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Abstract
Unlike traditional video recommendations, micro-video inherits the characteristics of social platforms, such as social relation. 
A large amount of micro-videos showing explosive growth is badly affecting the user’s choice. In this paper, we propose 
a multi-source multi-net micro-video recommendation model that recommends micro-videos fitting users’ best interests. 
Different from existing works, as micro-video inherits the characteristics of social platforms, we simultaneously incorporate 
multi-source content data of items and multi-networks of users to learn user and item representations for recommendation. 
This information can be complementary to each other in a way that multi-modality data can bridge the semantic gap among 
items, while multi-type user networks, such as following and reposting, are able to propagate the preferences among users. 
Furthermore, to discover the hidden categories of micro-videos that properly match users’ interests, we interactively learn 
the user–item representations and perform the hidden item category clustering. The resulted categorical representations 
are interacted with user representations to model user preferences at different levels of hierarchies. Finally, multi-source 
content item data, multi-type user networks and hidden item categories are jointly modelled in a unified recommender, and 
the parameters of the model are collaboratively learned to boost the recommendation performance. Experiments on a real 
dataset demonstrate the effectiveness of the proposed model and its advantage over the state-of-the-art baselines.

Keywords Micro-video recommendation · Clustering · Social recommendation

1 Introduction

The explosion of micro-videos has arisen as a problem on 
social media in recent years, as the sheer volume of avail-
able micro-videos can often undermine a users’ capabil-
ity to choose the micro-videos that best fit their interests. 
Recommender systems appear as a natural solution to this 
problem, helping social applications to precisely determine 
the information offering to consumers and allowing users 
to quickly find the most useful information [12]. Most of 

the previous methods for recommendation are based on col-
laborative filtering (CF) [22, 29] that assumes users who 
show similar preferences in the past are supposed to make 
similar choices in the future. However, CF-based methods 
suffer from data sparseness and cold-start problem [41], as 
the only information they employed is the user–item inter-
action matrix that is extremely sparse, and it is impossible 
to make recommendation for an unseen user or item unless 
its latent representation is learned beforehand. To approach 
those problems, many previous works incorporate additional 
information sources by joint learning users, items and aux-
iliary information such as texts [1, 10, 38, 41], images [5, 7, 
30, 38], video [5, 18, 19] and social connections [17, 37].

The basic idea of collaborative filtering is that users 
who show similar preferences in the past are supposed to 
make similar choices in the future. One of the most popu-
lar collaborative filtering techniques is matrix factorization 
[22] that factorizes a user–item interaction matrix into user 
and item hidden vectors. Thereby, the users and items are 
mapped to the same latent space, and their similarities can 
be measured based on the hidden representations. Although 
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those methods that consider auxiliary information can be 
effective for recommendation task are not applicable for 
micro-video recommendation due to the following rea-
sons. First, micro-videos usually involve multiple modali-
ties such as textual features and visual features, and each 
modality reveals different characteristics of micro-videos. 
For example, the descriptive text associated with a micro-
video indicates the main content of the micro-video, while 
frames in a micro-video carrying the partial information of 
the content are more intuitive than text. Therefore, it is nec-
essary to design a recommender system that can cater for 
different characteristics of auxiliary information and incor-
porate high-level representations of modality information 
into a unified framework for micro-video recommendation. 
Most of the existing works [7, 38] only leverage data of a 
single modality or from a single source, and they usually 
specifically design the process of information extraction 
from the single-source data and tightly couple it with the 
recommend frameworks, which limits the scalability of the 
frameworks, such as integrating heterogeneous data sources. 
Second, many previous works employ social connections for 
improving recommendation accuracy based on the idea that 
social friends interrelated with strong social connections are 
more likely to have similar interests. However, many of them 
[31, 37] simply utilize the following relationship as social 
regularization, while discarding other user–user graphs. As 
demonstrated in the previous research [3], information from 
a single social network may conflict with the true reasons 
underlying the user–item interactions, while clues from 
multiple graphs can be complementary for each other for 
accurate recommendation. For example, family members 
may be ”friends” in a social network but with completely 
different item preferences, while users consume the same 
item explicitly indicating the similarity of their interests.

To address those problems, we propose a multi-source 
multi-net method for micro-video recommendation. Beside 
user–item interactions, we leverage heterogeneous infor-
mation sources for better item profiling and integrate the 
latent representations of the multiple sources into a unified 
recommender framework to promote personalized recom-
mendation. Information from different domains can be 
complementary to each other and reveal the true factors 
of user preferences over items. For example, some peo-
ple view a micro-video because they are attracted by the 
overall description of the video, while other people may be 
interested in the visual images of the video. Furthermore, 
we employ multiple social networks for propagating user 
representations in a shared latent space based on the idea 
that strong social ties are supposed to be located in a prox-
imity close to each other. We learn the hidden representa-
tions of users and items in an end-to-end neural network 
and back-propagate the recommendation errors to update 
the parameters of the network jointly; thus, the user and 

item representations can best explain the user preferences 
over the items by considering heterogeneous data sources 
and multiple social networks. The contributions of this paper 
are listed as follows:

• We incorporate multiple information sources and mul-
tiple user networks in a unified model for micro-video 
recommendation. Each modality can be complementary 
to each other for better modelling user and item repre-
sentations.

• We propose a micro-video recommender framework 
that leverages heterogeneous information sources. Data 
source of difference modality is processed differently, 
and their representations are jointly learned with user 
representations in the unified framework to best explain 
the user–item interactions.

