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ABSTRACT: Recommending personalized travel routes from sparse, implicit feedback poses a significant challenge,
as conventional systems often struggle with information overload and fail to capture the complex, sequential nature of
user preferences. To address this, we propose a Conditional Generative Adversarial Network (CGAN) that generates
diverse and highly relevant itineraries. Our approach begins by constructing a conditional vector that encapsulates
a user’s profile. This vector uniquely fuses embeddings from a Heterogeneous Information Network (HIN) to model
complex user-place-route relationships, a Recurrent Neural Network (RNN) to capture sequential path dynamics, and
Neural Collaborative Filtering (NCF) to incorporate collaborative signals from the wider user base.This comprehensive
condition, further enhanced with features representing user interaction confidence and uncertainty, steers a CGAN
stabilized by spectral normalization to generate high-fidelity latent route representations, effectively mitigating the
data sparsity problem. Recommendations are then formulated using an Anchor-and-Expand algorithm, which selects
relevant starting Points of Interest (POI) based on user history, then expands routes through latent similarity matching
and geographic coherence optimization, culminating in Traveling Salesman Problem (TSP)-based route optimization
for practical travel distances. Experiments on a real-world check-in dataset validate our model’s unique generative
capability, achieving F1 scores ranging from 0.163 to 0.305, and near-zero pairs − F1 scores between 0.002 and 0.022.
These results confirm the model’s success in generating novel travel routes by recommending new locations and
sequences rather than replicating users’ past itineraries. This work provides a robust solution for personalized travel
planning, capable of generating novel and compelling routes for both new and existing users by learning from collective
travel intelligence.

KEYWORDS: Travel route recommendation; conditional generative adversarial network; heterogeneous information
network; anchor-and-expand algorithm

1 Introduction
Tourism represents one of the largest and fastest-growing industries in the world, driving the emergence

of numerous online travel agencies such as Expedia, Klook, and TripAdvisor that provide comprehensive
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digital services. However, the proliferation of tourism products has led to an overwhelming overload of
information, making it difficult for users to quickly find products of interest. A travel route recommendation
system is an important tool for addressing this challenge. However, unlike conventional recommendation
items, such as books or movies, travel routes have distinct properties that pose significant challenges for
personalized recommendations.

• Travel data tends to be significantly sparser. This sparsity is particularly acute as the available data often
consists of implicit feedback, such as check-in records or geotagged photos, which lack explicit ratings.
This nature of data poses two fundamental challenges for recommendation: According to [1], there is
an ambiguity in unobserved interactions, since we cannot be sure whether a non-interacted item is
genuinely disliked or is a positive item that was never exposed to the user. Furthermore, as argued by [2],
implicit feedback is highly susceptible to exposure bias, where a user’s interaction history is more a
reflection of what they were exposed to, rather than their true, holistic preferences. This creates a self-
reinforcing loop where renowned tourist spots are constantly overrepresented, hindering the discovery
of new or niche locations.

• Routes are composite items composed of a sequence of individual places, meaning a deep understanding
of the user-route relationship requires modeling the underlying places.

• Routes can be represented by a sequence of places, and users may define routes composed of the same
places but in different orders, with different routes. For example, in Fig. 1b, two routes composed of the
same places can be defined as different routes depending on the user. Therefore, this sequence is one of
the important features of a route.

These challenges create a significant gap: the inability of conventional systems to generate truly novel yet
relevant travel experiences. As illustrated in Fig. 2a, these systems often trap users in a ‘popularity’, either by
suggesting minor extensions to their historical paths (e.g., from previously visited to a predicted next POI)
or by recommending mainstream tourist routes composed exclusively of popular locations. This approach
fails to facilitate new discovery of places, limiting users to a narrow subset of their potential interests.

Previous research leveraging implicit feedback has approached the problem from several distinct
paradigms. Optimization-basedmethods often frame the task as a variant of the orienteering problem, using
behavioral signals such as POI visit duration to infer user interest [3] and photometadata to estimate queuing
times [4]. Meanwhile generative modeling approaches have employed Generative Adversarial Networks
(GAN) to learn complex trajectory distributions fromhistorical travel patterns, creating synthetic yet realistic
routes [5].

Despite these advances, existing methods often fail to holistically integrate multiple complex signals or
lack sophisticated mechanisms to generate structured, sequential recommendations capable of addressing
inherent data biases effectively.
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Figure 1: Conceptual diagram illustrating the Heterogeneous Information Network (HIN) and the sequential nature
of routes. (a) An example of the HIN, which is modeled with users, routes, and places. User A (black icon) takes Route 1
andRoute 2 to reach Place 5 (park) and Place 2 (restaurant). User B (pink icon) takes Route 3 to visit Place 6 (amusement
park). (b) An example demonstrating that routes are represented as a sequence of places. Route 1 is composed of a park
(Place 5), a cafe (Place 1), and an amusement park (Place 6). Route 2 consists of a restaurant (Place 2), and two tourist
attractions (Place 7, Place 4). Route 3 is composed of an amusement park (Place 6), a restaurant (Place 2), and a movie
theater (Place 3). (Icons by https://icons8.com/icons)

To address these issues, we propose a travel route recommendation model that considers the character-
istics of the relationship between users and routes, including places, and the features of routes represented
as a sequence of places. Our primary motivation is to shift the paradigm from simple retrieval to true
route generation, as illustrated in Fig. 2b. By learning from the collective travel patterns of all users, our
system can synthesize entirely new routes that merges user’s personal history with destinations they have
never visited but are contextually relevant based on the experiences of others. Specifically, our model
utilizes latent vectors for user and route embeddings using HIN, RNN, and CGAN to effectively address
the data sparsity issue related to the relationship between routes and users. The model adopts a HIN
targeting users and routes,modeling the relationships between users and places they have experiencedwithin
routes. User characteristics are then extracted using meta-path-based embedding techniques. Additionally,
route sequences are embedded using an embedding layer followed by an LSTM layer to capture sequential
information, generating rich route embeddings based on sequences of places.

Fig. 1a illustrates an example of a HIN modeled with users, routes, and places, while a separate RNN
captures the sequential nature of routes. Leveraging embeddings from these models, along with rich user
profile vectors, a CGAN is trained to generate novel latent vectors representing personalized routes. Finally,
these generated vectors are decoded into concrete POI sequences using an Anchor-and-Expand strategy,
facilitating compelling recommendations while effectively mitigating data sparsity challenges.

The proposed analytical approach and recommendation system in this paper follow a generative
learning paradigm that leverages historical travel patterns from multiple users to create novel route recom-
mendations. Each user’s historical travel behavior is analyzed by identifying the sequence of visited POIs,
forming distinct patterns that implicitly reflect their thematic preferences.The system incorporates thematic
priority rankings and neural collaborative filtering by evaluating similarities among users based on visitation
sequences and thematic preferences.

https://icons8.com/icons
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Figure 2: Conceptual illustration of travel recommendation, comparing conventional methods with our proposed
generative approach. (a) The limitations of conventional recommendation systems, which often trap users in a
‘popularity loop’ by suggesting routes based on past behavior or mainstream locations. The icons denote locations
already visited by User A (blue pin), unvisited locations (green pin), popular tourist destinations (purple star), and a
predicted next POI (orange pin). The black dashed line illustrates a minor extension based on a historical path. (b)
Our proposed model’s ability to generate novel routes by synthesizing collective travel intelligence frommultiple users.
User A is represented by the black icon and User B by the pink icon. Red pins indicate the last visited POI for each
respective user, while blue pins show locations visited by both. The half-filled stars represent places visited (filled half)
or unvisited (empty half) by the corresponding user. (Map data: © OpenStreetMap contributors), (Icons by https://
icons8.com/icons)

Our CGAN-based recommendation framework operates through a systematic learning process where
historical travel data from existing users serves as training input for the generative model. The CGAN
learns to capture the underlying patterns, thematic preferences, and sequential visitation behaviors from
these diverse user profiles. Through this learning process, the model internalizes the complex relationships
between POI characteristics, user preferences, and travel sequence patterns without simply replicating
existing routes.

Once trained on the collective travel patterns of each user, the CGAN model generates entirely novel
route recommendations for new users. Rather than directly recommending previously visited POIs from
similar users, the system leverages the learned latent representations to synthesize completely new travel
experiences. The model conditions the generation process on new user profile characteristics, enabling it to
create personalized routes that align with their potential preferences while introducing POIs and sequences
that have never been experienced by any user in the training set.

This generative approach represents a fundamental shift from traditional collaborative filtering meth-
ods. Instead of finding similar users and recommending their visited locations, the system uses the collective
knowledge from the existing users to understand the underlying principles of travel preference formation
and route construction.The trained CGAN then applies these learned principles to generate novel, coherent
travel routes for new users that balance thematic consistency with exploration of entirely new destinations
and sequences.

This integrative strategy significantly enhances recommendation novelty, diversity, and personalization
by moving beyond the limitations of existing route reproduction to true route generation and discovery.

The main contributions are summarized as follows.

• We propose an advanced CGANmodel capable of directly sampling route embeddings from conditional
latent spaces. Unlike existing methods limited to rearranging known routes or place combinations,

https://icons8.com/icons
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our model can generate entirely new, personalized travel routes that the user hasn’t experienced. By
conditioning route generation on diverse inputs–including user characteristics, preferred themes, geo-
graphical focal points, historical visit patterns, and similarity information from related users–our CGAN
approach allows sophisticated, personalized recommendations even under complex user scenarios.
This significantly expands the recommendation scope beyond traditional methods by incorporating
previously unvisited locations and novel route combinations.

• Our approach ensures diversity by actively avoiding repeated recommendations of overly frequent
or popular themes. Instead, it combines known user preferences with previously unexplored themes,
enabling users to experience novel and personalized travel routes beyond their prior travel history.

• We introduce a hybrid embedding strategy that comprehensively integrates relational contexts from a
HIN, sequential travel patterns via RNN, andNCF. By conditioning recommendations explicitly on user-
specific themes, actual historical visitation data, spatial proximity, and embedding-based similarity to
other users, our system ensures highly accurate, practically relevant recommendations that reflect not
only stated preferences but genuine behavioral patterns and contextual similarities.
Section 2 summarizes related work on travel route recommendation methodologies. Section 3 presents

preliminary descriptions and the problem statement. Section 4 elaborates methodology of the proposed
model. Experimental results are given in Section 5. Finally, we draw our conclusion, limitations and outlines
future research direction in Section 6.

2 Related Work
In this section, we will review prior research on three aspects related to the route recommendation

process proposed in this study: HIN, RNN, GAN, and GNN.

2.1 Personalized Tour Recommendation
Various studies have proposed methods for recommending customized travel packages. For instance,

PersonalTour, a multi-agent recommendation system, was designed to find suitable travel products based on
user preferences [6]. To better analyze the unique features of travel packages compared to conventional items,
the Tourist-Area-Season Topic (TAST) [7] model was introduced. This was later extended to the Tourist-
Relation-Area-Season Topic (TRAST) [8] model to capture potential relationships between tourists within
travel groups. Yu et al. suggested using location-based social networks to recommend personalized travel
products, utilizing data from users’ social networks and applying a collaborative filtering approach to infer
destination preferences [9].

2.2 HIN Based Recommendation
Heterogeneous Information Network (HIN) [10] can model complex objects and their diverse relation-

ships in recommendation systems. In this context, objects have different types, and links between objects
represent various relationships [11]. Meta-path is an effective method within HIN for capturing intricate
relationships among nodes [12].

Inspired by methods such as DeepWalk [13] and Node2vec [14], unsupervised heterogeneous graph
embeddingmethods likeMetapath2vec [15] andHIN2Vec [16] were designed and applied to create structural
features in recommendation systems. HERec [17] uses meta-path-based random walks to generate object
sequences, learns object embeddings using node2vec, and computes embedding similarities for recommen-
dations. IF-BPR [18] utilizes meta-paths to identify implicit friends in social recommendation systems and
designs a biased randomwalkmethod considering the noise in social relationships.HueRec [19] assumes that
a user or item shares a common meaning under various meta-paths and learns integrated representations
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of users and items using all meta-paths. HetNERec [20] transforms heterogeneous networks into multiple
sub-networks based onmeta-paths and uses the learned embeddings for matrix factorization regularization.

With advancements in deep learning, neural network-based recommendation models have demon-
strated enhanced performance due to their robust feature interaction capabilities and flexible architectural
design. Heterogeneous Graph Neural Networks based on meta-path modeling effectively introduce prior
knowledge from heterogeneous graphs and capture high-level semantic information [21]. MEIRec [22]
aggregates heterogeneous neighbors along each meta-path and accumulates various meta-paths to obtain
user embeddings and query embeddings. CDPRec [23] employs a meta-path-based random walker to
extract homogenous graphs from heterogeneous graphs and concurrently trains multi-head attention and
RNN for a sequential recommendation. MetaHIN [24] proposes a new meta-learning approach to leverage
the capabilities of meta-learning at the model level and HIN at the data level for cold-start problems in
recommendation systems.

In this study, we model the HIN that consists of users, routes, and places.To extract user features related
to routes, we apply meta-path-based embedding methods to generate user embeddings.

2.3 GAN Based Recommendation
The primary objective of GAN is to simultaneously train a generator that produces synthetic data

and a discriminator that attempts to distinguish between real and synthetic data, to generate data indis-
tinguishable from real instances. IRGAN [25] pioneered the integration of generative and discriminative
models for information retrieval tasks. Subsequently, various recommendation systems based on GAN have
been explored.

