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Network embedding aims at learning a low-dimensional dense vector for each node in the
network. In recent years, it has attracted great research attention due to its wide appli-
cations. Most existing studies model the graph structure only and neglect the attribute
information. Although several attributed network embedding methods take the node at-
tribute into account, they mainly focus on the basic relations between the nodes and their
attributes like a user and his/her interests (attributes). The composite relations between
two nodes, and two nodes’ attributes, and the related nodes and their attributes, contain
rich information and can enhance the performance of many network analysis tasks. For
example, two scholars having the common interests as “nature language processing” and
“knowledge graph” may collaborate in the future and there will be a new edge in the
network. However, such important information is still under-exploited.

To address this limitation, we propose a novel framework to exploit the abundant rela-
tion information to enhance attributed network embedding. The main idea is to employ
the multiple types of relations in attributed networks as the constraints to improve the
network representation. To this end, we first construct the composite relations between
two nodes and their attributes in addition to the commonly used basic relations. We then
develop a relation constrained attributed network (RCAN) framework to learn the node
representations by constraining them with these relations. We conduct extensive experi-
ments on three real-world datasets to show the effectiveness of our proposed RCAN as an
attributed network embedding method for modeling various social networks. The results
demonstrate that our method achieves significantly better performance than the state-of-
the-art baselines in both the link prediction and node clustering tasks.

© 2019 Elsevier Inc. All rights reserved.

1. Introduction

Nowadays, information networks such as social networks, citation networks, protein networks, and user-item rating net-
works are becoming pervasive. The target of network embedding is to learn a low-dimensional dense vector for each node
in the network. Network embedding is a fundamental problem in many network analysis tasks, and it has attracted great
attention from researchers in the recent years [23,24,27,29,33].

Most network embedding methods focus on modeling the graph structure without considering side information like node
attributes. More recently, several attributed network embedding (ANE) methods [20,21,35] have been shown to be effective
in enhancing the performance of network analysis tasks by taking attribute information into account. However, these ANE
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methods only consider the basic relations like a user’s neighbor node (friend) or his/her attribute (interest), and neglect the
composite relations like the user’s neighbor’s attribute.

The composite relations convey abundant information beyond the basic relations. For example, if two scholars (two nodes
in the network) sharing the common interests (these two nodes’ attributes) as “nature language processing” and “knowledge
graph”, they are more likely to join the same community, or collaborate in the future. If a network embedding approach
can encode such information into the node representations, it will definitely backbone the network analysis tasks such as
clustering, community discovery, and link prediction.

To this end, we propose a novel framework to exploit various types of composite relations between two nodes, their
attributes, and the related nodes and their attributes. Specifically, we first construct composite relations in attributed networks
in addition to the basic relations. We then develop a relation constrained attributed network embedding (RCAN) method to
encode the information contained in both the basic and composite relations. We finally successfully apply our proposed
method to the link prediction, node clustering, and visualization tasks in attributed networks.

In summary, this paper includes the following contributions.

1. We propose an unsupervised attribute network embedding framework to exploit both the basic and composite relations
in attributed networks.

2. We explore the basic and composite relations in attributed networks so as to preserve the abundant contextual informa-
tion.

3. Extensive experiments on three real-world datasets demonstrate that our method is effective for various social network
analysis tasks.

The rest of this paper is organized as follows. Section 2 reviews the related work. Section 3 presents our model in detail.
Section 4 gives the experimental results. Finally Section 5 concludes the paper.

2. Related work

In this section we review the literature in network embedding. We first review the approaches in network embedding,
and then move to the attributed network embedding.

2.1. Network embedding approaches

Network embedding has been applied to various tasks like link prediction [16], node classification [2], and community
detection [22]. Traditional methods like locally linear embedding (LLE) [25] or Laplacian EigenMap [1] are developed based
on dimensional reduction techniques.

Recently, a number of approaches have been proposed based on word2vec method [17], such as DW [23], LINE [27],
SNBC [18], and node2vec [7]. After that, many deep learning based methods have been proposed for network embedding.
Some of them enhance the representation by better exploiting the network structure. For example, SDNE [29] proposes
a semi-supervised deep model to exploit the first-order and second-order proximity to preserve the network structure.
SNBC [18] proposes a structural neighborhood-based classifier using a random walk for making decisions. HOPE [19] pre-
serves asymmetric transitivity in directed graph by approximating high-order proximities. MNMF [31] preserves meso-
scopic community structure instead of microscopic structure and proposes a modularity based community detection model.
Struc2vec [24] proposes a novel and flexible framework to learn the representations that capture the structural identity of
nodes in a network. HARP [3] proposes a multilevel graph representation learning paradigm by recursively coalescing the
input graph into smaller but structurally similar graphs to capture the global structure of the input graph.

