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Abstract

Among the diverse services provided by Location-Based
Social Networks (LBSNs), Next Point-of-Interest (POI)
recommendation plays a crucial role in inferring user prefer-
ences from historical check-in trajectories. However, existing
sequential and graph-based methods frequently neglect signif-
icant mobility variations across distinct contextual scenarios
(e.g., tourists versus locals). This oversight results in subop-
timal performance due to two fundamental limitations: the
inability to capture scenario-specific features and the failure
to resolve inherent inter-scenario conflicts. To overcome these
limitations, we propose the Multifaceted Scenario-Aware
Hypergraph Learning method (MSAHG), a framework that
adopts a scenario-splitting paradigm for next POI recom-
mendation. Our main contributions are: (1) Construction of
scenario-specific, multi-view disentangled sub-hypergraphs
to capture distinct mobility patterns; (2) A parameter-splitting
mechanism to adaptively resolve conflicting optimization
directions across scenarios while preserving generalization
capability. Extensive experiments on three real-world datasets
demonstrate that MSAHG consistently outperforms five
state-of-the-art methods across diverse scenarios, confirming
its effectiveness in multi-scenario POI recommendation.

Code — https://github.com/COCOMiss/MSAHG

Introduction
Location-Based Social Networks (LBSNs), such as Weibo,
Foursquare, and Twitter, have become ubiquitous in modern
digital life. By leveraging users’ check-in histories at
Points-of-Interest (POI) and their social interactions, these
platforms enable various personalized services, including
friend (Li et al. 2022, 2023; Li, Fan, and Song 2025) and next
POI recommendation (Lai et al. 2024; Zhang et al. 2024),
enhancing user experience and driving platform monetiza-
tion. Among them, next POI recommendation has attracted
particular interest for its multifaceted value—ranging from
improving user satisfaction to enabling targeted advertising
and supporting urban mobility analysis (Jiang et al. 2021;
Wang, Li, and Rajagopal 2020).
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Local User Tourist

(a) User type: local user and tourist.

(b) Temporal context: workday and weekend.

Suburban Downtown

(c) Spatial region: suburban and downtown.

Figure 1: Illustration of scenario-specific user preferences
across three contextual dimensions in LBSNs, highlighting
substantial behavioral differences across scenarios.

Researchers have proposed a wide range of approaches to
tackle next POI recommendation, most notably sequential-
based and graph-based methods. Among them, graph-based
techniques have shown particular promise, leading to the
emergence of hypergraph learning as a powerful frame-
work in recent years, exemplified by models such as
STHGCN (Yan et al. 2023) and DCHL (Lai et al. 2024).
Although these methods achieve strong performance in next
POI recommendation, they often overlook a critical real-
world requirement: recommendation systems should be ca-
pable of capturing distinct user preferences under varying
contextual scenarios.

To address this issue, we investigate the nature of contex-
tual diversity in real-world recommendation environments.
Based on empirical observations from Location-Based So-
cial Networks (LBSNs), we categorize scenarios along three
primary dimensions: user type (e.g., local vs. tourist), tempo-
ral context (e.g., weekday vs. weekend), and spatial region
(e.g., downtown vs. suburban areas), as illustrated in Fig-
ure 1. For example, local users typically check in at locations
relevant to their daily routines (e.g., offices, supermarkets),
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whereas tourists are more inclined toward leisure or land-
mark destinations. The same user may also exhibit different
behaviors across time—frequenting transportation hubs and
workplaces on weekdays while visiting restaurants or enter-
tainment venues on weekends. In addition, spatial variations
further influence mobility patterns: suburban users often re-
main within compact commercial areas, while downtown
environments promote broader movement due to greater ac-
cessibility and POI diversity. These observations highlight the
substantial behavioral differences exhibited by users under
distinct contextual scenarios.

Motivated by these observations, we find that standard
hypergraph structures and conventional methods struggle
to capture the distinct trajectory patterns under diverse
contextual scenarios. To address this limitation, we pro-
pose Multifaceted Scenario-Aware Hypergraph Learning
(MSAHG), which adopts a splitting-based approach to model
each scenario individually: it constructs scenario-specific,
multi-view disentangled sub-hypergraphs to capture distinct
trajectory features. In parallel, it introduces a parameter split-
ting mechanism that dynamically resolves conflicting opti-
mization directions across scenarios during training while
maintaining generalization through shared parameters. This
design overcomes a key limitation of conventional mod-
els—their inability to simultaneously accommodate multi-
ple scenario-specific patterns without mutual interference.
By explicitly modeling diverse contextual scenarios through
sub-hypergraphs and adaptively splitting parameters with
scenario conflicts, MSAHG effectively captures fine-grained
mobility features across distinct real-world contexts.

