UNIVERSITY OF PIRAEUS
DEPARTMENT OF DIGITAL SYSTEMS

POSTGRADUATE PROGRAMME:

INFORMATION SYSTEMS & SERVICES
SPECIALIZATION: ADVANCED INFORMATION SYSTEMS

TRANSFER LEARNING IN
RECOMMENDER SYSTEMS

Christina Zografou (ME1832)




Table Of Contents

ADSITACT. ...t e e e e ettt e et e e e e en b anaraa s 2
Chapter 1: Transfer LEarniNg........oiciuui i e e e e e e e e e e e et e e e e et e e e eaaeeeene 3
1.1: Transfer Learning Definition & Categorizations...........cccooeiiiiiiiiii i, 3
1.2: Transfer Learning StUdIES. ..o e 6
1.3: Transfer Learning APPlICALIONS ... .. .uuieie e 11
Chapter 2: Recommendation SYSLEMS ........coiiiiiiiiiieeeee e 13
2.1: Recommendation Systems Definition & Categorizations.............ccovviiiiiiiiininennn. 13
2.2: Transfer Learning In Recommender SYStEMS. .........uiiiieieieiireeeee e 15
2.2.1: SumMmMary Of LItEratUure. ..ot e e e e e 15
2.2.2: Cross-Domain Recommendation TEChNIQUES........veiiiiiiiiiei e eaeees 20
2.3: ChallenNges & OPEN ISSUEBS. . ... .uuie ettt ee e et e e ee e e e 27
Chapter 3: Transfer Learning Via Aggregating Knowledge: An Experimental Study............ 30
CONCIUSION & FUUIE WOTK ...t e e e e e et e e e e e e e eaan e e as 35
REFEIEINCES. ...ttt e ettt 36



Abstract

Recommendation systems are becoming more and more important nowadays providing
companies with a great advantage. Data sparseness, though, is a major problem for
collaborative filtering (CF) techniques in recommender systems, especially for new users and
items, making it difficult to make good recommendations. That is where Transfer Learning
comes in. In this study, the goal is to improve the quality of recommendations in a sparse
dataset by exploiting knowledge fromanother dataset. More specifically, the goalis to improve
the recommendations in the CDs & Vinyl domain by utilizing rating data from the Digital Music
domain. Experimental results show that CDs & Vinyl recommendations can indeed benefit
from making use of Digital Music recommendations.

Ta oUCTANATACUOTACEWY YiVOVTOl OAOEVA KOI TTIO GNUAVTIKA OTIG HEPES HAG TTPOCPEPOVTAG
MEYAAO TTAeOVEKTNUA OTIG €TTIXEIPNOEIS. Ouwg, N UTTapgn Aiywv Kai apaiwyv dedopévwy gival
éva onUavTiKG TTPORANUA yiIa Ta CUCTANOTA CUCTACEWY TTOU KAVOUV XPron TEXVIKWV
collaborative filtering (CF), €iQIK& o¢ TTEPITITWOEIG VEWV XPNOTWV 1 VEWV QVTIKEIMEVWY,
OUOKOAeUoVTAG TN dnuioupyia TTpoTdoewyv. Edw éykeiral n Metagopd IMNvwong (Transfer
Learning). Z€ auTr Tn MEAETN, 0 OTOXOG €ival va BEATIWOEI N TTOIOTNTA TWV TTPOTACEWYV O€ £V
OUVOAO OedOMEVWV XPNOIMOTTOIWVTAG yvwon atmd éva AGANo ouUvoAo dedopévwy. [io
OUYKEKPIPEVA, 0 OTOXOG cival va BeATiwBolv ol cuoTdoelg otov Touéa CDs & Vinyl
XpnoiyoTtrolwvTag BabuoAoyieg atmd Tov Topéa Digital Music. Ta TTeipapaTiKG aTToTEAEC UaTA
Ocgixvouv 0TI o1 TTpoTdoelg oTov Topéa CDs & Vinyl ytropoUv OvTwg va eTw@eAnBoUv aTto
XpPrRon yvwong atroé Tov Topéa Digital Music.



Chapter 1: Transfer Learning

This chapter contains the basic definitions and categorizations of Transfer Learning, some
of the most important related studies in each category and a review onthe type of applications
it has been used for.

1.1 Transfer Learning Definition & Categorizations

The fundamental motivation for Transfer learningin the field of machine learning was
discussed ina NIPS-95 workshop on “Learning to Learn”, which focused on the need
for lifelong machine-learning methods that retain and reuse previously learned knowledge.
Research on transfer learning has attracted more and more attention since 1995
in different names: learning to learn, lifelong learning, knowledge transfer, inductive
transfer, multi-task learning, knowledge consolidation, context-sensitive learning,
knowledge-based inductive bias, meta learning, and incremental/cumulative learning. In
2005, the Broad Agency Announcement (BAA) 05-29 of Defense Advanced Research
Projects Agency (DARPA)’s Information Processing Technology Office (IPTO) gave anew
mission of transfer learning: the ability of a system to recognize and apply knowledge and
skills learnedin previous tasks to noveltasks. In this definition, transfer learning aims to extract
the knowledge from one or more source tasks and applies the knowledge to atarget task.

The key motivation is the fact that most models which solve complex problems need awhole
lot of data, and getting vast amounts of labeled data for supervised models can be really
difficult, considering the time and effort it takes to label data points. Traditional learning is
isolated and occurs purely based on specific tasks, datasets and training separate isolated
models on them. No knowledge is retained which can be transferred from one model to
another. Inspired by human beings’ capabilities to transfer knowledge across domains,
transfer learning aims to leverage knowledge from arelated domain (called source domain) to
improve the learning performance or minimize the number of labeled examples required in a
target domain.

Before offering the definition of transfer learning, it is necessary to define the notion of a
domain and a task. A domain D is composed of two parts: a feature space X and a marginal
distribution P(X). In other words, D = {X, P(X)}. And the symbol X denotes an instance set,
which is defined as X = {x|xi€ X, i =1, - - -, n}. The marginal distribution P(X) is generally an
invisible component, and it is hard to obtain its explicit formulation. Given a specific domain,
D ={X, P(X)}, atask consists of two components: alabel space Y and an objective predictive
function f (denoted by T ={Y, f(-)}), which is not observed but can be learned from the training
data, which consist of pairs {xi, yi}, where xi € X and yi € Y. The function f(-) can be used to
predict the corresponding label, f(x), of a new instance x. From a probabilistic viewpoint, f(X)
can be written as P(y|x), which represents the predicted conditional distributions of instances.
Given a source domain Ds and learning task Ts, a target domain Dt and learning task T,
transfer learning aims to help improve the learning of the target predictive function fr(-) in Dr
using the knowledge in Ds and Ts, where Ds # Dt , or Ts # Tt . Since D = {X , P(X)}, the



condition Ds # Dt implies that either Xs # Xt or Ps(X) # P1(X). Similarly, since T = {Y, P(Y |X)},
the condition Ts # Trimplies that either Ys # Yt or P(Ys|Xs) # P(YT |XT).
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Following a space-setting-based categorization, transfer learning can be divided into two
categories, i.e., homogeneous and heterogeneous transfer learning. Homogeneous transfer
learning approaches are developed and proposed for handling the situations where the
domains are of the same feature space. In homogeneous transfer learning, some studies
assume that domains differonly in marginal distributions. Therefore, they adapt the domains
by correcting the sample selection bias or covariate shift. However, this assumption does not
hold in many cases and so some studies further adapt the conditional distributions.
Heterogeneous transfer learning refers to the knowledge transfer process in the situations
where the domains have different feature spaces. In addition to distribution adaptation,
heterogeneous transfer learning requires feature space adaptation.

Following a label-setting-based categorization, transfer learning can be:

e Inductive, where labeled data are available in the target domain while labeled or no-
labeled data are available in the source domain. In this setting, source and target tasks
are different.

e Transductive, where labeled data are available only in the source domain. In this
setting, source and target domains are different.

e Unsupervised, where no labeled data are available. In this setting, source and target
tasks are different but related.

In transfer learning, there are three main research issues: (1) What to transfer; (2) How to
transfer; (3) When to transfer. “What to transfer” asks which part of knowledge can be
transferred across domains or tasks. Some knowledge is specific for individual domains or
tasks, and some knowledge may be common between different domains such that they may
help improve performance for the target domain or task. After discovering which knowledge
can be transferred, learning algorithms need to be developed to transfer the knowledge, which
corresponds to the “how to transfer” issue. “When to transfer” asks in which situations,
transferring skills should be done. In some situations, when the source domain and target
domain are notrelated to each other, brute-force transfer may be unsuccessful. In the worst
case, it may even hurt the performance of learning in the target domain, a situation which is
often referred to as negative transfer. Based on “what to transfer” there are four main transfer
learning approaches:

e Instance transfer, where labeled data in the source domain are re-weighted for use in
the target domain.

e Feature representation transfer, with the goal of finding agood feature representation
that reduces the difference between the source and the target domain. Feature-based
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approaches can be asymmetric or symmetric. Asymmetric approaches transform the
source features to match the target ones, while symmetric approaches attempt to find
a common latent feature space and then transform both the source and the target
features into anew feature representation.

e Parameter transfer, with the goal of discovering shared parameters or priors between
the source and target domain models.

e Relational knowledge transfer, where a mapping of relational knowledge between the
source and the target domain is built. This approach attempts to handle non-IID data,
such as data that is not independent and identically distributed.

