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Abstract

Predicting human mobility, specifically next Point-of-Interest
(POI) suggestions, requires modeling how individuals integrate
spatial, temporal and category cues during decision-making.
However, existing computational models often conflate these
heterogeneous signals or struggle with data sparsity. We pro-
pose the Disentangled Spatio-Temporal and Category Graph
Network (DST-GN), a framework that reconstructs cognitive
maps through representation learning. DST-GN models spatial,
temporal and category contexts as independent graph views,
employing Graph Attention Networks (GAT) to learn view-
specific embeddings. To ensure coherence across these disen-
tangled pathways, we introduce a cross-view contrastive learn-
ing mechanism that aligns signals into a unified semantic space.
Furthermore, a global Collective Flow Enhancer is integrated
to mitigate data sparsity by leveraging population-level heuris-
tics. Experimental results on three real-world datasets show
that our model outperforms state-of-the-art techniques, achiev-
ing average improvements of 22.84% in HR@10 and 18.55%
in NDCG@10.

Keywords: Human Mobility; Next POI recommendation; User
preference; Contrastive learning

Introduction
The ubiquity of mobile devices and Location-Based Social
Networks (LBSNs) has yielded massive human mobility data,
offering a transformative lens for understanding urban dy-
namics. Within this context, next-POI recommendation is
not merely a data mining task but also serves as a com-
putational proxy for modeling human decision-making pro-
cesses. From a cognitive perspective, user trajectories can be
viewed as observable outcomes of internal cognitive maps,
in which individuals integrate spatial, temporal, and category
cues when navigating urban environments. Despite recent
advancements, the efficacy of existing trajectory prediction
models remains significantly hindered by two persistent chal-
lenges (Acharya & Mohbey, 2025; Zhang et al., 2025).

First, human mobility is governed by an intricate
“where–when–what” triad, encompassing spatial distance,
temporal sequence and semantic category, which calls for
the explicit disentanglement of heterogeneous behavioral sig-
nals (Z. Huang et al., 2024; Sun et al., 2024). However,
many existing models suffer from signal entanglement, in
which these distinct factors are compressed into monolithic
embeddings. Such representations tend to produce context-
agnostic recommendations and consequently exhibit limited
generalization across diverse user routines (Lin et al., 2021;

Xie & Chen, 2023). Second, the widespread issue of data
sparsity—commonly manifested as the cold-start problem for
new users or POIs—substantially constrains the capacity of a
model to learn robust and personalized preference represen-
tations (Sanner et al., 2023; Yuan & Hernandez, 2023).

Figure 1: Distinct mobility patterns of a user, contrasting a
trajectory (Day1) in a work zone with a trajectory (Day2) in a
living zone.

To address these challenges, we design DST-GN, a unified
framework that leverages Graph Neural Networks to disentan-
gle and reintegrate the multifaceted drivers of human mobility.
As illustrated in Figure 1, traditional models fall short by pro-
ducing a single, conflated representation of a POI visit. For
instance, a restaurant visited after work (Day1) is encoded
without separating its identity from its specific workday con-
text (e.g., its proximity to the office, the lunchtime visit). This
leads to flawed, context-agnostic recommendations, such as
suggesting the same work-lunch spot for a weekend outing. In
contrast, DST-GN is designed to disentangle these contextual
signals to provide more accurate, context-aware suggestions.
DST-GN first constructs three distinct graphs to model spa-
tial proximity, temporal dynamics and category correlations,
and then employs view-specific GAT (Velickovic et al., 2017)
to learn specialized representations from each view. To en-
sure semantic consistency across views, we introduce a cross-
view contrastive learning mechanism that aligns the learned
embeddings into a shared semantic space. Beyond person-
alized, disentangled preferences, our framework integrates
global collective-flow information learned from all users. Fi-
nally, these rich local (personalized) and global (collective)
representations are fused via a context-aware attention layer,
where the user embedding serves as a query to yield highly ac-
curate, personalized POI recommendations. In summary, the
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main contributions of this work are summarized as follows:

• We propose a novel multi-view graph learning framework
that explicitly separates spatial, temporal and category sig-
nals. By modeling these factors independently before in-
tegration, we achieve a more granular and interpretable
representation of user behavior.

