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Network representation learning is playing an important role in network analysis due to its effectiveness in a
variety of applications. However, most existing network embedding models focus on homogeneous networks
and neglect the diverse properties such as different types of network structures and associated multimedia
content information. In this article, we learn node representations for multimodal heterogeneous networks,
which contain multiple types of nodes and/or links as well as multimodal content such as texts and images.
We propose a novel attention-aware collaborative multimodal heterogeneous network embedding method
(A2 CMHNE), where an attention-based collaborative representation learning approach is proposed to promote the collaboration of structure-based embedding and content-based embedding, and generate the robust
node representation by introducing an attention mechanism that enables informative embedding integration. In experiments, we compare our model with existing network embedding models on two real-world
datasets. Our method leads to dramatic improvements in performance by 5%, and 9% compared with five
state-of-the-art embedding methods on one benchmark (M10 Dataset), and on a multi-modal heterogeneous
network dataset (WeChat dataset) for node classification, respectively. Experimental results demonstrate the
effectiveness of our proposed method on both node classification and link prediction tasks.
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1 INTRODUCTION
Large-scale networks (e.g., social multimedia network (Sang 2014), citation networks (Sun and
Han 2012)) are ubiquitous in the real world, and many applications need to mine the information
within these networks. For example, social link prediction can be used to recommend interesting
content for users. The citation network can be exploited to discover the influential academic researchers. Therefore, mining the network information is very important. One of the fundamental
problems is how to find effective representations for network analysis. Network node representation (Hoff et al. 2002), which aims at encoding each node of the network into a continuous and
low-dimensional vector representation, alleviating the computation and sparsity issues of traditional symbol-based representations. It has been an important tool for feature representation for
better understanding the semantic relationships between nodes, and also can be used directly in
machine learning methods involving network analysis tasks, such as network visualization (van
der Maaten and Hinton 2008), node classification (Bhagat et al. 2011), and link prediction (LibenNowell and Kleinberg 2007).
Nevertheless, network embedding learning in real-world networks is not a trivial task because
the network data has heterogeneous, sparse, and multi-modal characteristics. Firstly, many practical networks contain diverse and heterogeneous information, such as different node types and
relationships between nodes (Sun and Han 2012). For example, as shown in Figure 1, the social
multimedia network consists of different types of nodes (e.g., multimedia documents, authors and
topics). Most existing methods are specifically designed to learn node representation for homogeneous networks, which cannot be handled well for the heterogeneous network. Secondly, many
real-world networks are often sparse. In Figure 1, some document nodes lack author or topic neighbors and a document node is even isolated with other nodes. Thirdly, there is rich content information that contains multimodal data in networks, as shown in Figure 1. Each data instance of
each node could associate with texts and visual images, which may provide valuable information
for node representation learning and benefit tasks like node classification and link prediction.
Various methods of network embedding approaches have been proposed for network analysis recently (Perozzi et al. 2014; Tang et al. 2015b; Chang et al. 2015; Grover and Leskovec 2016).
Basically, these research efforts can be categorized into two major research topics: (1) Homogeneous networks based methods that focus on the representative of singular type of nodes and
relationships, such as DeepWalk (Perozzi et al. 2014), Large-scale Information Network Embedding (LINE) (Tang et al. 2015b), and node2vec (Grover and Leskovec 2016). For example, Perozzi
et al. (2014) propose a novel DeepWalk method by introducing the Skip-Gram method on node
sequences generated by random walking on the network, and this straightforward analogy between words and nodes has been verified on multi-label network classification tasks. LINE (Tang
et al. 2015b) designs a probability model based on the neighbor structure information and obtains
the node embeddings by optimizing the probability model. In Grover and Leskovec (2016), a novel
node2vec model is proposed to explore different random walk strategies to learn richer representations. However, these methods are designed for homogeneous networks, and cannot capture
heterogeneous structural and semantic correlations exhibited from the heterogeneous network
with multiple types of nodes. (2) Heterogeneous network based methods that focus on multiple
type of nodes and relationships, such as metapath2vec (Dong et al. 2017), Heterogeneous Network
Embedding (HNE) (Chang et al. 2015), Task-guided and Path-augmented Heterogeneous Network
Embedding (TPHNE) (Chen and Sun 2017), and Multi-view Network Embedding (MVE) (Qu et al.
2017). For example, Dong et al. (2017) propose a novel metapath2vec method to constrain random walk to generate meaningful paths for heterogeneous network embedding. MVE (Qu et al.
2017) is proposed to learn node representations for networks of multiple views, where an attention
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Fig. 1. Example network schema of the social multimedia network.

