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ABSTRACT
Modern recommender systems usually employ collaborative filtering with rating information to recommend items to users due to
its successful performance. However, because of the drawbacks of
collaborative-based methods such as sparsity, cold start, etc., more
attention has been drawn to hybrid methods that consider both the
rating and content information. Most of the previous works in this
area cannot learn a good representation from content for recommendation task or consider only text modality of the content, thus
their methods are very limited in current multimedia scenario. This
paper proposes a Bayesian generative model called collaborative
variational autoencoder (CVAE) that considers both rating and content for recommendation in multimedia scenario. The model learns
deep latent representations from content data in an unsupervised
manner and also learns implicit relationships between items and
users from both content and rating. Unlike previous works with
denoising criteria, the proposed CVAE learns a latent distribution
for content in latent space instead of observation space through an
inference network and can be easily extended to other multimedia
modalities other than text. Experiments show that CVAE is able
to significantly outperform the state-of-the-art recommendation
methods with more robust performance.
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INTRODUCTION

With the rapid growth and high prevalence of Internet services and
applications, people have access to large amounts of online multimedia content, such as movies, music, news and articles. While this
growth has allowed users to be able to consume a huge number of
resources with only one click, it has also made it more difficult for
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users to find information relevant to their interests. For example,
users might be not aware of the existance of interesting movies
they would like and researchers might find it difficult to search for
important scientific articles related to their area of research. Therefore, recommender systems are becoming increasingly important
to attract users, and make effective use of the information available.
An application example of recommender systems is shown in Fig.
1. Generally, in recommendation applications, there are two types
of information available: the rating and the item content, e.g., the
posters of the movies or the plot descriptions. Existing methods for
recommender systems can be roughly categorized into three classes
[1]: content-based methods, collaborative-based methods, and hybrid methods. Content-based methods [12, 15, 17] make use of user
profiles or item descriptions and the user will be recommended
items similar to those the user has liked in the past. Collaborativebased methods [3, 21, 22] make use of usage or history data, such as
user ratings on items, without using item content information, and
the user will be recommended items that people with similar tastes
and preferences have liked in the past. Collaborative-based methods generally achieve a better recommendation performance than
content-based methods. Nevertheless, collaborative-based methods
do have their limitations. The recommendation performance often
drops significantly when the ratings are very sparse; moreover,
they cannot be used for recommending new items that have not received any ratings from users, which is so-called cold-start problem.
Consequently, hybrid methods [2, 14, 27] that use both content and
collaborative information seek to get the best of both worlds.
Based on how tightly the rating information and auxilliary information are integrated, the hybrid methods may be further divided into two sub-categories: loosely coupled and tightly coupled methods [29]. Loosely coupled methods include the heuristic
methods that implement separate collaborative and content-based
systems and then combine the outputs obtained from individual
recommender systems into final recommendations using a linear
combination [6] or a voting scheme [18]. Yet, over the past years,
researchers have been seeking to develop a unified model to incorporate both collaborative and content information in a tightly
coupled way. Latent factor models have been proposed as such
tightly coupled methods like [2, 14, 24], where auxilliary information is processed and regarded as a feature for the collaborative
methods. However, all these methods assume that the features are
good representations of the content considered, which is usually
not the case. Even if the features are good representations of the
content in general, they are not necessarily good representations
for the recommendation tasks. Thus, the improvement often has
to rely on a manual and tedious feature engineering process. Especially if the content of the items is multimedia content, e.g. texts
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Figure 1: An example of recommendation application. Two
types of information could exist: the rating and the item
content, e.g., posters of movies or plot descriptions.

