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Abstract— To solve the user data sparsity problem, which is
the main issue in generating user preference prediction, crossdomain recommender systems transfer knowledge from one
source domain with dense data to assist recommendation tasks
in the target domain with sparse data. However, data are usually
sparsely scattered in multiple possible source domains, and in
each domain (source/target) the data may be heterogeneous, thus
it is difficult for existing cross-domain recommender systems to
find one source domain with dense data from multiple domains.
In this way, they fail to deal with data sparsity problems in the
target domain and cannot provide an accurate recommendation.
In this article, we propose a novel multidomain recommender
system (called HMRec) to deal with two challenging issues:
1) how to exploit valuable information from multiple source
domains when no single source domain is sufficient and 2) how
to ensure positive transfer from heterogeneous data in source
domains with different feature spaces. In HMRec, domainshared and domain-specific features are extracted to enable the
knowledge transfer between multiple heterogeneous source and
target domains. To ensure positive transfer, the domain-shared
subspaces from multiple domains are maximally matched by
a multiclass domain discriminator in an adversarial learning
process. The recommendation in the target domain is completed
by a matrix factorization module with aligned latent features
from both the user and the item side. Extensive experiments
on four cross-domain recommendation tasks with real-world
datasets demonstrate that HMRec can effectively transfer knowledge from multiple heterogeneous domains collaboratively to
increase the rating prediction accuracy in the target domain
and significantly outperforms six state-of-the-art non-transfer or
cross-domain baselines.
Index Terms— Adversarial learning, cross-domain recommendation recommender systems, knowledge transfer, recommender
systems.

R

I. I NTRODUCTION
ECOMMENDER systems are developed to handle the
information overload problem and aim at automatically
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identifying user preferences with historical data and providing users with personalized services [1]. In addition to the
content-based [2] and knowledge-based [3] recommendation
techniques, collaborative filtering (CF) plays a vital role in
the development of recommender systems, which assumes that
users who have similar tastes in the past may also share similar
preferences in the future [4]. CF has been extensively investigated in academia and widely applied in the industry from
basic memory-based CF to diverse model-based CF, including
shallow methods and deep methods [5]. Of the various shallow
methods in CF, matrix factorization (MF) projects users and
items into a low-dimensional latent feature space and predicts
user preference with low-rank approximation [6]. Deep CF
methods take advantage of the ability of neural networks to
model nonlinear relationships between users and items and
have therefore achieved competitive performance [7]–[9].
Though they have evolved rapidly, CF methods suffer from
the data sparsity problem, which impairs the performance of
recommender systems in real-world applications. A solution to
this problem is to transfer knowledge from a source domain
with relatively rich data, which is known as cross-domain
recommender systems. There are two types of cross-domain
recommender systems depending on how common knowledge
is shared across domains: one is to connect two domains
with auxiliary information, such as user reviews [10], social
network [11], and semantic knowledge [12]. However, for
domains with insufficient data, the auxiliary information is
often not available either. The other type is to transfer knowledge through extracted latent features via user/item overlapping or similarity [13], [14]. Some methods require a full
overlap of users or items in both source and target domains,
so the overlap part can act as a bridge to transfer knowledge [15]–[17]. However, a full overlap is a strong assumption
that is difficult to achieve in real-world applications. The correspondence of users or items in different domains is usually
unavailable due to user privacy concerns. Some cross-domain
recommendation methods can deal with the non-overlapping
scenario by extracting common knowledge based on collective
user behavior in a group-level manner [18] or use domain
adaptation methods like adversarial learning [19]. These methods can assist the recommendation task in the target domain,
but their performance is impaired when data in the source
domain is sparse (see results in Tables III and IV).
Existing cross-domain recommendation methods mostly
take advantage of one single-source domain with relatively
dense data but they are not able to extract useful knowledge
when data is sparse in the source domain. In practice, data
is usually scattered in heterogeneous forms in similar but
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different domains, which are all sparse and complement each
other. For example, users who rated “Titanic” with five-star
have also liked a book “Jane Eyre” and listened to “My
heart will go on.” From only one domain (movie/book/music
domain), it is hard to know whether users prefer romantic
movies/books/music, but together we can come to that conclusion. To alleviate data sparsity and improve the recommendation performance in a sparse target domain, we need to
exploit data from multiple domains that can benefit the target
domain. Though some cross-domain recommendation methods
can be extended to the multidomain scenario with some
adjustments [18], [20], they lack in-depth investigation and
therefore cannot achieve high accuracy. Also, most methods
focus on only homogeneous data, either explicit numerical
data [21] or the implicit binary data [22]. When data in
the target and source domains are heterogeneous, knowledge
transfer becomes more difficult due to the larger discrepancy
of data distributions [23].
Hence, to achieve knowledge transfer and cross-domain
recommendation with multiple source domains, there are two
challenging issues that have not yet been solved in the existing
literature: 1) data in a single-source domain is often sparse
as well and not sufficient to support the recommendation in
the target domain, while data from multiple source domains
are often available. How to extract knowledge from multiple
source domains that work as a mutual supplement to each
other to improve the performance of the recommendation in
the target domain remains a challenging and unsolved problem
and 2) data in different domains is usually heterogeneous.
Data in each domain can be binary interactions or numerical
ratings, thus we could have homogeneous source domains but
different from the target domain or even heterogeneous source
domains. The latent feature extracted from those data lacks
direct correlation and lies in different feature spaces with large
discrepancies. Therefore, constructing an appropriate shared
feature space for each domain is extremely challenging and
matters with model performance.
In this article, we propose a novel deep heterogeneous
multidomain recommendation system, which aims to improve
the rating prediction accuracy of the recommendation in the
target domain by transferring shared knowledge from multiple heterogeneous source domains. In our proposed method,
two kinds of encoders are designed for domain-specific and
domain-shared feature extraction in each domain, where an
orthogonality constraint is applied to separate their latent feature subspaces. Through an adversarial training process of the
domain-shared feature with the proposed multiclass domain
discriminator, the domain-invariant features are extracted and
the shared feature spaces are maximally matched. To ensure
the effectiveness of the features extracted from heterogeneous
source domains, the latent features learned from explicit
numerical ratings or implicit binary interactions are, respectively, reconstructed by a decoder with mean squared loss or
a classifier with cross-entropy loss. The recommendation task
in the target domain is completed by a matrix factorization
module with latent features from both the user and the item
sides, which combine both the maintained domain-specific
features and the domain-shared features learned from multiple

