geographical view emphasizes spatial
proximity, the sequential view focuses on behavioral
evolution, and the collaborative view enables cross-user



information sharing. By jointly incorporating multi-view
modeling, the issue of information deficiency inherent in
single-view representations can be effectively mitigated,
providing richer inputs for subsequent disentangled
representation learning. It should be noted that the three views
remain structurally independent, while a unified user—point-
of-interest representation space is shared during parameter
learning. This design enables different semantic information
to be collaboratively optimized during the subsequent fusion
stage. Based on this framework, the next section introduces the
disentangled representation learning approach built upon the
multi-view structure.

4.3 Disentangled representation learning

Based on the multi-view modeling framework, different
views capture distinct semantic sources of user behavior.
However, if multi-view information is directly fused, mutual
interference among different semantic components may occur,
thereby reducing the discriminative power of the learned
representations. To address this issue, a disentangled
representation learning mechanism is introduced, in which
different semantic factors are mapped into relatively
independent representation subspaces, thereby enhancing the
model’s ability to characterize complex behavioral patterns.
Specifically, for the k-th view, user and point-of-interest

embeddings, denoted as eb(,k) and el(,k), are learned separately.

Each view corresponds to an independent representation
subspace that is dedicated to modeling a specific semantic
factor, such as geographical, sequential, or collaborative
information. During the representation learning process, a
unified input data structure is shared across all views, while
parameter updates remain relatively independent, thereby
preventing semantic entanglement across views.

To further enhance disentanglement, cross-view constraints
are introduced during representation learning to enforce
diversity among representations from different views.
Specifically, the similarity between embeddings from
different views is constrained, encouraging each view to focus
on its own semantic characteristics and thereby reducing
redundant information propagation. This constraint
mechanism improves model interpretability and strengthens
the expressive capacity of each subspace.

During training, each view is updated based on its
corresponding  structural  characteristics, while joint
optimization is performed under a unified objective function.
Since different views model user behavior from distinct
perspectives, the disentangled representations are able to
capture user preference structures at a finer granularity. For
instance, the geographical view emphasizes spatial
distribution patterns, the sequential view reflects dynamic
behavioral evolution, and the collaborative view captures
shared group-level preferences. It should be emphasized that
disentangled representation learning does not imply complete
isolation among views. Instead, semantic distinctions are
preserved while more informative and structured
representations are provided for subsequent fusion. In this
manner, different semantic components can be adaptively
integrated in later stages according to user-specific
characteristics, thereby enabling more precise personalized
modeling. In summary, the multi-view disentangled
representation learning mechanism effectively reduces
semantic interference, improves representation quality, and
provides a reliable foundation for subsequent adaptive fusion.
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4.4 Adaptive fusion mechanism

After completing multi-view disentangled representation
learning, different views characterize user preferences from
the perspectives of geographical structure, behavioral
sequences, and collaborative relationships. However, users
exhibit significant heterogeneity in their reliance on these
types of information. For example, some users are more
influenced by spatial proximity, whereas others depend more
heavily on historical behavioral patterns or group-level
preferences. Consequently, the use of fixed fusion weights is
insufficient to capture such individual differences. To address
this issue, an adaptive fusion mechanism is introduced, in
which the importance weights of different views are
dynamically assigned based on user-specific characteristics,
thereby enabling personalized information integration.
Specifically, for a given user u, a fusion weight vector is first
generated based on the base embedding representation:

a,=softmax(Wye, +by) (33)

where, au=[af,1),af{2),...,a,51{)] denotes the weight distribution
of users across different views, W, and b, are learnable
parameters, and K represents the number of views.

Based on these weights, the final user representation is
obtained through a weighted aggregation:

K

K (k
e,= a,(,)el(,)

k=1

(34)

For point-of-interest representations, a fusion strategy
consistent with that of users is adopted, or alternatively, a
shared-weight mechanism is employed for simplification,
thereby ensuring structural stability and computational
efficiency. The proposed adaptive mechanism enables the
contribution of different views to be automatically adjusted
according to user behavioral characteristics. For instance, for
users exhibiting strong regional preferences, higher weights
are assigned to the geographical view; conversely, for users
with more stable behavioral trajectories, the influence of the
sequential view is enhanced. Through such dynamic weight
allocation, the model is better aligned with diverse user
behavior patterns, leading to improved overall prediction
performance. In addition, to prevent excessive concentration
of weights on a single view, which may adversely affect model
stability, normalization constraints are imposed during
training to ensure that the weights across views remain within
a reasonable range. This design facilitates balanced
information fusion.

In summary, the adaptive fusion mechanism enables
personalized integration of multi-view information based on
disentangled representations. As a result, semantic distinctions
are preserved while flexible adjustment according to user
heterogeneity is achieved, thereby further enhancing the
model’s capability for spatial behavior modeling.