and images, a good representation for the recommendation tasks is
hard to engineer but very crucial. Collaborative topic regression
(CTR) [27] is a recently proposed method that explicitly links the
learning of content to the recommendation task. It is a probabilistic
graphical model that seamlessly integrates latent Dirichlet allocation (LDA) [4] and probabilistic matrix factorization (PMF) [22],
and it produces promising and interpretable results. However, the
representation capability of the model is limited to the topic model
and the latent representation learned is often not effective enough
especially when the auxiliary information is very sparse.
On the other hand, deep learning models have recently shown
great potential for learning effective representations and achieved
state-of-the-art performance in computer vision [13], natural language processing applications, etc. Though representation learning
is appealing, few attempts have been made to develop deep learning models for recommendation. This is due partially to the fact
that deep learning models, like many machine learning models,
assume i.i.d. inputs. Thus it is difficult to develop deep learning
models to capture and learn the implicit relationship between items
(and users), which is, on the contrary, the strengh of probabilistic
graphical models [10, 16]. This calls for the integration of Bayesian
graphical models and deep learning models to benefit from the best
of both worlds. [7, 23] use restricted Boltzmann machines instead
of the conventional matrix factorization to perform collaborative
filtering (CF). Although these models involve both deep learning
models and CF, they actually belong to collaborative-based methods.
There have also been some models that use a convolutional neural
network (CNN) or deep belief network (DBN) for content-based
recommendation [25, 31]. However, they use the latent factors
learned through matrix factorization (MF) as the ground truth, instead of jointly learning representations and latent factors. Thus,
it suffers greatly when the ratings are sparse and MF fails. Very
recently, collaborative deep learning (CDL) [29] and collaborative
recurrent autoencoder [30] have been proposed for joint learning a
stacked denoising autoencoder (SDAE) [26] (or denoising recurrent
autoencoder) and collaborative filtering, and they shows promising
performance. Conceptually, both of the models try to learn a representation from content through some denoising criteria, either

feedforwardly or recurrently. They first corrupt the input by masking out some parts or replacing them with wildcards, and then use
neural networks to reconstruct the original input. The responses
of the bottleneck layer are thus regarded as features to feed in the
CTR model, and the neural network is optimized with additional
finetuning. However, denoising autoencoders (DAEs) have in fact
no Bayesian nature and the denoising scheme of the DAEs is in
fact not from a probabilistic perspective but rather frequentist perspective. Thus, these models are difficult for Bayesian inference or
require high computational cost. Furthermore, corrupting the input
in observation space requires data specific corruption schemes, for
example a corruption scheme with text content might not be a good
corruption scheme for image content. The fixed noise level also
degrades the robustness of representation learning.
To address above challenges, we propose a Bayesian deep generative model called collaborative variational autoencoder (CVAE) to
jointly model the generation of content and the rating information
in a collaborative filtering setting. The model learns deep latent
representations from content data in an unsupervised manner and
also learns implicit relationships between items and users from both
content and rating. Unlike CTR, with the representation power
of deep neural network, the CVAE model learns more effective
representations for content than topic models. Unlike denoising
autoencoders [26, 29], the CVAE model does not corrupt the input,
but rather seeks for a probabilistic latent variable model for the
content. It infers the stochastic distribution of the latent variable
through an inference network, instead of point estimates, and it
leads to more robust performance. Furthermore, because of the
stochasticity in latent space instead of observation space, the CVAE
model is not limited to the content data type. Different multimedia
modalities, e.g. images and texts, are unified in the framework due
to no data-specific corruption schemes in observation space. Note
that although CVAE is presented with feedforward neural networks
as the inference and generation networks, CVAE is also suitable for
other deep learning models such as convolutional neural networks
[11] and recurrent neural networks [8], depending on the data type
of the content. The main contribution of this paper is summarized
as follows:
• By formulating the recommendation problem in a probabilistic generative model with neural networks, the proposed CVAE model can simultaneously learn an effective
latent representation for content and implicit relationships
between items and users for recommendation tasks.
• By stochastically inferring the latent variable distribution
in latent space instead of observation space, to the best
of our knowledge, the proposed CVAE model is the first
Bayesian generative model that provides a unified framework for recommendation with multimedia content.
• Unlike previous deep learning models, the proposed CVAE
model is inherently a Bayesian probabilistic model. Besides maximum a posteriori (MAP) estimates, effecient
variational inference is derived with Stochastic Gradient
Variational Bayes, leading to efficient Bayesian learning
with back-propagation.
• Experiments with two real-world datasets show that the
proposed CVAE model significantly outperforms the stateof-the-art methods for recommendation with content.
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Figure 2: On the left is the proposed Collaborative Variational Autoencoder (CVAE); on the right is the zoom-in of the inference
network and generation network in CVAE.
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THE PROPOSED COLLABORATIVE
VARIATIONAL AUTOENCODER

In this section, we describe the proposed collaborative variational
autoencoder model (CVAE) for recommendation with content. CVAE,
as shown in Fig. 2, is inherently a generative latent variable model,
where the contents of the items are generated by their latent content variables and the ratings of the items by the users are generated
through latent item variables. Latent item variables embed both
content information through latent content variables and collaborative information through latent collaborative variables, bridging
hybrid information together with deep architecture.