Our main contributions are summarized as follows:
• We propose MSAHG, a splitting-based framework that

explicitly models distinct scenarios—user types, time periods,
and spatial regions—at both data and parameter levels.

• We introduce two key techniques: (i) scenario-specific,
multi-view disentangled sub-hypergraph construction to cap-
ture distinct mobility patterns, and (ii) a dynamic parameter-
splitting mechanism to resolve conflicting optimization direc-
tions across scenarios while preserving generalization.

• We conduct extensive experiments on three real-world
LBSN datasets. Results demonstrate that MSAHG consis-
tently outperforms state-of-the-art baselines under diverse
scenarios, validating its effectiveness in addressing the multi-
scenario next POI recommendation task.

To the best of our knowledge, this is the first work that
explicitly formulates and tackles the multi-scenario next POI
recommendation problem, emphasizing the importance of
scenario-aware modeling in real-world LBSNs.

Related Work
Next POI Recommendation
Existing next POI recommendation approaches include
sequential-based and graph-based methods. Sequential mod-
els (Kong and Wu 2018; Xue et al. 2021) process trajectories
as time series with spatio-temporal signals: DeepMove (Feng
et al. 2018) enhances RNN-based modeling with attention
mechanisms, and MTNet (Huang et al. 2024) segments tra-
jectories to learn temporal-specific behavioral patterns. On

the other hand, graph-based methods model user-POI inter-
actions through spatial/semantic graphs(Yin et al. 2023; Xu
et al. 2023). GETNext (Yang, Liu, and Zhao 2022) constructs
a global trajectory flow map to enrich POI embeddings within
a Transformer(Vaswani et al. 2023) framework. STGIN (Liu
et al. 2023) captures context-specific preferences utilizing
subgraphs, though it lacks explicit scenario definitions. More
recently, hypergraph-based models have shown promise in
capturing high-order relations in user trajectories(Yang et al.
2019; Gao et al. 2023). STHGCN (Yan et al. 2023) leverages
hypergraph convolution to encode complex dependencies,
while DCHL (Lai et al. 2024) disentangles heterogeneous
trajectory features with multi-view hypergraphs. However,
none of these methods explicitly account for the multifaceted
scenario trajectory patterns.

Multi-scenario Recommendation

While prior work has advanced next POI recommendation
through sequential, graph, and hypergraph modeling, these
methods largely operate under a single unified user behav-
ior assumption. In contrast, multi-scenario recommendation
aims to improve performance across diverse contexts by
explicitly modeling scenario-level distinctions. Recent ap-
proaches primarily focus on capturing inter-scenario simi-
larities and differences within unified architectures. For ex-
ample, STAR (Sheng et al. 2021) adopts a star topology to
decompose multi-scenario learning into a shared central net-
work and multiple scenario-specific branches. M2M (Zhang
et al. 2022) introduces a meta-learning framework tailored
for multi-advertising scenarios, incorporating meta units for
cross-scenario correlation, attention mechanisms for scenario-
specific dependency modeling, and task-specific towers for
joint prediction. SAR-Net (Shen et al. 2021) enhances user
representation by integrating scenario/item features through
dual attention modules, followed by scenario-specific trans-
formations to extract context-aware signals.

Preliminaries
In this section, we first provide a detailed definition of the
next POI recommendation task on LBSN, followed by an
elaboration on our multifaceted scenario.

Problem Formulation

Let U = {u1, u2, . . . , uM} be the set of users, P =
{p1, p2, . . . , pN} the set of POIs, and T = {t1, t2, . . . , tK}
the set of time slots, where M , N , and K denote the num-
bers of users, POIs, and time slots, respectively. A POI
check-in is represented as a triplet ⟨ui, pj , tk⟩, where user
ui visits POI pj at time tk. Each POI p is described by
its geographical location ⟨lat, lon⟩. Given a user’s complete
check-in history Qu = (q1, q2, . . . ), where each trajectory
sequence q corresponds to a time interval (e.g., 24 hours),
the goal is to predict the top-k POIs that user u is most likely
to visit next, based on each individual trajectory sequence
q = (⟨ui, p1, t1⟩, ⟨ui, p2, t2⟩, . . . , ⟨ui, pn, tn⟩), from a set of
N candidate POIs.
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Local Tourist

Figure 2: POI category distributions in NYC trajectories of
local users and tourists. The marked differences, especially
in Hotel, Residence, and Transportation categories, underline
the necessity of scenario-aware modeling.