• We design a fusion strategy that integrates personalized
short-term preferences with global collective flow patterns.
This allows the model to dynamically balance individual
habits with population-level trends, addressing the data
sparsity issue effectively.

• We conduct extensive evaluations on three real-world POI
recommendation datasets. The results demonstrate that
DST-GN significantly outperforms existing baselines, val-
idating the effectiveness of disentangled modeling in cap-
turing the complexities of human mobility.

Related Work
Spatio-Temporal Modeling for Next POI
Recommendation
Accurately capturing the multi-faceted nature of user behavior
remains a focal point in mobility research. However, existing
approaches often struggle to maintain the distinct properties
of contextual signals. For example, Song et al. (2025) fused
temporal and spatial features directly, a strategy that fails to
account for the independent cognitive weights humans as-
sign to distance versus time. Sequence-based models, such
as those by T. Huang et al. (2024) and Feng et al. (2024),
often prioritize temporal transition patterns at the expense of
static semantic affinities, leading to a loss of location-specific
context. While He et al. (2024) explored personalized model-
ing, the absence of explicit disentanglement allows transient
contextual noise—such as a specific workday lunch hour—to
overshadow the intrinsic category properties of a POI, result-
ing in suboptimal recommendations for non-routine scenarios.
Our work addresses this by constructing independent graph
views, ensuring that each mobility signal is modeled without
interference before final integration.

Data Sparsity in Next POI Recommendation
Data sparsity remains a fundamental challenge in next POI
recommendation, most notably manifesting as the cold-start
problem, where users exhibit limited historical interactions.
Existing studies generally address this issue through two dom-
inant paradigms. The first line of work attempts to alleviate
sparsity by incorporating external metadata, such as social
network relations to model inter-user dependencies or rich
user profiles to infer latent preferences. However, despite
their potential benefits (Cai et al., 2023; Li et al., 2025),
such auxiliary information is often noisy, privacy-sensitive,
or unavailable in real-world applications. More recently, self-
supervised and contrastive learning have been introduced to
enhance representation robustness under sparse data regimes.
Representative methods such as CLSPRec (Duan et al., 2023),

DCLS (Liu et al., 2024), and COSTA (Lei et al., 2025), exploit
feature-level augmentations and cross-view alignment strate-
gies to extract more discriminative signals from limited user
trajectories. Although these approaches have demonstrated
notable effectiveness, they typically lack an explicit mecha-
nism to connect an individual’s sparse behavioral history with
global mobility patterns shared across the population. In con-
trast to these existing methods, our proposed DST-GN does
not rely on external metadata. Instead, it aims to distill gen-
eralized navigational flows from collective interaction data,
leveraging collective intelligence as a cognitive heuristic. By
capturing common mobility regularities emerging from the
crowd, DST-GN is able to provide robust and informative
recommendations even in scenarios where personal historical
data is insufficient.

Method
The definitions of the main terms used in our research problem
are as follows. Let 𝐿 = {𝑙1, 𝑙2, · · · , 𝑙𝑀 } be a set of POIs;𝑈 =

{𝑢1, 𝑢2, · · · , 𝑢𝑁 } denote a set of users; 𝐶 = {𝑐1, 𝑐2, · · · , 𝑐𝑃}
be a set of categories of POIs, where 𝑀 , 𝑁 and 𝑃 are respec-
tively the total number of POIs, users and categories. User
behavior is not static; it changes with the temporal context.
To model distinct behavioral patterns, such as the increased
tendency for novelty-seeking on weekends compared to week-
days, we explicitly categorize the temporal context into two
states: weekdays (denoted as 𝑑0) and weekends (denoted as
𝑑1). Therefore, a check-in record 𝑟 = (𝑢, 𝑙, 𝑐, 𝑔, 𝑡, 𝑑𝑥) sig-
nifies that user 𝑢 visited the point of interest (POI) 𝑙 at the
time 𝑡. The POI 𝑙 is defined by its category 𝑐 and geocoded
by 𝑔 (longitude and latitude). The proposed framework is
illustrated in Figure. 2.

