
CAAI Transactions on Intelligence Technology

- ORIGINAL RESEARCH OPEN ACCESS

A Paradigm of Temporal‐Weather‐Aware Transition
Pattern for POI Recommendation
Junyang Chen1,2 | Jingcai Guo3 | Huan Wang4 | Zhihui Lai1 | Qin Zhang1 | Kaishun Wu5 | Liang‐Jie Zhang1

1College of Computer Science and Software Engineering, Shenzhen University, Shenzhen, China | 2State Key Laboratory for Novel Software Technology,
Nanjing University, Nanjing, China | 3Department of Computing, The Hong Kong Polytechnic University, Hong Kong, China | 4College of Informatics,
Huazhong Agricultural University, Wuhan, China | 5DSA Thrust and IoT Thrust Center, The Hong Kong University of Science and Technology
(Guangzhou), Guangzhou, China

Correspondence: Jingcai Guo (jingcai.guo@gmail.com)

Received: 24 August 2024 | Revised: 28 February 2025 | Accepted: 18 March 2025

Funding: This work was supported by Stable Support Project of Shenzhen (20231120161634002), Shenzhen Science and Technology Programme
(JCYJ20240813141417023), Natural Science Foundation of Guangdong Province of China (2025A1515010233), Guangdong Provincial Department of
Education (2024KTSCX060), Tencent ‘Rhinoceros Birds’—Scientific Research Foundation for Young Teachers of Shenzhen University, Open Project of State
Key Laboratory for Novel Software Technology of Nanjing University (KFKT2025B22), Hong Kong RGC General Research Fund (No. 152211/23E and
15216424/24E), PolyU Internal Fund (No. P0043932, P0048988) and NVIDIA AI Technology Centre.

Keywords: data mining | decision making | multimedia

ABSTRACT
Point of interest (POI) recommendation analyses user preferences through historical check‐in data. However, existing POI
recommendation methods often overlook the influence of weather information and face the challenge of sparse historical data
for individual users. To address these issues, this paper proposes a new paradigm, namely temporal‐weather‐aware transition
pattern for POI recommendation (TWTransNet). This paradigm is designed to capture user transition patterns under different
times and weather conditions. Additionally, we introduce the construction of a user‐POI interaction graph to alleviate the
problem of sparse historical data for individual users. Furthermore, when predicting user interests by aggregating graph in-
formation, some POIs may not be suitable for visitation under current weather conditions. To account for this, we propose an
attention mechanism to filter POI neighbours when aggregating information from the graph, considering the impact of weather
and time. Empirical results on two real‐world datasets demonstrate the superior performance of our proposed method, showing
a substantial improvement of 6.91%–23.31% in terms of prediction accuracy.

1 | Introduction

With the widespread use of mobile devices equipped with
location systems, location‐based social networks (LBSN) have
become prevalent [1]. This enables users to share real‐time POI
information, including their visits to points of interest (POI)
along with the associated time and sentiments. Given that LBSN
provides an excellent opportunity to understand user movement
patterns, POI recommendation has attracted attention for pre-
dicting user‐interested next POI in travel planning and smart
transportation [2–4].

As shown in Figure 1, we conducted a statistical analysis of real
user check‐in records from the Boston dataset in Foursquare
and found it essential to consider the impact of weather on
travel behaviour. For instance, Figure 1a illustrates the transi-
tion probabilities between POIs under sunny and rainy weather
conditions. It reveals that on sunny days, users are more likely
to transition to parks from other POIs. For example, the prob-
ability of transitioning from a residence to a park is 0.16 on
sunny days. Conversely, as shown in Figure 1b, the frequency of
park visits decreases on rainy days, with the probability of
transitioning from a residence to a park dropping to 0.03.
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Furthermore, on rainy days, users tend to reduce visits to parks
and prefer venues such as restaurants and cafés. Additionally,
both real‐life observations and our experimental data confirm
that weather changes can occur within a single hour, such as
transitioning from sunny to heavy rain. Therefore, it is crucial to
consider weather changing within a day when designing POI
recommendation models.

Mining personalised visit preferences from user historical tra-
jectories in POI recommendation [5] faces significant challenges
due to factors including time, distance and weather. To tackle
these challenges, several approaches including RNN‐based
methods [6, 7] and graph‐based methods [8, 9] are proposed.
In summary, despite their significant progress in modelling
personalised visit preferences, existing methods still face the
following limitations:

� Impact of User Behaviour Changes over Weather and
Time: Recent methods, such as those in studies by [10–12],
often fail to account for the transition patterns between
time and weather factors. For instance, a user's movement
pattern might be ‘home at 10:00 on a sunny day’ tran-
sitioning to ‘park/cafe’ as illustrated in Figure 2. These
transitions indicate that users' subsequent decisions are
influenced by their initial choices, suggesting that time and
weather factors play a significant role in shaping user

behaviour. Our approach explicitly models these transitions
to capture such dependencies.

� Mitigating Noise in Information Passing Under Dy-
namic Conditions: Current graph‐based methods, as seen
in the work in refs. [4, 13], are often susceptible to noise in
information passing under varying time and weather con-
ditions. This refers to situations where, if the weather
conditions differ from users' expectations, the model should
disregard certain POI information related to those unex-
pected weather scenarios. By refining how information is
filtered and passed under different conditions, our method
aims to improve the accuracy of recommendations.

To address above challenges, this paper proposes a method
called TWTransNet. For the first problem, we employ
the translation paradigm to capture the relationship be-
tween POI transition under different times and weather
conditions.

Definition of translation paradigm: It refers to a concept
inspired by knowledge graph‐embedding methods, such as
TransE, which represent relationships between entities as vector
translations in the embedding space. In the context of our paper,
we use this paradigm to model the relationship between POI
transitions under different times and weather conditions. Spe-
cifically, we treat the transition between two POIs as a ‘trans-
lation’ from one POI to another, influenced by time and
weather. To clarify this for readers, we will include a detailed
explanation of the translation paradigm when it first appears in
the paper, including a brief comparison to its use in knowledge
graphs and its relevance to our proposed model.

Then, we model the POI transitions with time and weather by
designing a triplet relationship. Specifically, head entity h and
tail entity t represent two POIs, and r represents the time and
weather information when transitioning from POI h to POI t.
We measure the relationship of POIs by the distance calculating
by time and weather. And TWTransNet learns node and edge
representations from the constructed POI transition graph. For

FIGURE 1 | Statistical probabilities of POI transitions under sunny
weather and rainy weather conditions.