sources. These ideas are sharpened into the proposed deep heterogeneous multidomain recommendation method (HMRec).
The main contributions of this article are as follows.
1) We propose a novel multidomain recommendation
method with an adversarial network, which addresses the
deficiency of knowledge from only one source domain.
Through the multiclass domain discriminator and the
adversarial learning mechanism, the latent feature spaces
are maximally matched and then the domain-invariant
features are extracted and shared across domains.
2) We achieve knowledge transfer from heterogeneous
source domains to improve recommendation in the target
domain, especially learning from implicit binary data to
assist explicit rating prediction. By modeling heterogeneous data and matching their inconsistent latent feature
spaces, we construct a shared latent space collectively
and share data-independent knowledge, which ensures
that the knowledge from heterogeneous sources is comprehensive and effective.
3) The proposed HMRec is a flexible network that is able
to deal with heterogeneous data from multiple domains.
Extensive experiments on four tasks with two sparsity
levels show that our proposed method outperforms stateof-the-art baselines on the rating prediction tasks for the
cross-domain recommendation. The ablation study further confirms the effectiveness of each part of HMRec.
The remainder of this article is organized as follows.
Section II introduces some key related work. Section III gives
the formal problem definition and preliminaries. In Section IV,
we present the details of our proposed method HMRec. Experiments on four real-world datasets are presented in Section V,
followed by the ablation study as well as the parameters and
complexity analysis. The conclusion and future studies are
given in Section VI.
II. R ELATED W ORK
This section will review three related areas of research.
A. Cross-Domain Recommender Systems
Recommender systems have been developed rapidly in the
era of information explosion and have successfully applied in
many areas [24]. However, data sparsity is still one of the most
challenging issues in recommender systems, which hinders its
development, especially for the newly launched ones. Crossdomain recommender systems aim to alleviate the data sparsity
problem and use the information from source domains that
have relatively sufficient data, which can be seen as the
intersection of transfer learning and recommendation systems.
Nevertheless, the mainstream of transfer learning is focused
on images, and the techniques in transfer learning are difficult
to be directly applied to various recommender systems.
Some cross-domain recommender systems are developed
with MF techniques, and most of them focus on explicit data.
Collective matrix factorization (CMF) [20] jointly factorizes
source and target matrices by sharing the user latent features.
The rating matrix generated model (RMGM) [18] is a probabilistic model using the soft membership in groups instead of
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using the hard membership like an earlier version [25]. Some
methods try to achieve heterogeneous recommendation [26],
[27] by using a tri-factorization way to capture the low-rank
sharing rating patterns, which requires that the number of
users and the number of items are exactly the same in both
the source and the target domains. The cross-domain recommender system with consistent information transfer (CIT) [21]
tries to achieve domain adaptation by mapping generated
user groups in both domains and adjusting them to maintain
consistency during the knowledge transfer process.
As for deep learning methods, more works focus on the
implicit data. Deep cross networks are employed to learn and
transfer shared rating patterns among domains [28], which
is limited by the same user assumption. To incorporate the
auxiliary information, [29] uses a Bayesian neural network
to realize a general cross-domain framework, making use
of the low-dimensional representation from both the one-hot
encoding and auxiliary information of users/items. Domain
Adaptation for cross-domain Recommendation via transferring
rating patterns (DARec) uses autoencoders (AEs) to generate
embeddings to represent each user and interleave them to feed
into a domain adaptation module for the shared user rating
patterns [30]. However, none of these methods can take advantage of multiple source domains, let alone ensuring positive
transferring from heterogeneous and sparse source domains.
B. Adversarial Learning
Adversarial learning is well known for generative modeling
in generative adversarial networks (GANs), which can be
seen as a two-player game between the generator and the
discriminator [31]. Recently, several difficulties of GANs,
such as the ease of training or avoiding mode collapse, have
been addressed [32]. Meanwhile, adversarial learning has been
applied to reduce the discrepancy of data distributions across
domains [33], [34], which can be embedded into deep networks to learn the transferable features [35]. The method proposed by [36] extends GANs to multiple discriminators, which
can significantly enhance the distribution matching process.
Another multiadversarial domain adaptation approach also
shows competitive performance, which enables fine-grained
alignment of different data distributions by using multiple
discriminators to captures multimode structures [35]. A novel
algorithm proposed by [19] transfers the latent features from
a source domain to a target domain in an adversarial way to
alleviate the data sparsity and imbalance issues. Adversarial
learning techniques can help us to bridge and align different
domains by learning the domain-invariant representations,
which can be treated as domain-shared features for the purpose
of knowledge transfer in cross-domain recommender systems.
C. Cross-Domain Knowledge Transfer
Cross-domain knowledge transfer aims to improve a
model’s performance on the target domain by leveraging
knowledge from source domains [37], [38]. Early transfer
learning studies often intuitively use source domains data for
model pretraining. Due to the distribution shift in both the conditional probability and marginal distribution across domains,