Transfer learning approaches are interpreted from the data and the model perspectives
according to [1]. Data-based approaches focus on transferring the knowledge via the
adjustment and the transformation of data, while model-based approaches focus more on the
model.
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Before listing the related studies that have been conducted in each category, it is important
to give some basic definitions of the strategies, starting with the feature transformation ones.
In Feature Replication usually a padding with extra zeroes takes place in order to make the
dimensionsfromthe two domains the same. Feature Stacking is one of the ensemble learning
methods that fuses multiple weak classifiers to get a better performance than any single one.
In Feature Mapping instances are mapped to a lower-dimensional feature space. Feature
Clustering aims to find a more abstract feature representation of the original features. Feature
Selection aims to extract the pivot features, which are the ones that behave in the same way
in different domains. Feature augmentation and feature reduction mainly focus on the explicit
featuresin a feature space. Feature Encoding makes use of autoencodersto produce the new
feature representation. Autoencoders basically consist of an encoder, which produces a more
abstract representation of the input, and a decoder, which maps back the representation and
minimizes the reconstruction error. While feature augmentation and feature reduction mainly
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focus on the explicit features in a feature space, feature alignment also focuses on some
implicit features such as the statistic features, the spectral features, and the subspace
features. Subspace Feature Alignment makes use of a set of intermediate subspaces to model
the shift between the two domains. Statistical Feature Alignment is based on the alignment of
statistic features such as the covariance matrices. Spectral Feature Alignment utilizes the
spectrum, i.e. eigenvalues, of the similarity matrix to reduce the dimension of the features
before clustering.
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Model Control Strategies are about directly adding the model-level regularizers to the
learner’s objective function. In this way, the knowledge contained in the pre-obtained source
models can be transferred into the target model during the training process. Parameter
Sharing approaches share the parameters of the source learner to the target learner. Some
are network-based, while others are matrix-factorization-based. In contrast, Parameter
Restriction only requires the parameters of the source and target models to be similar. Model
Ensemble strategies combine a number of weak classifiers to make the final predictions.
Finally, Deep Learning Techniques make use of artificial neural networks for representation
learning.

1.2 Transfer Learning Studies

In order to review previous works on transfer learning, the categorizations of the previous
section are utilized. Firstly, related works are viewed in referenceto the label-based settings
and secondly, data-based and model-based interpretations are examined in depth.

In the inductive transfer learning setting, all four types of approaches have been tried in
terms of “what to transfer”. In the transductive transfer learning setting, only instance and
feature representation transfer approaches have been tried. Finally, in the unsupervised
transfer learning setting, only feature representation approaches have been tried.



Instance Weighting

Instance-weighting has been used in many approaches, both estimation and heuristic.
Huang et al. [2] proposed Kernel Mean Matching (KMM) which matches the means between
the source and the target domain instances in a Reproducing Kernel Hilbert Space (RKHS).
Sugiyama et al. [3] proposed the Kullback-Leibner Importance Estimation Procedure (KLIEP),
which depends on the minimization of the Kullback-Leibner divergence and incorporates a
built-in model selection procedure. Sun et al. [4] proposed the 2-Stage Weighting Framework
for Multi-Source Domain Adaptation (2S-MDA). Dai et al. [5] proposed TrAdaBoost. In addition
to the estimation approaches mentioned above, heuristic approaches have also been tried
e.g. the work of Jiang and Zhai [6]. Their target classifier is constructed with the use of labeled
target domain instances, unlabeled target domain instances and labeled source domain
instances. After the training, source domain instances are ranked and finally they are
heuristically weighted, the weights of the top-k instances with wrong predictions are set to 0
and the other weights to 1.

Feature Transformation

The feature transformation strategy has been tested for both supervised and unsupervised
feature construction. Diving deeper into the feature transformation categories mentioned in
the previous section, Daumet al. [7] proposed the Feature Augmentation Method (FAM)which
transforms the original features by simple feature replication. The new feature representation
consists of general features, source-specific features and target-specific features. They later
extended (2010) FAM to also make use of unlabeled instances. Another feature augmentation
approach was that of Li etal. [8][9]. They proposed the Heterogeneous Feature Augmentation
(HFA), which maps the original features into a common feature space and then performs a
feature stacking operation.

Feature Mapping

In the category of feature mapping, Pan et al. [10] proposed the Transfer Component
Analysis (TCA). TCA adopts MMD to measure the marginal distribution difference and
enforces the scatter matrix as the constraint. It just needs to learn a linear mapping from an
empirical kernel feature space to a low-dimensional feature space. Long et al. [11] proposed
the Joint Distribution Adaptation (JDA). JDA attempts to find a transformation matrix that maps
the instances to a low-dimensional space where both the marginal and the conditiona
distribution differences are minimized. To realize it, the MMD metric and the pseud o-label
strategy are adopted. Wang et al. [12] proposed the Balanced Distribution Adaptation (BDA),
an extension of JDA. BDA attempts to balance the marginal and the conditional distribution
adaptation. The authors also proposed the Weighted BDA (WBDA), where the conditiona
distribution difference is measured by a weighted version of MMD to solve the class imbalance
problem. Long et al. [13] also proposed the Adaptation Regularization Based Transfer
Learning (ARTL). The goals of ARTL are to learn the adaptive classifier, to minimize the
structural risk, to jointly reduce the marginal and the conditional distribution difference, and to
maximize the manifold consistency between the data structure and the predictive structure.
Duan et al. [14] proposed the Domain Transfer Multiple Kernel Learning (DTMKL), where the
kernelfunctionisassumedto be a linear combination of a group of base kernels. DTMKL aims
to minimize the distribution difference, the classification error etc. simultaneously.



Feature Clustering

As far as feature clustering is concerned, Dai et al. [15] proposed the Co-Clustering Based
Classification (CoCC) which is used for document classification. In CoCC both the source and
the target document-to-word matrices are co-clustered. The source document-to-word matrix
is co-clustered to generate the word clusters based on the known label information and these
word clusters are used as constraints during the co-clustering process of the target domain
data. Dai et al. [16] also proposed an unsupervised clustering approach, the Self-Taught
Clustering (STC), which aims to simultaneously co-cluster the source domain and target
domain instances with the assumption that these two domains share the same feature clusters
in their common feature space. Differentfromthe above-mentioned co-clustering-based ones,
some approaches extract the original features into concepts (or topics). In the document
classification problem, the concepts represent the high-level abstractness of the words (e.g.
word clusters). LSA [17] aims at mapping the document-to-word matrix to a low-dimensiona
space. It attempts to find the true meanings of the words. To realize this, the SVD technique
is used. PLSA [18], based on a statistical view of LSA, assumes that there is a latent class
variable which reflects the concept, associating the document and the word. PLSA constructs
a Bayesian network and the parameters are estimated by using the Expectation-Maximization
(EM) algorithms. Dual-PLSA [19] assumes there are two latent variables associating the
documents and the words. TPLSA (Topic-Bridged PLSA), by Xue et al. [20], assumes that the
source domain and target domain instances share the same mixing concepts of the words.
Collaborative Dual PLSA (CD-PLSA), by Zhuang et al. [21] [22], is proposed for multi-domain
text classification. The authors adopt the EM algorithm to find the parameters. Zhuang et al.
[23] also proposed the Homogeneous-ldentical-Distinct-Concept-Model (HIDC). HIDC is
composed of three generative models i.e. the models of the identical-concept, which is the
directly transferable one, the homogeneous-concept, which is the domain-specific one that
may have different effects at different domains, and the distinct-concept, which is the non-
transferable domain specific one.

Feature Selection

In the category of feature selection, Blitzer et al. [24] proposed the Structura
Correspondence Learning (SCL). The obtained pivot features are utilized to find a low-
dimensional common latent feature space and a new feature representation is constructed by
stacking the original features with the obtained low-dimensional features.

Feature Encoding

In reference to feature encoding, Glorot et al. [25] proposed the Stacked Denoising
Autoencoder (SDA). The denoising autoencoder contains a randomly corrupting mechanism
that adds noise to the input before mapping. Chen et al. [26] [27] proposed the Marginalized
Stacked Linear Denoising Autoencoder (mSLDA), which adopts linear autoencoders, and
marginalizes the randomly corrupting step in a closed form. That way the training time is
shortened.

Feature Alignment

In the category of feature alignment, Fernando et al. [28] proposed the Subspace Alignment
(SA), where the subspaces are generated by performing PCA. Sun and Saenko [29] proposed
the Sunspace Distribution Alignment between Two Subspaces (SDA-TS), that aligns both the
subspaces and the the distributions. Gong et al. [30] proposed the Geodesic Flow Kernel
(GFK), closely related to GFS (Geodesic Flow Subspaces) [31]. GFK integrates an infinite
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number of subspaces located on the geodesic curve from the source to the target subspace,
in contrast with GFS where a finite number of interpolated subspaces is generated between
the two subspaces. Sun et al. [32] proposed the Co-Relation Alignment (CORAL), which
constructs the transformation features by aligning the second-order statistic featuresi.e. the
covariance matrices. Pan et al. [33] proposed the Spectral Feature Alignment (SFA) for
sentiment classifications, while Ling et al. [34] proposed the Cross-Domain Spectral Classifier
(CDSC).

Model Control

Under the model control strategy, Duan et al. [35] proposed the Domain Adaptation Machine
(DAM), which is designed for multi-source transfer learning. Luo et al. [36] [37] proposed the
Consensus Regularization Framework (CRF) formulti-sourcetransfer learning with no labeled
target domain instances. The classifiers of each source domain need to reach mutual
consensuses on the domain target. This framework is implemented based on logistic
regression. In light of the manifold assumption and the graph-based regularizer, Fast-DAM,
proposed by Duan et al. [38], designhs a domain-dependent regularizer. Univer-DAM’s [39]
objective function contains an additional regularizer. This regularizer usually utilizes an
additional dataset termed Universum where the instances do not belongto either the positive
or the negative class. The source domain instances are treated by the authors as the
Universum for the target domain.

Parameter Sharing

In the category of parameter sharing, Zhuang et al. [40] proposed the Matrix Tri-
Factorization Based Classification Framework (MTrick) for text classification. MTrick attempts
to find the connections between the document classes and the concepts conveyed by the
word clusters through matrix tri-factorization. The main idea is to decompose a document-to-
word matrix into three matrices: document-to-word, connection, cluster-to-word. MTrick
assumes that the domains share similar concepts behind their word clusters. An extension of
MTrick, TriTL [41] assumes that the concepts of the domains can be divided into three types:
domain-independent, transferable domain-specific and non-transferable domain-specific.
Wang et al. proposed atransfer learning framework forimage classification [42], as well as an
approach that integrates two matrix tri-factorizations into ajoint framework [43]. Do et al. [44]
utilized matrix tri-factorization to discover both the implicit and the explicit similarities for cross
domain recommendation.

Parameter Restriction

In the category of parameter restriction, Tommasi et al. [45] proposed the Single-Model
Knowledge Transfer (SMKL), which is based on Least-Squares SVM (LS-SVM) for category-
learning. SMKL selects one of the pre-obtained binary decision functions and transfers the
knowledge contained in its parameters. The authors further extended SMKL by utilizing all the
pre-obtained decision functions in an approach termed Multi-Model Knowledge Transfer
(MMKL) [46].

