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Abstract

With the widespread use of information technologies, information networks are becoming
increasingly popular to capture complex relationships across various disciplines, such
as social networks, citation networks, telecommunication networks, and biological
networks. Analyzing these networks sheds light on different aspects of social life, such
as the structure of societies, information diffusion, and communication patterns. In
reality, however, the large scale of information networks often makes network analytic
tasks computationally expensive or intractable. Network embedding has been recently
proposed as a new learning paradigm to embed network nodes into a low-dimensional
vector space. This facilitates the original network to be easily handled in the new vector
space for further analysis. Existing research on network embedding mainly focuses on
capturing the structure relatedness in the embedding space, while ignores the important
information carried by the widely existing node attributes and labels, which limited
the network embedding performance significantly. In this thesis, we dealt with the
research problem of augmented network embedding in attributed graphs that aims to
learn informative node vector-format representations by augmenting network topology
structure with node content attributes and node labels if available. We summarized
four research challenges in augmented network embedding: (1) heterogeneity caused by
the discrepancy between network structure and node attributes/labels; (2) data sparsity
in network structure and node attributes/labels; (3) scalability for handling large-scale

networks; (4) task orientation for directly benefiting specific network analytic tasks.

To overcome the above challenges, we proposed a series of augmented network
embedding algorithms in this thesis. To handle the heterogeneity challenge, we proposed
the HSCA algorithm that effectively encodes the similarity measured by homophily,

structural context and node content attributes into a unified node representation



vii

through the regularized inductive matrix factorization. The attri2vec algorithm was
then proposed to address the heterogeneity and data sparsity challenges, in which node
representations are learned by discovering an attribute subspace that better respects
network structure. For handling large-scale incomplete networks, we proposed the SINE
algorithm that learns node representations by simultaneously modeling node-neighbor
and node-attribute relations through a three-layer neural network, with an efficient
Stochastic Gradient Descent based online learning strategy. The above three augmented
network embedding algorithms only augment network structure with node content
attributes, with the purpose to obtain more informative network representations. They
are unsupervised, task-general and incapable of directly benefiting specific tasks. To
seamlessly integrate network embedding with network analytic tasks, we proposed two
task-orientated network embedding algorithms. For collective classification on sparsely
labeled networks, we proposed the discriminative attributed network embedding algo-
rithm DMF that integrates network embedding with an empirical loss minimization
for classifying node labels, with the purpose of simultaneously exerting the discrimina-
tive power of node labels and informativeness of node representations. For searching
similar nodes efficiently on large-scale networks, BinaryNE was proposed to learn
binary node representations from network structure and node content attributes so
that node similarity search can be efficiently done through the fast bitwise Hamming
distance calculation performed on the learned binary node representations. To verify
the effectiveness of the proposed algorithms, extensive experiments were carried out on
nine real-world attributed networks, showing the advantage of the proposed algorithms

over state-of-the-art baselines.
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Chapter 1

Introduction

1.1 Background and Motivation

Information networks are becoming ubiquitous across a large spectrum of real-world
applications in forms of social networks, citation networks, telecommunication networks
and biological networks, etc. The scale of these networks ranges from hundreds to
millions or even billions of nodes [76]. Analyzing information networks plays a crucial
role in a variety of emerging applications across many disciplines. For example, in
social networks, classifying users into meaningful social groups is useful for many
important tasks, such as user search, targeted advertising and recommendations; in
communication networks, detecting community structures can help better understand
the rumor spreading process; in biological networks, inferring interactions between
proteins can facilitate new treatments for diseases. Nevertheless, efficient analysis
of these networks heavily relies on the ways how networks are represented. Often,
a discrete adjacency matrix is used to represent a network, which only captures
neighboring relationships between nodes. Indeed, this simple representation cannot
embody more complex, higher-order structure relationships, such as paths, frequent
substructure etc. As a result, such a traditional routine often makes many network
analytic tasks computationally expensive and intractable over large-scale networks.
Taking community detection as an example, most existing algorithms involve calculating

the spectral decomposition of a matrix [50] with at least quadratic time complexity
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with respect to the number of nodes. This computational overhead makes algorithms

hard to scale to large-scale networks with millions of nodes.

Recently, network embedding has aroused a lot of research interest. Network
embedding aims to learn latent, low-dimensional representations of network nodes,
while preserving network topology structure, and/or node content. After new node
representations are learned, network analytic tasks can be easily and efficiently carried
out by applying conventional vector-based machine learning algorithms to the new
representation space. This obviates the necessity for deriving complex algorithms that

are applied directly on the original networks.

Earlier work related to network embedding dates back to the early 2000s, when
researchers proposed graph embedding algorithms as part of dimensionality reduction
techniques. Given a set of i.i.d. (independent and identically distributed) data points
as input, graph embedding algorithms first calculate the similarity between pairwise
data points to construct an affinity graph, e.g., the k-nearest neighbor graph, and then
embed the affinity graph into a new space having much lower dimensionality. The idea
is to find a low-dimensional manifold structure hidden in the high-dimensional data
geometry reflected by the constructed graph, so that connected nodes are kept closer
to each other in the new embedding space. Isomap [80], Locally Linear Embedding
(LLE) [67] and Laplacian Eigenmap [4] are examples of algorithms based on this
rationale. However, graph embedding algorithms are designed on ¢.7.d. data mainly
for dimensionality reduction purpose. Most of these algorithms usually have at least
quadratic time complexity with respect to the number of nodes, so the scalability is a

major issue when they are applied to large-scale networks.

Since 2008, significant research efforts have shifted to the development of effective
and scalable representation learning techniques that are directly designed for complex
information networks, where network nodes are usually attached with content attributes,
such as user profiles in social networks, texts in Web page networks. Many network
embedding algorithms, e.g., [63, 96, 100, 9], have been proposed to embed the
real-world natural networks, showing promising performance for various applications.
These algorithms embed a network into a latent, low-dimensional space that preserves

structure proximity and attribute affinity, such that the original nodes of the network
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can be represented as low-dimensional vectors. The resulting compact, low-dimensional
vector representations can be then taken as features to any vector-based machine
learning algorithms. This paves the way for a wide range of network analytic tasks to be
easily and efficiently tackled in the new vector space, such as node classification [112, 5],
link prediction [47, 18], clustering [50], recommendation [99, 95], similarity search [46],
and visualization [75]. Using vector representation to represent complex networks
has now been gradually advanced to many other domains, such as point-of-interest
recommendation in urban computing [95], and knowledge graph search [45] in knowledge

engineering and database systems.

Existing network embedding algorithms main focus on leveraging network structure
to learn node representations so that network nodes with strong structural relatedness
will be represented closely in the new embedding space. However, in many cases, network
structure is noisy, sparse and uninformative for measuring node similarity. As a result,
only structure preserving network embedding algorithms are incapable of learning high-
quality node representations for benefiting the downstream network analytic tasks. In
addition to network structure, the widely existing node content attributes that provide
direct evidence to measure node content-level similarity can be leveraged for more
effective network embedding. Attributed network embedding aims to learn informative
node representations for attributed networks through the collaboration between network
structure and node content attributes. As more information is imported, it has been
proved that attributed network embedding algorithms are able to perform better than

the only structure preserving network embedding algorithms.

1.2 Research Challenges

Despite its great potential, attributed network embedding is inherently difficult and is

confronted with several key challenges that we summarize as follows.

« Heterogeneity: According to the social influence principle, network structure
often exhibits certain correlations with node attributes [65]. For example, in
social networks, users who are connected are more likely to have similar attributes.

However, because network structure and node attributes are two heterogeneous
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information sources, inevitably, there is a discrepancy between the two different
feature spaces. As has been revealed in previous studies [7, 74], social network
users with similar attributes, or antithetical attributes are both likely to connect

to one another.

« Data sparsity: For many real-world information networks, due to the privacy
or legal restrictions, the problem of data sparsity exists in both network structure
and node content. At the structure level, only very limited links are sometimes
observed, making it difficult to discover the structure-level relatedness between
nodes that are not explicitly connected. At the node content level, many values
of node attributes are usually missing, which increases the difficulty of measuring
content-level node similarity. Thus, it is challenging for network embedding to

overcome the data sparsity problem.

o Scalability: Real-world networks, social networks in particular, consist of mil-
lions or billions of nodes and edges, as well as high-dimensional node content
features. The large scale of the networks challenges not only the traditional
network analytic tasks but also the newborn network embedding task. Without
special concern, learning node representations for large-scale networks with lim-
ited computing resources may cost months of time, which is practically infeasible,
especially for the case involving a large number of trails for tuning parameters.
Therefore, it is necessary to design network embedding algorithms that can learn
node representations efficiently and meanwhile guarantee the effectiveness for

large-scale networks.

o Task orientation: Most attributed network embedding is conducted in an un-
supervised and task-general way. The network embedding process is independent
of the downstream network analytics tasks. Though the learned node represen-
tations can be generalize to various network analytic tasks, they are incapable
of directly benefiting the downstream tasks. To improve the performance of
network embedding based network analysis, it is necessary to make network
embedding directly serve the targeted network analytic tasks. However, network

embedding and the downstream network analysis are two heterogeneous tasks.



1.3 Research Problems 5

How to encode the objective of specific tasks into network embedding and learn

task oriented node representations is another challenge.

1.3 Research Problems

In this thesis, we explore two groups of attributed network embedding problems: task-
general attributed network embedding that purely learns node representations and
does not consider the downstream network analytic tasks, and task-general attributed
network embedding that learns node representations with the objective of directly

benefiting specific tasks.

1.3.1 Task-general Attributed Network Embedding

Task-general attributed network embedding learns node vector-format representations
in an unsupervised way. The learned node representations are able to generalize to
diverse network analytic tasks. Keeping the heterogeneity, data sparsity, and
scalability research challenge in mind, we study three research problems by handling

increasing research challenges:

« Homophily, Structure, and Content Augmented Network Embedding;:
From literatures, we summarize that three are three main information sources
for network embedding: (1) homophily, (2) structural context and (3) node
content. Homophily states the social phenomenon where individuals sharing
similar attributes (content) tend to be directly connected through relational ties,
while structural context captures more global structure by characterizing the
similarity between nodes sharing common direct or indirect neighbors. To ensure
effective network embedding, this research aims to augment the three information
sources into one learning objective, so that the interplay roles between three
parties are enforced by requiring the learned node representations (1) being
consistent with structure context and node content, and (2) following the social

homophily constraints in the learned space.
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o Subspace Discovery based Attributed Network Embedding: In reality,
networks often have sparse content, incomplete node attributes, as well as the
discrepancy between node attribute feature space and network structure space,
which severely deteriorates the performance of existing methods. This research
aims to design a unified framework for attributed network embedding that learns
node embeddings by discovering a latent node attribute subspace via a network
structure guided transformation performed on the original attribute space. The
resultant latent subspace can respect network structure in a more consistent way

towards learning high-quality node representations.

o Scalable Incomplete Network Embedding: In the big data era, real-world
information networks are usually on a large scale. Meanwhile, real-world networks
are often incomplete with missing edges and/or missing node content features,
due to various reasons, such as privacy/legal restrictions and data access difficulty.
However, existing attributed network embedding algorithms all operate under the
assumption that networks are complete. Thus, their performance is vulnerable to
missing data and suffers from poor scalability. This research aims to propose a
scalable incomplete network embedding algorithm for learning informative node
representations from incomplete graphs, with the expectation that the proposed
algorithm is able to efficiently handle large-scale attributed networks with a large

number nodes/edges, and high-dimensional node attributes.

1.3.2 Task-dependent Attributed Network Embedding

Task-dependent attributed network embedding aims to make network embedding
directly benefit the targeted network analytic tasks. Keeping two network analytic
tasks — collective classification and node similarity search — in mind, we study two

task-dependent attributed network embedding problems:

e Discriminative Attributed Network Embedding for Collective Classi-
fication: Collective classification aims to classify network nodes into several
predefined groups by making joint predictions on the labels of connected nodes.

Collective classification can benefit many important tasks in social networks,
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such as fraud detection, targeted advertising and recommendations. Existing
collective classification algorithms have been shown to be effective for for jointly
deriving labels of related nodes, by exploiting class label dependencies among
neighboring nodes. However, when the underlying network is sparsely labeled,
most nodes have too few or even no connections to labeled nodes. This makes it
very difficult to leverage supervised knowledge from labeled nodes to accurately
estimate label dependencies, thereby largely degrading the classification accuracy.
To address this difficulty, this research aims to propose a novel collective classifi-
cation algorithm based on discriminative network embedding that simultaneously
learns (1) node representations by exploiting topological paths between labeled
and unlabeled nodes, as well as node content attributes, and (2) a linear classifier
that classifies node representations into different groups. By unleashing the
discriminative power of labeled nodes through an empirical loss minimization
objective, the learned node representations are expected to be directly benefit

node classification with sparse labels.

« Binary Attributed Network Embedding for Efficient Search: Traditional
network embedding primarily focuses on learning a dense vector representation
for each node, which encodes network structure and/or node content information,
such that off-the-shelf machine learning algorithms can be easily applied to
the vector-format node representations for network analysis. However, the
learned dense vector representations are inefficient for large-scale similarity search,
which requires to find the nearest neighbor measured by Euclidean distance in a
continuous vector space. This research aims to propose a search efficient binary
network embedding algorithm to learn a sparse binary code for each node, by
leveraging both network structure and node content. The learned binary encoding
is expected to not only reduce memory usage to represent each node, but also
allow fast bitwise comparisons to support much quicker network node search

compared to Euclidean distance or other distance measures.
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1.4 Thesis Contributions

This thesis proposes a series of solutions to attributed network embedding, including
task-general attributed network embedding and task-dependent attributed network
embedding. For task-general attributed network embedding, we address the het-
erogeneity, data sparsity and scalability challenges and design state-of-the-art
algorithms. For task-dependent attributed network embedding, we endow attributed
network embedding with the power to significantly boost network analysis, and provide

a revolutionized way to leverage network embedding to solve real-world problems.

1.4.1 Task-general Attributed Network Embedding

« Homophily, Structure, and Content Augmented Network Embedding:

— Contribution:

* Through formulating a new matrix factorization problem, we propose a
novel attributed network embedding algorithm — HSCA — that seamlessly
integrate information from three sources (a) homophily, (b) structural
context and (c¢) node content into learning informative node representa-

tions.

x We design a new optimization objective function for HSCA and derive
an efficient algorithm based on conjugate gradient descent for solving
it.

x We evaluate the performance of the HSCA algorithm on four real-world
networks for the task of multi-class classification. Experimental results
show that HSCA achieves better classification performance than the

state-of-the-art network embedding algorithms.
— Qutcome:

* The proposed HSCA algorithm was published in ICDM-2016 [101].

* The Matlab implementation of HSCA is available at https://github.
com/daokunzhang/HSCA.


https://github.com/daokunzhang/HSCA
https://github.com/daokunzhang/HSCA
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« Subspace Discovery based Attributed Network Embedding:

— Contribution:

* We propose a unified framework for attributed social network embedding,
attri2vec, that learns node embeddings by discovering a latent, structure
aware attribute subspace and formulate an optimization problem.

x We develop an efficient stochastic gradient descent algorithm to solve
the optimization problem, which not only remedies the local minima
problem, but also improves the effectiveness and efficiency, thus making
attri2vec able to scale to large-scale networks.

* We validate the effectiveness and efficiency of attri2vec on four real-world
networks of various types. Extensive experiments on multi-class node
classification, node clustering and link prediction tasks demonstrate that
attri2vec learns node embeddings of better quality than state-of-the-
art baselines, with an additional advantage to solve the out-of-sample

problem.
— Qutcome:
* The first version of attri2vec, UPP-SNE (User Profile Preserving Social
Network Embedding), was published in IJCAI-2017 [102].

« The C implementation of UPP-SNE is available at https://github.com/
daokunzhang/UPPSNE.

* We then extended UPP-SNE to attri2vec, a unified framework for
attributed network embedding. The extended version is accepted by
DMKD [106].

* The C implementation of attri2vec is available at https://github.com/

daokunzhang/attri2vec.
e Scalable Incomplete Network Embedding:

— Contribution:

x We advance the existing attributed network embedding learning to a
realistic missing data setting, allowing embedding leaning to be highly

efficient and accurate for real-world networks.


https://github.com/daokunzhang/UPPSNE
https://github.com/daokunzhang/UPPSNE
https://github.com/daokunzhang/attri2vec
https://github.com/daokunzhang/attri2vec
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x We propose a scalable and efficient algorithm — SINE — to combine
network structure and node attributes to learn a joint embedding repre-

sentation, thereby diminishing negative impacts of missing information.

x We evaluate the effectiveness of the proposed method under different
missing data settings, showing its superior performance to the state-of-

the-art baselines.
— Qutcome:

* The proposed SINE algorithm was published in ICDM-2018 [105].

« The C implementation of SINE is available at https://github.com/
daokunzhang/SINE.