mechanism is utilized to infer the importance of each view. However, to the best of our knowledge,
most existing methods still only consider one or two characteristics of heterogeneous network
data for network node representation, and do not jointly consider three properties: heterogeneous,
sparse, and multi-modal characteristics.
In this article, we focus on the multimodal heterogeneous network embedding problem that aims
to learn robust node representations and propose an attention-aware collaborative multimodal heterogeneous network embedding (A2 CMHNE) model to jointly capture the heterogeneous structure
and multimodal content characteristics of networks. (1) To deal with the heterogeneous discrepancy, we adopt heterogeneous structure-based embedding to mine the node proximities in the
heterogeneous networks. (2) To make use of the multimodal property, we propose both the text
content-based objective and visual content-based objective to take advantage of multimodal content information, as well as learn the content-based embedding for nodes. (3) To deal with the
sparsity of the network, we utilize a novel collaborated mechanism with attention modeling to
integrate the structure-based and content-based embedding to collaboratively learn the node representations, which can complement and enhance each other. The attention mechanism is introduced to infer the accurate weights of different types of embedding during integration.
The details of our proposed approach are shown in Figure 2. The input is the multimodal heterogeneous network that consists of nodes associated with multiple types of content, such as text,
image, author, topic, media, and so on. A novel meta-path based approach is proposed to exploit
implicit structural information in heterogeneous networks, and two types of content-based embedding methods are proposed to effectively make use of multimodal content information in multimodal heterogeneous networks, where the text content-based embedding is utilized to model rich
text descriptions, and the visual content-based embedding is adopted to explore the visual content.
An attention-based collaborated mechanism is proposed to integrate the three types of representations such that we can take advantage of the structure and multi-modal content information,
which can alleviate the sparse issue of networks.
As a result, the proposed model can effectively combine the information of structure-based
embedding and content-based embedding to learn robust node representations for multimodal
heterogeneous networks. We evaluate our method on the various real-world datasets, including
CiteSeer-M10 and WeChat. Experimental results on both the multi-label node classification task
and link prediction task show that our proposed approach outperforms state-of-the-art approaches
for node representation learning. In summary, the contributions of this work are threefold.
ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 2, Article 45. Publication date: May 2019.
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Fig. 2. Overall framework of the proposed approach.