FIGURE 2 | Impact of time and weather in POI transition.
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the second problem, we filtrate POI neighbours based on
learnt representations with time and weather consider-
ation, uncovering noise information. As shown in Figure 3,
we intend to enhance the predictive performance of Seq1
regarding the next POI by incorporating Seq 2 and Seq 3. We
plan to model sequences of all POIs using graph‐based methods.
Blue nodes represent the nodes in the graph where we need to
strengthen information aggregation, red nodes indicate nodes
that become available for effective aggregation after our method
and black nodes represent nodes that should be discarded after
considering time and weather. Finally, we design a simple self‐
attention model for the ultimate POI recommendations. It is
worth noting that our approach can be combined with existing
POI recommendation models [12, 14] and significantly enhance
their original experimental performance. Our contributions are
as follows:

1. We propose a new paradigm, namely the temporal‐
weather‐aware transition pattern for POI recommendation.

2. We specifically design a translation paradigm to capture
the relationship between POI transitions under different
times and weather conditions. Furthermore, we filter POI
neighbours based on learnt representations, taking into
account time and weather considerations to uncover noise
information.

3. Comprehensive experiments on three real datasets validate
the effectiveness of our proposed method. The results
demonstrate superior POI recommendation performance
compared to existing methods.

2 | Related Work

This work is relevant to POI recommendation based on
sequence methods. Additionally, since graph‐based approaches
can effectively explore various factors influencing user prefer-
ences, hence our work is related to both of these.

2.1 | Sequential‐Based Recommendation

First, FPMC [15] integrates Markov chain and matrix decom-
position techniques to grasp personalised movement patterns of
users. In the era of deep learning, RNN‐based architectures

including LSTM and GRU [6, 7, 11, 16] have been widely
applied to model sequential user check‐in data. For example,
the LSTPM [17] uses LSTM to fuse geographic information to
model users' short‐term preferences, whereas the STGN [16]
uses a spatio‐temporal gating mechanism based on LSTM to
fuse time and geographic information to capture users' short‐
term and long‐term sequential preferences. More recently,
DeepMove [18] combines the attention mechanism with GRU to
capture sequential preferences, whereas the STAN model [12]
uses this attention mechanism to fuse spatio‐temporal interval
information to capture transfer patterns between continuous
and discontinuous POIs.

Despite their success, these methods still face challenges in
inadequate consideration of time and weather factors in POI
transition.

2.2 | Graph‐Based Recommendation

Graph‐based methods including GCN and GAT [19] have
gained popularity in recommendation tasks due to their ability
to capture complex relationships among factors (including but
not limited to POIs, time and weather). For POI recommenda-
tion, researchers have explored constructing graphs from user
historical trajectories or POI distances to model transition pat-
terns [8, 9]. These approaches typically treat POIs as nodes and
user transitions as edges, constructing static POI‐POI graphs to
capture global relationships. For example, the STP‐UDGAT [9]
uses GAT to model the correlation between POIs from a global
and local perspective based on the POI‐POI graph. ARNN [20]
uses meta‐path‐based methods to mine the transfer neighbours
of locations based on the graph, and SGRec [13] generates richer
POI representations based on graph‐enhanced POI sequences to
improve prediction performance. GUGEN [21] introduces a
global user interaction graph to model social relationships and
behaviour similarities, integrating spatio‐temporal features to
capture dynamic user preferences. SECTS [22] leverages tem-
poral patterns and cross‐domain data (e.g., check‐ins across
platforms) using a graph‐based framework. It dynamically
aligns user preferences across domains while accounting for
time‐sensitive context shifts. SLS‐REC [23] utilises contrastive
learning to disentangle long‐term stable preferences and short‐
term dynamic interests via a spatio‐temporal hypergraph neu-
ral network. MAWI [24] integrates severe weather data with
user behaviour patterns to improve context‐aware recommen-
dations. It uniquely addresses environmental impacts on
mobility and POI accessibility. PK boosting [25] combines user
activity levels (e.g., check‐in frequency, temporal patterns) with
multi‐contextual factors (geographical, categorical and popu-
larity scores) using adaptive weighting mechanisms. However,
these methods are insufficient modelling information passing
under different times and weather conditions.

Moreover, DPSR [26] introduces a heuristic‐based approach for
POI recommendation, taking into account time, weather, POI
location and category. In contrast, our approach leverages deep
learning and addresses several novel aspects for the first time:
(1) The direct relationship between location transitions and
weather conditions; (2) the consideration of user relationships,

FIGURE 3 | Filter POI transition neighbours. (a) Check in
sequences; (b) the previous method of building POI transition
neighbours without considering time and weather effects, which can
lead to the introduction of noisy neighbours that do not meet user
transition preferences (node that marked in black); (c) POI (node that
marked in red) is selected for effective aggregation.

CAAI Transactions on Intelligence Technology, 2025 1677

 24682322, 2025, 6, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70054 by H

O
N

G
 K

O
N

G
 PO

L
Y

T
E

C
H

N
IC

 U
N

IV
E

R
SIT

Y
 H

U
 N

G
 H

O
M

, W
iley O

nline L
ibrary on [06/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



specifically how the interests of similar users influence the
target user, which was overlooked in DPSR; (3) in the final
recommendation prediction phase, we employ an attention
mechanism to effectively integrate information on weather,
location and user interests.

2.3 | Challenges and Limitations

Although significant progress has been made in POI recom-
mendation research, several challenges and limitations persist.
One major challenge is the inadequate consideration of time
and weather factors in existing methods. Time and weather play
crucial roles in influencing user access behaviour, and effec-
tively incorporating these factors into recommendation models
remains an open problem. Additionally, many existing methods
struggle with the sparse trajectory issue, where users' check‐in
records are limited, making it challenging to capture accurate
user preferences. Although some methods leverage social re-
lationships to address this issue, obtaining reliable social re-
lationships can be difficult, especially in scenarios where users
have limited interactions with each other. The task of leveraging
user visit trajectories to discover preference relationships among
users in the absence of social relationships remains a significant
challenge.

3 | Preliminary

We formulate users, POIs, time and weather as follows:
U = {u1,u2,…, u|U|}, P = {l1, l2,…, l|P|}, T = {t1, t2,…, t|T|} and
W = {w1,w2,…,w|W |}. Each POI li is denoted by geographic
coordinates (lon, lat), that is, longitude and latitude.

