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Tourism recommendation is a valuable and captivating location-based offering that aids novice travelers in
crafting highly personalized travel itineraries. However, existing approaches fall short in capturing the breadth
of human preferences and transition patterns. In instances of limited travel data, these methods may even offer
recommendations that stray from the genuine travel intentions of tourists. To this end, a multi-granularity
contrastive learning within the self-supervised framework is devised for tourism recommendation (MCL-TR),
consisting of contrastive POI learning and contrastive tourism learning. Through the joint optimization of dual
contrastive learning, MCL-TR achieves a holistic approach to tourism recommendation. By considering both
POIs and tourism factors simultaneously, the system can provide comprehensive recommendations that cater to
the individual preferences and needs of users, thereby enhancing the overall recommendation quality and user
satisfaction. Finally, experiments conducted on three datasets demonstrate that MCL-TR sets a new benchmark

in tourism recommendation tasks.
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1. Introduction

Tourism recommendation refers to the provision of person-
alized and accurate travel advice and recommendations for
travelers using information technology and data analysis
techniques [1-4]. With the rapid development of informa-
tion technology and the increasing demand for personal-
ized and customized services [5-8], travel recommendation
has become an important component of the tourism in-
dustry. Traditional travel recommendations often rely on
manual experience and simple rules, which cannot meet
the diverse and personalized needs of users. Therefore,
leveraging technologies such as artificial intelligence and
big data analysis to deeply explore and analyze user behav-
ior, preferences, and historical data can provide users with
more personalized and accurate travel recommendations.
The background of travel recommendation is the increasing
integration of information technology and travel demand,
providing travelers with a more convenient and thoughtful

travel experience.

Current tourism recommendations are divided into two
schools of thought: traditional methods and deep methods
[9, 10]. The former typically relies on rules and heuristic al-
gorithms, such as using a greedy algorithm to recommend
popular attractions, or optimizing an objective function that
takes into account cost, time, and user preferences through
integer linear programming. The latter is capable of captur-
ing more complex user preferences and behavioral patterns.
Deep representation learning employs neural networks to
learn low-dimensional representations of users and attrac-
tions, thereby revealing intricate nonlinear relationships.
These deep learning methods have demonstrated superior
performance on real-world datasets, bringing new perspec-
tives and possibilities to the field of travel recommendation.

Despite significant advancements in tourism recommen-
dation systems, several challenges remain. One major issue
is the diversity of user needs, as the wide variety of travel
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plans requested by users makes it difficult for systems to
fully grasp and meet all requirements, especially for un-
common or previously unrecorded queries. Additionally,
the uncertainty in travel plans poses a problem, as limited
data and the vast range of individual preferences make
it challenging to accurately understand and predict users’
true travel intentions. Furthermore, the complexity of ac-
cess patterns adds another layer of difficulty; exploring
higher-order transition patterns and long-term dependen-
cies is complicated by data sparsity, hindering effective
analysis and recommendation.

To address the challenges in tourism recommenda-
tion systems, a novel approach called Multi-Granularity
Contrastive Learning within a self-supervised framework
(MCL-TR) has been developed. MCL-TR enhances the in-
teraction between user queries and points of interest (POIs)
by implementing a contrastive POI learning paradigm that
leverages a POI graph and simple interaction augmen-
tation. Additionally, it introduces a contrastive tourism
learning paradigm within the frameworks of a time-aware
query extractor and a tourism extractor, which strengthens
the connection between user queries and tourism informa-
tion. By jointly optimizing these dual contrastive learn-
ing paradigms, MCL-TR provides a holistic approach to
tourism recommendations. This method simultaneously
considers both POIs and broader tourism factors, leading
to comprehensive recommendations that better match indi-
vidual user preferences and needs. Experiments on three
datasets have shown that MCL-TR sets a new benchmark
in tourism recommendation tasks, significantly improving

overall recommendation quality and user satisfaction.

2. Related works

2.1. Deep-based Tourism Recommendation

In recent years, major internet companies” app stores re-
lease a vast number of software products daily, leading
to a massive amount of heterogeneous data from multi-
ple sources. The sources of this data are diverse, and its
structure is complex, exhibiting high-dimensional nonlin-
ear characteristics. These features cannot be accurately
captured through conventional machine learning methods,
leading to suboptimal performance in tasks such as classi-
fication and clustering. However, the emergence of Deep
Learning (DL) has alleviated these challenges [11]. DL ex-
cels in nonlinear transformations, deep feature learning,
and high availability. Increasingly, scholars are exploring
the use of deep neural network models for feature learning
tasks, aiding in better understanding latent feature vectors
from users” and projects” historical behaviors [12].

