(IJACSA) International Journal of Advanced Computer Science and Applications,

Vol. 16, No. 6, 2025

Impact of Auxiliary Information in Generative
Artificial Intelligence Models for Cross-Domain
Recommender Systems

Matthew O. Ayemowa, Roliana Ibrahim, Noor Hidayah Zakaria and Yunusa Adamu Bena
Faculty of Computing, Universiti Teknologi Malaysia, Johor Bahru, Johor, Malaysia

Abstract—Recommender systems (RSs) are significant in
enhancing the experiences of users across different online
platforms. One of the major problems faced by the conventional
RSs is difficulties in getting precise preferences for users, mostly
for the users that has limited previous interaction data, and this
eventually affects the performance of the conventional techniques
to solve the data sparsity problem. To address this challenge, this
study proposes an Auxiliary-Aware Conditional GAN
(AUXIGAN) model that integrates heterogeneous auxiliary
information into both the generator and discriminator networks
to enhance representation learning to enhance the performance of
the cross-domain recommender systems (CDRS). Most
researchers consider only the rating matrix of users-items and
ignore the impact of auxiliary information on the interaction
functions, which is very significant to the recommendation
accuracy to solve data sparsity problems. The proposed novel
technique considers features concatenation, attention-based fusion
networks, contrastive representation learning, knowledge
transfer, and multi-modal embedding alignment techniques to
enhance the user-item interaction matrix. Our experiments on
benchmark datasets show that the proposed model significantly
outperformed state-of-the-art RSs models, the key metrics utilized
are: RMSE, Precision, Recall, and MAE, which show the influence
of incorporating auxiliary information into the GAN-based CDRS.
In conclusion, the integration of auxiliary information on
generative adversarial networks models represents a substantial
advancement in the field of CDRS, and the results of the proposed
models on two real-world datasets show that the proposed model
significantly outperforms collaborative filtering and other GAN-
based techniques.

Keywords—Generative  adversarial ~ networks;  auxiliary
information; cross-domain recommender systems; data sparsity;
knowledge transfer

I.  INTRODUCTION

With the rapid advancement of internet technology, online
e-commerce, e-learning, and social networks have made
information overloading a serious challenge, this makes it
difficult for the users to get the most preferred items or
information. The advent of recommender systems (RSs) has
been helping to mitigate the problem of information
overloading to some extent. RSs uses machine learning
techniques and data analysis to recommend preferred
information (contents, news, items, movies, music, tourist etc.)
to the users. These systems analyze huge amounts of
information about the users’ preferences, interests and past
behavior by using machine learning techniques like

collaborative filtering (CF), clustering, and neural networks to
recommend items that are personalized to the users. Netflix,
Amazon, Spotify, and Lazada are illustrations of RS. Amazon
recommends items based on past purchases, preferences and the
browsing history of the user, Netflix suggests movies to its
users or customers, and Spotify also provides music and
playlists based on preferences and past histories of the users.
The main purpose of using RSs is to recommend significant
suggestions to the users, centered on their past preferences,
behavior, etc. [1], [2]. RSs can be used on diverse domains to
solve problems of information overloading, such as e-learning
[3], e-commerce, and social networks [4], [5].

Traditional RSs, like content-based and collaborative
filtering methods, often struggle with data sparsity challenges,
particularly in domains that have limited user-item interactions,
but cross-domain recommender systems (CDRS) offer
solutions to this problem by transferring knowledge from one
domain to the other. CDRS leverages knowledge from one or
more source domains to improve the quality of
recommendations in the target domain with limited data. The
existing methods, which include collaborative filtering and
matrix factorization, face sparsity challenges due to difference
in user and item distributions across domains. Using generative
artificial intelligence models like Generative Adversarial
Networks (GANs) model, makes CDRS extract shared latent
factors across domains, enabling knowledge transfer that
improves accuracy and reduces data sparsity. GANs have been
widely recognized for its potential in CDRS due to its ability to
learn the distributions of complex data. It has emerged as a vital
field of study by improving various domains, such as RSs,
creative arts, computer vision, and language processing [6], [7],
[8], [9]. GANs have displayed favorable achievement in
generating realistic data distributions and capturing complex
relationships within complex datasets [10], [11]. The
recommendation algorithms of GANs have the potential to
address the problem of data sparsity by generating realistic user
data [12]. It can also improve users’ experience and satisfaction
[13] and mitigate cold start problems for new users who have
no previous history [14], [15].

Auxiliary information is the additional features beyond the
primary user-item interaction data (e.g. ratings, clicks). This
auxiliary information includes user demographics, item
attributes, social networks, contextual data, and more. It is
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sometimes called side information. This is an aspect that will
be put into consideration in this study. Researchers does not
consider this auxiliary information as a crucial aspect that can
enhance GANs-based RSs. Most of the researchers concentrate
more on the user-item interactions only and ignores the
influence of auxiliary information on the interaction functions.
Incorporating auxiliary information into RSs can enhance its
performance by providing additional information or insight into
the user’s preferences [16], [17]. Previous research on RSs
explored different methods like matrix factorization, Graph
Neural Networks [18], [17], [19], [20], [21], Convolutional
Neural Networks [22], Deep Matrix Factorization [23], [24],
Federated meta learning [2], Deep coupled Autoencoders [25],
Collaborative Filtering Neural Network [26], Variational
autoencoder [27] across different domains. These methods have
shown significant improvement on RSs, but they still struggle
with the problem of sparse data. This information features plays
significant roles in enhancing the performance of RSs by
providing additional context that can improve user-item
representation learning, this information can be generated from
various sources, such as text, multimedia, and social networks,
and its effective integration can address issues like
recommendation accuracy, explanation generation, and the data
sparsity problem [17].

The contributions and novelty of this proposed study are
summarized as follows:

e We introduce a novel model named AUXIGAN, which
is a model that enhances traditional GANSs by integrating
auxiliary information into the generative adversarial
networks for recommendations improvement.

e We employ an attention network to determine the
significance of various auxiliary information
components in shaping user and item interactions to
solve the data sparsity problems by integrating various
kinds of information extracted from a related embedding
network to enhance the performance of
recommendations.

e We conducted extensive experiments on real-world
datasets (Amazon and Book-crossing) to validate the
efficiency and rationale behind our proposed model
against several baselines.

To the best of our knowledge, no study has been conducted
on a GAN-based model to enhance CDRS with the integration
of auxiliary information. The proposed GAN model is the first
to put auxiliary information of the users and items into
consideration to make the recommended items more
personalized.

Structurally, this study begins by introducing the
background in Section 1. In Section 1l, we comprehensively
review existing research and methods in recommender systems
and generative Al models. Section Ill provides detailed
descriptions of our research methodology. Subsequently,
Section 1V, V and VI showcases the outcomes of our
experiments, offering a comparative analysis of various models'
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performances. Section VII presents the limitations and future
directions and finally, Section V111 concludes the study.

Il. RELATED WORK

Conventional recommender systems (RSs) which comprise
of content-based (CB) methods and collaborative filtering
techniques (CF) relies heavily on user-item interactions. CF
techniques like matrix factorization [28] perform well in dense
datasets but weaken in sparse conditions. CB approaches use
item features to recommend similar items, but often require
extensive feature engineering [29]. These conventional
methods still encounter data sparsity problems compared to the
deep learning model techniques, such as GANSs.