4.5 Model optimization

After multi-view disentangled representations and adaptive
fusion have been obtained, the model is trained under a unified
optimization objective to achieve joint optimization of user
and point-of-interest representations. The Bayesian
personalized ranking loss is adopted as the primary



optimization objective. Based on a pairwise ranking
framework, this method enforces that points of interest
previously visited by a user (positive samples) should be
assigned higher predicted scores than unvisited points of
interest (negative samples). For any training triplet (w i), the
predicted scores are defined as:

—el{e»

T
Sui—€y ei:Suj_

(33)
Based on these scores, the Bayesian personalized ranking
loss function is formulated as:

Lopr == 2 |090'(5ui —Sy ) (36)
(ui.j)

where, o(-) denotes the Sigmoid function. This objective

directly optimizes the ranking order by emphasizing relative

preference differences rather than absolute score values.

To mitigate overfitting, an L2 regularization term is further
introduced to constrain user embeddings, POI embeddings,
and other learnable parameters. The final optimization
objective is formulated as:

L=Lppp+A110l13 (37)
where, A denotes the regularization coefficient, and ®
represents the set of all learnable model parameters.

During training, parameters are updated using mini-batch
stochastic gradient descent, and the Adam optimizer is
employed to improve convergence efficiency. Within each
mini-batch, positive and negative sample pairs are constructed
through random sampling, and backpropagation is performed
based on the aforementioned loss function. In this manner,
joint optimization of multi-view representations and fusion
weights is achieved. It should be noted that, since both view-
specific representations and fusion weights are updated within
a unified optimization framework, the model is able to
automatically balance the contributions of different semantic
components during training. As a result, more stable and
discriminative representations are obtained.

To address the limitation that single-representation models
are unable to effectively distinguish multi-source semantic
information, the DisenPOI++ model is proposed based on the
SF-LGCN framework. By constructing three types of semantic
views—geographical, sequential, and collaborative—user
behavior is modeled from multiple perspectives, including
spatial structure, behavioral dynamics, and group-level
preferences, thereby substantially enriching the sources of
representation. On this basis, a disentangled representation
learning mechanism is introduced, through which different
semantic factors are mapped into relatively independent
representation subspaces. This design reduces semantic
interference and enhances the discriminative capability of the
learned representations. Furthermore, an adaptive fusion
mechanism is developed to dynamically assign view-specific
weights according to wuser characteristics, enabling
personalized integration of multi-source information and
improving the model’s adaptability to diverse user behavior
patterns. Through these designs, effective utilization and joint
optimization of multi-view information are achieved while
preserving a relatively simple model structure. As a result, a
more fine-grained and scalable solution for spatial behavior
modeling is provided.
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5. EXPERIMENTS AND ANALYSIS

In this chapter, systematic experimental evaluations are
conducted for the SF-LGCN and DisenPOI++ models
proposed in Chapters 3 and 4. First, the experimental setup is
introduced, including the datasets, evaluation metrics, baseline
methods, and parameter configurations. Subsequently,
comparative experiments and ablation studies are performed
for both models to verify their effectiveness and stability.
Before presenting the detailed experimental results, it is
necessary to clarify the complementary roles of the two
models. SF-LGCN and DisenPOI++ improve point-of-interest
recommendation from different perspectives and operate at
different levels of modeling, thereby exhibiting a certain
degree of complementarity. Specifically, SF-LGCN primarily
focuses on information enhancement. Within the graph
collaborative filtering framework, check-in frequency and
geographical information are incorporated to improve model
expressiveness through enhanced edge weighting and node
representation. Owing to its relatively simple structure, this
approach demonstrates strong generalizability and is well
suited for recommendation models based on user—item graphs.

In contrast, DisenPOI++ emphasizes preference modeling.
Through a multi-view disentangled representation learning
framework combined with an adaptive fusion mechanism,
multi-factor user preferences are modeled at a fine-grained
level. Within this disentangled representation paradigm,
collaborative information is further incorporated, and
personalized fusion is achieved via dynamic weighting,
thereby enhancing the model’s ability to capture complex
behavioral patterns.

5.1 Experimental setup

5.1.1 Datasets

Experimental evaluations were conducted on two widely
used real-world location-based social network datasets:

Foursquare dataset: Collected from the Foursquare
platform, this dataset contains user check-in records across
different points of interest. Each record includes user
identifier,  point-of-interest  identifier, = geographical
coordinates, and timestamp information.

Gowalla dataset: Collected from the Gowalla platform, this
dataset has a structure similar to that of Foursquare and also
contains user check-in data with geographical information.

To ensure data quality, preprocessing was performed on
both datasets. In the Gowalla dataset, users with fewer than 15
visited points of interest and points of interest visited by fewer
than 10 users were removed. In the Foursquare dataset, users
with fewer than 10 visited points of interest and points of
interest visited by fewer than 10 users were filtered out.
Considering the differences in recommendation paradigms
between the two models, distinct data splitting strategies were
adopted. For the SF-LGCN model, which targets the general
top-K recommendation task, the dataset was partitioned
chronologically: the earliest 70% of interactions were used for
training, the subsequent 10% for validation, and the most
recent 20% for testing. For the DisenPOI++ model, which
focuses on the next point-of-interest recommendation task, a
time-aware leave-2-out strategy was employed. Specifically,
the second-to-last interaction was used for validation, the last
interaction was used for testing, and the remaining interactions
were used for training.