Another direction is toward the evolving networks. For example, NEU [33] proposes a network embedding update al-
gorithm which implicitly approximates higher order proximities with theoretical approximation bound. It can be applied to
any network representation learning methods for enhancing their performances. DynamicTriad [36] preserves both structural
information and evolution patterns of a given network by imposing triadic closure process.

More recently, researchers propose to apply the newly developed deep learning technique like GAN to network embed-
ding. For example, ANE [4] presents an adversarial network embedding framework which leverages the adversarial learning
principle to regularize the representation learning. GraphGAN [30] proposes a graph representation model which unifies
generative methods and discriminative methods to benefit from each other.

The above network embedding methods show significantly better performance than the traditional methods due to the
combination of social or structural properties and deep neural networks. However, these methods focus on topological struc-
ture only and ignore attribute information. Hence they are inappropriate for modeling the networks with attribute informa-
tion.

2.2. Attributed network embedding approaches
Attributed network embedding (ANE) takes both network structure and attribute information into account. The methods

for ANE can be categorized into three types of methods, including supervised, semi-supervised, and unsupervised methods.
Our RCAN model belongs to the unsupervised category.
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Fig. 1. Relations in an attributed network. Figure (a) denotes the basic (uu, ua) relations and Figure (b) denotes the extended network with a basic au
relation and five composite relations, where the left and right part gives an instance and an abstraction of the corresponding relations, respectively.

The supervised and semi-supervised methods require label information to learn network embedding, and this limits its
potential applications. Typical methods along this line include TriDNR [21], Planetoid-T [34], SEANO [14], and LANE [9].
TriDNR [21] adapts the skip-gram method [17] to combine the structure information, node content, and node label together.
Planetoid-T [34] is a semi-supervised approach which leverages label information with node content and neighborhood
context in the graph. SEANO [14] is also a semi-supervised method which exploits the property of outliers. LANE [9] is a
label informed attributed network embedding method which jointly projects an attributed network and labels into a unified
embedding space by extracting their correlations.

The unsupervised methods aim to learn embedding for an arbitrary network, and thus they have wide applications. For
example, GAE [12] captures both topological and content information based on an autoencoder structure. VGAE [12] proposes
a variational graph autoencoder to leverage structure and content information. SNE [15] learns the network representation
by preserving both the structural proximity and attribute proximity. ARGA [20] is an adversarial graph embedding frame-
work with graph autoencoder (ARGA) and variational graph autoencoder (ARVGA) as its two variants. DANE [5] is a deep
neural network based method which captures the proximity in topological structure and node attributes. ANRL [35] uses a
neighbor enhanced autoencoder to model the node attribute information based on an attribute-aware skip-gram method.
Other directions along this line include accelerating [8,32] or exploring other information [10].

Despite the impressive progress in unsupervised ANE, the relations between nodes and their attributes have not been
fully exploited. Existing methods focus on topological structure and just take attribute as the input or auxiliary component.
Instead, we make full use of various types of composite relations between nodes and their attributes and hence our method
can produce better representations for the nodes in the network.

3. Our proposed model

In this section we first introduce the composite relations and then present our model.

3.1. Basic and composite relation construction

Given an attributed network G = {U, UU, A, UA}, where U = {u, ..., un} is the user set, UU is the (u;, u;) relation matrix,
A={ay,...,am} is the user’s attribute set, and UA is the (u;, g;) relation matrix. For example, in a citation network, each
node is a paper, and an edge is a citation between two papers, and the attribute is the keyword of the paper. In a social
network, each node is a user, and an edge is a following relation between two users, and the attribute is the user’s personal
information.

For an attributed network G, the basic objects are u € U and a € A, and basic relations are uu e UU (short for user-user
relation) and ua € UA (short for user-attribute relation). Most attributed network embedding methods [12,13,20] are built
upon the above defined network G, which rely on the basic relations as shown in the part (a) of Fig. 1. The uu relation is
used to pass ua’s information in network without considering other basic relations like au (short for attribute-user relation)
or composite relations like uaau.