1.4.2 Task-dependent Attributed Network Embedding

e Discriminative Attributed Network Embedding for Collective Classi-

fication:

— Contribution:

* We study the label sparsity problem in network settings that many
real-world applications often encounter, but traditional algorithms are
ineffective to address.

x We propose a unified matrix factorization framework for collective
classification with label sparsity — DMF — that seamlessly integrates
attributed network embedding and discriminative learning into a new

optimization problem, and derive solutions with high efficiency.

x We compare DMF with four state-of-the-art collective classification base-
lines on three real-world information networks, showing the advantage

of DMF in handling label sparsity.
— QOutcome:

* The DMF algorithm was published in CIKM-2016 [100].

* The Matlab implementation of DMF is available at https://github.com/
daokunzhang/DMF_CC.


https://github.com/daokunzhang/SINE
https://github.com/daokunzhang/SINE
https://github.com/daokunzhang/DMF_CC
https://github.com/daokunzhang/DMF_CC
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o Binary Attributed Network Embedding for Efficient Search:

— Contribution:

«x We analyze the feasibility and advantage of learning binary node repre-
sentations as a solution to efficient node similarity search over large-scale
networks.

x We propose the BinaryNE algorithm to effectively learn high-quality
binary node representations from both network structure and node
content features.

x We conduct experiments to compare search performance of the Bina-
ryNE algorithm and other network embedding algorithms, showing the

superiority of BinaryNE in terms of memory usage and search time.
— QOutcome:

* The BinaryNE algorithm is under review by TKDE [107].

1.5 Thesis Overview

According to the category of attributed network embedding, the body of this thesis is
structured in two parts: task-general attributed network embedding and task-dependent
attributed network embedding. Table 1.1 summarizes the overall structure of this

thesis. The detailed roadmap of the thesis is summarized as follows:

o Chapter 2: Before formally addressing research problems, in this Chapter, we
conduct a comprehensive literature review on related research work, including

network embedding, collective classification and node similarity search.

o Chapter 3: As preliminaries, this Chapter provides the definitions of important
terminologies and the research problem of network embedding, as well as the

summarization of benchmark datasets used in this thesis.

o Part I: In this Part, we address the research problem of task-general attributed
network embedding. Chapters 4-6 respectively detail the solutions to the research

problems (1) Homophily, Structure, and Content Augmented Network Embedding,
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Table 1.1 Thesis structure

Part Research Task Chapter | Publication
Literature Review Chapter 2 [104]
Preliminaries Chapter 3 —
Part 1 Homophily, Structure, and Content Augmented Network Embedding | Chapter 4 [101]

Task-general Attributed Subspace Discovery Based Attributed Network Embedding Chapter 5 | [102, 106]

Network Embedding Scalable Incomplete Network Embedding Chapter 6 [105]
Part 11 Discriminative Network Embedding for Collective Classification Chapter 7 [100]
Task-dependent Attributed Binary Network Embedding for Efficient Search Chapter 8 [107]

Network Embedding

— ‘ Conclusion and Future Work Chapter 9 ‘ —

(2) Subspace Discovery based Attributed Network Embedding, and (3) Scalable
Incomplete Network Embedding.

o Part II: In this Part, we study how to tailor network embedding to directly
benefit specific network analytic tasks. In Chapter 7 and 8, we respectively study
two task-dependent attributed network embedding problems: (1) Discriminative
Attributed Network Embedding for Collective Classification and (2) Binary
Attributed Network Embedding for Efficient Search.

o Chapter 9: Finally, we conclude this thesis and point out future research

directions.

1.6 Publications

Below are the papers finished during my PhD study, which have been submitted,
accepted and published:

e Journal Publications:

1. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, Network
Representation Learning: A Survey, IEEE Transactions on Big Data (TBD),
accepted, 2018. [104]
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2. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, Attributed
Network Embedding via Subspace Discovery, Data Mining and Knowledge
Discovery (DMKD ), accepted. [106]

3. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, Search
Efficient Binary Network Embedding, IFEE Transactions on Knowledge
and Data Engineering (TKDE), under review. [107]

e« Conference Publications:

1. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, Collective
Classification via Discriminative Matrix Factorization on Sparsely Labeled

Networks, ACM International Conference on Information and Knowledge

Management (CIKM), pp. 1563-1572, 2016. [100]

2. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, Homophily,
Structure, and Content Augmented Network Representation Learning, I[EFFE
International Conference on Data Mining (ICDM), pp. 609-618, 2016. [101]

3. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, User Profile
Preserving Social Network Embedding, International Joint Conference on

Artificial Intelligence (IJCAI), pp. 3378-3384, 2017. [102]

4. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, MetaGraph2Vec:
Complex Semantic Path Augmented Heterogeneous Network Embedding,
Pacific-Asia Conference on Knowledge Discovery and Data Mining (PAKDD),
pp. 196-208, 2018. [103]

5. Daokun Zhang, Jie Yin, Xingquan Zhu, and Chengqi Zhang, SINE: Scalable
Incomplete Network Embedding, IEEFE International Conference on Data
Mining (ICDM), pp. 737-746, 2018. [101]



Chapter 2
Literature Review

In this Chapter, we conduct a comprehensive review on network embedding. In
addition, we review the research work related to the network analytic tasks, collective
classification and node similarity search, which are concerned by this thesis for designing

task-dependent attributed network embedding algorithms.

2.1 Network Embedding

Depending on whether node content features are leveraged, network embedding tech-
niques can be divided into two groups [104]: structure preserving network embedding
that leverages only network structure to learn node representations, and attributed
network embedding that couples node content features with network structure to learn

more informative node representations.

2.1.1 Structure Preserving Network Embedding

Early work on network embedding has attempted to partition a graph into different
communities for creating social dimensions [77, 79, 78]. These methods usually cluster
nodes into different affiliations. The representation for each node is determined by
its membership with respect to different affiliations. Clustering algorithms used

for this purpose include spectral clustering [86], modularity maximization [59], and
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EdgeCluster [78]. These studies provide a cluster-centric view of the network, but

ignore important local structure information of individual nodes.

Several network embedding algorithms have been proposed to capture node local
neighborhood structure. DeepWalk [63] borrows the idea of the Skip-Gram model [55],
originally designed for learning word representations using word context in sentences,
to learn the representations of nodes in a network. In DeepWalk, short node sequences
generated by random walks are taken as sentences, and node representations are learned
using contextual information in random walk sequences. To leverage neighborhood
structure more properly, node2vec [19] employs biased random walk to generate node
sequences, which smoothly interpolates between two extreme neighborhood sampling

strategies, Breadth-first Sampling (BFS) and Depth-first Sampling (DF'S).

Different from the random walk based methods, LINE [76] explicitly defines a loss
function to capture two types of node relationships, i.e. the first-order proximity
that nodes linked to each other tend to be represented closely in the new embedding
space, and the second-order proximity that nodes sharing direct common neighbors
tend to have similar latent representations. LINE introduces two different models to
capture 1-step and 2-step node relationships, respectively. The node representations
learned by the two models are combined as the final node representations. The
GraRep model [8] steps forward to consider different k-step proximity (in particular for
k > 2), for learning network representations. However, both LINE and GraRep learn
representations separately for k-step proximity and simply concatenate the learned
vector features to form the final network representation. Such a simple combination
inherently neglects the interplay between different types of proximity, including their

relative importance, possibly leading to unsatisfactory performance.

In contrast to GraRep that preserves the symmetric node representations, HOPE [60]
and APP [111] learn node representations that capture the asymmetric high-order
proximity. In undirected networks, the transitivity is symmetric, but it is asymmetric
in directed networks. To preserve the asymmetric transitivity, HOPE and APP learn
two sets of node representations, i.e., source and target representations. HOPE first
constructs the high-order proximity matrix from one of the four proximity measures,
Katz Index [30], Rooted PageRank [71], Common Neighbors and Adamic-Adar, then
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factorizes it into source and target node representations. APP leverages random
walks to capture the high-order proximity. Considering the direction of random walk
sequences, APP learns asymmetric transitivity preserving node representations by
using the source representations of starting nodes to predict the target representations

of ending nodes.

Deep learning has also been imported to learn node representations from net-
work structure. DNGR [9] first obtains high dimensional structure preserving node
representations through the proposed random surfing method, and then utilizes the
stacked denoising autoencoder (SDAE) [85] to learn low-dimensional representations.
SDNE [87] employs deep autoencoder to learn deep nonlinear node representations, by
reconstructing node adjacent matrix representations for preserving the second-order
proximity and penalizing the representation difference of connected nodes for preserving
the first-order proximity. GraphGAN [88] learns node representations by modeling
node connectivity behavior through an adversarial learning framework, with two com-
ponents: (i) generator G(v|v.), which fits the distribution of the nodes connected to
v. and generates the likely connected nodes, and (ii) discriminator D(v,v.), which
outputs a connecting probability for the node pair (v,v.), to differentiate the node
pairs generated by G(v|v.) from the ground truth. Through the competition between
the generator and discriminator, GraphGAN learns informative node representations

that well respect node connectivity behavior.

The above network embedding methods only take advantage of local neighborhood
structure. To learn more informative node representations, M-NMF [91] complements
the local neighborhood structure with the community structure, by making the local
structure proximity preserving representations consistent with the community indicative

representations learned by modularity maximization [59)].

Besides local connectivity patterns, nodes often share similar structural roles at
a mesoscopic level, such as centers of stars or members of cliques. Structural role
proximity preserving network embedding aims to embed network nodes that are
far away from each other but share similar structural roles closely. This not only
facilitates the downstream structural role dependent tasks, but also enhances local

structure preserving network embedding. struct2vec [66] first encodes node structural
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role similarity into a multilayer graph, where the weights of edges at each layer are
determined by the structural role difference at the corresponding scale. DeepWalk [63]
is then performed on the multilayer graph to learn node representations, such that
nodes close to each other in the multilayer graph (with high structural role similarity)
are embedded closely in the new representation space. By making use of the spectral
graph wavelet diffusion patterns, GraphWave [14] embeds node neighborhood structure
into a low-dimensional space and preserves the structural role proximity through
the assumption that, if two nodes residing distantly in the network share similar
structural roles, the graph wavelets starting at them will diffuse similarly across their
neighbors. SNS [48] enhances a random walk based local structure proximity preserving
method with structural role proximity. To measure node structural role similarity, SNS
represents each node as a Graphlet Degree Vector with each element being the number

of times the given node is touched by the corresponding orbit of graphlets.

The above structure preserving network embedding algorithms learn task-general
node representations in an unsupervised way. Some research efforts have been made to
enhance structure preserving network embedding with node labels, with the expectation
that the learned node representations are discriminative for benefiting the targeted node
classification task. DDRW [43] proposes to learn discriminative network representations
through jointly optimizing the objective of DeepWalk [63] together with the L.2-
loss Support Vector Classification objective. Similarlyy, MMDW [82] couples the
objective of the matrix factorization version DeepWalk [96] with the multi-class Support
Vector Machine (SVM) objective. Along similar lines, TLINE [109] is proposed as
a semi-supervised extension of LINE [76] that simultaneously learns LINE’s node
representations and an SVM classifier. GENE [11] integrates group (label) information
with network structure in a probabilistic manner, with the assumption that nodes
should be embedded closely in low-dimensional space, if they share similar neighbors
or join similar groups. SemiNE [41] learns semi-supervised node representations in
two stages. In the first stage, SemiNE exploits the DeepWalk [63] framework to learn
node representations in an unsupervised manner. In the second stage, SemiNE learns

a neural network that tunes the learned unsupervised node representations to fit node
labels.
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The structure preserving network embedding algorithms only leverage network
structure to learn node representations, while neglects the important information in
node content features. As a result, the learned node representations tend to be less

informative.

2.1.2 Attributed Network Embedding

TADW [96] is the first attempt to incorporate rich node textual features into network
embedding. TADW proves the equivalence between DeepWalk and a matrix factoriza-
tion formulation, and then encodes node text features into the matrix factorization
process for learning more informative node representations. pRBM [90] leverages
the power of Restricted Boltzmann Machine (RBM) [24] to do attributed network
embedding. pRMB learns node representations though applying RBM to node content
attributes and simultaneously forcing the learned node representations of connected
nodes to be similar to each other. The SNE algorithm [44] learns node embeddings for
attributed networks through a neural network, in which, for each node, its embedding is
aggregated from its ID embedding that captures the structural proximity and attribute
embedding that captures the attribute proximity. MVC-DNE [97] applies deep autoen-
coder to node adjacent matrix representations and node content attributes respectively,
and adopts cross-view learning to capture the interplay between network structure and
node content and fuses information from the two sources into a unified embedding.
GraphSAGE [22] first takes node content features as node representations, and then
iteratively updates node representations by aggregating representations of neighboring
nodes. PPNE [42] learns node representations for attributed networks through jointly
optimizing two objectives: the structure-driven objective and the attribute-driven objec-
tive. The structure-driven objective inherits DeepWalk objective, aiming to make nodes
sharing similar structural context nodes represented closely, while the attribute-driven
objective aims to force node distributions in the new representations space to respect
the similarity estimated from node content attributes. AANE [26] learns node repre-
sentations by performing symetric matrix factorization [35] on attribute affinity matrix,
and simultaneously minimizing the representation difference between connected nodes.

However, the performance of existing attributed network embedding would be largely
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degraded in real-world scenarios where node attributes are sparse and incomplete, and
in particular, when there exists a discrepancy between network structure and node

attributes.

In addition to the above unsupervised network embedding algorithms, there are
also some research works on supervised network embedding. TriDNR [62] learns node
representations for attributed networks with text features through a coupled neural
network. To capture node content and label information, TriDNR couples DeepWalk
with the Paragraph Vector model [37] that describes the node word relation and
label-word correspondence. LDE [89] is proposed to learn representations for linked
documents, which are actually the nodes of citation or webpage networks. Similar
to TriDNR, LDE learns node representations by modeling three kinds of relations,
i.e., word-word-document relations, document-document relations, and document-
label relations. LANE [27] learns node representations for attributed networks by
embedding the network structure proximity, attribute affinity, and label proximity into
a unified latent representation. Planetoid [98] maps network embedding vectors and
node attribute vectors into a hidden layer space via deep neural network, and uses
the mapped vectors to predict node labels, with network embedding vectors obtained
through minimizing the loss for structural context prediction. Graph Convolutional
Network (GCN) [33] takes node attributes as input and constructs node representations
through the convolution of neighboring node representations in each hidden layer, and
uses the final layer to predict node labels by minimizing cross-entropy loss. Graph
Attention Network (GAT) [84] then imports the self-attention mechanism into GCN
to make the graph convolution performed in a more intelligent way. The supervised
network embedding algorithms encode label information into the network embedding
process. The learned embeddings not only well respect the network structure and
node content attributes, but also possess the discriminative power for more accurate
node classification. Depending on the existence of node labels, the supervised network
embedding is only tailored for node classification task and is hard to generalized to

other tasks.
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2.2 Collective Classification

For networked data classification, collective classification (CC) has received considerable
attention in recent years [53, 68]. Its key idea is to construct a new set of features
that summarize label dependencies to improve classification accuracy. Exact inference
solutions to CC are NP-hard and prohibitively expensive. Therefore, many research

studies have focused on deriving approximate inference algorithms.

Two representative approximate inference algorithms for CC are Iterative Classifi-
cation Algorithm (ICA) and Gibbs Sampling (GS). They are both local classifier-based
methods that can be implemented in two steps: (1) the local classifier learning step, in
which a local classifier is learned to predict labels for each node using node content
features together with relational features derived from the label information in the
neighborhood; and (2) the collective inference step, in which the two processes of
computing relational features for unlabeled nodes using predicted labels and classi-
fying unlabeled nodes using the learned local classifier are iteratively repeated until

convergence.

When the network is sparsely labeled, traditional CC algorithms are ineffective to
provide satisfactory accuracy. This is mainly because, at low label density, class labels
of many neighboring nodes are unknown during inference, and it thus becomes difficult
to learn accurate parameters related to label-based features. Therefore, semi-supervised
CC algorithms have been proposed to leverage unlabeled data to enhance classification
performance. These algorithms typically first adopt a bootstrap step to predict labels
for unlabeled nodes, through a classifier trained on labeled nodes using only content
features. These predicted labels are taken as true labels, and together with known
labels, are used to compute relational features. A classifier is then trained on labeled
nodes or all nodes to perform collective inference. The variants of semi-supervised
algorithms mainly differ in how they train a best classifier from all available features.
[51] provided a comprehensive comparison of different semi-supervised CC algorithms
and found that learning a hybrid classifier from content features and relational features
can best boost the performance of semi-supervised CC algorithms. In a follow-up work,
[52] pointed out that training discriminative classifiers additionally with neighbors’

attributes can yield further accuracy gains for semi-supervised collective classification.
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Another line of research has focused more on increasing network connectivity
between unlabeled nodes and labeled nodes [17, 49, 69]. [49] enriched the linkage of
the original network by adding extra links based on node attribute similarity, and
a weighted-vote relational neighbor with relational labeling (wwRN+RL) classifier
was used to classify unlabeled nodes. [17] proposed to add “ghost edges” created via
random walk with restart, to a network, which enables information propagation from
labeled nodes to unlabeled ones. In [69], a Latent Network Propagation model (LNP)
was proposed that constructs a latent graph from different information sources and
uses label propagation to predict labels of unlabeled nodes. However, most of these
methods consider either local dependencies between network structure and labels, or
correlations between nodes’ content features and labels, but ignore the important role

of their interplay for jointly classifying labels of related nodes.