— We propose to study multimodal heterogenous network embedding, which aims to learn node
representations by jointly capturing the heterogeneous and multimodal characteristics of
networks.
— We propose a novel collaboration framework to exploit the heterogeneous structure and
multimodal content information to collaboratively learn the robust node representation.
An attention mechanism is provided to promote the informative integration of embedding.
— We evaluate the proposed method on two real-world datasets and demonstrate that it
achieves much better performance on multimodal heterogeneous networks than existing
methods. Besides, we collect a large-scale dataset for research on multimodal heterogeneous
network embedding analysis and will release it for academic use.
2 RELATED WORK
Most network representation methods are based on network structure information. Perozzi et al.
propose DeepWalk (Perozzi et al. 2014), which employs neural network models to learn a feature
vector for each node from node sequences generated by random walk. In Tang et al. (2015b),
the authors propose LINE to model both the local and global network structures by using the
first-order and second-order proximities. A novel node2vec model (Grover and Leskovec 2016) is
proposed to explore different random walk strategies to learn richer representations. Variational
Graph Auto-Encoder (VGAE) (Kipf and Welling 2016) adopts a variational auto-encoder to encode
structure context of nodes. Graph Convolutional Network (GCN) (Kipf and Welling 2017) is a
semi-supervised approach based on an efficient variant of convolutional neural networks that operate directly on graphs. In Cao et al. (2015), the authors propose GraRep, which employs a matrix
to preserve the structure information of each network to learn low-dimenional representations via
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Singular Value Decomposition (SVD). Deep neural networks for learning graph representations
(DNGR) (Cao et al. 2016) also employs a matrix to construct high-dimenional features of each
network. Instead of SVD, DNGR leverages the deep autoencoder to learn better low-dimenional
representations. However, these methods are designed for homogeneous networks and can not
deal with the heterogeneity of real-world networks. Metapath2vec (Dong et al. 2017) leverages
meta-paths to guide heterogeneous random walkers to better capture heterogenous structure
information. A deep embedding algorithm, HNE (Chang et al. 2015), is proposed to capture the
complex interactions between the heterogeneous data in a network for networked data. MVE (Qu
et al. 2017) studies learning node representations for networks of multiple views and uses an attention mechanism to infer the importance of each view. MVE can alleviate the heterogenous property
by enriching the structure information with multiple view information. In Xu et al. (2017a), the authors propose a novel embedding method to jointly model different types of information for heterogeneous networks, such as author and word network, and user and word network. However, this
is actually still a single network with different types of information. Though the meta-path based
strategy can capture implicit relations in heterogenous networks, they ignore the multimodal content information associated with nodes, which is significant for tasks such as node classification.
Text-associated Deepwalk (TADW) (Yang et al. 2015) shows that DeepWalk is actually equivalent to matrix factorization and incorporates text features of nodes into network representation
learning under the framework of matrix factorization. Predictive Text Embedding (PTE) (Tang
et al. 2015a) learns text content representations by considering words as nodes and utilizing both
labeled and unlabeled data to learn the embedding of text. Embedding of Embedding (EOE) (Xu
et al. 2017b) proposes an embedding approach for coupled heterogeneous networks: a structurebased network and a content-based network (word co-concurrence network). The latent features
encode not only intra-network edges, but also inter-network ones to take advantage of multimodal
information to generate robust representations. Tri-party Deep Network Representation Model
(TriDNR) (Pan et al. 2016) jointly optimizes a node-node objective and a node-content objective
to capture the structure and content information simultaneously. In Wang et al. (2016), Structural
Deep Network Embedding (SDNE) is proposed to use a semi-supervised deep model to simultaneously optimize the first-order and second-order proximity, and the learned representations can
preserve the local and global network structure and are robust to sparse networks. Context-Aware
Network Embedding (CANE) (Tu et al. 2017) considers the attention of node content since each
node shows different aspects when interacting with different neighbor nodes, and these nodes
should own different embeddings, respectively. In recent years, multi-modal information has been
considered as an important part of some network-based applications (Qian et al. 2016; Hu et al.
2018). Multimodal Random Walk Neural Network (MRW-NN) (Wu et al. 2016) is an embedding algorithm for multi-modal networks. Zhang et al. (2016) builds an image-word relation graph based
on the occurrence of words in the description of images for learning representations of images
and words. Attention based Multi-view Variational Auto-Encoder (AMVAE) (Huang et al. 2018)
integrates multimodal contents and network structure via a multi-view variational auto-encoder.
Many real-world networks are sparse and these methods mitigate the sparsity of networks by the
simple combination of structure and content information. For different nodes, the structure, text
content, and visual content may have different contributions to its semantics. However, they are
treated with the same importance by these simple combination strategies.
We present A2 CMHNE to address the heterogeneous, sparse, and multimodal characteristics
of networks simultaneously. Different from homogeneous network embedding approaches such
as DeepWalk (Perozzi et al. 2014) and LINE (Tang et al. 2015b), we employ meta-path to capture
different implicit neighbor relationships between nodes to tackle the heterogenous characteristic.
In terms of the sparse and multimodal characteristics, although existing content-aware network
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embedding approaches such as PTE (Tang et al. 2015a) and TriDNR (Pan et al. 2016) address
the problems by introducing content nodes into the original network, these approaches only
learn a single representation for each node and ignore the different importance of the structure
information and the multimodal information. To address the problems, our model learns structurespecific and content-specific (text and visual) node representations for each node, and an attention
mechanism is proposed to promote the collaboration of them and let them vote for the robust
representations.
3 PROBLEM DEFINITION
In this section, we introduce some background knowledge and formally define the problem of
multimodal heterogeneous network embedding.
Definition 1 (Multimodal Heterogeneous Networks). A multimodal heterogeneous network is defined as G= (V, E), encodes the relationships between the nodes, where V is a set of nodes and E
is a set of edges between the nodes. A heterogeneous network is also associated with a node-type
mapping function fv : V → O, which maps the node to a predefined node type, and an edgetype mapping function fe : E → R, which maps the edge to a predefined edge type. A multimodal
network consists of nodes associated with multiple types of content C, such as texts and images.
The social multimedia network in Figure 1 can be seen as a multimodal heterogeneous network.
It is centered by multimedia documents, and the information of each document can be represented
as its linked nodes. The document contains multimedia content such as images and texts. The node
types N in the network include document, author, topic, and media, and the set of edge types R
include author-write-document, document-relevant-topic, and so on.
Problem 1 (Multimodal Heterogeneous Network Embedding). Given a multimodal heterogeneous network G= (V, E), the problem of Multimodal Heterogeneous Network Embedding
aims to learn a robust low-dimensional vector representation xv ∈ Rd for each node v with d  |V |,
which preserves the proximities between the nodes.
4