Multifaceted Scenario Definition
To capture diverse user behaviors under varying contexts—an
example of which is illustrated in Figure 2—we extend the
standard next POI recommendation task to a multifaceted
scenario-aware setting. Specifically, each trajectory is
categorized along three orthogonal scenario dimensions: user
type, temporal context, and spatial region.

• User type: Users are classified as local or tourist based
on accommodation POI check-in frequency. A user is labeled
as a tourist if their accommodation check-ins (e.g., at hotels,
resorts) exceed a threshold percentage of total check-ins (e.g.,
5%); otherwise, they are classified as local.

• Temporal context: Trajectories are classified as weekday
or weekend based on their final check-in timestamp.
• Spatial region:Trajectories are categorized as downtown

or suburban based on their last location of check-in: within
10 km of city center for downtown, otherwise suburban.

Each trajectory is uniquely assigned to one category per
dimension, forming a combined scenario (e.g., “local &
weekend & suburban”). The task of multifaceted scenario-
aware POI prediction is to recommend the next POI within
these composite scenarios, aiming to improve performance
across heterogeneous scenarios.

Methodology
In this section, we introduce MSAHG, a framework for multi-
scenario next POI recommendation that explicitly models tra-
jectory features across scenarios (see Figure 3). Within each
scenario, user behaviors tend to be consistent, while mixing
data across scenarios may introduce noise and harm perfor-
mance. Additionally, joint optimization over heterogeneous
scenarios can lead to conflicting gradients for shared parame-
ters. To address these challenges, MSAHG employs two com-
ponents: a multi-view disentangled sub-hypergraph to capture
intra-scenario mobility patterns, and an adaptive parameter
splitting mechanism to resolve inter-scenario conflicts.

Sub-Hypergraph Construction
To model heterogeneous trajectory patterns across scenar-
ios, MSAHG constructs separate sub-hypergraphs for each

scenario to better capture their scenario-specific semantics.
As illustrated in Figure 3 (Sub-Hypergraph Construction sec-
tion), we generate eight types of sub-hypergraphs from four
complementary views: collaborative, temporal user, temporal
POI, and geographical.

User type view. We divide users into locals and tourists
based on their check-in histories (Figure 1a). Locals tend to
follow routine daily mobility patterns, while tourists typically
visit landmarks and restaurants with irregular time and loca-
tion preferences. Due to these behavioral differences, we con-
struct separate collaborative sub-hypergraphs for each user
type, where nodes represent POIs and hyperedges represent
individual user trajectories (Figure 3, first sub-hypergraph).

Temporal view. User behaviors also differ between week-
days and weekends (Figure 1b). To capture temporal scenario
patterns, we build two types of sub-hypergraphs: temporal-
user and temporal-POI. We divide each day into 48 equal time
intervals, and use these as hyperedges. In the temporal-user
sub-hypergraph, nodes represent users; in the temporal-POI
sub-hypergraph, nodes are POIs (Figure 3, second and third
sub-hypergraph).

Geographical view. Trajectory patterns vary between ur-
ban and suburban areas due to differences in POI types
and spatial distribution (Figure 1c). We therefore construct
separate geographical sub-hypergraphs based on region.
In this view, hyperedges represent geographical neighbor-
hoods (POIs within a specific distance threshold), and nodes
are POIs (Figure 3, fourth sub-hypergraph).

Transitional view. We model global POI transition pat-
terns using a single transitional hypergraph shared across
all scenarios. Nodes represent POIs, and hyperedges capture
directed transitions between consecutive POIs in user trajec-
tories. Since transition patterns are less scenario-dependent,
we do not split this view into sub-hypergraphs (Figure 3, fifth
sub-hypergraph).

Sub-Hypergraph Convolutional Networks
To obtain informative POI and user representations from
the multi-view sub-hypergraphs, we apply a two-step
sub-hypergraph convolution (node-hyperedge-node), as
shown in Figure 3. Inspired by the DCHL framework (Lai
et al. 2024), a residual connection is employed to mitigate
over-smoothing. All sub-hypergraphs are undirected and
scenario-specific, while the transitional hypergraph is
directed and shared across scenarios.

