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Abstract:
The collaborative filtering (CF) technique has been widely used recently in recommendation systems. It needs historical data to give predictions. However, the data sparsity problem still exists. We propose a new item-based restricted Boltzmann
machine (RBM) approach for CF and use the deep multilayer RBM network structure, which alleviates the data sparsity problem
and has excellent ability to extract features. Each item is treated as a single RBM, and different items share the same weights and
biases. The parameters are learned layer by layer in the deep network. The batch gradient descent algorithm with minibatch is used
to increase the convergence speed. The new feature vector discovered by the multilayer RBM network structure is very effective in
predicting a rating and achieves a better result. Experimental results on the data set of MovieLens show that the item-based multilayer RBM approach achieves the best performance, with a mean absolute error of 0.6424 and a root-mean-square error of 0.7843.
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1 Introduction
With the explosive growth of information, the
application of recommender systems has attracted
increasing attention (Schafer et al., 1999; Shi et al.,
2011). The collaborative filtering (CF) method has
been widely used as an effective recommendation
technique. By analyzing historical user behavior, such
as rating data and purchasing behavior, CF recommends items in which users may be interested. The
effectiveness of the algorithm relies heavily on the
historical user behavior data.
There are two types of CF algorithms: neighborbased and model-based algorithms. Neighbor-based
‡
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CF (Sarwar et al., 2001; Linden et al., 2010) calculates the similarity between users or items to accomplish the recommendation task, whereas model-based
CF learns the user behavior data to build a model and
then uses it to complete the recommendation. In recent years, there have been two popular model based
CF algorithms: matrix factorization based (Koren et
al., 2009) and restricted Boltzmann machine (RBM)
based. Ference et al.(2013) introduced a personalized
location recommendation method based on CF. Li et
al. (2013) integrated the results of the latent Dirichlet
allocation (LDA) algorithm into the singular value
decomposition (SVD) based CF algorithm and proposed an academic paper recommendation algorithm.
Despite the development of the CF technique,
some problems still exist, such as data sparsity and
cold start. Some methods have been proposed to alleviate the effect on system performance. Candès and
Recht (2009) proposed the convex optimization algorithm to predict and fill the missing data in the
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rating matrix, which solves the data sparsity problem.
The voting method has also been used to predict
missing data (Breese et al., 1998). Zhang et al. (2014)
put forward a semisupervised cotraining algorithm to
solve the cold start problem.
There are several public data sets used to evaluate the performance of recommendation systems.
GroupLens (Resnick et al., 1994) first introduces an
automated collaborative filtering system using a
neighborhood-based algorithm. The developers also
published the MovieLens data set, which has been
widely used by many research institutions. Our approach is also implemented on this data set. Nathanson et al. (2007) developed the Jester recommendation system, which improves the principal
component analysis algorithm to accomplish a dimension reduction of the rating matrix, and achieves
better performance. Also, the hierarchical structure in
recommender systems is important, and Wang et al.
(2015) proposed a recommendation framework to
incorporate explicit hierarchical structures for recommendation and verified the effectiveness.
RBM was first introduced by Smolensky (1986).
With the appearance of the RBM fast-learning algorithm known as contrastive divergence, RBMs have
attracted an increasing amount of attention in the field
of machine learning. The research foundation for
deep learning was first introduced by Hinton and
Sejnowski (1983). They proposed the training approach in a Boltzmann machine; however, parameter
learning within the neural network was very slow and
it affected the further development of this research.
Hinton et al. (2006) introduced a greedy, layer-bylayer unsupervised learning algorithm that consists of
learning a stack of RBMs, one layer at a time. After
greedy learning, the entire stack could be viewed as a
single probabilistic model known as a deep belief
network (DBN). This type of deep structure achieves
excellent performance for classification and recognition, and it outperforms other models, such as support
vector machine (SVM) and AdaBoost. The theory of
deep learning has recently been widely used in many
machine learning tasks, such as object and speech
recognition (Bengio, 2009; Mohamed et al., 2012).
Salakhutdinov et al. (2007) introduced a technique to apply an RBM for CF for the first time and
achieved good performance on the Netflix data set
(http://www.netflix.com), which was published for
the development of CF algorithms in 2006. Feu-