User-Level Multi-View Graph Encoding
To capture structured dependencies across different aspects of
user check-in behavior, we construct three multi-view graphs:
a spatial graph (G𝑠), a temporal graph (G𝑡 ) and a category
graph (G𝑐). Each view is designed to encode a distinct rela-
tional structure underlying user mobility patterns. For each
user, these graphs are instantiated by extracting POI transi-
tions from the user’s historical trajectories, while the graph
construction rules are shared across users.

Spatial Graph (G𝑠): The spatial graph G𝑠 = (V, E𝑠 ,W𝑠)
is constructed to model the geographical influence on user
mobility, where V denotes the set of POI nodes. An edge
(𝑖, 𝑗) ∈ E𝑠 is established between two POIs if they are visited
consecutively within a trajectory. The edge weight is defined
by spatial similarity, computed from the great-circle distance
via an exponential decay function:

𝑊𝑠 (𝑖, 𝑗) = exp
(
− Haversine(Δ𝑆𝑖 𝑗 )

)
. (1)

Here,𝑊𝑠 (𝑖, 𝑗) represents the weight between POIs 𝑖 and 𝑗 , and
Haversine(·) computes the great-circle distance given their
geographic coordinates, withΔ𝑆𝑖 𝑗 denoting the corresponding
spatial distance.
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Temporal Graph (G𝑡 ): The temporal graph G𝑡 =

(V, E𝑡 ,W𝑡 ) is designed to capture temporal dependencies
in user mobility behavior. The node set V and edge set E𝑡 are
constructed analogously to those of the spatial graph, while
edge weights are determined by the time interval between con-
secutive visits. Specifically, we define the temporal weight by
jointly modeling daily periodicity and temporal decay:

𝑊𝑡 (𝑖, 𝑗) =
1
2

[
1 + cos

(2𝜋Δ𝑇𝑖 𝑗
1440

)]
· exp

(
−
Δ𝑇𝑖 𝑗

1440

)
. (2)

Here, Δ𝑇𝑖 𝑗 denotes the time interval (in minutes) between
check-ins at POIs 𝑖 and 𝑗 . The cosine term models the 24-
hour(1440 minutes) periodicity of human activity, while the
exponential term assigns higher weights to temporally proxi-
mate transitions.

Category Graph (G𝑐): The category graph G𝑐 =

(V, E𝑐,W𝑐) captures high-level semantic relations among
POIs based on their functional categories. In this graph, each
node corresponds to a POI, and a directed edge (𝐶𝑖 , 𝐶 𝑗 ) ∈ E𝑐

is created if users transition from a POI belonging to cate-
gory 𝐶𝑖 to one belonging to category 𝐶 𝑗 . The edge weight
𝑊𝑐 (𝐶𝑖 , 𝐶 𝑗 ) is defined as the normalized transition frequency,
reflecting the probability of moving from category 𝐶𝑖 to cat-
egory 𝐶 𝑗 .

After constructing these three graphs, we apply a separate
GAT to learn view-specific embeddings for each trajectory:
z𝑠 , z𝑡 , z𝑐 ∈ R𝑑 . Using dedicated GATs for each graph al-
lows the model to specialize in capturing the unique relational
patterns inherent in each view. Then, we use an attention
mechanism Vaswani et al., 2017 to fuse its spatial, tempo-
ral and category representations into a unified embedding
Hfused, allowing the model to adaptively weight these factors
for context-aware recommendations:

Hfused = Attention (z𝑠 , z𝑡 , z𝑐) (3)

Cross-View Contrastive Learning
While the disentangled graph encoders capture specialized
features, human navigation is fundamentally a coherent pro-
cess where spatial, temporal and category signals must con-
verge into a unified understanding. To encourage this con-
sistency across heterogeneous contexts, we introduce a multi-
view contrastive learning objective. This mechanism ensures
that different "views" of the same mobility event remain se-
mantically aligned in the latent space, thereby filtering out
view-specific noise.