PROPOSED MODEL

In this section, we introduce our proposed approach for multimodal heterogeneous network embedding in details.
4.1 Overall Framework
Most of the existing neighborhood proximity based network embedding methods (Perozzi et al.
2014; Tang et al. 2015a, 2015b) fail to achieve satisfactory results when applied to the multimodal
heterogeneous network embedding problem. This is because they cannot effectively handle the
rich heterogeneous network structure and associate multimodal content information. Concerning
these issues, we propose A2 CMHNE. Our approach first mines the node proximities encoded in
heterogeneous structures and multimodal content, during which, a collaboration framework in
Section 4.4 is proposed to promote the collaboration of structure-based embedding and contentbased embedding. After that, we integrate different types of embedding to generate robust node
representations. The integration weights are automatically learned through an attention-based
approach in Section 4.4.
With the above definitions, the overall objective of our approach is summarized below:
L = Lc + L a ,

(1)

where Lc is the objective function of the collaboration framework, in which we aim to learn the
node proximities in individual types of embedding and meanwhile integrate for the robust node
ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 2, Article 45. Publication date: May 2019.

Attention-Aware Collaborative Multimodal Heterogeneous Network Embedding

45:7

Fig. 3. An example of meta-path.

representations. La is the objective function for weight learning. Next, we give the description to
each part.
4.2

Structure-Based Embedding

To deal with the heterogeneity of networks, we design a meta-path based approach to exploit
implicit structural information in heterogeneous networks.
Meta-Path based Neighbor: A meta-path is a sequence of nodes connected by edges, where
the type of each node is constrained by a meta-path schema. Formally, a meta-path mp of length
l is defined as a path of the form vp1 → vp2 → · · · → vpl where the type of vpi is specified by a
meta-path schema mps. A meta-path scheme mps can be denoted as t 1 → t 2 → · · · → tl , where
ti is the node type of the i t h node in the path. Take Figure 3 as an example, a meta-path with
the schema “DADM” constrains that the types of four nodes in the path must be Document →
Author → Document → Media.
Meta-path can capture implicit heterogeneous structural information. Given a meta-path, we
define the last node (vpl ) as the meta-path based neighbor of the first node (vp1 ). The corresponding
meta-path schema can capture some implicit relations between meta-path based neighbors. For
example, in Figure 3, Doc1 is a meta-path based neighbor of Doc2 with respect to the meta-path
schema “DAD,” which captures the co-author relationships between Doc2 and Doc1.
We can build edges between nodes and its meta-path based neighbors, which can represent the
implicit relations between them. As shown in Figure 3, the red edges are built by meta-paths. It
is obvious that the relation information of a node can be enriched by its meta-path based neighbors. We design different meta-path schemas for different tasks to capture task-specific implicit
information for nodes.
Structure-Based Objective: The structure-based embedding aims to preserve the implicit heterogeneous structure information among network nodes obtained by meta-paths. For a meta-path
schema mps, we may obtain several meta-path based neighbor nodes for a node vi . We denote the
set of neighbor nodes of vi with respect to the meta-path schema mps as N mps (vi ). We first model
the conditional neighbor distribution pmps (v j |vi ), which is conditioned on both the node vi and
the given meta-path schema mps, which is defined as follows:
pmps (v j |vi ) = 

exp(csj · xsi )

s
v k ∈N mps (v i ) exp(ck

· xsi )

,

(2)
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where xsi is the learned structure-based representation of node vi , and csj is the context representation of node v j . The core idea is that nodes with similar distributions over context are assumed
to be similar. Here, the context of a node corresponds to its meta-path based neighbors.
Following existing studies (Tang et al. 2015b), for structure-based embedding, we try to minimize
the KL-divergence between the estimated meta-path based neighbor distribution pmps (v j |vi ) and
the empirical meta-path based neighbor distribution p̂mps (v j |vi ):

KL(p̂mps (·|·), pmps (·|·)),
(3)
L (st r uctur e ) =
mps ∈M P S

where MPS denotes the given meta-path schema set and KL(·, ·) denotes the KL-divergence. For
simplicity, we define the empirical probability p̂mps (v j |vi ) as 1 if v j is a meta-path based neighbor of vi with respect to the meta-path schema mps and 0 otherwise. Replacing KL(·, ·) with KLdivergence formula and omitting some constants, we finally obtain the following objective function for structure-based embedding:
L

(st r uctur e )

=−



|V |




log pmps (v j |vi )

(4)

mps ∈M P S i=0 v j ∈N mps (v i )