For example, He et al. integrated the multilayer percep-
tron of DL with matrix factorization models, proposing a
novel neural matrix factorization model [13]. This model in-
puts both user and item latent vectors into a multilayer per-
ceptron, effectively capturing the nonlinear relationships
between users and items. CNN has advantages in extract-
ing local features and text analysis. Many scholars have
combined CNN with recommendation algorithms. Yan et
al. utilized CNN to learn higher-order user-location inter-
action features, fully considering the interaction between
different feature dimensions, resulting in more accurate
location recommendations [14]. Wang et al., on the basis
of utilizing CNN to extract users’ historical and course
information, incorporated attention mechanisms to better
capture the varying degrees of influence of different courses
on users [15]. Graph Neural Networks (GNNs) have been
proven effective in handling non-Euclidean spatial data,
enabling effective exploration of potential associations be-
tween entities. In the field of recommendation, as users’
ratings of items can form a graph structure, GNNs can be
leveraged to learn on the interaction graph between users
and items. Zhang et al. utilized multiple graph convolu-
tional networks to learn hidden features of user and item
nodes, masking some nodes during training [16]. By recon-
structing the masked node information using a decoder,
they further enhanced the effectiveness of recommenda-
tions. Wang et al. constructed a knowledge graph based on
the interaction between users and items, selectively aggre-
gating neighborhood information on the knowledge graph
using graph convolutional networks. This method incorpo-
rates semantic and structural information covering various
entities and relationships within the knowledge graph into
the model, accurately representing users’ latent intentions
and increasing the diversity of recommended items [17].
Chen et al. built two bipartite interaction graphs based
on the relationships between users and item labels and be-
tween item labels themselves [18]. By utilizing multi-layer
GNNs, they could better capture collaborative information
between nodes, enriching the representation of each node
and ultimately completing the recommendation of item
labels.

2.2. Session-based Tourism Recommendation

In certain application scenarios, it’s not feasible to collect
user identity information or historical records of actions
like browsing, liking, and sharing. Many users browse
websites without logging in, necessitating the modeling
of users’ current behavior. In session-based recommen-
dation, a session sequence can be understood as multiple
sequential item click behaviors occurring in a user’s current
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Fig. 1. The illustration of MCL-TR. It comprises self-supervised representation learning of point-of-interests and tourism.

The former endeavors to map each POl into a reduced-dimensional space. This pivotal stage in trip recommendation not

only tackles the issue of dimensionality but also fosters the exploration of semantic connections between queries and POls.
The later starts by formulating a context-sensitive query vector, followed by the random application of curated trip
augmentation techniques to generate variations of the original trip. Subsequently, a query-based RNN is introduced as the

foundational encoder for contrastive learning. Furthermore, this encoder functions as the trip generator during the formal

training process.

session. The primary task of session-based recommenda-
tion is to predict the next item a user is most likely to click
based on the current session sequence, and then recom-
mend the top few items with the highest probability of
being clicked by the user. Session-based recommendation
algorithms largely address the limitations of traditional
recommendation algorithms, which overly rely on interac-
tion behavior between users and items, especially in sce-
narios where the number of items clicked by the user is
relatively limited, making it challenging to provide precise
project recommendation lists for users. The occurrence of
anonymous user Visits to websites is common, sparking
significant interest among researchers who have designed
various session-based recommendation [19, 20].

For example, Xu et al. utilized Graph Neural Networks
(GNNs) and self-attention networks to construct a session-
based recommendation model. This model captures local
dependency relationships among items in the session graph
using GNNs and captures long-term dependency relation-
ships of sessions using self-attention networks [21]. Qiu
et al. proposed a weighted graph attention network layer,
which constructs user session sequences into a weighted
directed graph. The weight values are calculated based on
the frequency of appearance of the two items connected
by the edge in the session [22]. Using the graph attention
network layer, they obtain feature embeddings of each item