Generative adversarial networks (GANSs) were introduced
by [6], which consists of a generator (G) and discriminator (D)
in a minimax game, as illustrated in Fig. 1. Recent studies have
applied GANSs to RSs, and their recommendations are showing
promising results [13], [30]. Integrating generative Al models,
such as GANs model on CDRSs brings an opportunity to
overcome the limitations of traditional RSs [31], [32], [33],
[34]. By generating meaningful representations for items or
users, generative RSs have the potential to mitigate the cold
start issue [31] and enhance accuracy on data sparsity [35].
According to some researchers, the most effective model in
adversarial learning is GANs [36]. GANs are capable of
capturing shared information across domains due to their ability
to generate two different domain data simultaneously, where

they resemble each other [37], [38].
‘Sample
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Discriminator|
Fig. 1. The illustration of how the generator and discriminator work.
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Auxiliary information in RSs is an additional data
incorporated to improve relevance and accuracy of
recommendations. It plays significant role in enhancing the
performance of RSs and it also offers a more personalized,
relevant, and context-aware recommendations to the users [39].
Auxiliary information helps to improve and enhance data
sparsity [17], [40], [41], [42], [43], [44], [45].

In their study [16], the authors introduced E-EATI model to
enhance social recommendation by extracting auxiliary
information, aiming to improve recommendation performance
by fusing auxiliary information from user or item with BERT
model and item2item aggregation operation. The model
addresses the project attribute fusion problems in GCN,
focusing on signed networks and auxiliary information to
enhance recommendation performance. In [46], the author’s
focus is on enhancing citation recommender systems by
integrating auxiliary textual information and BERT into the
Neural Citation Network (NCN) model. Their proposed model
utilizes a deep neural auto-encoding mechanism with self-
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attention to learn textual and citation contextual data, this is to
improve the citation recommendation performance. Hi-GNN, a
Hierarchical Interactive Graph Neural Network for Auxiliary
Information-Enhanced = Recommendations  (AIER)  was
proposed by [17]. The model addresses the suboptimal
performance of AIER by incorporating behavioral and auxiliary
information with a hierarchical interaction layer. In their study
[47], the authors introduce the Knowledge Graph Attention-
assisted Network (HKGAT) as a unique recommendation
model that incorporates the knowledge graph into the
recommendation model to study higher order connectivity and
improve generalization capacity. The HKGAT model utilizes
an embedding layer to parameterize each node as a vector and
determine the e-weights of each neighbor during the
propagation.

In their study [39], the authors focuses on enhancing
sequential recommendations by incorporating auxiliary
information like item images and textual data to improve user
preference  understanding. Their proposed algorithm,
MFN4Rec, effectively models multi-modal information for
accurate sequential recommendation. The authors [48] utilizes
Metapath2vec to acquire the low-dimensional representation of
music through a music heterogeneous information network.
Their proposed model, named MFAE, integrates auxiliary
information fusion embedding to alleviate data sparsity and
enhance music feature representation. GRU was employed to
obtain user feature representation for personalized music
recommendation. A novel recommendation method named
STRGAN was used in [12]. The model was utilized to address
data sparsity issues by incorporating user ratings and social
relationships. The model, STRGAN, combines user ratings and
social relationships to enhance recommendation accuracy,
employing negative sampling methods to align generated
recommendations with real data. MA-CVAE in [49] considers
tag recommendation by integrating collaborative and multi-
auxiliary information for better recommendations. The
proposed model addresses the cold-start and sparsity problems
in recommenders tagging by coupling social graph information,
item content with collaborative information. The model also
utilizes deep generative models like Variational Graph Auto-
Encoder (VGAE) and Variational Auto-Encoder (VAE) to
learn latent embedding from different item auxiliary
information. In their study [50], the authors focuses on
enhancing implicit RSs by integrating auxiliary information
into matrix factorization models to capture different user
preferences beyond primary feedback. The proposed method
includes pointwise and pairwise models to leverage users'
viewing behaviors effectively, with the pairwise model
showing superior performance. In [51], the authors focuses on
enhancing recommendation systems by addressing issues like
sparsity and cold start through a collaborative multi-auxiliary
information variational autoencoder (CMVAE).

In our study, we propose a novel model for cross-domain
recommender system by incorporating auxiliary information
into GAN model. The other component in the model is
constructed by converting user behavior history into a
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multinomial distribution over behaviors. Additionally, we
introduce a unique adjustment to the GANSs architecture,
specifically tailored for recommendation tasks, which has not
been explored previously. The details of our model will be
presented in the subsequent section.

I1l. METHODOLOGY

This segment presents the proposed model, and this is
shown in the architecture of incorporating auxiliary information
and rating matrix on the GANs model (AUXIGAN) on CDRS,
as shown in Fig. 2.

Below is the explanation of how the model works; they are
broken into key steps:

e Input data and embedding layer: Auxiliary information
is utilized to create embeddings for the users (U) and
items (1), this process occurs in the embedding layer,
where users and items from different domains (source
and target) are transformed into a shared latent space,
the users-items initial embedding is denoted as input
go(.).

e Aggregation network: Users (Us) and their interacted
items (Is) are passed through an aggregation network.
This network, which aggregates information for users,
is based on their historical interactions with items to
generate user-specific representations.

o Generative adversarial networks (GANs): The GANs
component comprises a generator fB(-) and a
discriminator ho(-):

i. Generator fyo(-): It generates synthetic data (e.g.,
predicted ratings or embeddings) conditioned on
input noise (z) and real data embeddings.

ii. Discriminator h¢(-): It distinguishes between real
and generated (fake) data.

The concatenation step combines both generated and real
data to further refine the model training, and the objective is to
enable domain adaptation and align the learned user and item
representations between source and target domains:

e Domain adaptation and transfer layers: The model
employs transfer layers to facilitate knowledge sharing
between source and target domains. The domain
adaptation mechanism ensures that knowledge from the
source domain is transferred effectively to the target
domain.

e Deep interaction layers: The output from the GANs
module is passed into deep interaction layers. These
layers processes user embeddings (Ut) from the target
domain and utilize the generated ratings matrix (Rn) to
interact with Items (It).

e Knowledge transfer: The knowledge transfer component
allows the proposed model to learn from one domain
and apply the learning to another. This is to help the
model to mitigate challenges of data sparsity in the
target domain. The knowledge is transferred from
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generator to the users (Utl, Ut2, Ut4, .... Utn,) in target

domain.
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Fig. 2. Proposed AUXIGAN architecture.

e Prediction of ratings: The proposed model generates a
predicted ratings matrix (RT-T") for users in the target
domain, and the predicted ratings are obtained by
interacting with the deep representations of user and
item with the influence of auxiliary information.

e User: They are any individual who submits requests to
the recommender server to receive predictions of items.
To allow this process, the user’s profile must be
accessible for computations by the recommender server.

e Source domain: The source domain comprises the
datasets with a substantial number of user ratings and
auxiliary features. This is managed by a data curator
who is responsible for the maintenance of the dataset
and enabling secure data sharing with other data
curators.

e Target domain: The target domain contains the user
ratings and auxiliary features that are relatively sparse.
A data curator manages this domain to handle encrypted
latent profiles received from the source domain.

This proposed GANs architecture is capable of capturing
shared information across domains due to its ability to leverage
shared knowledge, preserve common semantics, share and
transform features, utilize mutual information mechanisms,
train simultaneously on the domains, and handle multiple
conditional inputs. These capabilities make the proposed GAN
model to be highly effective for various cross-domain
applications.

A. Problem Formulation

Firstly, this proposed study examines the effect of
incorporating auxiliary information into GAN-based CDRS,
this is to examine its potential to improve recommendation
accuracy, transferability, and robustness. Our assumption is that

the two domains have overlapping users and items. When a
domain faces the data sparsity problem, the other domain will
be facilitated by sharing information for making
recommendations. Typically, the domain that may experience
this issue is the target domain, while the backing domain is the
source domain, indicated by labels (t) and (s), respectively.