4.3

Content-based Embedding

To take advantage of multimodal content information in multimodal heterogeneous networks, we
consider two types of content-based embedding for a node vi , i.e., text content-based embedding
and visual content-based embedding.
Text Content-based Embedding: A node usually is associated with rich text descriptions.
Following the work in Tang et al. (2015a), we exploit the co-occurrence information between nodes
and its associated text words to construct a heterogeneous text network G t h = (Vt c , Et c ), and the
text-based objective is formulated as:

log pt c (v j |vi )
(5)
Lt ex t -cont ent = −
(i, j ) ∈E t c

By heterogeneous text network embedding learning, we can obtain the text content-based representation xit c of node vi .
Visual Content-based Embedding: In addition to the text content-based embedding, we explore the visual content associated with network nodes to enrich the semantic information of
embedding.
Different from word nodes, visual nodes lack meaningful structure information in the multimodal heterogeneous network, since most images are not shared by documents and only have
one neighbor (the associated document). Therefore, it is difficult to learn representations for visual nodes directly from the structure information. Moreover, the visual content itself contains
rich semantic information that can be extracted by existing techniques such as convolutional neural networks (CNN). Thus, we obtain the representation of visual nodes by considering both the
content and structure information.
Instead of learning constant representations for each visual content node, our model learns an
encoder for the visual content to leverage the visual content information. For a visual node vi
such as an image, we first employ the ResNet (He et al. 2016) pretrained on ImageNet to extract its
visual feature fi ∈ R2048 and then use a transformation matrix Wvc ∈ R2048×d to project fi to the
d
visual node representation xvc
i ∈ R . Then, we build the visual content-based objective based on
ACM Trans. Multimedia Comput. Commun. Appl., Vol. 15, No. 2, Article 45. Publication date: May 2019.
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(6)

(i, j ) ∈Ev c

where v j is a meta-path based neighbor of vi . As mentioned before, visual nodes lack meaningful neighbor information, so we employ meta-path based neighbors to enrich its structure
information.
Likewise, by optimizing Lvisual -cont ent , we can obtain the visual content-based representation
xvc
i of node v i .
4.4

Collaborative Network Embedding

By minimizing the objective (1), the structure-specific representation xsi and content-specific representation xci = (xit c , xvc
i ) are able to preserve the structure and content information encoded in
the networks. Next, we promote the collaboration of structure-based and content-based embedding to generate the robust node representations. In this process, as the importance of different
types of embedding can be quite different, we try to assign different weights to them. Formally, by
learning proper weights λsi , λti c , and λvc
i for each node v i , the collaborative learning method can
let each node select the most informative type of embedding. We will introduce how we automatically learn such weights in the next section. With the obtained xsi , xit c , and xvc
i , the the robust
representation is computed based on the following equation:
vc
xi = λsi xsi + λti c xit c + λvc
i xi

(7)

The robust representations are calculated as the weighted combinations of structure-based and
content-based representations in a collaborative manner, which is quite intuitive.
Learning the Weights of Structure-based and Content-based Embedding with Attention Modeling: In this part, we introduce a self-attention based approach for learning the weights
of structure-based and content-based embedding during integration.
For each node vi , we construct the representation matrix Ri ∈ Rn×d by vertically stacking
(row wise) the structure-based representation (xsi ) and the content-based representations (xit c and
3×d
xvc
i ). Based on the representation matrix, we compute the affinity (similarity) matrix Ai ∈ R
as follows:
Ai = G (Ri ) · H (Ri )  ,
(8)
where Ri denotes the transpose of Ri . G (x ) and H (x ) are fully-connected layers that transform a
d-dimensional feature vector to a new d-dimensional feature vector with ReLU as the activation
function. Entries of Ai represent the affinity between the learned representations of node vi . The
importance weights of the learned representations can be obtained as follows:
[λsi , λti c , λvc
i ] = averaдe_poolinд(softmax(Ai )),

(9)

where softmax denotes the row-level softmax operation and averaдe_poolinд denotes the
column-level average pooling operation.
With the weights learned by attention modeling, structure-based and content-based node representations can be combined to obtain the robust representations according to Equation (7). For
specific tasks such as node classification and link prediction, the integration weights can be automatically learned with the backpropagation algorithm based on the predictive error by minimizing
the following objective function:

Lt (xi , yi ),
(10)
La =
v i ∈S
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where S is the set of nodes with supervised labels, xi is the robust representation of node vi , yi is
the target label of node vi , and L is the task-specific loss function defined as:
Lt (xi , yi ) = − log p(yi |xi ),