erverger et al. (2012) provided a discussion and
overview of some lessons for statistics that emerged
from the Netflix contest. Many key ideas proposed by
a large number of individuals and teams were analyzed. BellKor won the Netflix Grand Prize 2007
(Bell et al., 2007). The Progress Prize 2008 was won
by the combined efforts of BellKor and BigChaos
(Töscher and Jahrer, 2008). Luo (2011) proved that
the theory of RBM-based CF is based on the prototype user, and a recommendation was implemented by
calculating the similarity between each user and the
prototype user. Wu (2010) described how to integrate
time bias and user bias into RBM-based CF to improve performance. However, existing RBM-based
CF algorithms are primarily user based; thus, they
treat each user as a single RBM. We propose an
item-based RBM for CF and use the deep structure of
a multi-RBM for parameter learning. The final rating
data is predicted by the more accurate features obtained from the deep structure of RBM. Experimental
results show that the multilayer RBM structure
achieves the best performance when compared with
both two-layer user-based and item-based RBMs.
2 Deep structure model using RBM
2.1 Basic model of RBM
An RBM is an undirected graph model, as shown
in Fig. 1, where v is the visible layer for observed data
and h is the hidden layer for feature extraction. There
is a full connection between the hidden units and
visible units. Each unit has a bias. The weight for each
edge is labeled using vector W. All the display units vi
and hidden units hj are binary variables with the value
of 0 or 1.
Suppose the RBM contains n visible units and m
hidden units. Vectors v and h represent the states of
the visible units and hidden units, respectively. Here,
vi denotes the state of visible unit i and hj represents
the state of hidden unit j. The energy of the RBM in
Fig. 1 is defined as follows:
n

m

i 1

j 1

n

m

E (v , h |  )   ai vi   b j h j   viWij h j , (1)
i 1 j 1

where θ=(Wij, ai, bj) are parameters of the RBM
model, Wij denotes the weight between visible unit i
and hidden unit j, ai represents the bias of visible unit i,
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and bj represents the bias of hidden unit j. The joint
probability distribution is represented as

2.2 Contrastive divergence learning

(2)

The main task of RBM model learning is to obtain the parameters that can be achieved by the likelihood function shown in Eq. (4). We can learn the
optimal parameters using the method of stochastic
gradient ascent, which yields the maximum value of

(3)

L(θ )   t 1 log P (v ( t ) | θ ). The important step in-

is the normalization factor, which is also known as the
partition function.

volves determining how to calculate each parameter’s
partial derivative. The following equation determines
the result of the partial derivative (Zhang et al., 2015):

P (v , h |  ) 
where

exp   E (v , h |  ) 
Z ( )

,

Z ( )   exp   E (v , h |  ) 
v ,h

...

L T   ( E (v (t ) , h | θ ))
 
θ t 1 
θ
P ( hv
| (t ) ,θ )


Hidden
layer h

W

...


 ( E (v , h | θ ))

,
θ
P (v ,hθ
| ) 

Visible
layer v

Fig. 1 Graphic model of a restricted Boltzmann machine
(RBM)

Our main concern is the likelihood function
P(v|θ), which is the probability distribution of visible
layer v. It can be calculated as follows using the
marginal probability distribution P(v, h|θ):
P (v | θ ) 

1
 exp   E (v, h |  )  .
Z (θ ) h

T

(4)

Here, Z(θ) should be calculated first and its time
complexity is 2n+m.
Because of the special structure of RBM, where
the connection exists only between different layers,
the state of the hidden layer units (or visible layer
units) is independent when the state of the visible
layer units (or hidden layer units) is given.
The equations
n


P (h j  1| v )    b j   viWij 
i 1



(5)

m


P(vi  1| h)    ai   h jWij 
j 1



(6)

and

set a probability of 1 for the hidden layer unit and
visible layer unit, respectively, where σ(·) is the sigmoid function.