On one hand, the basic au relation is another view from the attribute’s point. For example, for a paper with a “knowledge
graph” tag/attribute, it can be regarded as if there is a virtual edge between an attribute node “knowledge graph” and
the paper, and all the papers with this attribute can be grouped together for further retrieval. On the other hand, there
are abundant latent information hidden behind the composite relations. For example, two papers do not have direct link
since they do not cite each other. However, with the same “knowledge graph” attributes, these two papers are semantically
related. Clearly, if such composite relations can be further mined, the learnt embedding can preserve more information by
putting such nodes in the neighboring positions in the latent space, Consequently, it can help improve the performance of
social network analysis tasks.

Based on the above observations, we first let an attributed network G to contain one more basic relation matrix AU
to represent the au relations. We then further extend G to include the composite relations, i.e., the five combinations of
relations: (uuua, uaau, uuuu, auua, auuu), where uuua denotes the combinations of uu and ua relations. Both the basic au
relation and five composite relations are shown in the part (b) of Fig. 1. We call such a extended graph as “a relation graph”.
For ease of presentation, we classify the composite relations into:
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Fig. 2. The architecture of our RCAN-ba framework for the basic relations. The left component denotes the relations encoded from the point of view of a
node (user) and the right component denotes the relations encoded from the point of view of an attribute.

user’s composite relation:

(uuua, uaau, uuuu)

attribute’s composite relation:

(auua, auuu)

These new relations contain more information than (uu, ua) since we can pass information through these new added
relations. For example, instead of user’s neighbors (uu) or user’s attributes (ua), a user’s new relation can explicitly represent
a user’s neighbors’ neighbors (uuuu), or two users who share same attributes (uaau), or a user’s neighbors’ attributes (uuua).

3.2. RCAN framework: Learning from basic and composite relations

In this section, we present our relation constrained attributed network embedding (RCAN) framework for learning net-
work representation from our proposed relations.

Constraining basic relations with RCAN-ba Firstly, we consider how to learn the network representation to reflect properties
hidden in the basic relations. We call this method RCAN-ba and its framework is shown in Fig. 2.

Given an attributed network G = {U,UU, A, UA}, we first assign embedding for each node (user) as z; € R4, where d
is the latent dimension. Since we would encode the attribute information, we also assign embedding for each attribute
as h; e R4 In order to constrain embeddings to follow the properties of basic relations, we define the probability of each
relation based on the node and attribute embeddings. Take the relation uu as an example, for two nodes (i, j), we define
the probability of the relation Ryy(i, j) between them as Eq. (1):

P(Ruu(i. j) 2. 2j) = sigmoid (ziz})).
1

1+e=x’ (1)

sigmoid (x) =

where we use sigmoid to limit the value into the range of probability (0,1). Similarly, we can give definitions for other basic
relations as:

P(Rua(i. j)|zi. hy) = sigmoid (z;h),
P(Ray (i, j)|hy. z) = Sigm"id(hizjr)’ @

where Ryq(i, j) denotes “the user’s attribute” relation and Ry (i, j) denotes “the attribute’s user (who has this attribute)”.

Next, we check whether these relations’ probability represented by embeddings is accurate enough. To achieve this target,
we use the real basic relations to constrain the probability. Take the uu relation as an example, we define the target function
in Eq. (3):

A n n PS
max(p(UU|UU)) = max] [, Hj:1 p(UU;
PWUU; j =11z 2j) = PRu (i, ) 21, 7)), (3)

The intuition is that we try to maximize p(UU|UU) to make our “represented probability of relation” close to the real
relation. Similarly, we can also constrain the ua and au relations as follows:

A~ n m Py
max(p(UA|UA)) = max l_[i:l 1_[],:1 p(UA; j|z;, hj),
p(UA; j = 1|z;, zj) = P(Rua(i. j)|2i. b)), (4)

zZ;, Zj),
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Fig. 3. The architecture of our RCAN-ca framework for the composite relations. The left component are encoding relations from the view of node(user) and
right component are from the view of attribute.