During both training and evaluation, a negative sampling



strategy was incorporated. In the training phase, one negative user, thereby constructing a candidate ranking task with 100
sample was paired with each positive sample. In the validation items. The statistical characteristics of the two datasets are
and testing phases, 99 negative samples were paired with each summarized in Table 2.

Table 2. Statistics of the Gowalla and Foursquare datasets

Dataset Number of Users Number of Points of Interest Number of Check-ins Sparsity
Gowalla 5,628 31,803 620,683 99.78%
Foursquare 7,642 28,483 512,523 99.87%
5.1.2 Evaluation metrics Ranking-based geographical factorization model [10]: A

The following evaluation metrics were adopted to assess weighted matrix factorization method that incorporates
recommendation performance: geographical factors into latent representation learning. It
Recall@K: Recall@K measures the proportion of ground- serves as a representative approach among traditional
truth points of interest that are successfully retrieved within methods.
the top-K recommendation list. It is defined as: Local geographical-based logistic matrix factorization [57]:
A model that combines local geographical information with
Recall@K= |Recommended listNGround-truth visits| (38) logistic matrix factorization. Prediction probabilities are
|Ground — truth visits| adjusted using geographical weights, making it suitable for
evaluating the capability of geographical information
Normalized Discounted Cumulative Gain at K modeling.
(NDCG@K): NDCG@K evaluates not only whether relevant Light graph convolutional network [43]: A lightweight
points of interest are included in the recommendation list but graph collaborative filtering model that retains only the
also their ranking positions. Higher-ranked relevant items neighborhood aggregation operation. It is employed as the
receive higher scores. It is defined as: direct baseline of the proposed model.
(2) Baselines for the DisenPOI++ model
DCG@K To evaluate the effectiveness of the proposed multi-view
NDCG@KZW (39) disentangled representation learning and adaptive fusion
mechanisms, the following representative methods were
K oreli_y selected for comparison:
DCG@KZZ+ (40) Ranking-based geographical factorization model [10]: A
= log2(1+1) matrix  factorization-based method, included as a
representative traditional approach for comparison with deep
where, rel; denotes the relevance of the i-th recommendation learning models.
result (set to 1 if it is relevant, and 0 otherwise), and IDCG@K Long- and short-term preference modeling [17]: A recurrent
represents the discounted cumulative gain value under the neural network-based spatiotemporal modeling method that
ideal ranking. Results were reported for K=5, K=10, and integrates long-term and short-term preferences, serving as a
K=20. All metrics were computed on the test set and averaged representative approach for sequential modeling.
over all users. It should be noted that the evaluation settings Light graph convolutional network [26]: A representative
differ between the two tasks considered. In the general top-K graph collaborative filtering method, used to evaluate the
point-of-interest recommendation task, P, contains multiple capability of modeling user—point-of-interest interactions
ground-truth items from the test set, and ranking is performed based on graph structures.
over the full set of candidate points of interest. In contrast, in Spatio-temporal attention network [18]: A spatiotemporal
the next point-of-interest recommendation task, each user has attention-based method that dynamically models the
only a single ground-truth next point of interest (i.e., [P, |=1), importance of historical behaviors.
and evaluation is conducted over a candidate set consisting of DisenPOI [38]: A disentangled representation learning
one positive sample and 99 randomly sampled negative method that decomposes user preferences into geographical
samples. and sequential components, serving as the most directly
comparable baseline.
5.1.3 Baseline methods Disentangled contrastive hypergraph learning [33]: A
For the two recommendation paradigms considered, hypergraph-based recommendation method that captures
corresponding  baseline methods were selected for high-order  relationships  through —multiple hypergraph
comparative evaluation. structures, representing recent advances in graph-based
(1) Baselines for the SF-LGCN model modeling.
To evaluate the effectiveness of the proposed information
enhancement strategy, the following representative methods 5.1.4 Experimental platform and parameter settings
were adopted for comparison: The hardware and software environments used for the
New recommendation approach by exploiting geographical experiments are summarized in Table 3.
correlations, social correlations and categorical correlations For all baseline methods, publicly available source code
among users and points of interest (GeoSoCa) [45]: A implementations were used whenever possible, and
probabilistic modeling-based point-of-interest experiments were conducted following the parameter settings
recommendation method that integrates geographical, social, recommended in the original studies. For the two proposed
and categorical information. This approach is used to evaluate models, optimal hyperparameters were determined through
the effectiveness of multi-source contextual modeling. grid search on the validation set.
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5.2 Experimental results and analysis of the proposed baseline methods on the Foursquare and Gowalla datasets is

medel presented in Tables 4 and 5, respectively. Based on the
experimental results reported in the two tables, the following
5.2.1 Comparison with baseline methods observations and analyses can be derived.