in the session graph and use a Readout function to obtain
the representation of the entire session graph based on the
features of nodes. This model simultaneously considers
specific sequence orders and potential orders in the session
graph. Yu et al. introduced the concept of Target-aware
GNN for session recommendation [23]. They define the
predicted candidate item as the target item and utilize a
target-aware attention network to capture the relevance
of historical behaviors under specific target items. This
approach automatically captures changes in user interests.
They then combine the obtained user target intent embed-
dings with local intent embeddings and global intent em-
beddings to further improve the embedding representation
of the session. Song et al. argued that the short-term and
long-term preferences of friends can influence a user’s in-
terests. They constructed a user and friend network graph
and modeled the user’s dynamic preferences and social in-
fluences using a dynamic graph attention network. When
a user’s friend’s interests change, the information of the
user node is updated accordingly [24].

3. Multi-granularity contrastive learning for

tourism recommendation

As shown in Fig. 1, a novel deep dual contrastive repre-
sentation learning within the self-supervised framework
is devised for tourism recommendation (MCL-TR), com-
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prising self-supervised representation learning of point-
of-interests and self-supervised representation learning of
tourism.

3.1. Problem Definition

We first introduce the definitions in the recommendation:
(1) Tourism: Considering P and T stand for sets of POIs
and tourism, a triplet p =< id, x,y > is used to denote
a POI, where x and Y are longitude and latitude of POL
A tourism is comprised of s a POI sequence following
time, ie., < p1,t] >=< po,tp >— -+ =< pm, tm >, In
which < py, t« > represents p, interacted at the ¢, time. (2)
Query: It is defined as a quintuple, i.e., < ps, ts, pe, te, m >,
where ps, ts, pe, te, m denotes the start POI, the start time,
the end POI, the end time, the visited POI number, re-
spectively. Based on above definitions, the tourism recom-
mendation can generate an expected journey via users, i.e.,
T, = {pi}!",, when users provide a historical tourism Tj,
and a query g, =< ps, ts, pe, te, m >, which is articulated in
a formal description as follows:

T = arg max P(T€|Th/ q) (1)
0

where 6 denotes the model parameter.

3.2. Self-supervised representation learning of point-of-
interests

Based on the basic concept behind tourism recommenda-
tion aims to leverage a user-provided tourism query to
generate a series of points of interest, a self-supervised
representation learning of point-of-interests is devised to
enhance interactions between the query and POlIs. Specif-
ically, MCL-TR aims to construct a POI graph to depict
their interrelations and employs an interaction-enhanced
strategy to integrate tourists” geographical preferences. To
tackle the challenges posed by large-scale datasets and spar-
sity in query records, researchers have proposed a query-
based sampling approach to generate more plausible travel
routes. Additionally, a comparative POI learning method
is introduced to specifically explore the potential interac-
tions between user queries and points of interest, aiming to
enhance the performance of the tourism recommendation.

POI graph structure: We conduct a POI graph, i.e.,
Go (P, E) based on user’s historical tourism for modelling
interactions between POIs and user query, in which E repre-
sents a collection of edges that depict the sequential tourism
of users. Meanwhile, we attach each POI with a distance
threshold @ for considering possible geographic inclina-
tions of users. That is, if the distance between POls is less
than @, then an edge is constructed between them. Then,

we get a improvement POI graph G;(P, E;) with an im-
provement adjacency matrix A; whose elements depict the
likelihood of interaction between source POI and target
POL. Thus, the transition matrix A can be gained via com-
puting the transition probability between the POIs based
on the improvement adjacency matrix A;:

P(pjlpi) = fij/ fi )
where p; and p; deneote the i-th and j-th POIs in P. f;
stands for the frequency of p; in E;

Simple interaction augmentation: For query candi-
dates Q = {< p;p;j > |i # j}, due to data sparsity,
|P| < |Q] always holds true. Thus, after obtaining G; and
A, a random walk mechanism is introduced to produce
POI sequences for eliminating the influence of the shortage
of queries. Specifically, considering a query < p;, p; >, we
model 7y as the k-th node within a random walk mechanism
in which p; = r¢. Then, ry is obtained via the distribution
P(rilrg—1) (P(rk|re—1) € A). When p; = i and k < 8, we
save the POI sequence {rg, 11, ..., x }. ¢ is a length budget
that is used to restrict the generation of a long-distance
sequence. Such a manner can generate POI sequences that
better match real travel behaviors. Leveraging these se-
quences as training data further improves the performance
of POI representation learning.