Each embedding from the three encoders is fed into a shared
non-linear projection head 𝑓𝜃 (implemented as a multi-layer
perceptron) to map them into a shared hypersphere suitable
for similarity measurement:

z =
𝑓𝜃 (x)

| 𝑓𝜃 (x) |2
(4)

Positive pairs: Following the principle of semantic coinci-
dence, embeddings derived from the same trajectory segment
but across different graph types (spatial z𝑠 , temporal z𝑡 , and

category z𝑐) are treated as positive pairs. This encourages
the model to recognize that a lunchtime visit (temporal) to a
mall (category) near the office (spatial) represents the same
underlying behavioral intent. Their similarity is computed as
the average pairwise cosine similarity:

𝑠pos =
1
3
(
z𝑠 · z𝑐 + z𝑠 · z𝑡 + z𝑐 · z𝑡

)
(5)

Negative pairs: To enhance the discriminative power of the
representations, we adopt a robust negative sampling strategy.
We include embeddings from different time windows (cross-
day) and different users (intra-day). These diverse negatives
prevent the model from learning trivial solutions and force
it to capture the unique "signature" of a specific user-context
interaction.The contrastive objective is operationalized using
the InfoNCE loss, which maximizes the mutual information
between the positive views relative to the negatives:

Lcl = − 1
𝑁

∑︁
𝑖 = 1𝑁 log

exp(𝑠 (𝑖)pos/𝜏)

exp(𝑠 (𝑖)pos/𝜏) +
∑

𝑗 exp(𝑠 ( 𝑗 )neg/𝜏)
(6)

where 𝜏 is a temperature hyperparameter that modulates the
concentration of the distribution.

User-Aware Spatio-Temporal Transformer
While the previous graph layers capture structural relation-
ships, human mobility is inherently sequential and governed
by dynamic daily routines. To capture these fine-grained be-
havioral patterns, we design a User-Aware Spatio-Temporal
Transformer that processes daily POI sequences through a
context-sensitive attentional lens.

Spatio-Temporal Transformer To model user fine-grained
daily behavioral patterns, we represent each day’s POI visit se-
quence using a simple embedding layer. This daily sequence
embedding and the fusion vector of the three previously ob-
tained graphs Hfused are passed into a bias-aware Transformer
encoder. To capture spatio-temporal correlations, we incor-
porate learnable bias terms into the attention mechanism. For-
mally, the attention weight between two positions 𝑖 and 𝑗 in
the sequence is computed as:

𝑤𝑖 𝑗 = softmax 𝑗

(
𝑄𝑖𝐾

⊤
𝑗√
𝑑

+ 𝑏 (𝑡 )
𝑖 𝑗

+ 𝑏 (𝑠)
𝑖 𝑗

)
(7)

where 𝑏 (𝑡 )
𝑖 𝑗

= 𝑓𝑡 (Δ𝑇𝑖 𝑗 ) and 𝑏
(𝑠)
𝑖 𝑗

= 𝑓𝑠 (Δ𝑆𝑖 𝑗 ) are learnable
biases that encode the temporal interval and spatial distance
between the 𝑖-th and 𝑗-th POIs, respectively. By incorpo-
rating both sequence content and spatio-temporal biases, the
model effectively attends to contextually relevant past behav-
iors when modeling user preferences. The resulting vector
after this transformer is Mi

u.

User-Aware Attention We introduce a user-aware attention
mechanism to capture individual preferences, allowing dif-
ferent users to focus on different aspects of the same POI
sequence. Therefore, given the user embedding ui and the
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Figure 2: Overall framework of the proposed model DST-GN, which integrates multi-view graph encoding, cross-view con-
trastive learning, user-aware spatio-temporal Transformer and collective flow enhancer to capture user preferences for POI
recommendation.

output representations Mi
u from the Transformer encoder, the

details are as follows (Vaswani et al., 2017):

Ni
u = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛

(
ui,Mi

u,Mi
u

)
(8)

Ni
u is the personalized representation vector. This vector is

passed through a multi-layer perceptron to produce a user-
specific prediction 𝑦̃𝑢𝑠𝑒𝑟

𝑖
.