• We propose to discover hidden item category informa-
tion based on clustered hidden item representation for the 
recommendation task. The hierarchy of item-level and 
category-level information can reflect the underlying rea-
son of user preferences over items. We exploit user–user 
relations based on multiple social networks to regularize 
user representations. User representations are propagated 
through the social connections, so that users with strong 
social ties are closed to each other in the shared latent 
space.

• We demonstrate the effectiveness of the proposed solu-
tion with a real dataset and present insights and its advan-
tage over state-of-the-art recommender methods with 
comprehensive experiments and analysis.

The remainder sections are organized as follows. Section 2 
describes the related work. Section 3 presents the details of 
the proposed method, followed by Sect. 4 that describes the 
evaluation on a real dataset. Section 4 concludes this paper.

2  Related Work

2.1  Video Recommendation

Many existing video-oriented sites, such as YouTube1 
and MSN Video,2 have provided video recommendation 
services. Content-based filtering approaches [25, 27] are 
exploited in YouTube, where videos are recommended to 
users based on the past viewed videos. In VideoReach [22], 
video recommendation is performed based on the multi-
modal relevance and users’ click-through data. It integrates 
textual, visual and acoustic modalities with an attention 

1 https ://www.youtu be.com/?hl=zh-cn.
2 https ://www.msn.com/en-us/video .

https://www.youtube.com/?hl=zh-cn
https://www.msn.com/en-us/video
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function. The main limitation of these methods is that they 
only consider the video–video relations, ignoring the related 
users’ preferences that are important. In MovieLens system 
[24], the users are required to rate films that they have seen 
from 1 (Awful) to 5 (Must Watch) stars. The films are rec-
ommended to other users who have a high correlation coef-
ficient (stars) with the current user. Collaborative filtering 
ignores the video attributes such as descriptions and key-
words. Its performance may be undesirable when the ratings 
are insufficient.

2.2  Neural Recommendation

In the past decade, deep learning techniques have been 
applied in several fields such as computer vision, speech 
recognition and natural language processing. As for recom-
mendation, many previous works have tried to combine vari-
ous neural network structures with collaborative filtering to 
boost the recommendation performance [13]. For example, 
the works [9, 21] combine generalized matrix factorization 
with multi-layer perceptron to capture the interrelations 
between users and items. Some others [14, 32] apply auto-
encoders to model user–item interactions, and the recom-
mendations are made by reconstructing the user preferences 
over the item with the pre-trained de-noising auto-encoders. 
Even though these are demonstrated to be effective in previ-
ous works, they are inapplicable in our cases as the models 
are learned solely based on the user–item interactions. Deep 
learning methods are able to extract abstract features of 
data automatically through many layers of nonlinear trans-
formation [35]. The high-level features are extracted in a 
way towards the optimization of some pre-defined objective 
functions [2], and hence, the extracted features are highly 
representative for the data in a specific learning task.

2.3  Social Recommendation

Some works consider social connections to jointly model 
user representations based on the idea that users with strong 
social connections are more likely to have similar interests, 
and they need to be close to each other in the projected low-
dimensional continuous latent space. For example, [17, 31] 
explicitly regularize social friends to have similar represen-
tations. Yang et al. [37] exploit the second-order information 
by predicting user–item contexts with user–item representa-
tions; hence, user–item with similar contexts is constrained 
to be similar to each other in the latent space. In [36], the 
trust network is leveraged to propagate user representations. 
The adjacency matrix in the trust network is factorized in the 
same way as the rating matrix, and truster representations 
are limited to share the same feature space with the active 
users in the rating matrix to bridge them. However, most 
of those works leverage a single-user network to propagate 

user similarities; therefore, discovering similar users with 
information of single modality may provide conflict evi-
dence and compromise recommendation accuracy [26]. On 
the contrary, we model user representations with multiple 
user networks, where information from the user networks 
can be complementary with each other to best characterize 
the user similarity in the shared latent space.

Some previous works [8, 34] uncover latent item groups 
for recommendation. It draws user–item group from a multi-
nomial distribution parameterized by user–item representa-
tions and then generates the rating score from exponential 
family parameterized by the co-clustered user–item group 
pair. The generative characteristic limits the scalability of 
the model, as it is unable to incorporate other information 
sources for modelling user–item ratings. The modelling of 
rating scores as the interactions between user–item groups 
means that it is unable to incorporate the hierarchy of items 
and item categories for better user preferences profiling.

2.4  Joint Recommendation

Recently, many works propose to jointly model the auxil-
iary information associated with users or items for recom-
mendation. The underlying reason of incorporating addi-
tional data sources is that they are highly interrelated with 
user–item interactions and can help to alleviate the data 
sparseness and cold-start problem. The data modalities 
under consideration include text, audio and visual. Those 
observable attributes are processed into abstract represen-
tations with popular deep learning techniques (e.g. CNNs, 
RNNs) and interact them with user or item representations 
to compensate sparse user–item interactions. For example, 
Zhang et al. [38] model textual and visual representations 
for the items with stacked de-noising auto-encoders and 
assume the item representations to be Gaussian distribu-
tion on the residual noise of the linear combination of tex-
tual and visual representations. In [40], user and item rep-
resentations are modelled in each information source (e.g. 
rating, image and text), and a joint hidden layer is applied 
to integrate the representations for the recommendation 
task. However, most of those methods linearly combine 
representations from different sources, without consider-
ing the hierarchy of items and item categories for better 
modelling user–item interactions. Another limitation of 
those methods is that the underlying user networks that 
interlink the user have not been explicitly exploited. The 
projection of users into low-dimensional representations 
needs to preserve local structures in the user networks. 
However, most of those methods customize the modelling 
process for data source of different modalities and tightly 
couple them with the key collaborative filtering effect, 
which negatively affects the scalability of the methods. 
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Moreover, when it comes to the interactions between user 
and item representation, they resort to latent factor model 
that is vulnerable to data sparsity.