Message Propagation in Sub-Hypergraphs Given an
undirected sub-hypergraph Gund = (V, Eund) with node set
V and hyperedge set Eund, we initialize node embeddings
stochastically. The node representations are updated through
the following two operations, where me denotes the hyper-
edge embedding:

• Aggregation: Node embeddings within a hyperedge e
are aggregated to generate an intermediate message:

me = AGG ({vi | vi ∈ e}) (1)

where AGG(·) represents a node-to-hyperedge aggregation
function (e.g., mean pooling).
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Figure 3: The overall framework of Multifaceted Scenario-Aware Hypergraph Learning (MSAHG). User trajectories are
categorized into three scenario dimensions: user type, temporal context, and spatial region. Based on these and relational patterns,
eight sub-hypergraphs are constructed and processed via multi-layer hypergraph convolution. A parameter splitting mechanism
handles conflicting scenario signals. Final embeddings are learned through contrastive learning and fused for next POI prediction.

• Propagation: Messages from the hyperedges that related
to node v are propagated to refine its representation:

vi = PROP ({me | e ∈ Eund}) (2)

With residual connections across L layers, the final node
embedding is computed as:

vfinal =
1

L+ 1

L∑
ℓ=0

(
v(ℓ) + v(ℓ−1)

)
(3)

For the directed transitional hypergraph Gdir, aggregation
incorporates only source node embeddings into hyperedges,
while propagation delivers hyperedge embeddings exclu-
sively to target nodes.

User & POI Embedding To obtain unified User and POI
representations, we fuse scenario-specific embeddings that
obtained from the sub-hypergraph convolutional networks.
Consider a user visiting a downtown restaurant on Thursday:
MSAHG integrates 1) collaborative embeddings from the
local-user hypergraph, 2) temporal embeddings from the
workday hypergraph, and 3) geographical embeddings
from the downtown hypergraph (Figure 3). Note that
transitional view embeddings are derived directly without
sub-hypergraphs.

User embeddings are derived from POI embeddings via
the transposed incidence matrix HT

C of the collaborative hy-
pergraph. For collaborative (EU

C ), transitional (EU
T ), and geo-

graphical (EU
G ) views:

EU
X = HT

C · EP
X (X ∈ {C, T,G}) (4)

where EP
X denotes POI embeddings from view X . While, the

user embedding EU
Tem can be directed obtained from temporal

user view sub-hypergraphs, as their nodes are users. To adap-
tively fuse these user embeddings, we introduce view-specific
gating mechanisms:

EU
F = λTemE

U
Tem + λCE

U
C + λTE

U
T + λGE

U
G (5)

where gating weights λX = σ(EU
XWX) employ Sigmoid

activation σ and view-specific trainable weights WX ∈ Rd.
For POI representations, we employ a simple summation of
different view embeddings.

Contrastive Learning
To capture cooperative associations across multi-view em-
beddings, we employ contrastive learning with InfoNCE loss.
For user representations, we define pairwise contrastive loss
between views v1 and v2 as:

LU
v1,v2

= − 1

|U|
∑
u∈U

log
exp

(
s(euv1

, euv2
)/τ

)∑
u′∈U exp

(
s(euv1

, eu′
v2
)/τ

) (6)

where s(·, ·) denotes cosine similarity, τ is a temperature
hyperparameter, and euv represents user’s embeddings from
view v.

For each scenario, the scenario-specific loss is computed
by summing its contrastive loss and POI recommendation
loss. The user contrastive loss is obtained by summing losses
across all pairs of views:

LU
con =

∑
v1,v2

LU
v1,v2

(where v1 < v2 and v1, v2 ∈ {Tem, C,G, T})
(7)

Similarly, the contrastive loss for POI representations is
defined as LP

con. The final scenario-specific loss is:

Lfinal = λ(LU
con + LP

con) + (1− λ)LRec (8)

15272



multi-scenarios data check gradient conflicts split parameter

𝜃

𝜃′

𝑔1
𝜃

𝑔2
𝜃

𝑔3
𝜃

𝑔4
𝜃

Scenario 2

Scenario 1

Scenario 3

Scenario 4

Scenario 2

Scenario 1

Scenario 3

Scenario 4

Figure 4: Overview of adaptive parameter splitting. For each
parameter θ, gradients from different scenarios are compared.
When conflicting directions are detected, θis duplicated, and
scenarios are grouped to use either θ or the new copy θ′.

where λ balances multi-view cooperation against recommen-
dation accuracy, as illustrated in Figure 3.