(11)

where p(yi |xi ) is based on the task. For example, in node classification tasks, p(yi |xi ) can be formed
as follows:
exp(wyi · xi ) + byi
(12)
p(yi |xi ) = K
k=1 exp(wk · xi + bk ),
where K is the number of classes. wk ∈ Rd and bk ∈ R are parameters corresponding to class k.
4.5

Model Optimization

Directly optimizing the overall objective Equation (1) is computationally expensive because it involves traversing all nodes when computing the conditional probability. Thus, we employ the
negative sampling (Le and Mikolov 2014) and transform Lc into the following form:
− log σ (cj · xit ) −

N





t
t
Evn ∼Pneд
(v ) log σ − c j · xi ,

(13)

n=1

where N is number of negative samples and σ represents the sigmoid function.
Since all the operations in Lc and La are derivable, the derivative of them with respect to each
parameter can be easily obtained based on the chain rule. Thus, we employ stochastic gradient
descent (SGD) to optimize the objectives. Specifically, in each iteration, we first sample a set of
nodes from the network, and optimize Lc for learning the structure-based and content-based node
representations. Then, we sample nodes for the specific task and optimize La to train the attention
model. By jointly optimizing Lc and La , our approach can learn the structure-specific and contentspecific node representations for each node, and the attention model that can integrate them to
generate robust representations.
5

EXPERIMENT

We evaluate our approach on two tasks including node classification and link prediction. We first
introduce our experimental setup.
5.1 Experiment Setup
5.1.1 Datasets. To the best of our knowledge, there is no benchmark dataset available that
consists of nodes associated with multiple types of content, such as text, image, author, topic,
media, and so on, for our research problem. We first evaluate our approach on the public CiteSeerM10 dataset, which contains text content. Regarding the multimodal requirement, we build the
WeChat dataset, which contains both text and image content.
CiteSeer-M101 is a subset of CiteSeer X data that contains scientific publications of 10 research
areas: agriculture, archaeology, biology, computer science, financial economics, industrial engineering,
material science, petroleum chemistry, physics, and social science. The 38,996 publications in M10
correspond to nodes of the network and the 77,218 edges between the nodes represent the citation
relations between publications. Each label acts as a node of the network, too. The title of each
publication is used as the text content.
WeChat dataset consists of news articles from 10 categories. The dataset consists of 9,145 nodes
and 16,960 edges, which makes it rather sparse. Each node may correspond to an article, an author,
1 http://citeseerx.ist.psu.edu/.
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Table 1. Statistics of Two Datasets: CiteSeer-M10 and WeChat

Dataset
CiteSeer-M10
WeChat

Node
38,996
9,145

Edge
77,218
16,960

Text Content
10,310
5,091

Image
—
5,091

or a topic, and article nodes are linked to their corresponding author and topics nodes. Note that
the WeChat dataset is not small for evaluation. For example, 20-NewsGroup dataset2 and DBLP
dataset3 are benchmarks used by some state-of-the-art network embedding approaches, which
only contain 5,141 nodes and 7,314 nodes, respectively.
Details of the two datasets are shown in Table 1.
5.1.2 Compared Algorithms. We employ the following methods as baselines:
DeepWalk (Perozzi et al. 2014) employs random walk-over networks and performs Skip-Gram
to learn latent representations.
Doc2Vec (Le and Mikolov 2014) learns a vector for each document by the occurrence of words
in the document. We use the DBOW model of Doc2Vec, which is based on Skip-Gram.
LINE (Tang et al. 2015b) designs the first order and second order proximity to learn node embedding in large-scale networks.
EOE (Xu et al. 2017b) is an embedding approach for coupled heterogeneous networks. EOE builds
a structure-based network and a content-based network (word co-concurrence network). The latent features encode not only intra-network edges, but also inter-network ones to take advantage
of multimodal information to generate robust representations.
TriDNR (Pan et al. 2016) combines the DeepWalk and Doc2Vec model. The node embedding is
affected by both the random walk sequences and the word occurrence. Label information is also
used by TriDNR to get better results.
CMHNE is a variant of A2 CMHNE without the attention mechanism. CMHNE uses a simplified
version of the collaborated mechanism, which obtains the robust embedding by averaging the
structure-based embedding and content-based embedding instead of the attention mechanism. To
be fair, we add a meta-path schema sentence → label for CMHNE on both datasets to utilize label
information.
CMHNE-NoLabel is another variant of A2 CMHNE, which ignores both the label information and
the attention mechanism.
5.1.3 Evaluation Metrics and Parameter Setting. The default embedding dimensions d of
A2 CMHNE is set to 300, and the number of negative samples N is set to 1. Dropout (Srivastava
et al. 2014) is utilized on the representation vectors in training to alleviate overfitting, and the
dropout rate dr is set to 0.1. Some settings are different in the two steps of each iteration. In the
step that optimizes Lc , we use gradient descent optimizer with lr = 0.1. When optimizing La , we
employ Adam optimizer (Kingma and Ba 2014) and lr is set to 0.001. Moreover, for all the weights
of full-connected layers in the attention model, l2-norm loss is added to La with coefficient 0.001
to alleviate overfitting.
For node classification, we treat the learned embedding as feature vectors and feed them to a
linear SVM to evaluate the quality of the learned latent representations. %p of the labeled nodes
2 https://kdd.ics.uci.edu/databases/20newsgroups/20newsgroups.data.html.
3 http://www.informatik.uni-trier.de/∼ley/db/.
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Table 2. Macro F1 Score on M10 Dataset