2.1

Collaborative Variational Autoencoder

In this paper, we represent users and items in a shared latent lowdimensional space of dimension K, where user i is represented by
a latent variable ui ∈ RK and item j is represented by a latent
variable v j ∈ RK . Like probabilistic matrix factorization (PMF), we
put Normal distribution as the prior. The latent variable for each
user i is drawn from
ui ∼ N (0, λu−1 I K ).
As with PMF, the collaborative information is important for predicting the ratings. For each item j, the collaborative information
is embeded in the collaborative latent variable and is drawn from
Normal distribution,
v j† ∼ N (0, λv−1 I K ).
Traditional PMF only considers collaborative information for predicting rating and does not use the content of the items. The proposed CVAE model constructs a generative latent variable model
for the content and assigns a latent content variable z j to each item
j. The content of the item x j is generated from its latent variable z j
through generation neural network parameterized by θ :
x j ∼ pθ (x j |z j ).
The generation network is illustrated in Fig. 2, where, given the
latent variable z, x is generated through a multi-layer perception
network (MLP). For example, if x is binary data, it can be generated
from a multivariate Bernoulli distribution parameterized by the
output of the generation network:
pθ (x |z) = Ber( fθ (z)).

Or if x is real-value data, it can be generated from Normal distribution N ( fθ (z), λ−1 I ). The generation process of the content through
the generation network is defined as follows:
(1) For each layer l of the generation network
(a) For each column n of the weight matrix Wl , draw
−1
Wl,∗n ∼ N (0, λw
I Kl ).
−1 I ).
(b) Draw the bias vector bl ∼ N (0, λw
Kl
(c) For each row j of hl , draw

hl, j∗ ∼ N (σ (hl −1, j∗Wl + bl ), λs−1 I K ).
(2) For binary data, draw
x j ∼ Ber(σ (h LWL+1 + b L+1 ));
for real-value data, draw
x j ∼ N (h LWL+1 + b L+1 , λ−1
x I ).
Above, λw , λs and λ x are hyperparameters. And generally, λs is
taken to infinity so that normal neural network can be employed for
computational efficiency. Beyond MLP, a deconvolutional network
[19, 20] can be applied to model the generation of images, etc.
The prior distribution of the content variable is chosen to be a
unit Normal distribution:
z j ∼ N (0, I K ).
The item latent variables thus are composed with both the collaborative latent variable and the latent content variable:
v j = v j† + z j .
The rating is thus drawn from the Normal distribution centered at
the inner product between their latent representations,
Ri j ∼ N (uTi v j , Ci−1
j ),
where Ci j is the precision parameter. The precision parameter Ci j
serves as confidence for Ri j similar to that in CTR [27] (Ci j = a if
Ri j = 1 and Ci j = b otherwise) due to the fact that Ri j = 0 means
the user i is either not interested in item j or not aware of it.
With the generative model constructed, the joint probability of
both observations and latent variables is given by
Y
p(R, X , U , V , Z ) =
p(Ri j |ui , v j )p(ui )p(v j |z j )p(x j |z j )p(z j )
i, j

The inference of the model is not only apparently intractable but
also difficult to perform normal variational inference, especially
since p(x j |z j ) is determined by the generation network with nonlinear units. To see that, we can use variational inference to approximate the posterior distribution with mean-field approximation:
q(U , V , Z ) =

M
Y
i=1

q(ui |θui )

N
Y
j=1

𝑧~𝑁 𝜇, 𝜎

(a)

q(v j |θv j )q ( z j |θ z j )