Adaptive Parameter Splitting
In multi-scenario settings, shared parameters may receive
conflicting gradient signals across scenarios, hindering gener-
alizable representation learning. To address this, we propose
an adaptive parameter splitting mechanism that selectively
duplicates conflicting parameters during training. Let θ de-
note an individual parameter in the model, and N the number
of scenarios. For each θ , we compute the gradients of each
scenario’s loss, normalize them, and calculate the cosine simi-
larities among scenarios. For example, the similarity between
scenario i and scenario j is calculated with equation 9:

sθi,j = gθi · gθj (9)

where 0 ≤ i, j < N , and gθi , gθj represent the normalized
gradients of scenario i and scenario j with respect to the
parameter θ, respectively. A negative similarity sθi,j < 0 indi-
cates that the two scenarios are conflicting on θ, suggesting
that a single shared parameter cannot accommodate both.
In such cases, we split the conflicting parameter θ into two
versions: the original θ and a new copy θ′. Scenarios are
clustered based on gradient similarity, and each group uses
the corresponding parameter during forward and backward
passes. This operation is applied independently per parameter
and only to those that have not been split before. Once split,
a parameter becomes scenario-specific and remains tied to
its assigned group. To reduce overhead, conflict checking
and splitting are performed periodically (e.g., every fixed
number of epochs). Although gradients are evaluated for
all parameters, only a few typically require splitting. As a
result, model size increases modestly and stays well below
twice the original parameter count. This mechanism supports
fine-grained, scenario-aware learning while preserving
parameter efficiency, as illustrated in Figure 4.

Experiments
In this section, we conduct comprehensive experiments to
evaluate our proposed MSAHG model. Specifically, we first
introduce the experimental setup, including the datasets, base-
lines, evaluation metrics, and implementation details. Then,
we demonstrate the overall performance of our model in
terms of multi-scenario recommendation and ablation studies.

Experimental Setup
Datasets We evaluate MSAHG on three publicly accessible
real-world datasets: Gowalla, NYC, and TKY. The NYC and
TKY datasets are derived from Foursquare(Yang et al. 2014);
The Gowalla dataset(Yuan et al. 2013) contains check-ins
spanning from February 2009 to October 2010, covering Cal-
ifornia and Nevada. The details of datasets and categorizing
data into multiple scenarios are available in Appendix.

Baselines To demonstrate the performance of MSAHG, we
implement five state-of-the-art (SOTA) methods as compari-
son baselines, covering both sequence-based and graph-based
networks as follows:

• HST-LSTM (Kong and Wu 2018) integrates spatial-
temporal factors into LSTM gates and models historical visits
via a hierarchical encoder-decoder for location prediction.

• DeepMove (Feng et al. 2018) considers long-term and
short-term interests of users by combining recurrent neural
networks with attention mechanisms.

• GETNext (Yang, Liu, and Zhao 2022) introduces the
global mobility patterns of all users into the Transformer
architecture to improve model prediction effects.

• STHGCN (Yan et al. 2023) models trajectory relations
via hypergraphs and integrates spatial-temporal information
with a hypergraph transformer for next POI recommendation.

• DCHL (Lai et al. 2024) disentangles collaborative, tran-
sitional, and geographical views via hypergraphs, adapts fu-
sion, and applies cross-view contrastive learning for next POI
recommendation.

Metrics Following STHGCN (Yan et al. 2023), we use
Acc@k (k=1, 5, 10, 20) and Mean Reciprocal Rank (MRR)
as evaluation metrics. Acc@k measures the proportion of true
POIs in top-k predictions, assessing classification precision.
MRR quantifies the average reciprocal rank of true POIs,
evaluating ranking quality. Together, they comprehensively
evaluate the model performance.

Implementation details We implement MSAHG using Py-
Torch 2.4.1 on a Linux server equipped with 503 GB RAM,
a 160-core Intel® Xeon® Gold 6230 CPU (2.10 GHz), and
A40 GPUs. The embedding dimensions for both POIs and
users are set to 128, and the hypergraph convolutional net-
work consists of three layers. Furthermore, we set 2.5km as
distance threshold according to (Lai et al. 2024). The regu-
larization weight λ for the contrastive loss is configured to
0.1. To support stable parameter splitting (which resolves
conflicting optimization across scenarios), we check for pa-
rameter conflicts after 20 epochs on the NYC and Gowalla
datasets, and 30 epochs on TKY, given its larger data vol-
ume compared to the other two. Gradient similarities across
scenarios are computed every 10 training batches to check
the conflicts, and parameters are split into scenario-specific
subsets when their similarities fall below -0.5. The model
is trained for 100 epochs using the Adam (Kingma and Ba
2017) optimizer with a learning rate of 1 × 10−3, weight
decay of 5 × 10−4, and a batch size of 200, incorporating
early stopping with a patience of 10 epochs. Baseline models
are reproduced strictly following the hyperparameter settings
specified in their original papers, and for any unspecified
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Gowalla NYC TKY