2.3 Node Similarity Search

To enable similarity search over networks, various metrics have been proposed to
measure the structural relatedness between nodes. Bibliographic Coupling [32] and
Co-citation [70] measure node similarity by counting the number of common neighbors.
Other common neighbor based metrics include Jaccard’s coefficient, Salton’s coefficient,
the Adamic/Acar coefficient [1], etc. This kind of metrics are incapable of capturing the
similarity between nodes sharing no common neighbors. SimRank [28] estimates node
similarity recursively with the principle that two nodes are similar if they have connec-
tions with similar nodes. Because calculating SimRank similarity is computationally
expensive, other algorithms, like TopSim [38] and [36], are proposed to reduce its time
complexity. P-Rank [110] enhances SimRank by jointly modeling both in- and out-link
relationships for node structural similarity estimation. VertexSim [81] represents each
node as a convex combination of anchor nodes by optimizing a geometric objective, and
then measures node similarity with the new representations. The above metrics only
capture the similarity relying on the connectivity among the local neighborhood, but
neglect the structural equivalence between nodes sharing similar structural roles while
distantly located. [29] justifies a series of axiomatic properties that should be satisfied

by a role similarity measure, and proposes RoleSim, a role similarity measure, which
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is calculated in an iterative way and is proved to satisfy all the justified properties.
Panther [108] estimates local structural similarity between pairwise nodes through
their co-occurrence frequencies in randomly sampled paths. Panther++ [108] augments
Panther with structural role similarity by measuring the difference in neighbor node

co-occurrence distributions.

Calculating the aforementioned structure similarity metrics between all pairwise
nodes, which is necessary for exact node similarity search, is usually time-consuming,
with a time complexity at least quadratic to the number of nodes. Moreover, the above
structure similarity metrics fail to capture the similarity measured by node content
features. The two limitations make the existing structural similarity estimation based

search methods unsuitable for large-scale networks with rich node content features.



Chapter 3
Preliminaries

In this chapter, as preliminaries, we give the formal definitions of the important

terminologies, and summarize the benchmark datasets used in our experiments.

3.1 Notations

For ease of presentation, we first define a list of common notations that will be used

throughout the thesis, as shown in Table 1.

Table 3.1 A summary of common notations

G ‘ The given information network

V ‘ Set of nodes in the given information network

& ‘ Set of edges in the given information network

V| ‘ Number of nodes
I€| ‘ Number of edges
X, T ‘ The node attribute matrix

d ‘ Dimension of learned node representations
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3.2 Definitions

In this section, we first define important terminologies that are used to discuss the

proposed algorithms next, following by a formal definition of network embedding.

Definition 1 (Information Network) An information network is defined as G =
(V,E,X), where V denotes a set of nodes, and |V| denotes the number of nodes in
network G. € CV x V denotes a set of edges connecting the nodes, and |E| denotes the
number of edges. X is the node attribute matriz, for networks with text attributes, we
also use T to denote node text attribute matriz. Due to privacy concern or information
access difficulty, node attribute matriz X is often sparse. For each (v;,v;) € &, if
information network G is undirected, we have (v;,v;) € E; if G is directed, (vj,v;)
unnecessarily belongs to £ Each edge (v;,v;) € € is also associated to a weight w;,

which is equal to 1, if the information network is binary (unweighted).

Intuitively, the generation of information networks is not groundless, but guided
or dominated by certain latent mechanisms. Although the latent mechanisms are
hardly known, they can be reflected by some network properties that widely exist in
information networks. Hence, the common network properties are essential for the
learning of node representations that are informative enough to accurately interpret

information networks. Below, we introduce several common network properties.

Definition 2 (First-order Proximity) The first-order prozimity is the local pair-
wise provimity between two connected nodes [76]. For each node pair (v;,v;), if
(vi,v;) € E, the first-order prozimity between v; and v; is w;j; otherwise, the first-order
proximity between v; and v; is 0. The first-order proximity captures the direct neighbor

relationships between nodes.

Definition 3 (Second-order Proximity and High-order Proximity) The second-
order proximity captures the 2-step relations between each pair of node [76]. For each

node pair (v;,v;), the second order prozimity is determined by the number of common

'Without any specific declaration, the networks discussed in this thesis are assumed to be
undirected.
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neighbors shared by the two nodes, which can also be measured by the 2-step transition
probability from v; to v; equivalently. Compared with the second-order proximity, the
high-order proximity [8] captures more global structure, which explores k-step (k > 3)
relations between each pair of nodes. For each node pair (v;,v;), the higher-order
proximity is measured by the k-step (k > 3) transition probability from node v; to node
vj, which can also be reflected by the number of k-step (k > 3) paths from v; to v;.
The second-order and high-order proximity capture the similarity between a pair of,

indirectly connected, node with similar structural contexts.

Node attribute: In addition to network structure, node attributes can provide
direct evidence to measure content-level similarity between nodes. As shown in [96, 90],
node attributes and network structure can help each other filter out noisy information

and compensate each other to jointly learn informative node representations.

Node label: Node labels provide direct information about the semantic categoriza-
tion of each network node to certain classes or groups. Node labels are strongly influ-
enced by and inherently correlated to both network structure and node attributes [27].
Though node labels are usually partially observed, when coupled with network structure
and node attributes, they encourage a network structure and node attribute consistent

labeling, and help learn informative and discriminative node representations.

Definition 4 (Network Embedding) Given an information network G = (V, €, X),
by integrating network structure in £, node attributes in X and node labels, the task
of network embedding is to learn a mapping function f : v — r, € R?, where r,
is the learned vector representation of node v, and d is the dimension of the learned
representation. The transformation f preserves the original network information, such
that two nodes similar in the original network should also be represented similarly in

the learned vector space.

In general, the learned node representations should satisfy the following conditions:
(1) low-dimensional,i.e., d < |V|, in other words, the dimension of learned node
representations should be much smaller than the dimension of the original adjacency
matrix representation for memory efficiency and the scalability of subsequent network

analytic tasks; (2) informative, i.e., the learned node representations should preserve the
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Fig. 3.1 A conceptual view of network embedding. Nodes in (a) are indexed using their
ID and color coded based on their community information. The network representation
learning in (b) transforms all nodes into a two-dimensional vector space, such that
nodes with structural proximity are close to each other in the new embedding space.

proximity reflected by network structure, node attributes and node labels (if available);
(3) continuous, i.e., the learned node representations are supposed to have continuous
real values to support subsequent network analytic tasks, like node classification, node
clustering, or anomaly detection, and have smooth decision boundaries to ensure the

robustness of these tasks.

Fig. 3.1 demonstrates a conceptual view of network embedding, using a toy network.
In this case, only network structure is considered to learn node representations. Given
an information network shown in Fig. 3.1(a), the objective of network embedding is to
embed all network nodes into a low-dimensional space, as depicted in Fig. 3.1(b). In the
embedding space, nodes with structural proximity are represented closely to each other.
For example, as node 7 and node 8 are directly connected, the first-order proximity
enforces them close to each other in the embedding space. Though node 2 and node 5
are not directly connected, they are also embedded closely to each other because they
have high second-order proximity, which is reflected by 4 common neighbors shared by
these two nodes. Node 20 and node 25 are not directly connected, nor do they share
common direct neighbors. However, they are connected by many k-step paths (k > 3),
which proves that they have high-order proximity. Thus, node 20 and node 25 also

have close embeddings.
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Table 3.2 Summary of nine real-world networks

V| |E| # of Attribute # of Class

Cora 2,708 5,278 1,433 7
Citeseer 3,312 4,732 3,703 6
Wikipedia 2,405 17,981 4,973 19
PubMed 19,717 44,338 500 3
BlogCatalog 5,196 171,743 8,189 6
Flickr 7,575 239,738 12,047 9
Facebook 4,039 88,234 1,403 4
DBLP(Subgraph) 18,448 45,611 5,959 4

DBLP(Full) 1,632,442 2,327,450 154,309 N/A

3.3 Benchmark Datasets

In this thesis, nine real-world information networks are used to conduct experiments.
Table 3.2 summarizes the statistics of these networks. The detailed information about

the networks are as follows:

e Cora?. The Cora network is composed of 2,708 machine learning publications
and their citation relationships. Theses publications are categorized into seven
groups. Each publication is represented by a 1,433-dimensional binary vector,

with each dimension denoting the presence/absence of the corresponding word.

2. Citeseer is another citation network with 3,312 papers and 4,732

o Citeseer
citation relations. There are 6 classes among papers. According to the occurrence
of the corresponding word, each paper is described by a 3,703-dimensional binary

vector.

« PubMed?. The PubMed network contains 19,717 scientific publications related
to diabetes in three classes. Each paper is represented by a TF-IDF weighted
word vector from a dictionary composed by 500 unique words. There are 44,338

links among them.

2https://lings.soe.ucsc.edu/data


https://linqs.soe.ucsc.edu/data
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« Wikipedia®. The Wikipedia network contains 2,405 Wikipedia articles from 19
classes. Each article is represented by a 4,973-dimensional TF-IDF vector. There
are 17,981 hyperlinks among these articles.

« BlogCatalog®. The BlogCatalog network is an online social network formed
by BlogCatalog, a blogger community. The BlogCatalog network contains 5,196
users and 171,743 follower-followee relations. Users’ groups are defined as the
categories of their blogs. The keywords of users’ blogs are used to construct
users’ feature vectors. Here, binary feature vectors are constructed, with only

the keyword occurrence state concerned.

o Flickr3. Flickr is an online photo sharing platform. The Flickr network in-
cludes 7,575 users and 239,738 follower-followee relations. These users join in
9 predefined groups. Users’ features are described by the tags of their images.
Each user is represented by 12,047-dimensional binary vector, according to the

occurrence/absence of the corresponding tag.

o Facebook. The Facebook network is merged from 10 Facebook ego-networks
from SNAP?. There are 4,039 users and 88,234 friendship relations. Each user is
described by a 1403-dimensional bag-of-words vector from tree-structured user

profiles [39]. Users’ education types are used as labels.

« DBLP(Subgraph) and DBLP (Full). The DBLP(Full) network is formed by
the papers, paper titles, and paper citations of the DBLP bibliographic network?®.
In DBLP(Full), there are in total 1,632,442 papers and 2,327,450 citations. The
DBLP(Subgraph) is a subgraph of the DBLP(Full) network, constructed by papers
from four research areas: Database, Data Mining, Artificial Intelligence, and Com-
puter Version, which also act as paper labels. DBLP(Subgraph) contains 18,448
papers and 45,611 citation relations. For DBLP(Full) and DBLP(Subgraph),

papers’ titles are used to construct binary bag-of-words feature vectors.

Shttp://people.tamu.edu/~xhuang/Code.html
thttps:/ /snap.stanford.edu/data/
Shttps://aminer.org/citation (Version 3 is used)
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https://snap.stanford.edu/data/
https://aminer.org/citation
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Task-general Attributed Network
Embedding
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Overview

As data preparation for general network analysis, task-general attributed network em-
bedding aims to learn node representations for attributed networks in an unsupervised
and task-independent way. As the node representations are not tailored for specific

network analytic tasks, they can be applied to a variety of real-world applications.

In this part, we propose a series of task-general attributed network embedding,

aiming to overcome the following research challenges:

o Heterogeneity: How to effectively fuse information from network structure
and node content attributes into a unified node representations, making them

complement rather than deteriorate each other.

o Data Sparsity: How to overcome the incompleteness existing in both network
structure and node content attributes, i.e., make the best of available data and

minimize the negative impacts caused by missing data.

e Scalability: How to make attributed network embedding able to scale to
large-scale networks, with a large number of nodes and edges, as well as high-

dimensional node content features.

In Chapter 4, to overcome the heterogeneity challenge, we propose the Homophily,
Structure, and Content Augmented network embedding (HSCA) algorithm that seam-
lessly integrate information from three sources (1) homophily (the first-order proximity)
(2) structural context and (3) node content into a unified node representation through
regularized inductive matrix factorization. The learned node representations are ex-
pected to be consistent with structural context and node content, and follow the social

homophily constraints in the learned space.

In Chapter 5, to handle the heterogeneity and data sparsity challenge, we
propose the attri2vec algorithm that learns node embeddings by discovering a latent
node attribute subspace via a network structure guided transformation performed on
the original attribute space. The resultant subspace can respect network in a more

consistent way towards learning high-quality node representations.
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In Chapter 6, to address the data sparsity and scalability challenge, we propose
the Scalable Incomplete Network Embedding (SINE) algorithm that learns node
representations for incomplete graphs, by separately modeling pairs of node-context
and node-attribute relationships through a three-layer neural network. A stochastic
gradient descent based online algorithm is derived to train the algorithm, allowing the

algorithm to scale up to large-scale networks with high efficiency.



Chapter 4

Homophily, Structure, and Content
Augmented Network Embedding

4.1 Introduction

Recent years have witnessed an enormous growth of information networks, such as
social networks, communication networks, and citation networks, generated from all
aspects of social applications. Unlike conventional vector-based data, instances in
information networks are neither independent nor identically distributed, but are
connected to each other with complex dependencies. To process such networked data,
one critical problem is network embedding, which aims at embedding a network into
a low-dimensional space, i.e., learning vector representations for each node, with the
objective of preserving network structure in the embedded space. As a result, off-the-
shelf vector-based machine learning techniques can be easily applied. Existing studies on
network embedding [63, 76] have shown that network embedding can effectively capture
network structures to facilitate subsequent analytic tasks, such as node classification

[68], anomaly detection [6], and link prediction [47].

From literatures up to date, we summarize that three information sources are

leveraged to learn node representations:
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« Homophily (or the first-order proximity): Homophily phenomenon [54] is a
known fact in social networks where nodes with similar attributes (content) tend
to be connected through relational ties, which contribute to local structures of
individual nodes [2]. To preserve such local connectivity in the network, nodes
directly connected to each other should be embedded closely together in the

learned representation space.

o Structural Context: In addition to direct neighbors, nodes in a network
also have dependencies with indirect neighbors. To respect the global network
structure, nodes sharing common neighbors (i.e., context nodes) should be close
to each other in the learned space. Structural context includes the second-
order proximity and high-order proximity. Compared with the connectivity
based homophily, structural context employs broader structure to measure node

similarity.

e« Node Content: Rich information on node attributes provides the most direct
evidence to measure content-based similarity of nodes. Thus, nodes having similar

content features should also be represented closely to each other in the new space.

Fig. 4.1 gives an illustrative example. As node 1 and node 3 are directly connected,
they should be represented closely to each other in the embedded space, to reflect
the homophily principle. On the other hand, though there is no direct link between
node 1 and node 2, they share three common neighbors, i.e., they have the same
structural context and thus should be also represented closely to each other. In
addition, though node 1 and node 4 are not directly connected nor share common
neighbors, they are likely to have similar representations because they share similar
content on node attributes. We expect that the consideration of all three information
sources (i.e., homophily, contextual structure, and node content), and more importantly,
the interplay between the three parties can maximally contribute to learning effective

network representations.

To date, most of existing work on network embedding (e.g., [77, 63, 76]) learns
representations from network structure only. For example, DeepWalk [63] generalizes

the Skip-Gram model [55], which learns word representations using word context in
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Fig. 4.1 A toy example of information network. Our proposed HSCA algorithm utilizes
all three information sources (i.e., homophily, structural context, and node content),
for learning useful network representations.

sentences, by taking random walk sequences in graphs as the equivalence of sentences.
As an analogy to word context, nodes with similar structural context in random walk
sequences tend to have similar representations. Hence, only structural context is utilized
by DeepWalk to learn node representations. LINE [76] learns node representations
by explicitly modeling two kinds of pairwise node relationships, i.e. the first-order
proximity and the second-order proximity. The GraRep model [8] moves a further step
to consider different k-step proximities (in particular when k > 2), for forming a global
representation. Thus, homophily and structural context are both utilized by LINE
and GraRep. Only very recently, Text-Associated DeepWalk (TADW) [96] attempts
to import node features into matrix factorization based DeepWalk. TADW inherits
the information source of structural context from DeepWalk and exploits node content
for improving representation learning. Table 4.1 summarizes the information sources
used by all these methods. Clearly, none of these methods have utilized all above three

information sources to learn informative node representations.

In this chapter, to fill this gap, we propose a new network embedding algorithm,
called HSCA (Homophily, Structure, and Content Augmented network embedding),
that effectively learns a latent network representation using all three information sources.
Inspired by TADW [96], we formulate the problem of network embedding as a matrix

factorization problem that 1) considers broader structural context in random walk
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Table 4.1 A summary of network embedding algorithms based on the information
sources used.