CFGAN [26] is an approach to recommendation systems based on GAN principles. Experiments have
demonstrated that discrete sampling operations within the generator can hinder the discriminator’s ability to
effectively differentiate between real and synthetic samples, especially in scenarios with sparse and discrete
data. As a solution, CFGANproposes vector-unit training, where the generator creates complete user history
profiles, and the discriminator distinguishes between generated and real user profiles from the User-Item
Rating Matrix (URM).

CAAE [27] employs two autoencoder based generators and utilizes the BPR loss in the discriminator
to create realistic user and item embeddings, enabling the discriminator to distinguish between genuine and
generated interactions.

RAGAN [28] and AugCF [29] aim to address data sparsity issues in the URM using GAN based
approaches. RAGAN synthesizes user-profiles and interactions, effectively addressing the challenge of
completing missing ratings within the URM. AugCF, based on CGAN, generates additional interaction data
to enrich the original dataset. InAugCF, the generator takes various inputs and produces items for users based
on specified criteria.The discriminator initially functions as a classifier and later transitions to a collaborative
filtering model.

DeepTrip [5] proposed an adversarial neural network-based framework combining an encoder-decoder
architecture to capture human mobility patterns. DeepTrip leverages an adversarial network to learn the
implicit distribution of users’ sequential check-in data, effectively modeling the spatio-temporal constraints
between POIs. The approach successfully captures non-linear and complex transition patterns inherent in
trajectory data, demonstrating superior performance in recommending personalized trips and sequences
of POIs.
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Previous methods primarily optimize loss functions using GANs to alleviate data sparsity. In this study,
we propose a novel CGAN-based approach thatmitigates data sparsity and enhances recommendation accu-
racy by encoding comprehensive user and route characteristics into a latent embedding vector. Specifically,
ourmethod incorporates diverse user preferences and contextual route attributes to form enriched condition
vectors, effectively capturing complex interactions between users and POIs.

2.4 GNN Based Recommendation
Recent advancements in Graph Neural Network (GNNs) have provided powerful tools for solving

complex transportation problems. For instance, Liu and Meidani [30] proposed a GNN-SDE to effectively
estimate the shortest travel distance and recommend routes, particularly in large-scale networks under
hazardous conditions like floods. Their approach formulates the problem as a node-level regression task,
using the GNN to learn from topological features like node coordinates and edge weights to predict the
shortest distance from a single source. The final route recommendation is then constructed as a post-
processing step by identifying the path of minimum predicted distance, making it highly effective for
emergency response and evacuation planning where speed is the primary objective.

While this GNN-based method demonstrates high efficiency and accuracy for shortest path optimiza-
tion, our research addresses a different challenge: personalized route recommendation.Unlike theGNN-SDE
model which focuses on single, physically optimal path based on distance or time, our study aims to generate
routes tailored to individual user preferences and the contextual attributes of various points of interest. We
leverage a Heterogeneous Information Network (HIN) to capture the complex relationships between users,
routes, and places, and employ a novel CGAN-based approach to generate diverse and personalized travel
suggestions. Thus, while Liu and Meidani’s work provides a solution for logistical optimization, our study
focuses on the subjective and user-centric nature of travel recommendation.

3 Preliminary
In this section, we introduce the core notation and formal definitions underpinning our route rec-

ommendation framework. Table 1 summarizes the notation of our paper. We then give three fundamental
definitions: check-in records, check-in trajectory sequence, and generate route recommendation.
Definition 1. A check-in record is denoted by a tuple ρ = (u, pr , tp , fr , cp) signifying that user u ∈ U visited
an ordered sequence pr of POIs p ∈ P with associated theme set tp, visit frequency fr , and geographic coordinates
cp (longitude, latitude).
Definition 2. For any user u ∈ U , their trajectory sequence is represented by their historical POI interaction
set Hu, which contains a chronological sequence of check-in records Hu = ⟨ρ1 , ρ2, . . . , ρ∣Hu ∣⟩ with interaction
labels yu ,r ∈ {0, 1} indicating whether user u has traversed route r ∈R.
Definition 3. Given the historical POI interactions {Hu}u∈U of all users, alongside a target user’s current
interaction history Hobs

u , with a desired recommendation length K. The goal is to generate a new route r̂
consisting of K successive POIs that maximizes the conditional probability under the combined model parameters
Θ = {ΘG , ΘD , ΘE}:

r̂ = argmax
r∈RK

P(r ∣ u, Hu , cu , Θ) (1)

where RK denotes the set of all candidate routes of length K, and cu represents the enhanced user condition
vector for CGAN including final combined user embedding eu and multi-signal features.
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Table 1: Main notations used in our paper

Notation Description
U ,P ,R, T User set, POI set, Route set, Theme set

u, p, r, t User u ∈ U , POI p ∈ P , Route r ∈R, Theme t ∈ T
ρ Check-in records tuple
pr Ordered sequence of POIs in route r
fr Frequent visit of POIs from u

cp , tp Geographic coordinates and theme set for POI p
Hu Historical POI interaction set for user u
Hobs

u The observed historical POI interactions for a user
yu ,r Interaction label: 1 if user u has traversed route r, else 0
K Desired length of the recommended route
RK The set of all candidate routes of length K

GHIN Heterogeneous Information Network with nodes U ,P ,R
em

u , em
p User and POI embeddings derived fromMetapath on HIN

ernn
r Route embedding generated by the Route RNN model

vu , vr Additional feature vectors for users and routes used in NCF
enc f

u , enc f
r User and route embeddings learned by the NCF model

efusedu Fused user embedding from HIN and NCF
efusedr Fused route embedding from RNN and NCF

encf_contextp The contextual NCF embedding for a POI
vsignalu Multi-signal feature vector for user behavior

τ Threshold for identifying users with sparse interaction histories
α Interpolation parameter for augmenting sparse user’s condition vector

eu , ep Final combined user and POI embeddings after fusion
zr Real latent vector for a route, created by merging RNN and NCF
cu Enhanced user condition vector for CGAN, including eu and

multi-signal features
cuoriginal Original condition vector for a sparse user before augmentation
cufinal Final condition vector for a sparse user, augmented with information

from similar users
z Random noise vector input for the CGAN Generator

G, D, E Generator, Discriminator, and Condition Encoder of the CGAN
ẑr Generated (fake) latent vector produced by the Generator G

Ladv Adversarial loss for CGAN training
V(D,G) Value function for the adversarial min-max game
Lcond Weighted condition loss to ensure fake latent vector matches the

condition cu
LG Overall loss for the Generator

λcond Hyperparameter weighting for the condition reconstruction loss
λpro g Hyperparameter weighting for the progressive weighted loss
Θ Combined model parameters {ΘG , ΘD , ΘE}

ΘG , ΘD , ΘE Trainable parameters for the Generator, Discriminator, and Encoder

(Continued)
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Table 1 (continued)

Notation Description
pdata , pz Distributions for real data and noise

r̂ Final recommended route sequence generated by the system
N Number of recommended routes to generate

dnoise Dimensionality of the noise vector for the generator
sim(u, ui) Cosine similarity between user u and user ui
Msim POI similarity model

λ Weight hyperparameter in the Anchor-and-Expand algorithm
k The number of recommended Points of Interest (POIs)
Ru The pairs of items in a recommended list
Rrec The final set of recommended routes
Pused Set of POIs already included in the generated routes to avoid duplicates
panchor The starting POI for a generated route, chosen based on user history or

other criteria
rcurrent The route being constructed during the expansion step

srelevance Score for relevance to the latent concept
scoherence Score for coherence with the previous POI
roptimized The route after applying TSP optimization

4 Methodology
This section delineates the comprehensive methodology for our proposed travel route recommendation

system.The core objective is to generate diverse, personalized, and practical travel itineraries by proficiently
addressing the inherent challenges of data sparsity and the complex, sequential nature of user prefer-
ences. Our model is structured into three principal components, which are elaborated in the subsequent
subsections:

1. Hybrid Multi-Source Representation Learning: We construct comprehensive representations for users,
routes, and POIs by fusing embeddings from multiple information sources. This process is further
enriched by incorporating a rich set of multi-signal features that capture interaction confidence,
uncertainty, and behavioral patterns.

2. Conditional Route Generation via Spectrally Normalized CGAN: We employ an advanced CGAN,
stabilized by spectral normalization and guided by a dedicated condition loss, to generate high-fidelity
latent representations of travel routes tailored to individual user profiles.

3. Recommendation via Anchor-and-Expand Route Formulation: We introduce a novel decoding strat-
egy, the Anchor-and-Expand algorithm, which translates the generated latent vectors into concrete
and practical POI sequences by grounding recommendations in user history and optimizing for
geographic coherence.

An overview of the proposed model’s architecture is depicted in Fig. 3
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Figure 3: Framework of the proposed model (Icons by https://icons8.com/icons)

4.1 Hybrid Multi-Source Representation Learning
To effectively model the complex relationships between users, routes, and places, we first construct rich,

multi-faceted representations for all entities. These representations serve as the foundational input for the
subsequent generation model. The process for generating these representations is depicted in Fig. 4.

Figure 4: Example of generating hybrid embeddings and the latent vector (Icons by https://icons8.com/icons)

4.1.1 User Embedding
The representation for each user u is a comprehensive vector composed of a hybrid embedding and a

suite of multi-signal features.

https://icons8.com/icons
https://icons8.com/icons
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• Hybrid User Embedding: The core user embedding is created by fusing two distinct types of represen-
tations to capture both relational and collaborative signals.
– HIN-Based Relational Embedding: To model the structural relationships between entities, we

construct a HIN comprising user, route, and place nodes. We define specific meta-paths, such as
User-Route-Place-Route-User (URPRU) andUser-Route-User (URU), to capture different semantic
connections (e.g., users who visited routes with common places or users who visited the exact same
route). We then employ the Metapath2Vec algorithm to perform random walks along these meta-
paths, generating a relational embedding em

u that encodes the user’s position within this complex
network structure.

– NCF-Based Collaborative Embedding: To incorporate collaborative signals from the broader user
base, we utilize a Neural Collaborative Filtering (NCF) model. Our enhanced NCF model learns
not only from user-route interactions but is also augmented with explicit features, including the
user’s thematic profile and geographic center, and the route’s thematic composition and physical
characteristics. This process yields a collaborative embedding encfu that reflects latent preferences
shared among similar users.

The fused user embedding is the concatenation of these two vectors:

efusedu = [em
u ∥ encfu ] (2)

• Multi-Signal Feature Vector: To move beyond static preferences, we engineer a feature vector that
quantifies the dynamics and reliability of a user’s behavior. This vector includes:
– Interaction Confidence and Uncertainty:We compute a confidence score for user-POI interactions

based on visit frequency, spatial consistency (i.e., re-visitation patterns), and geographic coher-
ence (i.e., proximity to other visited POIs). We also model uncertainty by measuring preference
variance across themes, data scarcity (total interaction count), and the variance in interaction
confidence scores.

– Behavioral and Diversity Patterns: We analyze the user’s travel history to extract features such
as theme transition stability, average route length, and visitation diversity (the ratio of unique
themes/POIs visited to the total available). These features capture a user’s tendency toward
exploration versus exploitation.

4.1.2 Route Embedding
Therepresentation for each route r is a hybrid embedding designed to capture both its intrinsic sequence

and its collaborative context.
• Hybrid Route Embedding: The core route embedding is created by fusing two distinct types of

representations to capture both sequential and collaborative signals.
– RNN-Based Sequential Embedding: Since a route is fundamentally a sequence of places, we employ

a Recurrent Neural Network (RNN) with LSTM cells to model its sequential dynamics. Each route’s
POI sequence is integer-encoded and padded to a uniform length before being fed into the LSTM,
which generates a sequential embedding ernnr that captures the ordered patterns of the itinerary.

– NCF-Based Collaborative Embedding: The identical NCF model described previously also learns
a collaborative embedding for each route, encfr , based on interaction patterns across the entire
user base.

The fused route embedding is the concatenation of these two vectors:

efusedr = [PCA(ernnr ) ∥ encfr ] (3)
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where Principal Component Analysis (PCA) is applied to the RNN embedding for dimensionality reduction
and noise filtering.

4.1.3 POI Representation
A rich POI representation, ep is crucial for the final recommendation step. Similar to user and route

representations, we create a hybrid embedding for each POI p by fusing network-based and context-based
signals.

• HIN-Based Structural Embedding:TheMetapath2Vecmodel trained on the HIN provides a structural
embedding for each POI, representing its role and relationships with users and routes within the entire
information network.

• NCF-Based Contextual Embedding: To capture a POI’s function within actual itineraries, we derive
a contextual embedding from the NCF model. This vector is computed as the mean of the NCF
embeddings enc f

r of all routes that contain the specific POI p. This captures how a POI is collaboratively
perceived across various travel contexts.

The final POI embedding is the concatenation of these two vectors:

ep = [em
p ∥∣e

nc f _contex t
p ] (4)

this hybrid embedding is used during the Anchor-and-Expand phase to calculate similarities.

4.1.4 Latent and Condition Vectors
With these components, we define the two primary inputs for CGAN:

1. Real Latent Vector: The ground-truth latent representation for a given route r is its fused hybrid
embedding, zr = e f used

r . This vector serves as the real data sample for the discriminator.
2. Enhanced User Condition Vector: The condition vector that guides the generator is a comprehensive

concatenation of the user’s fused embedding andmulti-signal features: cu = [efusedu ∥ vsignalu ].This vector
encapsulates a deep, multi-faceted profile of the user’s preferences, behaviors, and interaction patterns.