Y n m o~
maxp(AU|AU) = max 1_[',:1 Hj:1 p(AU; jlh;, zj).
p(AU; ; = 1|hy, zj) = P(Rau (i, j) |y, 2j). (5)

where AU is the transpose of UA.
In the end, we design the loss function to be optimized in the neural network. Take the uu relation as an example, the
loss function £"¥ is defined as Eq. (6):

uu uu
£ = Z(i.j)eR”X" Ly
LY = —pwWyy + UU; jlog p(UT; ; = 11z;, zj)

—(1 - UU; ) log(1 — p(UU; j = 112;. 2j)), (6)

where we apply the weighted binary cross-entropy loss to constrain the uu relation, and use pwy, to control the weight of
positive instances. pwy, is defined as:

PWyy = (1 X 1 — NZyy ) /NZyy, (7)

where nzy, is the number of non-zero instance in matrix UU, pwy, is designed to enhance the observed link (probability=1)
and relax those unobserved link (probability=0). Similarly, we can get loss functions for other basic relations as £%% and
L% thus the final loss function for basic relations is defined as:

Lpasic = L™ + L4 4 L™, (8)

where by minimizing £, we can constrain our embeddings to satisfy the properties of three kinds of basic relations.
Constraining composite relations with RCAN-ca With the composite relations, we can embed more abundant information
than the basic relations, like the users sharing common neighbors (uuuu), and the attributes sharing common neighbors
(auua). In this section, we further take the constructed composite relations into consideration. The proposed overall archi-
tecture, which we call RCAN-ca, is shown in Fig. 3.
Take the composite relation uuuu as an example. We define the probability for the relation of two nodes i and j which
share a common neighbor k as follows:

8(zi. 2k 2j) =z,<z,fzsz,P(Ruuuu(i,j)|z,-,zj) = sigmoid Zg(zi,zk,zj) = sigmoid Zz,—z,fzsz , (9)
keU keU

where the function g is used to represent the probability between three node embeddings (z;, zy, z;). The rest composite
relations can be defined in a similar way as that in Eq. (9).

We do not use the multiplication of two P(Ry,)s in Eq. (1) to construct the P(R,,u,) because this operation needs lots
of computation resources. For the uuuu relation, the complexity of multiplication times of (ZZT)(ZZT) is ®(n3 + 2dn?) with
Eq. (1). In contrast, with Eq. (9), we can change the calculation order as (((ZZT) Z)ZT) and the complexity will drop to
©(3dn?).
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Next, we constrain the composite relations with the real links. Following the ideas of constraining basic relations, we try
to maximize the target function of the uuuu relation as follows:

A n n A
max(p(UUUU|UUUD)) = max ] Hj:] p(UUUU; §|z;, zj),
p(UUU 5 =12, 2j) = P(Ruu (i, )11, 2)). (10)

where UUUU is the multiplication of two normalized UU matrix.
Similarly, we can model the attribute’s relevant user’s neighbors relation (auuu) as follows:

max(p(AUUU|AUUU ) = max l_[i=1 l_[j=1 p(AUUU; j|h;, z)),
p(AUUU; j = 1|h;. 2j) = P(Rauus(i. ) ;. 2p). (1)

where the difference between Eqs. (10) and (11) lies in that Eq. (11) involves the user and attribute representation simulta-
neously while Eq. (10) only involves the user representation. The other three composite relations can also be modeled in a
similar way as that in Eq. (11).

Then, we define the loss function using the above target function as:

Luuun Z [uuuu
(i,j)eRma L) 7
Eﬁ?uu = _quuuuUUUUi,j lOg p(uuaui,j =1 |Zi, zj)
—(1 — UUUU; ) log(1 — p(UUUU; j = 1|2;, 2;)), (12)

where we use the similar definition as Eq. (6) to constrain the relation uuuu. The rest composite relations can be modeled
following this procedure, and we can get the final loss function as follows:

Lo = Lpasic + Ecomposite
— (Luu 4 [ua +£au) + (Euuuu 4 puuue  pudau o cauul +£auua)’ (]3)

where we combine the basic relations and composite relations together as the optimization target. The combination of
RCAN-ba and RCAN-ca forms our RCAN model.

Training RCAN To train our RCAN model, we use the Adam optimizer [11] to update the parameters in the neural network.
The training procedure is summarized in Algorithm 1.

Algorithm 1 RCAN Algorithm.

Require: attributed network G = {U,UU, A, UA}
Ensure: embedding dimension d, node embedding matrix Z, attribute embedding matrix H
1: Initialize Z, H with xavier [6] uniform distribution.