Algorithm Homophily Structural Context Node Content
DeepWalk [63] v

LINE [76] v v

GraRep [§] v v

TADW [96] v v
HSCA (our algorithm) v v v

sequences to discover hidden relatedness between nodes; 2) introduces a regularization
term to enforce homophily between directly connected nodes; and 3) imports nodes’
content features into the matrix factorization process. To this end, we design a new
matrix factorization objective function and derive an efficient optimization algorithm
based on conjugate gradient methods to solve it. By simultaneously integrating
homophily, structural context, and node content, the HSCA algorithm effectively
embeds a network into a single latent representation space that captures the interplay
between network structures and node content. The representation learned by HSCA
has the advantage of preserving both network structure and node content information,
as well as following the homophily constraints in the new space. We evaluate the HSCA
algorithm on four real-world networks for the task of multi-class node classification.
Experimental results show that, compared with the state-of-the-art network embedding
algorithms, HSCA'’s representation achieves better classification performance, especially

for sparsely labeled networks.

4.2 Problem Definition and Preliminaries

In this section, we formally define our network embedding problem and review prelimi-
naries of Text-Associated DeepWalk (TADW).
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4.2.1 Problem Definition

Given an undirected graph G = (V,&,T), where V is the set of nodes and £ is the set
of edges. T is the node text feature matrix with the i-th column of 7', t;, characterizing
node v; € V. Our problem aims to embed graph G into a low-dimensional space, i.e.,

learning a vector representation € R* for each node v € V in G.

The learned representation @ should satisfy two properties: (1) low-dimensionality,
the dimension k of the embedded space is expected to be much smaller than ||, and
(2) informativeness, the learned representation  should preserve the graph structure
information reflected in £ and node content information in node text features 7. With
these two properties, the learned representation can be taken as input to network

mining tasks, like node classification.

4.2.2 Preliminaries: Text-Associated DeepWalk

Inspired by DeepWalk [63], Text-Associated DeepWalk (TADW) [96] incorporates node
text features into network embedding. In DeepWalk, nodes in a network are taken as
words in natural language and a set of short random walk sequences are generated
from the given network to provide context for nodes. Given a node v; and its context
nodes within ¢ window size, {v;_¢, - ,v;1+} \ v;, the representation for v;, ®(v;), is
learned by maximizing the conditional probability:
i+t
P({vice, -+ vt \il®(i)) = [T Pluj@(w)). (4.1)
J=itji

In [63], the probability P(v;|®(v;)) is approximated using Hierarchical Softmax [56] to

speed up training.

We denote the PageRank matrix of graph G as P € RYI*VI. The degree of node v;
is denoted by d;. We then have P,; = 1/d,, if (v;,v;) € &; otherwise, P;; = 0. In [96],
DeepWalk is proved to be equivalent to factorizing a matrix M € RIV*IVI given by

[P+ P?+---+ P,
- :
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Matrix M can be factorized as two low-rank matrices W € R¥*Vl and H € R**V by

solving the following problem
1 A
win S| M = WEH|E + SIWIE + [1H 7). (4.3)

The first minimization term guarantees precise factorization. The minimization of
W% and || H |3 imposes low-rank constraint on W and H, and % controls the trade-off
between these two terms. After this matrix factorization problem is solved, W and H

can be concatenated together to form a 2k-dimensional representation for each node.

To make the representation learned by matrix factorization based DeepWalk more
informative, TADW imports node text features 7" € R/**Vl into the matrix factorization
of (4.3), with f; being the number of text features. The matrix factorization formulation
is changed into

1 T A
min S[|M — WEAT |5+ S(IWE + [ H][7). (4.4)

where H € R*/t. For computational efficiency, in (4.4), M is approximated by
(P + P?)/2. After W and H are solved, node representations are generated by

concatenating W and HT as feature vectors.

4.3 HSCA: Homophily, Structure, and Content Aug-
mented Network Embedding

In this section, we formulate the optimization problem of our proposed algorithm and

elaborate solutions to this problem.

4.3.1 The Optimization Problem

TADW can learn more informative representations than DeepWalk, by importing text
features into the matrix factorization formulation of DeepWalk. However, TADW’s
representations lack the ability to preserve the homophily property of the network in
the embedded space. Therefore, in this work, we propose to enforce homophily between

connected nodes in our matrix factorization formulation.
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By solving the problem of (4.4), the i-th node is then represented by [w;r, (H ti)T} T,
with w; and t; being the i-th column of W and T respectively. To make connected
nodes close enough to each other in the learned 2k-dimensional space, the distance
between their feature vectors should be constrained in the representation space. To
achieve this, we import a regularization term R(W, H) into the minimization problem

of (4.4). The regularization term is defined as

2

1 X w; W;
R(W,H)ZZ_Z Aij -
4,j=1 th Ht] ) (45)
| o1 2
== > Ayllw — w5+ 7 D AyllHt — Htlf5,
457 4,52

where A is the adjacent matrix of network G. R(W, H) can be further decomposed
as R(W,H) = Ry(W) + Ro(H), where Ry (W) is the regularization term on W, and
Ro(H) is the regularization term on H. R;(W) is formulated as

L M .
Ri(W) = 1 > Aijllw; — wj3
ij=1
Y .
= 1 Z Aij(wi wj) (w; — w])
W= (4.6)
L M v
= — Z D“wiTwi Z Ajjw; w;
23 ij=1
4
1
=5 z; Lijw; wj,
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.V|1A

where D;; = ZL: D;; =0, fori# jand L =D — A. Ro(H) is formulated as

77

.Y

Ro(H) = 1 > Ayl|Ht; — Htjl3
ij—1

B 1 V| Al )

=1 > AGIIH®E )5

ij=1
1 M S
=3 2 Aylti—t) HUH(E — t)) (4.7)
ij=1
L L M
= - Dyt/H'Ht;— = > At/ H' Ht;
2 i=1 2 ij=1
1

2,j=1

Here, we define the new object function as
1 A
F(W,H) = SlIM = WEHT 5+ S(IW 5 + [ HIIE) + p(Ri(W) + Ra(H)). (4.8)
Then, a new optimization problem is formulated as

min F (W, H). (4.9)

4.3.2 Solving the Problem

We now discuss how to derive the solution to the optimization problem (4.9). Though
F (W, H) is not convex with respect to W and H, it can be easily proved that when one
of W and H is fixed, F(W, H) is convex with respect to the other variable. After W
and H are initialized properly, we can solve problem (4.9) with the following alternative

update procedure:

W = arg min F(W, H™Y), (4.10)
w

H™ = argmin F(W, H). (4.11)
H

To optimize W with H fixed, we define w = vec(W?) and &;; = (Ht;) ® e;, where
e; is the i-th column of the V| x |V| identity matrix. Then W can be updated by
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solving the following problem:

argmin f(w), (4.12)
weRIVIk
where
1 U T~ 2 , ¥ T A 2
flw) =35 > (M —w'hE;)® + oW Aw + Clwll, (4.13)
ij=1

where A = I, ® L with I, being the k£ x k identity matrix.

To optimize H with W fixed, we define n = vec(H) and g,;; = t; ® w;. Then H
can be updated by solving the following problem:

arg min g(n), (4.14)
neRk St
where
1 i T~ 2, U T A 2
g(m) =5 > (Mig = n"g;)* + 0" @ + S nll3, (4.15)
i =1

where Q = (TLT") @ 1.

To solve the optimization problem (4.12) and (4.14), we utilize Conjugate Gradient
(CG) algorithm. For CG, the gradient of f(w) and g(n), and the multiplication of the

Hessian matrix of f(w) and g(n) with vector s are calculated as follows:

VI
Viw) =Y (W' — Myj)&; + pAw + Iw, (4.16)
ij=1
VI "
Vgn) = > (n G — Mij)gi; + 1 + An, (4.17)
ij=1
4
Vif(w)s = > &;&;s + phs + As, (4.18)
ij=1
V|
Vig(m)s =Y gjijggs + pufds + As. (4.19)
ij=1

In this way, the calculation of V f(w) and V2 f(w)s needs at least O(|V|?k) time, and
the calculation of Vg(n) and V2g(n)s needs at least O(|V|?kf;) time. Below, we give
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more efficient solutions to calculating these four variables, with the detailed derivations

given in the Appendix.

A. Calculation for V f(w)

As shown in the Appendix, we have proven that
Vf(w)=vecWYHTT "HY — MTYH") + pwec(LW?') + \w. (4.20)
By changing the order of matrix multiplication in (4.20) carefully as
Vf(w) =vecW(HT)(HT)Y) — M(HT)") + pvec(LW™) + \w, (4.21)

the calculation of V f(w) requires only O(|V|k* + |V|kf, + nnz(L)k + nnz(M)k) time.
For most real-world networks, edges are sparse, i.e., O(|€|) = O(|V|), which indicates

that nnz(L), nnz(M) < |V|%. Thus, calculating V f(w) with (4.20) is more efficient.

B. Calculation for V2f(w)s

In Appendix, we have shown that

V2f(w)s = vec(SHTT H™") + pvec(LS) + As, (4.22)
where S € RVIXk gatisfies s = wec(S). Similarly, in implementation, f(w)s is
calculated as

V2f(w)s = vec(S((HT)(HT)")) + pvec(LS) + As. (4.23)

The above calculation of f(w)s requires only O(|V|k* + |V|k f; + nnz(L)k) time.
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C. Calculation for Vg(n)

As is proved in Appendix,
Vg(n) = vecWWTHTTT — WMT") 4 pvec(H(TLT™)") + \n.
For implementation efficiency, Vg(n) is calculated as
Vy(n) = vecW((WTH)TT")) — W(MT")) + pvec(H(TLTTT) + An,

which requires only O(|V|kf; + |V|f? + nnz(L) f; + nnz(M) f;) time.

D. Calculation for V3g(n)s

It can also be proved that
V2g(n)s = vec(WWTSTTY) + pvec(S(TLTT)T) + As.
For implementation efficiency, VZg(n)s is calculated as
V2g(n)s = vec(W(WS)(TTM))) + pvec(S(TLTT)) + As,

which needs only O(|V|kf; + |V|f2 + nnz(L)f;) time.

4.4 Experiments

(4.24)

(4.25)

(4.26)

(4.27)

To evaluate the quality of learned representations, we conduct multi-class node classifi-

cation on four real-world networks.
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Table 4.2 Summary of Four Real-world Networks

Data Set  Cora Citeseer PubMed Wikipedia

# of Nodes 2,708 3,312 19,717 2,405

# of Links 5,429 4,732 44,338 17,981
# of Features 1,433 3,703 500 4,973

# of Class 7 6 3 19

4.4.1 Benchmark Networks

Four information networks, Cora, Citeseer, Wikipedia, PubMed!, are used in our
experiments. A summary of the four networks is given in Table 4.2. For each of them,
the direction of links and node’s self-links are not considered. Two nodes have a link,
if either of them is directly linked to the other. A detailed introduction to the four

networks is given as follows:

Cora: It contains 2,708 machine learning publications from seven classes, and 5,249
citation links among these papers. Each paper is represented by a 0/1 vector of 1,433

dimensions indicating the presence/absence of the corresponding words.

Citeseer: It contains 3,312 scientific publications from six classes. Among these
papers, there are 4,732 links. Each paper is represented by a 0/1 vector of 3,703

dimensions.

PubMed: It contains 19,717 scientific publications related to diabetes in three
classes. Each paper is represented by a TF-IDF weighted word vector from a dictionary

composed by 500 unique words. There are 44,338 links among them.

Wikipedia: It contains 2,405 Wikipedia articles from 19 classes. Each article is
represented by a 4,973-dimensional TF-IDF vector. There are 17,981 hyperlinks among

these articles.

thttps://lings.soe.ucsc.edu/data
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4.4.2 Experimental Settings

In our experiments, we focus on multi-class node classification in sparsely labeled
networks, in which we vary the training ratio from 1% to 10% by an increment of
1%. Because node classification with a small amount of training data is a difficult
task, the effectiveness of different node representations can be clearly compared under
this setting. For each training ratio, we randomly select a small number of labeled
nodes for training, and the rest of unlabeled nodes are held out for testing. We repeat
this process ten times and report the averaged Micro-F; and Macro-F) values as our
evaluation criteria. Let T'P;, I'P; and F'N; denote true positive, false positive and false

negative for class ¢, Micro-F} and Macro-F} for m-class node classification are defined

as follows.
) 2 TP,
Micro-F; = - , 4.28
VTSI TR+, FP 1S, PN, (4.28)
1 2T P,
Macro-Fy = — > (4.29)

m = 2T P + FP; + FN;

For all network embedding algorithms, we use the linear SVM implemented by
Liblinear [15] to perform multi-class classification. We reduce the dimension of node
text features to 200 by applying Singular Value Decomposition (SVD) on the TF-IDF
matrix. For our proposed HSCA algorithm, k is set to 120, X is set to 0.2, u is set to
0.1 for Cora, Citeseer and PubMed, and for Wikipedia, u is set to 0.04. W and H
are initialized by random numbers and the iterative update for W and H stops when

W — WODI 4+ | HE — HED|E < 0.01

4.4.3 Baseline Methods

Our proposed HSCA algorithm is compared against the following baseline methods:

Text: This baseline simply uses 200-dimensional text features as node representa-

tions, which exploit only node content.
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DeepWalk [63]: DeepWalk is a popularly studied network embedding algorithm
that utilizes structural context for learning network representations. Default parameters

are set for this algorithm.

DeepWalk+Text: The representations learned by DeepWalk and text features
are simply concatenated together to serve as new node representations, which consider

structural context information and node content information.

LINE [76]: LINE is a recently proposed network embedding algorithm that consid-
ers the first-order proximity and second-order proximity. Two types of representations
are separately learned and concatenated together to form the final representation.

Default parameters are also used.

LINE+Text: This baseline concatenates LINE’s representations and node text

features to form new node representations.

GraRep [8]: GraRep is one state-of-the-art network embedding algorithm that
learns node representations by exploiting more global structural context than LINE.

Parameters for this algorithm are also set as default values.

GraRep+Text: This method combines the representations learned by GraRep

and node content features to generate new node representations.

TADW [96]: TADW utilizes both structural context and node content information
to learn node representations, which is shown to outperform the naive combination of
DeepWalk’s representations and node content text features. For fair comparison, the
parameter k is set to 120 as done in our proposed algorithm, and other parameters are

set as default values.

4.4.4 Comparison of Network Representations

The Micro-F; and Macro-F) values for multi-class classification with different network
representations on different networks are reported in Tables 4.3-4.6, respectively. For
each training ratio, the largest Micro-F; and Macro-F; values are highlighted in bold.
As the PubMed network is too large for GraRep to run, Micro-F; and Macro-F} values
for GraRep and GraRep+Text are not available in Table 4.5.
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Table 4.3 Classification Results on Cora

Training Ratio 1% 2% 3% 1% 5% 6% % 8% 9% 10%

Text 9859 3418 3837 4277 46.33 49.32 5178 52.88 56.75 57.03
DeepWalk 46.18 5849 6275 67.00 70.32 7124 7249 73.13 7351 7443
DeepWalk+Text 44.03 56.67 61.66 67.62 71.22 7257 74.07 7448 7585 76.85

, LINE 31.45 3717 4034 4315 4544 46.81 47.52 4758 49.72  50.11

(1\(2)“0’5 LINE+Text 3249 39.00 4371 4819 51.67 53.84 5571 56.87 59.37 60.45
GraRep 40.70 5180 5879 6220 67.85 69.61 71.24 7204 73.40 7391
GraRep+Text  40.25 51.78 58.88 63.66 69.34 7113 7295 7350 75.67 76.16
TADW 43.00 5678 64.10 70.21 7554 76.73 78.93 79.79 80.95 82.06
HSCA 49.09 64.85 69.79 75.27 79.10 79.80 81.27 81.99 82.53 83.69
Text 14.21 2018 2652 3217 3857 41.38 4570 47.29 51.95 52.59
DeepWalk 33.22 5349 5685 6232 6779 68.00 70.22 7110 7155 72.94
DeepWalk+Text  30.38 50.93 5553 62.85 6851 69.23 72.00 7252 73.92 7548

/ LINE 2051 2926 33.68 3744 4281 43.65 4515 4528 47.46 48.17

é\('/f,scro'F ! LINE+Text 20.30  20.67 35.68 4181 47.99 49.72 52.69 54.11 57.04 5841
GraRep 32.64 48.37 5557 59.21 66.36 67.50 69.80 70.76 72.19 72.62
GraRep+Text  30.14 4742 5483 60.26 67.83 69.04 71.37 7216 74.27 74.97
TADW 3048 51.01 5838 65.08 73.64 7427 7725 7810 79.28 80.82
HSCA 37.31 60.70 65.38 71.94 77.48 77.890 79.92 80.53 81.05 82.45

Table 4.4 Classification Results on Citeseer
Training Ratio 1% 2% 3% 4% 5% 6% % 8% 9% 10%
Text 27.09 3526 41.00 43.65 46.11 49.75 51.91 5537 56.53 58.02
DeepWalk 30.71  38.60 4249 4329 44.05 4575 4592 46.87 47.96 47.72
DeepWalk+Text 3251  42.35 48.02 49.61 52.07 5410 5553 57.98 5899 59.71