Model Scenario ACC@1 ACC@5 ACC@10 ACC@20 MRR ACC@1 ACC@5 ACC@10 ACC@20 MRR ACC@1 ACC@5 ACC@10 ACC@20 MRR
Local 0.1314 0.2758 0.3369 0.3934 0.2014 0.2020 0.3762 0.4237 0.4583 0.2809 0.2159 0.3878 0.4573 0.5203 0.2978

Tourist 0.1079 0.2349 0.2999 0.3623 0.1714 0.1298 0.2576 0.3056 0.3398 0.1886 0.1679 0.3137 0.3762 0.4367 0.2387
HSTLSTM Downtown 0.1405 0.2909 0.3558 0.4163 0.2122 0.2065 0.3731 0.4276 0.4650 0.2816 0.2334 0.4236 0.5002 0.5626 0.3229

Suburban 0.1102 0.2391 0.3019 0.3614 0.1746 0.1454 0.2877 0.3327 0.3658 0.2107 0.1785 0.3227 0.3828 0.4452 0.2489
Workday 0.1366 0.2846 0.3512 0.4133 0.2085 0.1723 0.3295 0.3793 0.4152 0.2439 0.2118 0.3813 0.4497 0.5121 0.2927
Weekend 0.0820 0.1901 0.2471 0.3023 0.1373 0.0240 0.0524 0.0689 0.0778 0.0394 0.0728 0.1715 0.2275 0.2897 0.1239

Local 0.1343 0.2984 0.3644 0.4242 0.2122 0.1603 0.3311 0.3871 0.4268 0.2382 0.1756 0.3791 0.4575 0.5232 0.2698
Tourist 0.1074 0.2435 0.3066 0.3699 0.1751 0.1178 0.2322 0.2827 0.3272 0.1722 0.1455 0.3155 0.3861 0.4411 0.2254

DeepMove Downtown 0.1441 0.3114 0.3807 0.4402 0.2238 0.1544 0.3078 0.3606 0.3950 0.2235 0.1806 0.3897 0.4727 0.5392 0.2773
Suburban 0.1096 0.2505 0.3131 0.3758 0.1789 0.1305 0.2660 0.3192 0.3648 0.1944 0.1574 0.3406 0.4114 0.4714 0.2428
Workday 0.1397 0.3067 0.3760 0.4393 0.2199 0.1436 0.2900 0.3449 0.3882 0.2116 0.1730 0.3732 0.4509 0.5145 0.2658
Weekend 0.0772 0.1875 0.2420 0.3008 0.1332 0.0168 0.0440 0.0608 0.0797 0.0307 0.0751 0.1762 0.2282 0.2808 0.1269

Local 0.1556 0.3385 0.4104 0.4768 0.2432 0.1782 0.2970 0.3762 0.5149 0.2398 0.1416 0.3625 0.4969 0.6247 0.2479
Tourist 0.0785 0.1983 0.2438 0.3058 0.1329 0.0714 0.2143 0.3571 0.4464 0.1519 0.0213 0.1277 0.2128 0.3404 0.0771

GETNext Downtown 0.1929 0.4180 0.5145 0.5627 0.2968 0.1000 0.2000 0.3000 0.5000 0.1600 0.1511 0.4106 0.5668 0.7162 0.2753
Suburban 0.1262 0.2816 0.3398 0.4107 0.2011 0.1460 0.2774 0.3796 0.4891 0.2155 0.1207 0.2783 0.3781 0.4741 0.1978
Workday 0.1494 0.3274 0.3980 0.4651 0.2337 0.1450 0.2748 0.3969 0.5115 0.2157 0.1438 0.3598 0.4912 0.6259 0.2480
Weekend 0.1031 0.2422 0.2915 0.3498 0.1713 0.1154 0.2308 0.2308 0.3846 0.1719 0.1223 0.3476 0.4871 0.5923 0.2304

Local 0.1433 0.2854 0.3505 0.3991 0.2115 0.1730 0.3460 0.4010 0.4382 0.2533 0.2283 0.4409 0.5221 0.5902 0.3271
Tourist 0.0543 0.1793 0.2554 0.3370 0.1168 0.1841 0.3899 0.4296 0.4657 0.2663 0.1392 0.2840 0.3648 0.4422 0.2073