Model Ensemble

Under the model ensemble strategy, TrAdaboost, which was previously mentioned in the
instance weighting strategy, ensembles weak classifiers via voting and weighting.
TaskTrAdaBoost [47] is an extension of TrAdaBoost for handling multi-source scenarios. The
difference between the original AdaBoost and the second stage of TaskTrAdaBoost is that in
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each iteration the former constructs a new candidate classifier on the weighted targetdomain
instances, while the latter selects one pre-obtained candidate classifier which has the minimal
classification error on the weighted target domain instances. Gao et al. [48] proposed the
Locally Weighted ensemble (LWE), which focuses on the ensemble process of various
learners, that could be constructed on different source domains or be built by performing
different learning algorithms on a single source domain. In LWE a learner is usually assigned
with different weights when classifying different target domain instances. The weights are
estimated using a graph approach based on the manifold assumption (if two instances are
close to each other in a high-density region, they often have similar labels). Zhuang et al. [49]
proposed the Ensemble Framework of Anchor Adapters (ENCHORY), which constructs agroup
of weak learners via using different representations of the instances produced by anchors
(specific instances). The higher the similarity between a certain instance and an anchor, the
more likely the feature of that instance remains unchanged relative to the anchor.

Deep Learning Techniques

As far as deep learning techniques are concerned, both traditional and adversarial
approaches have been tested. SDA and mSDA, which were already mentioned above, make
use of Deep Learning technigues. Zhuang et al. [50] [51] proposed Transfer Learning with
Deep Autoencoders (TLDA), where two autoencoders are adopted for source domain and
target domain respectively. These two autoencoders share the same parameters. The
encoder and the decoder both have two layers with activation functions. Long et al. [52] [53]
performed multi-layer adaptation and utilized a multi-kernel technique proposing Deep
Adaptations Networks (DAN). DAN is initialized by a pre-obtained AlexNet, and was later
extended to include an additional regularizer and to be generalized both in terms of
architecture (e.g. applied to GoogleNet, ResNet) and in terms of measurement. Long et al.
[54] also constructed residual transfer networks for domain adaptation. Besides, they
proposed the Joint Adaptation Network (JAN), which adapts the joint distribution difference of
multiple layers. Sun and Saenko [55] extended CORAL for deep domain adaptation and
proposed an approach termed Deep CORAL (DCORAL), in which the CORAL loss is added
to minimize the feature covariance. Pan et al. [56] constructed three prototypical networks,
corresponding to Ds, Dt, and DsUDr, and incorporated the thought of multi-model consensus.
They also adopted the pseudo-label strategy and adapted both the instance-level and the
class-level discrepancy. Kang et al. [57] proposed the Contrastive Adaptation Network (CAN),
which is based on the discrepancy metric termed contrastive domain discrepancy. Zhu et al.
[58] aimed to adapt the extracted multiple feature representations, and proposed the Multi-
Representation Adaptation Network (MRAN). Zhu et al. [59] also proposed the Multiple
Feature Spaces Adaptation Network (MFSAN).

In the category of adversarial deep learning, the original GAN [60] is composed of two
models, a generator G and a discriminator D. G produces the counterfeits of the true data for
the purpose of confusing the D and making him produce wrong detection. D is fed with the
mixture of the true data and the counterfeits, and it aims to detect whether a data is the true
one or the fake one. These two models actually play a two-player minimax game. Ganin et al.
[61] [62] proposed the Domain-Adversarial Neural Network (DANN) for domain adaptation.
DANN assumes that there is no labeled target domain instance to work with. Its architecture
consists of afeature extractor, alabel predictor, and a domain classifier. The feature extractor
is like the generator aiming to produce the domain-independent feature representation for
confusing the domain classifier. The domain classifier plays the role of the discriminator
attempting to detect whether the extracted features come from the source or the target
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domain. The label predictor produces the label prediction of the instances, which s trained on
the extracted features of the labeled source domain instances. Long et al. [63] proposed the
Conditional Domain Adversarial Network (CDAN), which utilizes a conditional domain
discriminator to assist adversarial adaptation. Zhang et al. [64] proposed the Importance
Weighted Adversarial Nets-Based Domain Adaptation (IWANDA) for partial domain
adaptation. Partial transfer learning refers to the scenario whenthe target domain classes are
less than the source domain classes. In this case source domain instances with differentlabels
may have different importance for domain adaptation. IWANDA uses two domain-specific
feature extractors for the source and the target domain respectively, two domain classifiers
and one label predictor. The first classifier is optimized to minimize the domain classification
error. The second classifier plays a minmax game with the target feature extractor. This
classifier aims to detect whether an instance is the instance from the target domain or the
weighted instance from the source domain, and to reduce the uncertainty of the label
prediction. The targetfeature extractoraimsto confuse the second classifier. The work by Cao
et al. [65] also focuses on partial transfer learning by constructing a selective adversarial
network. Last but not least, Chen et al. [66] investigated the transferability and the
discriminability in the adversarial domain adaptation and proposed a spectral penalization
approach to boost the existing adversarial transfer learning methods.

Relational Approaches

It is also important to underline some relational approaches. Mihalkova et al. [67] proposed
the algorithm TAMAR that transfers relational knowledge with Markov Logic Networks (MLNS)
across relational domains. Davis et al. [68] also proposed an approach based on a form of
second-order Markov logic.

1.3 Transfer Learning Applications

Transfer learning has been used in various applications. There have been text-related
applications, such as text classification and sentiment classification (CoCC, TPLSA, CD-
PLSA, HIDC, MTrick, TriTL, SDA, SPA etc), and image-related applications (DAN, DCORAL,
DANN).

Transfer learning has also been utilized for biomedical imaging analysis. For example, Shin
et al. [69] fine-tuned the pre-trained deep learning neural network to help diagnose. Similarly,
Magsood et al. [70] fine-tuned the AlexNet for the detection of Alzheimer. Byra et al. [71]
utilized the transfer learning technology to help assess knee osteoarthritis. In addition to
imaging analysis, transfer learning has other applications in the medical area. For example,
the work by Tang et al. [72] combines the active learning and the domain adaptation
technologies for the classification of various medical data. Zeng et al. [73] utilized transfer
learning for automatically encoding ICD-9 codes that are used to describe a patient’s
diagnosis.

Transfer learning has also been tested in the field of bioinformatics. For example, Mei et a.
[74] proposed a gene-ontology-based model for the predictions of protein subcellular
localization, where the gene-ontology terms are transferred, and a kernel-based classifier is
trained. Another work by Mei [75] proposes an approach to predict the subcellular multi-
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locations of plant proteins via knowledge transfer. Besides, transfer learning can also be
utilized to construct models for predicting the associations between genes and phenotypes
[76].

Communication applications, such as Wi-Fi localization tasks and wireless-network
applications have been widely tested. Apart fromthat, Bastug et al. [77] proposed a caching
mechanism. The knowledge contained in contextual information, which is extracted from the
interactions between devices, is transferred to the target domain. Li et al. [78] proposed an
energy saving scheme for cellular radio access networks. Zhao and Grace [79] applied
transfer learning to topology management for reducing energy consumption.

Transfer learning has also been tested in the field of transportation for anomaly detection,
traffic sign recognition, vehicle classificationetc. For example, Gopalakrishnan et al. [80] made
use of a pre-trained deep neural network to construct a model for automatic detection of
pavement cracks.

Other transfer learning applications include hand gesture recognition, face recognition,
activity recognition, and speech emotion recognition. Arnold et al. [81] focused on name-entity
recognition problems. Zhuo et al. [82] studied how to transfer domain knowledge to learn
relational action models across domains in automated planning. Raykar et al. [83] proposed
an algorithm for training classifiers for computer aided design (CAD). Kuhlmann and Stone
[84] proposed a graph-based method for identifying previously encountered games and
applied this technigue to automate domain mapping for value function transfer and speed up
reinforcement learning on variants of previously played games. Transfer Learning has also
been tested for Knowledge Graph completion in a study of Piao and Breslin [85].
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Chapter 2: Recommendation Systems

This chapter starts with the basic definitions and categorizations concerning
Recommendations Systems and continues with the use of Transfer Learning for
Recommendation Systems. To be more specific, there is an overview of the building blocks of
the studies concerning Transfer Learning for Recommendation Systems, a categorization of
the cross-domain recommendation techniques, and a discussion about the challenges and
open issues.

2.1 Recommendation Systems Definition & Categorizations

Recommender systems
|

. . .

Content based methods Collaborative filtering methods Hybrid methods

Define a model for user-item Mix content based and
interactions where users and/or collaborative filtering
items representations are given approaches.

(explicit features).

Model based Memory based

Define a model for user-item Define no model for user-item
interactions where users interactions and rely on
and items representations similarities between users

have to be learned from or items in terms of
interactions matrix. observed interactions.

Summary of the different types of recommender systems algorithms.

A recommender system, or arecommendation system, is a subclass of information filtering
system that seeks to predict the "rating" or "preference"” a user would give to an item.
Recommender systems are utilized in a variety of areas and are most commonly recognized
as playlist generators for video and music services like Netflix, YouTube and Spotify, product
recommenders for services such as Amazon, or content recommenders for social media
platforms such as Facebook and Twitter. These systems can operate using asingle input, like
music, or multiple inputs within and across platforms like news, books, and search queries.
Recommender systems usually make use of either or both collaborative filtering and content-
based filtering (also known as the personality-based approach), as well as other systems such
as knowledge-based systems.

Collaborative filtering is based on the assumption that people who agreed in the past will
agree in the future, and that they will like similar kinds of items as they liked in the past. The
system generates recommendations using only information about rating profiles for different
users or items. Collaborative filtering methods are classified as memory-based and model-
based. A memory-based approach conducts certain forms of nearest neighbour search in
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order to predict the rating. On the other hand, a model-based approach uses the observed
user-itemratings to train a compact model that explains the hidden pattern of the given data.

In memory based collaborative methods, no latent model is assumed. The algorithms
directly work with the user-item interactions: for example, users are represented by their
interactions with items and a nearest neighbours search on these representations is used to
produce suggestions. There are two types of approaches, user-user and item-item. The user-
user method roughly tries to identify users with the most similar “interaction profile” (nearest
neighbours) in order to suggestitemsthatare the most popular among these neighbours. This
method is said to be “user-centred” as it represents users based on their interactions with
items and evaluate distances between users. On the other hand, the idea of item-item method
is to find items similar to the ones the user already “positively” interacted with. Two items are
considered to be similar if most of the users that have interacted with both of themdid it in a
similar way. This method is said to be “item-centred” as it represents items based on
interactions users had with them and evaluate distances between those items. The user -user
method is based on the search of similar users in terms of interactions with items. Conversely,
the item-item method is based onthe search of similar items in terms of user-iteminteractions.
Thus, this approach is less personalized than the user-user approach but more robust.