LetU = {Ul, Ua, Uz, Uy, Us, Ue,...} and | = {|1, l2, 13, 14, Is,
ls...; represent the sets of the users and items. We represent the
users and items of the source domain as Us and s, and those of
the target domain as Ut and I.. The conjoint user set between the
two domains is Us= Us N 1. We extract a rating matrix R = (ri)
to uncover preferences of the users, where (r;;eR) signifies the
interactions between user (u;) and item (i;). The rating matrices
for the two domains (source and target domains) are
represented as R® and R, respectively.

For the user (ui,), the sequence of interaction of the items in
the source domain can be analyzed as Si = {I7;, .... I;, }, where
I, represents the by interaction of the user at timestamp tp,
be{l, ...., n}. In the proposed model, users and items are
transformed into embeddings based on their characteristics,
denoted as uj, ij €A, where d is the dimension of the
embeddings. The aim of this study is to leverage the ratings
matrix and auxiliary information from the two domains to
improve the recommendation accuracy in the domains. The two
domains have user sets U; and U,, item sets I; and I, and
interaction matrices Ry and Ry.

B. Proposed Cross-Domain Recommender Systems Model

The proposed AUXIGAN model in this study primarily
consists of two main networks and components: generator and
discriminator with rating matrix and auxiliary information. If |
={|1, |2, |3, |4, |5..., In} and U = {Ul, Uz, U3, U4, U5,..., Um}
which represents a set of “m” items and a set of “n” users

correspondingly, the two matrices can then be created from user
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(U), Item (1) and their interactive information which are the
rating matrix M = (r,, ;Jmxn, and the auxiliary information matrix
M’ = (7ui)mxn, fu,i IS the rating of user (U) on item (1), and 7#y;
represents the interaction between users (U) and items (I). If
items (1) has been rated by users (U), then 7,; = 1, otherwise 7,
=0.

C. Model Architecture

In this study, we propose a CDRS framework that integrates
a ratings matrix and auxiliary information with GANs, named
AUXIGAN. The proposed model shown in Fig. 3 comprises
four major components: auxiliary information, rating
matrix (embedding layer), items feature aggregation, GANs
{Generator (G) and Discriminator (D)} structure, and
predictions.

D. Structure of GANs

We utilized the method of mapping to establish the
connection from source domain to target domain; this involves
training the GAN on users-items ratings and auxiliary
information. At this stage, the interactive relationship between
users and items is considered, also the auxiliary information
related to the users is also put into consideration.

E. Aggregation of the Items Feature

Items are crucial in RSs, alongside users, in addressing data
sparsity issues. When users have limited or no ratings for items
in the target domain, it requires leveraging their interactions
with items in the source domain, along with their auxiliary
information. Given that different items interacted with by users
can have varying impacts, we employ an attention mechanism
to aggregate item features, which are based on their
contributions and the wuser’s auxiliary information. The
proposed models make use of the concatenation between the
generator (G) and discriminator (D); the generator constructs
probable user-item interactions in the target domain, guided by
auxiliary  information, meanwhile the discriminator
distinguishes between real interactions and those generated by
the generator.

e Generator function as in Eq. (1):
G(z,ay a;) > (W, .ReLU(Vg 2] ))
o(Wg.ReLU(Vy [2x1)) = Fu,i
Therefore, G(z, a,, a;, — fui) 1)
Generator loss function:
Le: LG = —Elog(1 — D(G(z,ay, a;)))] )

The generator loss function was trained to minimize the
likelihood of the discriminator by correctly identifying fake
data.

e Discriminator loss function:

The discriminator loss function was equally trained to
maximize the likelihood of correctly identifying real and
synthetic data.
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D(y) » o(Wy.ReLU(V,,, )
Let (W, .ReLU(V,, ) = [0,1]
Therefore in Eq. (3):
D(ru,i,fu.i) = [0,1] ?3)
where, Discriminator Loss (Lp):
LD = —E[log(D(r;) +log(1 —D(G(z,a,,a;) (4)

F. Training Procedures

The training of the model involves alternating between
updating the generator to fool the discriminator and updating
the discriminator to correctly classify between the real and
generated interactions. The loss functions are defined as Eq.
(®):

LD = —E[log(D(ry)) +log(1 = D(G(z,ay, a)))] (5)

where, E[...] defines a minimization problem for the
discriminator's loss, this is the fitting standard practice in GANs
training, where the discriminator's objective is to minimize its
loss. Eq. (2) and Eq. (4) illustrate the loss function for the
generator and discriminator in the GANs setup. The
discriminator (D) produces output with a probability close to 1
for the real data ry;. The logarithm of this probability measures
how confident the discriminator is that ry; is real, as in Eq. (6):

log(1 = D(G(z ay, a))) (6)

The generator (G) produces a synthetic data point
G(z,a,, a;) using the noise vector (z) and attributes (ay) and (a
). The discriminator (D) is trained to give an output of a
probability close to 0 for synthetic data. Taking the logarithm
of one minus the probability measures how confident the
discriminator is that G (z, a,,, a;) is fake. The discriminator is
trained to differentiate between real data points ry; and
generated data points G (z, a,, a;).

The discriminator also aims to maximize this loss function,
which means:

e Maximizing log(D(r,;) to ensure that it correctly
identifies real data.

e Maximizing log(1 — D(D(z.a,, a;))) to ensure that it
correctly identifies generated (fake) data.

Table I highlights the breakdown of the different notations
utilized in this study.

G. Data Representation

The proposed AUXIGAN model addresses challenges in
traditional GAN models, specifically their struggle to
accurately model the distribution of user and item rating
matrices in a single iteration, to mitigate the instability of
training and mode collapse, the model adopts a structured
approach, where the discriminator (D) guides generator (G),
both G and D are implemented using a multi-layer perceptron
(MLP). In our proposed model, the generator (G) is tasked to
make fake vectors based on varying user condition vectors R¢
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at different time point t. These fake vectors are evaluated by D
using the Wasserstein distance metric against real vectors from
the dataset to enhance the model's robustness. This iterative
process helps to improve the reliability and diversity of
generated user-item interactions, addressing the limitations of
traditional GANs. The following steps are equally followed for
the data representations.

e Step 1: Generate fake samples with the generator.

Data representation on user (u) involves concatenating the
conditional rating vector R, which includes noise, with its
corresponding embedding vector v: of t. This concatenated
vector serves as the conditional input; additionally, random
noise (zy) is injected into the generator (G) as in Eq. (7):

G(RY, zu,vt) = o(W,.ReLU(V;.[RY 1 vy)) (7)

Therefore, generator (G) considers only the loss gradients of
rated items by ensuring more efficient learning by focusing on
the user's observed interactions with items and the auxiliary
features. It assists the generator (G) to denoise in the latent
vector space to achieve an initial fake rating vector R¥, which
is a complete dense matrix.

e Step 2: Training of the discriminator

Firstly, the discriminator (D) was trained so that sharing of
the real samples R¢; will be known and obtained through the
forward process given Ry and R;. Then, the discriminator (D)
also identified the distribution of the fake samples through the
backward process, as shown in the proposed architecture. That
is, the sampling of R{ ; by using subsequent distribution
q(R-1 | R§, RY) given that (R and RY) exit. Here, the transfer
layer plays a significant role by filtering out the unrated item
vectors to obtain the distribution of fake samples R} ;. The
discriminator loss LD and generator loss LG are defined as:

Discriminator Loss (LD) as in Eq. (8) :
L, = — E, ~ pdata[LogD (x)] - Ez~pz [log(1-
D(Gz,x)))1(8)
Generator Loss (LG) as in Eq. (9):
LG = —Ez ~ pz[logD(G(z,x))] (9)
e Step 3: Optimization process

The optimization process involves updating the parameters
of the generator (G) and the discriminator (D) using gradient
descent. Adam with modified hyperparameters was utilized for
the optimization process.