(7)

where T represents the total number of data and <·>P
represents the expected value under distribution P.
The first item in Eq. (7) can be calculated directly, and the second item can only be approximated
using a sample method, such as the Gibbs sample,
because of the existence of the normalization factor.
Hinton (2002) provided a fast way to learn the RBM,
namely, contrastive divergence (CD). The CD algorithm initializes the first step of the Gibbs sample as a
data point and sets the state of the visible units to a
sample point. Then, the state of the hidden units is
calculated using Eq. (5). Additionally, the state of the
visible units can be obtained using Eq. (6), and it
produces the reconstruction of the visible units. A
better approximate distribution is achieved after k
steps of reconstruction. The term P(h|v(t), θ) represents the data, and ‘recon’ represents the distribution
of the reconstruction. Each parameter of the RBM is
updated as follows (Zhang et al., 2015):

Wij   ( vi h j data   vi h j recon ),

ai   ( vi data   vi recon ),
b   ( h    h  ).
j
data
j
recon
 j

(8)

2.3 Deep structure built by RBM

Based on the two-layer RBM, we add multiple
hidden layers in the network, and the connections
exist only between adjacent layers that compose the
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deep RBM structure shown in Fig. 2. The deep model
can learn the internal representations, which capture
the complicated structure in the higher layers.
Feature data with L dimensions

...
...

w3
...

...

...

...

h2(v3) RBM

v2(h1)

...

h1(v2)

...

w1
...

Recommender systems are designed to predict
user preferences for items that can be equally transformed into a matrix-filling problem. The rating data
and example used in the system are shown in Fig. 3.
As shown in Fig. 3, user 1 and user 3 do not have
rating data for the first and third items, respectively.
The recommender system can provide a prediction for
the missing values using the rating prediction model
to fill the matrix. The prediction data for the missing
values for user 1 and user 3 are four and three,
respectively.

v3(h2)

...

...

3.1 Data representation in CF

RBM

...

...
...

w2

3 Deep network structure for CF

h3

...

...

...

RBM

v1

3.2 User-based RBM for CF

Training data with M dimensions

Fig. 2 Pretraining phase of the deep Boltzmann machine

Here, θ=(w1, w2, w3) are the model parameters to
be learned in the three-hidden-layer structure. The
clamped training data is used in the first layer of the
RBM, and the weight value w1 is learned after several
iterations. At the same time, the hidden layer data h1 is
obtained and used as the visible layer data v2 of the
next higher RBM. To summarize, the hidden layer hi
of the lower RBM in the deep network structure is
used as the visible layer vi+1 of the higher RBM. By
using the same learning algorithm provided in Section
2.2, the weights w2 and w3 are also learned in the
second and third RBMs, respectively.
The vector dimension is reduced from M to L
using the deep structure shown in Fig. 2. We show
that the new feature vector discovered by the deep

？

3

3

5

Boltzmann machine is very effective in providing a
rating prediction for CF.

The neurons of the RBM network are random
neurons and their output has just two states, namely,
inactive and active (Smolensky, 1986). Two problems
exist when applying RBM to CF. First, the units of
RBM take on only values 1 and 0, and it should be
solved to use the two-value variable to model the
rating data, whose value is an integer. Second, users
generally tend to rate a very small number of items;
thus, the rating matrix is sparse.
To solve these problems, Salakhutdinov et al.
(2007) provided a technique that uses an RBM for CF
(Fig. 4). Suppose the rating data value is an integer
between 1 and K, and there are n users and m items in
the data set. We construct the visible layer with m
softmax units and each softmax unit consists of k
two-value subunits. Each user corresponds to a single
RBM, and different users share the same weights and
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Fig. 3 Example of the user-item rating matrix and prediction matrix
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biases. If the rating data of one user for an item is r
(1≤r≤K), the rth subunit in the corresponding softmax
is set to 1, and the other subunits’ values are set to 0.
This approach considers each user as a single RBM,
and every softmax unit in the visible layer represents
an item. We call this method a user-based RBM for
CF.
Bias of hidden unit hj
Connection
weight Wijk

Hidden layer h

. . .