In model based collaborative methods, some latent interaction model is assumed. Model
based collaborative approaches only rely on user-item interactions information and assume a
latent model supposed to explain these interactions. New suggestions can then be done based
on this model. For example, matrix factorization algorithms consist in decomposing the huge
and sparse user-item interaction matrix into a product of two smaller and dense matrices: a
user-factor matrix (containing user representations) that multiplies a factor-item matrix
(containing item representations). The main assumption behind matrix factorization is that
there exists a pretty low dimensional latent space of features in which we can represent both
users and items and such that the interaction between auser and an item can be obtained by
computing the dot product of corresponding dense vectors in that space. The consequence of
such factorization is that close users in terms of preferences as well as close items in terms
of characteristics end up having close representations in the latent space.

Content-based filtering methods are based on a description of the item and a profile of the
user's preferences. These methods are best suited to situations where there is known data on
an item (name, location, description, etc.), but noton the user. Content-based recommenders
treat recommendation as a user-specific classification problem and learn a classifier for the
user's likes and dislikes based on product features. In this system, keywords are used to
describe the items and a user profile is built to indicate the type of item this user likes. In other
words, these algorithms try to recommend items that are similar to those that a user liked in
the past or is examining in the present. Thus, in content-based methods some latent
interaction model is also assumed. However, here, the model is provided with content that
defines the representation of users and/or items.

If the classification (or regression) is based on user features, we say the approach is item-
centred: modelling, optimizations and computations can be done “by item”. This model leads,
in general, to pretty robust models as a lot of users have interacted with the item. However, it
can be considered as being less personalised (more biased) than the user-centred method
thereafter. If the classification (or regression) is based on item features, the method is then
user-centred: modelling, optimizations and computations can be done “by user”. The model
obtained is more personalised than its item-centred counterpart as it only takes into account
interactions from the considered user. However, most of the time a user has interacted with
relatively few items and, so, the model we obtain is afar less robust than an item-centred one.
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Finally, let's mention that content based methods can also be neither user nor item centred:
information about both user and item can be used for the models, for example by stacking the
two features vectors and making them go through a neural network architecture.

Collaborative filtering approaches often suffer from cold start, scalability, and sparsity
problems. At the same time, in content-based filtering the systemis limited to recommending
content of the same type as the user is already using, and so the value from the
recommendation systemis significantly less than when other content types from other services
can be recommended. This is why most recommender systems now use a hybrid approach,
combining collaborative filtering, content-based filtering, and other approaches. Hybrid
approaches can be implemented in several ways: by making content-based and collaborative-
based predictions separately and then combining them; by adding content-based capabilities
to a collaborative-based approach (and vice versa); or by unifying the approaches into one
model. These methods can also be used to overcome some of the common problems in
recommender systems such as cold start and the sparsity problem, as well as the knowledge
engineering bottleneck in knowledge-based approaches.

2.2 Transfer Learning In Recommender Systems

2.2.1 Summary Of Literature

The study of Khan & Ibrahim [86] did a particularly good job at summarizing the literature in
Cross Domain Recommendation Systems. The objective of this study was to identify the
widely used CDRS building-block definition and to classify and visualize current CDRS
research in the frame of identified building-block definitions. The three building blocks that
every primary study tries to identify itself with are domain difference, user-item overlap
scenario, and recommendation tasks.

Domain Difference
As far as domains are concerned, Khan & Ibrahim concluded in the categorization below,
that makes use of previous definitions by Li et al. [87] and Cantador et al. [88].

Definition group used

1 1
System Time Data

Category
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Domaim Domain Domain
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System domain refers to situations when data in the target recommender system rating
matrix (e.g. MovieLens) are sparse as compared to some related recommender system (e.g.,
Netflix), and therefore each recommender system is considered as a distinct domain. In
recommender systems, users’ interactions with items can be stored in the form of numeric
ratings (1-5) or binary ratings, for example, item likes or dislikes. These multi-dimensiona
data for similar interaction is considered to be a different datadomain. A time domain is formed
when a rating matrix having timestamps is split into different time slices and each slice is then
considered as a separate temporal domain. Finally, recommender systems items can be
grouped with respect to item attributes or types as far as they reside inside a single system
domain. Hence, each attribute or type can be described as a different category. When
knowledge is transferred between different categories for recommendation generation, it is
considered as category domain transfer. For example, Hu et al. [89] and Loni et al. [90]
transferred knowledge among AMAZON items having type book, Music CD, DVD, and VHS,
Tang et al. [91] and Shapira et al. [92] transferred knowledge among Facebook items having
type Music, Movie, TV, and books, while Berkovsky et al. [93] and Nakatsuji et al. [94]
transferred knowledge between EachMovies items having different genres.

User-ltem Overlap

The most prominent study related to user-item overlap was conducted by Cremonesi et al.
[95] where they identified four user-item overlap scenarios. In the first scenario, no user and
no item are found to be common between participating domains (NU-NI). Ratings of both
domains are analyzed to identify similarity of users and items. In the second scenario, users
are found to be common between participating domains hence assisting in recommendation
generation (U-NI). In the third scenario, items are found to be common between participating
domains; hence assisting in recommendation generation (NU-1). Finally, in the fourth scenario,
users and items are found to be common between participating domains; hence both assist in
recommendation generation (U-1). For example, Gao et al. [96] and Li et al. [97] transferred
knowledge from EachMovies to the MovieLens dataset based on similar items; Berkovsky et
al. [93] and Zhang et al. [98] transferred knowledge between different movie genres among
the same users; Pan et al. [99] [100] transferred knowledge from binary interactions to
numerical ratings between same users and items; while Huang et al. [101] and Xin et al. [102]
transferred knowledge between rating matrices having different timestamps between same
users and items.

Recommendation Tasks
As far as recommendation tasks are concerned, there are two main factors involved: the
scope of recommended items and the scope of target users. Recommended items can come
fromboth source or target domains or fromonly one of the two domains. Similarly, target users
can reside in either one or both of the two domains. Khan & Ibrahim proposed the following
categorizations:
C1: Single target domain recommendation. Items in one domain are recommended to users
of the respective domain based on knowledge acquired from another domain.
C2: Combined Recommendation. Items from both domains contribute to the generated
recommendation that is then presented to users of either one or both of the two domains.
C3: Cross domain recommendation. Itemsresiding in one domain are recommended to other
domain users based on knowledge learned from users and items of both domains.
For example, Gao et al. [96] and Li et al. [97] generated recommendation for users in target
domain, while Zhang et al. [98] generated recommendation for users of both domains.

16



Khan & Ibrahim further continuedtheir study to find out the combinations of the above blocks
that have been tested. Considering the case of a single source domain, no study was found
for scenarios between the following: system domain vs. user-item overlap; data domain vs.
user-no item overlap, and no user-no item overlap; time domain vs. user-no item; no user-
item, and no user-no item overlap. The reason highlighted by Fernandez-Tobias et al. [103]
for such atrend is non availability of the appropriate dataset. Considering the case of multiple
source domains, some studies were found that transferred knowledge with respect to two
domains, whereas only a few transferred knowledge with respect to three domains. One
reason found for the decline in studies with respect to increasing domain was related to
algorithm complexity. Single domain scenarios are abundant, whereas three domain overlap
scenarios are the least common. The category domain obtained a maximum contribution of
37 studies, whereas the time domain received input from only two studies. In the case of a
user-item overlap comparison, all of the scenarios were found to be participating nearly as
equals.

Gap between corresponding Multi domain Domain UT Overlap
sCenarios Percentage contribution contribution
Querap wua | GEENEREREE | een EpaneE
> I- ]- I- - AEEEEERE
Domain U-T |U-NITNU-T}! EEEEEEEEEE K NEN
EEEEEEEE
System gap | | 13 . EEEEENEEEE
AEEEEREEEEE
EEEEEER
Category 13 21 1 2
Data 3 | eap | 3 | eap One (6%) Category (62%) U-T (249
Two (29%) B System (25%) ' W U-NI (26%)
Time 2 | e | eap | eap W Three (65%) Data (10%) NU-I (23%)
W Time (3%) W NU-NI (27%)
A B C D

Among all recommendation tasks, the single target domain recommendation (C1) provides
the majority contribution followed by combined recommendation (C2) and, finally, cross
domain recommendation (C3), respectively. Based on the gathered primary studies, the
research gap was found at the intersection of the cross domain recommendation (C3), User-
Item overlap and combined recommendation (C2), No User-ltemoverlap. These gaps are due
to the definitions of the categories and the lack of proper datasets. For recommendation tasks
VS. user-item overlap scenarios, user-no item overlap scenario was found to have maximum
contribution whereas the no user - item overlap had a minimum contribution of 20%.
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Algorithms

Algorithms that enable cross domain recommender systems research can be grouped into
seven categories, specifically: clustering, semantics, graph-based, probability distribution,
factorization, tag-based association, and others. The last one refers to studies that proposed
techniques for transfer learning between participating domains, which were application
specific.

One of the primitive algorithms for cluster-based cross domain recommender system
research was proposed by Moreno et al. [104]. They designed a method to cluster ratings in
a source domain based on users and items having similar rating patterns. This cluster was
then transferred to a target domain and expanded according to similar user and items. Other
studies based on clustering algorithm are those by Chen et al. [105], Wang et al. [106], Gao
et al. [96], Yi etal. [107], Li et al. [97], Berkovsky et al. [93], Tang et al. [108], Li et al. [109],
and Liet al. [110].

Semantic-based approaches find their root in knowledge engineering and ontology. The
main idea behind semantic-based approaches is to generate a knowledge map using
information available in the source domain and then transferring this knowledge map to the
target domain for appropriate classification of items according to generated ratings. This
approach was used by Moe and Aung [111] and Kumar et al. [112].

The graph-based approach attempts to identify the connection between users and items in
the source domain to generate a connection between similar users and items in the target
domain. Studiesthat carry outa graph based approach are those by Jiang et al. [113], Shapira
et al. [92], lwata and Takeuchi [114], Biadsy et al. [115], Guo and Chen [116], and Nakatsuiji
etal. [94].