However, the common mean-field approach requires an analytical
solution of expectations with respect to the approximate posterior,
which is not the case for the generation network since no conjugate
probability distribution can be found. Instead, we can use the
Stochastic Gradient Variational Bayes (SGVB) estimator for efficient
approximate posterior inference of the latent content variable z
by introducing an inference network parameterized by ϕ. The
inference network is also an MLP corresponding to the MLP in the
generation network, or convolutional network corresponding to
the deconvolutional network. The variational distribution is thus
chosen to be conjugate to the prior Normal distribution of z j and
is parameterized by ϕ and x j , in replacement of θ z j , leading to per
datapoint variational distributions with shared network parameters:
q ( z j |θ z j ) = qϕ (z j |x j ) = N (µ ϕ (x j ), diag(σϕ2 (x j ))).
With the reparameterization trick similar to [9], it is straightforward
to get a differentiable unbiased estimator of the lower bound and
optimize it using standard stochastic gradient ascent techniques.
The inference process of the latent content variable z through the
inference network is defined as follows:
(1) For each layer l of the inference network
(a) For each column n of the weight matrix Wl , draw
−1
Wl,∗n ∼ N (0, λw
I Kl ).
−1 I ).
(b) Draw the bias vector bl ∼ N (0, λw
Kl
(c) For each row j of hl , draw

hl, j∗ ∼ N (σ (hl −1, j∗Wl + bl ), λs−1 I Kl ).
(2) For each item j
(a) Draw latent mean and covariance vector
µ j ∼ N (h LWµ + b µ , λs−1 I K )
log σ j2 ∼ N (h LWσ + bσ , λs−1 I K ).
(b) Draw latent content vector
z j ∼ N (µ j , diag(σ j )).
The evidence lower bound (ELBO) can be obtained by
L(q) =Eq [log p(R, X , U , V , Z ) − log q(U , V , Z )]
=Eq [log p(R|U , V ) + log p(U ) + log p(V |Z ) + log p(X |Z )]
− KL(qϕ (Z |X )kp(Z ))
In terms of qϕ (z|x ), isolating the terms related to z, we have
L(θ, ϕ; x j ) =Eqϕ (z j |x j ) [log pθ (x j |z j )] + Eqϕ (z j |x j ) [log p(v j |z j )]
− KL(qϕ (z j |x j )kp(z j )) + const.
It is problematic to compute the two expectations above analytically,
as well as the gradient of L with respect to ϕ. Instead, we can
form Monte Carlo estimates of the two expectations by drawing
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Figure 3: Extensions of inference networks and generation
networks under the framework of CVAE for (a) image data
and (b) sequential data for recommender systems.
samples from the variational distribution: z j ∼ qϕ (z j |x j ). With
the reparameterization trick[9], we can instead draw samples from
ϵ ∼ N (0, I ) and form the samples of z j by z j = µ j + σ j ϵ. Thus,
the above objective can be estimated using the SGVB estimator:
L(θ, ϕ; x j ) ' − KL(qϕ (z j |x j )kp(z j )) +

L
1X
(l )
log pθ (x j |z j )
L
l =1

(l )
+ log p(v j |z j )

+ const.

(l )

where z j = µ j + σ j ϵ (l ) and ϵ ∼ N (0, I ).
Another interpretation of the proposed CVAE model is from the
point of view of denoising. The inference network produces the
posterior variational distribution for the latent content variable z.
This can also be viewed as as corrupting the latent content vector
with Gaussian noise. Unlike the stacked denoising autoencoder
(SDAE) as proposed in [26, 29], where the input observations are
first corrupted with various noise (masking noise, Gaussian noise,
salt-and-peper noise, etc), the corruption of data in latent space
avoids the diverse interpretation and corruption scheme of the observation space and provides a unified way of corruption. Also, the
noise level is automatically learned through the inference network,
instead of manually tuned like in SDAE. This leads to more robust
and systematic learning of representation regardless of the data
type it is trying to model.
For completeness, Fig. 3 shows the extensions of inference networks and generation networks under the framework of CVAE
for other types of content data associated with items. For image
data, a convolutional network and deconvolutional network pair
can be used for inference network and generation network [19, 20].
For sequential data, such as text data in sequential form instead
of bag-of-words representation, a recurrent neural network pair
can be used [5]. Due to the stochasticity in latent space instead of
the observation space, content data with different modalities are
unified in the framework of CVAE for recommender systems.