The latent item variables can be accomplished by combining
the user’s information and items information and latent
auxiliary variables, as: vj = vzA + z;.

H. Incorporating Auxiliary Information

To handle varying lengths of auxiliary information (p,) for
different users effectively, an attention mechanism was utilized
to enable each piece of auxiliary features given inversely to the
user-item interaction. Through this approach, latent vectors
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were derived for auxiliary features of the users (U) and items
(1), denoted as x and vy, respectively. This allows more
representation, where the attention mechanism dynamically
weights the importance of different elements within the
auxiliary information vectors, for the enhancement of the
model's ability to capture diverse user-item interactions
effectively. Auxiliary information’s numbers (py) for different
users typically vary; to utilize this, it’s necessary to convert
these varying-length vectors into a fixed-length vector. The
simplest technique is to find the average of all embedding
vectors; therefore, we utilized an attention mechanism to
influence in diverse ways the user-item interaction, and the
latent vectors of the auxiliary information of the users (U) and
items (1) through x and y were then obtained as Eq. (10) and
(11):

x =Y wd x; (10)
y =2 vdy; (1)

where, wd and vd represent weights and attentions of i-th
user’s auxiliary features and j-th item’s auxiliary features, we
therefore parameterized vd as an attention function with u, v
and yj as input in Eq. (12):

vd = fu (u,v,yi) (12)

One of the advantages of parameterizing is that, weights of
auxiliary features depend on the auxiliary information and the
pairing of user-item. Then, Multi-Layer Perception (MLP) was
utilized for the parameterization of attention functions: fs(.) and
he(.). Then the attention functions are as follows, as in Eq. (13
and (14):

u
fu (u,v,xi) = hid (W, [ i ] + by} (13)
xi

u
i
i

Where W,, b, W; b, and Wu, represents weight matrix and
the bias vectors for the user-item auxiliary attention functions
accordingly. The symbol ( @ ) represents the non-linear
activation functions, hy and h, are the weight vectors that
aggregate the output layers of the attention networks to obtain
the final attentions weight.

I. Prediction of the Model

After the convergence of the model, we employed a three-
step process for predictions. Firstly, in Step 1, noise (/z/) was
added to the vector of the sparse rating of users T times to obtain
Rr. This step helps to incorporate noise present in the user-item
rating matrix. In Step 2, initial predictions Ro were generated in
the latent vector space using the conditional vector Ry. Finally,
in Step 3, we applied denoising (T'< T) times to get the final
prediction outcomes (Rr-r'). This approach aims to preserve
personalized information while retaining some of the noise
introduced in the latent vector space. This strategy is beneficial
for capturing more user preferences and effectively enhancing
the personalized performance of the CRRS.

fu (u,v,yi) = hI® {W, + b} (14)
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IV. EXPERIMENTAL SETUP

The datasets and metrics utilized to evaluate the
performance of the proposed model are described in this
section. The model is compared with other state-of-the-art
methods after conducting the experiments.

A. Dataset Preparation

The experiments were conducted using Book-crossing and
Amazon datasets, these datasets provide the necessary features
to test the efficiency of the proposed model. Statistical details
of the datasets are summarized in Table I. The table provides
details of datasets (Amazon and Book-crossing), with a focus
on their auxiliary information features utilized to enhance
recommendation algorithms. Each of the datasets was randomly
divided into two subsets: 80% for the training set and 20% for
the testing set. The experiments involved training the model
with the training data, while the testing set was utilized to
validate the efficiency of the recommendations, optimize and
adjust parameters of the model.

TABLE I. STATISTICS OF THE DATASETS
. . Auxiliary
Dataset Ratings Users | Items | Sparsity Features
Price, product
Amazon | 1,000,209 | 3,706 | 6,040 | 95.55% name, date,
brand
Book- | 54604 | 2274 | 3211 | 99.2505 | CoUNtry; cityand
crossing age

e Clarifications of the Datasets

From Table I, the Amazon dataset has over one million
ratings matrix, 3,706 users, and 6,040 items, with 95.55%
sparsity. The meaning of this is that only 4.45% of the possible
user-item interactions have ratings. Auxiliary data, which
includes price, product name, date, and brand, is useful for
content-based recommendations. Book-crossing dataset is
smaller, with only 54,694 ratings matrix, 2,274 users, and 3,211
items. This dataset has a very high 99.25% sparsity, which
means that only 0.75% of all possible user-item ratings are
present. Auxiliary data, which includes age, country, and city
will help in more personalized recommendations. The Amazon
dataset is considered to be the source domain, while Book-
crossing was utilized as the target domain.

B. Metrics Utilized for the Evaluation

The four commonly utilized evaluation metrics are
Precision, Recall, MAE, and RMSE, are utilized to evaluate the
performance of the proposed model.

e Precision: Precision reflects how the proportions of
items recommended are relevant to the user as in Eq.
(15):

S TP

Precision = STPTFN

(15)
e Recall: It measures the proportion of relevant item that
are successfully recommended as in Eq. (16) :

TP

Recall = m

(16)
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e Mean absolute Error (MAE): This measures the average
magnitude of the errors between predicted ratings as in
Eqg. (17):

MAE =37, y; — i (17)

e Root Mean Square Error (RMSE): It is utilized to
evaluate accuracy of the prediction in RS and machine
learning as in Eq. (18):

RMSE = |57, 92 (18)

C. Validation of Models with Baselines

To validate the effectiveness of the proposed model, we
selected seventeen (17) recommender system models for
comparative performance analysis. The baselines include cross-
domain  recommender  systems  models,  multi-task
recommender systems models, and adversarial learning-based
recommender systems models, which are related to our
recommendations design.

1) Cross-domain recommender systems models.

e DML [52]: Dual Metric Learning introduces a unique
latent metric mapping function to derive user
preferences by maintaining relationships among users
across domains.

e DASL [53]: The model incorporates two innovative
components, Dual Embedding and Dual Attention, to
facilitate cross-domain recommendations.

e CCCFNet [54]: The Cross-domain Content-boosted
Collaborative Filtering Neural Network combines
collaborative filtering and content-based filtering using
a unified multi-view neural network through
factorization.

e CoNet [55]: Collaborative Cross Networks supports
knowledge transfer across domains by introducing
cross-connections between the base networks.

e EMCDR [56]: The Embedding and Mapping method for
Cross-Domain Recommendation (EMCDR) employs a
multi-layer perceptron to model the nonlinear mapping
function between domains.

e SSCDR [57]: The Semi-Supervised Cross-Domain
Recommendation (SSCDR) model learns latent
representations for users and items while training a
mapping function to capture distance relationships
across domains.

2) Multi-task recommender systems models.

e Cross-Stitch [58]: The model integrates activations from
multiple neural networks and the model learns the best
balance  between  shared and  task-specific
representations which results to a significant
performance boost for categories with limited training
data.
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MMOEWD [61]: model refines the MMOE structure
through soft-parameter sharing techniques. The model
optimizes multiple ranking objectives and addresses
selection biases by employing a Wide and Deep
methodology.

MMOE [59]: It extends the MoE framework. It allows
expert sub models to be shared across tasks. The
approach enhances trainability by adapting varying
randomness in the model initialization and data.

DARec [63]: The Deep Domain Adaptation
Recommendation model applies domain adaptation and
multi-task  learning to  deliver  cross-domain
recommendations. The model identifies and transfers
patterns from rating matrices without relying on
auxiliary information.

3) Adversarial learning-based recommender systems
models.