Probability distribution works for similar items identified in both domains. It attempts to learn
the probability for each item with respect to all users of the source domain to find a probable
recommendation score. Once learned, knowledge is transferred to the target domain for
recommendation purposes. Studies utilizing probability distribution are Aizenbergetal. [117],
Renetal. [118],and Luetal. [119].

Factorization techniques attempt to factorize a source rating matrix into a couple of feature
matrices that are further combined with a target rating matrix to generate missing ratings.
Papers covering factorization techniques are Shi et al. [120], Hu et al. [89], Huang et al. [101],
Gao et al. [96], Xin et al. [102], Zhao et al. [121], Loni et al. [90], Shi et al. [122], Pan et al.
[123], Pan and Yang [124], Shietal. [125], Jing et al. [126], and Pan et al. [99] [100].

18



Tags-based association refers first to TAG-based association first group source users and
items with respect to their assigned TAGs. Second, on the association between source and
target domain TAGs being identified, a rating pattern can be shared. Dong and Zhao [127],
Yang et al. [128], Guo and Chen [129], and Moe and Aung [130] utilized TAGs-based
association to transfer knowledge from source to target domain.

Evaluation Metrics

Evaluation techniques are required to measure performance of proposed algorithms and to
identify evaluation techniques usedfor CDRS research. Based on the study of Khan & Ibrahim,
three groups were formed to identify evaluation metrics, that is, classification metrics,
prediction metrics,and ranking metrics. Classification metrics are used to measure an
algorithm’s ability to identify true positives, true negatives, false positives, and false negatives
with respect to an external judgment. Prediction metrics are similar to classification metrics
and are usually used for algorithms that tend to improve with each iteration. They find the
amount of error between the algorithms generated values and the actual values. Ranking
metrics are usually used for measuring the degree of similarity between two ranked lists of
items. MAE and RMSE are the most widely used metrics for evaluating collaborative filtering
approaches, but ranking-based metrics such as Precision, Success, Mean Reciprocal Rank,
and F-measure have been used as well. The following image displays the popularity of each
algorithm category and each evaluation metric category that has been used in the literature.
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The majority of research concentrates on factorization, graph and clustering based
approaches while in fact the most often used evaluation metrics are prediction followed by
classification and ranking metrics, respectively.

Datasets

In terms of used datasets, it was observed thatthe MovieLens dataset gained the maximum
contribution from 23 studies at 22%, followed by Netflix, which was used by 11 studies.
Moreover, many publicly accessible sources were used as datasets, in which 4 studies
generated datasets of their own. In conclusion, 29 datasets were used in shortlisted primary
studies, whereas the majority of the researchers focused on the popular datasets only.
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2.2.2 Cross-Domain Recommendation Techniques

According to Ivan Cantador and Paolo Cremonesi [88], cross-domain recommendation
techniques can be categorized into two main classes: aggregating knowledge, or linking and
transferring knowledge. The aggregated knowledge can be obtained at any stage of the
recommendation process. In particular, it can be obtained from user preferences acquired at
the user modeling stage, fromintermediate user modeling data utilized at the item relevance
estimation stage, or from item relevance estimations used at the recommendation generation
stage. The knowledge linkage and transfer can be done explicitly — e.g., via common item
attributes, semantic networks, association rules, and inter-domain user preference similarities
—, implicitly by means of latent features shared by domains, or by means of rating patterns
transferred between domains. Aggregating and linking techniques are discussed deeper
below.

Aggregating approach — Merging User Preferences

One of the aggregating approaches is merging user preferences e.g., ratings, tags,
transaction logs, and click-through data. In this case there is a need for having a significant
amount of user preferences in multiple domains, and methods for accessing and merging the
user profiles from different systems, which may have distinct types and/or representations of
user preferences. The most favorable scenario for aggregation-based methods implies that
different systems share user preferences of the same type and representation. This scenario
was addressed by Berkovsky et al. [93] [131] with a mediation strategy for cross-domain CF.
The authors considered a domain-distributed setting where a global rating matrix R is split, so
that single-domain recommenders store local rating matrices Rd having the same structure. In
this setting, a target domain recommender imports rating matrices Rd from the source
domains, integrates the local and remote rating data into the unified rating matrix R, and
applies CF to R.

Beyond numeric ratings and unary/binary data, other types of user preferences have also
been aggregated for cross-domain recommendations. In particular, several studies have
focused on aggregating user profiles composed of social tags and semantic concepts. In this
context, there is no need for user or item overlap between domains, since tags and concepts
are used as a common representation to merge user preferences from multiple domains.
Szomszor et al. were among the first to correlate tag-based user profiles from multiple
systems. They [132] presented an architecture that transforms a set of raw tags into a set of
filtered tags aligned between folksonomies in different domains. Crossing social-tag based
profiles from the Delicious and Flickr folksonomies, the authors showed that filtered tags
increase the overlap between domains, and allows discovering prominent user interests,
locations, and events. In a follow-up work, Szomszor et al. [133] extended their framework to
map social tags to Wikipedia concepts, and build cross-domain user profiles composed of
Wikipedia categories. An evaluation showed that new concepts of interest were learnt when
expanding a user tag cloud with an external repository. Related to these works, Abel et al.
[134] investigated the aggregation of a user’s tag clouds from multiple systems. They
evaluated a number of methods for semantic enrichment of tag overlap between domains, via
tag similarities and via association rules deduced from the tagging data across systems.
Aiming to analyze commonalities and differences among tag-based profiles, Abel et al. [135]
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later mapped tags to WordNet categories and DBpedia concepts. They used the mapped tags
to build category-based user profiles, which revealed significantly more information about the
users than the profiles available in specific systems. Also in the context of tag-based user
profile aggregation, Fernandez-Tobias et al. [136] presented an approach that maps tags to
emotional categories, under the assumption that emotions evoked by items in an
entertainmentdomain can be represented through tags of folksonomies in which the items are
annotated. Hence, emotions assigned to preferreditems would be the bridge to merge user
profiles across domains. Regarding the use of semantic concepts as user preferences, Loizou
[137] presented an approach that builds a graph where the nodes are associated with
Wikipedia concepts describing items liked by the users, and the edges encode the semantic
relationships between those concepts, obtained by integrating user ratings and Wikipedia
hyperlinks. Using such agraph, a Markov chain modelwas used to produce recommendations
by assessing the probability of traversing the graph towards a particular item, using the nodes
in the user’s profile as starting points. A related approach was studied by Fernandez-Tobias
et al. [138] and by Kaminskas et al. [139]. The authors presented a knowledge-based
framework of semantic networks that link concepts from different domains. These networks
are weighted graphs, in which nodes with no incoming edges represent concepts belonging
to the source domain, and nodes with no outgoing nodes represent co ncepts belonging to the
target domain. The framework provides an algorithm that propagates the node weights, in
order to identify target concepts that are most related to the source concepts. Implemented on
top of DBpedia, the framework was evaluated for recommending music suited to places of
interest, which were related through concepts from several domains and contextua
dimensions of location and time.

Instead of aggregating user preferences directly, several researches have focused on
directed weighted graphs that link user preferences from multiple domains. Nakatsuiji et al.
[94] presented an approach that builds domain-specific user graphs whose nodes are
associated with users, and whose edges reflect rating-based user similarities. Domain graphs
are connected via users who either rated items from several domains or shared social
connections, to create a cross-domain user graph. Over this graph, a random walk algorithm
retrieves items most liked by the users associated with the extracted nodes. Cremonesi et a.
[95] built a graph whose nodes are associated with items and whose edges reflect rating-
based item similarities. In this case, the inter-domain connections are the edges between pairs
of items in differentdomains. The authors also proposed to enhance inter-domain edges by
discovering new edges and strengthening existing ones, through strategies based on the
transitive closure. Using the built multi-domain graph, several neighborhood-and latent factor-
based CF techniques were evaluated. Tiroshi et al. [140] collected a dataset containing user
preferences in multiple domains extracted from social network profiles. The datawas merged
into a bipartite user-item graph, and various statistical and graph-based features of users and
items were extracted fromthe graph. These features were exploited by a machine learning
algorithm that addressed the recommendation problem as a binary classification problem.

The last type of cross-domain recommendation based on user preference aggregation is
formed by the approaches that map user preferences from multiple domains to domain-
independent features, and use the mapped feature-based profilesto build machine learning
models that predict a user’s preferences in the target domain. Although not conducting
evaluations, Gonzdlez et al. [141] proposed an approach for unifying single-domain user
models by interoperability and coordination of several agents. In addition to user tastes and
interests, the unified model is composed of the user’s socio-demographic and emotiona
features. Focusing on user personality features, Cantador etal. [142] studied the relations that
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exist between personality types and user preferences in multiple entertainment domains,
namely movies, TV, music, and books. They analyzed a large number of Facebook user
profiles composed of both Big Five personality trait scores and explicit preferences for 16
genresin each of the above domains. As a result, the authors inferred similarities between
personality-based user stereotypes in differentdomains. Finally, Loni et al. [90] presented an
approach that encodes rating matrices from multiple domains as real-valued feature vectors.
With these vectors, an algorithm based on factorization machines finds patterns between
features fromthe source and target domains, and outputs preference estimations associated
with the input vectors.

Aggregating ratings from several CF systems is the simplest method, but requires access
to user profiles, and a significant rating overlap between domains, which may not be
achievable in real situations. Thus, most aggregation-based methods transform user
preferences frommultiple domains into acommon representation, independent of the domains
of interest, and usable for establishing inter-domain data relations and overlaps. For this
purpose, social tags and semantic concepts serve as the main types of user preferences.
More recent methods focus on aggregating several sources of user preferences from multiple
domains into a single graph.