3

domain adaptation methods are widely studied recently as a
typical type of transfer learning and have shown to be highly
competent in various computer vision or natural language
processing tasks [39]. As probability distributions may vary
from source to source, one solution is proposed by [40] to
make different views from various sources complementary to
each other through a co-training method while minimizing the
distribution divergence.
The source domains maybe heterogeneous to the target,
which increases the difficulty of domain adaptation and
knowledge transfer. A novel heterogeneous domain adaptation
method [41] presents progressive alignment by sharing latent
coding and narrowing the distribution gaps to deal with various
features in arbitrary dimensions. Cross-domain landmark
selection [42] is able to learn from cross-domain data with
different types of features by identifying representative
cross-domain data, whose adaptation capabilities can be
determined accordingly. A newly launched method proposed
in [43] ensures effective knowledge transfer by applying
a Grassmann—linear geodesic flow kernel, which is
designed for heterogeneous unsupervised domain adaptation.
Multidomain knowledge transfer techniques are needed in
cross-domain recommendation methods, especially when the
feature space in the target domain and the source domains are
quite different. However, in recommender systems without
explicit feature space, the alignment is usually achieved
by the overlap between users or items. In the non-overlap
scenario, knowledge transfer is achieved by the alignment
of the latent feature spaces, which is quite different from
the explicit feature spaces of images in transfer learning.
Therefore, straightforward applications of transfer learning
methods usually fail to work.
III. P RELIMINARIES
We first introduce notations used throughout this article and
formally define the problem. Then we introduce a basic AE for
collaborative filtering in a single domain as the preliminaries.
A. Notations and Problem Definition
For notations in this article, we use bold letters to
denote vectors, capital bold letters to denote matrices.
The relationship between users and items in each domain is
represented by the user–item pair (m, n) and the corresponding
explicit rating r (m, n) or implicit record y(m, n). Any explicit
rating r in the corresponding rating matrix R is subject to
r ∈ {1, 2, 3, 4, 5, ?} (“?” for unobserved rating). An indicator
matrix W can be denoted to represent whether there is a
rating between the user and the item or not. As for the domain
with implicit data, we use Y + denotes a set of the observed
positive interaction, and Y − denotes the set of negative
instances, which is sampled from the unobserved user–item
interactions like [7]. Any implicit rating in the corresponding
interaction matrix Y is subject to y(m  , n  ) ∈ {0, 1} (“0” refers
to the sampled negative instance, “1” refers to the observed
interactions). Then Y + ∪ Y − means all training interactions
for the implicit source domain.
From the matrix R, each user m is represented by a rating
vector as r u (m, ∗), which represents the user m’s ratings across
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TABLE I
F REQUENTLY U SED N OTATIONS

proposed method. The basic method AE for collaborative
filtering in a single domain includes an encoder part as well
as a decoder part. We take a sparse vector x as the input and
leverage an encoder to map it into a low-dimensional space to
get a dense vector h
h = g1 (w1 x + b1 ).

(1)

Then we can predict unknown ratings by using a decoder
to recover the rating vector
x̂ = g2 (w2 h + b2 ).

all items (i.e., the mth row of the rating matrix), while the
rating vector of each item n (i.e., the nth column of the rating
matrix) is denoted as r i (∗, n). Similarly, in the implicit matrix,
the user interaction vector for user m  is denoted as yu (m  , ∗)
and the item interaction vector for item i can be denoted as
yi (∗, n  ). We can efficiently leverage the observed information
in user or item vectors and produces a vector space with a
meaningful sub-structure.
Given a target domain t = {U t , I t , R t } with explicit feedback and multiple source domains s j = {U s j , I s j , R s j }, j =
1, 2, . . . , d with either explicit or implicit feedback, each
domain contains a user set, an item set, and a user–item
explicit rating matrix R or implicit interaction matrix Y .
We use Sr to denote the union of source domains with explicit
rating data, while Sb to denote the union of source domains
with implicit binary data. The most frequently used notations
are summarized in Table I.
In this article, we aim to develop a multidomain recommendation method to assist the recommendation task of predicting
the ratings in a target domain with explicit ratings using
knowledge from all the rating matrices in the other domains
served as the source domains. To make full use of the data and
ensure positive transfer, both domain-specific knowledge and
domain-shared knowledge should be taken into consideration,
where the domain-specific knowledge means the unique property of a certain domain that should be maintained and the
domain-shared knowledge is the domain-invariant knowledge
that can be meaningful for all the domains.
In our problem setting, no observable correspondence exists
on the users/items across the domains and users/items are
treated as completely different. (In fact, there may exist some
correspondences, but the alignment is unavailable due to user
privacy.) The problem is formally defined as follows.
The cross-domain recommendation task is to predict the
missing values in R t with the assistance of the source domains.
In our problem setting, we assume that ∀ j, U s j ∩U t = ∅, I s j ∩
I t = ∅.
B. Preliminary of Autoencoder
Here, we present a basic method, whose structures will
be used for feature extraction or rating reconstruction in our

(2)

Here, g1 (∗) and g2 (∗) are activation functions (we use
ReLu function in this article), and w 1 , w2 are the weights
and b1 , b2 are the bias for the AE structure. There can be
multiple hidden layers included in the AE structure if needed.
The AE is applied to deal with the recommendation task with
explicit data R [44]. We can take the rating vector of each
user or each item as the input and leverage an encoder to
map it into a low-dimensional feature space to get the user
or latent representation. Then we use a decoder to reconstruct
the latent features vectors to a completed rating matrix R̂.
The parameters can be trained with back-propagation by
minimizing the mean squared error of the observed ratings
min W
where

( R̂ − R)2

(3)

denotes the element-wise product of matrices.

C. Preliminary of Adversarial Learning
Here, we present a basic network structure that can be used
for an adversarial learning procedure. The adversarial training
process can be achieved via a gradient reversal layer [33], [45].
It has different behaviors during the forward and backward
propagation processes, which acts as the identity function
for forward propagation, but reverses the gradient direction
for backward propagation. Learning with a gradient reversal
layer is adversarial in that the parameters can be optimized to
increase a classifier’s ability to discriminate between representations from the source or target domains, while the reversal
of the gradient results in the model parameters learning
representations from which domain classification accuracy is
reduced
G(x) = x (forward propagation)
∂ G(x)/∂ x = −λI (backward propagation)

(4)

where I is an identity matrix and λ is a hyperparameter that
can be either a constant or a parameter that changes with
data iteration. Unlike attribute features in image processing
in transfer learning studies [33], [45], the latent features
are learned from preference data in this article. Therefore,
we cannot use FFT, normalization, or other transformation
way to mitigate the chance of adversarial error, in which
case constructing an appropriate shared feature space for each
domain is extremely challenging, and direct transformation is
incompetent for this task. In this article, we use adversarial
learning in an end-to-end network designed to minimize its
discrepancy, and the gradient reverse layer can be part of the
adversarial learning component.
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Fig. 1. Proposed architecture of the HMRec method. The target domain is in yellow, the domain-shared part is in green, and a source domain with explicit
data is in red, while another source domain with implicit data is in blue. It is an end-to-end feed-forward neural network consisting of four components:
1) the feature extractor part, including multiple domain-specific encoders for each domain and a domain-shared encoder; 2) the domain discriminator part;
3) the rating reconstruction part for the source domains; and 4) the MF predictor part for the target domain.