RecGAN [60]: The model utilizes gated recurrent unit
cells to capture latent features of users and items from
both short-term and long-term temporal profiles,
enhancing recommendation relevance.

PD-GAN [62]: This model generates diverse yet
relevant recommendations by sequentially sampling
from a DPP kernel matrix. The adversarial training with
a discriminator helps recognize or differentiate between
generated recommendations and  actual  user
interactions.

RecSys-DAN [64]: This model tackles the data sparsity
challenge by learning transferable latent representations
for the user, item, and the interactions through
adversarial training.

DAAN [65]: The DAAN model combines collaborative
filtering through deep adversarial domain adaptation
with matrix factorization.

DSAP-AL [35]: This model integrates matrix
factorization and adversarial learning to align user and
item latent factor spaces.

CDR-HA [66]: The model enhances recommendation
accuracy and mitigates data sparsity in the target domain
by integrating heterogeneous information network-
based adversarial learning with  cross-domain
adversarial techniques.

ACDR [67]: The study proposes an Adversarial Cross
Domain Recommendation (ACDR) model. The model
utilizes adversarial learning for better user embeddings.
The model improves recommendation performance on
sparse datasets.

Table Il highlights the values of each hyperparameter
utilized for the proposed model.

TABLE Il HYPERPARAMETER AND THEIR VALUES
Hyperparameters Parameter values
Generator learning rate 0.0001
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Discriminator learning rate 0.0001
Latent dimension 128
Batch size 64
Number of epochs 20
Embedding size 100
Dropout rate 0.2
Learning rate decay 0.1
Optimizer Adam
Activation functions ReLU
Domain adaptation learning rate 0.0001

V. EXPERIMENTAL RESULTS AND ANALYSIS

A. Results

This subsection shows the experimental results of the
proposed model. The experiment was conducted on Book-
crossing and Amazon datasets, and the model was compared
with the baseline using evaluation metrics: RMSE, MAE and
Precision, Recall with 20 epochs on each metric as shown in
Fig. 3 to Fig. 6. The proposed AUXIGAN model is the most
effective model across all metrics, making it the top choice for
high-accuracy recommendations on the datasets. Table 11l and
Table 1V show that the proposed AUXIGAN model
outperforms the baseline models across all metrics, which
makes it the most accurate model for recommendations on the
datasets.

TABLE Ill.  PERFORMANCE ON AMAZON (MusIC) - BOOK-CROSSING
Amazon (Music) - Book-crossing
Model —
RMSE MAE Precision Recall
DML 0.2205 0.1706 0.8583 0.9595
DASL 0.2202 0.1705 0.8595 0.9597
CCCFNet 0.2639 0.1841 0.8102 0.8872
CoNet 0.2305 0.1892 0.8328 0.8990
EMCDR 0.2192 0.1789 0.8516 0.9307
SSCDR 0.2295 0.1744 0.8520 0.9341
Cross-Stitch 0.2465 0.1972 0.8339 0.9111
MMOE 0.2388 0.1806 0.8444 0.9234
MMOEWD 0.2332 0.1772 0.8502 0.9278
DARec 0.2376 0.1796 0.8495 0.9318
RecSys-DAN 0.2665 0.1980 0.8287 0.9220
PD-GAN 0.2693 0.2002 0.8260 0.9231
RecGAN 0.2708 0.2007 0.8260 0.9198
DAAN 0.2672 0.1982 0.8291 0.9242
DSAP-AL 0.2663 0.1979 0.8288 0.9238
CDR-HA 0.2679 0.1991 0.8274 0.9233
ACDR 0.1347 0.0995 0.8972 0.9790
AUXI-GAN 0.0998 0.0774 0.9666 0.9938
TABLE IV.  PERFORMANCE ON AMAZON (MOVIES) - BOOK-CROSSING
Amazon (Movies) - Book-crossing
Model —
RMSE MAE Precision Recall
DML 0.2683 0.2093 0.8714 0.9089
DASL 0.2681 0.2088 0.8717 0.9095
CCCFNet 0.2711 0.2116 0.8664 0.9046
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Model Amazon (Movies) - Book-crossing
RMSE MAE Precision Recall
CoNet 0.2685 0.2078 0.8722 0.9046
EMCDR 0.2704 0.2092 0.8729 0.9009
SSCDR 0.2699 0.2100 0.8677 0.9021
Cross-Stitch 0.2791 0.2150 0.8605 0.8929
MMOE 0.2778 0.2127 0.8633 0.8946
MMOEWD 0.2723 0.2111 0.8693 0.8998
DARec 0.2701 0.2095 0.8717 0.9013
RecSys-DAN 0.2769 0.2154 0.8675 0.8979
PD-GAN 0.2796 0.2165 0.8646 0.8958
RecGAN 0.2803 0.2187 0.8627 0.8944
DAAN 0.2722 0.2127 0.8719 0.9005
DSAP-AL 0.2736 0.2138 0.8708 0.8998
CDR-HA 0.2754 0.2166 0.8683 0.8976
ACDR 0.2431 0.1919 0.8846 0.9237
AUXI-GAN 0.1350 0.0908 0.9031 0.9531

The performance of experiments is presented in Fig. 3 to
Fig. 6. We have the following findings:

Fig. 3 presents evaluation metrics over 20 epochs for the
Amazon (Music) - Book-crossing datasets. Precision improves
over epochs, which indicates better accuracy in recommending
relevant items. Recall consistently increases, and it reflects
improved capacity to capture relevant recommendations. MAE
remains stable, which suggests a low mean error between the
predicted and actual ratings. RMSE decreases steadily, which
shows reduced prediction errors over the epochs. This
demonstrates performance improvements across the evaluation
metrics, which indicates the model's effectiveness.
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Fig. 4. Performance of proposed model on Amazon (Movie)-Book-crossing.
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—— Train

Fig. 5. Training, validation accuracy and validation loss.

Fig. 4 illustrates the evaluation metrics over 20 epochs for
the Amazon (Movie) — Book-crossing datasets. The key
observations are: Precision improves consistently, which
indicates better accuracy in recommendations over time. Recall
increases steadily, which shows improved coverage of the
relevant recommendations. MAE decreases gradually,
demonstrating reduced mean error between predicted and actual
ratings. RMSE decreases over 20 epochs, indicating less
prediction errors. The model demonstrates improved
performance across all the evaluation metrics, and Fig. 5 shows
the training, validation accuracy and validation loss results.

B. The Parameter Settings and Model Training

The relevant hyperparameters used in the proposed model
are as follows: we conducted the experiments with Top-N
recommendations, whereby N represents the number of items
recommended to the users; the parameters are shown in Table
Il.

C. Baseline Comparison

The proposed model demonstrates a better performance
compared to state-of-the-art methods across all metrics. Table
111 and Table IV summarize the results, which indicate that the
proposed model not only outperforms the baselines but also
opens new opportunities to address the challenges of data
sparsity on CDRS.

D. Data Sparsity Performance

From the proposed model, as shown in Table IV and Table
V, we discovered that the model significantly mitigated data
sparsity problems by incorporating auxiliary information into
the GANs-based CDRS. In the data sparsity problem, there are
improvements in recommendation accuracy, underscoring the
influence of auxiliary information to enhance recommendation
performance when there is limited data.

VI. ABLATION EXPERIMENTS

As highlighted in Section V, the proposed model
demonstrates significant improvements compared to the
selected baseline models. These enhancements stem from the
innovative design of the model, which integrates auxiliary
information into the GAN-based model recommendation
techniques. In this segment, we perform an ablation study to
validate the contribution of auxiliary information into the
proposed model. We removed auxiliary information from the
model and used only the rating matrix of the users-items.
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The following variations were tested to examine the
influence of the auxiliary information:

e Model A (without auxiliary information): The model
excludes auxiliary information, which relies solely on
GAN-generated interactions.

e Model B (with auxiliary information): The model
includes auxiliary information with GAN-generated
interactions.