2.2

Maximum A Posteriori Estimates

The MAP estimation can be performed by only considerring the
variational distribution of qϕ (Z |X ) and maximizing the objective

with respect to {ui } and {v j } using block coordinate ascent. The
objective thus becomes

where
Λui n =

X Ci j

λu X
L MAP (U , V , θ, ϕ) = −
(Ri j − uTi v j ) 2 −
kui k22
2
2
i, j
i
λv X
kv j − z j k22
E
−
2 j qϕ (Z |X )
+ Eqϕ (Z |X ) log p(X |Z ) − KL(qϕ (Z |X )kp(Z ))
λw X
−
(kWl kF2 + kbl k22 )
2
l
(1)
The block coordinate ascent for {ui } and {v j } thus becomes

v j ← (U C j U + λV I K )

−1

where it should be noted that EqϕZ [z j ] equals to µ j produced by the
inference network. And given U and V , the gradient with respect
to µ and σ of z is
L
1X
(l )
∇ µ j L MAP (θ, ϕ; x j ) ' − µ j +
λv (v j − z j )
L
l =1

j

∇σ j L MAP (θ, ϕ; x j ) '

(l )
log pθ (x j |z j )

L
1
1X
(l )
− σj +
[λv (v j − z j )
σj
L
l =1

(l )

+ ∇z (l ) log pθ (x j |z j )]
j

ϵ (l )

2.3

Bayesian Inference

Previous works [23, 25, 29, 30] that also employ deep networks are
difficult to conduct Bayesian inference, or they have to resort to
computationally intensive Markov Chain Monte Carlo (MCMC).
However, with the Bayesian nature of the proposed model, it is
straightforward to perform efficient variational inference. The complete conditional of ui is given by
p(ui |R, V , X , Z ) = N (µui n , λu−1i n I K )

N
X

Ci j Ri j v j )

j=1

p(v j |R, U , X , Z ) = N (µv j n , λv−1j n I K )
where
Λv j n =

M
X

i=1
M
X

Ci j ui uTi + λv I K

C i j R i j u i + λv z j )

i=1

Taking the derivative of L with respect to θui and setting the
gradient to zero, we have
µui ← (EqθV [VCi V T ] + λU I K ) −1 (EqθV [V ]Ci Ri )
Λui ← (EqθV [VCi V T ] + λU I K )
where EqθV [VCi V T ] = EqθV [V ]Ci EqθV [V ]T +
wise, for θv j , we have

P

−1
j Ci j Λv j .

Like-

µv j ← (EqθU [UC j U T ] + λV I K ) −1 (EqθU [U ]Ci Ri + λv EqϕZ [z j ])
Λv j ← (EqθU [UCi U T ] + λV I K )
P
where EqθU [UC j U T ] = EqθU [U ]Ci EqθU [U ]T + i Ci j Λu−1j . Compared with the MAP estimates, it can be seen that the precision
matrix further gauges our belief of the updates by introducing an
additional term. The gradient of L with respect to µ and σ thus can
be obtained:

(l )

The last term log pθ (x j |z j ) depends on what the data type of x j is.
For binary data, pθ (x |z) is a Bernoulli distribution. For categorical
data, pθ (x |z) could be a Categorical distribution. And for real-value
data pθ (x |z) could be a Normal distribution. Thus, the gradient of
the generation network can be evaluated through backpropagation
and so too the gradient of weights of the inference network. Furthermore, the number of samples L per datapoint can be set to 1
as long as the minibatch size M is large enough, e.g. M = 128. The
weights of the inference network and generation network thus can
be performed through backpropagation in a conventional manner.

Ci j v j vTj + λu I K

The complete conditional of v j is given by

µv j n = Λv−1j n (

(UCi Ri + λv EqϕZ [z j ])

+ ∇z (l )

j=1

µui n = Λu−1i n (

ui ← (VCi V T + λU I K ) −1VCi Ri
T

N
X

∇ µ j L(θ, ϕ; x j ) ' − µ j +

L
1X
(l )
Λv j (EqθV [v j ] − z j )
L
l =1

(l )

+ ∇z (l ) log pθ (x j |z j )
j

∇σ j L(θ, ϕ; x j ) '

L
1X
1
(l )
− σj +
[Λv j (EqθV [v j ] − z j )
σj
L
l =1

(l )

+ ∇z (l ) log pθ (x j |z j )]
j

2.4

ϵ (l ) .