Definition Check‐in: A check‐in is defined as c = (ui, li, ti,wi),
representing the user ui visiting POI li at time ti and under
weather conditions wi.

Definition User Trajectory: A user trajectory is defined as
Su = {c1, c2,…cn}, representing the sequence of check‐ins by
user u in chronological order.

Definition Transition Graph: A POI transition graph is
defined as GT = (VT ,ET) where VT represents the set of POIs. If
a user consecutively visits POIs li and lj, a directed edge is
created between nodes li and lj. The edge carries information
ri = (ti,wi), indicating the transition from li to lj under weather
wi and time ti as ri.

Definition User‐POI Graph: A user‐POI interaction graph is
defined as GU = (VU ,EU), an undirected bipartite graph where
VU represents user sets and POI sets. If a user u visits POI li, an
undirected edge is created between nodes u and li. The edge
carries information (ti,wi), indicating the visit's time ti and
weather wi.

Definition POI Recommendation: Given user set U and POI
set L, where each user has a visit trajectory Su, our objective is to
recommend the top‐k interesting POIs that a user may visit in
the next step.

4 | Proposed Model

The proposed TWTransNe framework, as illustrated in Figure 4,
consists of several main components: a temporal‐weather‐aware
enhancement module, a user relationship enhancement module
and a POI recommendation module.

4.1 | Temporal‐Weather‐Aware Enhancement
Module

Time and weather significantly influence POI transitions. We
argue that the simplistic concatenation or summation used in
existing approaches [10, 11] fails to model the intricate re-
lationships between POI transitions under different times and
weather conditions. Drawing inspiration from knowledge
graphs [27, 28], we naturally transform POI transitions into
triplets ( li, ri, lj), where ri = (ti,wi) represents a user's transition
from POI li to lj under weather wi and time ti. This is analogous
to triplets (h, r, t) in knowledge graphs, where li and lj represent
head entity h and tail entity t, and ri represents the relationship.
To model the connection between POI transitions and

FIGURE 4 | The overall framework of our proposed model.
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time/weather, we propose representing the temporal‐
weather‐aware paradigm for learning the representation
of the transition graph GT . This paradigm, derived from the
concept of translational invariance (i.e., transE), ensures that
the vectors of head entities move closer to tail entities in space
after translation through the relationship. This means that a
user is more likely to transition from li to lj at time ti and under
weather wi, as depicted in Figure 2: ‘home + (10:00, rain) ⇒
cafe’. Let eli, eti and ewi ∈ Rd denote the representations of POI li,
time ti and weather wi, respectively. The transition formulation
is given by

g( li, ri, lj) =
⃦
⃦eli + eri − elj

⃦
⃦2
2,

where eri = eti + ewi,
(1)

where the smaller the value of the distance function g( li, ri, lj),
the higher the probability of the POI transition occurs, and vice
versa. Physical meaning of the translation distance‐based
learning (Equation (1)): It evaluates the plausibility of a POI
transition ( li, ri, lj) by calculating the squared L2‐norm distance
between the vector eli + eri (representing the transition from
POI li under relation ri) and the vector elj (representing the
target POI lj). A smaller distance indicates a higher likelihood of
the transition, meaning that the temporal and weather context
makes lj a more probable destination from li.

Then, for each POI transition, we introduce a corresponding
negative sample (li, ri, ln) obtained by randomly replacing the
tail entity. The optimisation process can be defined by

LT = ∑

(li ,ri ,lj)∈GT

max(0, g( li, ri, lj) + γ − g(li, ri, ln)), (2)

where the max(a, b) function selects the maximum value be-
tween a and b, and γ is the margin used for adjusting the gap
between positive and negative samples. Purpose of negative
samples: Negative samples are used to train the model to
differentiate valid POI transitions from invalid ones. By con-
trasting positive triplets ( li, ri, lj) (true transitions) with negative
triplets (li, ri, ln) (invalid transitions), the model learns mean-
ingful representations of the POI transitions under different
temporal and weather conditions. Process of negative sam-
pling: For a given positive triplet ( li, ri, lj), the negative sample
(li, ri, ln) is generated by randomly replacing the tail entity lj with
another POI ln from the dataset. The replacement POI ln is
selected under the following constraints: (a) ln ≠ lj, ensuring that
the negative sample differs from the positive one. (b) ln should
not be a POI that the user has transitioned to under the same
temporal and weather context ri, ensuring the negative sample
is semantically incorrect.

Besides, since existing approaches [4, 8] neglect personalised
POI transition patterns for users under different times and
weather conditions, we design a method to dynamically
enhance user trajectories using the learnt relationships between
POI transitions and time/weather. The overall process is illus-
trated in Figure 4. Based on the transition in Equation (1), we
define the likelihood of user u transitioning from li to lj under
the current time and weather ri as follows:

s( li, ri, lj) = exp( − g( li, ri, lj)). (3)

Based on the above likelihood, we select top k POIs as the
neighbour of POI i to construct an enhanced user trajectory
graph, where each edge incorporates the influence of time and
weather capturing personalised transition patterns.

4.2 | User Relationship Enhancement Module

POI recommendation faces the challenge of sparse user trajec-
tories. Some existing methods [5] mitigate this issue by intro-
ducing social relationships, but acquiring social relationships is
often challenging. In this section, we design a user relationship
enhancement module based on graph neural networks to
explore users' latent visitation interests. Firstly, we conduct
representation learning on the user‐place interaction graph GU .
Drawing inspiration from context‐aware recommendation
methods [29, 30], we model user representations by considering
more granular information about time and weather to depict
user preferences more comprehensively. For each user repre-
sentation update, we give

e(h)u =
1

|G(u)|
∑

li∈G(u)
(e(h−1)

li + e(h−1)
ti + e(h−1)

wi
), (4)

where G(u) represents the set of places visited by user u, and ti
and wi represent the weather and time when the place is visited.
e(h)u ∈ Rd denotes the updated user representation in the h‐th
layer. e(h− 1)

li , e(h− 1)
ti and e(h− 1)

wi
∈ Rd represent the updated rep-

resentations of the POI, time and weather in the (h − 1)‐th
layer. To capture collaborative information among users and
depict visiting preferences, information aggregation and repre-
sentation updates are performed for POIs, times and weather
in GU .