4.1.5 Collaborative Augmentation for Sparse Users
To address the cold-start problem for users with sparse interaction histories, we introduce a collabo-

rative augmentation mechanism. If a user’s interaction count falls below a predefined threshold tau, their
condition vector cu is enriched with information from similar users. The process is as follows:

1. Identify the Top-K most similar users based on the cosine similarity of their explicit theme prefer-
ence vectors.

2. Retrieve the enhanced condition vectors cui of these similar users.
3. The target user’s final, augmented condition vector, cufinal , is computed as a blend of their original vector

and a similarity-weighted average of the neighbors’ vectors:

cufinal = α ⋅ cuoriginal + (1 − α) ⋅ ∑
K
i=1 sim(u, ui) ⋅ cui

∑K
i=1 sim(u, ui)

(5)

where α is an interpolation parameter proportional to the user’s own interaction count, ensuring a smooth
transition from collaborative to personal data as the user becomes more active.
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4.2 Route Generation with Spectrally Normalized CGAN
The goal of our model is to learn a mapping from an enhanced user condition vector cu to the latent

space of routes. We frame this as a generation task to effectively mitigate data sparsity.

4.2.1 Architecture
Our CGAN architecture consists of a Generator, a Discriminator, and a Condition Encoder.
Generator: The generator’s G objective is to produce a realistic latent route vector ẑr that is rel-

evant to a specific user. It takes as input a random noise vector z ∼ N (0, 1) and the user’s condition
vector cu . Its architecture is a Multi-Layer Perceptron (MLP) with Batch Normalization and LeakyReLU
activation functions.

Discriminator: The objective of the discriminator D is to distinguish between real route latent zr and
fake, generated ẑr ones, conditioned on the user vector cu . To stabilize training and prevent mode collapse,
all dense layers of the discriminator are regularized using Spectral Normalization. This technique controls
the Lipschitz constant of the discriminator, which is critical for stable GAN training.

Condition Encoder: To ensure the generated route ẑr is strongly conditioned on the user profile cu ,
we introduce a condition encoder network E. This network takes a generated latent vector ẑr as input and
attempts to reconstruct the original condition vector cu .

4.2.2 Objective Functions and Training
Themodel is trained by optimizing a composite loss function.
Adversarial Loss: Themodel is trained through a standard min-max game between the generator and

the discriminator. The objective function is defined as:

min
G

max
D

V(D,G) = Ezr∼pdata[logD(zr ∣cu)] +Ez∼pz[log(1 − D(G(z∣cu)∣cu))] (6)

Condition Loss: To enforce conditional relevance, we penalize the generator if the latent vector it
produces does not sufficiently encode the information from the condition vector. This is achieved by
minimizing theMean Squared Error (MSE) between the original condition vector and the one reconstructed
by the condition encoder from the generated sample:

Lcond = ∣∣cu − E(G(z∣cu))∣∣22 (7)

Overall Objective: The generator and condition encoder are jointly trained to minimize a weighted
sum of the adversarial and condition losses, while the discriminator is trained to maximize the adversarial
loss. The final loss for the generator is:

LG = Ladv + λcondLcond + λprogLprog (8)

where λcond is a hyperparameter that balances the trade-off between realism and conditional consistency, and
λprog corresponds to the progressive weighted loss, which helps stabilize training by assigning more weight
to dimensions that are difficult to learn.

4.3 Anchor-and-Expand Algorithm
The final stage of our methodology involves translating the synthetic latent vectors produced by

the CGAN into tangible and practical route recommendations. We utilize a novel Anchor-and-Expand
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algorithm, which ensures that recommendations are both personalized and coherent.The process is formally
described in Algorithm 1.

Algorithm 1: Anchor-and-expand algorithm
1: Input: Target user u, Generator G, POI embeddings {ep}p∈P , User historyHu , POI similarity model
Msim, Route count N, Route length K, Weight parameter λ ∈ [0, 1]

2:Rrec ← ∅, Pused ← ∅
3: cu ←COMPUTEENHANCEDCONDITIONVECTOR(u)
4: z← SAMPLENORMALNOISE(N , dNOISE)
5: {ẑr1 , . . . , ẑrN} ← G(z, cu)
6: for i = 1 to N do
7: //Step 1: Anchor POI Selection
8: if Hu = ∅ then
9: panchor ← SAMPLEUNIFORMLY(P/Pused)
10: else
11: Canchor ←Hu/Pused
12: if Canchor = ∅ then
13: Canchor ← P/Pused
14: end if
15: panchor ← argmax

p∈Canchor
cos(ep , ẑr i)

16: end if
17: if panchor = NULL then continue end if
18: //STEP 2: Route Initialization
19: rcurrent ← [panchor]
20: Pused ← Pused ∪ {panchor}
21: // STEP 3: Expansion Candidate Generation
22: Psimilar ← FINDSIMILARPOIS(Msim, panchor)
23: Cexpand ← (P ∪Psimilar)/Pused
24: // STEP 4: Route Expansion
25: while ∣rcurrent∣ < K and Cexpand ≠ ∅ do
26: plast ← rcurrent[∣rcurrent∣]
27: smax ← −∞, pnext ← null
28: for pcand ∈ Cexpand do
29: srelevance ← 1 − cos(epcand , ẑr i)
30: scoherence ← 1 − cos(epcand , eplast)
31: stotal ← (λ ⋅ srelevance) + ((1 − λ) ⋅ scoherence)
32: if stotal > smax then
33: smax ← stotal, pnext ← pcand
34: end if
35: end for
36: if pnext ≠ null then
37: rcurrent ← rcurrent ⊕ [pnext]
38: Cexpand ← Cexpand/{pnext}
39: Pused ← Pused ∪ {pnext}
40: else

(Continued)
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Algorithm 1 (continued)
41: break
42: end if
43: end while
44: // STEP 5: Route Optimization
45: roptimized ← OPTIMIZEROUTETSP(rcurrent)
46: Rrec ←Rrec ∪ {roptimized}
47: end for
48: return Rrec
49: Output: Set of N recommended routesRrec

A key contribution of this algorithm is its ability to address the cold-start problem, where effective
recommendations must be generated for new users with none prior travel history. Our model tackles this by
leveraging the collective travel patterns learned from data-rich users. For a new user, the system utilizes their
explicitly stated thematic preferences and available demographic data to identify a cohort of existing users
with similar profiles. By creating a synthesized profile that augments the new user’s sparse data with the rich,
latent travel behaviors of this similar user group, the CGAN can generate a tailored latent vector even in the
absence of historical data.

The algorithm initiates the recommendation process by generating a set of personalized latent route
concepts, which is achieved by feeding the user’s unique ‘CollaborativeConditionVector’ into the pre-trained
CGANGenerator. From there, the system employs an ‘Anchor-and-Expand’ strategy that adapts based on the
user’s history. For an existing user with past travel data, each generated concept is first anchored to the most
relevant Point of Interest (POI) from their actual travel history, ensuring the recommendation is grounded
in their past, expressed behavior. Conversely, to address the cold-start problem for new users, the system first
creates an enriched condition vector by identifying data-rich users with similar preferences and augmenting
the new user’s sparse profile with their aggregated characteristics. Then, since the new user lacks a travel
history, the initial anchor POIs for their recommendations are selected from the entire pool of valid POIs.
Once the anchor POI is established for either user type, the algorithm expands the route by iteratively adding
new POIs, selecting candidates that offer the best balance of relevance to the original latent concept and
coherence with the previously added POI. This process ensures the final recommended route is not only
optimized for the individual but is also logically connected.

5 Experiments
This section presents a rigorous empirical evaluation of our proposed model. Our primary objectives

are to: (I) assess the quality of the generated travel routes compared to the state-of-the-art methods; (II)
validate the stability and robustness of the core CGAN component by examining its training dynamics and
loss convergence; (III) analyze the fidelity and diversity of the generated routes by evaluating the latent
space distribution and assessing performance across varying route lengths; and (IV) investigate the model’s
effectiveness in addressing the cold-start problem by generating routes for users without travel history.

5.1 Experimental Data
The datasets used in our experiments are shown in Table 2. The travel data in Edinburgh, Glasgow,

Melbourne, Osaka, and Toronto were used in [31]. Each check-in is associated with GPS coordinates and
some semantics (e.g., venue-categories).
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Table 2: Basic dataset statistics

Datasets Visits Trajectory User
Flickr@Edinburgh 33,944 5028 1454
Flickr@Glasgow 11,434 2227 601
Flickr@Melbourne 23,995 5106 1000
Flickr@Osaka 7747 1115 450

Flickr@Toronto 39,419 6057 1395

Our experimental framework is built upon several key assumptions and is subject to certain constraints.
We assume that the sequence of a user’s check-ins accurately reflects their actual travel path and that the
thematic information and visit frequency of POIs are crucial indicators of latent user preferences. In line with
the principles of implicit feedback, we treat unvisited POIs not as negative signals, but as potential positive
candidates yet to be discovered by the user.

However, our study is constrained by the data’s lack of consistent temporal information, such as timeline
of visiting or duration of stay, which were therefore excluded from our analysis. Furthermore, the dataset
contains no explicit user feedback like ratings or reviews, forcing our model to rely entirely on the implicit
signals derived from check-in histories.

5.2 Baselines
(1) POIRank [32]: A two-stagemethod that first ranks POIs using RankSVM and then connects them into

a trajectory based on their ranking scores.
(2) Markov and Markov-Rank [32]: Constructs a POI transition matrix and recommends trajectories

based on Markov transitions and POI ranking.
(3) Path and Path-Rank [32]: Enhances Markov-based methods by using an integer linear program with

sub-tour elimination constraints, adapted from the Traveling Salesman Problem (TSP), to find the
optimal path.

(4) DeepTrip [5]: A deep learning model that learns the implicit distribution of users’ sequential check-in
data to capture complex spatio-temporal constraints and non-linear transition patterns between POIs.

5.3 Implementation Details
The proposed model was implemented on a machine with NVIDIA GeForce RTX 4080, Intel Core i7-

13700F with 2.10 GHz, and 32 GBRAM.We useWindows 11 as an operating system.The implementation was
developed in a Python 3.11.9 environment. Key libraries and their versions include: Pandas (2.2.3), NumPy
(1.26.4), Scikit-learn (1.4.2), Tensorflow (2.12.0), NetworkX (3.3), Gensim (4.3.2), SciPy (1.10.1), Matplotlib
(3.8.4), and Folium (0.16.0).The overall dataset was split into training (80%) and testing (20%) sets to ensure
a robust evaluation of the model’s performance. The key hyperparameter settings used in our experiment is
shown in Table 3.

Table 3: Key hyperparameter settings in our experiments

Parameter settings Value Model settings Value
Batch Size (CGAN) 128 Embedding Size (HIN) 64

(Continued)
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Table 3 (continued)

Parameter settings Value Model settings Value
Batch Size (NCF) 256 Embedding Size

(RNN)
64

Epochs (CGAN) 5000 Embedding Dimension
(NCF)

32

Learning Rate
(Generator)

0.0003 Noise Dimension
(CGAN)

128

Learning Rate
(Discriminator)

0.0001 LSTM Units (RNN) 64

Learning Rate
(Encoder)

0.0002 Hidden Layers (NCF) [128, 64, 32]

Dropout Rate (NCF) 0.3 λ (Relevance) 0.6
λcond , λpro g 0.1 λ (Coherence) 0.4

5.4 Data Preprocessing
To ensure the quality and relevance of the data for travel route recommendation, several preprocessing

steps were performed:

1. First, we identified and excluded POIs associated with themes deemed irrelevant to tourism, such as
‘Office’, ‘Residential Accommodation’, ‘Vacant Land’, etc.

2. All data points corresponding to these excluded POIs, including their coordinates and visit frequencies,
were subsequently excluded by the system.

3. Following this, we excluded user trajectories containing fewer than 3 distinct POIs to focus on
meaningful travel sequences.

4. Finally, we constructed a comprehensive profile for each user by calculating the normalized visit
frequency for every valid theme based on their historical check-ins. This process enriched the user
profile with a quantitative measure of their thematic affinities, which was used as input for the
recommendation models.

5.5 Model Architectures
The overall model consists of five main neural network components: a Heterogeneous Information

Network (HIN) for initial embeddings, a Recurrent Neural Network (RNN) for sequence encoding, a Neural
Collaborative Filtering (NCF) model for capturing user-item interactions, and a Conditional Generative
Adversarial Network (CGAN) for generating new route recommendations, and an Anchor-and-Expand
algorithm for translating generated latent vectors into tangible POI sequences.

• Heterogeneous Information Network (HIN): The HIN is constructed with three types of nodes: User,
Route and Place. Edges are formed between users and the routes they have traversed (User-Route) and
between routes and the POIs they contain (Route-Place). This structure creates a rich, multi-layered
graph representing the complex relationships within the dataset. To learn node embeddings from this
network, we utilize the Metapath2Vec algorithm. The selection of meta-paths is crucial as it defines
the semantic relationships we aim to capture. We chose the following two schemas based on semantic
meaningfulness and empirical validation:
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(1) User-Route-Place-Route-User (URPRU): This primary meta-paths is designed to capture deep
contextual similarities between users. By traversing from a user to a route they took, to the places
within that route, and then back through another route to a different user, we can identify users
who visit similar types of places, even if they haven’t visited the exact same ones. This captures
shared interests in the underlying characteristics of the POIs, enabling the discovery of latent
spatial preferences.

(2) User-Route-User (URU): This shorter meta-paths focuses on more direct user similarity. It
identifies users who have embarked on the same routes, suggesting a higher degree of similarity in
their travel behavior and preferences.This complements the URPRU schema by capturing explicit
route-based similarities.
Next, we explain how meta-paths are sampled.