Missing value

Missing value

Visible layer v

Item

Item

Item

Item

User

User

User

User

User

User-based RBM
for CF
Item-based RBM
for CF

3.3 Item-based RBM for CF

Most RBM-based CF methods are based on the
user. We introduce an item-based RBM approach as
shown in Fig. 4. For the visible layer in the RBM,
every softmax unit represents a user, and each item
corresponds to a single RBM. Different items share
the same weights and biases. If a user does not provide rating data for an item, the RBM model for this
item will not contain the softmax unit of this user.
The energy of the RBM model is calculated as
K

m

E ( v , h | θ )      Wijk h j vik   log Z i
i 1 j 1 k 1
K

i 1

F

(9)

   v b   h jb j ,
i 1 k 1



k
i

k
i

j 1

where Z i   k 1 exp bik   j h jWijk
K

m K


P(h j  1| v )    b j   vikWijk 
i 1 k 1



(11)

and

3.3.1 Learning parameters

Fig. 4 Restricted Boltzmann machine (RBM) for collaborative filtering (CF), in which the visible layer can represent the item that denotes the user-based RBM for CF and,
on the other hand, it represents the user, which denotes the
item-based RBM for CF

m

(10)

The value of each parameter is updated as

Item

F

F


exp  bik   h jWijk 
j 1


P(vik  1| h) 
K
 l F

exp  bi   h jWijl 

l 1
j 1



represent the conditional probability of setting visible
unit’s state and hidden unit’s state to 1, respectively.

Bias of visible
unit vik

m

The equations

 is the normali-

zation factor, m is the user number or softmax unit
number, F is the number of hidden units, and K denotes the range of rating data. Unrated user–item
combinations are excluded from this expression.

Wijk  w ( vi h j data   vi h j  recon ),
 k
bi  v ( vi data   vi recon ),
b   ( h    h  ),
h
data
recon
j
j
 j

(12)

where λw, λv, and λh are the updated weights for the
three parameters. There is a small difference relative
to the basic RBM. The users who do not provide a
rating for an item are ignored when the visible layer
units are reconstructed by the Gibbs sample.
We can apply the stochastic gradient descent
(SGD) method to update the parameters. We choose
SGD with minibatch to increase the convergence
speed. For details, refer to Algorithm 1.
Algorithm 1 Training algorithm of item-based
RBM for collaborative filtering
Input: training data set Dtrain, hidden unit number F, and
iteration number n.
Output: value of parameters.
for (loop=0; loop<n; loop++)
for all minibatch items in Dtrain
for all items i in the current minibatch
clamp all users who have rated this item on
visible units
compute pj=P(hj=1|v, θ) for all hidden units
reconstruct the softmax units for the current item
update pj=P(hj=1|v, θ) for all hidden units based
on the reconstruction
end for
update all of the parameters by Eq. (12)
end for
end for
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For the multilayer RBM, the parameter learning
process can be made more efficient by using a layerby-layer pretraining phase as shown in Fig. 2. The
parameters of θ=(w1, w2, w3) in the three-hiddenlayer structure are learned gradually (Fig. 5).
h2

h1
w1

h3

w2
v1

Table 1 MovieLens data set in the experiment
Data set
MovieLens-100k
MovieLens-1M

w3
v2

100k and 1M, which are summarized in Table 1. The
data sets were divided into two parts, and 80% was
used as the training set.

User
number
1682
6040

Movie
number
943
3952

Rating
number
100 000
1 000 209

v3

Fig. 5 Layer-by-layer parameter learning

The hidden layer data h1 is used as the visible
layer data v2 in the second RBM, and h2 is used as v3
in the third RBM.