IV. H ETEROGENEOUS M ULTIDOMAIN R ECOMMENDATION
HMRec is a deep adversarial network for cross-domain
recommendation capable of learning from multiple source
domains to assist the rating prediction task in the target
domain, as shown in Fig. 1. It is an end-to-end feed-forward
neural network consisting of four different components, where
the information flows from partially observed user–item interaction or rating vectors (input) to predicted ratings (output).
The four kinds of components include the feature extractor
part, the domain discriminator part (the gradient reverse layer
along with the multidomain classifier), the rating reconstruction part for the source domains, and the MF predictor part
for the target domain.
A. Feature Extractor G e
The feature extractor G e with parameter set θe contains several encoders, including domain-specific encoders for domainspecific information preserving as well as domain-shared
encoders for cross-domain knowledge transfer, which can deal
with heterogeneous input from multiple domains of both user
and item sides. We have got one specific encoder for each
domain (i.e., d specific encoders for d source domains) and
one shared encoder for all domains in our proposed method,
and the encoders are used to extract the low-dimensional latent
factors for each user or item. Since the latent feature spaces
among the source domains and the target domain are quite
different, two kinds of encoders in each domain are needed:
one is to extract domain-shared features, and the other is to
extract domain-specific features. To achieve this goal, we cut
off certain links of the hidden layers and divide them into
several parts, through which the domain-shared and domainspecific parts are captured and preserved. We take the user side
as an example to explain the detailed structure. The item-side
part is similar and omitted.
The domain-specific part is only linked and trained by
data from a single domain. The target domain-specific feature vector ptu (m) of user m is encoded by his/her ratings
r tu (m, ∗) in the target domain. The source domain-specific
sd
feature vectors ps1
u , . . . , pu in multiple source domains are

encoded similarly. The domain-shared part is a common part
and trained by data from all the target and source domains,
sd
where the domain-shared feature vectors ctu , cs1
u , . . . , cu are
extracted. To ensure that the domain-specific feature subspace
is different from the domain-shared feature subspace, we adopt
a loss function with orthogonality constraint [33] to maximize
the difference between these subspaces
d
 T 2 
 s j T s j 2
 P
C u F .
L o_u =  P tu C tu  F +
u

(5)

j =1

where (∗)T indicates the transpose of a matrix and  ∗ 2F
is the squared Frobenius norm. The rows of matrices P tu ,
sd
t
P s1
u , . . . , P u , are user domain-specific feature vectors pu ,
t
sd
sd
s1
sd
pu , . . . , pu , while rows of matrices C u , C u , . . . , C u , are
sd
domain-shared features ctu , csd
u , . . . , cu . We can extract both
domain-specific and -shared features for items with a similar
constraint
d
 s j T s j 2
 T 2 
 P
C i F .
L o_i =  P ti C ti  F +
i

(6)

j =1

Therefore, the total orthogonality constraint loss for the
domain-specific and -shared latent features is
L o = L o_u + L o_i .

(7)

B. Multiclass Domain Discriminator G d
The domain discriminator G d with parameter set θd contains
two multidomain classifiers and gradient reverse layers for
both the user and the item sides, which aims to match the
latent feature spaces and enhance positive knowledge transfer
through adversarial training. For each side, the domain-shared
encoder is trained to produce a feature vector that a classifier
cannot reliably decide which domain the vector is from, while
the domain classifier is trained to make accurate discrimination. The gradient reversal layer introduced as (4) is placed
between the domain-shared encoder and the domain classifier.
The user-side domain classifier is trained for mapping the
sd
shared feature vectors ctu and cs1
u , . . . , cu to the d-dimensional
domain label score vectors z u . Then we use the softmax
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function  to turn the scores into probabilities and calculate
the predicted domain label l̂ u
exp(z(i ))
l̂ u = (z u ), (z(i )) = d
.
(8)
j =1 exp(z( j ))
We use our generated probabilities vector l̂ u to match the
d-dimensional true probabilities (the ground-truth domain
label) l ∈ R1×d , where the dimension 0 stands for the target
domain and 1, 2, . . . , d stands for the source domains. The
domain adversarial similarity loss, that is, the cross-entropy
of the domain labels, is applied as constraints on the shared
feature vectors [34]. After the adversarial training process, the
user latent feature space of the source domain is matched to the
target domain. As another important basis for recommendation
tasks, the item latent feature spaces should be matched as well,
which is achieved in the same way. Through dual adversarial
training from both user and item sides, we maximally match
the latent feature spaces to enhance positive knowledge transfer. The loss for the dual-side domain discrimination task can
be written as
|U | 
|I | 
d
d


l( j ) log l̂ u ( j ) −
l( j ) log l̂ i ( j ) (9)
Ld = −
u=1 j =1

i=1 j =1

where U = U ∪ U ∪ · · · ∪ U , I = I t ∪ I s1 ∪ · · · ∪ I sd , | ∗ |
means the number of the user or item set, and l( j ) means the
j th dimension of l.
t

s1

sd

C. Heterogeneous Source Reconstructor G r
The reconstructor G r for the source domains with parameter
set θr contains two kinds of decoders for explicit rating vectors
and implicit interaction vectors. G r aims to reconstruct the
rating or interaction vectors, which is used to ensure that the
feature vectors from the source domain are still reasonable and
avoid trivial solutions. For the source domain, the user-side
and item-side feature vectors are reconstructed separately. For
the user side, we combine the domain-specific feature vector
sj
sd
{ pu }dj =1 and the domain-shared feature vector cs1
u , . . . , cu to
sj d
get the user feature vector { f u } j =1 before putting them into
the reconstructor. The item feature vectors are obtained similarly. When the source domain data is the explicit numerical
ratings, we can reconstruct them by a decoder like (2) and (3)
mentioned in the preliminaries. For the source domain with
implicit binary interactions matrix Y , predicted elements in
the reconstructed matrix Ŷ are required to be constrained in
the range of [0, 1], which can be realized by a classifier using
a sigmoid function σ (∗)
1
1
ŷ(m  , n  ) = I(n  ) · σ ( ŷu (m  , ∗)) + [ I(m  )]T · σ ( ŷi (∗, n  ))
2
2
(10)
where I is a one-hot encoding indicator to represent the
position of the training instance. Parameters can be trained
with back-propagation by minimizing the cross entropy loss