3  The Proposed Model

This section describes the details of the proposed model. 
Section 3.1 provides the problem formulation. After that, 
Sects. 3.2 and 3.5 present the modelling of the content 
of micro-videos and the modelling of user networks that 
consider multiple types of user networks, respectively, and 
multi-source data contents are utilized in our model, such as 
textual, visual features of micro-videos and user networks. 
Section 3.3 details the modelling of hidden category that 
learns the hidden categories of micro-videos that properly 
match users’ interests. Section 3.6 describes the unified 
model that incorporates multiple data sources.

3.1  Problem Formulation

We denote a user–item interaction matrix as � ∈ ℝ
M×N , 

where M and N denote the number of users and items, 
respectively. The non-empty entries Rij refer to the positive 
interaction between user ui ∈ � and item vj ∈ �  . In our case, 
each item vj is associated with a textual description and a 
key frame (�j, �j) . More importantly, there are multiple user 
networks, representing different relations such as following 
and liking. For a user network Gk = (�,�k) , where �,�k 
is the set of nodes and edges, (ui, ul) ∈ �

k means there is 
a positive connection between ui and ul . In this work, our 
framework considers following and liking user networks as 
examples, which are easily extended to incorporate other 
user networks such as reposting. Given the interaction 
matrix � , the set of user.� and item �  , the observable texts 
and images (�j, �j, j = 1,… ,N) associated with the items and 
the user network Gk, k = 1, 2 , our task is to predict the miss-
ing values in �.

3.2  Content Modelling

In this subsection, we describe the modelling of content 
information (i.e. textual and visual information) for the 
micro-videos. Since similar items are more likely to have 
similar textual descriptions and visual information, the latent 
representations of those items are supposed to be in a prox-
imity close to each other in the shared latent space. There-
fore, the content information is able to bridge the semantic 
gaps between items, and we can learn better item latent rep-
resentations by exploiting content information.

3.2.1  Textual Representations

The descriptive text �j associated with a micro-video vj sum-
marizes the overall content of the item, and underlying rea-
son of modelling textual data sources is that a user’s prefer-
ence over an item can be explained by the fact that the user 
is attracted by the overall content of a micro-video.

First, we transform each text, �j = {wn
j
}
|�j|
n=1

 where wn
j
 is 

the nth word in �j , into embedding vectors with Glove: 
�j = {�n

j
}
|�j|
n=1

 . The embedding vectors are then fed into a con-
volution layer and a max-pooling layer to obtain the repre-
sentation of each document:

where �j ∈ ℝ
n1 is the output of the CNN and max-pooling 

layer. More details of this process are referred to [41].
Specifically, for each filter map Kj ∈ ℝ

(k×m) , we generate a 
feature map when moving the filter map through the embed-
ding vectors. The feature map is a vector as shown in Eq. (2), 
where k is the embedding size and m is the filter size.

where ∗ is convolution operator and f is an activation func-
tion (i.e. relu). Each filter map produces a feature map of 
different lengths depend on the size of filter map. We then 
apply max-pooling over each feature map to extract the most 
significant feature as presented in Eq. (3), and reduce the 
feature map into a scalar, oj.

In practice, we apply multiple filter maps of various sizes 
onto the embedding vectors, so that we can extract local 
features of different n-gram. Since each filter map produces 
a scalar through the convolution and max-pooling operation, 
we concatenate all the scalars produced by the filter maps of 
different sizes into a vector, as shown in Eq. (4).

where n1 is the number of filter maps in the CNNs. There-
fore, the length of the hidden representation of an item 
depends on the hyperparameter of the neural network rather 
than the length of the input length. In this way, this convolu-
tion and pooling scheme can naturally deal with the descrip-
tive texts of varied length. The concatenated vector �j is 
then passed to a fully connected layer to obtain the hidden 
representation for the descriptive text �j , as shown in Eq. (5).

where �text ∈ ℝ
n1×d and �text ∈ ℝ

d are the transformation 
matrix and the biases, in which d is the pre-defined hid-
den size. Notice that, unlike previous works that use RNNs 
to process texts, we employ CNNs to extract hidden text 

(1)�j = CNN −maxpooling(�j)

(2)zt = f (�u
[1∶k,t∶t+m−1]

∗ Kj + bj)

(3)oj = max{z1, z2,… , z|�j|−m+1}

(4)�j = {o1, o2,… , on1}

(5)�text
j

= f (�text × �j + �text)
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representations. The underlying reason is that the key words 
in the descriptive text of a micro-video are more important 
for attracting users than the word orders. Since the max-
pooling scheme in CNNs is able to capture the most sig-
nificant features and the embedding method can bridge the 
semantic gaps among words, CNNs are able to locate the 
most informative features for recommendation by combining 
these two mechanisms together.

3.2.2  Visual Representations

The idea of extracting visual features from video frames for 
micro-video recommendation is that frames can reflect the 
user specific interests in a straightforward way, which are usu-
ally difficult to be described by text [7]. Therefore, visual and 
textual features reveal user preferences from different point of 
views and they are complementary with each other for micro-
video recommendation.