The performance comparison between SF-LGCN and

Table 3. Experimental environment configuration

Configuration Item Specification
Graphics Processing Unit NVIDIA RTX 3090 (24 GB)
Central Processing Unit 14 virtual central processing units, Intel Xeon Gold 6330 @ 2.00 GHz
Memory 90 GB

Operating System Ubuntu 20.04

Deep Learning Framework PyTorch 2.0.0
Compute Unified Device Architecture Version 11.8
Python Version 3.8

Table 4. Performance comparison on the Foursquare dataset

Method Recall@5 Recall@10 Recall@20 NDCG@5 NDCG@10 NDCG@20
GeoSoCa 0.018 0.033 0.058 0.019 0.028 0.039
RankGeoFM 0.03831 0.06290 0.099 0.056 0.061 0.075
LGLMF 0.026 0.042 0.067 0.033 0.028 0.024
LightGCN 0.046 0.069 0.107 0.071 0.072 0.085
SF-LightGCN 0.048 0.071 0.110 0.073 0.075 0.089

GeoSoCa = Geographical, Social and Categorical correlations, RankGeoFM = Ranking-based geographical factorization model, LGLMF = Local geographical-
based logistic matrix factorization, LightGCN = Light graph convolutional network, SF-LightGCN = Spatial Frequency—aware Light Graph Convolutional
Network

Table 5. Performance comparison on the Gowalla dataset

Method Recall@$5 Recall@10 Recall@?20 NDCG@5 NDCG@10 NDCG@20
GeoSoCa 0.020 0.033 0.051 0.025 0.035 0.044
RankGeoFM 0.032 0.055 0.088 0.067 0.069 0.078
LGLMF 0.021 0.036 0.060 0.044 0.040 0.035
LightGCN 0.036 0.058 0.090 0.078 0.077 0.085
SF-LightGCN 0.036 0.062 0.096 0.080 0.081 0.090

GeoSoCa = Geographical, Social and Categorical correlations, RankGeoFM = Ranking-based geographical factorization model, LGLMF = Local geographical-
based logistic matrix factorization, LightGCN = Light graph convolutional network, SF-LightGCN = Spatial Frequency—aware Light Graph Convolutional

Network

(1) Comparison between SF-LGCN and the light graph limitations of linear modeling, which restricts their ability to
convolutional network capture multi-factor coupling relationships. By leveraging

The experimental results indicate that SF-LGCN achieves graph-based propagation, SF-LGCN is able to more
improvements of 2.8% and 4.1% over the light graph effectively model complex behavioral patterns, resulting in
convolutional network in terms of Recall@l0 and superior recommendation performance.
NDCG@10, respectively. Consistent performance gains are
observed across both datasets, thereby validating the 5.2.2 Ablation study
effectiveness of the proposed information enhancement To evaluate the independent contributions of each
strategy. These improvements can be attributed to two primary component in SF-LGCN, several ablation variants were
factors. First, check-in frequency is incorporated as edge designed as follows:
weights, enabling differentiated modeling of user preference SF-LGCN-F: Only frequency-weighted edges are retained,
intensity. Second, geographical coordinates of points of while geographical information is not incorporated;
interest are integrated into the initial embeddings, providing SF-LGCN-S: Only geographical information is introduced
spatial semantic information that enhances representation (with a fixed weight of 0.3), while an unweighted graph
expressiveness. structure is adopted;

(2) Comparison with other baseline methods SF-LGCN-S-learn: Geographical information is

GeoSoCa exhibits relatively weak performance on both incorporated with a learnable weight, while the graph structure
datasets, suggesting that traditional probabilistic models are remains unweighted.
limited in handling complex point-of-interest recommendation The experimental results of these variants are presented in
scenarios. In contrast, SF-LGCN significantly outperforms the Table 6.
ranking-based geographical factorization model and the local The following conclusions can be drawn from Table 6:
geographical-based logistic matrix factorization, Superior performance of the full model. The SF-LGCN
demonstrating the superiority of graph neural networks in model consistently outperforms all ablation variants across all
modeling high-order interaction relationships. Although the evaluation metrics, indicating that frequency weighting and
ranking-based geographical factorization model and the local geographical fusion exhibit clear complementarity. Their joint
geographical-based logistic matrix factorization incorporate modeling enables a more comprehensive characterization of
geographical factors, their performance is constrained by the user preferences.
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Table 6. Ablation results of the Spatial Frequency—aware Light Graph Convolutional Network (SF-LightGCN) model

Variant Foursquare Recall@?20 Foursquare NDCG@20 Gowalla Recall@?20 Gowalla NDCG@20
SF-LGCN-F 0.107 0.084 0.095 0.088
SF-LGCN-S 0.109 0.087 0.093 0.089

SF-LGCN-S-learn 0.109 0.088 0.093 0.088
SF-LGCN (Full) 0.110 0.089 0.096 0.090

More significant contribution of geographical fusion. The
variant incorporating only geographical information (SF-
LGCN-S) achieves performance levels close to those of the
full model (e.g., Recall@20 on Foursquare: 0.109 vs. 0.110).
This observation suggests that latitude—longitude information
provides an effective spatial semantic prior and serves as the
primary source of performance improvement.

Auxiliary role of frequency weighting. The performance of
SF-LGCN-F is slightly lower than that of the geographical
fusion variants but remains superior to several baseline
methods. This indicates that check-in frequency contributes
additional information regarding preference intensity and
plays a complementary role in the modeling process.

Limited impact of learnable weighting. Comparable results
are observed between SF-LGCN-S and SF-LGCN-S-learn,
suggesting that a fixed weighting coefficient (0.3) is sufficient
to balance geographical information and the original
embedding. Consequently, the additional benefit of learning
this parameter is marginal.