B LINE 2236 26.09 29.08 30.19 31.05 33.03 33.65 3430 3535 36.24

é\;g)cro'F ! LINE+Text 26.55 33.28 3835 40.20 4212 4574 4770 50.38 51.28 52.70
GraRep 1934 19.65 20.04 2034 1979 19.98 1949 19.99 19.69 20.41
GraRep+Text  27.09 3523 41.14 43.66 46.13 49.75 51.86 5541 56.54 58.09
TADW 36.10  49.39 56.97 60.14 63.11 6417 6597 68.01 68.74 68.99
HSCA 37.66 51.46 59.03 61.90 64.33 65.59 67.03 68.78 69.42 69.63
Text 19.02 2934 36.05 38.10 40.94 4411 46.77 50.16 51.56 52.73
DeepWalk 923.09 3212 3622 3646 37.50 38.87 39.06 39.63 41.16 40.79
DeepWalk+Text 24.74 3651 42.24 43.56 46.61 48.04 49.94 5245 53.80 54.36
LINE 16.00 2171 2570 2653 27.73 29.35 3020 31.06 3226 32.93

(1\0"}3“'0'[? ' LINE+Text 19.83 2833 34.08 3553 3806 41.07 4350 46.12 47.21 48.37
GraRep 540 547 556 563 551 555 543 555 548  5.65
GraRep+Text  10.01 29.33 36.08 38.09 40.94 4411 4670 50.20 51.57 52.80
TADW 98.67 43.60 5146 53.94 5724 57.83 60.20 6228 63.44 63.61
HSCA 30.04 45.66 53.28 55.65 58.39 59.08 61.21 62.91 64.20 64.03

From the four tables, we can clearly see that our HSCA algorithm outperforms
all other baselines in terms of both Micro-F; and Macro-F; in most cases, with an

exception of Macro-F; on Wikipedia with 8% and 9% training ratios (Table 4.6),
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Table 4.5 Classification Results on PubMed

Training Ratio 1% 2% 3% 1% 5% 6% % 8% 9% 10%

Text 52.81  62.16 6743 71.69 7453 76.29 77.99 7855 79.60 80.24
DeepWalk 67.08 73.82 7590 7680 77.23 77.38 77.93 77.82 7819 78.23
DeepWalk+Text 71.20 78.07 8027 81.59 82.32 8271 8321 83.32 83.72 83.92

, LINE 5201 56.88 60.54 62.32 6351 6446 6548 65.71 66.67 66.93

¥I°§°’ LINE+Text 5020  67.90 7275 7544 77.33 7857 79.60 80.16 81.25 8157

1(%) GraRep
GraRep+Text - - - - - - - - - -
TADW 60.71 78.93 8148 8275 83.35 83.74 8416 84.21 84.33 84.59
HSCA 75.31 81.55 82.93 83.69 84.10 84.29 84.73 84.73 84.79 85.05
Text 30.75 5310 62.58 68.56 7246 7472 77.07 77.66 79.09  79.86
DeepWalk 55.80 6810 72.35 73.67 7445 7465 7550 7525 7587 75.89
DeepWalk+Text 6270 74.87 78.49 80.10 8112 8156 8221 8229 8287 83.04
LINE 30.30  46.68 5291 5585 5813 59.59 61.31 61.32 63.06 63.44

1]\;121?0- LINE+Text 4925 6252 7001 73.56 76.03 77.51 7878 79.40 80.74 SL11

(%) GraRep - - - - - - - - - -
GraRep+Text
TADW 6245 7699 80.68 82.07 82.87 83.28 83.79 83.81 83.9%8 84.25
HSCA 71.39 80.61 82.45 83.24 83.77 83.94 84.43 84.41 84.51 84.75

Table 4.6 Classification Results on Wikipedia
Training Ratio 1% 2% 3% 4% 5% 6% % 8% 9% 10%
Text 20.80 4179 46.90 5175 5586 60.44 6114 64.67 65.80 66.38
DeepWalk 36.07 4432 47.92 51.62 5278 5474 55.08 56.65 58.00 58.43
DeepWalk+Text 37.41 48.36 52.36 56.35 59.08 62.65 62.99 65.38 66.99 67.28

B LINE 2511 3092 3457 3867 39.88 43.01 43.77 46.65 4749 49.28

%1(0;00) LINE+Text 27.84  36.01 4042 4550 4821 5250 53.36 56.66 58.87  60.09
GraRep 14.85 1540 1441 1543 1616 1646 1597 1562 15.62 16.77
GraRep+Text  29.75 4181 46.86 51.66 55.95 60.46 6L18 64.67 6585 66.33
TADW 3672 50.10 52.60 5825 60.18 63.63 64.22 6544 67.00 66.89
HSCA 39.92 53.85 55.78 60.29 62.70 65.49 65.45 67.04 68.44 68.79
Text 14.98 2696 30.09 3443 30.87 4151 4334 47.60 48.50 48.14
DeepWalk 19.09 2833 28.85 3255 3416 3581 3642 37.26 38.47 39.17
DeepWalk+Text 19.99 3125 32.95 36.83 40.52 42.36 43.35 46.41 47.54 47.73
LINE 1346 20.85 2270 2657 27.33 2998 3071 3218 33.21 34.90

I\Fﬁﬁ;c‘; LINE+Text 14.67 2397 2634 30.87 3382 36.60 3815 4078 42.44 43.28
GraRep 135 140 1.32 140 146 149 145 142 142 151
GraRep+Text  14.97 2691 30.04 3435 39.92 41.56 43.28 47.63 48.49 48.11
TADW 19.83  32.95 3356 38.11 4125 4269 44.37 4559 46.92 46.55
HSCA 22.07 35.05 35.41 39.22 43.72 44.52 45.03 46.73 48.37 48.44

where HSCA performs slightly worse than GraRep+Text. Among other baselines,
TADW is the second best performer because it captures the interactions between

structural context and node content. However, as TADW does not consider homophily,
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its representations are less effective as those learned by HSCA. This suggests that
homophily is one important property to preserve, especially when node content is

exploited for network representation learning.

By comparing HSCA with other baselines except LINE+text and GraRep+text,
we can infer that with more information sources imported, the representations learned
by HSCA can achieve better classification performance. The comparison between
HSCA, LINE+Text, and GraRep+Text indicates that, although they all utilize three
information sources (homophily, contextual structure, and node content), LINE+Text
and GraRep+Text just naively combines different information sources, while HSCA
can better capture their interplay by embedding the network into a single latent

representation space. This leads to more informative network representations.

For DeepWalk, LINE and GraRep, when naively combined with text features, their
learned representations can achieve better performance. This proves that node content
information is helpful for learning informative node representations. On Cora, GraRep
can be observed to remarkably outperform LINE, which demonstrates the effectiveness
of more global structural context for learning node representations. However, the
performance of GraRep on Citeseer and Wikipedia is very poor. This possibly because,
by naively combing representations learned from different k-step proximity, GraRep
might “wash out” the effectiveness of the most important component, leading to

unsatisfactory performance.

4.4.5 Convergence Analysis

We also carry out experiments to examine the convergence of solving the problem
(4.9). The values of the objective function (4.8) from iteration 1 to iteration 50 on all
four networks are given in Fig. 4.2. Fig. 4.2 shows that the algorithm can quickly

convergence within only 5 iterations on all networks.

4.4.6 Parameter Sensitivity

In our algorithm, there are three parameters, k, 4 and A. We fix any two parameters

and investigate the sensitivity of the third one in turns. Fig. 4.3(a)-4.3(c) show the



4.4 Experiments

2041 Trver

Value of objective function
N
[}

# of iterations

(a) Cora

1737
1736
1735 |
1734

1733 |

Value of objective function

1732 ¢

vvvvvv

1731
0

averaged Micro-F; values on all four networks by varying k, p and A, respectively.
Here, we set the training ratio as 5%. From Fig. 4.3(a) and 4.3(b), we can see that, our
HSCA algorithm is relatively robust to the change of parameters k and u. As the value
of X\ increases, the change of Micro-F; follows different trends on different networks.

Yet, overall, the best performance can be achieved when A\ is set to be 0.4 or 0.5.

# of iterations

(¢) PubMed

S B S
B B S
o N &

N
w
©

Value of objective function
B B
w w
s (&3]

A~ B
@w W
o N

Value of objective function
® @ » »® @ @
N (&) EN > > J

-
w
hee

vvvvv

10 20 30 40
# of iterations

(b) Citeseer

50

vvvvv

10 20 30 40
# of iterations

(d) Wikipedia

Fig. 4.2 Convergence of the objective function

4.4.7 Visualization of Learned Representations

To validate the representations learned by our HSCA algorithm are more informative
than those learned by TADW and DeepWalk, we project the representations learned
by the three algorithms into 2-dimensional space using the t-SNE package [83]. We
randomly select 150 nodes from three subcategories of Cora, including Genetic Algo-

rithms, Rule Learning and Reinforcement Learning, and plot the visualization results

50
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Fig. 4.4 Visualization of network representations learned by different algorithms

in Fig. 4.4. By comparing Fig. 4.4(a) and Fig. 4.4(b), we can observe that different
classes of data points in Fig. 4.4(b) are better separated from each other than those in
Fig. 4.4(a). This indicates that with node content imported, TADW’s representations
are more informative than those learned by DeepWalk. Compared to Fig. 4.4(b), data
points in Fig. 4.4(c) tend to have a cluster structure; data points belonging to the
same class are closer to each other, while the ones falling into different classes are far
apart separated. This observation confirms that, by preserving homophily, HSCA’s

representations have more discriminative power for node classification.

4.5 Conclusion

In this chapter, we proposed a new network embedding algorithm called HSCA that
effectively augments information from (1) network homophily, (2) structural context,

and (3) node content into a new matrix factorization objective function for learning
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network representations. An efficient optimization algorithm is also derived to solve
the objective function. Our HSCA algorithm effectively embeds a network into a single
latent representation space that captures the interplay between the three information
sources. The learned representations preserve both network structure and node content
information, as well as follow the social homophily constraints in the new space. We
validated the effectiveness of our HSCA algorithm on real-world networks. Experiments
and visualization results demonstrate that the node representations learned by our
HSCA algorithm can be more effectively used as features for tasks such as multi-
class node classification, compared to those learned by the state-of-the-art network

embedding algorithms.

4.6 Appendix

A. Calculation for V f(w)

As &;; = (Ht;) ® e; = vec(eit; H"), we calculate
V|
Z ((AJT.’.%Z']' — sz)elt]THT = FTTHT, (430)
ij=1
where Fj; = w'@;; — My;, i.e., F = WTHT — M. Therefore,
V|
w'd,; — Mj)eit, H = WYHTTTHY — MTTHT. 4.31
J J 7

,j=1

Using the identity (B* @ A)vec(X) = vec(AX B), Aw can be expanded as
Aw = (I ® L)yvec(WT) = vec(LWT). (4.32)
Thus,

Vf(w)=vecWHTT"H' — MTTH") + pvec(LW?') + \w. (4.33)



4.6 Appendix 52
B. Calculation for V?f(w)s
After substituting &,; = (Ht;) ® e;, we have
VI 4
> #yals =Y [(Htt]H) @ (ee])] s. (4.34)
ij=1 ij=1
Let S € RY** such that s = vec(S). Similar to (4.32),
[(Htjt;-rHT) ® (eieiT)] s = vec(e;e] SHt;t; H"). (4.35)
We can calculate
[V M4 V|
Z eze;rSHt]thHT = Zei Z G;I‘SHt]t'JTHT
i,j=1 i=1 j=1
Lol 4.36
=1 \j=1
=UTTHT,
where U;; = e SHt;, i.e., U= SHT. Similar to (4.32),
As = (I ® L)vec(S) = vec(LS). (4.37)
Hence, (4.18) can be finally rewritten as
V2f(w)s = vec(UTTHY) + pvec(LS) + \s (438)
=vec(SHTT"H") + pvec(LS) + As. .
C. Calculation for Vg(n)
As g, =t Qw, = vec(wit]T), we calculate
VI
> Mgy — My)wit; =WFTT =WWTHTT" — WMT™. (4.39)

ij=1



4.6 Appendix 53
where Fj; =n"g;; — M;jie., F=W7THT — M. Then,
On = ((TLT") ® Iy)vec(H) = vec(H(TLT™)T). (4.40)
Thus,
Vg(n) = vecWWTHTTT — WMT") + pvec(H(TLT™)) 4+ A\n. (4.41)
D. Calculation for V3g(n)s
After substituting g;; = t; ® w;, we have
VI VI
S gguts =Y [t @ (ww])]s. (4.42)
ij=1 ij=1
Let S € R**/t such that s = vec(S). Similar to (4.32),
[(tjt]T) ® (wzsz)} s = vec(w;w, St;t; ). (4.43)
Similar to (4.36),
% wyw,; Stjt] = WVTT, (4.44)
ij=1
where V;; = w} St;, i.e., V = WTST. Similar to (4.32),
Qs = (TLT") @ I)vec(S) = vec(S(TLTHY). (4.45)
Hence, (4.19) can be rewritten as
V2g(n)s = vec(WVT?) + pvec(S(TLTT)T) + As (4.46)

= vec(WW?TSTTY) + pwec(S(TLT™)Y) + As.



Chapter 5

Attributed Network Embedding via

Subspace Discovery

5.1 Introduction

With the ubiquity of network data across a diverse set of fields, network embedding
has aroused a surge of research interests because it provides a revolutionized solution
to network data analysis. Network embedding aims at learning lower-dimensional
vector representations of network nodes, which allows downstream tasks, such as node
classification, link prediction, or community detection, to be efficiently solved in the new
vector space by simply applying traditional vector-based machine learning algorithms.
The essential principle is to learn low-dimensional node representations that are able
to preserve the proximity in the original network space, such that nodes with larger

proximity would have similar vector representations.

Traditionally, network embedding techniques (e.g., DeepWalk [63], LINE [76],
node2vec [19], GraRep [8]) mainly focus on preserving local or global network structure,
making structurally similar nodes to be represented close to each other in the new vector
space. In real-world scenarios, however, apart from structural information, network
nodes are often associated with content, such as text features in citation networks, or
user profiles in social networks. Node attributes not only provide direct evidence about

content-level proximity but also influence the forming of interactions between nodes.



5.1 Introduction 55

102 10°

#of nodes

#of
ol
f “|a|:|"“"'~ -

" L 100 i L L
0 500 1000 1500 2000 2500 0 200 400 600 800 1000

node degree node attribute number

(a) degree (b) attribute number

Fig. 5.1 Node distributions with respect to node degree and the number of node
attributes on the Flickr network.

It has been shown that, by jointly learning node embeddings with network structure
and node attributes, attributed network embedding can achieve better performance.
For example, TADW [96] exploits inductive matrix factorization [57] to incorporates
textual features of nodes into the learning of node representations, showing better
performance than DeepWalk. HSCA [101] learns informative node representations
through simultaneously integrating structural context with node content while enforcing

the homophily property in the representation space.

Despite existing methods’ demonstrated effectiveness in improving embedding per-
formance, attributed network embedding is confronted with two major challenges. The
first challenge lies in the fact that real-world networks are often very sparse; observable
links connecting network nodes are rather limited, and node content information is
sparse or incomplete. For example, in Figs. 5.1(a) and 5.1(b) we plot the node distri-
butions with respect to node degree and attribute number of a Flickr network, which
contains 7,575 users and 12,047 user tag attributes. The vertical axis of Figs. 5.1(a)
and 5.1(b) indicates the number of nodes, and the horizontal axis indicates node degree,
and the number of node attributes, respectively. Figs. 5.1(a) and 5.1(b) show that the
two plots both follow power-law distributions [20], where only a small number of nodes
have a high degree or a large number of node attributes. In other words, a significant
number of nodes tend to have very few or missing links as well as incomplete attribute
information. The sparsity in network structure and node attributes can negatively
impact the estimation of structural-level and content-level proximity, thus further

deteriorating the performance of network embedding.
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Fig. 5.2 The scatter plot of node content canonical variable and network structure
canonical variable.

The second challenge stems from the heterogeneity between network structure and
node attributes. According to the social influence principle, network structure often
exhibits certain correlations with node attributes [65]. For example, in social networks,
users who are connected are more likely to have similar attributes. However, because
network structure and node attributes are two heterogeneous information sources,
inevitably, there is a discrepancy between the two different feature spaces. As has been
revealed in previous studies [7, 74], social network users with similar attributes, or
antithetical attributes are both likely to connect to one another. To illustrate this point,
let us consider a case study on the Flickr network, where we conduct correlation analysis
between node representations constructed from network structure and those from node
attributes. Specifically, we obtain two sets of 100-dimensional node representations
by performing Singular Value Decomposition (SVD) on network adjacent matrix and
node content features, and then conduct Canonical Correlation Analysis (CCA) [25] on
the two sets of generated representations. Fig. 5.2 shows the scatter plot about node
content canonical variable and network structure canonical variable, which are the linear
combination of 100-dimensional structure representation and attribute representation,
respectively, with maximum correlation between them. The correlation between the
two canonical variables is 0.5544. As shown in the figure, the two canonical variables
are not well correlated. The CCA results show that network structure and node content
features do not always exhibit strong linear correlations. Such a discrepancy adds extra

difficulties in fusing node attributes with network structure in a proper way that they
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Fig. 5.3 The working mechanism of the proposed attri2vec algorithm. A transformation
f(+) guided by network structure is performed from the original node attribute space
to seek a structure-aware attribute subspace, where node attributes and network
structure can better compliment each other in a more consistent way towards learning
high-quality node representations.

complement rather than deteriorate each other towards learning high-quality node

representations.