We used the metrics mean absolute error (MAE)
MAE 

1
Test



u ,iTest

rui  rui

(13)

and root-mean-square error (RMSE)

3.3.2 Rating prediction
After obtaining the parameter value during the
training process, we can predict unknown ratings for
the two-layer RBM using the mean field method. The
details of the method are shown in Algorithm 2.

RMSE 



u ,iTest

(rui  rui )2

(14)

Test

Algorithm 2 Rating prediction with item-based
RBM for collaborative filtering

to evaluate the performance of the recommendation
algorithm. Here, rui denotes the real rating and rui the

Input: user u, item i.
Output: rating data by user u for item i.
1. Clamp the users who have rated item i over the
softmax units of the RBM model.
2. Compute pˆ j  p(h j  1| v ) for all hidden units j.

predicted rating. The smaller the MAE and RMSE
values, the better the performance of the algorithm.

3. Compute

p(vik  1| pˆ ) 



exp bik   j 1 pˆ jWijk



K

l 1

F





exp bil   j 1 pˆ jWijl
F



 k=1, 2, …, K.

4. Obtain the prediction rui   k 1 p (vik  1| pˆ ) k .
K

For the multilayer RBM, we obtain a new vector
with L dimensions to represent each item after dimension reduction using the deep structure shown in
Fig. 2, which is more effective.

4 Experimental results
4.1 Data sets and evaluation metrics

The experiments were implemented on MovieLens (http://www.grouplens.org), which provides
rating data for movies. We used two data sets of size

4.2 Performance comparison of two-layer userbased RBM and item-based RBM

We conducted an experiment to verify the effectiveness of the item-based RBM method on two
data sets: MovieLens-100k and MovieLens-1M. The
number of hidden units was set to 10, 20, …, 200. The
performance comparison between the methods of
user-based RBM and item-based RBM is shown in
Figs. 6 and 7. MAE and RMSE were used as the
evaluation metrics.
As shown in Figs. 6 and 7, item-based RBM
achieved better performance than user-based RBM
with a different number of hidden units on the
MovieLens-100k data set. We also found that both
methods achieved their best performance when the
number of hidden units was set to 160 and 180 for the
MovieLens-100k and MovieLens-1M data sets, respectively. Ultimately, item-based RBM achieved the
best RMSE and MAE values of 0.8688 and 0.6841 on
MovieLens-1M, respectively.
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Item-based RBM

Metric*
MAE
RMSE

MAE

0.78
0.76
0.74

*

10
20
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100
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0.72

Number of hidden units
1.02

(b)

RMSE

1.00

User-based RBM
Item-based RBM

0.98
0.96

0.92

10
20
30
40
50
60
70
80
90
100
110
120
130
140
150
160
170
180
190
200

0.94

Number of hidden units

Fig. 6 Performance comparison of user-based RBM and
item-based RBM on MovieLens-100k: (a) MAE; (b) RMSE
0.74

MAE

0.73

(a)

0.72

User-based RBM
Item-based RBM

0.71
0.70

0.68

10
20
30
40
50
60
70
80
90
100
110
120
130
140
150
160
170
180
190
200

0.69

Number of hidden units
0.92
0.91
RMSE

Table 2 The results of t-test for the improvement of
system performance (df=28)

0.90

(b)

User-based RBM
Item-based RBM

Salakhutdinov et al. (2007) applied RBM to the
Netflix data set and achieved an RMSE value of ~0.91.
Luo (2011) gave a new explanation to the RBM
model by applying user-based collaborative filtering.
It introduced local user similarity and global user
similarity methods and obtained an MAE value of
0.72 on the MovieLens data set.
4.3 Performance of the deep structure with multilayer item-based RBM

The system achieved better performance when a
deep learning method was used for CF. We implemented rating prediction using item-based multilayer
RBM. The experimental results on two data sets are
shown in Table 3, where L denotes the feature vector
dimension after reduction by the multilayer RBM
shown in Fig. 2; L can be regarded as the feature
number. We found that the system exhibited better
performance when L was set to 70 and 110 on the
MovieLens-100k and MovieLens-1M data sets, respectively. In particular, the best results MAE=0.6424
and RMSE=0.7843 were yielded on MovieLens-1M.
Table 3 Performances of deep structure on two MovieLens data sets
L