Then, we further define each POI representation e(h)li by

e(h)li =
1

|G(li)|
∑

u∈G(li)
(e(h−1)

u + e(h−1)
ti + e(h−1)

wi
), (5)

where G(li) represents the set of users who visited POI li. Be-
sides, for time representation e(h)ti , we have

e(h)ti =
1

|G(ti)|
∑

(u,li)∈G(ti)
(e(h−1)

u + e(h−1)
ti ), (6)

where G(ti) represents check‐in records at time ti, such as
(u, li) ∈ G(ti) indicating that user u visited POI li at time ti.
Similarly, we can obtain weather representation e(h)wi

as follows:

e(h)wi
=

1
|G(wi)|

∑
(u,wi)∈G(wi)

(e(h−1)
u + e(h−1)

wi
), (7)

where G(wi) represents check‐in records at weather wi. For
example, (u,wi) ∈ G(wi) indicating that the user u visited POI li
under weather wi. After learning the representation of the user‐
POI interaction graph GU with graph neural networks, we

CAAI Transactions on Intelligence Technology, 2025 1679
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obtain user representations eui that reflect user visitation pref-
erences. Next, we use a similarity function to measure the
preference correlation between users. Here, we adopt the
K‐nearest neighbour method, calculating the similarity among
users. The more similar the user representations, the more
similar the visiting preferences. We select the top k users with
the highest similarity as neighbours, establishing connection
relationships with user u, denoted as N(u). It is noteworthy that
our enhancement module serves as a portable data pre‐
processing component, allowing for easy and seamless integra-
tion with other methods.

4.3 | POI Recommendation Module

After enhancing user trajectories and relationships, in this sec-
tion, we aggregate the enhanced neighbours to obtain user and
POI representations. The neighbour aggregation module takes
POI embeddings along with their corresponding contextual in-
formation, such as time and weather, as inputs. It then outputs
refined representations that effectively capture spatio‐temporal
dependencies, enabling a more accurate modelling of user
movement patterns.

Inspired by the LightGCN [19], we design a similar aggregation
function. Each visited POI li in the historical trajectory Su of
user u has

eli = σ(
1
K

∑
li∈N (u)

W1eli), (8)

where eli ∈ Rd is the embedding of POI li, W1 ∈ Rd× d denotes
the weight matrix, K is the size of the neighbour set and σ(⋅) is
the activation function. Similar to Equation (8), we aggregate
the user neighboursN (u) using the same approach to obtain the
user representation eu, encoding the user's general preferences.
Next, we use multi‐modal embedding that incorporates user,
POI, time and weather. We divide time into 24 periods, each
representing a time slot in a day and weather into eight cate-
gories: Clear, Cloudy, Rain, Fog, Snow, Wind etc. Instead of
using one‐hot encoding, we represent user, POI, time and
weather information using low‐dimensional dense vectors,
reducing computation and avoiding sparse representations. For
each check‐in record of user u, we have the check‐in repre-
sentation ci ∈ Rd, which is the sum of user, POI, time and
weather representations. Finally, we obtain the check‐in rep-
resentation encoding user, POI, time and weather information,
which will be used in the subsequent POI prediction layer.

The spatial‐temporal self‐attention module: For POI recom-
mendation, we use a self‐attention mechanism to obtain pre-
dicted POI by aggregating information from other relevant
visited POIs. Inspired by works like STAN [12, 14, 16], we
believe that spatial distance and time intervals of POIs will
affect transition patterns. Specifically, we input the history tra-
jectory of a user u, then we can obtain the predicted POI i as
follows:

Qi = E(u)WQ, Ki = E(u)WK , Vi = E(u)WV ,

A(u) =
QiKT

i̅̅̅
d

√ ,
(9)

where E(u) = {c1, c2,…, cn} ∈ R(n× d) denotes the input trajectory
of user u, and WQ,WK ,WV ∈ R(d× d) are parameter matrices.
For each attention score aij ∈ A(u), we incorporate temporal‐
spatial information between POIs li and lj in the user's trajec-
tory Su:

aíj = aij + ds( li, lj) + dt( li, lj) (10)

where ds(∗) denotes POI distance by Haversine [31], and dt(∗)
denotes the time interval. The details are as follows:

dt( li, lj) = |tj − ti|,

ds( li, lj) = 2R sin−1

(

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

sin2 (
Δlat
2

) + cos( latli)cos( latlj)sin
2 (
Δlon
2

)

√

) ,

(11)

where R is the radius of Earth. After incorporating temporal‐
spatial information, we obtain a new attention score matrix
Aʹ(u), and then we further obtain the updated trajectory
embedding as follows:

R(u) = Softmax(Aʹ(u))Vi, (12)

where R(u) ∈ R(n× d) is the trajectory embedding updated
through the temporal‐spatial self‐attention layer, which will be
used in the subsequentmodules.We use an attentionmechanism
to calculate the prediction scores for each candidate POI li as
follows:

pli = Softmax(
QKT
̅̅̅
d

√ + ds + dt)W2, (13)

where Q ∈ Rd is the POI embedding, K is the trajectory
embedding R(ui) ∈ R(n× d) and W2 ∈ R(n× 1) is a parameter ma-
trix. Similar to the temporal‐spatial self‐attention mechanism
layer, when calculating the recommendation scores for candi-
date POIs, we also incorporate temporal‐spatial gap information
between candidate POIs and user trajectory check‐in records.
Next, we use a cross‐entropy to form the final loss:

L = − ∑
li∈GU

⎛

⎜
⎝log σ(pli)+ ∑

ln∈neg
log σ(1 − pln)

⎞

⎟
⎠, (14)

where pli represents the probability that the user will visit POI li
next, neg corresponds to negative samples and σ(⋅) is the sig-
moid activation function.
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5 | Experiments

In this section, we conduct experiments on real‐world LBSN
datasets to evaluate our model. Our evaluations aim to answer
the following questions:

Question 1. How does our method compare against state‐of‐
the‐art methods for POI recommendation?

Question 2. Is our method applicable to other POI recom-
mendation approaches (scalability on existing POI recommen-
dation backbones)?

Question 3. How do the designed components impact the
overall performance?

Question 4. Can our method handle the sparse trajectory
problem in POI recommendation and improve its effectiveness?

Question 5. What is the impact of key parameters on
performance?

Question 6. How TWTransNet can be deployed in real‐world
recommendation systems?