TABLE V. ABLATION STUDY RESULTS ON AMAZON
Model Amazon (Movie) - Book-crossing datasets
ode
RMSE MAE Precision Recall
Model A 0.1980 0.1181 0.9020 0.9720
Model B 0.0998 0.0774 0.9666 0.9938

As shown in Table V, the proposed model proves robust
performances in transferring knowledge across domains, with
increase in recommendation accuracy for data sparsity when
auxiliary information is incorporated into the model. Fig. 6
shows the experiments on the Book-crossing and Amazon
datasets with evaluation metrics (RMSE, MAE, Precision and
Recall) respectively.
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Fig. 6. Ablation results of RMSE, MAE, Precision and Recall on Amazon
(Music)-Book-crossing datasets.

VII.LIMITATIONS AND FUTURE DIRECTIONS

This section presents the limitations of the proposed model
and future directions that need to be explored.

A. Limitations

1) High computational complexity. Training GANS,
especially when integrating auxiliary information, requires
significant computational resources and time.

2) Overfitting. With the limited data or excessive auxiliary
information, the model may encounter a problem of overfitting
in the training set.

3) Hyperparameter sensitivity. The GANs model may
require careful tuning of hyperparameters, such as learning rate,
embedding dimensions, or loss functions, which may not be
practical for all circumstances.

4) Inconsistent quality. The auxiliary information may be
noisy, incomplete, or inconsistent.

B. Future Directions

Future directions may focus on integrating more complex
auxiliary data and temporal dynamics to further enhance the
recommendation accuracy. Since our findings indicates that
GAN-based CDRS, when enhanced with auxiliary information
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can effectively capture user preferences, more personalized and
accurate recommendations across different domains, therefore
future studies may hybridize the generative Al models such as
GANs and VAEs with the incorporation of auxiliary
information for better performance.

VIIl. CONCLUSION

Our findings from the conducted experiments highlight the
positive influence of auxiliary information on GAN-based
CDRS; the proposed model demonstrates improvements in data
sparsity, recommendation accuracy, and robustness. Auxiliary
information not only enhances the quality of recommendations
but also enables the model to generalize across domains by
addressing challenges of data sparsity. The integration of
auxiliary information on GAN-based CDRS achieved a more
comprehensive representation of user and item preferences. The
adversarial training framework effectively generates realistic
user-item interactions, addressing data sparsity issues. The
incorporation of auxiliary information assisted the GAN-based
model to capture more details about users’ preferences and item
features. This enhancement led to significant improvements in
core recommendation metrics, with auxiliary-enhanced models
achieving gains in Precision, recall, RMSE and MAE across the
two datasets. These results significantly showed that auxiliary
information aids GAN-based models to better understand and
represent user-item interactions, especially in the data sparsity
problem. This research also encourages more exploration into
transfer learning techniques within CDRS. The findings suggest
that incorporating auxiliary information could be an
introductory approach for the development of advanced multi-
domain recommendation solutions on GAN-based models by
extending beyond traditional RSs techniques. To the best of our
knowledge, auxiliary information has not been integrated into
GANs-based CDRS. Previous authors believed that generative
Al models such as GANs had the ability to generate new
content or items, but GANs model still depends on the data or
information it is been trained on. GANs have the capability to
generate new, more personalized, accurate, and robust
recommendations with the incorporation of auxiliary
information on CDRS.

REFERENCES

[1] Q. Hu and Y. Song, “User Consented Federated Recommender System
Against Personalized Attribute Inference Attack,” in WSDM 2024 -
Proceedings of the 17th ACM International Conference on Web Search
and Data Mining, Association for Computing Machinery, Inc, Mar. 2024,
pp. 276-285. doi: 10.1145/3616855.3635830.

[2] P. Zhao, Y. Jin, X. Ren, and Y. Li, “A personalized cross-domain
recommendation with federated meta learning,” Multimed Tools Appl,
2024, doi: 10.1007/s11042-024-18495-3.

[3] R. Alatrash, R. Priyadarshini, H. Ezaldeen, and A. Alhinnawi,
“Augmented language model with deep learning adaptation on sentiment
analysis for E-learning recommendation,” Cogn Syst Res, vol. 75, pp. 53—
69, Sep. 2022, doi: 10.1016/j.cogsys.2022.07.002.

[4] H.Hamidiand R. Moradi, “Design of a dynamic and robust recommender
system based on item context, trust, rating matrix and rating time using
social networks analysis,” Journal of King Saud University - Computer
and Information Sciences, vol. 36, no. 2, p. 101964, Feb. 2024, doi:
10.1016/j.jksuci.2024.101964.

[5(] M. Acharya, S. Yadav, and K. K. Mohbey, “How can we create a
recommender system for tourism? A location centric spatial binning-

87|Page

www.ijacsa.thesai.org



(6]
[71

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(IJACSA) International Journal of Advanced Computer Science and Applications,

based methodology using social networks,” International Journal of
Information Management Data Insights, vol. 3, no. 1, Apr. 2023, doi:
10.1016/j.jjimei.2023.100161.

1. J. Goodfellow et al., “Generative Adversarial Networks,” Jun. 2014,
[Online]. Available: http://arxiv.org/abs/1406.2661

Y. Deldjoo, T. Di Noia, and F. A. Merra, “A Survey on Adversarial
Recommender Systems: From Attack/Defense Strategies to Generative
Adversarial Networks,” Apr. 01, 2021, Association for Computing
Machinery. doi: 10.1145/3439729.

T. Sasagawa, S. Kawai, and H. Nobuhara, “Recommendation system
based on generative adversarial network with graph convolutional layers,”
Journal of Advanced Computational Intelligence and Intelligent
Informatics, vol. 25, no. 4, pp. 389-396, Jul. 2021, doi:
10.20965/JACI11.2021.P0389.

J. Bobadilla, A. Gutiérrez, R. Yera, and L. Martinez, “Creating synthetic
datasets for collaborative filtering recommender systems using generative
adversarial networks,” Knowl Based Syst, vol. 280, Nov. 2023, doi:
10.1016/j.knosys.2023.111016.

J. Li, Y. Ren, and K. Deng, “FairGAN: GANs-based Fairness-aware
Learning for Recommendations with Implicit Feedback,” in WWW 2022
- Proceedings of the ACM Web Conference 2022, Association for
Computing Machinery, Inc, Apr. 2022, pp. 297-307. doi:
10.1145/3485447.3511958.

W. Shafqat and Y. C. Byun, “A Hybrid GAN-Based Approach to Solve
Imbalanced Data Problem in Recommendation Systems,” IEEE Access,
vol. 10, pp. 1103611047, 2022, doi: 10.1109/ACCESS.2022.3141776.

X. Li, K. Chen, Y. Zhou, and Y. Chen, “A Generative Adversarial
Approach with Social Relationship for Recommender Systems,” in ACM
International Conference Proceeding Series, Association for Computing
Machinery, Sep. 2023. doi: 10.1145/3630138.3630424.

J. Li, Y. Ren, and K. Deng, “FairGAN: GANs-based Fairness-aware
Learning for Recommendations with Implicit Feedback,” in WWW 2022
- Proceedings of the ACM Web Conference 2022, Association for
Computing Machinery, Inc, Apr. 2022, pp. 297-307. doi:
10.1145/3485447.3511958.

Y. Zhang, I. W. Tsang, and L. Duan, “Collaborative Generative Hashing
for Marketing and Fast Cold-Start Recommendation,” IEEE Intell Syst,
vol. 35, no. 5, pp. 84-95, Sep. 2020, doi: 10.1109/M1S.2020.3025197.