0.87
10
20
30
40
50
60
70
80
90
100
110
120
130
140
150
160
170
180
190
200

0.86

Number of hidden units

Fig. 7 Performance comparison of user-based RBM and
item-based RBM on MovieLens-1M: (a) MAE; (b) RMSE

To verify the significance of the improvement in
system performance, we provide the results of the
one-sided t-test in Table 2. The item-based RBM and
user-based RBM methods were compared using the
evaluation metrics MAE and RMSE. We found that
the p-values were both smaller than 0.05, which
demonstrates that our approach for item-based RBM
outperformed that for user-based RBM significantly.

p
1.45E–9
2.56E–10

User-based RBM vs. item-based RBM

0.89
0.88

t
8.52
9.41

30
50
70
90
110
130

MAE
MovieMovieLens-100k Lens-1M
0.6874
0.6734
0.6733
0.6556
0.6558
0.6721
0.6725
0.6457
0.6821
0.6424
0.6779
0.6453

RMSE
MovieMovieLens-100k Lens-1M
0.8546
0.8159
0.8457
0.8064
0.7892
0.8416
0.8418
0.7849
0.8454
0.7843
0.8452
0.7845

L: feature vector dimension

We also compared the performances of twolayer RBM and multilayer RBM for CF. The experimental results on the two data sets are shown in
Table 4. The deep structure achieved better performance than both user-based and item-based two-layer
RBMs.
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Table 4 Comparison of performances of the two-layer
and multilayer RBMs
MAE
RMSE
RBM
MovieMovieMovieMovieLens-100k Lens-1M Lens-100k Lens-1M
Two-layer
0.7774
0.6921
0.9820
0.8786
(user-based)
Two-layer
0.7371
0.6841
0.9373
0.8688
(item-based)
Multilayer
0.6721
0.6424
0.8416
0.7843
(item-based)

4.4 Discussion

Data sparsity is the main problem for recommendation systems, especially for high-dimensional
data. There are also some algorithms that use the
matrix decomposition approach to obtain the lowdimensional feature vector; however, it is difficult to
capture the effective feature. We adopted a deep
structure based RBM model to determine the important latent features. The model achieved better
performance when compared with both the two-layer
user-based and item-based RBMs.
After the mapping by the deep structure RBM,
high-dimensional data in the lower layer was mapped
to the low-dimensional space in the higher layer,
which provided features that are more abstract. System performance was improved after data mapping,
which demonstrates that the deep network structure
has excellent ability to select features and represent
data. Additionally, the time consumed by the deep
structure was greater because of its complex model
structure, which requires further research on parallel
computing.
From the experimental results, we find that itembased RBM for CF outperforms user-based RBM for
CF. The important reason is that the item-based approach considers the historical interest of the user and
it recommends items similar to what the user liked
before, which is more comprehensible. The recommendation is more relevant to the user’s current behavior. Usually, the recommendation by a small
number of credible neighbors is more confident than
that by many indistinguishable neighbors. The size of
the item is smaller than the size of the user in the
MovieLens data sets, and thus item-based RBM is
more appropriate. In addition, it resolves the problem
of the new user. The recommendation result can be
generated only after one click by the new user.
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5 Conclusions

We proposed a new item-based approach to apply RBM for collaborative filtering, and the multilayer deep structure was trained for rating prediction.
It considers each item as a single RBM and different
items share the same weights and biases. The stochastic gradient descent method with minibatch was
used to update the parameters. All the parameters
were learned layer by layer in the deep RBM structure.
The experimental results on the MovieLens data set
show that item-based RBM outperforms user-based
RBM significantly. In particular, the multilayer RBM
structure achieved the best performance relative to
both the two-layer user-based and item-based RBMs.
The approach will be optimized further in our
future work. The current algorithm includes only one
bias in the RBM model. We will consider other biases
to obtain better recommendations.
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