5.1 | Datasets

We evaluate our model on three public datasets collected from
POI‐based service platforms [12]: FourSquare‐Boston,
FourSquare‐Honolulu and FourSquare‐Miami. Table 1 shows the
statistics of the three datasets. FourSquare‐Boston dataset is
collected from April 2012 to September 2013. FourSquare‐
Honolulu and FourSquare‐Miami datasets consist of check‐ins
from April 2013 to September 2013. Each check‐in record in-
cludes user ID, POI ID,GPS coordinates, timestamp, POI category
andweather category.We sort the check‐in records of eachuser in
chronological order by the timestamp. We follow the data parti-
tioning setup of previous work [11, 12]. Each user hasm check‐in
records. We consider the [1,m − 2] sequence for training, with
the [1,m − 3] sequence as the input and the [2,m − 2] sequence
as the label. We take the [1,m − 2] check‐ins as the input
sequence for validation and the (m − 1)‐th visited POI is used as
the label. For testing, we use the [1,m − 1] check‐ins as the input
sequence and the m‐th check‐in as the label.

5.2 | Baseline Methods

We adopt the following representative methods as the baselines
to demonstrate the effectiveness of our model in the
experiments.

LSTM (1997) [32]: It captures long‐term dependency with a
memory cell and multiplicative gates.

Flashback (2020) [14]: A RNN‐based model, which uses the
spatio‐temporal information to consider the relationship be-
tween the current state and multiple previous states in
prediction.

GeoSAN (2020) [10]: A sequential POI recommendation model
that uses hierarchical gridding of GPS POIs for encoding
geographical information of POIs and uses the self‐attention
layer to capture POI transition patterns.

STAN (2021) [12]: An attention‐based model utilises the spatio‐
temporal information of check‐ins within the user historical
trajectory to capture the correlation between nonadjacent
check‐ins.

CARAN (2022) [11]: A context‐aware attention‐based model
captures POI transition patterns, explicitly using multiple
contextual information such as time, weather and POI category.

KGNext (2024) [33]: It is a knowledge graph‐enhanced trans-
former model that constructs a transitional‐interactive knowl-
edge graph to capture complex relationships between users,
POIs and POI categories while integrating historical trajectory
information to generate user trajectory embeddings. Then, it
utilises these encoded features for fine‐grained predictions,
enabling accurate next POI recommendation.

5.3 | Experiment Settings

We implement our model using the PyTorch framework with
one Nvidia A800 GPU. We list the following key hyper‐
parameters in our model. We set the dimension size to 50 for
all embeddings. We use the Adam optimiser to optimise the
model parameters with the learning rate of 0.0003. We set the
maximum length of the historical trajectory sequence to 100. We
run our model 100 epochs in training. The number of negative
samples is set to 10.

5.4 | Evaluation Metrics

To evaluate the performance of all models, we adopt average
Accuracy@N (Acc@N) and mean reciprocal rank (MRR) as
evaluation metrics, which are commonly used in next POI
recommendation tasks.

First, Acc@N computes the rate of true positive samples in top‐
N recommended positive samples which is defined by

Acc@N =
1
|U|

∑
u∈U

|SN
u ∩ SL

u|

|SL
u|

, (15)

where SN
u represents the top‐N recommended POIs for user u

and SL
u is the ground truth label for user u. We set

N = {5, 10, 20} in our experiments for Acc@N. The larger the
value for Acc@N, the better the performance.

TABLE 1 | Statistic of datasets.

Dataset Boston Honolulu Miami
#User 469 224 299

#POI 1961 818 1216

#Check‐ins 44,190 22,513 28,700

Avg.# check‐ins per POI 22.53 27.52 23.61
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Then, MRR is a metric used to evaluate the quality of a ranked
list of results. It measures the average of the reciprocal ranks of
the first ground‐truth item in a list of search results across
multiple queries. It is defined as

MRR =
1
|U|

∑

|U|

u∈U

1
ranku

(16)

where ranku denotes the rank position of the ground‐truth item
for user u. Note that the length of |ranku| is not fixed because it
corresponds to the position of the first item in the user's
recommendation list that appears in the ground‐truth results.

5.5 | Experimental Results (Question 1)

Tables 2–4 provide a comprehensive comparison of recom-
mendation performance across all models on the three datasets.
The results underscore the superior performance of our model
compared to other baseline methods. In general, we observe that

1. On the Boston dataset, our model exhibits remarkable im-
provements of 7.99%, 9.75%, 11.93% and 14.65% in Acc@5,
Acc@10, Acc@20 and MRR respectively, compared to the

second‐best approach, as shown in Table 2. Similarly, on
the Honolulu dataset, our model outperforms the best
competitors with an improvement of 23.31%, 17.59%,
11.65% and 9.91%, as shown in Table 3. Besides, on the
Miami dataset, our method achieves 6.91%, 8.89%, 10.94%
and 11.69% improvements, as shown in Table 4.

2. Notably, our model surpasses CARAN, which over-
simplifies the integration of time and weather information,
thus limiting its ability to capture the intricate relationship
between POI transition and time and weather. Moreover,
compared to KGNext, STAN and Flashback, our model
demonstrates superior performance. This discrepancy can
be attributed to the fact that these models overlook the
impact of weather information.

3. We compared the performance of our proposed method
across three datasets and observed the most significant
accuracy improvement on the Honolulu dataset. This can
be attributed to the dataset characteristics, as shown in
the statistical summary in Table 1, where the ‘Avg.#
check‐ins per POI’ is higher. The longer sequences in the
Honolulu dataset allow our method to more effectively
capture the impact of different weather conditions on
POI transition probabilities. These findings robustly
establish the superiority of our model. They underscore
the effectiveness of leveraging graph neural networks and
the translation distance paradigm to enhance POI tran-
sition and user preference relationships through the
integration of time and weather information. Addition-
ally, Flashback outperforms attention‐based models in
our experiments, primarily due to its proficiency in
modelling short‐term user preferences within sparse user
mobility scenarios.

5.6 | Universality of Enhancement Module
(Question 2)

To demonstrate the scalability of TWTransNet as a paradigm,
we integrate our enhancement module with existing models,
denoted as Flashbackþ, STANþ, CARANþ and KGNextþ
yielding improved performance compared to their respective
base models. Flashbackþ achieves higher accuracy metrics

TABLE 2 | Performance comparison in Acc@K and MRR on Boston.