The ablation study demonstrates that geographical fusion
constitutes the primary source of performance gains, while
frequency weighting provides complementary benefits. The
integration of both  components yields optimal
recommendation performance.

5.2.3 Parameter sensitivity analysis

To further investigate the contributions of different
components in SF-LGCN, a series of hyperparameter
experiments were conducted. By varying key parameters,
including the number of graph convolution layers, embedding
dimensionality, and learning rate, the sensitivity of model

Discounted Cumulative Gain (NDCG)—was systematically
analyzed. This analysis provides insights into the model’s
behavior under different configurations and offers guidance
for appropriate parameter selection and subsequent
optimization.

(a) Effect of the number of graph convolution layers (L).
The number of graph convolution layers determines the extent
of message propagation in the graph. As the number of layers
increases, each node is able to aggregate information from
more distant neighbors; however, excessive depth may lead to
the over-smoothing problem. As illustrated in Figure 11,
model performance on both datasets improves as the number
of layers increases. Nevertheless, after reaching three layers,
although marginal improvements are still observed, the
performance gains become significantly diminished.
Therefore, setting the number of graph convolution layers to
three is generally sufficient, as further increases yield limited
benefits.

(b) Effect of the embedding dimension (d). The embedding
dimensionality determines the representational capacity of the
model. Higher-dimensional embeddings are capable of
encoding richer information; however, they also introduce an
increased risk of overfitting and higher computational cost. As
illustrated in Figure 12, model performance continues to
improve as the embedding dimension increases, although the
magnitude of improvement gradually diminishes. This trend is
consistent with the observations regarding the number of
graph convolution layers. Therefore, to balance model
expressiveness and computational efficiency, an embedding
dimension of 64 is considered an appropriate choice in this
study, as it achieves competitive performance without
imposing excessive computational overhead.

Parameter Sensitivity: Layer Num
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Figure 11. Effect of the number of graph convolution layers on the performance of the Spatial Frequency—aware Light Graph
Convolutional Network (SF-LightGCN) model
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Parameter Sensitivity: Embedding Dim
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Figure 12. Effect of embedding dimension on the performance of the Spatial Frequency—aware Light Graph Convolutional
Network (SF-LightGCN) model
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Figure 13. Effect of learning rate on the performance of the Spatial Frequency—aware Light Graph Convolutional Network (SF-
LightGCN) model

(c) Effect of the learning rate. The learning rate determines
the step size of parameter updates during model training. A
higher learning rate can accelerate convergence but may lead
to training instability or convergence to suboptimal solutions,
whereas a lower learning rate results in slower convergence
and increased training time. As shown in Figure 13, when the
learning rate is set to 0.001, the model achieves relatively
strong performance on both datasets. As the learning rate
increases beyond this value, performance begins to deteriorate.
Therefore, setting the learning rate to 0.001 is empirically
validated as an appropriate configuration in this study.

5.3 Experimental results and analysis of the disentangled
dual-graph framework for point-of-interest
recommendation (DisenPOI)++

5.3.1 Comparison with baseline methods
The performance comparisons between DisenPOI++ and
baseline methods on the two datasets are presented in Tables
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7 and 8. Based on the experimental results from both datasets,
several observations can be made. As shown in Tables 7 and
8, DisenPOI++ consistently outperforms the original
DisenPOI across all evaluation metrics, thereby directly
validating the effectiveness of the proposed collaborative
graph enhancement and adaptive gating mechanisms.
Specifically, on the Foursquare dataset, DisenPOI++ achieves
a 3.7% improvement in Recall@5 and an 8.4% improvement
in NDCG@5 compared to DisenPOI. On the Gowalla dataset,
improvements of 7.5% in Recall@5 and 10.8% in NDCG@10
are observed. These results further indicate that the proposed
model exhibits stronger performance on the Gowalla dataset,
suggesting enhanced robustness under different data
distributions.

When compared with the most recent baseline method,
disentangled contrastive hypergraph learning, DisenPOI++
does not achieve superior performance across all metrics. This
discrepancy can be attributed to the fact that the disentangled
contrastive hypergraph learning leverages hypergraph



structures to capture higher-order and more complex
relationships within the data, thereby enabling a richer
representation of user—point-of-interest interactions. Such
modeling capability is not explicitly incorporated into
DisenPOI++. Nevertheless, DisenPOI++ demonstrates higher
performance than the disentangled contrastive hypergraph
learning in terms of Recall@20 on both datasets. This
observation suggests that, as the candidate set expands, the
proposed model remains effective in identifying relevant
target points of interest. Consequently, an advantage in long-
tail recommendation scenarios is implied, where capturing less
frequent but relevant items becomes critical. From a broader
perspective, consistent trends can be observed across different

categories of methods. Graph-based approaches (e.g., the light
graph convolutional network, DisenPOI, the disentangled
contrastive hypergraph learning, and DisenPOI++) generally
outperform traditional matrix factorization methods (e.g., the
ranking-based geographical factorization model), highlighting
the superiority of graph neural networks in modeling user—
point-of-interest interaction structures. Furthermore, methods
incorporating disentangled representation learning (e.g.,
DisenPOI, DisenPOI++, and the disentangled contrastive
hypergraph learning) consistently outperform graph-based
methods without disentanglement, thereby validating the
effectiveness of multi-factor disentangled modeling in
enhancing recommendation performance.