%p

DeepWalk

Doc2Vec

DeepWalk
+Doc2Vec

LINE

EOE

TriDNR

CMHNENoLabel

CMHNE

A2 CMHNE

10

0.354

0.432

0.495

0.531

0.616

0.626

0.628

0.651

0.724

30
50
70

0.411
0.425
0.434

0.477
0.494
0.503

0.586
0.614
0.628

0.569
0.581
0.589

0.668
0.696
0.724

0.715
0.753
0.777

0.686
0.708
0.757

0.715
0.725
0.728

0.769
0.796
0.824

Table 3. Macro F1 Score on WeChat Dataset
%p

DeepWalk

Doc2Vec

DeepWalk
+Doc2Vec

LINE

EOE

TriDNR

CMHNENoLabel

CMHNE

A2 CMHNE

10
30
50

0.560
0.586
0.620

0.551
0.633
0.670

0.598
0.655
0.719

0.541
0.594
0.607

0.642
0.710
0.728

0.572
0.636
0.686

0.739
0.783
0.793

0.656
0.711
0.745

0.759
0.805
0.818

70

0.610

0.687

0.739

0.635

0.753

0.723

0.798

0.761

0.830

are randomly selected for training the SVM and the rest of the labeled nodes are used as the
test dataset. The macro F1 score of SVM on the test dataset reflects the quality of the learned
embedding. TriDNR, CMHNE, and A2 CMHNE are semi-supervised methods and the %p randomly
selected labeled nodes are also used in the embedding training step. %p varies from 10% to 70% in
our experiments.
For link prediction, we adopt the commonly used Area under the curve (AUC) metric, which
represents the probability that nodes in a random unobserved edge are more similar than those in
a random nonexistent edge. The models are trained on an incomplete version of the datasets where
q% of the edges have been removed. The test dataset is formed of the previously removed edges
and the same number of randomly sampled fake edges. By default, we set q% = 95%. The similarity
between nodes is measured by the sigmoid of the dot product of their learned embedding.
5.2

Quantitative Results

5.2.1 Node Classification. The results of our evaluation experiments on node classification are
presented in Tables 2 and 3. From these tables, we have the following observations:
(1) It is evident that both the structure-based methods (Deepwalk and LINE) and the contentbased method (Doc2Vec) perform poorly on the datasets.
(2) DeepWalk+Doc2Vec combine the structure and content information by simply concatenating the embedding vectors learned by DeepWalk and Doc2Vec, improving both the
result of DeepWalk and Doc2Vec.
(3) Instead of the simple concatenation in DeepWalk+Doc2Vec, TriDNR combines and optimizes DeepWalk and Doc2Vec jointly and obtains better results than the simple combination model in most cases. EOE builds an extra word co-concurrence network to learn and
combine content information based on both intra-network edges and inter-network ones,
and beats DeepWalk+Doc2Vec in all cases.
(4) CMHNE-NoLabel utilizes the simplified version of the collaboration mechanism, which
uses the average strategy instead of the attention-based method and performs better than
the unsupervised baselines, verifying the effectiveness of the collaboration mechanism.
(5) The two simplified versions of A2 CMHNE (CMHNE-NoLabel and CMHNE) achieve comparable results on M10 and outperform all the baselines on the WeChat dataset. This is
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Table 4. AUC on M10 and WeChat Dataset
DeepWalk