Aggregating approach — Mediating User Modeling Data

Another aggregating approach is mediating user modeling data e.g., user similarities and
user neighborhoods. The central idea behind user model mediation is that importing any user
modeling data from source recommenders may benefit atarget recommender — the mediation
can enrich the user models of the target recommender, and yield more accurate
recommendations. The simplest scenario includes importing the user models, whereas more
complex scenarios include mediating specific recommendation data. For example, in a CF
system, cross-domain mediation may import the list of nearest neighbors. This is underpinned
by two assumptions: (i) there is overlap of users between domains, and (ii) user similarity
spans across domains, i.e., if two users are similar in a source domain, they are similar also
in the target domain. This idea was leveraged in the heuristic variant of cross-domain
mediation developed by Berkovsky et al. [131]. There, it was shown that importing nearest
neighbors, and computing their similarity with the target domain data only, can produce more
accurate recommendations than single-domain recommendations. A similar idea was
formulated by Shapiraet al. [92] as the k nearest neighbors (k-NN) source aggregation. They
used multi-domain Facebook data to produce the set of candidate nearest neighbors, and
compute their local similarity degree in the source domain. This allowed overcoming the new
user problemand the lack of ratingsin the target domain. Another attempt to use multi-domain
Facebook data was done by Tiroshi and Kuflik [143]. They applied random walks to identify
source domain-specific neighbor sets, which were used to generate recommendations in the
target domain. Aggregating the lists of nearest neighbors relies on their data in the target
domain only, which may be too sparse and result in noisy recommendations. Thus, one could
consider importing and aggregating also the degree of their similarity in the source domain.
This approach was referredto as cross-domain mediation. A content-based and a statistical
variant of domain distance metrics were evaluated by Berkovsky et al. [144], producing
comparable results and outperforming single-domain recommendations. The weighted k-NN
aggregation was further enhanced by Shapira et al. [92]. The authors compared severd
weighting schemes, the performance of which was consistent across several metrics and
recommendation tasks. The above scenarios of cross-domain mediation assume an overlap
in the sets of users. An analogous scenario refers to a setting where items overlap between
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the source and target domains, which opens the opportunity for further mediation. One of
them, involving only the music domain, but two systems (for tagging and for blogging) was
studied by Stewart et al. [145]. The authors leveraged the tags assigned by similar users on
Last.fmin order to recommend tags on Blogger.

Moving from CF to latent factor-based methods, we highlight two works compatible with the
user modeling data mediation pattern. Low et al. [146] developed a hierarchical probabilistic
model that combines user information across multiple domains, and facilitates personalization
in domains with no prior user interactions. The model is underpinned by a global user pro file
based on a latent vector, and a set of domain-specific latent factors that eliminate the need for
common items or features. Pan et al. [123] dealt with transferring uncertain ratings, i.e.,
expected rating range or distribution derived frombehavioral logs, using latent features of both
users and items. The uncertain ratings were transferred from the source to the target domain,
and leveraged there as constraints for the matrix factorization model.

Aggregating approach — Combining Recommendations

Another way of aggregating knowledge is combining recommendations e.g., rating
estimations and rating probability distributions. Contrarily to the mediation-based cross-
domain recommendation scenarios, the predicted recommendations from the source domain
may informon their own to the target domain recommender. Hence, the central question in
combining single-domain recommendation refers to the weights assigned to
recommendations coming from the source domains, which reflect their importance for the
targetdomain. These weights may be computed through various factors, such as the reliability
of each recommender, distance between the domains, and so forth. The idea of combining
single-domain recommendations was referred to as remote-average mediation. In the studies
of Berkovsky et al. [93] [131], movie ratings were partitioned into domains according to the
genres of the movies. Since movies combine elements from multiple genres, and users waich
movies from various genres, the user- and item- overlap are both present. This allows
computing stand-alone recommendations in the source domains, and aggregating them for
the targetdomain. Weighted aggregation of single-domain recommendations also was studied
by Givon and Lavrenko [147]. The authors focused on the book recommendation task,
accomplished using two different methods. Standard CF recommendations were
complemented by relevance model-based recommendations, relying on the similarity of a
book and the user’s model, both consisting of book contents and tags assigned to the book.
The two were combined in a weighted manner, such that the relative importance of the CF
recommendations increased with the number of ratings available. A relevant approach for
cross-domain consensus regularization, although applied to classification problems and not to
recommender systems, was proposed by Zhuang et al. [37]. The central contribution of that
work is a framework for learning from multiple source domains, and reconciling discrepancies
between the classifiers using the local data of the target domain. One of the advantages of
the framework is that it does not require overlaps in either the user or item sets.

Linking approach — Linking Domains by Common Knowledge

Considering the non-aggregating techniques, the first approach is linking domains by a
common knowledge, e.g., item attributes, association rules, semantic networks, and inter-
domain correlations. A natural approach to address the heterogeneity of several domains is
to identify correspondences between their characteristics. In general, such inter-domain
correspondences may be established directly using some kind of common knowledge
between domains, e.g., item attributes, semantic networks, association rules, and inter-
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domain preference-based similarities or correlations. A recommender system could identify
potentially relevant items in the target domain by selecting those that are related to othersin
the source domains, and for which the user has expressed a preference in the past. Besides,
inter-domain similarities and correlations can be exploited to adapt or combine knowledge
transferred from different domains. One of the earliest approaches for linking domains was
explored by Chung et al. [148]. Aiming to support the decision making process in
recommendation, they proposed a framework for designing personalized filtering strategies.
In the framework, relevant items in the target domain are selected according to the attributes
they have in common with items in the source domain the user is interested in. That is, the
inter-domain links are established through the overlap of item attributes, and no user or item
overlap between the domains is required. Conversely in a realistic setting, items are highly
heterogeneous, and often no common attributes between domains can be found.

To address this situation, we may establish more complex, likely indirect relations between
items in different domains. Hence, when suitable knowledge repositories are available,
concepts from several domains can be connected by the means of semantic properties,
forming semantic networks that explicitly link the domains of interest. Along these lines, Loizou
[137] proposed to use Wikipedia as a universal vocabulary to express and relate user
preferences across multiple domains. The author presented an approach that builds a graph,
the nodes of which represent concepts (Wikipedia pages) describing items liked by the users,
and edges encode the semantic relationships between those concepts, obtained by
integrating user ratings and Wikipedia hyperlinks. Using such agraph, a Markov chain model
produces recommendations by assessing the probability of traversing the graph from the
nodes in the user’s profile as a starting point toward the recommendable items. A major
difficulty of the above approachesis the well known knowledge acquisition problem, that is,
building the above mentioned knowledge repositories. To address this problem, information
has to be extracted and stored in aformal and structured representation that can be exploited
by a recommender. Fernandez-Tobias et al. [138] and Kaminskas et al. [139] envisioned
Linked Data as a solution to the problem. Specifically, they proposed a framework for
extracting a multi-domain semantic network from the DBpedia ontology, which links items and
concepts in the source and target domains. Over the extracted network, a constrained
spreading algorithm computes semantic similarities to rank and filter items in the target
domain.

Inter-domain association rules have also been explored as an alternative to relate various
types of items. In this direction, Azak [149] presented a framework for cross-domain
recommendation in which knowledge-based rules defined by domain experts facilitate
mapping between attributes in distinctdomains, e.g., “people who like romance drama movies
also like dramatic poetry books.” These rules are then used to enhance CB and CF
recommendations, adjusting the predicted ratings whenever rule conditions hold. Cantador et
al. [142] related user personality types with domain-dependent preferences by means of
automatically generated association rules. The authors also extracted personality stereotypes
for sets of domain genres. Based on these stereotypes, inter-domain similarities were
computed between genres, which may be used to support knowledge transfer between
domains.

Instead of linking domains by mapping attributes, an alternative way to transfer kn owledge
is to compute similarities or correlations between domains based on user preference or item
content analysis. In an early work, Berkovsky et al. [144] explored this idea aiming to identify
related domains, fromwhich user data would be imported and utilized to enrich the user model
in the targetdomain. The proposedapproach makes use of web directories to identify websites
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that characterize the domains of interest. Then, the approach establishes domain similarities
by computing the cosine similarity between the TF-IDF term vectors of the domains’ websites.
We note that this method requires no overlap of users or items, but rather an external source
of representative documents classified to several domains.

Another way of exploiting inter-domain similarities for cross-domain recommendation
consists of integrating them into the matrix factorization method [150]. Specifically, such
similarities are imposed as constraints over user or item latent factors when jointly factorizing
rating matrices. For instance, Cao et al. [151] proposed an approach in which inter-domain
similarities are implicitly learnt from data, as model parameters in a non-parametric Bayesian
framework. Since user feedback is used to estimate the similarities, user overlap between the
domains is required. Addressing the sparsity problem, Zhang et al. [98] adapted the
probabilistic matrix factorization method to include a probability distribution of user latent
factorsthatencodes inter-domain correlations. One strength of this approach is that user latent
factors shared across domains are not needed, allowing more flexibility in capturing the
heterogeneity of domains. Instead of automatically learning implicit correlations in the data,
Shietal. [120] argued that explicit common information is more effective, and relied on shared
social tags to compute cross-domain user-to-user and item-to-item similarities. Similarly to
previous approaches, rating matrices from the source and target domains are jointly
factorized; butin this case user and item latent factors from each domain are restricted, so
that their product is consistent with the tag-based similarities.

Linking approach — Sharing Latent Features

A second linking approaching is sharing latent features. Latent factor models are among
the most popular CF techniques. In these models, user preferences and item attributes, which
are typically very sparse, are characterized through areduced set of latent factors discovered
from data, to obtain a denser representation. The assumption is that using the new
representation, latent user preferences and item attributes are better captured and matched.
Related to the what to transfer aspect of transfer learning, latent factors shared between
domains can be exploited to support cross-domain recommendations. Two types of
approaches have been studied to address the how to transfer aspect; namely, adaptive and
collective models. In the former, latent factors are learnt in the source domain, and are
integrated into arecommendation model in the target domain, while in the latter, latent factors
are learnt simultaneously optimizing an objective function that involves both domains.

Pan et al. [152] addressed the sparsity problemin the target domain following the adaptive
approach, proposing to exploit user and item information from auxiliary domains where user
feedback may be represented differently. In particular, they studied the case in which users
express binary like/dislike preferences in the source domain, and utilize 1-5 ratings in the
target domain. Their approach performs singular value decomposition (SVD) in each auxiliary
domain, in order to separately compute user and item latent factors, which are then shared
with the target domain. Specifically, transferred factors are integrated into the factorization of
the rating matrix in the target domain and added as regularization terms so that specific
characteristics of the target domain can be captured.

Latent factors can also be shared in a collective way, as studied by Pan et al. [153]. In this
case, instead of learning latent features from the source domains and transferring them to the
target domain, the authors proposed to learn the latent features simultaneously in all the
domains. Both user and item factors are assumed to generate the observed ratings in every
domain, and, thus, their corresponding random variables are shared between the probabilistic
factorization models of each rating matrix. Moreover, the factorization method is further
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extended by incorporating another set of factors that capture domain-dependentinformation,
resulting in a tri-factorization scheme. A limitation of the proposed approach is that the users
and items from the source and target domains have to be identical.