Table 7. Performance comparison of the disentangled dual-graph framework for point-of-interest recommendation (DisenPOI)++
on the Foursquare dataset

Method Recall@S Recall@10 Recall@20 NDCG@S NDCG@10 NDCG@20
Ranking-based geographical factorization model 0.641 0.711 0.785 0.519 0.532 0.559
Light graph convolutional network 0.654 0.728 0.803 0.526 0.544 0.571
Long- and short-term preference modeling 0.600 0.674 0.757 0.522 0.546 0.567
Spatio-temporal attention network 0.693 0.817 0.898 0.524 0.569 0.587
DisenPOI 0.708 0.828 0.911 0.535 0.574 0.595
Disentangled contrastive hypergraph learning 0.794 0.856 0.903 0.671 0.691 0.703
DisenPOI++ 0.734 0.849 0.922 0.580 0.616 0.634

Table 8. Performance comparison of the disentangled dual-graph framework for point-of-interest recommendation (DisenPOI)++
on the Gowalla dataset

Method Recall@5 Recall@10 Recall@20 NDCG@5 NDCG@10 NDCG@20
Ranking-based 0.658 0.768 0.829 0.484 0.511 0.527
geographical
factorization model
Light graph 0.671 0.785 0.862 0.499 0.529 0.542
convolutional
network
Long- and short- 0.684 0.776 0.843 0.495 0.521 0.538
term preference
modeling
Spatio-temporal 0.657 0.798 0.911 0.489 0.510 0.552
attention network
DisenPOI 0.668 0.804 0.918 0.501 0.535 0.564
Disentangled 0.783 0.865 0.921 0.652 0.678 0.693
contrastive
hypergraph learning
DisenPOI++ 0.718 0.847 0.934 0.555 0.597 0.619

5.3.2 Ablation study

Ablation experiments were conducted to systematically
evaluate the contributions of individual components in
DisenPOI++. Four model variants were designed as follows:

(a) M1 (Original DisenPOI)

The original DisenPOI model is adopted, which employs a
dual-view disentangled structure consisting of a geographical
graph and a sequential graph. A fixed weighting coefficient (1)
is used for fusion. This variant serves as the baseline model.

(b) M2 (+ Collaborative Graph)

A collaborative graph is introduced on top of DisenPOI,
extending the model to a three-view disentangled structure.

The fusion strategy remains based on fixed weights. This
variant is used to evaluate the independent contribution of the
collaborative graph.

(c) M3 (+ Collaborative Graph + Adaptive Weighting)

Building upon the three-view disentangled structure, user-
specific adaptive gating weights are further incorporated. This
variant is designed to assess the combined effect of multi-view
disentanglement and adaptive gating mechanisms.

(d) M4 (Full DisenPOI++ Model)

The complete DisenPOI++ model is employed, integrating
all proposed components. This variant is used to evaluate the
overall recommendation performance of the final model.

Table 9. Ablation results of the disentangled dual-graph framework for point-of-interest recommendation (DisenPOI)++ on the
Foursquare dataset

Variant Foursquare Recall@10 Foursquare Recall@20 Foursquare NDCG@10 Foursquare NDCG@?20
M1 0.828 0.911 0.574 0.595
M2 0.830 0916 0.586 0.599
M3 0.839 0919 0.597 0.620
M4 0.849 0.922 0.616 0.634
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Table 10. Ablation results of the disentangled dual-graph framework for point-of-interest recommendation (DisenPOI)++ on the
Gowalla dataset

Variant Gowalla Recall@10 Gowalla Recall@20 Gowalla NDCG@10 Gowalla NDCG@20
M1 0.804 0.918 0.535 0.564
M2 0.811 0.920 0.557 0.579
M3 0.829 0.924 0.580 0.596
M4 0.847 0.934 0.597 0.619

To validate the effectiveness of each core component in
DisenPOI++, ablation experiments were conducted on both
the Foursquare and Gowalla datasets. The corresponding
results are presented in Tables 9 and 10. Several observations
and insights can be derived from these results.

Across both datasets, model performance exhibits a
monotonic improvement as the collaborative graph, adaptive
weighting, and attention mechanism are progressively
introduced. No performance degradation is observed in any
intermediate variant, indicating that the proposed components
are well-designed, mutually compatible, and free from
redundancy or conflict. Notably, differences in performance
gains are observed across the two datasets. On the Gowalla
dataset, the improvements introduced by each component are
more pronounced, whereas on the Foursquare dataset, the
gains are relatively moderate. This discrepancy can be
explained by the intrinsic characteristics of the datasets. The
Foursquare dataset is collected from densely populated
metropolitan areas such as New York and Tokyo, where points
of interest are highly concentrated and user check-in behaviors
exhibit strong spatial locality. Under such conditions, the
original DisenPOI model—based on geographical-sequential
disentanglement—is already capable of effectively capturing
user preferences, leaving limited room for further
improvement. In contrast, the Gowalla dataset covers a
broader geographical range with a sparser point-of-interest
distribution and more diverse user behavior patterns. In such
scenarios, collaborative information and personalized fusion
mechanisms become more beneficial, thereby yielding larger
performance gains. This difference further demonstrates that
the proposed enhancements provide stable and consistent
improvements across datasets with varying characteristics.