Collective Flow Enhancer
To capture global transition patterns among POIs, we con-
struct a graph from all users’ historical trajectories (Yang et
al., 2022). Each node represents a POI and an edge con-
nects two POIs if they appear consecutively in any trajectory,
with the weight counting the number of such transitions. The
global graph is represented as (𝑋, 𝐴), where 𝑋 is the node
feature matrix and 𝐴 is the adjacency matrix.

We compute unnormalized attention scores between all
node pairs based on their feature representations and graph
structure. Given an input feature matrix X ∈ R𝑁×𝑑 , we first
project it into a new space using a learnable weight matrix
W ∈ R𝑑×𝑑′ :

I = XW (9)
A bilinear attention formulation compute attention scores be-
tween node pairs. The learnable parameter vector 𝑎 ∈ R2𝑑′

is split into two parts, 𝑎1 ∈ R𝑑′ and 𝑎2 ∈ R𝑑′ . For each
node pair (𝑖, 𝑗) , we apply LeakyReLU (Maas et al., 2013)
as the nonlinear activation function to compute the attention
coefficient between nodes, formulated as:

𝑒𝑖 𝑗 = LeakyReLU
(
𝑎⊤1 I𝑖 + 𝑎⊤2 I 𝑗

)
(10)

We add the adjacency matrix to the identity matrix 𝐸 and
rescale attention scores to highlight stronger structural con-
nections:

𝑦̃
𝑔𝑙𝑜𝑏𝑎𝑙

𝑖
= 𝑒𝑖 𝑗 · (𝐴𝑖 𝑗 + 𝐸) (11)

Loss Function
To simulate the dual-process nature of human navigational
decision-making, we integrate predictions from two comple-
mentary information sources. This fusion represents the cog-
nitive interplay between an individual’s idiosyncratic history
and the normative behavioral patterns of the population.

(1) A user-specific prediction derived from the personalized
representation 𝑦̃𝑢𝑠𝑒𝑟

𝑖
, (2) a global prediction obtained from

the global graph 𝑦̃𝑔𝑙𝑜𝑏𝑎𝑙
𝑖

. The final prediction combines both
components:

𝑦̃𝑖 = 𝑦̃
𝑢𝑠𝑒𝑟
𝑖 + 𝑦̃𝑔𝑙𝑜𝑏𝑎𝑙

𝑖
(12)

This fusion enables the model to combine individual prefer-
ences with population-level patterns. The softmax function
was applied to obtain the predicted probability distribution
over candidate POIs:

𝑝𝑖 = softmax(𝑦𝑖) (13)

Finally, the model is trained by minimizing the cross-entropy
loss with respect to the ground truth 𝑦𝑖:

L𝑝𝑜𝑖 = −
𝑄∑︁
𝑖=1

𝑦𝑖 log(𝑝𝑖) (14)
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Table 1: Experimental results on the three datasets. In each column, the best result is shown in bold and the second-best is
underlined.

Model PHO SIN NYC

HR@5 HR@10 NDCG@5 NDCG@10 HR@5 HR@10 NDCG@5 NDCG@10 HR@5 HR@10 NDCG@5 NDCG@10

CTLE (Lin et al., 2021) 0.2632 0.3605 0.1995 0.2068 0.2041 0.2784 0.1313 0.1556 0.2421 0.3205 0.1513 0.1841

STAR-HiT (Xie & Chen, 2023) 0.5063 0.6582 0.3924 0.4304 0.3138 0.4105 0.2539 0.2855 0.3435 0.4078 0.2672 0.2871

DisenPOI (Qin et al., 2023) 0.4209 0.4988 0.3402 0.3652 0.2808 0.3420 0.2307 0.2506 0.2940 0.3634 0.2401 0.2594

GETNext (Yang et al., 2022) 0.5130 0.6147 0.3730 0.4019 0.3517 0.4294 0.2889 0.3163 0.2916 0.3690 0.2119 0.2342

CLSPRec (Duan et al., 2023) 0.5368 0.6368 0.3811 0.4175 0.3545 0.4093 0.2794 0.2942 0.3545 0.4352 0.2653 0.2870