In this paper, we choose CNNs for extracting visual fea-
tures, as CNNs are powerful in learning high-level visual rep-
resentations for image classification and object detection. We 
utilize the pre-trained VGG-16 [28] net to obtain the visual 
features of video frames. The VGG-16 model is trained on 
large-scale images and classifies an image into one of the 1000 
classes. For each image as input into the VGG-16 model, we 
extract the 4096-dimension activations of the fully connected 
layers prior to the last layer as high-level features for each of 
the key frames and then take the average of the high-level 
features of the key frames as the visual features [39]. For each 
micro-video frame �j , we use the output of the third-to-last 
layer and pass it to a fully connected layer to obtain the repre-
sentation of the frame, as shown in Eq. (6):

(6)�
image

j
= f (�image × CNN(�j) + �image)

where CNN(�j) ∈ ℝ
4096 is the output of the third-to-last 

layer of the VGG-16 model. The VGG-16 model consists of 
13 convolution, five max-pooling, three fully connect and 
one softmax layers. It takes images of size 244 * 244 * 3 
as input and classifies each of them into one of the pre-
defined 1000 classes. The parameters of VGG-16 are pre-
trained with large-scale image database, and the intermedi-
ate representations for an input image can be obtained by 
performing convolution and max-pooling operations with 
the available parameters. The output of the last two layers 
is ignored as they are used for image classification purpose. 
�image ∈ ℝ

4096×d, �image ∈ ℝ
d are the transformation matrix 

and bias vector, respectively. The process of extracting tex-
tual features is shown in Fig. 1.

3.2.3  Latent‑Content Modelling

The idea of modelling item content is to learn mapping func-
tion to project item latent representations and content repre-
sentations (i.e. �text

j
, �

image

j
 ) of different modalities into a com-

mon space so that the similarities between them can be directly 
measured. We denote the latent representation of item vj as �j 
and then the conditional probability of observing an item latent 
representation given its content representations as follows:

(7)

P
(
�text
j

|�j
)
=

1

1 + e
−�⊤

j
�text�text

j

= 𝜎

(
�⊤
j
�text�text

j

)

P
(
�
image

j
|�j

)
=

1

1 + e
−�⊤

j
�image�

image

j

= 𝜎

(
�⊤
j
�image�

image

j

)

Fig. 1  An illustration of visual 
features extraction process Image
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where �text,�image are two linear transformation matrices 
that map an item latent representation and its content repre-
sentations into a common space. The basic idea of Eq. (7) 
is that the latent representation of an item is similar to its 
content representation in the shared common space. The 
employment of sigmoid function for measuring the simi-
larity between two objects is commonly used in previous 
works [4, 33].

3.3  Hidden Category Modelling

Existing works [6, 12] have demonstrated that information 
of different hierarchies can be incorporated to boost recom-
mendation performance. For example, the category informa-
tion of an item can help to capture user preferences in a more 
general granularity. While a user’s interest in a specific item is 
unclear, his/her general taste on the item category is obvious. 
Therefore, category and item representations can be comple-
mentary with each other for better modelling user preferences. 
However, the category information in our case is not explicitly 
available, so we propose to discover category-level informa-
tion for the items, and model user preferences on both item 
and category levels.

Specifically, we perform clustering over the hidden item 
representations and results in several cluster centroids. Instead 
of regarding the centroids as category representations, we 
draw the category representations from a Gaussian distribution 
parameterized by the centroids. Thus, the category representa-
tions can be used for modelling user preference in a more gen-
eral granularity, which is detailed in the next subsection. Notice 
that the clustering process is iteratively performed with the item 
representations learning process, and they mutually benefit 
each other. As items consumed by similar users share simi-
lar characteristics, the learning of item representations drives 
similar items to have similar representations, and it benefits the 
clustering process. Furthermore, the category information can 
help to reveal real user preferences, which in return benefits the 
learning of representative item latent feature vectors.

In this paper, we employ K-means for discovering latent 
categories and denote the category id for item vj as cj . The 
clustering process aims to minimize the following objects.

where K is the pre-specified category number and �k is the 
centroid for category k. The parameters {cj}Nj=1 and {�k}

K
k=1

 
are iteratively updated as in Eq. (9).

(8)argmin

K∑
k=1

∑
cj=k

||�j − �k||2

(9)

cj = argmink���j − �k��2

�k =

∑
cj=k

�j∑
j I(cj = k)

where I(x) = 1 if x holds, and 0 otherwise. Instead of using 
{�k}

K
k=1

 as the category representations, we introduce extra 
vectors {�k}

K
k=1

 for representing the categories and assume 
Gaussian distribution on the residual noise of the clustered 
centroids as

where N(x|�, �2) is the Gaussian distribution with mean � 
and variance �2 and � is the identity matrix. N(�k|0, �2�) is 
the Gaussian prior we place on the category representations 
to avoid overfitting.

3.4  Interaction Modelling

In this subsection, we introduce the modelling of user–item 
interaction. We choose probabilistic matrix factorization 
(PMF) [23] as our basic model for micro-video recommen-
dation, as it is one of the most popular collaborative filtering 
models and is commonly used for recommendation tasks [30]. 
In this work, we have hierarchy of item- and category-level 
representations, and to capture user preferences at different 
levels of granularity, we assume Gaussian distribution over 
observed interaction data as,

where N(�i|0, �u�),N(�j|0, �2
v
) are the Gaussian priors we 

place on the user and item representations �i, �j , respec-
tively. In Eq. (11), �T

i
�cj

 explicitly model user’s general pref-
erences over the item categories and �T

i
�j model user prefer-

ences over the item content, as item representations are 
collaborative modelled with the raw content information in 
the common latent space (shown in Eq. (7)). Therefore, we 
model user interests with a hierarchy of item- and category-
level information, which can be complementary with each 
other for promoting recommendation performance.