Contrastive representation learning: To capture corre-
lations between query and POIs, the contrastive learning
is used to learn representations of POIs. Specifically, we
maximize the mutual information between the query and
the POI belonging to the same sequence and minimize the
mutual information between the query and the POI be-
longing to the different sequence. More specifically, for an
any POl sequence P° = {p;}",, letz € R™*? denote corre-
sponding representations where d stands for representation
dimension and g5 denote a query representation obtained
via g® = % where z, stands for corresponding represen-
tations of the POI p5. Then, the query representation g; is
viewed as anchor, forming a positive pair with POI p; € p*
and k — 1 negative pairs with POIs in other POI sequence
which is related with other queries. Mathematically,

k—1
Ly = Epsepgelexp(sim(z},0°)) — log ) exp(sim(z;7*,q°))
=1
3)
where sim(-) denotes the similarity function, e.g., cosine
similarity.

3.3. Self-supervised representation learning of tourism

Self-supervised representation learning of tourism consists
of the time-aware query extractor, the tourism extractor,
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and the contrastive tourism learning.

Time-aware query extractor: Given a query <
Ps, ts, Pe, te, m >, we obtain representations zf and zf of the
start POI ps and the end POI p, via the self-supervised rep-
resentation learning of POI. To capture the time correlation
hidden in the query, an hour-granularity encoding engine
is utilized to extract representations z. and z!, of the start
time t; and the end time t,, respectively. Finally, a fusion
function is designed to enhance information aggregations
between representations instead of simple concatenations
in previous works, Mathematically, the time-aware query
representation is conducted via:

20 = Frusion (2 1128] X (2 1221Kp) + 221 24122 241 )
@)
where || stands for the concatenation. W; stands for the
network parameter. K, stands for the third-order tensor.

Tourism extractor: We opt for a query-based recurrent
neural network (RNN) as the tourism extractor for mod-
eling tourism representations. This choice stems from the
RNN's particular suitability in capturing and learning the
temporal dependencies between various POls along travel
routes. The sequence in which users visit POIs is crucial
for understanding their travel preferences. Additionally,
this network architecture can recursively integrate user
query information, thereby more accurately simulating and
understanding user travel intentions.

Specifically, after obtaining the time-aware query rep-
resentation z; of the query g and the initial tourism rep-
resentation z; = {z;}!" |, we utilize the tourism extractor
to mine correlations between POIs. Mathematically, the
hidden state k; of p; in the tourism T is:

hi = ext([z||zg], hi—1),i = 1,2,...,m (5)

Contrastive tourism learning: In the self-supervised
learning, to train the model to effectively learn tourism
representations, it is necessary to utilize various aspects of
real travel data as positive samples for training. This aids
the model in capturing rich features of travel data, thereby
enabling more accurate recommendations for users in the
future. Specifically, given n queries {g;}} , with corre-
sponding tourism {T;}? ,, we utilize traditional data aug-
mentation paradigms to generate augmentation tourism
{T;}"_, and {T;}_,. Then, we obtain corresponding query
representations z, and final hidden states h; and h; of T;
and T; via the time-aware query extractor and tourism ex-
tractor, respectively. Thus, contrastive tourism learning
loss is designed as:

exp(sim(h;, ;)
exp(sim(hy, b)) + Ty i exp(sim(hi, ;)
(6)

Ly = — ilog
i=1

3.4. The objective loss of MCL-TR

In MCL-TR, representation learning of point-of-interests
and tourism are jointly learned via integrating into a uni-
fied self-supervised architecture, whose training objective
loss is:

L=1Lp+ AL 7)

where A is a parameter for balancing L, and L;. Multi-
granularity contrastive learning in MCL-TR exist two ad-
vantages for tourism recommendations. (1) Enhanced User
Preference Capture: Contrastive learning across various
granularities facilitates a nuanced understanding of user
preferences for different tourism elements. This refined
capture aids in providing more tailored recommendations
that closely match user interests. (2) Improved Recom-
mendation System Robustness: Conducting contrastive
learning at both POI and tourism levels strengthens fea-
ture representations, enabling the system to generate more
reliable recommendations even with sparse or incomplete
user data. This enhances the stability and dependability of
recommendation outcomes.

3.5. Theoretical analysis of MCL-TR

In this section, the advantages of employing multi-
granularity contrastive learning in tourism recommenda-
tions from a theoretical standpoint.