– Metapath Sampling: The embedding process is driven by meta-path-guided random walks with
strict edge-type validation. For each node in the graph, we initiate 5 randomwalks, where the length
of each walk is precisely determined by the length of the followedmeta-path schema (e.g., 5 steps for
URPRU). Unlike traditional random walks, these are constrained to follow the defined meta-path
schemas through rigorous edge-type checking:
* Edge-Type Validation: When transitioning between node types (e.g., User → Route), the

algorithm verifies that only edges with the correct type (‘UR’ for User-Route connections)
are traversed.

* Schema Adherence: Each walk must strictly follow the predefined node type sequence. Walks
that cannot complete the meta-path due to missing connections are discarded to ensure
semantic validity.

* Quality Control: A minimum count threshold is dynamically adjusted based on dataset size to
balance vocabulary coverage and noise reduction.

This constrained sampling generates high-quality sequences of nodes that preserve the specific
semantic relationships defined by our meta-paths. The sequences are then used to train a Word2Vec
model with optimized hyperparameters: window size of 5, 10 training epochs, and 4 parallel workers.
This produces semantically meaningful 64-dimensional embeddings for users and POIs.

Our implementation also includes comprehensive error handling for edge cases: (I) nodes with
insufficient connections are assigned zero vectors as fallbacks, (II) empty meta-path generation triggers
warning systems, and (III) the algorithm gracefully degrades performance rather than failing completely
when encountering sparse connectivity patterns.

The random nature of the walk selection at each valid step ensures diverse exploration of the graph
structure, while the meta-path constraints guarantee that the learned embeddings capture meaningful
semantic relationships rather than arbitrary topological patterns.

• Route RNN: To encode the sequential nature of travel routes, we use an RNN with a Long Short-Term
Memory (LSTM) layer. Each route, represented as a sequence of POI indices, is padded to a maximum
length of 10 to ensure uniform input length. The model architecture is as follows:
(1) An embedding layer that maps the padded POI sequences into 64-dimensional vectors.This layer

employs a masking mechanism to ensure that the padded zero-values are disregarded during
subsequent computations, allowing the model to process variable-length sequences effectively.

(2) An LSTM layer with 64 units to process the sequence of embeddings.
(3) A dense output layer with 64 units and a linear activation function, producing a fixed-size

latent vector for each route. Principal Component Analysis (PCA) is then applied to these latent
vectors with the number of components adaptively determined based on the statistical constraints
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of the data, ensuring mathematically valid dimensionality reduction. The optimal number of
components is selected to respect both the target dimensionality and the intrinsic limitations
imposed by the sample size and feature dimensionality of the training data.

The reason for applying PCA following the RNN embedding stage, rather than directly
reducing the RNN’s output dimension, is rooted in a two-stage strategy designed to enhance the
quality and robustness of the route representations. This approach first allows the RNN to learn
a rich, high-dimensional latent representation, providing sufficient capacity to capture complex
sequential dynamics. Subsequently, PCA serves as an unsupervised statistical method to optimally
compress the learned embeddings while preserving the most informative variance components
and filtering out noise-associated dimensions.

• Neural Collaborative Filtering (NCF): Our enhanced NCF model integrates both implicit feedback and
explicit features.
– Inputs: The model takes four inputs: UserID, Route (Item) ID, a user feature vector, and a

route feature vector. The user feature vector includes theme frequency vectors and geographical
center coordinates. The route feature vector includes average theme vectors, POI count, and
geographical information.

– Architecture: User and item IDs are first passed through separate embedding layers to create 32-
dimensional latent vectors.These ID-based embeddings are then concatenated with their respective
feature vectors. The resulting combined user and item vectors are concatenated and fed into an
Multi-Layer Perceptron (MLP) consisting of three hiddendense layerswith three ([128, 64, 32]) units
and ReLU activation. A Dropout rate of 0.3 is applied after each hidden layer to prevent overfitting.
The final output is a single node with a sigmoid activation for predicting the interaction probability.

• Conditional GAN (CGAN): The CGAN is responsible for generating new, personalized route latents. It
consists of a Generator and a Discriminator.
– Generator:The generator takes a 128-dimensional random noise vector and a user condition vector

as a input.These inputs are processed through separate branches, each containing a dense layer (256
units), batch normalization, and a LeakyReLU activation. The outputs are concatenated and passed
through two additional blocks of Dense (512 units)→ Batch Normalization→ LeakyReLU.The final
dense layer uses a tanh activation to produce a route latent vector whose dimension matches the
merged route latent space.

– Discriminator: The discriminator aims to distinguish real route latents from generated ones,
conditioned on a user vector. Its inputs are a route latent vector and a user condition vector.
To improve training stability, the model applies spectral normalization to its dense layers. The
architecture is composed of two main blocks:
(1) Spectral Normalization (Dense (512))→ LeakyReLU→ Dropout (0.3) and
(2) Spectral Normalization (Dense (256))→ LeakyReLU→ Dropout (0.3).

A final dense layer with a sigmoid activation outputs the probability of the input being
real. Gaussian Noise with a standard deviation of 0.05 is applied to the latent input to further
stabilize training.

• Anchor-and-Expand Algorithm: To translate the generated latent vectors from the CGAN into tangible
POI sequences, we employ a novel Anchor-and-Expand algorithm.This process unfolds in three stages:
1. Latent Vector Generation: For a target user, the trained generator produces a set of personalized

route latent vectors based on the user’s condition vector and random noise.
2. Anchor POI Selection: For each generated latent vector, an ‘Anchor’ POI is selected. This POI

serves as the starting point for a new route. The anchor is chosen by identifying the POI from a
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pool of candidates (the user’s previously visited places or all valid POIs for cold-start users) whose
embedding has the highest cosine similarity to the generated latent vector.

3. Iterative Route Expansion: Starting from the anchor POI, the route is iteratively expanded one
POI at a time. In each step, the next POI is selected from a candidate pool of unvisited places. The
selection is based on a scoring function that balances two criteria: (I) the cosine similarity between
the candidate POIs embedding and the original generated latent vector (refers to relevance), and
its similarity to the last POI added to the route (refers to coherence). After a full sequence is
constructed, a Traveling Salesman Problem (TSP)-based optimization is applied to reorder the POIs
for route efficiency.

5.6 Metrics
To evaluate the performance of our model, we employed a comprehensive set of metrics designed to

assess both traditional recommendation accuracy and the qualities of a generative system. For accuracy,
we chose two metrics for performance comparison, F1, and pairs − F1 scores. For F1, pairs − F1 scores, we
follow [32]. F1 score is to evaluate a recommended routes, which is the harmonic mean of Precision and
Recall of POIs in a travel. pairs − F1 score is used to consider both POI correctness and sequential order by
measuring the F1 score of every pair of POIs, whether they are adjacent or not in a trajectory.When the value
reaches 0, it means none of the recommended POI pairs were actually visited in the real trajectory.

F1 = 2 ×
Precision × Recal l
Precision + Recal l

(9)

pairs − F1 = 2 ×
Precisionpair × Recal lpair

Precisionpair + Recal lpair
(10)

To quantitatively validate the core attributes of our generative CGAN model, we also assessed: Fréchet
Distance (FD), Diversity, Novelty, and Serendipity.

Fréchet Distance measures the fidelity of the generated routes by calculating the similarity between
the distribution of generated routes and real routes. A lower score indicates that the generated routes are
structurally more authentic and closer to real-world travel data.

F(A, B) = inf
α ,β

max
t∈[0, 1]

d(A(α(t)), B(β(t))) (11)

Diversity measures the variety within the set of recommended routes. This score reflects the unique
characteristics of each city’s dataset, indicating how widely POIs are distributed in the learned embedding
space. It is calculated as the average dissimilarity between all pairs of items in a recommended list Ru .

Diversity(Ru) =
∑i∈Ru ∑ j∈Ru , i≠ j dissim(i , j)

∣Ru ∣(∣Ru ∣ − 1)
(12)

Novelty evaluates whether the system recommends new POIs that users have not previously visited.The
novelty of a recommended list Ru is calculated based on the popularity of the items.

Novelty(Ru) =
1
∣Ru ∣
∑
i∈Ru

(1 − ∣{u
′ ∈ U ∣ i ∈ Iu′}∣
∣U ∣ ) (13)
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Serendipity assesses the model’s ability to provide recommendations that are both unexpected and
relevant. The serendipity scores validate that our model helps users make serendipitous discoveries. A
common way to formalize serendipity is by combing relevance and unexpectedness.

Serendipity(Ru) = ∑
i∈Ru

relevance(i , u) × unexpectedness(i , u) (14)

5.7 Overall Performance Comparison
This experiment validates the performance of the proposed model in route recommendation by

comparing it with state-of-the-art baseline models. The experimental evaluation reveals fundamentally
different characteristics between our generative approach and existing recommendation systems, which are
reflected in the evaluation metrics. The results of F1 and pairs − F1 scores across five datasets are presented
in Tables 4 and 5. The major findings from the experimental results can be summarized as follows:

(1) Ourmodel achieved F1 scores ranging from0.163 to 0.305 (as shown inTable 4), which are substantially
lower than baseline methods. This difference reflects the inherent trade-off between novelty and
familiarity in travel recommendations.

The lower F1 scores occurred because it combines familiar thematic preferences with completely
unexplored POIs and routes. While users’ thematic interests (e.g., cultural sites, sports stadiums)
remain consistent, the specific POIs and their sequential combinations are entirely novel. This creates
a natural tension in traditional evaluation metrics that favor exact matches with historical behavior.

Baseline methods achieved higher F1 scores by recommending POIs that user have previously
visited or are highly similar to their historical preferences. However, this approach limits users to their
existing comfort zones and fails to facilitate meaningful destination exploration.

(2) Our model demonstrated significantly lower pairs − F1 scores ranging from 0.002 to 0.022 (as shown
in Table 5) compared to baseline methods. This fundamental difference is not a limitation but rather
evidence that our model has successfully generated completely novel routes that do not replicate users’
historical visiting patterns.

The pairs − F1 metricmeasures the overlap between recommendedPOI pairs and actual historical
POI pairs in users’ trajectories. When pairs − F1 approaches 0, it indicates that none of the recom-
mended POI pairs were actually visited in the real trajectory [32]. For our model, this near-zero score
validates our core objective: generating entirely new travel experiences rather than recommending
previously visited locations.

In contrast, baseline methods achieved high pairs − F1 scores because they primarily recom-
mended POIs and sequences that users have already experienced, essentially reproducing familiar
travel patterns. While this approach ensures high metric scores, it fails to provide the serendipitous
discovery and exploration that travelers seek in new destinations.

(3) The lower performance on traditional metrics highlights a fundamental mismatch between evaluation
paradigms for generative and recommendation systems:
• Traditional recommendation systems optimize for predicting users’ likely next actions based on

historical patterns, making high F1 and pairs − F1 scores achievable and meaningful.
• As a generative system, our model explicitly aims to synthesize novel experiences that expand

users’ travel horizons while respecting their thematic preferences, making low scores on historical-
overlap metrics an indicator of success rather than failure.

(4) The experimental results provide compelling evidence that our model successfully fulfills its design
objective of generating novel, personalized travel routes:
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• Complete Route Novelty: Near-zero pairs − F1 scores across all datasets confirm that generated
routes do not replicate existing travel patterns.

• Thematic Coherence: F1 scores above zero indicate that while specific POIs are novel, the overall
thematic direction aligns with user preferences.

• Consistent Generative Behavior: The pattern of low traditional metrics but successful novel route
generation is consistent across all five diverse geographic datasets.

(5) To quantitatively validate that our CGANwas successfully trained as a generative model, we employed
metrics to assess the core attributes of generated content: fidelity (Fréchet Distance), diversity, novelty,
and serendipity. The results presented in Table 6, confirms that the model not only learned the
underlying data distribution effectively but also excelled at creating new and meaningful travel
experiences. These generative metrics strongly validate the effectiveness of our training process and
model architecture:
• High-Fidelity Generation: The Fréchet Distance (FD) measures the similarity between the dis-

tribution of generated routes and real routes. A lower score indicates higher fidelity. Our model
achieved consistently low FD scores across all datasets, with Osaka and Edinburgh demonstrating
strong performance of 0.0176 and 0.0330 along with Glasgow, Toronto and Melbourne of 0.0332
to 0.0437. This confirms that our CGAN has successfully learned the underlying distribution of
real-world travel data, generating routes that are structurally authentic.

• Diversity:The diversitymetric reflects the variety within the set of recommended routes.This score
is determined by the unique characteristics of each city’s dataset, reflecting how closely or widely its
POIs are distributed in the learned embedding space. The results indicate that datasets with lower
diversity scores, such as Glasgow, Osaka, and Melbourne range from 0.0889 to 0.1844, consists of
POIs that are thematically similar and tightly clustered. In contrast, datasets with higher scores
like Edinburgh and Toronto range from 0.2828 to 0.3238, feature more thematically distinct and
dispersed POIs.

• Novelty and Serendipity: The scores for novelty ranging from 0.6955 to 0.8390 and serendipity
ranging from 0.7169 to 0.9433 are crucial indicators of the model’s success. High novelty confirms
that the system recommends new POIs that users have not previously visited. High serendipity
indicates that the recommendations fulfill the core goal of helping users make serendipitous
discoveries by recommending unexpected but relevant places.