A more detailed quantitative analysis can be derived from
the results. On the Gowalla dataset, the introduction of the
collaborative graph leads to a 4.1% improvement in
NDCG@]10, indicating a substantial enhancement in ranking
quality due to collaborative signals. The incorporation of
adaptive weighting further increases Recall@10 from 0.811 to
0.829, highlighting the positive impact of personalized fusion
on hit rate. Additionally, the attention mechanism contributes
to a 2.9% improvement in NDCG@?20, validating its
effectiveness in  optimizing long-sequence ranking
performance. On the Foursquare dataset, although the
magnitude of improvement is smaller than that observed on
Gowalla, consistent performance gains are still achieved. This
result provides further evidence of the general applicability of
the proposed approach and demonstrates the robustness and
compatibility of the designed modules.

5.3.3 Training convergence analysis

Figure 14 illustrates the variation of Recall@20 on the
validation set with respect to training epochs for DisenPOI++
on the Gowalla dataset. Overall, as the model evolves
progressively from M1 to M4, both the convergence speed
during the early training stage and the overall performance are
improved. This observation indicates that the introduced
modules effectively enhance the model’s representation
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learning capability and optimization efficiency. From the
perspective of the overall convergence curves, M1 exhibits the
lowest initial performance and relatively slow convergence.
After partial enhancements are introduced, M2 demonstrates a
noticeably faster convergence rate and achieves a stable
improvement in validation performance. With further
optimization, M3 not only maintains a higher Recall@20 level
during the middle and later training stages but also presents a
smoother convergence curve, reflecting improved training
stability. The complete model, M4, achieves the fastest
performance growth during the initial epochs and reaches its
performance peak at an earlier stage, indicating superior early
convergence capability and higher peak performance.

At the same time, it can be observed that M4 exhibits slight
fluctuations after reaching its peak, whereas M3 demonstrates
greater stability during the later training stage. This
phenomenon suggests that, as the model’s expressive capacity
increases, the optimization process becomes more sensitive to
parameter updates. However, the magnitude of these
fluctuations remains limited, and no sustained performance
degradation is observed, indicating that severe overfitting does
not occur. Overall, the convergence behavior from M1 to M4
provides strong empirical evidence for the effectiveness of the
proposed components. The full model achieves advantages in
both convergence speed and peak performance, while the
optimized variants exhibit satisfactory training stability
throughout the learning process.
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Figure 14. Convergence curves of the disentangled dual-
graph framework for point-of-interest recommendation
(DisenPOI)++ variants on the Gowalla dataset (Recall@20)

5.3.4 Visualization analysis of adaptive weights

To provide an intuitive validation that the adaptive gating
mechanism  effectively learns  user-specific ~ weight
distributions, a visualization analysis of the gate values was
conducted. The Gowalla dataset was taken as a representative
example, and the distribution of adaptive gate values was
examined to verify that differentiated user preferences had
indeed been captured. Figure 15 presents the histogram of gate
values for all users in the test set.



From the distribution results, it can be observed that the gate
values corresponding to the three views do not collapse to a
fixed constant. Instead, distinct and dispersed distributions are
exhibited, indicating that the gating network does not perform
static weighting but rather adaptively adjusts the contributions
of multiple views according to individual user preference
characteristics. Specifically, the average weights of the
sequential view and the geographical view are approximately
0.509 and 0.440, respectively, with relatively wide distribution
ranges. This suggests that these two sources of information
serve as the primary drivers for next-point-of-interest

recommendation. In contrast, the weight of the collaborative
view is concentrated within a relatively small range, with an
average value of approximately 0.051, indicating that
collaborative signals primarily function as a complementary
component under the current dataset and modeling
configuration. Overall, the visualization of gate value
distributions provides empirical evidence that the proposed
user-level adaptive weighting mechanism is effective. It
enables dynamic allocation of importance across the three
semantic views based on heterogeneous user preferences.
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Figure 15. Histogram of user gate value distributions

5.3.5 Hyperparameter sensitivity analysis

To investigate the impact of key hyperparameters on the
performance of DisenPOI++, a series of sensitivity
experiments was conducted.

(a) Effect of embedding dimension

As illustrated in Figure 16, when the embedding dimension
increases from 32 to 256, both Recall@10 and NDCG@10 on
the two datasets exhibit an overall upward trend. This
observation indicates that higher-dimensional representation
spaces facilitate the modeling of richer sequential,
geographical, and collaborative features.  Although
performance improvements continue as the dimensionality
increases, the magnitude of improvement on the Gowalla
dataset gradually diminishes, revealing a clear pattern of
diminishing marginal returns. Overall, while higher
embedding dimensions can yield optimal performance,
dimensions of 64 and above are sufficient to provide stable and
effective representations. Therefore, in practical applications,
an appropriate embedding dimension should be selected by
balancing performance gains against computational cost.