Contrastive POIs learning: In tourism recommenda-
tions, the representations of POlIs are expected to depict
interactions between the query and POIs to the greatest
extent possible. In other words, the goal of POI represen-
tation is mutual information maximization between the
query g and each POI P belonging to the same tourism
sequnece:

1(q;p) = Ep(pg) log(pyﬁf’;'ﬁ)) ®)

Then, the posterior distribute R is used to approximate

true P, having;:

I(Zli; ZP) = ER(zq,zp) log( R7(;(pz|;)q) ) )
where z; and z, are learned via deep neural networks.
Due to the hardship in estimating R (zp|zq) and R(zp), it
is suitable via data sampling to appropriate. That is, we
choose POIs belonging to the same tourism sequence with
zp as positive samples and POls belonging to the different
tourism sequence with z, as negative samples.Next, we
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partition positive and negative samples within the binary
classifier:

R(zplzq)

R(zp)
(Z;IZ k— 1 R(zjlzg)
1 11 Z /‘)’i

Ly = ~Elogl ] Qo)

Based on a density ratio g(z4;zp) Réz(’”z ‘:)” ) that retains

correlations between z;, and z,, having

L,=-— Elog[#%
= Elog[1 + 22 Ezifzzé/)zq)] (11)
~ Elog[l + 3G Zp)}
> —I(zq,zp) + log (k)
we can observe that:
I(zg;2p) > —Lp +log(k) (12)

Thus, minimizing the loss L, is equivalent to maximiz-
ing mutual information I (zq ;Z p), thus demonstrating the
rationality of contrastive learning of POI representations.

Contrastive tourism learning: Generally, tourism de-
mands of users are diverse, meaning that even if the system
provides a trip plan T, users might plan a trip that is simi-
lar to T based on their personal preferences. To enrich the
diversity of T further, MCL-TR uses two similar trips T
and T to maximize the mutual information between them
within a deep neural network:

AN P(T|T)
I(T;T) = Ep(1;1) log (5 Py ) (13)
Similarity, we can obtain the loss of contrastive tourism
learning;:
R(T|T)
R(T)
L =—El . .
t=~Rloglz 77 —— R (14
R(T) j=1 “R(T})
Correspondingly, we have:
I(T;T) > —L; + log(n) (15)

Contrastive tourism learning streamlines training and en-
riches itinerary diversity, capturing human travel inten-
tions. It establishes comparative relationships, enabling
nuanced feature acquisition for personalized recommen-
dations. Additionally, it enhances generalization for high-
quality suggestions, adapting to diverse user needs effec-
tively.

Table 1. The three tourism datasets.

Tourism city POIs  Trajectory User Query
Edinburgh 33944 5028 1454 812
Glasgow 11434 2227 601 812
Toronto 39419 6057 1395 870

4. Experiments

4.1. Setup

Dataset and metric: Three common tourism datasets, i.e.,
Toronto, Glasgow, and Edinburgh, are utilized to verify
the performance of MCL-TR, whose statistical information
are shown in Table 1. Following previous works, F; score
and pair — F; score are used for performance comparison
between methods. Their values closer to 1 indicate greater
in the experiments.

Implementation Details: In the model training, the
Adam optimizer is chosen to learn and optimize the pa-
rameter selection, with the ReLU activation function being
employed. The initial learning rate and decay factor are set
to 0.001 and 0.1, respectively, the batch size is 256, and the
number of training epochs is 20 rounds. The L, penalty co-
efficient is 105, and the dimensions for the point of interest
(PQI), POI category, and user embedding vectors are 100.
The Dropout strategy is used to prevent overfitting in the
training process of the MCL-TR. The parameter settings for
the baseline methods are consistent with those described
in the original papers.