3.5  User Network Modelling

In social recommendation, the behaviour of a user is affected by 
his social neighbours through social inference; hence, user pref-
erences can be propagated through the social ties and encourage 
users with strong social connections to have the similar interests. 
Following [11], we employ probabilistic social matrix factoriza-
tion to propagate preferences among social users. The advantage 
of our model is that we utilize multiple user networks to accu-
rately model user’s interests. We denote �k

i
 as the representation 

of user ui in kth user network. A user’s representation depends 
on the latent representations of the connected social friends.

(10)P(�k|�k) = N(�k|�k, �
2
c
�)N(�k|0, �2

�
�)

(11)

P(�ij|�i, �j,�cj
) = N(�i|0, �u�)N(�j|0, �2

v
�)

= N

(
�ij|�Ti (�j + �cj

), �2�

)

(12)�k
i
=

∑
uk
n
∈Nk

i

Tk
in
�k
n
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where Nk
i
 is set of social ties of the user ui in kth user net-

work, and Tk
in
=

1

Nk
i

 . The above equation implies that the rep-
resentation of a user is the average of the representations of 
his/her connected neighbours. Similarly, the unified repre-
sentation of a user across the user networks is dependent on 
the representations of the user in each network. We formu-
late the unified representation �i as the weighted sum of the 
representations �k

i
 across the networks.

where �(�ik) is a softmax function in the form of 
�(�ik) =

exp(�ik)∑
k exp(�ik)

 . �(�ik) can be explained as the impact of 
user representation in each individual network on the unified 
user representation. Considering the conditional probability 
of unified user representations, we have:

The objective function for user regularization can be 
obtained by taking negative log-likelihood of Eq. (14). By 
taking the negative log-likelihood of Eq. (14) and ignoring 
the constant, we have the objective function for the user 
regularization:

(13)�i =

K∑
k=1

�(�ik)�
k
i

(14)

P
�
�i,

�
�k
i

�K

k=1
�{Tk}K

k=1
, �2

U1
, �2

U2
, �2

T

�

∝ P
�
�i�{�i}kk=1, �2

U1
�

��
k

�
P
�
�k
i
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3.6  The Unified Model

With the aforementioned information modelling, the con-
ditional probability of the latent parameters given the 
observed data can be modelled as follows:

By taking the negative likelihood of the above conditional 
probability, the loss function that needs to be minimized is 
as follows:
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3.7  Parameter Learning

With the constructed objective function, its local minimum is 
targeted by taking the derivative with respect to the parameters 
that are updated along the gradient direction. The derivatives 
of the objective function are shown as follows:
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3.7.1  Update �i

The partial derivative of L w.r.t unified user representation �i 
is given as

3.7.2  Update �j

The partial derivative of L w.r.t �j is given as

3.7.3  Update �cj

The partial derivative of L w.r.t category representation cor-
responding to vj is given as

3.7.4  Update �k
i

The partial derivative of L w.r.t user representation in network 
k �k

i
 is given as
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other users (e.g. uw ) in network k.

3.7.5  Update Other Parameters

where �text and �image are the parameters in the CNNs for 
extracting textual and visual features, respectively. �s
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4  Evaluation

In this section, we first describe the dataset followed by 
the experiment setup. After that, we compare the proposed 
model with the state-of-the-art methods and then study the 
structure of the model. Finally, we study the parameters of 
the model.
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4.1  Dataset

As the existing datasets (video datasets) either do not con-
tain the social information or do not fit for micro-video sce-
narios, to validate the effectiveness of the proposed model, 
a real dataset is collected for our experiments. First, we used 
Twitter Streaming APIs3 to collect a year’s data from 2015 
to 2016. Inspired by the existing works such as [15, 16], we 
filter out the users with fewer than five review records and 
the micro-videos with fewer than five viewers. Finally, the 
processed dataset includes 9412 users, 19058 micro-videos 
and 109433 interactions. On average, each user has 11.6 
records and each micro-video has 5.7 viewers.

4.2  Setup

We set the hyper-parameters of the proposed model to the 
following default values: for the regularization terms in the 
loss function, the � s are the hyper-parameters and we set 
the default values to 0.01; for the texts associated with the 
items, we initialize the embedding matrix with Glove and 
tune it during the training process; for parameters in CNNs 
processing the texts, we set the number of filters to be 100 
for each of the filter sizes in the range of 2 to 4; for the train-
ing configuration, we set the initial learning rate to 0.001 
and decay it by 0.95 for every 1000 steps. The batch size is 
set to 1024, and the model is trained for a maximum of 1000 
epochs. For each user, we randomly sample five missing 
interactions as negative samples for each positive sample. 
In addition, for each user 70% of the respective positive and 
negative samples are used for training. Beside the following 
social network, another social network is created by con-
necting users if they like the same micro-videos. In addition 
to the aforementioned default values, we also evaluate the 
proposed model with different network structures.

As for the validation process, we adopt the widely used 
leave-one-out scheme. For each ground-truth item for a user, 
we mix it with 100 random items, then rank the ground truth 
together with the 100 items and measure the recommenda-
tion performance of the proposed model. Finally, we apply 
three commonly used metrics, including precision@k, 
recall@k and nDCG@k, to evaluate our model from differ-
ent point of views.