Method
Boston

Acc@5 Acc@10 Acc@20 MRR
LSTM 0.1241 0.1833 0.2421 0.0827

Flashback 0.1677 0.2432 0.3235 0.1324

GeoSAN 0.1034 0.1621 0.2092 0.0978

STAN 0.1428 0.2124 0.3073 0.1033

CARAN 0.1577 0.2302 0.3155 0.1141

KGNext 0.1442 0.2113 0.3060 0.1027

TWTransNet (Ours) 0.1811 0.2669 0.3621 0.1518

Improv. (%) 7.99% 9.75% 11.93% 14.65%
Note: Improv. is compared with the second‐best method. Bold indicates the
best‐performing method.

TABLE 3 | Performance comparison in Acc@K and MRR on
Honolulu.

Method
Honolulu

Acc@5 Acc@10 Acc@20 MRR
LSTM 0.1564 0.2053 0.2745 0.1098

Flashback 0.1956 0.2581 0.3563 0.1615

GeoSAN 0.1584 0.2143 0.2723 0.1495

STAN 0.1651 0.2234 0.2965 0.1219

CARAN 0.1794 0.2323 0.3035 0.1287

KGNext 0.1732 0.2283 0.2911 0.1259

TWTransNet (Ours) 0.2412 0.3034 0.3978 0.1775

Improv. (%) 23.31% 17.59% 11.65% 9.91%
Note: Improv. is compared with the second‐best method. Bold indicates the
best‐performing method.

TABLE 4 | Performance comparison in Acc@K and MRR on Miami.

Method
Miami

Acc@5 Acc@10 Acc@20 MRR
LSTM 0.1694 0.2453 0.3245 0.1167

Flashback 0.3213 0.3805 0.4733 0.1932

GeoSAN 0.1974 0.2623 0.3623 0.1431

STAN 0.2641 0.3377 0.4414 0.1622

CARAN 0.2813 0.3473 0.4635 0.1831

KGNext 0.2691 0.3412 0.4405 0.1654

TWTransNet (Ours) 0.3435 0.4147 0.5251 0.2158

Improv. (%) 6.91% 8.98% 10.94% 11.69%
Note: Improv. is compared with the second‐best method. Bold indicates the
best‐performing method.
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across all evaluation points compared to Flashback, with in-
creases in Acc@5, Acc@10, Acc@20 and MRR. Similarly,
STANþ, CARANþ and KGNextþ outperform their base
models, STAN, CARAN, and KGNext, respectively, demon-
strating enhanced accuracy in predicting trajectories. Specif-
ically, STANþ achieves the highest accuracy among all models,
indicating the effectiveness of integrating our enhancement
module with the STAN model. These results underscore the
benefits of our proposed enhancement module in improving the
predictive performance of existing trajectory prediction models.
The details are as follows:

1. From Table 5, Flashbackþ demonstrates significant im-
provements over Flashback, with increases of 0.45%,
1.81%, 2.33% and 2.10% in Acc@5, Acc@10, Acc@20 and
MRR, respectively. Similarly, STANþ and CARANþ
exhibit substantial enhancements compared to their base
models. STANþ achieves improvements of 3.68%, 5.09%,
4.87% and 5.46%, whereas CARANþ shows enhancements
of 2.55%, 1.21%, 1.58% and 6.09% in Acc@5, Acc@10,
Acc@20 and MRR, respectively, when compared to STAN
and CARAN. KGNextþ demonstrates a clear performance
improvement over KGNext, with increases across all
evaluation metrics: 12% in Acc@5, 17.3% in Acc@10,
11.2% in Acc@10% and 4.08% in MRR.

2. From Table 6, Flashbackþ displays notable advancements
relative to Flashback, boasting increases of 2.38%, 5.66%,
4.98% and 1.70% in Acc@5, Acc@10, Acc@20 and MRR,
correspondingly. Similarly, STANþ showcases significant

enhancements compared to STAN, achieving improvements
of 24.01%, 16.82%, 13.74%and7.36%.Furthermore,CARANþ
exhibits substantial progress over CARAN, with gains of
21.07%, 21.58%, 10.32% and 7.25%, respectively. KGNextþ
achieves a significant performance boost compared to
KGNext, with improvements of 26.8% in Acc@5, 24.0% in
Acc@10, 13.9% in Acc@20% and 4.15% in MRR.

3. From Table 7, Flashbackþ displays significant perfor-
mance gains over its base model, with notable increases of
12.63%, 9.90%, 3.97% and 1.04% in Acc@5, Acc@10,
Acc@20 and MRR, respectively. Similarly, STANþ dem-
onstrates remarkable enhancements when compared to
STAN, achieving substantial improvements of 28.27%,
28.54%, 26.06% and 6.49%. Additionally, CARANþ exhibits
substantial progress over CARAN, with gains of 28.51%,
25.94%, 25.74% and 4.83%. KGNextþ demonstrates a
notable performance improvement over KGNext, with in-
creases of 19.4% in Acc@5, 21.7% in Acc@10, 12.8% in
Acc@20% and 4.41% in MRR, respectively.

5.7 | Ablation Study (Question 3)

We conducted an ablation study to assess the efficacy of key
design components in our model. Specifically, we implemented
three variants by removing different components, outlined as
follows: (i) w/o TM model, which excludes the weather feature
in the temporal‐weather‐aware module, (ii) w/o TEM model,
which excludes the enhancement of temporal‐weather‐aware
module, (iii) w/o UREM model, which excludes the enhance-
ment of the user relationship module and (iv) w/o
TEM þ UREM, which eliminates the above modules and only
keeps the POI recommendation module. The experiments were
carried out on all datasets, and the results of the ablation study
are presented in Tables 8–10. The key findings from the statis-
tical analysis are as follows:

1. The full model attains the highest performance, show-
casing its comprehensive effectiveness. On Boston,
TWTransNet achieves 0.1811, 0.2669, 0.3621 and 0.1518
performance in terms of Acc@5, Acc@10, Acc@20 and
MRR. Then, on Honolulu, our method obtains 0.2412,
0.3034, 0.3978 and 0.1775. And it gets 0.3435, 0.4147,
0.5251 and 0.2158 on Miami accordingly.

TABLE 5 | Adapt to current methods in Boston.