Prediction

Let D be the observed data. After all the parameters U , V (or µ, Λ),
and the weights of the inference network and generation network
are learned, the predictions can be made by
E[Ri j |D] = E[ui |D]T (E[v j† |D] + E[z j |D]).
For point estimation, the prediction can simplified as
Ri∗j = uTi (v j† + E[z j ])
where E[z j ] = µ j , the mean vector obtained through the inference
network for each item j. The items that have never been seen before

will have no v j† term, but the E[z j ] can be inferred through the content. In this way, both the sparsity problem and cold start problem
are alleviated, leading to robust recommendation performance.

The recall for the entire system can be summarized using the average recall over all users.

3.3
3

EXPERIMENTS

In this section, we present both quantitative and qualitative experiment results on two real-word datasets to demonstrate the
effectiveness of the proposed CVAE model for recommender systems1 .

3.1

Datasets

The two datasets are users and their libraries of articles with different scales and degrees of sparsity obtained from CiteULike2 , where
users can create their own collections of articles. The first dataset,
citeulike-a, is collected by [27], and there are 5,551 users and 16,980
articles with 204,986 observed user-item pairs. Users with fewer
than 10 articles are not included in the dataset. The sparsity of the
rating matrix is 99.78% (only 0.22% of the rating matrix have one
entries). The second dataset, citeulike-t, is independently collected
by [28] and is even larger and sparser. They manually selected 273
seed tags and collected all articles with at least one of the tags. There
are 7,947 users and 25,975 articles with 134,860 observed user-item
pairs. The sparsity of the rating matrix is 99.93% (only 0.07% of the
rating matrix have one entries). Users with fewer than 3 artiles are
not included in the dataset. Each article in the two datasets has a
title and abstract. The content information of the articles is the concatenation of the titles and abstracts. We follow the same procedure
as that in [27] to preprocess the text content information. After
removing stop words, the vocabulary for each dataset is selected
according to the tf-idf value of each word. The citeulike-a has a
vocabulary size of 8,000 and the citeulike-t has a vocabulary size of
20,000. Each article is represented with a bag-of-words histogram
vector and all the content vectors are then normalized over the
maximum occurrences of each word in all articles.

3.2

Evaluation Scheme

For the recommendation task, we randomly select P items in the
user’s collection for each user to form the training set and use the
rest of the items as the testing set. For the training, we consider
both sparse setting (P = 1) and dense setting (P = 10) for each
dataset. For the testing, each user is presented with M articles
sorted by their predicted rating and evaluated based on which of
these articles are actually in each users’ collection. For each value
of P, the evaluation is conducted five times with different random
splits and the average performance is reported.
As in [27, 29], we use the recall as the evaluation metric since
the zero ratings are in the form of implicit feedback. They may
indicate that a user does not like an article or the user simply is not
aware of it. This makes it difficult to accurately compute precision.
However, since ratings of one explicitly mean true positive, we
focus on recall. For each user, the definition of recall@M is
recall@M =
1 Code

number of items that the user likes among the top M
.
total number of items the user likes