4.3  Baselines

We compare the proposed model with the following three 
state-of-the-art baselines.

• NeuMF [9]: It generalizes matrix factorization with an 
end-to-end neural network. It embeds users and items 
into a latent space and employs a multi-layer neural net-
work to model their interactions. The embedding of users 
and items is learned jointly with the objective function in 
the model.

• PACE [37]: In addition to modelling of user–item inter-
actions, it introduces contexts to bridge the semantic gap 
between users and items. By predicting contexts with 
user–item embedding, users with similar contexts are 
forced to be similar in the latent space.

• TrustSVD [8]: It learns user and item representations 
from user–item interaction data. In addition, adjacency 
matrix of trust network is leveraged to factorize truster 
and trustee representations. User and truster representa-
tions are limited to share the same latent feature vector 
in order to bridge them together.

• DeepCoNN [41]: Instead of embedding users and items, 
it uses user-generated and item-generated texts to repre-
sent users and items and applies a deep neural network 
to model their interactions.

• CKE [38]: It applies deep learning methods (stacked 
de-noising auto-encoders and stacked convolution auto-
encoders) to joint learn item textual and visual represen-
tations for recommendation.

• JRL [40]: It learns user and item representations in each 
individual information source (e.g. review text, image, 
numerical rating). Representations from different sources 
are integrated to obtain the joint representations for users 
and items.

• MMM: The proposed model incorporates multiple data 
sources and multiple user networks for micro-video rec-
ommendation with item category discovery.

We select these baselines as they constitute the state-of-the-
art methods that consider information of different sources. 
For example, NeuMF models latent user and item represen-
tations from rating information with deep neural network, 
and DeepCoNN models the interaction between user–item 
pairs with the similarity measurement between their respec-
tive textual features. PACE and TrustSVD both consider 
user interaction and social information, and the difference 
is the way that they exploit social information for regular-
izing user representations. CKE and JRL incorporate data 
source of multiple modalities, and the different is that CKE 
extracts item features in each data source (e.g. text, image) 
and then generates unified item representations for model-
ling user–item interaction data, while JRL learns user and 
item representations in each data space and then combines 
them for recommendation.

We select these baselines as they constitute the start-of-
the-art recommendation models that consider item attrib-
utes and regularization. Moreover, different structures of the 

3 Twitter Streaming APIs: https ://dev.twitt er.com/strea ming/overv 
iew.

https://dev.twitter.com/streaming/overview
https://dev.twitter.com/streaming/overview
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proposed models can be regarded as the previously proposed 
model (e.g. single social network regularization), and they 
are evaluated later in this section. For fair comparison, our 
model only considers following social network and textual 
information of items in this subsection, as PACE involves 
friendship information, while DeepCoNN has textual repre-
sentations for users and items. For the baseline NeuMF, we 
fine-tune the parameters (e.g. learning rates and batch nor-
malization) to achieve the best result, while for others we set 
the parameters to the values suggested in the original works.

4.4  Performance Comparison

The performance comparisons among those models on dif-
ferent metrics are presented in Fig. 2. From the figures, we 
have the following observations.

First, we find that JRL performs better than CKE across 
different metrics, which has been demonstrated by previous 
work [40]. This is because JRL models user–item represen-
tations and adds up their interaction scores from each of the 
information sources to rerank the top-N recommendations. 
Therefore, items can be ranked higher in the final recom-
mendation lists as long as the user preferences over the items 
are properly profiled in any one of the information sources. 
On the contrary, CKE linearly combines the item representa-
tions over the information sources and assumes the unified 
item representations to be drawn from a Gaussian distribu-
tion parameterized by the linear combinations. As a result, 

evidence from different sources can negatively affect each 
other for reranking recommendation lists.

Second, the reason that JRL and CKE outperform 
DeepCoCNN with large margin is that the DeepCoCNN 
only considers the textual information for modelling the 
user–item interactions, while JRL and CKE include multi-
ple data sources (e.g. interactions, texts and images) to learn 
user–item representations for the recommendation.

Third, PACE performs slightly better than NeuMF across 
different metrics, which demonstrates the benefit of incor-
porating social context for propagating user preferences. 
However, its improvement over NeuMF is marginal, and the 
reason is twofold. The original PACE integrates geographic 
contexts for regularizing items, but they are not available 
in our dataset, and this component is ignored when imple-
menting PACE. Moreover, we fine-tune the parameters for 
NeuMF as the original model faces the overfitting problem 
in our dataset due to the data spareseness. To do this, we add 
l2-norm for all the parameters and apply batch normalization 
on the output of fully connected layers, and we finally grid 
search the learning rate to achieve the best result.

Also, TrustSVD outperforms PACE with large margin, 
especially on recall and nDCG. PACE leverages social con-
texts to regularize user latent vectors. The user latent vec-
tors are used to predict their social contexts and the losses 
are back-propagated to update the vectors so that users who 
share the similar social friends are forced to be in a proxim-
ity that is close to each other. However, the regularization 

Fig. 2  Performance compari-
sons

(a) (b)

(c)
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of users is detached from the objective function; namely, 
the user latent features are not updated in a way towards the 
optimization of the recommendation performance. On the 
contrary, TrustSVD jointly optimizes the objective function 
and regularizes user latent vectors together. More impor-
tantly, TrustSVD explicitly regularizes users with matrix 
factorization, while PACE implicitly propagates user pref-
erences based on similar contexts, which may account for its 
insufficiency in learning real user preferences.