Instead of focusing on sharing latent factors, Enrich et al. [154], and Fernandez-Tobias and
Cantador [155] studied the influence of social tags on rating prediction, as a knowledge
transfer approach for cross-domain recommendations. The authors presented a number of
models based on the SVD++ algorithm [156] to incorporate the effect of tag assignments into
rating estimation. The underlying hypothesis is that information about item annotation in a
source domain can be exploited to improve rating prediction in a target domain, as long as a
set of common tags between the domains exists. In the proposed models, tag factors are
added to the latent item vectors, and are combined with user latent features to compute r ating
estimations. The difference between these models is in the set of tags considered for rating
prediction. In all the models knowledge transfer is performed through the shared tag factors
in a collective way, since these are computed jointly for the source and the target domains.
Hu et al. [89] presented a more complex approach that takes domain factors into account.
There, the authors argue that user-item dyadic data cannot fully capture the heterogeneity of
items, and that modeling domain-specificinformation is essential to make accurate predictions
in asetting, where userstypically expresstheir preferencesin asingle domain. They proposed
a tensor factorization algorithm to exploit the triadic user-item-domain data. In that method,
rating matrices from several domains are simultaneously decomposed into shared user, item,
and domain latent factors, and genetic algorithm automatically estimates optimal weights of
the domains.

Linking approach — Transferring Rating Patterns

Finally, the linking of two domains can be done by transferring rating patterns, explicit or
implicit. Rather than sharing user or item latent factors for knowledge transfer, these
approaches analyze the structure of rating data at the community level. These methods are
based on the hypothesis that even when their users and items are different, close domains
are likely to have user preferences sampled with the same population. Therefore, latent
correlations may exist between preferences of groups of users for groups of items, which are
referred to as rating patterns. In this context, rating patterns can act as a bridge that relates
the domains, such that knowledge transfer can be performed in either adaptive or collective
manners. In the adaptive setting, rating patterns are extracted from a dense source domain.
In the collective setting, data from all the domains are pulled together and jointly exploited,
even though users and items do not overlap across domains.

Lee et al. [157] proposed one of the first approaches to exploit rating patterns for cross-
domain recommendation. Similarly to the cross-domain mediation proposed by Berkovsky et
al. [93], global nearest neighbors are identified by adding the similarity scores from each
domain. Then, patterns of items commonly rated together by aset of neighbors are discovered
using association rules. Finally, in the recommendation stage, rating predictions are computed
with the standard user-based CF algorithm, but enhanced with the user’s rules that contain
the target items. Li et al. [97] proposed an adaptive method based on simultaneously co-
clustering users and items in the source domain, to extract rating patterns. Clustering is
performed using a tri-factorization of the source rating matrix. Then, knowledge is transferred
through a codebook, a compact cluster-level matrix computed in the source domain taking the
average rating of each user-item cluster. In the target domain, missing ratings are predicted
using the codebook.
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Moreno et al. [104] extended the codebook idea to a scenario in which various source
domains contribute to the target domain proposing the model TALMUD. The approach is
based on a linear combination of codebooks, where the weights are learnt by minimizing the
prediction error in the target domain. Another approach concerning transfer learning for
multiple domains is that of Zhuang et al. [158]. They proposed atransfer collaborative filtering
method with consensus regularization termed TRACER, which in contrast to TALMUD learns
and transfers knowledge simultaneously. The consensus regularization forces the predicted
result to be the value of the majority of the results of the sources. In addition, the two methods
have different mechanisms of integrating predicted results. TALMUD assigns the same weight
to the predicted ratings learntfrom the same source domain, thus there are s different weights
if existing s source domains. While TRACER can be regarded as a locally majority voting
method, that is, we perform majority voting on each (user, item) pair in the target domain.

Li et al. [159] further extended the codebook idea to a collective approach using a
probabilistic framework. Instead of relying on an dense source domain data to build the
codebook, all rating matrices are pulled together to extract the shared patterns. Furthermore,
rather than having each user/item belonging to a single cluster, a probability distribution is
introduced to allow users and items belong to multiple clusters, with distinct membership
degrees. Inthe same fashion, the ratings associated with each user-item cluster are also given
by a conditional probability distribution. In this way, a generative rating model is obtained,
since the ratings of each domain can be recovered by drawing users and items fromthe shared
cluster-level model, and then drawing the expected rating conditioned to the user-item cluster.

A strength of both approaches is that neither overlap of users nor of items is required.
However, Cremonesi and Quadrana [160] partially disproved it, showing that the codebook
does not transfer knowledge when source and target domains do not overlap. They provided
an alternative explanation to the accuracy increase using a codebook that does not involve
knowledge transfer between domains. Finally, Gao et al. [161] followed the idea of extracting
rating patterns by co-clustering rating matrices, and addressed two limitations of previous
methods. First, they argued that some domains are more related to the target domain than
others, and this cannot be captured using identical rating patterns. Second, they hypothesized
that performance may suffer when the domains are diverse, and do not share common rating
patterns. To overcome these limitations, the authors proposed a model capable of controlling
the amount of knowledge transferred fromeach domain. Specifically, they used a co-clustering
algorithm of but split the extracted rating patterns into a shared part and a domain-specific
part. Optimization is performed in a collective way, since the shared part of the rating patterns
is learnt simultaneously from all the domains.

2.3 Challenges & Open Issues

Apart fromthe gaps already mentioned in the above section, the study of Khan & Ibrahim
[86] also pointed out future research directions for cross domain recommender systems.
Those can be arranged into five groups, namely domain similarity enhancement, algorithm
improvement, using of “big data” as a source domain, conventional recommender systems
problems, and dataset extensions.
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Domain similarity enhancement can be achieved by analyzing heterogeneous data, by
analyzing user interest drift, by including more related domains (of the same or of different
primary type), or by context enhancement. User interest can change over time, therefore user
interactions can be analyzed with respect to time. Moreover, Fernandez-Tobias et al. [103],
pointed out the importance of exploiting contextual features, such as the time (e.g. movies and
music compositions usually consumed on Christmas) and the users’ mood and sentiments
(e.g. movies and music compositions that usually yield nostalgic feelings). Hybrid cross-
domain recommendation approaches have been barely investigated. This may be due to the
lack of public datasets with both content-based and collaborative filtering information about
several domains. Thus, a hybrid cross-domain recommender system could exploit relations
between user preferences and/or item attributes based on content, collaborative filtering, and
contextual information, across multiple domains.

As far as big data compatibility is concerned, using big data as the source domain leads to
three future directions. First of all, cross domain recommender systems can utilize big data
services to tune target recommendation. Big data are enriched with demographic and other
statistical information that can help in personalized recommendation. Secondly, cross domain
recommendation can be improved by proposing distributed algorithms that can be scaled as
per the requirement. Thirdly, social media contains valuable user interactions related to
different items, and the majority of these interactions are publicly available on Facebook,
twitter, LinkedIn, and so on. Thus, they can be a potential source of improving target
recommendations.

In terms of conventional recommender system problems, risk, adaptivity, robustness,
novelty and privacy are concerned. As described in Ricci et al. [162], the risk is associated
with loss of customers as a result of the wrong or inappropriate recommendation. CDRS can
assist in avoiding risk by utilizing the user review sentiments available in other domains, hence
reducing recommendation risk. Adaptivity is related to user interest drift over time. CDRS can
assist with adaptivity by transferring knowledge from the source domain within a recent time
frame. Robustness is related to avoiding recommendation based on fake ratings. CDRS can
assist with robustness by transferring knowledge from more than one related domain, hence
reducing the probability of fake ratings. Novelty is related to the items that the user did not
know about and found interesting when recommended by recommender systems. CDRS can
assist by transferring source items related to items that were already rated by the user but are
not exactly the same. Privacy is associated with revealing the identity of people who like similar
items or are connected to target users. CDRS recommendation does not face a privacy
problem for recommendation across the system domain because no system declares user
similarity for other systems.

Focusing more on evaluation metrics, according to Winoto and Tang [163], we could expect
that cross-domain recommendations, generated with a certain amount of user preferences,
are less precise than those based on the same amount of preferences but expressed in the
target domain. The advantage of cross-domain recommendation may not be improved
accuracy, but added novelty and more diverse recommendations, and thus may offer higher
satisfaction and utility to the user. In this context recently proposed novelty and diversity
metrics could be taken into consideration.

There’s also the issue of compatible datasets which refers to the fact that existing datasets
were created for conventional recommender systems and sometimes researchers use them
in scenarios for which they were not made. Although transformed data can run a developed
algorithm, it cannot, however, be related to a real-world scenario. One way of reducing dataset
incompatibility is by creating new datasets that classify their association with the appropriate
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domain, recommendation scenario, and recommendation tasks. Although this is possible, it
may take considerable time. The other option is to use existing datasets for CDRS and
standardize conditions and limits that should be considered when using existing datasets for
scenarios having a specific domain, recommendation scenarios, and recommendation tasks.

Last but not least, although there have been a lot of studies on transfer learning involving
various applications, there are not many available source codes online. The problem that has
been mainly studied is Image Classification that conducts Transfer Learning with the use of
pre-trained models such as VGG16 or InceptionV3. This problem setting is either che cked on
the “Dogs VS Cats” dataset or on randomly created blobs. Apart from the above-mentioned
problem, there has been an implementation that deals with sentiment classification using
MXNet [164]. The IMDB movie reviews dataset is used to train the base network from which
learning is transferred to a Hotel reviews dataset. Finally, there is an implementation for an
image-based recommendation system [165]. Basically, the model is trained on movie posters
and it extracts features from a pre-trained Convolutional Neural Network (ConvNet) trained on
ImageNet. Itis obviousthat there are a lot of proble msettings uncoveredand the unavailability
of open source code is a factor that certainly affects the wider use of Transfer Learning in
more applications.
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Chapter 3: Transfer Learning Via Aggregating
Knowledge: An Experimental Study

After examining the literature on Transfer Learning and its effects in Recommendation
Systems, a simple recommender is created which takes advantage of transfer learning and
tests these effects in practice. The approach followed falls under the category of transfer
learning via aggregating knowledge. The main idea is that users have similar rating patterns
in different domains and thus user ratings in a domain B provide useful knowledge that can
benefit predictions about his ratings in a domain A. This concept requires a common set of
users between the two domains.