is available at http://eelxpeng.github.io/research/

2 http://www.citeulike.org

Baselines and Experimental Settings

As already demonstrated in previous works [27, 29], hybrid recommendation with content performs significantly better than collaborative based methods, only hybrid models are used for comparison.
The models included in our comparison are listed as follows:
• CTR: Collaborative Topic Regression [27] is a model performing latent dirichlet allocation (LDA) on the content
and collaborative filtering on the rating with tighly coupled
modeling.
• DeepMusic: DeepMusic [25] is a feedforward neural network model for music recommendation, where the objective is a linear regression and the latent factor vectors
obtained by applying weighted matrix factorization (WMF)
to the training rating data are used as groundtruth. We use
the loosely coupled variant as our baseline.
• CDL: Collaborative Deep Learning [29] is a probabilistic
feedforward model for joint learning of stacked denoising
autoencoder (SDAE) and collaborative filtering. CDL is a
very strong baseline and achieves the best performance
among our baseline methods.
• CVAE: Collaborative Variational Autoencoder is our proposed model. The MAP estimates are conducted for fair
comparison. It is a generative latent variable model that
jointly models the generation of content and rating and
uses variational Bayes with inference network for variational inference.
In the experiments, we first use a validation set to find the optimal hyperparameters for CTR, DeepMusic and CDL. For CTR, we
find that it can achieve good performance when a = 1, b = 0.01,
λu = 0.1, λv = 1, and K = 50, where a and b are the confidence
value for Ci j under different ratings. The model is first pretrained
with LDA to get the initial topic proportions and CTR is performed
to jointly learn U , V and topic proportions iteratively. For DeepMusic, a two convolutional layers architecture is used. We tried our
best to tune other hyperparameters. For CDL, we also set a = 1,
b = 0.01, K = 50 and find that the best performance is achieved
with λu = 1, λv = 10, λn = 1000 and λw = 0.0001. A two-layer
SDAE network architecture is adopted to be the same as [29]. The
weights of the network are first pretrained in a plain SDAE manner
with the content of items and then fed into CDL for finetuning for
another 200 epochs. The noise is set to be masking noise with a
noise level of 0.3. For CVAE, the model with MAP estimation is used
for fairness. The parameters of a = 1, b = 0.01, K = 50 are the same.
The other hyperparameters are found through cross-validation on
the validation set. The model is also pretrained in plain VAE manner to first learn initial starting points for the network weights. In
terms of network architecture, it is found that the best performance
is achieved by tying the weights of the inference network and the
generation network (the weights of the inference network are set to
be the transpose of the generation network). It is probably because
by tying their weights together, it avoids many bad local minima,
leading to more robust representation learning in the generation of
the content part. This can also be verified through the result that
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Figure 4: Performance comparison of CVAE, CDL, CTR and DeepMusic based on recall in the sparse setting for dataset (a)
citeulike-a and (b) citeulike-t.
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Figure 5: Performance comparison of CVAE, CDL, CTR and DeepMusic based on recall in the dense setting for dataset (a)
citeulike-a and (b) citeulike-t.
tying weights together leads to lower reconstructure error. Both
the inference network and the generation network are chosen to
be a two-layer network architecture (‘200-100’ for inference network and ‘100-200’ for generation network) with sigmoid activation
function.

3.4

Performance Comparison

Fig. 4 and 5 show the results that compare CTR, DeepMusic, CDL
and CVAE using the two datasets under both the sparse (P = 1)
and dense (P = 10) settings. As it can be seen, CDL is a very strong
baseline and outperforms the other baselines by a large margin.
Compared with CTR, it can be seen that the deep learning structure
of CDL learns better representations than topic modeling, leading
to better performance. Although DeepMusic is also a deep learning
model, it suffers badly from overfitting when the rating matrix is
extremely sparse (P = 1) and achieves a comparable performance to
CTR when the rating matrix is dense (P = 10). This is because DeepMusic uses the latent vector generated by WMF as the regression
groundtruth, thus its performance highly relies on the WMF which
fails when the rating matrix is sparse. By modeling the generation
of content and rating simutaneously in a probabilistic generative
latent variable model, CVAE is able to outperform all the baselines
by a margin of 4.4%∼20% (a relative boost of 15.7%∼160%) in the
sparse setting and 0.9%∼10.8% (a relative boost of 1.4%∼37.4%) in