Motivated by aforementioned observations, we propose a unified attributed network
embedding framework, called attri2vec, which learns node representations by discovering
the latent subspace of node attributes that well respects network structure. The
working mechanism of attri2vec is illustrated in Fig. 5.3. The core idea is to perform a
transformation f(-) guided by network structure from the original node attribute space,
where node attribute distributions are not well aligned with network structure, to a
structure-aware attribute subspace, where structurally similar nodes are located closely
to each other. The latent attribute subspace can better respect network structure in
a consistent way towards learning high-quality node representations. Following [63],
attri2vec generates random walks to capture structural context. After random walks
are generated, attri2vec uses the image f(x;) of node v; with attribute @; in the
new attribute subspace to predict its context nodes collected from random walk
sequences. In this way, network structure is seamlessly encoded into the new attribute
subspace by allowing nodes sharing similar neighbors to be located closely to each
other. As the attribute subspace also preserves node attribute proximity, the learned
node representations are informative enough to capture both the structure-level and

node content-level proximity. As attri2vec infers attribute subspace that well respects
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network structure through directly learning the transformation f(-) from data, the
weights for the respective contributions made by attributes and network structure
for embedding learning is automatically learned from the data itself, which avoids
the laborious weight parameter turning. In our prior work [102], we have proposed
the UPP-SNE (User Profile Preserving Social Network Embedding) algorithm that
learns user embeddings in social networks by leveraging both the network structure
and user profile features. It constructs user embeddings by performing a non-linear
kernel mapping [64] on user profile features, in which noisy information in user profiles
is filtered out. Initial experimental results on social networks have shown that user
embeddings learned by UPP-SNE can achieve substantial performance gains in node

classification and clustering tasks.

In this work, we generalize the idea of UPP-SNE to tackle generic network em-
bedding problems and also to cope with large-scale networks. First, we investigate
four different types of linear or non-linear transformation functions for discovering the
latent, structure-aware attribute subspace, and empirically validate their effectiveness
on various types of networks. Second, we develop an efficient stochastic gradient
descent algorithm to solve the optimization problem, which makes attri2vec able to
be efficiently trained in an online mode. At each iteration, after sampling a node
context pair, we only update the parameters related to the corresponding partial
objective with gradient descent. Compared with the gradient descent strategy used by
UPP-SNE, the stochastic gradient descent is not only more efficient, but also able to
effectively mitigate the local minima problem, thus discovering more accurate solutions
for attri2vec. Third, given that attri2vec learns a network structure aware mapping on
node attributes, it provides an alternative way to solve the out-of-sample problem. In
other words, on the dynamically evolving networks, when new nodes join in, rather
than learning representations for all nodes from the scratch, attri2vec can construct
representations for new coming nodes from their available node attributes via the
mapping function learned from previous network snapshots. We also conduct node
classification and link prediction experiments to study the effectiveness of attri2vec in

solving the out-of-sample problem.

The contribution of this chapter can be summarized as follows:
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(1) We propose a unified framework for attributed network embedding, attri2vec,
that learns node embeddings by discovering a latent, structure aware attribute

subspace and formulate an optimization problem.

(2) We develop an efficient stochastic gradient descent algorithm to solve the opti-
mization problem, which not only remedies the local minima problem, but also
improves the effectiveness and efficiency, thus making attri2vec able to scale to

large-scale networks.

(3) We validate the effectiveness and efficiency of attri2vec on four real-world networks
of various types. Extensive experiments on multi-class node classification, node
clustering and link prediction tasks demonstrate that attri2vec learns node
embeddings of better quality than state-of-the-art baselines, with an additional

advantage to solve the out-of-sample problem.

5.2 Problem Definition and Preliminaries

In this section, we give a formal problem definition of attributed network embedding

and the preliminary background about DeepWalk.

5.2.1 Problem Definition

We assume that an attributed information network is given as G = (V, €, X), with V
denoting the set of nodes and £ C V x V denoting the set of edges. In G, X € R™*IVI
is the node attribute matrix, with the ¢-th column of X, x; € R™, denoting the
m-dimensional content feature vector for node v; € V. By taking advantage of network
structure and node attributes, the task of attributed network embedding is to effectively
embed nodes into a low-dimensional vector space so as to obtain the node images

®(v;) € R? in the latent space as node vector-format representations.

The learned vector-format node representations ®(v;) are expected to embody
the following properties: (1) low-dimensional, for the efficiency of the subsequent

analytic tasks, the dimension of ®(v;), d, should be much smaller than the dimension
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of the original adjacency matrix representation, |V|; (2) structure preserving, network
structure is well encoded into node representations, i.e., two nodes with structural
proximity should be embedded closely in the embedding space, (3) attribute preserving,
node attribute proximity should be well captured so that it complements rather than

deteriorates network structure.

5.2.2 Preliminaries: DeepWalk

For learning node embeddings, DeepWalk [63] exploits random walk to explore node
neighborhood structure. By taking an analogy between truncated random walk se-
quences and sentences in natural language, DeepWalk extends the Skip-Gram model [55]
from word representation learning to network embedding, with the expectation that
two nodes sharing similar neighborhood structure have similar low-dimensional repre-
sentations. Given a random walk node sequence S = {v,,, v, - - , Ur, 5\} with length
|S|, DeepWalk learns embedding ®(v,,) for v, (1 <i < L), by using ®(v,,) to predict

vy,’s context in t-window size:

IIlqE)%X log Pr({vm‘—t’ U 7U7"i+t} \ Ull(I)(UTz)) (51)

By exploiting the conditional independence assumption, the probability
Pr({vn—w T >UT¢+t} \ Ur;

®(v,,)) can be calculated as

i+t
O(v,) = [I Prlon,|(v,). (5.2)

=it i

Pr({vmfﬂ o ’UTith} \ Ur,

To model the probability Pr(v,,[®(vr,)), an one-hidden-layer neural network is utilized:

out

eXp((I)(U”) F W, )

Pr(vrj|q>(vn)) = )
Zlkvl1 eXp((I)(Um) ) wgm)

(5.3)

where node embedding ®(v,,) is the representation in the hidden layer, and w;’;“ is the

r;-th column of W € R4Vl (the weight matrix from the hidden layer to the output
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Pr(vy]v;) Pr(vjlv;) Pr(vpylvi)
Output Layer SN\ N N
b (2 s)-- () ()
softmax classifiers 2N \Z/ \Z

Tout

Hidden Layer @@ - @ c.. @
node representation ®(v;)

win

Input Layer

v;’s feature vector

Fig. 5.4 The architecture of attri2vec. For each node context pair (v;,v;), attri2vec
learns node representations by modeling Pr(v;|v;). attri2vec firstly constructs node
representations in the hidden layer by performing a linear or non-linear transformation
on v;’s content attributes, then uses the hidden layer representation to predict the
probability Pr(v;|v;) with softmax.

layer). The node embedding ®(v;) is constructed as

CI)(UM) - WmTpri - qun77 (54)
where p,, € RV is the one-hot representation of v,, with the value of r-~th dimension
being 1 and the values of other dimensions being 0, and w;" is the transpose of the

r-th row of W™ € RIVI*? (the weight matrix from the input layer to hidden layer).

5.3 The attri2vec Framework

In DeepWalk, the node embeddings ®(v;) are learned from scratch, which is independent
of node attributes. However, as proved in previous work [96, 101], node content features
are crucially useful for enhancing the only structure preserving network embedding. To
obtain more informative node embeddings, here, we adapt the DeepWalk’s architecture

to capture both network structure and node content features.

To learn node embeddings ®(-), DeepWalk solves the following joint optimization
problem:
min  O(W™ W), (5.5)

) t
Win W ou
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where

O(Wm 7 Wout)

S|
== ZZngPr({Umm Ty Upy t} \ UTZ.|<I)<U1-)),
S =1 i (5.6)
IS| - itt

=—=> > > Pr(v,[|®(v,)).

S i=1j=i—tj#i

For convenience, we rewrite the objective function O(W®™, W) as

VI VI
OW™ W) = =>"> "n(v;, v;) log Pr(v;|®(v;)), (5.7)

i=1j=1

where n(v;,v;) is the number of times that v; occurs in v; context within ¢-window
size in the generated set of random walks. Using Eq. (5.3), we model the probability

Pr(v;|®(v;)) as (o). \
exp wi
(UJ|CI)( )) EQ)\l eXp( ( ) w,‘;“t)

(5.8)

Here, different from DeepWalk that constructs ®(v;) with a linear transformation
from node v;’s one-hot representation p;, to incorporate node content features, we
construct ®(v;) from node v;’s content features x; € R™ with a linear or non-linear
transformation:

D(v;) = FW™ " z,), (5.9)

where W € R™*4 is the input-hidden weight matrix and we use w}” to denote the
j-th column of W™, The architecture of attri2vec is given in Fig 5.4. To obtain
the embedding ®(v;) for each node v; € V, a series of mapping function f(-) are

investigated:
(1) linear mapping;:

SV ) =W (5.10)

T T T
_ n n .
- [wl iy, Wy ml} )

(2) rectified linear unit (ReLU) mapping:

) . . T
f(WmTa:i) = {maX(O,wﬁnTiBi), e 7max(0,wfi”Tazi)] ; (5.11)
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(3) approximated kernel mapping used in UPP-SNE [102]:

. 1 ; ‘
FVinz) = —— [cos(wi @), - cos(al, ),
m (5.12)

. ‘ T
sin(wi”Tmi), e ,sin(wzl’}ZTwi)} :
(4) sigmoid mapping:

FOV ) = [1/(1 + exp(—wi* @), -+ 519
1/(1+ exp(—wit @)

We denote the attri2vec algorithm with the four mapping functions as attri2vec-linear,

attri2vec-ReLU, attri2vec-kernel and attri2vec-sigmoid respectively.

We adopt the stochastic gradient descent to solve the optimization problem in
Eq. (5.7). After randomly sampling a node context pair (v;,v;) according to the
frequency distribution in n(v;, v;), we try to update parameters for reducing the value

the following partial objective:

Oy (W™, W) = —log Pr(v;|®(v;))
VI (5.14)

= —d(vy) - 'w;’“t + log Z exp(®(v;) - wi™).
k=1
In Eq. (5.14), the calculation for the partial objective O;; involves the summation
over all nodes in the given network, which is prohibitively time-consuming. To make a
speed-up, we adopt negative sampling [21] to approximate the partial objective:

J

K
O (W™ W) = —logo(®(uy) - wi™) — Y logo(~(u) wg).  (5.15)
k=1

where o(-) is the sigmoid function with o(z) = 1/(1 + exp(—=)), N, is the index for
the k-th negative node sampled for node v; and K is the number of sampled negative

nodes. Exploiting the approximated partial objective O (W™ W) in Eq. (5.15),
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the parameters are updated by:

in

: 00;;
w :w;n_n s p€{17277d}a

p awlz)n’
90, (5.16)
w' = wi" — n@wmjﬁ’ q€{j}U{Ni1, Nig, -+, Nik}.
q
The gradients are calculated as
8(’)‘3‘ 8<I>(v )
711 = _—og(—=P s out 'Z out
w}z}n O_( (U) ’UJ] ) 8’11);” J ‘17
3 (0w w220 e o
¢ N’L mn Nz ’
k=1 * Owy *
00, ou
OO~ 1, ()0 - w )R
R (5.18)
+ > 1(Nig)o(P(v;) - w?\?tk)fl)(vl)
k=1
where ag)ugf,i) is the m x d Jacobian matrix under different mappings for constructing

®(v;). 1,(+) is an indicator function, which is defined as

1 if x =q,
1,(z) = (5.19)
0 if x #q.

The workflow of the attri2vec algorithm is given in Algorithm 1. Firstly, in line 1,
a set of random walk sequences are generated on the given attributed network G, by
starting random walk with length [ from each node for + times. Then, in line 2, the
statistics n(v;, v;) is calculated from the generated random walks with a fixed window
size t. In line 3, we initialize W with random numbers, and initialize W°* with 0.
After that, in line 4-8, the parameters are updated iteratively with stochastic gradient
descent. At each iteration, a node context pair (v;, v;) is sampled from the distribution
of n(v;,v;) with the alias table method [40], which takes only O(1) time; parameters
are then updated for reducing the value of the partial objective O;; in Eq. (5.15).

By leveraging the sparsity of node attributes, the time complexity of line 7 is only

O(md) with m being the averaged number of non-zero elements of «;. The number
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Algorithm 1 attri2vec: a Unified Framework for Attributed Network Embedding

Input:
An attributed network G = (V, &, X);
Output:
Node embedding ®(-) for each v; € V;
S < generate a set of random walks on G;
n(v;, v;) 4 count frequency of node context pairs (v;,v;) in S;
{Wn Weutl < initialize parameters;
repeat
(v;,v;) <= sample a node context pair according to the distribution of n(v;, v;);
{vn,1s oo U, } ¢ draw K negative nodes;
{Win Weut} < update parameters with Eq. (5.16);
until maximum number of iterations expire;
construction node embedding ®(-) with W and the selected mapping function;
return ®(-);

>—~
<

Table 5.1 Summary of Four Real-world Networks

Citeseer DBLP Facebook Flickr

V| 3,312 18,448 4,039 7,575
€| 4,732 45,611 88,234 239,738
m 3,703 2,476 1,403 12,047
nnz(X) 105,165 103,130 31,656 182,517
# of Class 6 4 4 9

of iterations is at the scale of the number of non-zero n(v;, v;), which is up bounded
by 2v1t|V|. Taking 7, [ and ¢ as constants, attri2vec has an overall time complexity of
O(md|V|), which is linear to the number of nodes. This guarantees its efficiency and

scalability over large-scale networks.

5.4 Experiments

In this section, we report experimental results on various types of real-world networks

to evaluate the effectiveness and efficiency of the proposed attri2vec algorithm.
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5.4.1 Benchmark Networks

In our experiments, four real-world attributed networks are used. Their details are as

following;:

« Citeseer. The Citeseer network! includes 3,312 scientific publications from six
categories. There exists 4,732 citations among these papers. Each paper is
represented by a 3,703-dimensional binary vector, with each entry representing

the presence/absence of the corresponding word.

« DBLP. The DBLP network is a subgraph of the DBLP bibliographic network?.
To construct the DBLP network, we extract papers from the four research areas:
Database, Data Mining, Artificial Intelligence, Computer Vision, according to
papers’ venue information and remove papers with no citations. The DBLP
network contains 18,448 papers and 45,661 citations. From paper titles, we
construct 2,476-dimensional binary node feature vectors, with each element

indicating the presence/absence of the corresponding word.

o Facebook. The Facebook network is merged from 10 Facebook ego-networks
from SNAP?. There are 4,039 users and 88,234 friendship relations. Each user is
described by a 1403-dimensional bag-of-words vector from tree-structured user

profiles [39]. Users’ education types are used as labels.

e Flickr. The Flickr network? is extracted from the Flick online photo sharing
platform, which includes 7,575 users and 239,738 follower-followee relations.
These users join in nine predefined interest groups. Users’ features are described
by the tags of their images. Each user is represented by a 12,047-dimensional

binary vector, according to the occurrence/absence of the corresponding tag.

For the above networks, the direction of links is ignored. Their statistics are summarized
in Table 5.1.

thttps://lings.soe.ucsc.edu/data
2https://aminer.org/citation (Version 3 is used)
https:/ /snap.stanford.edu/data/
*http://people.tamu.edu/~xhuang/Code.html
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5.4.2 Baseline Methods

We compare the attri2vec algorithm (attri2vec-linear, attri2vec-ReLU, attri2vec-kernel

and attri2vec-sigmoid) with the following baseline methods:

« DeepWalk [63]/node2vec [19]. They both learn node representations by pre-
serving the similarity between nodes sharing similar contexts in random walks.

node2vec is equivalent to DeepWalk with the default parameter setting p = ¢ = 1.

« LINE-1 [76]. LINE-1 denotes the version of LINE that learns node representa-

tions by modeling the first-order proximity.

« LINE-2 [76]. LINE-2 denotes the version of LINE that learns node representa-

tions by preserving the second-order proximity.

« SDNE [87]. SDNE learns deep node representations with a semi-supervised

autoencoder, which captures both the first-order and the second-order proximity.

« TADW [96]. TADW imports node text features into network embedding though

inductive matrix factorization [57].

« SNE [44]. SNE constructs node representations by aggregating structure pre-
serving ID embedding and attribute embedding.

« MVC-DNE [97]. MVC-DNE fuses network structure and node content into

node embeddings through deep autoencoder cross-view learning.

Among the above baseline methods, DeepWalk, LINE-1, LINE-2 and SDNE only
leverage network structure to learn node representations, while TADW, SNE and

MVC-DNE integrate network structure with node content features.