DCLS (Liu et al., 2024) 0.6842 0.7017 0.5255 0.5472 0.4382 0.4894 0.3592 0.3747 0.4357 0.4980 0.3385 0.3599

COSTA (Lei et al., 2025) 0.6000 0.6947 0.4866 0.5088 0.3615 0.4177 0.2837 0.2995 0.3539 0.4290 0.2672 0.2871

FHCRec (Chen et al., 2025) 0.6000 0.6842 0.4257 0.4481 0.4219 0.4873 0.3369 0.3562 0.3917 0.4658 0.2877 0.3099

DST-GN (ours) 0.7895 0.8421 0.6152 0.6246 0.5506 0.6108 0.4260 0.4442 0.5626 0.6160 0.4267 0.4425

improve ↑ 15.39% 20.01% 17.07% 14.14% 25.65% 24.81% 18.60% 18.55% 29.13% 23.69% 26.06% 22.95%

Experiment
Datasets and Evaluation Metrics
To evaluate DST-GN, we utilized three longitudinal
Foursquare benchmarks—Phoenix (PHO), Singapore (SIN),
and New York City (NYC)—covering records from April 2012
to September 2013. Following standard protocols to ensure
data quality, we removed POIs with fewer than 10 interactions
and trajectories with fewer than 3 check-ins, while excluding
inactive users with fewer than 5 trajectories. The refined data
was partitioned using a chronological 8:1:1 split to preserve
the temporal integrity of human mobility patterns.

Performance is quantified using Hit Rate (HR@K) and Nor-
malized Discounted Cumulative Gain (NDCG@K) for 𝐾 ∈
{5, 10}. While HR@K measures the frequency with which the
ground-truth POI appears in the top-𝐾 list, NDCG@K pro-
vides a position-sensitive evaluation, rewarding the model for
ranking the correct destination higher to reflect more efficient
decision-making.

Baselines
We compare DST-GN with a wide range of state-of-the-art
methods for next POI recommendation, including sequential,
graph-based, and contrastive learning models.

• CTLE (Lin et al., 2021) is a Transformer-based sequen-
tial model that captures long-range temporal dependencies
through pre-training.

• STAR-HiT (Xie & Chen, 2023) models hierarchical user
preferences by jointly learning short-term and long-term
sequential patterns with attention mechanisms.

• GETNext (Yang et al., 2022) constructs a global transition
graph to model collective mobility patterns and enhance
next-location prediction.

• DisenPOI (Qin et al., 2023) disentangles geographical and

semantic factors within graph representations to better cap-
ture location transition behaviors.

• CLSPRec (Duan et al., 2023) introduces contrastive learn-
ing with trajectory-level augmentations to improve repre-
sentation learning under sparse data.

• DCLS (Liu et al., 2024) employs dual contrastive objec-
tives to jointly model user–POI interactions and sequential
dynamics.

• COSTA (Lei et al., 2025) leverages cross-view contrastive
learning to align spatial–temporal representations and mit-
igate data sparsity.

• FHCRec (Chen et al., 2025) enhances recommendation
performance by integrating feature-level and hierarchical
contrastive learning signals.

Overall Performance
Table 1 presents a comprehensive performance comparison
between DST-GN and several state-of-the-art baselines across
three real-world datasets. Our proposed model consistently
outperforms all competing methods across every evaluation
metric, achieving significant improvements in both predic-
tive accuracy (HR) and ranking quality (NDCG). Specifically,
DST-GN achieves an average improvement of over 20% across
all metrics compared to the best-performing baselines, estab-
lishing strong new performance benchmarks.

The empirical results reveal clear patterns in the evolu-
tion of mobility modeling. Sequential models such as CTLE
and STAR-HiT show the weaker performance, suggesting that
modeling mobility as a linear sequence fails to capture the
inherently non-linear and context-dependent nature of human
movement. Graph-based approaches, including GETNext and
DisenPOI, achieve better results by explicitly modeling spa-
tial correlations and transition structures. However, their re-
liance on a single unified graph representation often entangles
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heterogeneous factors, limiting their ability to distinguish be-
tween different mobility cues. In contrast, DST-GN adopts a
disentangled multi-graph architecture that separately models
spatial, temporal and category, enabling more fine-grained and
robust representations. Although contrastive learning-based
models such as CLSPRec, DCLS, COSTA, and FHCRec im-
prove representation quality through data augmentation and
alignment objectives, they lack explicit structural separation
among different contextual signals. The consistently superior
performance of DST-GN demonstrates that jointly leveraging
independent graph views and cross-view contrastive align-
ment is crucial for constructing a coherent and effective mo-
bility representation.