[ ŷ(m  , n  ) log y(m  , n  )
L r_i (Y ) = −
(m  ,n  )∈Y ∗

+ (1 − ŷ(m  , n  )) log(1 − y(m  , n  ))]
(11)

where Y + is the observed instances of Y and Y − is the
negative instances achieved through negative sampling [7].
Together, the rating reconstructor for both sides of the heterogeneous source domain are trained by optimizing the
reconstruction loss

2 
2
 sj
 sj
R̂ u − R s j  +  W s j
R̂ i − R s j 
L r_e (R) =  W s j
(12)
where W s is the indicator matrix of the source domain, and
s
R̂u is the reconstructed rating matrix of the source domain
s
from the user side and R̂i is the one reconstructed from the
item side.
Together, the rating reconstructor for both sides of the
heterogeneous source domain is trained by optimizing the
reconstruction loss


L r_im (Y s j ) +
L r_ex (R s j ).
(13)
Lr = −
s j ⊆Sb

s j ⊆Sr

D. MF Predictor G p
The MF predictor for the target domain G p with parameter
set θ p contains a deep MF structure. The user feature vectors
and item feature vectors that combine both the domain-specific
and the domain-shared features are fed into this module and
output the predicted target rating vector. Dimension reduction
is further achieved through a linear mapping, and user vector
ut (m, ∗) for user m as well as item vector i t (∗, n) for item n
are obtained. It projects both users and items onto the same
latent space so that they are comparable. Then through their
inner products, we can predict the unobserved parts. The rating
prediction is calculated by


f tu = ptu ⊕ ctu , f ti = pti ⊕ cti , ut = g wu f tu + bu


i t = g wi f ti + bi , r̂ t (m, n) = ut (m, ∗) · i t (∗, n). (14)
The prediction loss for the target domain can be calculated as
L p = W t

t

( R̂ − Rt )2

(15)

where W t is the indicator matrix of the target domain and R̂t
is the predicted rating matrix for the recommendation task in
the target domain.
The HMRec algorithm is summarized in Algorithm 1. Especially, lines 5–7 aim to extract the latent features through the
encoders and optimize them through the adversarial learning
process as line 6. Lines 8–13 aim to reconstruct the hidden
features for each domain. Line 9 fulfills the rating matrix in the
target domain to make rating predictions. Lines 11 and 13 are
set to ensure that the representations from source domains are
still reasonable and avoid trivial solutions, namely for explicit
and implicit data. Lines 15–19 aim to calculate the loss of
each component and the whole network can be trained through
back-propagation in line 20. The training procedure aims to
collaboratively find both domain-specific features for each
domain and domain-shared features of multiple heterogeneous
domains through deep adversarial learning. It involves optimizing the parameter sets θe of G e to maximize the loss of the
domain discriminator as well as minimize the loss of subspace
orthogonality constraint (L o ), while the parameter sets θd are
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Algorithm 1 HMRec Algorithm
Input:
Multiple source domains with explicit or implicit data:
{s j }dj =1 = {U s j , I s j , R s j or Y s j }dj =1 ;
The target domain data:
t = {U t , I t , R t }, the target domain;
Output:
R̂ t , the predicted rating matrix in target domain;
1: Randomly initialization of the network parameters and set
the hyper parameters.
2: while epoch form 1 to N do
3: for data in each domain:
4:
Randomly shuffle the training data
5:
Extract latent feature vectors p and c with G e
6:
Discriminate the domain label l̂ with G d
7:
Combine the domain-specific p and domain-shared c
to get the latent feature factors
fu = pu ⊕ cu for users
fi = pi ⊕ ci for items
8:
if the training data is from t then
9:
Make the rating prediction in R t by G p
10:
else if the training data is from s j ⊆ Sr then
sj
sj
11:
Reconstrut R̂ u and R̂i by G r
12:
else if the training data is from s j ⊆ Sb then
13:
Reconstruct ŷ by G r to avoid trivial solutions of the
source domains
14:
end if
15: Calculate the orthogonality constraint loss L o by Eq. (5)(7) to separate the feature subspaces
16: Calculate the domain discrimination loss L d by Eq. (4)
17: Calculate the reconstruction loss for the source domains
L r by Eq. (13)
18: Calculate the prediction loss for the target domain L p by
Eq. (15)
19: Calculate the overall loss function by Eq. (16)
20: Update the network parameters through back propagation
21: end while
t
22: return R̂
learned by minimizing L d . In addition, the loss of the rating
reconstructor and the MF predictor is also minimized. Overall,
the total loss function for the proposed method HMRec is
defined as
L(θe , θ p , θr , θd ) = L p (θ p , θe ) + α · L r (θr , θe )
− β · L d (θd , θe ) + γ · L o (θe )

(16)

where α, β, and γ are the trade-off parameters used to balance
the contributions of the four components. The optimization
objective can be expressed as
(θ̂e , θ̂ p , θ̂r ) = arg min L(θe , θ p , θr , θd )
θe ,θ p ,θr

(θ̂d ) = arg max L(θe , θ p , θr , θd ).
θd

(17)

With the gradient reverse layers, the network parameters can
be optimized by stochastic gradient descent or its variants like
the adaptive moment method through backward propagation
in an end-to-end manner, as shown in Fig. 2. After training