Y. Liu, S. Wang, X. Li, and F. Sun, “A Meta-adversarial Framework for
Cross-Domain Cold-Start Recommendation,” Data Sci Eng, 2024, doi:
10.1007/s41019-024-00245-y.

X. M. Li, S. S. Wang, F. M. Gu, and Z. B. Lin, “Enhancing signed social
recommendation via extracting auxiliary textual information,” Multimed
Tools Appl, 2023, doi: 10.1007/s11042-023-17414-2.

X. Zhang and M. Gan, “Hi-GNN: hierarchical interactive graph neural
networks for auxiliary information-enhanced recommendation,” Knowl
Inf Syst, vol. 66, no. 1, pp. 115-145, Jan. 2024, doi: 10.1007/s10115-023-
01949-9.

R. Qiu, Z. Huang, J. Li, and H. Yin, “Exploiting Cross-session
Information for Session-based Recommendation with Graph Neural
Networks,” ACM Trans Inf Syst, vol. 38, no. 3, Jun. 2020, doi:
10.1145/3382764.

H. Xia, K. Huang, and Y. Liu, “Unexpected interest recommender system
with graph neural network,” Complex and Intelligent Systems, vol. 9, no.
4, pp. 3819-3833, Aug. 2023, doi: 10.1007/s40747-022-00849-9.

H. Chen et al., “Macro Graph Neural Networks for Online Billion-Scale
Recommender Systems,” Proceedings of the ACM Web Conference 2024
(WWW °24), May 13d+il7, 2024, Singapore, Singapore, vol. 1, doi:
10.1145/X XXX XX XXX XXX,

M. Liu, J. Li, Z. Guo, and G. Li, “Extracting latently overlapping users by
graph  neural  network  for  non-overlapping  cross-domain
recommendation,” Knowl Based Syst, p. 111508, Apr. 2024, doi:
10.1016/j.knosys.2024.111508.

R. Khan, N. Iltaf, R. Latif, and N. S. M. Jamail, “CrossDomain
Recommendation Based on MetaData Using Graph Convolution
Networks,” |IEEE Access, vol. 11, pp. 90724-90738, 2023, doi:
10.1109/ACCESS.2023.3307015.

(23]

[24]

[25]

[26]

[27]

(28]

[29]

(30]

(31]

(32]

(33]

(34]

(39]

(36]

(371

(38]

(39]

[40]

[41]

Vol. 16, No. 6, 2025

H. Kuang, W. Xia, X. Ma, and X. Liu, “Deep Matrix Factorization for
Cross-Domain Recommendation,” in IEEE Advanced Information
Technology, Electronic and Automation Control Conference (IAEAC),
2021, pp. 2171-2175. doi: 10.1109/IAEAC50856.2021.9390866.

J. Liu, W. Pan, and Z. Ming, “CoFiGAN: Collaborative filtering by
generative and discriminative training for one-class recommendation ¥,”
vol. 191, p. 105255, 2020, doi: 10.1016/j.knosys.

A. Gkillas and D. Kosmopoulos, “A cross-domain recommender system
using deep coupled autoencoders,” Dec. 2021, [Online]. Available:
http://arxiv.org/abs/2112.07617

C.D. Wang, Y. H. Chen, W. D. Xij, L. Huang, and G. Xie, “Cross-Domain
Explicit-Implicit-Mixed Collaborative Filtering Neural Network,” IEEE
Trans Syst Man Cybern Syst, vol. 52, no. 11, pp. 6983-6997, Nov. 2022,
doi: 10.1109/TSMC.2021.3129261.

J. Yang, J. Zhu, X. Ding, Y. Peng, and Y. Zhang, “A memory pool
variational autoencoder framework for cross-domain recommendation,”
Expert Syst Appl, vol. 241, May 2024, doi: 10.1016/j.eswa.2023.122771.

D. Xu, C. Ruan, E. Korpeoglu, S. Kumar, and K. Achan, “Rethinking
Neural vs. Matrix-Factorization Collaborative Filtering: the Theoretical
Perspectives,” Oct. 2021, [Online]. Available:
http://arxiv.org/abs/2110.12141

X. Tian, “Content-based Filtering for Improving Movie Recommender
System,” 2024, pp. 598-609. doi: 10.2991/978-94-6463-370-2_61.

T. Zheng, S. Li, Y. Liu, Z. Zhang, and M. Jiang, “An effective neighbor
information mining and fusion method for recommender systems based
on generative adversarial network,” Expert Syst Appl, vol. 248, Aug.
2024, doi: 10.1016/j.eswa.2024.123396.

Y. Liu, S. Wang, X. Li, and F. Sun, “A Meta-adversarial Framework for
Cross-Domain Cold-Start Recommendation,” Data Sci Eng, 2024, doi:
10.1007/s41019-024-00245-y.

S. Z. U. Hassan, M. Rafi, and J. Frnda, “GCZRec: Generative
Collaborative ~ Zero-Shot  Framework for Cold Start News
Recommendation,” IEEE Access, vol. 12, pp. 16610-16620, 2024, doi:
10.1109/ACCESS.2024.3359053.

M. O. Ayemowa, R. Ibrahim, and M. M. Khan, “Analysis of
Recommender System Using Generative Artificial Intelligence: A
Systematic ~ Literature ~Review,” |EEE  Access, 2024, doi:
10.1109/ACCESS.2024.3416962.

B. Qin, Z. Huang, X. Tian, Y. Chen, and W. Wang, “GACRec: Generative
adversarial ~contrastive learning for improved long-tail item
recommendation,” Knowl Based Syst, vol. 300, Sep. 2024, doi:
10.1016/j.knosys.2024.112146.

Y. Li, J. Ren, J. Liu, and Y. Chang, “Deep sparse autoencoder prediction
model based on adversarial learning for cross-domain recommendations,”
Knowl Based Syst, vol. 220, May 2021, doi:
10.1016/j.knosys.2021.106948.

M. Nanthini and K. P. M. Kumar, “Provisioning a cross-domain
recommender system using an adaptive adversarial network model,” Soft
comput, vol. 27, no. 24, pp. 19197-19212, Dec. 2023, doi:
10.1007/500500-023-09360-w.

H. Su, Y. Zhang, X. Yang, H. Hua, S. Wang, and J. Li, “Cross-domain
Recommendation via Adversarial Adaptation,” in International
Conference on Information and Knowledge Management, Proceedings,
Association for Computing Machinery, Oct. 2022, pp. 1808-1817. doi:
10.1145/3511808.3557277.

C. W. Hsu, C. T. Chen, and S. H. Huang, “Adaptive Adversarial
Contrastive Learning for Cross-Domain Recommendation,” ACM Trans
Knowl Discov Data, vol. 18, no. 3, Dec. 2023, doi: 10.1145/3630259.

S. Wang, W. Wan, T. Qu, and Y. Dong, “Auxiliary information-enhanced
recommendations,” Applied Sciences (Switzerland), vol. 11, no. 19, Oct.
2021, doi: 10.3390/app11198830.

Y. Chen, X. Qiu, C. Ma, Y. Xu, and Y. Sun, “A recommender system
fused with implicit social information through network representation
learning,” Computers and Electrical Engineering, vol. 100, May 2022,
doi: 10.1016/j.compeleceng.2022.107897.

A. K. Yengikand, M. Meghdadi, and S. Ahmadian, “DHSIRS: a novel
deep hybrid side information-based recommender system,” Multimed
Tools Appl, vol. 82, no. 22, pp. 34513-34539, Sep. 2023, doi:
10.1007/s11042-023-15021-9.