Acc@5 Acc@10 Acc@20 MRR
Flashback 0.1677 0.2432 0.3235 0.1324

Flashbackþ 0.1722 0.2613 0.3468 0.1534

STAN 0.1428 0.2124 0.3073 0.1033

STANþ 0.1796 0.2633 0.3560 0.1579

CARAN 0.1577 0.2302 0.3155 0.1141

CARANþ 0.1832 0.2723 0.3713 0.1750

KGNext 0.1442 0.2113 0.3060 0.1027

KGNextþ 0.1622 0.2478 0.3402 0.1435
Note: Bold indicates the best‐performing method.

TABLE 6 | Adapt to current methods in Honolulu.

Acc@5 Acc@10 Acc@20 MRR
Flashback 0.1956 0.2581 0.3563 0.1615

Flashbackþ 0.2203 0.2838 0.3705 0.1785

STAN 0.1651 0.2234 0.2965 0.1219

STANþ 0.2117 0.2873 0.3736 0.1955

CARAN 0.1794 0.2323 0.3035 0.1287

CARANþ 0.2304 0.2925 0.3816 0.2012

KGNext 0.1732 0.2283 0.2911 0.1259

KGNextþ 0.2195 0.2831 0.3316 0.1674
Note: Bold indicates the best‐performing method.

TABLE 7 | Adapt to current methods in Miami.

Acc@5 Acc@10 Acc@20 MRR
Flashback 0.3213 0.3805 0.4733 0.1932

Flashbackþ 0.3451 0.4023 0.4966 0.2036

STAN 0.2641 0.3377 0.4414 0.1622

STANþ 0.3277 0.3947 0.5018 0.2271

CARAN 0.2813 0.3473 0.4635 0.1831

CARANþ 0.3411 0.4223 0.5117 0.2314

KGNext 0.2691 0.3412 0.4405 0.1654

KGNextþ 0.3213 0.4152 0.4968 0.2095
Note: Bold indicates the best‐performing method.
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2. The w/o TEM module has a great decline compared with
other baselines by solely focusing on enhancing trajec-
tories. This suggests that leveraging the translation dis-
tance paradigm to enhance POI transition relationships by
integrating time and weather information significantly
aids in capturing personalised user transition patterns.
More concretely, the w/o TEM decreases to 0.1598, 0.2388,
0.3326 and 0.1260 in terms of Acc@5, Acc@10, Acc@20
and MRR on Boston. Besides, it drops to 0.1978, 0.2533,
0.3462 and 0.1271 on Honolulu, while decreases to 0.2756,
0.3745, 0.4682 and 0.1603 on Miami.

3. The w/o TEM þ UREM module, which excludes both the
enhancement of user relationships and time‐weather in-
formation, demonstrates the worst performance. This
outcome unequivocally highlights the effectiveness of our
model, emphasising the importance of both enhanced user
relationships and trajectory information for optimal
performance.

5.8 | Recommendation Analysis Under Sparse
Trajectories (Question 4)

Addressing the challenge posed by sparse trajectories is imper-
ative for robust POI recommendation. The limited number of
check‐ins in a trajectory poses difficulty in capturing users'

nuanced preferences. To evaluate the model's performance
under such constraints, we systematically sort user trajectories
in the test set by length, designating the bottom 15% as sparse
trajectories. We report the performance on the above sparse
trajectories as shown in Tables 11–13. We have the following
observations:

1. From Table 11, TWTransNet exhibits remarkable perfor-
mance improvements over the second‐best method,
Flashback, in predicting sparse trajectories on the Boston
dataset. Compared to Flashback, TWTransNet achieves
substantial enhancements across all metrics. Specifically,
TWTransNet demonstrates a 33.48% improvement in
Acc@5, a 29.89% improvement in Acc@10 and a 38.33%
improvement in Acc@20.

2. On the Honolulu dataset of Table 12, TWTransNet ach-
ieves the highest accuracy across all evaluation metrics,
with Acc@5 of 0.0357, Acc@10 of 0.0535 and Acc@20 of
0.0892, outperforming Flashback, STAN and CARAN.
Similarly, on the Miami dataset of Table 13, TWTransNet
consistently outperforms the competing methods,
achieving the highest accuracy metrics of Acc@5, Acc@10
and Acc@20, with values of 0.0516, 0.0738 and 0.1134,
respectively. These results demonstrate the effectiveness of
TWTransNet in accurately predicting sparse trajectories in
urban environments. These results underscore the supe-
rior predictive capability of TWTransNet in handling
sparse trajectory data.

TABLE 10 | Ablation results on Miami.

Acc@5 Acc@10 Acc@20 MRR
w/o TM 0.2859 0.3966 0.4831 0.1723

w/o TEM 0.2756 0.3745 0.4682 0.1603

w/o UREM 0.3245 0.4026 0.5013 0.1977

w/o TEM þ UREM 0.2407 0.3043 0.3914 0.1164

TWTransNet 0.3435 0.4147 0.5251 0.2158
Note: Bold indicates the best‐performing method.

TABLE 11 | Performance on sparse trajectories of Boston.

Acc@5 Acc@10 Acc@20
Flashback 0.0343 0.0489 0.0663

STAN 0.0275 0.0383 0.0592

CARAN 0.0319 0.0467 0.0639

TWTransNet 0.0458 0.0634 0.0917
Note: Bold indicates the best‐performing method.

TABLE 8 | Ablation results on Boston.

Boston Acc@5 Acc@10 Acc@20 MRR
w/o TM 0.1724 0.2457 0.3441 0.1213

w/o TEM 0.1598 0.2388 0.3326 0.1260

w/o UREM 0.1720 0.2530 0.3436 0.1328

w/o TEM þ UREM 0.1587 0.2262 0.3115 0.1057

TWTransNet 0.1811 0.2669 0.3621 0.1518
Note: Bold indicates the best‐performing method.

TABLE 9 | Ablation results on Honolulu.

Acc@5 Acc@10 Acc@20 MRR
w/o TM 0.2105 0.2638 0.3604 0.1420

w/o TEM 0.1978 0.2533 0.3462 0.1271

w/o UREM 0.2326 0.2891 0.3829 0.1644

w/o TEM þ UREM 0.1805 0.2427 0.3069 0.0815

TWTransNet 0.2412 0.3034 0.3978 0.1775
Note: Bold indicates the best‐performing method.

TABLE 12 | Performance on sparse trajectories of Honolulu.