the dense setting for citeulike-a. For citeulike-t, since the dataset is
even sparser, the improvement is more significant, 4.1%∼16.39% (a
relative boost of 15.1%∼110%) in the sparse setting and 12.9%∼26.4%
(a relative boost of 24.7%∼68.0%) in the dense setting. To focus
more specifically on the comparison of CDL and CVAE, we can see
that although both CDL and CVAE use deep learning models, the
proposed CVAE achieves better and more robust recommendation,
especially for larger M. This is because CVAE is inherent a Bayesian
generative model and the distribution of latent content variable z
is estimated, instead of point estimation. Thus it will lead to more
robust performance. On the other hand, CDL is using some denoising criteria in observation space with a fixed noise level to learn a
point estimate of latent representation, thus it is still easy to overfit
the data.
To investigate the difference between focusing more on content
and focusing more on ratings, we can add an factor of λr to the
third line of Eq. 1 to adjust the penalty of reconstruction error
with respect to rating-related terms. Fig. 6 shows the results of
CVAE for different values of λr in citeulike-a under the sparse
and dense setting while fixing λu = 0.1 and λv = 10. When
λr is very small, e.g., 0.01, the penalty of reconstruction of the
content is greatly reduced. It leads to degraded performance of
representation learning of the content, thus the performance of
the recommendation. While when λr is large, e.g., 100, the CVAE
model would tend to degenerate into two independent models, one
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for representation learning of the content, the other for probablistic
matrix factorization. Yet, it can be seen that, λr = 100 and λr =
10000 have similar performance, showing that CVAE model is rather
robust for preventing separate learning. It is because the CVAE is
a generative model that learns the latent distribution, instead of
point estimate. The Bayesian nature of the CVAE model makes it
able to model the data better, leading to more robust performance.
By comparing the influence of λr in the sparse setting and dense
setting, it can be seen that joint learning content and rating is
more important when dealing with very sparse data, and crucial
for solving the cold-start problem.
Fig. 7 shows the results of CVAE for different values of the number of latent factors K. The influce of K depends on two parts, the
latent variable for the representation of content and the latent variable for the matrix factorization model. It can be seen that when
K is very small, e.g., 10, the CVAE is unable to learn a good representation from the content, thus it leads to degraded performance.
On the other hand, when K is large enough, the influence of K is
trivial since the representation capability is enough for the content
it is trying to model. By comparing the influence of K in the sparse
setting and dense setting, we can also see that the larger K has
more influence in the dense setting. This is mainly because denser
ratings offer more guidence for inference network to make variational inference, thus they need a larger representation capability
to learn.

3.5

Qualitative Results

In order to gain better insight into CVAE, we train CVAE and CDL
in the sparse setting (P = 1) with the dataset citeulike-a and use

them to recommend articles for two example users. The corresponding rated articles for the target users and the top 10 recommended
articles are shown in Table 1. As we can see, CVAE successfully
identified user I as a researcher working on information retrieval
with an interest in using language model. Consequently, CVAE
achieves a high precision of 90% by focusing its recommendations
on articles about language model based information retrieval, etc.
On the other hand, the topics of articles recommended by CDL covers some purely natural language processing (Article 2, 5), and pure
information retrieval (Article 6, 7, 8), instead of the interaction of
both. For example, Article 6 recommended by CDL is content based
‘image retrieval’, which apparently has nothing to do with language
models for information retrieval. A similar situation happens for
user II. From the rated article, CVAE identifies the user as someone
who is doing an overview of the area and is more interested in
general methods and evaluation metrics for recommendation. Thus,
the articles recommended by CVAE focus on some simpler methods
and evaluation articles. Whereas, CDL recommends many articles
focusing on some in-depth models for recommender systems, such
as content-based or hybrid models (Article 1-4), which contradicts
the intention of the user.
From these two users, we can see that the generative nature of
the proposed CVAE model can capture the key points of articles
and user preferences more accurately, due to its modeling of latent
random variable distribution. From the other point of view, unlike
CDL, which corrupts the input with fixed noise level at observation
space, CVAE is more robust since it adaptively learns the stochastic
noise to corrupt the data in latent space. Thus, generally CVAE
achieves better recommendation performance.

4

CONCLUSIONS

This paper proposes the collaborative variational autoencoder that
can jointly model the generation of item content while extracting
the implicit relationships between items and users collaboratively.
It is a Bayesian probabilistic generative model that unifies the collaborative and content information through stochastic deep learning
models and graphical models, leading to robust recommendation
performance. By its Bayesian nature, efficient variational inference
is derived with stochastic gradient variational Bayes. To the best of
our knowledge, CVAE is the first model that unifies the different
modalities of multimedia for recommendation due to its inference of
stochastic distribution in latent space instead of observation space.
Experiments have shown that the proposed CVAE can significantly
outperform the state-of-the-art methods for recommendation with
content with more robust performance.
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