Doc2Vec

DeepWalk
+Doc2Vec

LINE

EOE

TriDNR

CMHNENoLabel

CMHNE

A2 CMHNE

M10

0.825

0.797

0.882

0.910

0.905

0.809

0.935

0.939

0.943

WeChat

0.844

0.640

0.815

0.835

0.850

0.648

0.863

0.868

0.880

Dataset

because the proposed methods can make full use of both the structure and multimodal
content information to obtain more meaningful node representations.
(6) Overall, our proposed A2 CMHNE consistently beats all the baselines with dramatic
improvements in performance, showing the effectiveness of A2 CMHNE for learning
robust representations for node classification tasks. Specifically, the two variants
CMHNE-NoLabel and CMHNE obtain the node representation by averaging the three
types of representations instead of the attention mechanism, and A2 CMHNE consistently
performs better than the two variants on both datasets with various training size.
Note that both CMHNE and A2 CMHNE can utilize label information, and the only
difference between CMHNE and A2 CMHNE is that A2 CMHNE employs the proposed
attention mechanism to promote the collaboration of structure-based and content-based
embedding to generate the robust node representations. By introducing the attention
mechanism, our model generates more robust representations that result in higher Macro
F1 scores, showing that the attention-based combination strategy is effective to promote
the informative collaboration of embedding.
5.2.2 Link Prediction. Next, we introduce our results on the link prediction task presented in
Table 4. We have the following observations:
(1) The results show that the structure-based approaches perform better on the datasets. For
the M10 dataset, DeepWalk+Doc2Vec improves the result of both DeepWalk and Doc2Vec,
while it performs worse than DeepWalk on the WeChat dataset.
(2) The AUC scores of TriDNR are slightly higher than that of Doc2Vec while lower than
the scores of DeepWalk, and LINE performs better than TriDNR on both datasets. This is
because the main idea of LINE is to preserve both the local and global network structures,
which is more suitable for the link prediction task.
(3) EOE performs almost the same with LINE on M10 and obtains better AUC score than LINE
on WeChat for the link prediction task, since it can not only preserve network structures,
but also utilize the content network to reinforce the structure-based representations.
(4) Overall, all the three versions of our proposed method achieve competitive results on both
datasets showing that our approach can better preserve the structure information by the
collaboration of both the structure and content information. Similar to the node classification task, the proposed A2 CMHNE achieves the better performance than its variants
CMHNE and A2 CMHNE. The comparison between CMHNE and A2 CMHNE also shows
that the proposed attention mechanism is conductive to estimate the relationship between
nodes precisely when applied to link the prediction task.
5.3 Case Study
5.3.1 Attention Mechanism. By employing the attention-based collaboration method instead of
the average-based combination strategy, A2 CMHNE obtains better results than CMHNE-NoLabel
and CMHNE.
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Fig. 4. Importance weights.

Fig. 5. Visualization of embedding.
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Figure 4 shows the importance vectors of two nodes. Note that the importance vector is nodewise, that is, each type of embedding plays different roles for different nodes. For node0 , the text
embedding is much more important than the structure embedding, while for node1 , the model pays
more attention to the structure embedding. Regarding the motivation of the attention mechanism,
we find that the attention-based integration can perform better than the simple averaging-based
integration. The attention mechanism can capture the importance of different types of embeddings
and learn the optimal integration weights of three types of representations.
5.3.2 Visualization. An important application of network representation is to create meaningful visualizations that layout a network on a two-dimensional space. We visualize the learned
embedding for the M10 dataset. We set p = 10 for the training of the embedding model. For each
network embedding approach, we map the learned 300-dimensional embedding vectors to a 2D
space with the T-distributed Stochastic Neighbor Embedding (t-SNE) (van der Maaten and Hinton
2008) method. t-SNE can project each high-dimensional object into a 2D or 3D space, where similar objects are modeled by nearby points and dissimilar objects are modeled by distant points with
high probability. That is, the visualization result by t-SNE can preserve the similarity between the
learned d-dimensional representations.
Figure 5 compares the visualization results of different embedding approaches. The visualization
using DeepWalk is not very meaningful, where many nodes belonging to the same class are not
clustered together and clusters are overlapped. Doc2Vec and TriDNR perform better than DeepWalk and their t-SNE results show more meaningful clusters than DeepWalk. However, the boundaries of most clusters are still hard to find. In the results of A2 CMHNE, clusters are much more
clear and many obvious boundaries can be found between clusters, showing that A2 CMHNE can
generate a more meaningful layout of the network than other approaches.
6

CONCLUSIONS

In this article, we present A2 CMHNE, which learns node representations for multimodal heterogeneous network based on the collaboration of the structure and content information. We design
an attention-based method to combine the structure-based and content-based embedding with different weights for different nodes. Experimental results on both the node classification and link
prediction have verified the effectiveness of our proposed framework. In the future, we plan to apply our approach to more multimodal heterogeneous networks and applications, such as network
community detection.
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