5.4.3 Experimental Settings

For DeepWalk and the proposed attri2vec algorithm, we set the length of random
walks [ as 100, the number of walks starting at per node  as 40, and the window size

t as 10.
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For fair comparisons, DeepWalk is trained in a same way as attri2vec, where a set
of node context pairs are first collected from random walks, and parameters are then
updated with stochastic gradient descent, with a node context pair sampled at each
iteration. Negative sampling is adopted by DeepWalk, LINE-1, LINE-2, and attri2vec,
where the number of negative samples K is set to 5 uniformly. For the four stochastic
gradient descent based algorithms, we set the maximum number of iterations as 100
million, and gradually decrease the learning rate n from 0.025 to 2.5 x 107%. When
we run attri2vec-linear and attri2vec-ReLLU on Flickr, to avoid gradient explosion,
we set the initial learning rate to 0.005, and gradually decrease the learning rate to
5 x 1077, Parameters of TADW are set to their default values. For SDNE, its hyper
parameter o and v are both set to 0.01, and ( is set to 10. For SDNE, we set the
number of neurons at each layer as 3312-128, and 18,448-512-128, 4039-128, 7575-128
for Citeseer, DBLP, Facebook and Flickr respectively. For MVC-DNE, on Citeseer,
DBLP, Facebook and Flickr, in structure view, we respectively set the number of
neurons at each layer as 3312-64, 18,448-256-64, 4039-64, and 7575-64; in the node
attribute view, the number of neurons at each layer is respectively set to 3,703-64,
2,476-64, 1,403-64, and 12,047-256-64. For SDNE and MVC-DNE, 500 epochs are
respectively run for pre-training and parameter fine-tuning. Other parameters of SDNE
and MVC-DNE are set according to [97]. For SNE, default parameters are used. For
attri2vec and all baseline methods, the dimension of learned node representations is

set to 128.

5.4.4 Node Classification Experiments

To evaluate the quality of node representations learned by different network embedding
algorithms, we carry out node classification experiments by taking node representations
as features. We randomly select a ratio of training samples and use them to train an
SVM classifier (implemented by LIBLINEAR [15]), and then test its performance on
the held-out samples. We vary the training ratio from 10% to 90% with a step of 10%.
For each training ratio, we repeat the random training and test set split for 10 times
and report the averaged Micro-F; and Macro-Fj values as final results. Tables 5.2-5.5

report the node classification results on Citeseer, DBLP, Facebook and Flickr. For
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Table 5.2 Node Classification Results on Citeseer

Training Ratio 10% 20% 30%  40% 50% 60% 70% 80% 90%
DeepWalk 51.05 54.72 57.89 58.52 59.48 59.59 59.49 59.71 61.48
LINE-1 43.73 48.51 50.17 52.10 53.22 54.03 54.67 54.24 56.77
LINE-2 30.64 35.80 39.28 41.66 42.57 43.72 44.78 43.85 46.80
SDNE 34.96 38.97 4220 44.13 44.46 45.48 45.69 44.29 45.95
TADW 61.21 64.05 64.88 65.20 65.72 65.65 65.84 65.94 67.22
Micro-F1 (%) SNE 32.31 37.61 43.46 46.33 47.23 48.81 48.68 49.91 50.73
MVC-DNE 50.73  54.95 59.81 63.09 64.57 65.92 66.90 67.07 68.07
attri2vec-linear 52.69 5447 62.74 65.72 66.97 67.28 67.62 68.35 69.94
attri2vec-ReLU 53.47 55.82 61.94 65.71 67.25 67.69 68.04 68.56 71.06
attri2vec-kernel  62.04 65.87 67.56 69.03 70.21 69.63 70.16 70.74 72.24
attri2vec-sigmoid 59.47 60.51 65.51 69.34 70.27 70.72 71.63 71.53 73.17
DeepWalk 4774 51.23 53.52 53.73 54.08 53.87 53.44 53.54 55.41
LINE-1 41.29 45.27 46.55 47.777 48.85 49.63 49.94 49.38 51.30
LINE-2 28.64 33.29 36.06 37.73 38.20 38.88 39.83 38.78 41.78
SDNE 32.38  36.23 38.82 39.88 40.23 40.84 41.17 39.26 40.36
TADW 55.41 57.95 5875 59.14 59.60 60.16 60.04 59.95 60.76
Macro-Fy (%) SNE 30.30 35.40 39.69 42.11 4230 44.06 43.51 44.39 44.81
MVC-DNE 47.36  51.18 55.26 57.76 58.52 60.10 60.20 60.79 60.97
attri2vec-linear 49.15 51.09 58.28 61.11 62.09 62.35 62.59 62.78 64.92
attri2vec-ReLU 49.92 5248 5779 61.53 6240 63.04 63.08 63.55 65.58
attri2vec-kernel ~ 58.12 61.81 63.36 64.96 66.00 65.50 65.80 66.27 68.39
attri2vec-sigmoid 55.64 57.11 61.41 65.05 65.69 66.24 67.04 66.68 68.24
Table 5.3 Node Classification Results on DBLP
Training Ratio 10%  20%  30%  40%  50%  60% 0%  80%  90%
DeepWalk 78.58 79.92 80.08 80.30 80.42 80.34 80.46 80.44 80.30
LINE-1 75.39 76.63 77.07 77.24 7743 7739 7749 T7.67 77.57
LINE-2 68.08 69.76 70.23 70.47 70.81 70.53 70.89 70.65 70.81
SDNE 63.59 64.96 65.23 6546 65.60 65.51 65.43 65.98 64.78
TADW 75.18 76.03 76.79 77.23 7722 7731 7737 V.72 7077
Micro-F1(%) SNE 68.37 70.19 70.73 70.81 71.29 71.08 71.20 71.10 71.01
MVC-DNE 73.37 7517 7574 7594 76.18 76.17 76.35 76.12 76.23
attri2vec-linear 76.42 78.36 78.68 78.97 79.21 79.05 79.32 79.11 79.23
attri2vec-ReLU 80.86 82.91 83.31 83.55 83.80 83.57 84.00 83.95 83.95
attri2vec-lernel 79.56 80.58 81.11 81.45 81.54 81.30 81.63 81.57 81.74
attri2vec-sigmoid 79.89 81.66 82.16 82.32 82.52 82.47 82.72 82.47 82.78
DeepWalk 71.12 7288 7296 73.07 73.26 73.20 73.18 73.19 73.63
LINE-1 66.91 68.41 68.95 69.18 69.36 69.38 69.41 69.59 70.03
LINE-2 59.95 61.63 62.01 62.39 62.63 62.27 62.60 62.24 62.91
SDNE 49.27 4990 49.52 49.74 50.07 49.39 49.19 49.99 48.91
TADW 65.17 67.14 68.03 68.47 68.61 68.65 6850 68.91 69.61
Macro-F(%) SNE 57.78 59.80 60.17 59.87 60.73 60.37 60.40 60.09 60.93
MVC-DNE 65.04 67.26 67.76 67.68 67.96 68.00 68.23 67.97 67.98
attri2vec-linear 69.19 71.79 7199 7216 7259 7251 7266 72.15 73.09
attri2vec-ReLU  73.99 77.03 77.27 77.62 77.85 T7.71 77.94 78.07 78.61
attri2vec-kernel 73.04 7451 7513 7551 75.62 7538 75.60 75.65 76.28
attri2vec-sigmoid 73.33 75.97 76.51 76.64 76.88 77.05 77.10 76.89 77.67
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Table 5.4 Node Classification Results on Facebook

Training Ratio 10%  20% 30% 40% 50% 60% 70%  80%  90%

DeepWalk 46.75 49.21 51.27 51.58 52.21 52.06 52.35 52.84 50.82
LINE-1 4243 46.62 49.13 50.38 51.28 51.41 52.11 51.98 51.32
LINE-2 37.04 43.27 46.94 48.62 4945 49.29 49.90 49.79 50.82
SDNE 38.87 4557 48.72 50.59 51.38 51.36 51.51 52.26 51.14
TADW 53.95 56.66 57.56 58.04 58.66 58.06 58.09 59.26 57.84
Micro-Fy (%) SNE 51.32 60.15 64.01 65.26 6595 66.93 66.16 66.85 66.13
MVC-DNE 58.12 64.80 68.17 69.87 70.51 70.37 71.04 71.34 70.92

attri2vec-linear 59.36  64.12 66.79 68.23 69.00 69.42 69.79 69.80 69.21
attri2vec-ReLU  59.69 64.25 67.34 68.70 69.42 69.43 70.07 70.15 69.98
attri2vec-kernel ~ 63.04 65.86 67.57 6848 68.59 69.24 69.32 69.68 69.45
attri2vec-sigmoid 63.06 67.35 69.86 71.38 71.30 72.19 72.19 72.49 72.11

DeepWalk 29.85 31.04 30.55 30.83 30.76 30.31 30.15 29.76 29.29
LINE-1 29.84 31.09 31.56 31.54 31.56 31.09 31.41 30.63 30.26
LINE-2 26.80 28.18 2746 27.60 27.22 26.22 26.26 26.02 27.12
SDNE 2836 30.24 29.69 30.12 29.97 29.25 29.22 2944 28.62
TADW 3217 35.80 36.72 3729 3794 3723 36.85 38.29 36.97
Macro-F1(%) SNE 40.15 43.51 43.74 43.61 43.76 43.72 4235 4251 41.89
MVC-DNE 45.15 4726 48.06 47.67 47.73 4726 4734 47.50 47.16

attri2vec-linear 4531 47.07 47.72 47.04 47.25 46.66 46.72 46.50 45.50
attri2vec-ReLU 4547 47.00 48.27 48.26 48.13 47.88 48.17 48.08 47.39
attri2vec-kernel 4491 46.82 46.73 46.61 46.31 46.39 45.61 45.92 45.51
attri2vec-sigmoid 48.60 50.91 50.99 51.43 50.81 51.43 50.29 50.66 50.73

Table 5.5 Node Classification Results on Flickr

Training Ratio 10%  20%  30%  40%  50%  60% 0%  80%  90%

DeepWalk 40.25 45.60 47.67 49.05 49.74 50.30 50.88 51.76 51.72
LINE-1 42,97 51.43 55.07 57.23 5830 5888 59.69 60.67 59.91
LINE-2 39.01 4851 5231 54.01 55.14 56.40 56.11 56.44 56.53
SDNE 38.80 47.63 50.50 51.92 5293 53.48 5421 54.82 54.32
TADW 62.17 65.17 66.32 67.11 67.17 67.97 68.12 68.16 67.79
Micro-F; (%) SNE 40.70  49.73 53.42 55.53 56.12 57.66 ©57.38 58.46 58.34
MVC-DNE 56.33 64.98 68.54 70.22 70.77 7218 71.90 72.69 72.56

attri2vec-linear 62.04 6895 71.99 7328 7431 75.04 75.04 7577 75.85
attri2vec-ReLU 61.27 69.12 7214 7395 74.71 7538 75.66 7599 76.39
attri2vec-kernel ~ 75.20 77.05 77.33 78.04 7831 7877 7878 79.65 78.82
attri2vec-sigmoid 75.40 78.25 79.38 79.98 80.41 80.96 80.74 81.66 80.18

DeepWalk 39.67 44.65 46.48 47.80 48.43 48.87 4948 50.13 49.99
LINE-1 42.89 ©51.00 54.41 56.50 57.63 57.99 58.87 59.65 58.92
LINE-2 38.99 4794 51.55 53.15 54.19 55.22 55.03 55.13 55.01
SDNE 38.62 4712 49.79 51.14 52.09 5255 53.29 53.73 53.17
TADW 61.54 64.52 65.90 66.71 66.69 67.36 67.60 67.59 67.20
Macro-Fy (%) SNE 40.55 49.11 52.57 54.53 55.12 56.43 56.23 57.19 57.10
MVC-DNE 56.20 64.78 68.32 69.97 70.57 71.88 71.65 72.38 72.19

attri2vec-linear 61.93 68.77 7177 73.00 74.10 7470 7474 7543 75.38
attri2vec-ReLU  61.27 68.97 71.94 73.69 7450 75.09 7540 75.65 75.92
attri2vec-kernel ~ 74.87 76.81 77.12 77.77 7811 17853 7857 79.36 7848
attri2vec-sigmoid 75.14 78.02 79.15 79.68 80.21 80.69 80.48 81.33 79.81
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Micro-F; and Macro-F}, the best and second performers are highlighted by bold and

underline, respectively.

From Tables 5.2-5.5, we can see that attri2vec achieves the best classification
performance on all networks with all training ratios, with attri2vec-sigmoid performing
best on Citeseer, Facebook and Flick and attri2vec-ReLLU performing best on DBLP.
This suggests that, by discovering a latent node attribute subspace, attri2vec provides
the best way to complement network structure with node attributes towards learning
node representations. In most cases, under the attri2vec framework, the non-linear
mappings (approximated kernel and sigmoid mapping) outperform the linear mappings
(linear and ReLLU mapping), which proves that network structure and node content
usually exhibit non-linear correlations, and node attribute transformation with a non-
linear mapping provides a better way to fuse network structure into a node attribute

subspace.

We can also observe that, in most cases, attributed network embedding algorithms
(TADW, SNE, MVC-DNE and attri2vec) significantly outperform the only structure
preserving network embedding algorithms (DeepWalk, LINE-1, LINE-2 and SDNE).
This proves that node content features are able to provide an essential complement to
network structure to learn better node representations. Among the structure preserving
network embedding algorithms, DeepWalk achieves the best classification performance.
Compared with LINE-1, LINE-2 and SDNE that only capture the local first-order and
second-order proximity, DeepWalk takes advantage of random walks to preserve the

higher-order proximity, which contributes to DeepWalk’s superior performance over

LINE-1, LINE-2 and SDNE.

5.4.5 Node Clustering Experiments

To make further comparisons between the proposed attri2vec algorithm and baseline
methods, on DBLP and Facebook, we also conduct node clustering experiments. We
apply K-means algorithm to the learned node representations, and partition network
nodes into 4 groups for DBLP and Facebook and use node labels as clustering ground
truth. To reduce the variance caused by random initialization, we repeat K-means

clustering for 20 times and report the averaged Accuracy, Fvalue and NMI (normalized
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Table 5.6 Node Clustering Results on DBLP

Accuracy(%) Fvalue(%) NMI(%)

DeepWalk 70.71 64.50 36.92
LINE-1 58.02 54.57 18.88
LINE-2 61.23 47.44 18.33

SDNE 52.33 42.61 11.73
TADW 59.63 58.16 17.81
SNE 61.37 49.96 16.19
MVC-DNE 66.25 60.42 28.30
attri2vec-linear 71.05 63.39 34.31
attri2vec-ReLLU 76.69 69.67 44.34
attri2vec-kernel 73.18 67.96 39.87
attri2vec-sigmoid 72.07 66.08 38.26

Table 5.7 Node Clustering Results on Facebook

Accuracy(%) Fvalue(%) NMI(%)

DeepWalk 52.65 39.10 2.03
LINE-1 51.91 46.27 1.34
LINE-2 51.84 38.97 1.21

SDNE 51.88 42.75 2.11
TADW 51.84 46.23 7.76
SNE 54.12 39.28 9.10
MVC-DNE 52.39 38.05 5.56
attri2vec-linear 53.89 41.62 6.52
attri2vec-ReLLU 53.66 41.74 5.70
attri2vec-kernel 66.77 50.32 17.15
attri2vec-sigmoid 53.26 41.71 5.55

mutual information [73]). Tables 5.6-5.7 give the clustering results on DBLP and
Facebook. As is shown in Tables 5.6-5.7, the proposed attri2vec algorithm achieves the
best clustering performance, which further proves its advantage in learning informative

node representations for attributed networks over the state-of-the-art baselines.
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Table 5.8 Performance Comparison between GD and SGD on Facebook

Method Micro-F;  Macro-F; Training Time (s)
UPP-SNE (GD) 0.6192 0.3535 24515.89
attri2vec-kernel (SGD)  0.6910 0.4607 10944.35
Gain 11.60% 1 30.33% + 55.36% |

5.4.6 Comparison of Gradient Descent vs. Stochastic Gradi-

ent Descent

In this section, we choose the Facebook network as a case study to compare the efficacy
and efficiency of two difference optimization strategies: stochastic gradient descent
(SGD) used by attri2vec and Gradient Descent (GD) used by UPP-SNE [102], for solving
the optimization problem Eq. (5.5). We compare UPP-SNE with attri2vec-kernel, as
they both use the approximated kernel mapping to construct node representations. To
make a fair comparison, for UPP-SNE, we set the number of iterations for gradient
descent to 40, and for attri2vec, we set the number of iteration as nnz(n(v;,v;)) x 40,

where nnz(n(v;,v;)) denotes the number of non-zero values of n(v;, v;).

Table 5.8 compares both node classification performance and training time of UPP-
SNE and attri2vec-kernel. Here, we report the classification results with a training
ratio of 50%. As can be seen, attri2vec-kernel with SGD offers performance gains with
an increase of 11.60% in Micro-F1, and 30.33% in Macro-F1, respectively, as SGD
alleviates the local minima problem. On the other hand, SGD significantly reduces the
training time of GD, with a decrease of 55.36%. This demonstrates the advantage of

attri2vec over UPP-SNE in terms of both effectiveness and efficiency.