Ablation Experiments
To assess the contribution of each key component in DST-GN,
we conduct ablation studies on the NYC dataset by comparing
the full model with three variants:
• w/o CL: removes the cross-view contrastive learning mod-

ule;
• w/o Trans: removes the bias-aware Spatio-Temporal Trans-

former;
• w/o Global: removes the Collective Flow Enhancer.

The results in Table 2 indicate that all components con-
tribute substantially to the overall performance. Removing
the contrastive learning module (w/o CL) results in a no-
table performance drop, particularly in terms of NDCG. This
suggests that cross-view contrastive learning is crucial for
aligning the disentangled graph representations; without it,
spatial and category signals become weakly coupled, lead-
ing to less coherent mobility representations. The w/o Trans
variant also exhibits consistent degradation, demonstrating
the importance of modeling fine-grained sequential depen-
dencies. Although graph structures capture global transition
patterns, the Spatio-Temporal Transformer enables dynamic
contextual weighting of historical behaviors, which is essen-
tial for integrating static POI identities with temporal and
spatial constraints. The largest performance degradation is
observed in the w/o Global variant, highlighting the critical
role of collective mobility information. This finding confirms
that individual interaction history alone is often insufficient
under sparse settings. By incorporating population-level tran-
sition regularities, the global component provides a form of
social guidance that effectively compensates for ambiguous
or limited personal trajectories.

Table 2: Ablation study results on NYC.

Model Variant HR@10 NDCG@10

w/o CL 0.6010 0.3904
w/o Trans 0.6093 0.4175
w/o Global 0.5609 0.3886
DST-GN 0.6160 0.4425

Effectiveness of Disentanglement
To empirically evaluate the impact of the cross-view con-
trastive learning module, we visualized the latent distribu-
tions of the spatial, temporal and category embeddings using
UMAP. As illustrated in Figure. 3, the integration of the con-
trastive objective fundamentally reshapes the model’s repre-
sentation space. In the absence of contrastive learning (Fig-
ure. 3a), the embeddings from the three encoders exhibit a
highly entangled and fragmented distribution, suggesting a
"cognitive misalignment" where heterogeneous signals fail
to converge into a unified representation. Conversely, with
the introduction of the contrastive module (Figure. 3b), the
three views form compact, well-defined clusters with clear
inter-class separation. This transformation demonstrates that
our module acts as a critical alignment mechanism, maximiz-
ing mutual information across views to extract invariant be-
havioral signatures while successfully disentangling context-
specific noise. Consequently, the resulting representations are
more discriminative and robust, providing a superior compu-
tational basis for predicting complex human mobility patterns.

(a) Without contrastive learning (b) With contrastive learning

Figure 3: UMAP visualization of spatial, temporal, and cat-
egory embeddings. (a) Without contrastive learning, the em-
beddings exhibit a fragmented, overlapping distribution. (b)
With contrastive learning, the embeddings converge into com-
pact, well-separated clusters.

Conclusion
In this paper, we propose DST-GN to address signal en-
tanglement and data sparsity in next-POI recommendation.
By disentangling spatial, temporal, and category influences
through multi-view graph learning and cross-view contrastive
alignment, DST-GN enables more fine-grained modeling of
human mobility. Extensive experiments on three real-world
datasets demonstrate its consistent superiority over state-of-
the-art baselines. Beyond empirical performance, DST-GN
provides an interpretable modeling perspective in which het-
erogeneous contextual cues are separated and then integrated
to support effective mobility prediction. Future work will ex-
plore finer-grained temporal dynamics and multimodal con-
textual information to further enhance the expressiveness and
applicability of the proposed framework.
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