STHGCN Downtown 0.1399 0.2762 0.3479 0.3864 0.2022 0.2378 0.4483 0.5263 0.5692 0.3360 0.2459 0.4879 0.5774 0.6484 0.3577
Suburban 0.1368 0.2840 0.3483 0.3972 0.2074 0.1592 0.3235 0.3667 0.4095 0.2337 0.2148 0.4151 0.4983 0.5641 0.3082
Workday 0.1530 0.3141 0.3849 0.4348 0.2302 0.1856 0.3789 0.4293 0.4663 0.2708 0.2361 0.4615 0.5471 0.6124 0.3405
Weekend 0.1130 0.2218 0.2762 0.3222 0.1647 0.1423 0.2397 0.2996 0.3390 0.1971 0.1650 0.3363 0.4164 0.4892 0.2478

Local 0.1364 0.3109 0.3818 0.4537 0.2203 0.1463 0.3555 0.4244 0.4854 0.2408 0.1190 0.3058 0.3896 0.4627 0.2072
Tourist 0.0752 0.2585 0.3104 0.3795 0.1569 0.1029 0.2111 0.2696 0.3031 0.1559 0.0658 0.2088 0.2735 0.3477 0.1391

DCHL Downtown 0.1477 0.3372 0.4070 0.4760 0.2361 0.1945 0.4774 0.5665 0.6486 0.3205 0.1405 0.3530 0.4410 0.5184 0.2398
Suburban 0.1247 0.2929 0.3597 0.4323 0.2056 0.1237 0.2937 0.3545 0.4041 0.2017 0.1010 0.2655 0.3448 0.4145 0.1795
Workday 0.1566 0.3600 0.4316 0.5081 0.2519 0.1607 0.3883 0.4647 0.5269 0.2628 0.1350 0.3418 0.4322 0.5074 0.2321
Weekend 0.0845 0.2153 0.2825 0.3441 0.1499 0.0977 0.2295 0.2786 0.3282 0.1607 0.0757 0.2095 0.2750 0.3435 0.1405

Local 0.1629 0.3206 0.3824 0.4393 0.2386 0.2026 0.5500 0.6500 0.7184 0.3483 0.2076 0.4517 0.5243 0.5910 0.3175
Tourist 0.1059 0.2824 0.3570 0.4129 0.1885 0.1921 0.4868 0.5974 0.6316 0.3201 0.1402 0.3421 0.4228 0.4816 0.2334

MSAHG Downtown 0.1871 0.3680 0.4349 0.4882 0.2723 0.2947 0.6974 0.8237 0.8605 0.4666 0.2132 0.4858 0.5689 0.6410 0.3358
Suburban 0.1540 0.3151 0.3801 0.4316 0.2310 0.1816 0.4447 0.5658 0.6000 0.3013 0.1993 0.4073 0.4789 0.5372 0.2927
Workday 0.1882 0.3585 0.4301 0.4945 0.2704 0.2316 0.5474 0.6526 0.7158 0.3736 0.2171 0.4804 0.5620 0.6216 0.3351
Weekend 0.0960 0.2250 0.2857 0.3346 0.1580 0.1868 0.4395 0.5500 0.5763 0.3011 0.1446 0.3218 0.3902 0.4534 0.2274

Table 1: Performance across multi-scenarios on the Gowalla, NYC, and TKY datasets is compared based on the Accuracy (Acc)
and Mean Reciprocal Rank (MRR) metrics, with the best results highlighted in bold and the second-best results underlined.

parameters, we adopt the same configurations as those of our
proposed model.

Experimental Results
Overall Performance. The comprehensive evaluation
across three real-world LBSN datasets demonstrates
MSAHG’s effectiveness for multi-scenario next POI recom-
mendation. As shown in Table 1, MSAHG achieves state-of-
the-art performance in 53.3% of evaluation metrics (48/90
cases) and ranks second in 33.3% (30/90), securing top-two
positions in 86.7% of all scenario-metric combinations.

Analysis on Multi-Scenario Recommendation This con-
sistent performance across diverse scenarios is driven by two
synergistic components. First, MSAHG captures scenario-
specific features via sub-hypergraph construction, enabling
precise modeling of contextual patterns that conventional
methods overlook. Second, it mitigates inter-scenario con-
flicts through adaptive parameter splitting, which dynami-
cally disentangles conflicting optimization signals and re-
duces learning interference.

These complementary mechanisms collectively ensure ro-
bust performance across all scenarios: the sub-hypergraphs
enable discriminative modeling of scenario-specific mobility
patterns, while the parameter splitting facilitates concurrent

optimization of divergent features that would otherwise cre-
ate optimization conflicts in joint training.