7

Fig. 2. Feed-propagation and back-propagation process of HMRec, where
p is the domain-specific feature, c is the domain-shared feature, and f is the
combined latent feature for each domain, and l s1 , . . . , l sd , l t is the domain
label; G e is the feature extractor, G d is the multiclass domain discriminator,
G r is the heterogeneous reconstructor for the source domains, and G p is the
rating predictor for the target domain.

convergence, the parameters θ̂e , θ̂ p , θ̂r , θ̂d will deliver a saddle
point of the overall loss function (16).
V. E XPERIMENT AND A NALYSIS
This section presents the experimental results and the related
analysis. The datasets and evaluation metrics are introduced
first, followed by the baselines and the experiment settings.
Then, we compare the results of the empirical experiments
followed by a discussion. We also conduct an ablation study
to show the effectiveness of each component in our proposed method. Lastly, a parameter and complexity analysis is
presented.
A. Datasets and Evaluation Metrics
1) Datasets: Our experiments are conducted on public datasets, Douban,1 Amazon,2 MovieLens,3 Netflix,4 and
YahooMusic.5 Each of these datasets is publicly available and
has been tested in various situations on both single-domain
and cross-domain recommendation tasks, but rarely used in
the heterogeneous multidomain recommendation. We preprocessed the datasets to filter out the meaningless records.
For Amazon, we choose two groups of categories to conduct
the experiment as Tasks 1 and 2. The movie and clothing
categories are chosen as the target domains, while the beauty
category serve as the source domain with explicit data and
the book, CD, and sports categories are processed to be the
source domain with implicit data. It should be noted that
Amazon datasets contain many users who gave all the items
the same rating, which means these user records will make
no contribution to the recommendation task [21]. Therefore,
we removed these meaningless records and the resulting empty
rows and columns. For the Douban dataset, we randomly
choose 3000 users and 5000 items for each domain as Task 3.
The movie category is chosen as the target domain, while
the book category and the music category serve as the source
1 https://sites.google.com/site/erhengzhong/datasets
2 http://jmcauley.ucsd.edu/data/amazon/
3

https://grouplens.org/datasets/movielens/20m/

4 https://netflixprize.com/index.html
5 http://webscope.sandbox.yahoo.com/
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TABLE II

TABLE III

S TATISTICS OF THE D ATASETS

BASELINES

domains. To fit the problem setting of multiple heterogeneous
source domains, the ratings of the second source domain are
replaced by implicit binary records. The Netflix and YahooMusic datasets are normalized to the binary data of 0, 1 and serve
as the source domain of the target domain MovieLens as Task
4. After that, experiments are conducted in a data sparsity
problem setting for the target domains, where ratings are given
at least 1 but no more than 4 for the test users and the rest
is used for sparsity adjustment and evaluation. Two different
sparsity ratios of the target domain for each task are achieved
by random sample adjustment similar to [18]. The statistics
of these datasets are shown in Table II and the four tasks are
listed follows.
1) Task 1: Amazon_book, CD → Amazon_movie
2) Task 2: Amazon_beauty, sports → Amazon_clothing
3) Task 3: Douban_music, book → Douban_movie
4) Task 4: Netflix, YahooMusic → MovieLens.
2) Evaluation Metrics: Root mean square error (RMSE) and
mean absolute error (MAE) are used as the evaluation metrics.

2) Collective matrix factorization (CMF) [20] jointly factorizes matrices of individual domains with the constraint that the user/item feature matrix is the same. For
the source domain with implicit data, CMF is applied
with the logistic link function as discussed in [46]. For
the multisource domain scenario, multiple constraints
are applied for both the user and item sides.
3) DARec [30] is a state-of-the-art deep domain adaptation
model for cross-domain recommendation, which uses
AE structures combined with the DANN to transfer
knowledge between the extracted user or item rating
patterns. For the source domain with implicit data, the
loss function of AE is replaced by cross entropy as
in [47] and [48] and for the multisource domain scenario,
rating patterns extracted from multiple source domains
are mixed before being sent to the DANN.
2) Parameter Settings: We use Pytorch to implement our
method. All the other methods are from original code (if
available) or rewritten to a Pytorch version based on the
original article. All parameters are set according to the
original article and are fine-tuned. We use a grid search
strategy to tune the learning rate (from 0.0001 to 0.1),
batch size (from 64 to 1024), and latent factor dimensions
(from 10 to 500) to obtain their best performance. For the
source domain with implicit data, the negative sampling ratio
is set to be similar to the number of positive instances
(from 3 to 10).
For the network structure of HMRec, we design two hidden
layers for each encoder, three hidden layers for the domain
classifier, and two hidden layers for each rating reconstructor.
The MF predictor contains three hidden layers. All parameter
matrices in the model are initialized using a Gaussian distribution with a mean of 0 and a standard deviation of 0.01.
The loss of classification is ignored in the training of the first
three batches to pre-train the other part of the network. For
data from the source domain, we use an exponential decay of
0.95 on the learning rate every ten batches. Thus, the influence
of the target domain data is gradually increased to fine-tune
the recommendation result. We run the experiments ten times
and return the mean and standard deviations.

B. Baselines and Experimental Settings
1) Different Types of Baselines: We compare our proposed
method HMRec with two groups of recommendation baselines
as shown in Table III. The first group includes three nontransfer recommendation methods.
1) SVD [6] is a famous matrix factorization method, the
most popular being the non-transfer shallow method;
2) AutoRec [44] uses AE to reconstruct the unknown
ratings from the observed ones;
3) Deep matrix factorization (DMF) [7] is a deep CF
method that uses multiple nonlinear layers to extract
latent feature vectors of users and items.
The second group has three cross-domain recommendation
methods.
1) DMF++: We combine two DMFs by simply sharing the
user or item latent features as a straight way to transfer
knowledge. For the implicit data, the interaction can be
predicted by ŷ = σ (hu · hi ), where σ (∗) is a sigmoid
function to constrain the output ŷ in the range of [0, 1],
and the optimization goal will be (11).