2: repeat

3: Forward-propagation, calculate the predicted probability of the basic and composite relations according to

Egs. (2) and (9)

4 Minimize Ly in Eq. (13), calculate the gradients

5: Back-propagation

6 Update the relevant parameters: Z, H

7: until Convergence

8: return X

In line 1 in Algorithm 1, we initialize the parameters for our neural network using the xavier method [6]. This is a widely
used strategy for training the neural network. It allows to keep the same variance of the weights gradient across layers
during the training procedure and is better than the standard random initialization. From line 3 to 6, we train our model.
We firstly calculate the predicted probability of the basic and composite relations in the forward propagation procedure.
Then we calculate the relation constraint loss Ly; in Eq. 13 to get the gradients. Finally, we back-propagate the gradients and
update the relevant parameters. When the model converges, we return the node embedding matrix X.

Since the calculation of neural network is affected by other factors like the optimization algorithm and tools, we focus
on the times for matrix multiplication to calculate the algorithm complexity. The complexity analysis of our RCAN is shown
as Eq. (14):

T(n7 m, d) = ®(fbasic + fcomposite) = (~)(an +dmn + dmn)
+O(3dn? + (2dn? + dmn) + (2dmn + dn?) + 3dmn + (2dmn + dm?))
= O(7dn? + 10dmn + dm?), (14)

where fyasic and feomposice T€Presents the multiplication times from the basic relations (in Eq. (2)) and the composite relations
(in Eq. (9)), respectively. d is the dimensionality for the latent embedding, n is the node number, and m is the attribute
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Table 1

The statistics for datasets.
Dataset Node Edge Content Words  Attributes
Cora 2708 5429 3,880,564 1433
Citeseer 3327 4732 12,274,336 3703
Pubmed 19,717 44,338 9,858,500 500

Table 2

Results for link prediction.
method Cora Citeseer Pubmed

AUC AP AUC AP AUC AP

LINE 0.8692 0.8989 0.8074 0.8583  0.8473  0.8801
DW 0.7923 0.8559 0.6660 0.7850 0.7616  0.8523
GAE 0.8970 0.9076  0.8772  0.8797 0.9620  0.9630
VGAE 09162 0.9295 0.8960 0.9075 09444  0.9462
ARGA 09135 0.9324 09143  0.9282 09485  0.9505
ARVGA 0.9209 0.9329 09144 0.9253 0.9050 0.9105
ANRL 0.8719 0.8664 09305 0.9306 09157  0.9093

RCAN-UU  0.7956  0.8491 0.7642  0.8206  0.7831 0.8439
RCAN-ba 0.8694  0.8861 0.9211 0.9335 09536  0.9586
RCAN 0.9280 0.9435 09564 0.9641 0.9660 0.9709

number. Since d is usually much smaller than n, i.e,, d « n, the complexity is mainly determined by the larger one between
nand m. If m < n, T(n,m,d) =0(7dn?); if n <« m, T(n,m,d) = 0(dm?). If we follow the calculation using Eq. (2), the
complexity would be ®(n3 + (5d + 3m)n? + (8dm + m2)n), which costs much more time.

4. Experimental evaluation
4.1. Datasets and baselines

Datasets We perform three typical analysis tasks, including link prediction, node clustering, and visualization, on three
publicly available datasets. Their statistics are shown in Table 1. These datasets are attributed networks, with scientific
publications as nodes, citation relationships as links, and unique words in each document as attributes [26].

Baselines For three social analysis tasks, we compare our method with the following state-of-the-art baseline methods.

DW [23]: an unsupervised network embedding method based on word2vec which focuses on modeling the network
topological structure.

LINE [27]: an unsupervised network embedding method which takes the first and second order proximity of network
structure into consideration.

GAE [12]: an unsupervised network embedding method based on an autoencoder framework, which considers both struc-
ture and content information.

VGAE [12]: an unsupervised network embedding method based on a variational graph autoencoder, which leverages
structure and content information.

ARGA [20]: an unsupervised network embedding algorithm based on an adversarially regularized graph autoencoder,
which takes both structure and attribute information into account.

ARVGA [20]: an variant of ARGA which adopts a variational graph autoencoder to learn the embedding.

ANRL [35]: an attributed network embedding method based on an attribute-aware skip-gram model to capture the net-
work structure.