Performance on Category Proportions Figure 2 reveals
distinct POI category distribution patterns between local and
tourist scenarios, establishing characteristic differences that
define scenario-specific behaviors. To validate MSAHG’s
ability to preserve these characteristics in predictions, we
compare its generated POI category proportions against
ground truth distributions and benchmark method DCHL
in Figure 5. Compared to DCHL, MSAHG aligns more
closely with actual data distributions, particularly evident
in Hotels and Transportation categories. While DCHL
exhibits significant deviation in tourist scenarios - indicating
failure to capture distinctive scenario patterns. This contrast
confirms MSAHG’s capacity to model scenario-specific
feature patterns.

Performance on Distance Distribution Beyond category
distribution patterns, we observe significant differences in
inter-POI distances across scenarios. Figure 6 compares dis-
tance distributions of predicted check-ins by MSAHG and
DCHL against ground truth in downtown and suburban sce-
narios on the TKY dataset. MSAHG consistently matches
actual distance distributions more closely than DCHL in both
scenarios. This advantage is especially evident in suburban
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Figure 5: Comparison of category ∆Percentage (difference
between predicted and true category proportions) for DCHL
and MSAHG in Local and Tourist scenarios on the NYC
dataset. MSAHG better preserves the original distribution.

Figure 6: Comparison of POI distance distribution perfor-
mance between DCHL and MSAHG in Downtown and Sub-
urban scenarios on TKY dataset.

contexts: while real-world data shows 85% of check-ins oc-
cur within 0-5km, MSAHG accurately captures this pattern
with 70% of predictions in this range. In contrast, DCHL
predicts only 42% - nearly matching its downtown distribu-
tion rather than adapting to suburban patterns. This indicates
DCHL fails to recognize distinctive suburban spatial char-
acteristics. Simultaneously, MSAHG accurately preserves
downtown-specific long-distance patterns (15-20 km), which
fundamentally differ from suburban distributions. This con-
firms MSAHG’s capability to simultaneously model diver-
gent spatial patterns across scenarios, capturing both subur-
ban and downtown mobility.

Ablation Study
To evaluate component effectiveness in MSAHG, we conduct
ablation studies on the NYC dataset comparing the full model
against two variants: (1) without parameter splitting and (2)
without scenario-specific sub-hypergraphs.

Model ACC@1 ACC@5 ACC@10 ACC@20 MRR

w/o

split parameter
0.2026 0.5270 0.6416 0.6826 0.3392

w/o

sub-hypergraph
0.2164 0.5417 0.6514 0.6965 0.3592

Full Model 0.2268 0.5605 0.6743 0.7191 0.3721

Table 2: Ablation study results over NYC dataset.

Model Train Time (s) Train Mem (MB) Test Time (s) Test Mem (MB)

MSAHG 10.69 1,292.36 12.47 224.61

MSAHG
(w/o split&subgraph)

10.26 697.66 11.49 225.35

STHGCN 73.29 672.24 8.68 639.85

GETNext 408.92 3,714.18 6.30 1,313.91

Table 3: Efficiency comparison on NYC dataset. Metrics are
per epoch (single GPU).

As shown in Table 2, both components contribute signifi-
cantly to performance. Specifically, the parameter-splitting
mechanism exerts a notable impact by enabling the model
to assign independent optimization directions to conflicting
scenarios, thereby facilitating the concurrent learning of mo-
bility patterns across scenarios. Additionally, incorporating
scenario-specific sub-hypergraphs further enhances perfor-
mance, as this allows the model to capture trajectory features
under different scenarios. Collectively, the full model outper-
forms both variants across all evaluation metrics, confirming
that these components complement each other in modeling
complex multi-scenario behaviors.

Computational Efficiency
To evaluate the computational efficiency of sub-hypergraph
and adaptive parameter splitting modules, we benchmark
MSAHG against an ablation variant and two baseline models,
as shown in Table 3. The results demonstrate that MSAHG is
highly time-efficient. While the high training memory con-
sumption stems from gradient-similarity buffers rather than
an increase in model parameters, a fact supported by its lower
memory footprint during testing.

Hyper-parameter Study
We conduct a comprehensive sensitivity analysis on four key
hyperparameters: the balancing coefficient λ, stacking hyper-
graph convolutional layers, temperature τ , and divide epoch
across scenarios. The experiment results reveal that MSAHG
maintains robust performance across diverse hyperparameter
settings. Detailed results are provided in the Appendix.

Conclusion
We propose MSAHG for multi-scenario POI recommenda-
tion, which captures distinct trajectory features across sce-
narios via a scenario-splitting paradigm, with its efficacy
validated experimentally. Our future work will explore inter-
scenario relationships to enhance shared feature learning,
thereby further boosting multi-scenario performance.
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