4.2. Comparison with baselines

Comparison baselines: Eight baselines are compared to
MCL-TR, including CATHI [1], C-ILP [2], TRED [3], TRPE
[4], PTRD [7], CatDM [8], DeepTrip [9], and NASR+ [10].
Comparison results: Table 2 presents a comparison of
MCL-TR to prior works on three datasets in terms of F;
score and pair — Fy score. Specifically, our proposed MCL-
TR model achieves the highest scores across all evaluated
metrics on the Edinburgh, Glasgow, and Toronto datasets,
indicating its superior performance in trip recommenda-
tion tasks. The results demonstrate the effectiveness of
our model’s ability to capture the complex patterns and
preferences inherent in trip planning, leading to more accu-
rate and personalized trip recommendations. The reasons
are two-fold: (1) Detailed User Preference Understand-
ing: MCL-TR’s multi-granularity contrastive learning en-
ables a nuanced grasp of user preferences across various
tourism aspects, leading to more precise recommendations
aligned with individual expectations. (2) Improved System
Robustness: Learning at both the point of interest (POI)
and broader tourism levels equips the model with robust
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Table 2. Comparison of MCL-TR to prior works on three datasets in terms of F; score and pair — Fj score.

Edinburgh Glasgow Toronto
Method F, score pair — F; score Fy score pair — F; score F; score pair — F; score
C-ILP 0.752 0.535 0.852 0.709 0.811 0.623
CATHI 0.760 0.731 0.710 0.659 0.820 0.782
TRED 0.745 0.608 0.813 0.680 0.827 0.684
PTRD 0.713 0.498 0.804 0.657 0.801 0.680
TRPE 0.704 0.479 0.811 0.653 0.812 0.667
CatDM 0.756 0.590 0.835 0.691 0.813 0.680
DeepTrip 0.765 0.660 0.831 0.782 0.808 0.748
NASR+ 0.755 0.734 0.849 0.756 0.829 0.803
MCL-RT (ours) 0.781 0.768 0.855 0.802 0.837 0.819
Table 3. Ablation experiments of each component in MCL-TR.
Edinburgh Glasgow Toronto
Method Fy score  pair — F; score  F; score pair — F; score  Fy score pair — F; score
MCL-TR_1 0.593 0.418 0.729 0.489 0.665 0.428
MCL-TR_2 0.613 0.599 0.755 0.658 0.707 0.771
MCL-TR_3 0.777 0.767 0.849 0.800 0.815 0.818
MCL-RT (ours) 0.781 0.768 0.855 0.802 0.837 0.819

feature representations, especially beneficial for sparse or
incomplete user data scenarios, ensuring relevant recom-

mendations through contrastive learning insights.

4.3. Ablation Study

This section presents ablation experiments of MCL-TR to
prior works on three datasets in terms of F; score and
pair — F; score. Specifically, MCL-RT_1 only uses self-
supervised representation learning of point-of-interests to
train the model for generating tourism recommendations.
MCL-RT_2 only uses self-supervised representation learn-
ing of tourism to train the model for generating tourism
recommendations. MCL-RT_3 uses multi-granularity con-
trastive learning without simple interaction augmentation
to train the model for generating tourism recommenda-
tions.

As shown in Table 3, there are three observations: (1)
The results indicate that as we move from MCL-TR_1 to
MCL-TR_3 and finally to MCL-RT (ours), there is a consis-
tent increase in performance across all datasets for both F;
score and pair — F; score. This suggests that incorporating
multi-granularity contrastive learning into the model leads
to incremental improvements in capturing user preferences
and generating effective tourism recommendations. (2) The
comparison between MCL-TR_1 and MCL-TR_2 shows the
individual contributions of self-supervised representation
learning at the point-of-interest level and the tourism level,
respectively. The higher scores achieved by MCL-TR_3,
which combines both, underscore the importance of lever-
aging both granularities of information for enhancing the
model’s understanding and recommendation quality. (3)
The ablation study reveals that the version of the model

without simple interaction augmentation (MCL-TR_3) still
outperforms the single-granularity models (MCL-TR_1 and
MCL-TR_2), but the inclusion of interaction augmentation
in MCL-RT (ours) leads to the best results. This suggests
that interaction augmentation, possibly through the mod-
eling of transitions between different types of tourism ele-
ments, plays a crucial role in improving the accuracy and
reliability of the recommendations.

5. Conclusion

In this paper, we introduce MCL-TR, a multi-granularity
contrastive learning framework for tourism recommen-
dation. MCL-TR includes self-supervised representation
learning for both point-of-interests and tourism, enriching
interaction dynamics between user queries and POlIs across
hierarchical levels. This comprehensive understanding en-
hances recommendation accuracy and robustness, leading
to personalized travel suggestions. Future directions in-
clude integrating advanced machine learning techniques
like deep learning and reinforcement learning, as well as
incorporating real-time contextual data for more dynamic

recommendations.
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