NeuMF uses deep neural networks to model user–item 
interactions. The advantage of the model is that the nonlin-
ear transformations in the neural network are able to capture 
informative user–item semantics for the recommendation, 
and the informative user–item semantics cannot be mod-
elled with simple dot product in traditional matrix factori-
zation. Moreover, due to the limited information sources, 
NeuMF still faces the problem of data spareseness, and the 
other models such as CKE and JRL significantly outperform 
NeuMF, as they are able to incorporate rich information 
from both users and items.

Unexpectedly, DeepCoCNN performs the worst of all 
baselines. The model exploits user-generated and item-gen-
erated texts for modelling their respective latent features. 
The basic idea is that user-generated texts reflect users 
preference and texts associated with items indicate their 
characteristics. However, the features learned from texts 
are basically biased to the textual semantic and cannot be 
generalized to reflect user latent vectors. One possible solu-
tion to this problem is to add user and item embedding along 
with the textual features, and this result can be regarded as 
a variant of JRL.

Furthermore, we can conclude that JRL and CKE per-
form better than TrustSVD and PACE. However, these two 
types of recommenders are not comparable, as JRL and CKE 
leverage content information for modelling item representa-
tions, while TrustSVD and PACE exploit user network for 
propagating user preferences. For datasets where the social 
information is discriminative, TrustSVD and PACE may out-
perform JRL and CKE. And for datasets where content data 
are informative, JRL and CKE may be superior.

Finally, the proposed model MMM outperforms the state-
of-the-art baselines with a large margin. The advantage of 
the proposed over JRL and CKE demonstrates the effective-
ness of incorporating user networks for recommendations. 
The information from multiple user graphs can be exploited 
for better user profiling and network local structure pres-
ervation. The superiority of MMM over PACE and Trust-
SVD shows the benefit of extracting content information 
from item side for better item representations learning, as 
the data of different modalities associated with items can 
bridge similar items in the shared latent space. However, it 
may be unfair to compare with those baselines since we are 
able to integrate different data modalities for joint modelling 

user–item interactions, even though this is one of the major 
contributions of this paper. For a fair comparison, we exam-
ine the effectiveness of the proposed model with each mod-
elling component (e.g. content, category and user network) 
available, when compared with the baselines.

Overall, the comparison experiments demonstrate the 
effectiveness of incorporating information of multiple 
sources in an end-to-end neural network for micro-video 
recommendation, and the importance of regularizing user 
latent features for ranking optimization. The social connec-
tions and the item textual information can help to bridge 
semantic gap among users and items by propagating user 
preferences and item characteristics.

4.5  Structure Study

In this subsection, we study different variants of the pro-
posed model to investigate the effect of each modelling 
component (e.g. content, category and user networks). The 
variants of our model are listed as follows:

• MMM-con: This variant only incorporates item content 
information and user–item interaction data for modelling 
user–item representations and recommendation.

• MMM-cat: This variant models user–item interactions 
and discovers item category iteratively, and it then incor-
porates category representations for predicting the rating 
scores.

• MMM-net: This variant only integrates user–item inter-
action and user networks for regularizing user representa-
tions and recommendation simultaneously.

We compare MMM-con with JRL, CKE and DeepCoCNN 
since all of them explore item content information for the 
recommendation. MMM-cat is compared with NeuMF, as 
both of them only consider rating matrix for user–item rep-
resentations learning and recommendation, the difference 
is that MMM-cat dynamically discovers item category with 
clustering technique and incorporate the hierarchy of item- 
and category-level information for modelling user preference 
over the item at different granularities. Finally, MMM-net 
is compared with TrustSVD and PACE, because all of them 
take advantage of the user network for preserving the local 
structures in the network when learning user representations.

According to the comparison results presented in 
Tables 1, 2 and 3, we have the following observations. First, 
for models that leverage content information for recommenda-
tions, MMM-con, JRL and CKE achieve better performance 
than DeepCoCNN, this is because they exploit both textual 
and visual features for recommendations, while DeepCoCNN 
only considers textual information. The reason of performance 
variance among MMM-con, JRL and CKE is the way they 
employ to process the content data. We adopt convolution and 
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max-pooling mechanisms for processing texts and images, 
and they are proved to be able to capture the most informa-
tive features for information retrieval tasks [38]. CKE utilizes 
stacked de-noising auto-encoders for extracting textual and 
visual features, and JRL employs word embedding and con-
volution techniques to process texts and images. Even though 
the performance improvement of MMM-con is not noticeable, 
the proposed model MMM is able to outperform JRL and 

CKE significantly by incorporating user network and item 
category information. Also, by comparing MMM-cat with 
NeuMF, we can observe the benefit of discovering latent item 
categories and incorporating them for modelling hierarchi-
cal user preferences. MMM-cat and NeuMF are comparable 
since both of them leverage user interaction data for learning 
user–item representations and recommendation, except that 
MMM-cat draws category representations from the centroids 
of clustered item representations and incorporates them to 
model user–item interactions. The hierarchy of item- and the 
category-level information is able to capture user interests at 
different levels of granularity and improve recommendation 
performance. Finally, the advantage of MMM-net over Trust-
SVD and PACE demonstrates the effectiveness of incorporat-
ing multiple user networks for propagating user preferences, 
since a single-user network may contain conflicting evidence 
against the real factors underlying user–item interaction, while 
information from multiple user networks can be complemen-
tary to each other for better regularizing user representations. 
Comparing different variants of the proposed models, we can 
find that MMM-cat is inferior to MMM-con and MMM-net; 
this is because the only information available for MMM-cat is 
the rating matrix. Therefore, MMM-cat still faces the problem 
of data sparseness.