We do not compare with other network embedding methods like node2vec and SNE since they have been proven to be
inferior to our baselines [20] [35]. Hence we only show the improvements over these baselines.

4.2. Link prediction

We report the AUC and average precision (AP) score and use the same dataset split and testing approach as those in [20]:
10% for testing, 5% for validation and the rest for training. We run 5 times with 5 random dataset splits to get the aver-
age score. For all the baselines, we use their recommended settings and get 32-dimensional node representation for link
prediction task. For our method, we set learning rate=0.005, max iteration=200. For a fair comparison, we set the same
dimension d=32 for all baselines and our method, which is the recommended setting in many baselines. RCAN-UU is the
version that only the uu relation is used. RCAN-ba is the version that only uses the basic relations, and RCAN is the version
that combines both the basic and composite relations.

Results for link prediction The results for link prediction are shown in Table 2. The best results are in bold.
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Fig. 4. Performance of link prediction with different embedding dimensions on Cora.
Table 3
Clustering results on Cora.
Cora Acc F1 Precision ~ NMI ARI
LINE 0.5820 0.5762  0.6196 0.4129  0.3128
DW 0.6422  0.6317  0.6465 0.4287  0.3697
GAE 05414  0.5149  0.5645 03366  0.2312
VGAE 0.6034 0.5862  0.6001 0.4387  0.3764
ARGA 0.6928 0.6799  0.6829 0.4991 0.4521
ARVGA 0.6333  0.6324  0.6548 0.4663  0.3756
ANRL 0.5565  0.5695  0.6289 0.4128  0.3105
RCAN-UU 04346 04539 0.5137 0.2345  0.1445
RCAN-ba 0.6278 0.6139  0.6121 0.4062  0.3679
RCAN 0.7637 0.7437  0.7757 0.5845 0.5734

It is clear that by considering the composite relations between nodes and their attributes, our RCAN model achieves
the best performance. RCAN significantly outperforms other baselines on Citeseer and Pubmed dataset (paired t-test at 0.05
level), and significantly outperforms other baselines except ARVGA and ARGA on Cora dataset.

Firstly, we compare the three versions of our RCAN. It is clearly that using the uu relation only is not enough and RCAN-
UU performs poorly. However, when the attribute information is introduced into the basic relations, RCAN-ba shows great
improvements over RCAN-UU. Finally, when the composite relations are employed, the performance of RCAN can be further
enhanced on the basis of RCAN-ba and it beats all other baselines.

We then analyse the performance of the baselines. ARGA and GAE perform well on Cora and Pubmed datasets. The
reason may be that they are both based on the basic gcn, which focuses mainly on the structure. However, on Citeseer
dataset which has more attributes, ARGA and GAE are worse than ANRL which can better utilize attribute information.

In summary, our RCAN can consistently obtain the best results on different types of datasets by leveraging multiple basic
and composite relations.

Parameter Study for Link Prediction We take the Cora dataset as an example to show the effects of the dimension of
embedding and report the results in Fig 4.

We can find that even with only 4 dimension of embedding, our RCAN already performs pretty well. The overall results
reveal the trends that: when adding the dimension of embedding from 4 to 32, the performance increases gradually, but the
performance will deteriorate when we further increase the dimension. That is why we do not use more complex compos-
ite relations. This infers that the composite relations carry complementary information for attributed network embedding.
However, the noises may be propagated with the composition of the basic relations.

4.3. Node clustering

We report results for node clustering in terms of five metrics: accuracy (Acc), precision, F-score (F1), normalized mutual
information (NMI) and average rand index (ARI). We use the same dataset split and testing approach as those in [20]. For all
the baselines, we use their recommended settings and get the 32-dimensional node embeddings for node clustering task.
For our method, we use the same setting as that in link prediction. Since we find the results of node clustering fluctuate a
lot for all the methods in different epochs, we report the best score of each method as the final result.

Results for node clustering The results for node clustering are shown in Tables 3-5. The best results are in bold.