C. Experimental Results
The comparison results of our proposed HMRec method
with various baselines on the four tasks in two different sparsity ratios are shown in Tables IV–VI. We compare HMRec
with three non-transfer methods to show the effectiveness of
knowledge transfer as shown in Table IV. For the cross-domain
methods, we conduct the experiment that they transfer knowledge from a single-source domain (marked as with S1 or S2)
and from multiple source domains simultaneously (marked as
multi) to show the effect of each source domain, whose results
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TABLE IV
OVERALL C OMPARISON R ESULT W ITH THE N ONTRANSFER BASELINES

TABLE V
OVERALL C OMPARISON R ESULT W ITH C ROSS -D OMAIN BASELINES IN T ERMS OF RMSE

TABLE VI
OVERALL C OMPARISON R ESULT OF C ROSS -D OMAIN BASELINES IN T ERMS OF MAE

in terms of RMSE and MAE are shown in Tables V and VI.
We also conducted a significance analysis using Friedman’s
test on all pairs of experiments. Statistically significant results
are marked with an asterisk (*). Most of the P-values are much
smaller than the significance level α = 0.01. Our proposed
method HMRec performs best under all the test configurations.
We make the following observations.
1) Compared With Non-Transfer Methods: Basically, the
classic method SVD performs steadily for all tasks and suffers from the data sparsity issue. The deep learning method
AutoRec performs the best of the three non-transfer methods
for most of the time, which reveals the effectiveness of an

ability to learn nonlinearity. However, the deep matrix factorization method DMF, which achieves competitive performance
in many scenes [7], fails to perform well when the training data
of the target domain is very sparse.
Overall, our proposed method HMRec performs far better
than the non-transfer methods as shown in Table IV, especially when the target domain is extremely sparse. Take the
comparison result in the four tasks with the more severe sparsity as an example: our proposed method HMRec improves
5.01%–10.95% in terms of RMSE compared with AutoRec,
while achieving 8.14%–24.68% improvement compared with
DMF. This shows the effectiveness of knowledge transfer
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Fig. 3. Average comparison results of the four tasks with the cross-domain methods. (a) Single explicit source domain. (b) Single implicit source domain.
(c) Both heterogeneous source domains.

from the source domains. As a result, the proposed method
HMRec significantly outperforms all the non-transfer learning
recommendation techniques.
2) Compared With Cross-Domain Methods: CMF is a classic cross-domain method and DARec is one of the state-ofthe-art methods. Both achieve impressive performance when
the source domain is relatively dense and similar to the target
domain. However, a negative transfer occurs when the source
domain is also quite sparse and even heterogeneous to the
target domain. We find that CMF and DARec perform worse
than the non-transfer method AutoRec or SVD in Tasks 1 and
4. This is because they only consider domain-shared features
while ignoring the domain-specific information of the target
domain. In this case, the model shifts more toward the source
domain and degrades its prediction performance in the target
domain.
Limited by high sparsity, DMF does not perform well.
DMF++ achieves better performance than DMF in Tasks 1–3
by introducing richer user information from the source domain.
However, in Task 4, a negative transfer occurs and DMF++
results in 8.79% more errors than DMF. Furthermore, the
variances of both DMF and DMF++ are relatively larger than
the other methods. This is because of the simple replacement
of user or item latent features. Our proposed method HMRec
achieves from 4.51% to 17.83% improvement on both RMSE
and MAE with DMF++ and ensures a steady improvement
compared to all the non-transfer learning methods with various
sparsity ratios.
To present an overview of the comparison results of the
cross-domain methods more intuitively, we show the average
comparison results of the four tasks with the cross-domain
method in 3. As shown in Fig. 3(a), the cross-domain methods
DMF++, CMF, and DARec perform well when the source
domain has explicit rating data (e.g. Task 2 with S1 and
Task 3 with S2). HMRec demonstrates better performance
by achieving 3.20%–16.89% improvement in terms of RMSE
and 1.4%–21.18% in terms of MAE. However, as shown
in Fig. 3(b), the performance of these baselines is seriously
impaired when the source domain is heterogeneous, and our
proposed HMRec can achieve more than 20% improvement
on several subtasks. For example, in Task 3 with the implicit
source domain, DMF++, CMF, and DARec result in 13.72%,
24.19%, and 19.62% more errors than HMRec in terms of
RMSE. This reveals that the proposed HMRec can effectively
learn from implicit binary data of the source domain to assist
explicit rating predictions in the target domain.
3) Comparison With Multiple Sources: The experimental
results also reveal the value of transferring knowledge from

Fig. 4.

Results of heterogeneous multidomain recommendation.

multiple source domains. Overall, the cross-domain methods
achieve better performance when data from multiple source
domains are available. However, in Tasks 2 and 3 where the
data from S1 is explicit and the data from S2 is implicit, the
baselines transferred from both source domains are confused
and fail to perform well. Some cross-domain methods may
suffer from performance decrease when the number of source
domains increases, which is usually caused by severer domain
shift and lacking an effective domain adaptation mechanism.
For example, in Table VI, the performance of both CMF and
DARec in multi is worse than with a single domain (S1 or S2)
in Task 1. This phenomenon becomes more apparent when
the number of source domains is increased to 4 as shown in
Fig. 4, which may be caused by the domain shift. However,
the HMRec method proposed in this article aims to improve
the recommendation accuracy by taking maximum advantage
of the available data and avoiding negative transfer, regardless
of the number of source domains. It is very difficult to find
the inflection point that no more source domain is needed,
or theoretically define which domain or domains are the best.
However, thanks to the HMRec network structure we have
designed, our method is able to achieve the proposed aim
and we have observed no performance degradation during our
experiments while the number of source domains increases.
In other words, the proposed HMRec can effectively and
steadily benefit from multiple heterogeneous source domains
by maximally matching their latent feature spaces.
As shown in Tables V and VI, HMRec outperforms all
the baselines, and its performance remains stable on various
datasets under different sparse settings. By transferring knowledge from multiple heterogeneous source domains which are
also quite sparse, our proposed method HMRec can effectively
learn useful knowledge from the domain-shared features. Furthermore, our method can extract domain-specific features for
the target domain, which prevents the occurrence of a negative
transfer. When the target domain is extremely sparse or the
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Fig. 5.
Results of the ablation experiments to the network structure.
(a) RMSE. (b) MAE.
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Fig. 6. Results of the ablation experiments to the key parameters. (a) RMSE.
(b) MAE.