The Algorithm

The recommender that was created for this approach makes use of SVD to make
predictions. To be exact, the SVD algorithm used comes from the python library called
Surprise, which provides the SVD algorithm as popularized by Simon Funk during the Netflix
Prize.

Singular Value Decomposition (SVD) is a method from linear algebra that has been
generally used as a dimensionality reduction technique in machine learning. SVD is a matrix
factorization technique, which reduces the number of features of a dataset by reducing the
space dimension from N-dimension to K-dimension (where K<N). In the context of the
recommender system, the SVD is used as a collaborative filtering technique. It uses a matrix
structure where each row represents a user, and each column represents an item. The
elements of this matrix are the ratings that are given to items by users. SVD is a method of
decomposing a matrix into three other matrices: A=USVT, where Ais a m x n utility matrix, U
is a m x r orthogonal left singular matrix, which represents the relationship between users and
latent factors, S is a r x r diagonal matrix, which describes the strength of each latent factor,
and Vis ar x n diagonal right singular matrix, which indicates the similarity between items and
latent factors. SVD decreases the dimension of the utility matrix A by extracting its latent
factors. It maps each user and each item into a r-dimensional latent space. This mapping
facilitates a clear representation of relationships between users and items.

The prediction is set as:

Tui = p+ by + b "'QFPU.

where pu represents the user factors, gi represents the item factors, bu represents the user
biases and bi represents the item biases.

If user u is unknown, then the bias bu and the factors pu are assumed to be zero. The same
applies for itemi with bi and q;.
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To estimate all the unknown, the following regularized squared error is minimized:

> (rus =) + 2 (B2 + 8+ llaall® + [Ipl )

Tui € Rirain

The minimization is performed by avery straightforward stochastic gradient descent:
by < by +y(ew — /\bu)
b; < b; +y(ew —

Py Put+Y(ewi - G — f\pu)
qi < qi +””(f'u: Agz)

where €ui = Tui — Tui

These steps are performed over all the ratings of the trainset and repeated n_epochs times.
Baselines are initialized to 0. User and item factors are randomly initialized according to a
normal distribution, which can be tuned. The library also allows you to have control over the
learning rate y and the regularization term A.

Tuning parameters

To make the best use of the SVD algorithm for the target dataset, the best values for the
algorithm parameters had to be chosen. For this step, the parameters to be tested were the
number of epochs, the learning rate and the regularization term. To find the best values of
these parameters the GridSearchCV class of the Surprise library was used. The
GridSearchCV class computes accuracy metrics for an algorithm on various combinations of
parameters, over a cross-validation procedure. In this experiment the average RMSE was
evaluated over a 3-fold cross-validation procedure to examine which values yield the best
results. The following table shows the parameter values that were tested. The values with the
best RMSE score are those in bold.

GridSearchCv

n_epochs 10 15 20
Ir_all 0,002 0,005 0,01
reg _all 0,02 0,1 0,4

Following the results of the GridSearchCV, the model was trained for 20 epochs, with a
learning rate of 0,01 and a regularization term of 0,1.

Transfer Learning

As mentioned above, the approach followed belongsto the category of transfer learning via
aggregating knowledge and requires user overlap between domains. In order to explain the
approach let’s referto Daasthe originaldomain, the domain to which knowledge is transferred,
and Ds as the auxiliary domain, the domain from which knowledge is transferred. Da has less
or sparser rating data which makes the recommendation of items difficult, especially in cases
of new items or users. On the other hand, De contains more or denser rating data, and thus its
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users can get better item recommendations. Since the domains share some users it would be
useful to harness knowledge about those users in Ds, where information is plenty, and use it
to enhance recommendations in Da. This is all based on the assumption that users share
similar rating patterns in different domains. Sometimes there is even a connection between
these domains that reflects on the rating patterns. For example, movies and books are
connected through their genres. If a user likes romantic movies, it is likely that he will like
romance novels. In the same logic, someone’s preferences in digital music can reflect to his
preferencesin CDs.

This is what this approach intents to demonstrate with the use of Amazon datasets from the
domains of Digital Music and CDs & Vinyl. More specifically the goal is to improve
recommendation accuracy in the CDs & Vinyl domain by making use of ratings fromthe Digital
Music domain. To achieve this, the first step is to find the shared users between the two
domains. Then, the Digital Music ratings referring to the shared users are extracted and
concatenated with the CDs & Vinyl ratings. After that, the concatenated data are passed in
the SVD algorithm. More details about the data and the conducted experiments are given
below.

Experiment Details

Since Transfer Learning works best in sparse datasets, according to previous studies, a
sample of the CDs & Vinyl dataset is selected. To be exact, fromthe initial 3749004 ratings
fromthe CDs & Vinyl dataset, 187450 are used (5%), while all 836006 ratings from the Digita
Music dataset are used. 45069 common users were found, that are involved in 166569 Digital
Music ratings, creating a sum of 354019 ratings.

The goal is to improve recommendations for the users of the CDs & Vinyl dataset therefore
the algorithm needs to be tested for ratings coming from the CDs & Vinyl dataset. To achieve
that, the train-test split is not shuffled, as it is usually done. The test set consists of the last
25% of the data, which is where the CDs & Vinyl ratings are located. The other 75% of the
data is used in the training process. The test set is furtherly divided into two sets. The first test
set contains ratings of users that are common between the two domains, while the second
test set consists of ratings that belong to users of the CDs & Vinyl domain only. The reason
behind thisis to retrieve deeper knowledge about how well the transferring of knowledge can
work under different conditions. Test set 1 consists of 38803 ratings, while test set 2 consists
of 49702 ratings.

To evaluate the model, the RMSE metric is used, along with precision and recall at k=10
recommendations. The RMSE serves to aggregate the magnitudes of the errors between
predicted and true ratings, precision at k is the proportion of recommended items in the top-k
set that are relevant, and recall at k is the proportion of relevant items found in the top-k
recommendations. Precision and recall are binary metrics used to evaluate models with binary
output. Therefore, in this case it is assumed that any true rating above 3.5 correspondsto a
relevant item and any true rating below 3.5 is irrelevant. A relevant item for a specific user-
item pair means that this item is a good recommendation for the user in question. The RMSE
is calculated with the use of the recmetrics library, while precision and recall are calculated via
a custom-made method.
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Results

To prove that this approach is improving recommendations of CDs & Vinyl the program is
tried 5 times and the average of all the metrics is used for comparison. As mentioned above,
the algorithm is trained for 20 epochs, with the learning rate of 0,01 and aregularization term
of 0,1. The values of the metrics of the standalone CDs & Vinyl recommender are compared
with the values of the metrics of the recommender that makes use of transfer learning. Table
1 shows the results of the standalone model, Table 2 shows the results of the transfer learning
model in the full test set, Table 3 shows the results of the transfer learning model in test set 1,
and Table 4 shows the results of the transfer learning model in test set 2.

SVD
RMSE Precision | Recall
1rst Run 1,0136332 | 0,8528492 | 0,8600689
2nd Run 1,0251841 | 0,8507202 | 0,8586232
3rd Run 1,0192861 | 0,8513214 | 0,8590060
4rth Run 1,0314805 | 0,8504997 | 0,8581115
5th Run 1,0281140 | 0,8499402 | 0,8580891
Average: 1,0235396 | 0,8510662 | 0,8587797
Table 1
TL (full testset)
RMSE Precision | Recall
1rstRun 0,9899211 | 0,8521497 | 0,8610529
2nd Run 0,9897234 | 0,8521799 | 0,8611257
3rd Run 0,9905304 | 0,8519561 | 0,8609187
4rth Run 0,9901670 | 0,8520003 | 0,8609765
5th Run 0,9900486 | 0,8519621 | 0,8609635
Average: 0,9900781 | 0,8520496 | 0,8610075
Table 2
TL (testset1)
RMSE Precision | Recall
1rst Run 0,9039397 | 0,8406368 | 0,8595070
2nd Run 0,9033497 | 0,8404326 | 0,8593598
3rd Run 0,9051672 | 0,8399771 | 0,8589996
4rth Run 0,9048292 | 0,8401185 | 0,8591469
5th Run 0,9039774 | 0,8400941 | 0,8592086
Average: 0,9042526 | 0,8402518 | 0,8592444
Table 3
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According to the results, the algorithm using transfer learning generally improves
recommendations (Table 1-Table 2). The standalone recommender has an RMSE of
1,0235396, a precision of 0,8510662 and a recall of 0,8587797, while the recommender
utilizing transfer learning has an RMSE of 0,9900486, a precision of 0,8520496 and a recall

of 0,8610075.

Diving deeper into the test sets, for shared users the RMSE gets smaller with the use of
transfer learning, recall slightly improves, but precision worsens (Table 1-Table 3). For users
of solely the CDs & Vinyl domain, transfer learning slightly worsens the RMSE, while it

improves precision and recall (Table 1-Table 4).

All'in all, it is demonstrated that transfer learning can indeed benefit recommendations for

the CDs & Vinyl domain.
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TL (testset 2)
RMSE Precision | Recall
1rst Run 1,0521752 | 0,8582306 | 0,8618694
2nd Run 1,0522396 | 0,8583846 | 0,8620584
3rd Run 1,0523723| 0,8582831 | 0,861932
4rth Run 1,0519903 | 0,8582761 | 0,8619429
5th Run 1,0523634 | 0,8582306 | 0,8618904
Average: 1,0522281| 0,8582810 | 0,8619387
Table 4




Conclusion & Future Work

In this study, a simple Transfer Learning approach is proposed based on SVD to improve
recommendations and solve the data sparseness problemin collaborative filtering tasks. The
experimental studies clearly demonstrate that the CDs & Vinyl recommender can benefit from
exploiting ratings from the Digital Music domain in cases of sparse user data.

Future work could dive deeper into the reasons behind the different results in the different
test sets and find ways to improve all the metrics (RMSE, precision, recall) both for shared
and not-shared users. In addition, fine tuning the model parameters could also enhance the
model efficacy. For this approach only a few values were tested so there is room for more
research. Experiments could also be conducted with different sizes of samples and different
data densities. This could also provide more insight about transfer learning. Finally, in terms
of the transfer learning process, this is an instance-based approach that belongs to the
aggregating category, since ratings from the Digital Music are added to the ratings of CDs &
Vinyl. An approach following the linking strategy could add more to the model, while the
selection of instances could be additionally filtered, or different weights could be used to the
instances of both domains.
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