Once again, our RCAN model is the best. While other baselines show good results on some datasets/metrics, only RCAN
consistently perform well in terms of all metrics on all datasets. Compared to link prediction, the node clustering task is
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Table 4

Clustering results on Citeseer.
Citeseer Acc F1 Precision ~ NMI ARI
LINE 03475  0.3280  0.4539 0.1545  0.0640
DW 04142  0.3971 0.4304 0.1665  0.1298
GAE 0.3925 0.3754  0.3946 0.1883  0.1334
VGAE 0.5107 04915 0.5174 0.2482  0.2269
ARGA 0.5651  0.5512  0.5757 0.2911 0.2737
ARVGA 0.6228  0.5877  0.5979 03506  0.3551
ANRL 0.6126  0.6007  0.6262 0.3560  0.3370

RCAN-UU  0.2708  0.2707  0.3071 0.0491 0.0273
RCAN-ba 0.5326  0.5128  0.5310 0.2589  0.2368

RCAN 0.6534  0.5821 0.5831 04183  0.4142
Table 5
Clustering results on Pubmed.
Pubmed Acc F1 Precision ~ NMI ARI
LINE 0.6242  0.6161 0.6446 0.2146  0.2075
DW 0.6476  0.6298  0.6622 0.2430  0.2593
GAE 0.6480  0.6538  0.6493 0.2402  0.2365
VGAE 0.6229  0.6251 0.6251 0.2214  0.2039
ARGA 0.6245  0.6242  0.6292 0.2144  0.2041
ARVGA 0.5964  0.5984  0.5985 0.1946  0.1765
ANRL 0.6628  0.6690  0.6664 0.2772  0.2652

RCAN-UU 04265 0.4065 0.5167 0.0545  0.0279
RCAN-ba 0.6369  0.6331 0.6704 0.3057  0.2556

RCAN 0.6743 0.6718 0.7041 0.3419 0.2993
0.8000 0.8000
0.7500 0.7500
0.7000 0.7000
0.6500 0.6500
§ 0.6000 = 0.6000
0.5500 0.5500
0.5000 0.5000
0.4500 0.4500
0.4000 0.4000
0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
dimension dimension
(8) Acc (b) F1

Fig. 5. Performance of node clustering with different embedding dimensions on Cora.

much harder since it can not learn task-related patterns during the unsupervised embedding learning process. That is also
the reason for the fluctuation of results for all methods.

To learn the embedding for node clustering, a model which learns multi-type (structure and attribute) relevance between
nodes will perform better than that mainly learns the single-type (structure or attribute) relevance. Indeed, the experimental
results demonstrate the effectiveness of our framework by modeling the composite relations from both the structure and
the attributes.

Parameter Study for Node Clustering We vary the dimension of embedding and report the results in Fig. 5.

The results reveal the similar trends as those in link prediction. When adding the dimension of embedding from 4 to
32, the performance increases gradually. However, the performance will deteriorate and become steady when we further
increase the dimensionality. Basic and composite relations provide more rich information for node clustering task, but also
bring in more noises.

4.4. Visualization
We report the visualization results for Cora dataset with t-sne algorithm [28]. The results are shown in Fig. 6.

It is clear that our RCAN model shows a more meaningful layout than other baselines. LINE and DW do not show useful
layout since they do not utilize attribute information. GAE, VGAE, and ANRL have too many overlap parts. ARVGA’s green
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| (e) VCAE (f) ARGA (g) ARVGA (h) ANRL

Fig. 6. Visualization result on Cora dataset. Each color denotes one group.

groups are separated. ARGA is the best among the baselines, but it has a large overlap in the upper left part. Our RCAN
can show a good result since it fully mines both the basic and composite relations between nodes and attributes. Also, we
constrain the embeddings directly instead of using a feature selection modle like gcn. Hence the learnt representations can
well capture the properties of basic and composite relations.

5. Conclusion

In this paper, we propose a novel relation constrained attributed network embedding (RCAN) framework. In particular,
we take the relations between users and attributes into account to make full use of node and attribute information. We
construct both the basic and composite relations between nodes and attributes. We then propose a relation constrained
method to exploit both the basic and composite relations. We combine all these relations’ constraint together to get the
final embedding. We conduct extensive experiments on three real-world networks. The experimental results demonstrate
that our model significantly outperforms the state-of-the-art baselines.

In the future, we plan to investigate how to incorporate various types of relations more effectively. Different relations
may play different roles in different data. How to make them complement each other in different situations is a challenging
task. Moreover, while the basic and composite relations can be useful and the effective node representations can be learnt
with these relation constraints, the composite relations might bring in noises if the attribute information is not that accurate.
Hence the other direction is to discern the helpful relations and to discard the harmful ones.
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