4.6  Parameter Study

In this paper, the number of centroids needs to be pre-spec-
ified for clustering items; thus, we study the effect of the 
centroid number on the recommendation performance in 
this subsection. Few item clusters can make the category 
representations not discriminative enough to model hierar-
chical user preferences, while many centroids can make the 
category representations less informative for bridging items 
having similar characteristics, considering the special case 
where each item is regarded as a cluster. We present in Fig. 3 
the recommendation performance across different metrics by 
varying the number of cluster centroids. We can see that the 
number of pre-specified cluster centroids has little impact on 
our recommendation model, as we are able to achieve similar 
recommendation performance when we change the centroids 
number. This is because with the different pre-specified num-
ber of centroids, we can cluster the items into different levels 
of hierarchies. Therefore, as long as the categorical structure 
of the items data is preserved, the item categorical repre-
sentations can be informative and discriminative for distin-
guishing items with different characteristics. The underlying 
reason that the discovered category representations can boost 
accurate recommendation performance is twofold. From the 
items’ point of view, the discovered categorical information 
encourages items with similar characteristics to have a uni-
fied category representation, and the representation is able to 
bridge the semantic gap among items in the category. From 

Table 1  Precision@k of different comparable models

Models pre@10 pre@20 pre@30 pre@40

DeepCoCNN 0.06964 0.04154 0.02989 0.02309
CKE 0.08656 0.05156 0.03697 0.02843
JRL 0.08999 0.05286 0.03843 0.03017
MMM-con 0.09076 0.05319 0.03827 0.03048
NeuMF 0.07791 0.04625 0.03332 0.02661
MMM-cat 0.0822 0.04848 0.03457 0.02712
PACE 0.08183 0.04903 0.03523 0.02764
TrustSVD 0.08654 0.0497 0.03551 0.02781
MMM-net 0.09008 0.05347 0.0379 0.02962
MMM 0.1034 0.06102 0.04374 0.03436

Table 2  Recall@k of different comparable models

Models rec@10 rec@20 rec@30 rec@40

DeepCoCNN 0.21963 0.24878 0.26371 0.26873
CKE 0.27311 0.30879 0.32677 0.33137
JRL 0.28397 0.31594 0.33985 0.35082
MMM-con 0.28724 0.31861 0.33825 0.35456
NeuMF 0.24517 0.27618 0.29394 0.30975
MMM-cat 0.25879 0.2903 0.30585 0.31537
PACE 0.25785 0.29252 0.31101 0.32182
TrustSVD 0.27174 0.29767 0.31212 0.32283
MMM-net 0.28384 0.31969 0.33382 0.34477
MMM 0.3257 0.365 0.38595 0.40015

Table 3  nDCG@k of different comparable models

Models ndcg@10 ndcg@20 ndcg@30 ndcg@40

DeepCoCNN 0.20145 0.2148 0.21967 0.21862
CKE 0.25021 0.26671 0.27194 0.27043
JRL 0.26079 0.27245 0.28339 0.28546
MMM-con 0.26327 0.27566 0.28258 0.28838
NeuMF 0.22526 0.23775 0.24526 0.25235
MMM-cat 0.23736 0.25024 0.25484 0.25772
PACE 0.23659 0.25268 0.25865 0.2623
TrustSVD 0.24948 0.257 0.26079 0.26296
MMM-net 0.26095 0.27566 0.27881 0.28082
MMM 0.29904 0.31502 0.32192 0.32613
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the users’ perspective, by interacting users with both items 
and categories, we are able to capture user preferences at 
different levels of granularity, and an item tends to be ranked 
higher in the recommendation list as long as the user prefer-
ence on the item is properly profiled either on the item level 
or on the category level. This experiment demonstrates that it 
is flexible to specify the item category number for achieving 
competitive recommendation accuracy.

We visualize the item categories with t-SNE [20] in 
Fig. 4, where different item categories are indicated with 
different colours. We can observe the hidden categorical 
structure among the items; namely, intra-cluster items are 
close to each other, while inter-cluster items are far away 
from each other in the projected latent space.

5  Conclusion

By leveraging the multi-modality information sources in 
micro-videos and the multinomial networks among users, 
we propose to incorporate the latent representations of the 
multiple sources into a unified model to facilitate recommen-
dation, and employ multiple user networks for propagating 
user representations in a shared latent space. The multiple 
information sources act as bridges to interrelate items with 
similar content, while the user networks regularize users 
having strong social ties to have similar preferences. In addi-
tion, we propose to discover hidden categorical representa-
tions of micro-videos and interact them with user representa-
tions for boosting recommendation. The hidden categorical 
information can help to bridge items in a cluster and capture 

user preference at different levels of granularity. The model-
ling of hidden category and the user–item representations 
learning are iteratively performed in a unified model, and 
the recommendation losses are back-propagated to update 
the parameters in a way that can best optimize the recom-
mendation performance. Finally, we validate the proposed 
model on a real dataset and study different variants of the 
proposed model, which demonstrates its advantage over the 
state-of-the-art baselines.

Fig. 3  Recommendation per-
formance as a function of the 
cluster centroids

(a) (b)

(c)

Fig. 4  Visualization of item clustering
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Open Access This article is distributed under the terms of the Crea-
tive Commons Attribution 4.0 International License (http://creat iveco 
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