88|Page

www.ijacsa.thesai.org



[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

(IJACSA) International Journal of Advanced Computer Science and Applications,

L. Chen, Z. Wu, J. Cao, G. Zhu, and Y. Ge, “Travel recommendation via
fusing multi-auxiliary information into matrix factorization,” ACM Trans
Intell Syst Technol, vol. 11, no. 2, Jan. 2020, doi: 10.1145/3372118.

M. Varasteh, M. S. Nejad, H. Moradi, M. A. Sadeghi, and A. Kalhor, “An
Improved Hybrid Recommender System: Integrating Document Context-
Based and Behavior-Based Methods,” in 2023 31st International
Conference on Electrical Engineering, ICEE 2023, Institute of Electrical
and Electronics Engineers Inc., 2023, pp. 881-887. doi:
10.1109/ICEE59167.2023.10334913.

H. Li et al., “CTITF: A tensor factorization model with constrained
bidirectional user trust and implicit feedback for context-aware
recommender systems,” Inf Sci (N Y), vol. 676, Aug. 2024, doi:
10.1016/j.ins.2024.120838.

A. Pujahari and D. S. Sisodia, “Ordinal consistency based matrix
factorization model for exploiting side information in collaborative
filtering,” Inf Sci (N Y), wvol. 643, Sep. 2023, doi:
10.1016/j.ins.2023.119258.

T. N. Dinh, P. Pham, G. L. Nguyen, and B. Vo, “Enhanced context-aware
citation recommendation with auxiliary textual information based on an
auto-encoding  mechanism”,  doi: 10.1007/s10489-022-04423-
1/Published.

J. Zhang, J. Ding, Q. Fan, and Y. Li, “Holographic Knowledge-Auxiliary
Information Graph Aggregation for Recommendation,” in 2023 3rd
International Conference on Electronic Information Engineering and
Computer Science, EIECS 2023, Institute of Electrical and Electronics
Engineers Inc., 2023, pp. 393-396. doi:
10.1109/EIECS59936.2023.10435398.

H. Xiao, D. Sun, F. You, and D. Wang, “Metapath2vec based Fusion
Auxiliary Information Embedding for Music Recommendation,” in ACM
International Conference Proceeding Series, Association for Computing
Machinery, Oct. 2023, pp. 218-221. doi: 10.1145/3644523.3644564.

J. Yi, X. Ren, and Z. Chen, “Multi-Auxiliary Augmented Collaborative
Variational Auto-encoder for Tag Recommendation,” ACM Trans Inf
Syst, vol. 41, no. 4, Apr. 2023, doi: 10.1145/3578932.

J. Ding, G. Yu, Y. Li, X. He, and D. Jin, “Improving implicit
recommender systems with auxiliary data,” ACM Trans Inf Syst, vol. 38,
no. 1, Feb. 2020, doi: 10.1145/3372338.

J. Bai and Z. Ban, “Collaborative multi-auxiliary information variational
autoencoder for recommender systems,” in ACM International
Conference Proceeding Series, Association for Computing Machinery,
2019, pp. 501-505. doi: 10.1145/3318299.3318336.

P. Li and A. Tuzhilin, “Dual Metric Learning for Effective and Efficient
Cross-Domain Recommendations,” Apr. 2021, [Online]. Available:
http://arxiv.org/abs/2104.08490

P. Li, Z. Jiang, M. Que, Y. Hu, and A. Tuzhilin, “Dual Attentive
Sequential Learning for Cross-Domain Click-Through Rate Prediction,”
in Proceedings of the ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, Association for Computing
Machinery, Aug. 2021, pp. 3172-3180. doi: 10.1145/3447548.3467140.

J. Lian, F. Zhang, X. Xie, and G. Sun, “CCCFNet: A content-boosted
collaborative filtering neural network for cross domain recommender
systems,” in 26th International World Wide Web Conference 2017, WWW

[55]

(56]

(571

(58]

(59]

(60]

(61]

[62]

(63]

(64]

[65]

(66]

[67]

Vol. 16, No. 6, 2025

2017 Companion, International World Wide Web Conferences Steering
Committee, 2017, pp. 817-818. doi: 10.1145/3041021.3054207.

G. Hu, Y. Zhang, and Q. Yang, “Conet: Collaborative cross networks for
cross-domain recommendation,” in International Conference on
Information and Knowledge Management, Proceedings, Association for

Computing  Machinery, Oct. 2018, pp. 667-676. doi:
10.1145/3269206.3271684.
T. Man, H. Shen, X. Jin, and X. Cheng, “Cross-Domain

Recommendation: An Embedding and Mapping Approach,” 2017.

S. K. Kang, J. Hwang, D. Lee, and H. Yu, “Semi-supervised learning for
cross-domain recommendation to cold-start users,” in International
Conference on Information and Knowledge Management, Proceedings,
Association for Computing Machinery, Nov. 2019, pp. 1563-1572. doi:
10.1145/3357384.3357914.

1. Misra, A. Shrivastava, A. Gupta, and M. Hebert, “Cross-stitch Networks
for Multi-task Learning,” Apr. 2016, [Online]. Available:
http://arxiv.org/abs/1604.03539

Z. Zhao et al., “Recommending what video to watch next: A multitask
ranking system,” in RecSys 2019 - 13th ACM Conference on
Recommender Systems, Association for Computing Machinery, Inc, Sep.
2019, pp. 43-51. doi: 10.1145/3298689.3346997.

J. Ma, Z. Zhao, X. Yi, J. Chen, L. Hong, and E. H. Chi, “Modeling task
relationships in multi-task learning with multi-gate mixture-of-experts,”
in Proceedings of the ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining, Association for Computing
Machinery, Jul. 2018, pp. 1930-1939. doi: 10.1145/3219819.3220007.

F. Yuan, L. Yao, and B. Benatallah, “DARec: Deep Domain Adaptation
for Cross-Domain Recommendation via Transferring Rating Patterns,”
May 2019, [Online]. Available: http://arxiv.org/abs/1905.10760

H. Bharadhwaj, H. Park, and B. Y. Lim, “RecGan: Recurrent generative
adversarial networks for recommendation systems,” in RecSys 2018 - 12th
ACM Conference on Recommender Systems, Association for Computing
Machinery, Inc, Sep. 2018, pp. 372-376. doi: 10.1145/3240323.3240383.

Q. Wu, Y. Liu, C. Miao, B. Zhao, Y. Zhao, and L. Guan, “PD-GAN:
Adversarial ~ Learning  for  Personalized  Diversity-Promoting
Recommendation,” 2019.

C. Wang, M. Niepert, and H. Li, “RecSys-DAN: Discriminative
adversarial networks for cross-domain recommender systems,” IEEE
Trans Neural Netw Learn Syst, vol. 31, no. 8, pp. 2731-2740, Aug. 2020,
doi: 10.1109/TNNLS.2019.2907430.

H. Liu, L. Guo, P. Li, P. Zhao, and X. Wu, “Collaborative filtering with a
deep adversarial and attention network for cross-domain
recommendation,” Inf Sci (N Y), vol. 565, pp. 370-389, Jul. 2021, doi:
10.1016/j.ins.2021.02.0009.

C. Su, Z. Hu, and X. Xie, “Cross-Domain Recommendation based on
Heterogeneous information network with Adversarial learning,” in ACM
International Conference Proceeding Series, Association for Computing
Machinery, Apr. 2021, pp. 65-70. doi: 10.1145/3461598.3461609.

P. Li, B. Brost, and A. Tuzhilin, “Adversarial Learning for Cross Domain
Recommendations,” ACM Trans Intell Syst Technol, vol. 14, no. 1, Nov.
2022, doi: 10.1145/354877.

89|Page

www.ijacsa.thesai.org