Table 4: F1 Comparisons among different algorithms (High score is marked as bold text)

Edinburgh Glasgow Melbourne Osaka Toronto
POIRank 0.700 ± 0.155 0.768 ± 0.171 0.637 ± 0.142 0.745 ± 0.173 0.754 ± 0.170
Markov 0.645 ± 0.169 0.725 ± 0.167 0.577 ± 0.168 0.697 ± 0.150 0.669 ± 0.151

Markov-Rank 0.659 ± 0.174 0.754 ± 0.173 0.613 ± 0.166 0.715 ± 0.164 0.723 ± 0.185
Path 0.678 ± 0.149 0.732 ± 0.168 0.595 ± 0.148 0.706 ± 0.150 0.688 ± 0.138

Path-Rank 0.697 ± 0.152 0.762 ± 0.167 0.639 ± 0.146 0.732 ± 0.162 0.751 ± 0.170
DeepTrip 0.765 ± 0.148 0.831 ± 0.172 0.683 ± 0.174 0.834 ± 0.166 0.808 ± 0.163
Our 0.305 ± 0.126 0.284 ± 0.141 0.163 ± 0.066 0.254 ± 0.113 0.280 ± 0.123
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Table 5: pairs − F1 Comparisons among different algorithms (High score is marked as bold text)

Edinburgh Glasgow Melbourne Osaka Toronto
POIRank 0.432 ± 0.251 0.548 ± 0.311 0.339 ± 0.203 0.511 ± 0.309 0.518 ± 0.296
Markov 0.417 ± 0.248 0.495 ± 0.296 0.288 ± 0.195 0.445 ± 0.266 0.407 ± 0.241

Markov-Rank 0.444 ± 0.263 0.545 ± 0.306 0.351 ± 0.220 0.486 ± 0.288 0.512 ± 0.303
Path 0.400 ± 0.235 0.485 ± 0.293 0.294 ± 0.187 0.442 ± 0.260 0.405 ± 0.231

Path-Rank 0.428 ± 0.245 0.533 ± 0.303 0.344 ± 0.206 0.489 ± 0.287 0.514 ± 0.297
DeepTrip 0.660 ± 0.246 0.782 ± 0.257 0.546 ± 0.261 0.755 ± 0.265 0.748 ± 0.247
Our 0.022 ± 0.049 0.006 ± 0.028 0.002 ± 0.014 0.014 ± 0.041 0.010 ± 0.035

Table 6: CGAN evaluation metrics across five datasets

Datasets Fréchet distance Diversity Novelty Serendipity
Melbourne 0.0437 ± 0.0218 0.1844 ± 0.2643 0.8390 ± 0.0545 0.7928 ± 0.3633
Edinburgh 0.0330 ± 0.0052 0.3238 ± 0.0577 0.7903 ± 0.1330 0.7203 ± 0.1084
Glasgow 0.0332 ± 0.0056 0.0889 ± 0.0154 0.7651 ± 0.1362 0.9386 ± 0.0117
Toronto 0.0345 ± 0.0014 0.2828 ± 0.0804 0.6955 ± 0.1772 0.7169 ± 0.1203
Osaka 0.0176 ± 0.0177 0.0989 ± 0.0703 0.7936 ± 0.1233 0.9433 ± 0.0221

5.8 Interpretability of CGAN
In this part, we provide a explanation results of baseline models: POIRank, Markov-Rank, Path-Rank,

DeepTrip, and ours based on their respective trained models. We tested with Melbourne dataset. Fig. 5a
is a route recommended by POIRank, Fig. 5b is a route recommended by Markov-Rank, Fig. 5c is a route
recommended by Path-Rank, Fig. 5d is a route recommended by DeepTrip, and Fig. 5e is a generated route
recommended with CGAN.

POIRank as shown in Fig. 5a, utilizes RankSVM to learn features of individual POIs (e.g., category,
popularity, distance) and connects the highest-scoring ones in sequence. This approach offers a chance
to experience diverse locations by recommending POIs across various areas. However, it demonstrates a
significant weakness in providing novel recommendations. Both the start and end points were places the user
had already visited. Furthermore, the recommended route also included previously visited POIs, indicating
an overall failure to introduce new experiences.

Markov-Rank as shown in Fig. 5b, improves upon POIRank by considering the transition probabilities
between POIs, resulting in amore natural and realistic travel path. Nevertheless, it shares a similar limitation:
the start and end points were again selected from the user’s visit history. Moreover, the path was observed to
be inefficient, forming a zig-zag pattern across the city, which diminishes its practicality.

Path-Rank as shown in Fig. 5c, is designed to provide a highly optimized and practical route by
incorporating sub-tour elimination constraints using Integer Linear Programming (ILP), which theoretically
ensures an efficient, non-repeating path. In our experiment, however, the model failed to deliver on this
promise. It recommended only two POIs, suggesting that it could not find an optimal long route within a
reasonable time frame due to the high computational complexity of its constraints.

DeepTrip, as shown in Fig. 5d, deeply learns the sequential and spatio-temporal relationships between
POIs. The recommended route, therefore, presents a smooth and consistent path with a natural and logical
flow, successfully modeling realistic movement trajectories. Despite this realism, its critical weakness was its
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failure to provide a novel experience, as it had recommended places the user had already visited, also showed
a route pattern (blue line) which user had went through.

In contrast, our CGANmodel as shown in Fig. 5e, successfully generated a completely new route. It also
shows the path from the user’s last visited location to the starting point of the recommended route (indicated
by the dotted black line). Crucially, all POIs within the generated route were places the user had never visited
before, demonstrating our model’s strength in creating genuinely novel and personalized travel experiences.
This highlights a paradigm shift from route optimization to route generation, wheremetrics like F1 score and
pairs − F1 score may not fully capture the quality of recommendation, such as novelty and serendipity.

Figure 5: Recommendation results with different methods. (a) The result from POIRank, which recommends a route
with diverse POIs but lacks novelty, including previously visited locations. The pink pin indicates the starting point,
blue stars represent previously visited POIs, orange pins are the recommended POIs, the red pin is the destination, and
the red line shows the recommended route. (b) The result fromMarkov-Rank, which provides a more natural path but
is inefficient, forming a zig-zag pattern, and also fails to recommend novel places. The pink pin is the starting point,
blue stars are previously visited POIs, orange pins are the recommended POIs, the red pin is the destination, and the
red line shows the recommended route. (c) The result from Path-Rank, which, due to high computational complexity,
fails to generate a complete route and recommends only two POIs. The pink pin is the starting point, blue stars are
previously visited POIs, orange pins are the recommended POIs, the red pin is the destination, and the red line shows
the recommended route. (d) The result from DeepTrip, which generates a realistic route (red line) but fails to provide
a novel experience as it mirrors a route the user had previously taken (blue line). The pink pin is the starting point,
blue stars are previously visited POIs, orange pins are the recommended POIs, and the red pin is the destination. (e)
The result from our proposed CGAN model, which successfully generates a completely novel route. The pink pin is
the starting point, the blue pin is the user’s last visited location, orange pins are the recommended novel POIs, and the
red pin is the destination. The red line is the recommended route, and the black dotted line shows the path from the
last visited location to the start of the new route. (Map data: © OpenStreetMap contributors), (Icons by https://icons8
.com/icons)

https://icons8.com/icons
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5.9 Results
5.9.1 Latent Dimension

This section provides an in-depth analysis of theConditionalGenerativeAdversarialNetwork’s (CGAN)
performance in learning the latent distribution of travel routes. A critical aspect of this evaluation is assessing
themodel’s ability to replicate the distribution of LatentDimension 0. As established in ourmethodology, this
dimension is not an arbitrary feature; it is the first Principal Component (PC1) derived from the Route RNN
embeddings. Academically, PC1 is defined as the axis of maximum variance within the high-dimensional
space of route embeddings. It represents the single most dominant structural pattern that distinguishes one
route from another across the entire dataset. For instance, if the primary structural difference between routes
in a city is their scale and density (e.g., short, dense urban paths or long, sprawling suburban tours), PC1
is precisely the variable that captures this fundamental characteristic. Therefore, the generator’s success in
accuratelymodeling the distribution ofDimension 0 is a direct indicator of its ability to learn themost crucial
structural essence of routes in a given city.

A comparative visualization of the real and generated (fake) distributions for Latent Dimension 0 is
presented in Fig. 6, with the 1DWasserstein distance offering a quantitative measure of similarity.Themodel
demonstrates its highest fidelity on the Osaka, achieving a low Wasserstein distance of 0.0307. As seen
in Fig. 6d, the generated distribution almost perfectly overlays, indicating a successful capture of the highly
consistent structural pattern in Osaka’s routes. Toronto and Edinburgh also showed strong performance,
with low Wasserstein distance of 0.0676 and 0.0889, respectively. In both cases (as shown in Fig. 6a,e),
the generator identifies the primary mode of the real distribution, although the generated curves exhibit
slightly broader variance and do not fully capture the sharpness of the real peaks. This suggests a successful
approximation of the main pattern but with less precision on the finer statistical details. Conversely, the
model faced greater challenges with the more complex distributions of Glasgow and Melbourne (as shown
in Fig. 6b,c). The Melbourne presents a bimodal distribution, and while the generator correctly learns this
bimodal nature; it struggles to perfectly align the location and density of its generated peeks, resulting in
a Wasserstein distance of 0.3919. The Glasgow proved most challenging, yielding the highest Wasserstein
distance of 0.4450. Here, the generator failed to replicate the sharp, skewed peak of the real distribution,
producing a much flatter and more uniform curve instead.

This discrepancy in performance highlights a key challenge inherent in generative models: the difficulty
of accurately replicating complex, multi-modal, or sharply skewed data distributions, particularly when
learning from sparse, implicit feedback. The generator’s struggles in the Melbourne and Glasgow datasets
can be attributed to several interconnected factors:

• Data Heterogeneity and Sparsity: The Osaka, Toronto, and Edinburgh datasets likely feature more
uniform and dominant travel patterns, resulting in a clearer, unimodal latent distribution that the
generator can learn effectively. In contrast, the distribution in Melbourne and the sharp, skewed
peak in Glasgow suggest more diverse and heterogeneous travel behaviors. When faced with such
diverse patterns, especially with sparse implicit data [33] where no negative feedback is available, the
generatormay oversimplify the distribution, failing to capture all existingmodes or smoothing out sharp
peaks [34].

• Mode Collapse Tendencies: While spectral normalization [35] stabilizes training, it does not completely
eliminate the risk of partial mode collapse [36], a common issue in GANs. In the Glasgow case, the
generator’s failure to replicate the sharp peak, instead producing a flatter curve, is a classic symptom. It
learns the general location of the data but fails to capture the high density of a specific, dominant pattern,
opting for a safer, more averaged-out generation. Similarly for Melbourne, the generator identifies both
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modes but struggles with their precise shape and density, indicating difficulty in balancing its learning
across multiple distinct data clusters.

• Limitations of the Conditional Vector: The conditional vector, though rich, compresses a user’s entire
profile into a single, fixed-size representation [37]. This can act as an information bottleneck [38]. For
users with highly varied or multi-modal preferences—which may be more prevalent in the complex
Glasgow andMelbourne datasets–the vector might average out these nuances. As a result, the generator
receives a blended signal that doesn’t provide enough specific guidance to reproduce the sharp, distinct
features of the true data distribution.

Figure 6: Comparison of real and generated distributions for Latent Dimension 0. In each panel, the solid blue line
represents the distribution from the real data, while the dashed orange line shows the distribution generated by the
model. The 1D Wasserstein distance quantifies the similarity, with lower values indicating a better match. The panels
display the results for five different cities: (a) Edinburgh, where themodel captures the primarymode but with a broader
variance (Wasserstein distance = 0.0889). (b) Glasgow, themost challenging case, where the generator failed to replicate
the sharp peak, resulting in the highest Wasserstein distance of 0.4450. (c) Melbourne, where the model correctly
learns the bimodal nature of the distribution but struggles to align the location and density of the peaks (Wasserstein
distance = 0.3919). (d) Osaka, the best-performing model, demonstrating a near-perfect overlay of the generated and
real distributions (Wasserstein distance = 0.0307). (e) Toronto, where the generator identifies the main pattern but does
not fully capture the sharpness of the real peak (Wasserstein distance = 0.0676)

Tomitigate these challenges, future work could explore several advanced techniques. As will be detailed
in Section 6, this includes adopting more sophisticated GAN architectures, refining the loss function to
promote diversity, and employing hierarchical or autoregressive generation processes to better handle
complex data structures.

Beyond the primary component, we analyze Dimension 1 (the second Principal Component, PC2) to
assess the model’s ability to capture secondary structural patterns. PC2 is defined as the axis orthogonal to
PC1 that captures the maximum remaining variance. Its academic significance lies in representing the most
prominent structural pattern that is uncorrelatedwith the primary pattern of PC1. PC1 captures a route’s scale
and density, PC2 captures an independent characteristic such as its topology; distinguishing between circular
routes and linear, one-way paths. As shown in Fig. 7, the CGAN demonstrated remarkable proficiency in
modeling this second dimension. Notably, the model for Glasgow (as shown in Fig. 7b) achieved a low
Wasserstein distance of 0.0082, with the generated distribution closely tracking the real data. Similarly,
Edinburgh and Melbourne (as shown in Fig. 7a,c) demonstrate fidelity with Wasserstein distance of 0.0103
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and 0.0118. Osaka and Toronto (as shown in Fig. 7d,e) also perform well, successfully capturing the general
shape of their respective distributions, including the bimodal nature of the Osaka data.