source domain is significantly different from it, the advantages
of our methods are particularly significant.
D. Ablation Study
Since there are many components in our proposed network,
we analyze their impact via an ablation study as shown in
Fig. 5. We introduce several component networks as follows.
1) User_Only: A network that transfers knowledge only
from the user side. We drop the item part of the feature
extractor and replace the MF predictor of the target
domain with a user rating vector reconstructor similar
to the one in the source domains.
2) Item_Only: A network that transfers knowledge only
from the item side. Therefore, we only take advantage
of knowledge transfer from either the user perspective
or the item perspective.
3) Specific_Only: If we only consider the domain-specific
part without the shared part, the network will degenerate
into the simple non-transfer method Autorec.
4) Share_Only: A network without the domain-specific
part. We drop the domain-specific encoders and the loss
orthogonality constraint between the shared and specific
features is set to 0. Therefore, we only use the shared
latent features from the dual adversarial learning to make
the recommendation.
From the experimental results on Task 1 with the target
domain in two different sparsity ratios shown in Fig. 5,
we can observe that our proposed HMRec consistently outperforms the share_only, the specific_only, the user_only,
and the item_only one in items of both RMSE and MAE.
Specifically, HMRec achieves 7.17%–9.39% improvements
compared with the specific_only one, which takes advantage
of domain-specific features only and learns nothing from the
source domains. This reveals the necessity of our knowledge
transfer mechanism. Also, the comparison between HMRec
and the share_only one shows the significance of the domainspecific part, where HMRec improves 0.48%–1.08%. Furthermore, for the first target set, HMRec improves 4.26% and
6.53% compared to the user_only network in terms of RMSE
and MAE and improves by 8.49% and 6.85% compared to the
item_only one. Similarly, HMRec can achieve 4.57%–7.25%
improvement compared to the ones on the sparser target set,
which reveals the effectiveness of adversarial learning for
both user and item sides. Meanwhile, HMRec achieves a
steadier improved recommendation result for it has smaller
variance in ten repeated experiments. Therefore, we can see

Fig. 7. Results of parameter analysis and the iteration process. (a) Parameter
analysis. (b) Iteration.

the contribution of every component that complements each
other in the proposed method HMRec.
We also analyze the effect of the key parameters α, β, γ
through the ablation study as shown in Fig. 6. When α = 0, the
reconstruction loss of the source domains is dropped, in which
case the source domain latent features may be unreasonable
and even lead to a trivial solution. The loss for the dual-side
domain discrimination task is dropped when β = 0, so the
adversarial training will not be effective. When γ = 0, we drop
the orthogonality constraint loss for the domain-specific and
-shared latent features. Then the domain-specific feature subspace and the domain-shared feature subspace may be hard
to separate. As shown in Fig. 6(a) and (b), the proposed
HMRec method with the complete loss function achieves the
best performance. Without any of the trade-off parameters
may result in 1.75%–13.92% more errors, which reveals the
necessity of each part of the loss function.
E. Parameters and Complexity Analysis
The most important parameter in the proposed method is
the latent feature dimension in each part of the network.
Fig. 7(a) shows the impact of the number of latent feature
dimensions in HMRec. We choose the latent dimension that
works the best for each network during the experiment process
(e.g. the latent dimension of 20 works best for Task 1). The
hyperparameter λ in the gradient reverse layer is set to be the
constant 1 following the setting in [45].
We update the parameters using the target domain data and
the source domain data in turn during training. The learning
procedure is similar to DARec but is less time-consuming,
because our methods are built in an end-to-end manner instead
of being several separate structures [30]. The cost of the
HMRec network for the training process of each domain is
approximately equal to that of running a typical deep learning
CF method [28]. The time and space complexity of the model
is increased with the growth of the number of source domains,
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but the marginal cost decreases. Overall, the entire network can
be efficiently trained by backward propagation with minibatch
Adam optimization. We show the experiment training loss
(mean squared error) of Task 1 in Fig. 7(b) as an example.
VI. C ONCLUSION
In this article, we propose a novel deep heterogeneous multidomain recommender system that achieves knowledge transfer through an adversarial learning process, named HMRec.
It aims at solving two challenging issues: how to exploit the
valuable information from multiple source domains when no
single-source domain is sufficient as well as how to ensure
positive transfer and avoid negative transfer when the data
in different source domains are heterogeneous. Different loss
functions and constraints are applied to effectively extract
knowledge from both explicit numerical ratings and implicit
binary interactions of multiple domains. Compared with existing works, HMRec can simultaneously extract domain-specific
features for each domain as well as learn domain-shared features from multiple heterogeneous source domains to achieve
better performance in cross-domain recommendation tasks.
It shows great superiority compared with those methods that
only rely on shared information from a single-source domain
with the same kind of data. Extensive experiments on four
tasks with real-world datasets under different sparsity ratios
show that HMRec can outperform six state-of-the-art baselines
in terms of RMSE and MAE.
Through the proposed method HMRec, we can maximally
learn effective shared information from the available source
domains to improve the performance of recommendation tasks
in the target domain, which can ensure a positive transfer and
avoid negative transfer to the greatest extent. However, there
still are some interesting issues that are worthy to discuss.
First, how to visualize the knowledge transfer process since the
latent feature spaces in the recommender system is different
from the feature spaces of images in most of the transfer
learning methods. Second, how to select source domains and
use less data to achieve better performance when possible.
We still have a long way to go and this direction deserves
further research.
For future work, we are developing a multidomain recommender system to provide users with personalized healthcare
services with multiple source data from both genotypes and
phenotypes. Our current work can be extended to more general
scenarios where the side information of users or items is available. The multitask recommendation and the cross-domain
recommendation tasks with time sequential data are also worth
in-depth investigation.
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