(b) Effect of the number of geographical graph convolution
layers

The impact of the number of geographical graph
convolution layers on model performance is illustrated in
Figure 17. Overall, increasing the depth of the geographical
graph does not consistently lead to performance improvement.
For the Foursquare dataset, optimal performance across all
evaluation metrics is achieved when the number of layers is
set to two. Further increasing the depth to three or four layers
results in performance degradation. This phenomenon
indicates that moderate geographical neighborhood
aggregation is sufficient to capture spatial proximity
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relationships, whereas excessive propagation introduces
redundant spatial information and may lead to over-
smoothing. For the Gowalla dataset, performance fluctuations
are relatively minor. Specifically, NDCG@10 reaches its peak
at two layers, while Recall@10 exhibits a slight improvement
at four layers; however, the overall differences remain
marginal. By jointly considering the results from both datasets,
a two-layer geographical graph convolution structure is
observed to provide an effective balance between performance
and stability.

(c) Effect of the number of collaborative graph convolution
layers

The experimental results for varying the number of
collaborative graph convolution layers are presented in Figure
18. It can be observed that, on both datasets, optimal or near-
optimal performance in terms of Recall@10 and NDCG@10
is achieved when a single layer is employed. As the number of
layers increases to two and three, an overall decline in
performance is observed, with a more pronounced degradation
on the Foursquare dataset. This phenomenon suggests that the
effectiveness of the collaborative view primarily originates
from  first-order  user—point-of-interest  collaborative
relationships. A single propagation layer is sufficient to
incorporate shared preference signals across users. When the
propagation depth increases, noise and irrelevant higher-order
collaborative relations are progressively introduced, thereby
weakening the contribution of meaningful signals. In
conjunction with the preceding analysis, this finding further
indicates that the collaborative view is more suitable as a
lightweight complement to the original DisenPOI framework
rather than as a deeply stacked component. Consequently, the
number of collaborative graph convolution layers is set to one
in subsequent experiments.



Effect of Embedding Dimension (NDCG@10)

0.64 1 —— Gowalla
FourSquare
0.62 1
S, 0.60 A
©
s
b 0.58 1
=
0.56
0541

Recall@10

1ﬁa
Embedding Dimension

32 64

256

Effect of Embedding Dimension (Recall@10)

—8— Gowalla

0.86 1 FourSquare

0.85 1
0.84 1
0.83
0.82
0.81

0.80 1

1&8
Embedding Dimension

Figure 16. Impact of embedding dimension on the performance of the disentangled dual-graph framework for point-of-interest
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Figure 18. Impact of the number of collaborative graph convolution layers on the performance of the disentangled dual-graph
framework for point-of-interest recommendation (DisenPOI)++

A comprehensive experimental evaluation of the SF-LGCN
and DisenPOI++ models was conducted. The results
demonstrate that both approaches achieve consistent
performance improvements in point-of-interest
recommendation tasks. For SF-LGCN, performance gains are
obtained through the incorporation of check-in frequency
weighting and geographical information fusion. The model
consistently outperforms the light graph convolutional
network and other baseline methods on both the Foursquare
dataset and Gowalla dataset. Ablation studies further indicate
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that frequency weighting and geographical fusion exhibit clear
complementary effects. For DisenPOI++, enhanced modeling
capability is achieved by introducing a collaborative view and
an adaptive fusion mechanism. Superior performance is
observed in the next-point-of-interest prediction task. Ablation
analysis confirms that each component contributes stable
performance gains, with more pronounced improvements
observed on the Gowalla dataset. Overall, the experimental
findings validate the effectiveness of the proposed methods in
terms of performance, stability, and generalization capability.



6. CONCLUSION AND FUTURE WORK

This study systematically investigated spatial behavior
modeling and point-of-interest recommendation, addressing
the limitations of conventional methods in terms of
insufficient utilization of spatial information and the
entanglement of multi-source semantics. First, check-in
frequency and geographical information were incorporated
into the base model, and a weighted graph structure was
constructed to enhance the representation of spatial
distribution characteristics. Building upon this foundation, the
DisenPOI++ model was further proposed. Through multi-view
modeling, user behavior was decomposed into distinct
semantic spaces, including geographical, sequential, and
collaborative components. By integrating disentangled
representation learning with an adaptive fusion mechanism,
effective integration of multi-source information and
personalized modeling were achieved. Experimental results
demonstrated consistent improvements across multiple
evaluation metrics, thereby validating the effectiveness of the
proposed multi-view disentanglement and dynamic fusion
strategies in spatial recommendation tasks. Compared with
single-representation approaches, the proposed model enables
a more fine-grained characterization of user preference
structures and exhibit enhanced robustness and generalization
capability in complex scenarios.

Despite the progress achieved in spatial modeling, several
directions for further improvement remain. First, richer
contextual information, such as temporal dynamics, social
relationships, and environmental factors, could be
incorporated to further refine behavior modeling. Second,
more efficient lightweight architectures could be explored to
reduce model complexity and improve scalability in large-
scale applications. Finally, multimodal data, including images
and textual information, could be integrated for joint
modeling, thereby extending the applicability of the approach
to heterogeneous data environments. In summary, an effective
framework for multi-view spatial behavior modeling has been
established, providing a solid foundation for future research on
point-of-interest recommendation in complex settings.
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