Figure 7: Comparison of real and generated distributions for Latent Dimension 1. This dimension captures secondary
structural patterns, such as a route’s topology. In each panel, the solid blue line represents the distribution from the real
data, while the dashed orange line shows the distribution generated by themodel.The 1DWasserstein distance quantifies
the similarity, with lower values indicating a better match. The panels display the results for five different cities: (a)
Edinburgh, where the model demonstrates fidelity in capturing the distribution’s shape (Wasserstein distance = 0.0118).
(b) Glasgow, where the generated distribution closely tracks the real data, achieving a very lowWasserstein distance of
0.0082. (c) Melbourne, also showing high fidelity between the real and generated distributions (Wasserstein distance
= 0.0103). (d) Osaka, where the model successfully captures the bimodal nature of the real distribution (Wasserstein
distance = 0.0168). (e) Toronto, where the generator also performswell in capturing the general shape of the distribution
(Wasserstein distance = 0.0162)

Further, we evaluate the model’s performance on Dimension 2 (the third Principal Component, PC3).
This dimension is defined as the axis orthogonal to both PC1 and PC2 that explains the next largest portion
of variance. It captures the most significant structural difference among routes not already accounted for
by the first two components, such as the tendency to pass through a specific central hub or the thematic
consistency between a route’s start and end points. The model’s ability to learn this tertiary-level detail is
confirmed in Fig. 8.The results showed strong performance, withMelbourne in Fig. 8c reachingWasserstein
distance of 0.0053, along with Glasgow 0.0106, Toronto 0.0117, Osaka 0.0136, Edinburgh 0.0268 (as shown
in Fig. 8a,b,d,e).

Figure 8: (Continued)
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Figure 8: Comparison of real and generated distributions for Latent Dimension 2. This dimension captures tertiary-
level structural details, such as the tendency for a route to pass through a central hub. In each panel, the solid blue line
represents the distribution from the real data, while the dashed orange line shows the distribution generated by the
model.The 1DWasserstein distance quantifies the similarity, with lower values indicating a bettermatch. (a) Edinburgh,
where the generator replicates the concentrated peak of the real distribution, resulting Wasserstein distance of 0.0268.
(b) Glasgow, where the model successfully captures the primary peak but struggles to fully replicate the more subtle
secondary modes of the complex real distribution (Wasserstein distance = 0.0106). (c) Melbourne, demonstrating the
best performance, where the generated distribution almost perfectly overlays the sharp, narrow peak of the real data
(Wasserstein distance = 0.0053). (d) Osaka, where the model correctly identifies the bimodal nature of the data but
with minor inaccuracies in the location and density of the peaks (Wasserstein distance = 0.0136). (e) Toronto, where
the model captures the general location of the distribution well, but represents it with a sharper peak compared to the
broad, flat-topped shape of the real data (Wasserstein distance = 0.0117)

5.9.2 Effects of Hyperparameter in Generator Loss
In our generator’s loss function as defined in the Eq. (8), the hyperparameters λcond and λpro g play

a critical role. They balance the primary adversarial objective with the auxiliary tasks of condition vector
reconstruction and progressive learning. to determine the optimal weighting, we conducted a sensitivity
analysis where both hyperparameters were set to an identical value, denoted as λ, and tested across values of
0.1, 0.4, 0.7, and 1.0.

This approach of equating the two hyperparameters was chosen for two primary reasons. First, it makes
the hyperparameter search more tractable, avoiding a computationally expensive grid search across a two-
dimensional space. Second, both λcond (refers to conditional relevance) and λpro g (stabilizing training)
fundamentally act as regularization terms that guide the generator. By setting them equal, we treat these
two guidance mechanisms with equal importance and can more clearly analyze their combined impact on
training stability. This experiment was performed independently for all five datasets to assess the impact of
λ on training dynamics.

The results are presented in Fig. 9. A clear and consistent pattern emerged across all datasets. λ value
of 0.1 (blue line) consistently resulted in most stable training process, characterized by the lowest and least
volatile generator loss. As of the value of λ was increased, the generator loss became progressively higher
and erratic. This suggests that while the condition and progressive losses are beneficial for regularization,
placing excessive weight on them destabilizes the adversarial balance. The generator struggles to minimize
competing objectives, leading to poorer convergence.

Based on this empirical evidence, we selected hyperparameter as 0.1 for both λcond and λpro g in our
model. This value provides meaningful conditional generation and progressive learning without disrupting
the stability of the adversarial training. This choice proved robust, yielding consistent performance across
all datasets.
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Figure 9: Effect of the hyperparameter λ on the generator loss during training across five different datasets: (a)
Edinburgh, (b) Glasgow, (c) Melbourne, (d) Osaka, and (e) Toronto. The hyperparameter λ equally weights the
conditional reconstruction and progressive learning loss terms. All plot compares the training stability for λ values of
0.1 (blue line), 0.4 (orange line), 0.7 (green line), and 1.0 (red line) over 5000 epochs. A consistent trend is observed
across all datasets, where a smaller λ value of 0.1 results in the lowest and most stable generator loss

5.9.3 Training Stability
In addition to the quality of the latent space, the stability of the training process is a crucial indicator of

themodel’s robustness.We analyzed the training dynamics by examining the loss curves of the generator and
discriminator across the five datasets, as presented in Fig. 10. A consistent pattern of stable convergence was
observed in all cases, which is a hallmark of a well-behaved and effective Generative Adversarial Network
(GAN) training process.

Figure 10: CGAN loss curves for the generator and discriminator, demonstrating training stability across five datasets:
(a) Edinburgh, (b) Glasgow, (c) Melbourne, (d) Osaka, and (e) Toronto. For each dataset, the discriminator loss is
represented by the blue line and the generator loss by the orange line. The plots consistently show stable convergence
over 5000 iterations, with the discriminator loss settling around 0.69 and the generator loss around 0.78. This pattern
indicates a well-balanced and robust adversarial training process, avoiding common issues like mode collapse
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Across all datasets, the discriminator loss (the blue line) rapidly decreased from its initial state and
converged to a stable value of approximately 0.69. This indicates that the discriminator quickly learns to
effectively distinguish between real and generated route representations. Concurrently, the generator loss
(the orange line) increased from a lower initial value and also stabilized approximately 0.78, reflecting
the generator’s successful adaptation to the improving discriminator by producing increasingly plausible
latent vectors.

Crucially, the convergence of both loss functions to stable equilibrium points, without divergence or
erratic oscillations, confirmed that the model avoided commonGAN training pitfalls such as mode collapse.
This robust training stability can be attributed to key architectural choices in our model, particularly the
use of Spectral Normalization in the discriminator, which effectively regularizes the training dynamics and
ensures a balanced adversarial game between the two networks.

5.9.4 Latent Space Visualization via t-SNE
To qualitatively assess the fidelity and diversity of the generated route representations, we employ t-

SNE (t-Distributed Stochastic Neighbor Embedding) to visualize the high-dimensional latent space in two
dimensions. This technique allows for a direct visual comparison between the distributions of real latent
vectors from the dataset and the fake vectors produced by our CGAN generator. An ideal generator would
produce a distribution of fake points (the orange dots) that is indistinguishable from the distribution of real
points (the blue dots), meaning they should be well-mixed and occupy the same manifold.

The t-SNE visualizations for all five datasets are presented in Fig. 11. The results provide a nuanced view
of the model’s performance, corroborating our quantitative findings from the latent dimension analysis. For
Osaka and Toronto, the plots show a high degree of overlap andmixture between the real and generated data
points. The two distributions are well-interspersed, indicating that the generator is successfully creating a
diverse set of latent vectors that are structurally similar to the real ones.TheEdinburgh plot also demonstrates
a good mixture, though with someminor instances of generated clusters forming at the periphery of the real
data distribution, suggesting a slightly less comprehensive but still effective capture of the data manifold.

Figure 11: (Continued)
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Figure 11: A t-SNE visualization comparing the distributions of real (blue dots) and generated (orange dots) latent
vectors from the validation set across five different datasets. A well-mixed distribution indicates that the generator
is successfully capturing the diversity and structure of the real data manifold. The panels show the results for: (a)
Edinburgh, which demonstrates a good mixture with some minor generated clusters on the periphery; (b) Glasgow,
which reveals partialmode collapse, with generated samples forming a distinct arc-like artifact in a region not populated
by real data; (c) Melbourne, shows evidence of partial mode collapse with dense, generated clusters and arcs outside
the real data distribution; (d) Osaka, displays a high degree of overlap and interspersion between real and fake points ;
and (e) Toronto, which also demonstrates a well-mixed distribution, indicating high-fidelity generation

Conversely, the visualizations for Melbourne and Glasgow reveal a more complex outcome. While
the generator successfully populates the main clusters occupied by the real data, both plots exhibit clear
evidence of partial mode collapse, where the generated samples form distinct, dense artifacts that are visible
as arcs or isolated clusters in regions not populated by real data points. This phenomenon suggests that for
datasets with more intricate underlying structures, the generator, while capable of learning the primary data
modes, also tends to converge on and overproduce certain specific types of latent structures.This qualitative
analysis confirms that themodel’s performance is dataset-dependent, excellingwhere route patterns aremore
uniform and facing challenges with more heterogeneous distributions [39].

5.9.5 Diverse POI Recommendation
To assess the model’s capability to generate routes of varying lengths, we analyzed on the number

of recommended Points of Interest (POIs), denoted by k. This experiment evaluates how the model’s
performance, measured by the Fréchet Inception Distance (FID), changes as we increase the length of the
recommended itinerary from 3 to 6 POIs.The FID score quantifies the similarity between the distribution of
our generated routes and the distribution of real-world routes from the dataset; a lower FID score indicates
higher fidelity and better performance. For each value of k, we generated a set of routes and compared their
mean POI embeddings against those from real routes of the same length to calculate the FID.

The results as shown in Fig. 12, across all five datasets, performance generally degraded as the route
length k increased. This result highlighted the inherent difficulty of generating longer, more complex
sequences of POIs. The complexity of creating a thematically coherent and geographically practical route
grows exponentiallywith each additional POI.Ourmodel’s Anchor-and-Expand algorithm constructs routes
iteratively; while effective, each expansion step introduces a potential for minor deviation from the complex
patterns found in real-world travel data.The cumulative effect of these deviations becomesmore pronounced
in longer routes, leading to a higher FID.
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Figure 12: Diverse POI recommendation. This presents a sensitivity analysis of the model’s performance based on the
diverse number of POI recommendation (k). Performance ismeasured by the Fréchet InceptionDistance (FID) score on
the y-axis, where a lower value indicates a better result. The x-axis represents the number of POIs in the recommended
route from 3 to 6. A general trend of increasing FID with higher k suggests a greater challenge in generating longer,
more complex routes. The panels show the results for: (a) Edinburgh, which demonstrates a general degradation in
performance as k increases, with a notable plateau between k = 4 and k = 5; (b) Glasgow, which displays a consistent,
monotonic increase in FID, indicating a steady decline in performance as routes get longer; (c)Melbourne, which shows
a non-monotonic trend where performance worsens from k = 3 to k = 4, uniquely improves at k = 5, and then degrades
sharply at k = 6; (d) Osaka, which also exhibits a non-monotonic pattern with a performance improvement at k = 5
compared to k = 4; and (e) Toronto, which shows a steep performance decline up to k = 5, after which the FID score
plateaus

While datasets for Edinburgh, Glasgow, and Toronto (as shown in Fig. 12a–c) show a relatively mono-
tonic increase in FID with route length, an exception was observed in the Osaka andMelbourne datasets. In
both cases, the model achieved a better FID score for routes of length k = 5 than for k = 4.This suggests that
the model’s performance is not only a function of route complexity but also reflects the unique structural
characteristics of the travel patterns within each city.The CGAN successfully captures this strong underlying
signal, making it easier to generate realistic routes of this specific length compared to routes of length k = 4,
which might be heterogeneous and less structured in the ground-truth data.

5.9.6 Ablation Study: Impact of Anchor-and-Expand Algorithm
To isolate the specific contribution of our proposed route generation strategy, we conducted a detailed

ablation study on the Anchor-and-Expand algorithm. This experiment compares the performance of our
model against a variant where the Anchor-and-Expand component is removed. In the simplified variant,
routes are generated by directly selecting the top-K POIs that have the highest cosine similarity to the
generated latent vector ẑr , without the anchoring and iterative expansion steps. The comparison was
performed across all five datasets using the metrics of diversity, novelty, and serendipity.
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The results from Fig. 13 reveal a critical trade-off inherent in the recommendation process. The model
variant without the Anchor-and-Expand algorithm consistently achieved higher scores in both diversity and
novelty. This is an expected outcome, as a less constrained decoding process naturally produces a wider and
more unfamiliar range of POIs. However, this increase in raw novelty comes at a significant cost to the quality
of the recommendation.