Acc@5 Acc@10 Acc@20
Flashback 0.0312 0.0447 0.0758

STAN 0.0243 0.0336 0.0492

CARAN 0.0267 0.0401 0.0581

TWTransNet 0.0357 0.0535 0.0892
Note: Bold indicates the best‐performing method.

TABLE 13 | Performance on sparse trajectories of Miami.

Acc@5 Acc@10 Acc@20
Flashback 0.0434 0.0635 0.0914

STAN 0.0301 0.0511 0.0768

CARAN 0.0364 0.0568 0.0873

TWTransNet 0.0516 0.0738 0.1134
Note: Bold indicates the best‐performing method.

1684 CAAI Transactions on Intelligence Technology, 2025

 24682322, 2025, 6, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70054 by H

O
N

G
 K

O
N

G
 PO

L
Y

T
E

C
H

N
IC

 U
N

IV
E

R
SIT

Y
 H

U
 N

G
 H

O
M

, W
iley O

nline L
ibrary on [06/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



3. Moreover, the performance trend of Acc@5 < Acc@10 <
Acc@20 is commonly observed in recommendation sys-
tems due to the expanding range of evaluation. Acc@N
measures whether the correct POI appears within the top‐
N recommendations. As N increases, the likelihood of
including the correct POI in the candidate list naturally
grows, leading to higher accuracy. Additionally, user
preferences are diverse, and although the model may
generate several plausible POI options, its ability to rank
the correct one higher may be limited. Consequently,
larger N values provide more opportunities to capture the
correct POI, resulting in improved accuracy metrics.

5.9 | Impact of Neighbour Layers on Prediction
Performance (Question 5)

To investigate the impact of the key parameter K (Equation (8)),
we vary K ∈ [2, 4, 6, 8] and report the results as follows:

1. From Figure 5, we observe fluctuations in performance
metrics on Boston. As k increases, Acc@5 and Acc@10
reach their peak values at K = 6, followed by a slight
decline. However, Acc@20 achieves its highest value at
K = 4, with a minor decrease afterwards.

2. In Figure 6, as n increases, Acc@5, Acc@10 and Acc@20
initially exhibit improvements until reaching a peak at
K = 6. Beyond this point, there is a slight decrease in

performance, indicating a balance between capturing local
and global information.

3. Similarly, in Figure 7, the highest accuracies are observed
at K = 6, with values of 0.3435, 0.4147 and 0.5251 for
Acc@5, Acc@10 and Acc@20, respectively. However,
beyond K = 6, there is a slight decline in performance, with
Acc@5, Acc@10 and Acc@20 dropping to 0.3143, 0.3946
and 0.4816, respectively, at K = 8.

To sum up, these fluctuations are stemmed from the change in
neighbouring points caused by different K values, subsequently
impacting the model's performance. The experimental results
reveal that as the value of K gradually increases, the enhanced
user relationships and POI transition patterns help the model
better capture users' visit preferences and personalised POI
transition behaviours, thereby improving the recommendation
performance. However, when K becomes too large, the recom-
mendation performance starts to decline instead of continuing
to improve. This is likely because an excessively large K in-
troduces additional noise, which degrades the model's perfor-
mance. Furthermore, it can be observed that the Miami and
Boston datasets are more sensitive to the choice of K; their
recommendation performance drops significantly when K is too
large. Based on these observations, K should not be set too high,
and we suggest that the optimal values for K are 4 or 6. And our
method achieves best performance when K = 6 on all datasets.

5.10 | Deployment of TWTransNet in Real‐World
Recommendation Systems (Question 6)

The deployment of TWTransNet in real‐world POI recommen-
dation systems requires addressing the following key aspects:

1. Real‐time data pipeline. Implement weather API integra-
tion and temporal context extraction through device
clocks. Develop lightweight embedding servers to handle
POI/time/weather feature vectors. Design incremental
graph updates using edge computing to maintain fresh
transition patterns.

2. Hybrid Architecture. Combine offline pretraining of the
core translation paradigm (Equations 1–3) with the online
adaptation of user relationship graphs (Equations 4–7).

FIGURE 5 | Performance on Boston.

FIGURE 6 | Performance on Honolulu. FIGURE 7 | Performance on Miami.

CAAI Transactions on Intelligence Technology, 2025 1685

 24682322, 2025, 6, D
ow

nloaded from
 https://ietresearch.onlinelibrary.w

iley.com
/doi/10.1049/cit2.70054 by H

O
N

G
 K

O
N

G
 PO

L
Y

T
E

C
H

N
IC

 U
N

IV
E

R
SIT

Y
 H

U
 N

G
 H

O
M

, W
iley O

nline L
ibrary on [06/01/2026]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



Deploy spatial‐temporal attention (Equations 12 and 13) as
microservice for real‐time scoring. Use Redis for caching
frequent POI transitions under common weather‐time
combinations.

5.11 | Case Studies

The case studies, as shown in Figure 8, analyse the impact of
sunny and rainy weather on a user's next POI decision. In these
cases, ‘Historical POIs’ represents the influence probability of
previously visited POIs, whereas ‘Time’ and ‘Weather’ indicate
the respective influence probabilities of time and weather on the
decision‐making process.

Figure 8a illustrates that on sunny days, a user's decisions are
primarily influenced by their historical preferences, with the
historical POIs carrying a higher weight in the decision‐making
process. In contrast, Figure 8b shows that on rainy days, user
decisions are more significantly impacted by weather features.
This highlights the importance of considering multiple feature
sources to better understand users' POI decision‐making
behaviours.

6 | Conclusion

In this paper, we propose a new solution for POI recommen-
dation. Our approach is anchored in a meticulous construction
of a POI transition graph, dynamically enhanced by the

integration of time and weather information through the
translation distance paradigm. This innovative fusion deepens
the understanding of the intricate relationship between POI
transitions and time/weather conditions within user trajec-
tories. To address data sparsity challenges, we introduce a user‐
POI interaction graph, harnessing graph neural networks to
model user preferences. Further refinement of user preference
relationships is achieved through similarity functions. The
seamless integration of enhanced POI transition and user pref-
erence relationships culminates in the application of advanced
spatio‐temporal self‐attention methods, effectively capturing
nuanced user transition patterns. The deployment of attention
mechanisms in our approach ensures the delivery of personal-
ised POI recommendations. The empirical results on three real
datasets consistently highlight the superior performance of our
proposed method. Ablation experiments and in‐depth analyses
further validate the effectiveness of each module within our
method.
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