Figure 13: Ablation study on the impact of the Anchor-and-Expand algorithm. The charts compare the performance
of the full model with the algorithm (blue bars) against a model variant without it (red bars). The results highlight a
critical trade-off: while removing the algorithm leads to higher scores in diversity and novelty, its inclusion consistently
and substantially boosts serendipity, demonstrating its essential role in generating high-quality, unexpectedly relevant
user experiences.The performance comparison across the five city datasets is as follows: (a) For the Edinburgh dataset,
including the algorithm changes the scores for Diversity from 0.491 to 0.349 and Novelty from 0.892 to 0.795, while
increasing Serendipity from 0.541 to 0.681. (b) For the Glasgow dataset, the algorithm’s inclusion alters the scores for
Diversity from 0.141 to 0.097 and Novelty from 0.878 to 0.819, while Serendipity improves from 0.895 to 0.927. (c) For
the Melbourne dataset, there is a notable trade-off, with Diversity dropping from 0.621 to 0.143 and Novelty from 0.975
to 0.849, but Serendipity surging dramatically from 0.296 to 0.857. (d) For the Osaka dataset, Diversity decreases from
0.632 to 0.113 and Novelty from 0.898 to 0.834, in exchange for a significant increase in Serendipity from 0.563 to 0.941.
(e) For the Toronto dataset, including the algorithm results in Diversity changing from 0.511 to 0.296 and Novelty from
0.896 to 0.807, while boosting the Serendipity score from 0.594 to 0.781

The most crucial finding of this study is the consistent and substantial outperformance of the model
in terms of serendipity. Across all five datasets, the inclusion of the Anchor-and-Expand algorithm led to
significantly higher serendipity scores. For instance, in the Melbourne dataset, the serendipity score surged
from 0.296 to 0.857 with the algorithm, Osaka, increased from 0.563 to 0.941, Edinburgh increased from
0.541 to 0.681, Toronto increased from 0.594 to 0.781, and Glasgow increased from 0.895 to 0.927. This
demonstrates that while the algorithm may slightly reduce the absolute novelty by grounding the route
in a user’s history (the ‘Anchor’ step) and ensuring logical progression (the ‘Expand’ step), it is precisely
this structured approach that transforms novel POIs into unexpectedly relevant discoveries. It effectively
filters out irrelevant novelty, retaining only the suggestions that are both new and contextually coherent.
Therefore, this ablation study validates that the Anchor-and-Expand algorithm is not merely an add-on but
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a core component that is essential for balancing exploration with personalization and generating practical,
high-quality travel routes that lead to serendipitous user experiences.

5.9.7 Generated Routes
The results from Figs. 6–11 demonstrates that our model is well-trained to generate novel routes. Fig. 14

shows the generated route for the users with travel records fromfive datasets. And Fig. 15 shows the generated
route for the cold-start user without travel records from five datasets.

Figure 14: Generated routes for users with travel records. This shows the results of generating three new routes, each
consisting of three POIs, for users with existing travel records. The blue pin on the map indicates the user’s last visited
location, and the black dotted line shows the path from this location to the starting point of a generated route. The
recommended POIs are marked with red pins. The three generated routes are distinguished by red, green, and purple
lines. All routes are efficiently constructed using an optimizer for the Traveling Salesman Problem (TSP). Each panel
displays the results for a different city: (a) Edinburgh, (b) Glasgow, (c) Melbourne, (d) Osaka, and (e) Toronto. (Map
data: © OpenStreetMap contributors)
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Figure 15: Generated routes for cold-start users without travel records.This shows the result of generating three routes,
each composed of three POIs, for new users without any travel history. The three generated routes consist of POIs are
connected by red, green, and blue lines. These routes are generated in an efficient and logical sequence by applying the
haversine formula for geographical distances and an optimizer for the Traveling Salesman Problem (TSP). Each panel
displays the results for a different city: (a) Edinburgh, (b) Glasgow, (c) Melbourne, (d) Osaka, and (e) Toronto. (Map
data: © OpenStreetMap contributors)

For Fig. 14 we generated 3 routes with 3 POIs from the user with travel records. The blue pin is the POI
where the user last visited from their previous routes, and dotted line points to the first starting POI from
each generated routes. Each of the routes are generated with different colors to connect POIs (red, green, and
purple). Also, for Fig. 15, we generated a 3 routes with 3 POIs from the user without travel records. Each of
the routes are generated with different colors to connect POIs (red, green, and blue).

The model has successfully generated routes by applying haversine formula to calculate geographical
distances and an optimizer for the Traveling Salesman Problem (TSP) creating efficient and logically
sequenced travel routes.

5.9.8 Cold-Start Performance Analysis
To rigorously evaluate the model’s utility, we conducted a comparative analysis of its performance on

cold-start users (with less than 3 POIs or no interaction history) versus non-cold-start users (with 3 or more
POIs). This experiment is crucial for validating the effectiveness of our collaborative augmentation strategy,
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which is designed to generatemeaningful recommendations even in the absence of rich user data.The results,
summarized in Table 7, offer key insights into the model’s behavior across two distinct user groups.

Table 7: Performance comparison between cold-start and non-cold-start users

Dataset User Group Diversity Novelty Serendipity
Melbourne Cold-start 0.1327 ± 0.1448 0.8462 ± 0.0441 0.9135 ± 0.1868

Non-cold-start 0.1929 ± 0.2607 0.8356 ± 0.0580 0.7666 ± 0.3854
Edinburgh Cold-start 0.3596 ± 0.0497 0.8312 ± 0.0688 0.7267 ± 0.0798

Non-cold-start 0.3581 ± 0.0468 0.6785 ± 0.1937 0.7078 ± 0.1050
Glasgow Cold-start 0.0835 ± 0.0142 0.8472 ± 0.0376 0.9343 ± 0.0089

Non-cold-start 0.0821 ± 0.0097 0.7265 ± 0.1855 0.9354 ± 0.0118
Toronto Cold-start 0.3135 ± 0.0791 0.8450 ± 0.0466 0.7550 ± 0.0850

Non-cold-start 0.2948 ± 0.0808 0.6859 ± 0.2044 0.7334 ± 0.1250
Osaka Cold-start 0.1040 ± 0.0608 0.8485 ± 0.0392 0.9326 ± 0.0185

Non-cold-start 0.1101 ± 0.1298 0.7906 ± 0.1103 0.9338 ± 0.0254

The analysis revealed distinct performance patterns.Most notably, cold-start users consistently received
recommendations with significantly higher novelty scores across all five datasets, with scores ranging from
0.8312 to 0.8485.This is an expected and favorable outcome, as it demonstrates themodel’s ability to introduce
new users to a wide array of POIs instead of being constrained by pre-existing behaviors. For non-cold-start
users, novelty is naturally lower as their extensive history means a larger portion of potential POIs have
already been visited.

In terms of serendipity, which measures how unexpected yet relevant the recommendations are, cold-
start users generally achieved higher scores.Melbourne of 0.9135, Edinburgh of 0.7267, andToronto of 0.7550.
This result suggests that our collaborative augmentation strategy is effective at discovering surprisingly
relevant POIs for users with sparse data. By leveraging insights from similar users, the model can move
beyond obvious recommendations and introduce items that are both new and fitting. Conversely, in the
Glasgow and Osaka datasets, the serendipity scores were nearly identical for both groups, implying that in
these specific urban contexts, the model provides similarly serendipitous recommendations regardless of
user history.

Finally, the diversity metric was not consistent across the groups, indicating that it is influenced more
by the intrinsic characteristics of each dataset and the specific preferences of user groups rather than solely
by the user’s cold-start status. In summary, these results confirm that our model effectively addresses the
cold-start challenge by providing routes with high novelty and serendipity, proving its capability to generate
compelling and engaging travel routes for both new and experienced users.

6 Conclusion and Limitations
This paper proposed a novel travel route recommendation system based on a Conditional Generative

Adversarial Network (CGAN), which successfully generates personalized and novel travel routes. A key
contribution of this research is the empirical validation that our generative model creates genuinely new
itineraries for users, moving beyond the conventional paradigm of recommending routes similar to those
previously traveled. The experimental results provided compelling evidence for this achievement; the
proposed model recorded near-zero between 0.002 and 0.022 pairs − F1 scores across all datasets. Unlike
traditional evaluation standards, where such a low score would indicate poor performance, in our generative
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context, it served as a quantitative indicator of success, confirming that the recommended routes do not
simply replicate a user’s historical travel patterns but are indeed entirely new creations.

This success was attributable to our core methodological innovations. By constructing a comprehensive
user profile through a hybrid embedding strategy, fusing relational data from a Heterogeneous Information
Network, sequential patterns from a Recurrent Neural Network, and collaborative signals from Neural
Collaborative Filtering. Our model gained a deep understanding of user preferences. This rich user con-
text conditions the CGAN, guiding it to generate latent route representations that are both thematically
coherent with the user’s tastes and novel in their composition. Furthermore, the proposed Anchor-and-
Expand algorithm effectively translated these latent vectors into practical and geographically coherent
travel itineraries.

Despite these achievements, we faced several limitations that define clear avenues for future research.
First, the model’s scalability and adaptability have yet to be validated on larger-scale datasets or in contexts
with fundamentally different POI distributions and user behaviors. Our experimental framework relied
solely on implicit signals from check-in histories, as the dataset lacked explicit user feedback such as ratings
or reviews. In future experiments, we plan to incorporate datasets enriched with this explicit feedback and
temporal information to build amore enhanced generative travel route recommendationmodel. Second, our
analysis revealed specific performance challenges, including the generator’s difficulty in replicating complex,
sharply skewed (as in Melbourne, Glasgow) data distributions. These struggles are rooted in well-known
issues in generative models, such as data heterogeneity under sparse implicit feedback [33,34], tendencies
toward partial mode collapse [36] despite stabilization techniques [35], and the information bottleneck
caused by fixed-size conditional vectors [37,38]. Third, our experimental results revealed an inherent trade-
off between novelty, diversity, and serendipity across different urban contexts, where datasets with varying
POI distribution characteristics (ranging from tightly clustered thematic similarities to broadly dispersed
attractions) exhibited different optimization challenges for balanced route generation.

To address these limitations and enhance the model’s robustness, our future work will proceed in
four primary directions. First, we will explore architectural enhancements, such as employing Wasserstein
GAN with Gradient Penalty (WGAN-GP) [40] to improve training stability and incorporating attention
mechanisms [41] to better leverage the conditional information. Second, we plan to refine the loss function
by augmenting it with a diversity-promoting term [42], explicitly encouraging the generator to capture a
wider range of modes within the data distribution. Third, we will investigate hierarchical or autoregressive
generation processes. By adopting a coarse-to-fine strategy [38] or employing models like Transformers, we
can deconstruct the complex task of route generation into more manageable, sequential steps, potentially
improving the fidelity of the final output. Finally, we will apply optimization methods that can dynamically
balance the trade-offs between novelty, diversity, and serendipity. This approach will involve designing
adaptive weighting mechanisms that consider both the intrinsic characteristics of POI distributions and
individual user exploration tendencies, enabling the generation of routes that are simultaneously novel in
their composition, diverse in their thematic coverage, and serendipitous in their capacity to recommend
routes to users with relevant yet unexpected discoveries.

In conclusion, this research demonstrated not only the viability but also the practical success of a
generative approach to travel recommendation. By proving that our model can effectively recommend new,
diverse, and thematically consistent routes, this work provides a robust solution to the limitations of data
sparsity and over-specialization inherent in traditional recommendation systems. It lays a strong foundation
for the next generation of intelligent travel systems that can inspire users with truly serendipitous discoveries.
Future work will focus on developing more sophisticated evaluation metrics tailored for generative systems
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and incorporating dynamic contextual factors, such as real-time events and seasonality, to further enhance
recommendation quality.

Acknowledgement: Not applicable.

Funding Statement: This research was supported by the Chung-Ang University Research Grants in 2023. Also, the
work is supported by the ELLIIT Excellence Center at Linköping–Lund in Information Technology in Sweden.

Author Contributions: The authors confirm contribution to the paper as follows: Conceptualization, Sunbin Shin,
Jason J. Jung, Luong Vuong Nguyen, Grzegorz J. Nalepa, Paulo Novais; methodology, Sunbin Shin; software, Sunbin
Shin; validation, Jason J. Jung, Luong Vuong Nguyen, Grzegorz J. Nalepa, Paulo Novais; formal analysis, Luong Vuong
Nguyen; investigation, Xuan Hau Pham, Jason J. Jung; resources, Xuan Hau Pham, Jason J. Jung; data curation, Sunbin
Shin; writing—original draft preparation, Sunbin Shin; writing—review and editing, Jason J. Jung; visualization, Jason
J. Jung; supervision, Jason J. Jung; project administration, Jason J. Jung; funding acquisition, Jason J. Jung. All authors
reviewed the results and approved the final version of the manuscript.

Availability of Data and Materials: Theauthors confirm that the data supporting the findings of this study are available
within the article in Section 5.1, Table 2 in this link: https://sites.google.com/site/limkwanhui/datacode [31] (accessed
on 12 July 2025). Source code is available in this repository: https://github.com/kecau/CGANTravelRecSys (accessed on
27 August 2025) and system demo video is from https://youtu.be/MR5iiMI_nHk (accessed on 27 August 2025).

Ethics Approval: Not applicable.

Conflicts of Interest: The authors declare no conflicts of interest to report regarding the present study.

References
1. Ren Y, Tang H, Rong J, Zhu S. Unbiased pairwise learning from implicit feedback for recommender systems

without biased variance control. In: Proceedings of the 46th International ACM SIGIR Conference on Research
and Development in Information Retrieval; 2023 Jul 23–27; Taipei, Taiwan. New York, NY, USA: Association for
Computing Machinery; 2023. p. 2461–5. doi:10.1145/3539618.3592077.

2. Lin S, Zhou S, Chen J, Feng Y, Shi Q, Chen C, et al. ReCRec: reasoning the causes of implicit feedback for debiased
recommendation. ACM Trans Inf Syst. 2024;42(6):158–26. doi:10.1145/3672275.

3. Saxena NA, Hsu SL, Shetty M, Alkhadra O, Shahabi C, Horn AL. POIFormer: a transformer-based framework for
accurate and scalable point-of-interest attribution. arXiv:2507.09137. 2025.

4. Halder S, Lim KH, Chan J, Zhang X. Deep learning of dynamic POI generation and optimisation for itinerary
recommendation. ACM Trans Recomm Syst. 2025;3(4):51. doi:10.1145/3713079.

5. Gao Q, Zhou F, Zhang K, Zhang F, Trajcevski G. Adversarial human trajectory learning for trip recommendation.
IEEE Trans Neural Netw Learn Syst. 2023;34(4):1764–76. doi:10.1109/TNNLS.2021.3058102.

6. Lorenzi F, Loh S, Abel M. PersonalTour: a recommender system for travel packages. In: 2011 IEEE/WIC/ACM
International Conferences on Web Intelligence and Intelligent Agent Technology; 2011 Aug 22–27; Lyon, France.
p. 333–6. doi:10.1109/WI-IAT.2011.115.

7. Liu Q, Ge Y, Li Z, Chen E, Xiong H. Personalized travel package recommendation. In: Proceedings of the 2011
IEEE 11th International Conference on Data Mining; 2011 Dec 11–14; Vancouver, BC, Canada. p. 407–16. doi:10.
1109/ICDM.2011.118.

8. Liu Q, Chen E, Xiong H, Ge Y, Li Z, Wu X. A cocktail approach for travel package recommendation. IEEE Trans
Knowl Data Eng. 2014;26(2):278–93. doi:10.1109/TKDE.2012.233.

9. Yu Z, Xu H, Yang Z, Guo B. Personalized travel package with multi-point-of-interest recommendation based on
crowdsourced user footprints. IEEE Trans Hum-Mach Syst. 2016;46(1):151–8. doi:10.1109/THMS.2015.2446953.

10. Khalilzadeh F, Cicekli I. REHREC: review effected heterogeneous information network recommendation system.
IEEE Access. 2024;12(16):42751–60. doi:10.1109/ACCESS.2024.3379271.

https://sites.google.com/site/limkwanhui/datacode
https://github.com/kecau/CGANTravelRecSys
https://youtu.be/MR5iiMI_nHk
https://doi.org/10.1145/3539618.3592077
https://doi.org/10.1145/3672275
https://doi.org/10.1145/3713079
https://doi.org/10.1109/TNNLS.2021.3058102
https://doi.org/10.1109/WI-IAT.2011.115
https://doi.org/10.1109/ICDM.2011.118
https://doi.org/10.1109/ICDM.2011.118
https://doi.org/10.1109/TKDE.2012.233
https://doi.org/10.1109/THMS.2015.2446953
https://doi.org/10.1109/ACCESS.2024.3379271


Comput Mater Contin. 2026;86(1) 39

11. Sun Y, Han J.Mining heterogeneous information networks: a structural analysis approach. SIGKDDExplor Newsl.
2013;14(2):20–8. doi:10.1145/2481244.2481248.

12. Wu L, Gao P, Guo K. Meta-path and meta-schema hierarchical aggregation for heterogeneous graph neural
networks. In: 2024 IEEE SmartWorld Congress (SWC); 2024 Dec 2–7; Denarau Island, Fiji. p. 849–57. doi:10.1109/
SWC62898.2024.00143.

13. Perozzi B, Al-Rfou R, Skiena S. DeepWalk: online learning of social representations. In: Proceedings of the 20th
ACM SIGKDD International Conference on Knowledge Discovery and Data Mining; 2014 Aug 24–27; New York,
NY, USA. New York, NY, USA: Association for Computing Machinery; 2014. p. 701–10. doi:10.1145/2623330.
2623732.

14. GroverA, Leskovec J.Node2vec: scalable feature learning for networks. In: Proceedings of the 22ndACMSIGKDD
International Conference on Knowledge Discovery and Data Mining; 2016 Aug 13–17; San Francisco, CA, USA.
New York, NY, USA: Association for Computing Machinery; 2016. p. 855–64. doi:10.1145/2939672.2939754.

15. Dong Y, Chawla NV, Swami A. Metapath2vec: scalable representation learning for heterogeneous networks.
In: Proceedings of the 23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining;
2017 Aug 13–17; Halifax, NS, Canada. New York, NY, USA: Association for ComputingMachinery; 2017. p. 135–44.
doi:10.1145/3097983.3098036.

16. Fu TY, Lee WC, Lei Z. HIN2Vec: explore meta-paths in heterogeneous information networks for representation
learning. In: Proceedings of the 2017 ACM on Conference on Information and Knowledge Management; 2017
Nov 6–10; Singapore. New York, NY, USA: Association for Computing Machinery; 2017. p. 1797–806. doi:10.1145/
3132847.3132953.

17. Shi C, Hu B, ZhaoWX, Yu PS. Heterogeneous information network embedding for recommendation. IEEE Trans
Knowl Data Eng. 2019;31(2):357–70. doi:10.1109/TKDE.2018.2833443.

18. Yu J, Gao M, Li J, Yin H, Liu H. Adaptive implicit friends identification over heterogeneous network for social
recommendation. In: Proceedings of the 27th ACM International Conference on Information and Knowledge
Management; 2018 Oct 22–26; Torino, Italy. New York, NY, USA: Association for Computing Machinery; 2018.
p. 357–66. doi:10.1145/3269206.3271725.

19. Wang Z, Liu H, Du Y, Wu Z, Zhang X. Unified embedding model over heterogeneous information network
for personalized recommendation. In: Proceedings of the 28th International Joint Conference on Artificial
Intelligence; 2019 Aug 10–16; Macao, China. p. 3813–9.

20. Zhao Z, Zhang X, Zhou H, Li C, Gong M, Wang Y. HetNERec: heterogeneous network embedding-based
recommendation. Knowl Based Syst. 2020;204(8):106218. doi:10.1016/j.knosys.2020.106218.

21. Liu J, Shi C, Yang C, Lu Z, Yu PS. A survey on heterogeneous information network based recommender systems:
concepts, methods, applications and resources. AI Open. 2022;3(9):40–57. doi:10.1016/j.aiopen.2022.03.002.

22. Fan S, Shi C, Hu L, Zhu J, Ma B, Han X, et al. Metapath-guided heterogeneous graph neural network for
intent recommendation. In: Proceedings of the 25th ACM SIGKDD International Conference on Knowledge
Discovery andDataMining; 2019 Aug 4–8; Anchorage, AK, USA. NewYork, NY, USA: Association for Computing
Machinery; 2019. p. 2478–86. doi:10.1145/3292500.3330673.

23. Sang L, Xu M, Qian S, Martin M, Li P, Wu X. Context-dependent propagating-based video recommendation in
multimodal heterogeneous information networks. IEEETransMultimed. 2021;23:2019–32. doi:10.1109/TMM.2020.
3007330.

24. Lu Y, Fang Y, Shi C. Meta-learning on heterogeneous information networks for cold-start recommendation. In:
Proceedings of the 26thACMSIGKDD International Conference onKnowledgeDiscovery andDataMining; 2020
Aug 23–27; Virtual. New York, NY, USA: Association for Computing Machinery; 2020. p. 1563–73. doi:10.1145/
3394486.3403207.

25. Wang J, Yu L, Zhang W, Gong Y, Xu Y, Wang B, et al. IRGAN: a minimax game for unifying generative and
discriminative information retrieval models. In: Proceedings of the 40th International ACM SIGIR Conference on
Research and Development in Information Retrieval; 2017 Jul 7–11; Tokyo, Japan. New York, NY, USA: Association
for Computing Machinery; 2017. p. 515–24. doi:10.1145/3077136.3080786.

https://doi.org/10.1145/2481244.2481248
https://doi.org/10.1109/SWC62898.2024.00143
https://doi.org/10.1109/SWC62898.2024.00143
https://doi.org/10.1145/2623330.2623732
https://doi.org/10.1145/2623330.2623732
https://doi.org/10.1145/2939672.2939754
https://doi.org/10.1145/3097983.3098036
https://doi.org/10.1145/3132847.3132953
https://doi.org/10.1145/3132847.3132953
https://doi.org/10.1109/TKDE.2018.2833443
https://doi.org/10.1145/3269206.3271725
https://doi.org/10.1016/j.knosys.2020.106218
https://doi.org/10.1016/j.aiopen.2022.03.002
https://doi.org/10.1145/3292500.3330673
https://doi.org/10.1109/TMM.2020.3007330
https://doi.org/10.1109/TMM.2020.3007330
https://doi.org/10.1145/3394486.3403207
https://doi.org/10.1145/3394486.3403207
https://doi.org/10.1145/3077136.3080786


40 Comput Mater Contin. 2026;86(1)

26. Chae DK, Kang JS, Kim SW, Lee JT. CFGAN: a generic collaborative filtering framework based on generative
adversarial networks. In: Proceedings of the 27th ACM International Conference on Information and Knowledge
Management; 2018 Oct 22–26; Torino, Italy. New York, NY, USA: Association for Computing Machinery; 2018.
p. 137–46. doi:10.1145/3269206.3271743.

27. Chae DK, Shin JA, Kim SW. Collaborative adversarial autoencoders: an effective collaborative filtering model
under the GAN framework. IEEE Access. 2019;7:37650–63. doi:10.1109/ACCESS.2019.2905876.

28. Chae DK, Kim SW, Kang JS, Choi J. Rating augmentation with generative adversarial networks towards accurate
collaborative filtering. In: TheWorld Wide Web Conference; 2019 May 13–17; San Francisco, CA, USA. New York,
NY, USA: Association for Computing Machinery; 2019. p. 2616–22. doi:10.1145/3308558.3313413.

29. Wang Q, Nguyen QVH, Yin H, Huang Z, Wang H, Cui L. Enhancing collaborative filtering with generative
augmentation. In: Proceedings of the 25th ACM SIGKDD International Conference on Knowledge Discovery and
Data Mining; 2019 Aug 4–8; Anchorage, AK, USA. New York, NY, USA: Association for Computing Machinery;
2019. p. 548–56. doi:10.1145/3292500.3330873.

30. Liu T, Meidani H. Graph neural networks for travel distance estimation and route recommendation under
probabilistic hazards. arXiv:2501.09803. 2025.

31. Wang X, Leckie C, Chan J, Lim KH, Vaithianathan T. Improving personalized trip recommendation to avoid
crowds using pedestrian sensor data. In: Proceedings of the 25th ACM International Conference on Information
and Knowledge Management; 2016 Oct 24–28; Indianapolis, IN, USA. New York, NY, USA: Association for
Computing Machinery; 2016. p. 25–34. doi:10.1145/2983323.2983749.

32. Chen D, Ong CS, Xie L. Learning points and routes to recommend trajectories. arXiv:1608.07051. 2016.
33. Ma H, Xie R, Meng L, Chen X, Zhang X, Lin L, et al. Exploring false hard negative sample in cross-domain

recommendation. In: Proceedings of the 17th ACM Conference on Recommender Systems; 2023 Sep 18–22;
Singapore. New York, NY, USA: Association for Computing Machinery; 2023. p. 502–14. doi:10.1145/3604915.
3608791.

34. Goodfellow IJ, Pouget-Abadie J, Mirza M, Xu B, Warde-Farley D, Ozair S, et al. Generative adversarial networks.
arXiv:1406.2661. 2014.

35. Chen Y, Jin C, Li G, Li TH, Gao W. Mitigating label noise in GANs via enhanced spectral normalization. IEEE
Trans Circuits Syst Video Technol. 2023;33(8):3924–34. doi:10.1109/TCSVT.2023.3235410.

36. Liu J, Zhu L, Chen Q. SSP-GAN: spectral normalization sphere-guided 3D point cloud generation. In: 2024 5th
International Conference on Computer Engineering andApplication (ICCEA); 2024 Apr 12–14; Hangzhou, China.
p. 923–27. doi:10.1109/ICCEA62105.2024.10603554.

37. Mirza M, Osindero S. Conditional generative adversarial nets. arXiv:1411.1784. 2014.
38. Zhang H, Xu T, Li H, Zhang S, Wang X, Huang X, et al. StackGAN: text to photo-realistic image synthesis with

stacked generative adversarial networks. In: 2017 IEEE International Conference on Computer Vision (ICCV);
2017 Oct 22–29; Venice, Italy. p. 5908–16. doi:10.1109/ICCV.2017.629.

39. Luo Y, Yang Z. DynGAN: solving mode collapse in GANs with dynamic clustering. IEEE Trans Pattern Anal Mach
Intell. 2024;46(8):5493–503. doi:10.1109/TPAMI.2024.3367532.

40. Rana S, Gatti M. Comparative evaluation of modifiedWasserstein GAN-GP and state-of-the-art GANmodels for
synthesizing agricultural weed images in RGB and infrared domain. MethodsX. 2025;14(9):103309. doi:10.1016/j.
mex.2025.103309.

41. Li S, Xu S. Enhancing stock price prediction using GANs and transformer-based attention mechanisms. Empir
Econ. 2025;68(1):373–403. doi:10.1007/s00181-024-02644-6.

42. Shih K, Han Y, Tan L. Recommendation system in advertising and streaming media: unsupervised data enhance-
ment sequence suggestions. arXiv:2504.08740. 2025.

https://doi.org/10.1145/3269206.3271743
https://doi.org/10.1109/ACCESS.2019.2905876
https://doi.org/10.1145/3308558.3313413
https://doi.org/10.1145/3292500.3330873
https://doi.org/10.1145/2983323.2983749
https://doi.org/10.1145/3604915.3608791
https://doi.org/10.1145/3604915.3608791
https://doi.org/10.1109/TCSVT.2023.3235410
https://doi.org/10.1109/ICCEA62105.2024.10603554
https://doi.org/10.1109/ICCV.2017.629
https://doi.org/10.1109/TPAMI.2024.3367532
https://doi.org/10.1016/j.mex.2025.103309
https://doi.org/10.1016/j.mex.2025.103309
https://doi.org/10.1007/s00181-024-02644-6

	Conditional Generative Adversarial Network-Based Travel Route Recommendation
	1 Introduction
	2 Related Work
	3 Preliminary
	4 Methodology
	5 Experiments
	6 Conclusion and Limitations
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [300 300]
  /PageSize [612.000 792.000]
>> setpagedevice