5.4.7 Comparison of Shallow vs. Deep Mapping

In this section, we select Citeseer and DBLP to study the performance change of
attri2vec when using a deep neural network rather than a shallow one-layer non-linear
mapping to construct node representations from node features. Here, we construct
node representations through a neural network with 2 hidden layers, with the number

of neurons at each layer set to 3,703-256-128 and 2,476-256-128 on Citeseer and DBLP
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Table 5.9 Performance Comparison of Shallow and Deep Mapping on Citeseer

Method Micro-F;  Macro-F; Training Time (s)
attri2vec-sigmoid ~ 0.7027 0.6569 29405.51
attri2vec-deep 0.6630 0.6076 380331.50
Gain 5.65% | 7.50% | 1193.40% 1

Table 5.10 Performance Comparison of Shallow and Deep Mapping on DBLP

Method Micro-F (%) Macro-F1(%) Training Time (s)
attri2vec-sigmoid 82.52 76.88 5310.19
attri2vec-deep 83.72 78.29 319881.87
Gain 1.45% 1 1.83% 1 5923.96% 7

respectively, and denote this method as attri2vec-deep. We compare attri2vec-deep
with attri2vec-sigmoid. For both methods, we set the number of iterations as 100

million.

Tables 5.9-5.10 compare the classification performance and the training time of
attri2vec-linear and attri2vec-deep on Citeseer and DBLP. Again, results with a training
ratio of 50% are reported. As can be seen, attri2vec-sigmoid is significantly more
efficient than attri2vec-deep for training. From Table 5.10, attri2vec-deep can be seen
to perform slightly better than attri2vec-sigmoid on DBLP, which demonstrates the
advantage of deep neural network in characterizing the complex relations between
network structure and node content. However, on Citeseer, attri2vec-deep achieves
even worse classification performance than attri2vec-sigmoid. This might be attributed
to two reasons: (1) attri2vec-deep has a lot more parameters, which requires more
iterations to properly fitting the parameters to obtain the best models; (2) compared
with attri2vec-sigmoid, attri2vec-deep is prone to the local minima, which requires
more advanced SGD techniques to obtain better solutions. In summary, compared
with the deep-neural network, the one-layer non-linear mapping is good enough to

learn reasonably high-quality node representations with much less computational cost.
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Table 5.11 A Summary of Time Stamped DBLP Subgraphs

Subgraph  # of nodes # of edges +# of out-of-sample nodes

DBLP2006 12,820 28,809 9,628
DBLP2007 14,286 32,336 4,162
DBLP2008 15,745 36,907 2,703
DBLP2009 16,960 40,460 1,488

5.4.8 Experiments on Out-of-sample Extension

In this section, we study the performance of attri2vec in solving the out-of-sample
problem, which is achieved by constructing representations for new coming nodes from
their content attributes through the learned mapping function. We compare attri2vec
with two baselines (1) MVC-DNE [97], which is also able to infer representations
for new coming nodes using node attributes, and (2) node content features that
construct node representations without mapping functions. For the three methods, we
consistently set the dimension of out-of-sample node representations to 128. Singular

Value Decomposition (SVD) is used to do dimension reduction on node content features.

We select the DBLP network to conduct the experiments, where each node has a time
stamp. From the DBLP network, we construct four subgraphs using papers published
before 2006, 2007, 2008 and 2009, and denote the four subgraphs as DBLP2006,
DBLP2007, DBLP2008, and DBLP2009. For each subgraph, the remaining papers are
taken as out-of-sample nodes. The statistics of the four DBLP subgraphs and their
corresponding out-of-sample nodes are given in Table 5.11. To evaluate the quality
of the learned out-of-sample node representations, we conduct node classification and

link prediction experiments.

For node classification, we first train an SVM classifier (with the LIBLINEAR imple-
mentation [15]) on the randomly selected 50% learned in-sample node representations,
and then apply the learned SVM classifier to the out-of-sample node representations.
To reduce the variance caused by random training sample selection, we repeat the
training and test process for 10 times and report the averaged Micro-F} and Macro-F}.

Table 5.12 gives the node classification results for out-of-sample nodes. We can see that
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Table 5.12 Node Classification Results for Out-of-sample nodes on DBLP

method DBLP2006 DBLP2007 DBLP2008 DBLP2009

feature 65.38 64.01 61.75 62.12

Micro-F} (%) MVC-DNE 64.96 62.74 61.45 61.68
attri2vec-sigmoid 67.66 66.79 64.87 67.05

feature 60.49 59.77 58.22 57.14

Macro-Fy (%) MVC-DNE 59.53 57.34 56.96 55.12
attri2vec-sigmoid 63.94 63.69 62.35 62.50

Table 5.13 Operators to Construct Edge Features

Operator ~ Symbol Definition
Average o [ (v;) BB B (v;)], = LT oe)
Hadamard [ [@(v;) @ (v;)], = Prlvi) - Pr(vy)
Weighted-L1 [l-{l;  [[®(vi) - ®(v)llg, = |Pk(vi) — Pk (v))]
Weighted-L2 ||l [[®(v:) - 2(v)ll5, = (Pu(vi) — Pu(v;))?

attri2vec yields the best classification performance. This demonstrates the effectiveness

of attri2vec in solving the out-of-sample problem.

To carry out link prediction experiments, following [19], we construct edge features
from node representations with the operators given in Table 5.13. To generate the
training set, on the in-sample subgraphs, for each connected node pair (v;,v;), we
randomly sample a negative node pair (v;, v;) with no edges observed between them in
the current time stamp. Similarly, to construct test set, for each edge connecting to the
out-of-sample nodes, we randomly sample a negative node pair, with no ground-truth
edges between them. On the generated edge features, we adopt SVM to perform training
and testing. Table 5.14 gives the AUC values of different methods for predicting the
links of out-sample-nodes. As shown in the table, attri2vec-sigmoid with the Weighted-
L2 operator performs best in predicting links for new coming out-of-sample nodes.
This proves the potential of attri2vec in accurately recommending links for new coming

out-of-sample nodes through the inferred node representations.
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Table 5.14 AUC Values (%) for Predicting the Links of Out-of-sample Nodes on DBLP

method operator  DBLP2006 DBLP2007 DBLP2008 DBLP2009
Average 53.31 53.52 54.39 54.44
Hadamard 76.07 76.43 76.17 76.38
feature
Weighted-L1 64.84 65.84 65.60 65.42
Weighted-L2 65.20 66.17 65.92 65.74
Average 51.78 52.74 54.18 55.05
MVC.DNE Hadamard 51.07 51.12 51.58 51.92
Weighted-L1 49.70 50.94 50.69 49.19
Weighted-L2 49.95 51.11 50.80 49.30
Average 53.41 54.22 56.00 57.01
) ) .. Hadamard 80.82 81.98 82.56 83.88
attri2vec-sigmoid
Weighted-L1 87.99 89.16 90.43 91.38
Weighted-L2  88.11 89.33 90.66 91.70

5.4.9 Parameter Sensitivity Study

In this section, we report the sensitivity study of the proposed attri2vec algorithm
by analyzing its detailed performance on the DBLP network. In the experiments, we
consider three important parameters: the maximum number of iterations, random walk
window size ¢, and embedding dimension d. In order to draw conclusive observations,
we fix any two of the three parameters and investigate the performance change of
attri2vec when the remaining one varies, respectively. Micro-F; of node classification

with 50% training ratio is used to evaluate the performance.

Fig. 5.5 shows the parameter sensitivity experimental results. We can find that as
the parameters increase, classification accuracy of attri2vec gradually increases and

stabilizes after reaching a threshold.

5.5 Conclusion

In this chapter, we proposed a unified framework for attributed network embedding,
attri2vec, that learns network node representations by discovering a latent node

attribute subspace via a network structure guided transformation on the original
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Fig. 5.5 Parameter sensitivity study of the algorithm performance (Micro-F}) in terms
of (a): the maximum number of iterations, (b): the window size of the random walks ¢,
and (c): embedding dimension d.

attribute space. We argued that, because network structure and node attributes have
different feature spaces, the data distributions of two distinct features spaces might
be inconsistent, making the existing attributed network embedding algorithms fail to
achieve satisfactory performance. This motivated us to find a latent attribute subspace,
which can respect network structure in a more consistent manner to obtain high-quality

node representations. By performing a series of linear and non-linear mappings on
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node attributes, attri2vec embeds network nodes into a structure preserving attribute
subspace. To preserve the network structure, DeepWalk [63] mechanism is employed,
which makes nodes sharing similar neighbors embedded closely in the attribute subspace.
In this way, network structure and node content features are integrated together
seamlessly to obtain informative node representations. To learn node embeddings
efficiently, we developed an online stochastic gradient descent algorithm to solve the
formulated optimization problem, which improves both learning effectiveness and
efficiency. As an additional advantage, attri2vec also provides a potential solution
to solve the out-of-sample problem, where representations of new coming nodes can
be learned using their available node attributes via the learned mapping function.
Experiments of node classification and node clustering on four real-world networks
verify the effectiveness and efficiency of attri2vec. We also study the ability of attri2vec

to solve the out-of-sample problem, which yields promising results.



Chapter 6

Scalable Incomplete Network
Embedding

6.1 Introduction

Network embedding, also known as network representation learning, aims to embed
each node of a network into a low-dimensional vector space, by preserving network
structure and other side information. As a result, network analytical tasks can be easily
conducted by applying machine learning techniques to the new vector space. Due to
the increasing popularity of networked applications, such as social networks, real-world
networks are often of large scale, containing a large number of nodes, links, and
high-dimensional content features. These challenges have motivated the development

of many network embedding solutions in the field.

Two main streams of network embedding algorithms include (1) structure preserving
network embedding methods, e.g., DeepWalk [63], LINE [76], node2vec [19], that
preserve only network structure, and (2) attributed network embedding methods, e.g.,
TADW [96], HSCA [101], MVC-DNE [97], that augment network structure with node
attributes. Because structure preserving network embedding methods only utilize
network topology structure, they have shown to be inferior to attributed network
embedding methods which combine both node content and structure information for

embedding learning. Meanwhile, while existing attributed network embedding methods
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can leverage node content, they often assume the input networks are complete and
cannot handle missing data. In addition, they suffer from poor scalability due to
high computational cost. In summary, two major drawbacks of the existing attributed

network embedding methods include:

e Vulnerable to missing data: Real-world networks are often incomplete with
missing edges and/or missing node content features [34], due to various reasons.
First, privacy or legal restrictions make sensitive information on node attributes
or part of connections among nodes inaccessible. Second, networks have too large
size, making it prohibitively expensive or even impossible to directly acquire
complete networks. Instead, a common practice is to obtain a smaller sample
of large networks for analysis. The sampled network inevitably contains lots of
missing nodes and links. Third, networks are dynamic in nature, and thus newly
joined nodes often have very few links or content features. All these aspects result
in noisy and incomplete networks. Although research has shown that jointly
exploiting network structure and node attributes can enhance the embedding
performance, existing attributed network embedding algorithms require node
attributes to be all complete. When nodes in networks have no attributes
or important dimensions of attributes are unobservable, existing methods are

vulnerable to such missing data.

« Poor scalability: Most attributed network embedding algorithms rely on matrix
factorization (e.g., TADW [96], HSCA [101]) or deep neural networks (e.g., MVC-
DNE [97]) to fuse the information on network structure and node attributes
towards learning a better joint representation. The matrix factorization or deep
neural networks require high computational cost, where the time complexity
is at least quadratic to the number of nodes, preventing them from scaling to
large-scale networks with a large number of nodes and high-dimensional node
features. Thus, there is a strong demand for developing efficient and effective

network embedding algorithms.

The above observations motivate our research to find a better network representation
that is not only robust to missing data in networks, but also scalable to large-scale

networks.
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In this chapter, we propose a new attributed network embedding algorithm, called
SINE (Scalable Incomplete Network Embedding), that provides a probabilistic formula-
tion that 1) models pairs of node and context relationships to capture broader structural
dependency in random walks; 2) models pairs of node and attribute relationships to
make the best of available node content information. Different from existing attributed
network embedding algorithms, SINE provides a flexible way to leverage useful infor-
mation and diminish the negative impacts on the learned embedding representation,
caused by the existence of missing data on network structure and/or node attributes.
We derive an online optimization strategy based on stochastic gradient descent, which
enables SINE with high learning efficiency and the ability to scale up to large networks.
We evaluate the efficacy and efficiency of SINE on real-world networks in various tasks,
including node classification, clustering, and link prediction. As compared with the
state-of-the-art baselines, SINE is demonstrated to be robust to missing links and node

attributes, but also scalable to large-scale networks.

The main contribution of this chapter is threefold:

o We advance the existing attributed network embedding learning to a realistic
missing data setting, allowing embedding leaning to be highly efficient and

accurate for real-world networks.

o We propose a scalable and efficient algorithm to combine network structure and
node attributes to learn a joint embedding representation, thereby diminishing

negative impacts of missing information.

o We evaluate the effectiveness of the proposed method under different missing

data settings, showing its superior performance to the state-of-the-art baselines.

6.2 Problem Definition and Preliminaries

6.2.1 Problem Definition

Assume an incomplete network G = (V, €, A, X, Q) is given, where V is the set of

nodes, £ is the set of observed edges, which may be very sparse, and A is the set
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of node attributes. X € RV*Ml is node feature matrix, with each observed element
X;; > 0 indicates the occurrence times/weights of attribute a; € A at node v; € V,
and 2 € {0, 1}|V|X|A| indicates whether the node attribute value Xj; is observed, with
Q;; = 1 for observed X;; and €2;; = 0 for unobserved X;;. For networks with attributes
taking continuous values, discretization can be applied to convert the continuous

attributes to discrete ones.

The objective of incomplete network embedding is to leverage incomplete informa-
tion in £ and X to learn a mapping function ® : v; € V — RIVI*? The learned node
representations ®(v;) are expected to be (1) low-dimensional with d < [V|, and (2)
informative for the downstream tasks, such as node classification, node clustering and

link prediction, etc.

6.2.2 Preliminaries: DeepWalk

The Skip-Gram model [55] learns word representations by capturing the semantic
similarity between words sharing similar contexts. DeepWalk generalizes the idea
of Skip-Gram from word representation learning to network embedding, by using
random walks to collect node contexts. Given a truncated random walk with length L,
{Vr)s Vpyy -+ 0, - -0, b, DeepWalk learns representation ®(v,,) for node v,, by using

it to predict its context nodes, which is achieved by solving the following optimization

problem,
mqin—logP({er,--- s Urie b\ U |, ), (6.1)
where {v,, ,,---,v,,,} \ v, are the context nodes of v,, within ¢ window size.
By making conditional independence assumption, the probability P({v,, ,, -, vr,, }\

vy, |vy,) can be expanded as

i+t
P({UT’i—ﬁ e ’UT’i+z} \ Ur, |U7'i) - H P(UTJ' |U7"i)' (62)

=it ji
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Fig. 6.1 The model architecture of SINE. For each node v;, SINE learns its representation
by using it to predict its context node v; and its observable attribute a; so that nodes
sharing similar context nodes or similar observed attributes are embedded closely in the
new vector space. In this way, the incomplete structure and node attribute information
is utilized flexibly to learn informative node representations.

Following [102], considering all the generated random walks, the overall optimization

problem of DeepWalk can be reformulated as

min — g: g: n(v;,v;) log P(v;|v;), (6.3)
i=1j=1
where n(v;,v;) is the total occurrence times of v; as v;’s context nodes across all
generated random walks within ¢ window size. The overall optimization problem can
be solved by stochastically sampling a node context pair (v;,v;) and minimizing the
following partial objective:
O;; = —log P(v]v;). (6.4)

6.3 SINE: Scalable Incomplete Network Embedding

6.3.1 Model Architecture

Inspired by DeepWalk [63], SINE encodes network structure into node embeddings
by allowing nodes sharing similar context nodes to have similar representations. This
is achieved by minimizing the DeepWalk partial objective in Eq. (6.4) for each node

context pair (v;, v;) collected from random walks.
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In addition to topology structure, we also wish that nodes sharing similar attributes
should be close in the new vector space. Following the mechanism of Skip-Gram [55],
we make the learned node representations respect this property by using node v; to
predict its co-occurring attribute a; for each observed node attribute co-occurrence

pair (v;,a;). This is achieved by minimizing the following objective:

quj = — log P(CleUZ'). (65)

As shown in Fig. 6.1, the learning framework of SINE is a three-layer neural network:
the first layer is the one-hot representation for each node v;, the hidden layer is the node
representation ®(v;) € R? constructed by a linear transformation from the input layer
with weight matrix W € RVI*4 the output layer is the softmax conditional probability
P(v;|v;) and P(a,|v;), for each node v; and each attribute a;, aggregated from the

hidden layer with weight matrix Wous € RV and Weube ¢ Rl respectively.

Given the one-hot representation p® € R of node v; with p!” = 1 and pg-i) =0

for j # i, the node representation ®(v;) in the hidden layer is constructed as

(v) =W pl = w", (6.6)
where w!™ is the transpose of the i-th row of W € RIV*¢ (the weight matrix from

the input layer to the hidden layer).

In the output layer, for node context pair (v;, v;), the probability P(v;|v;) is modeled
by the softmax signal:

out75)

exp(P(v;) - J
Sl exp(®(v;) - wp*)

P(Uj‘vi> = (67)
where w""" is the j-th column of W € R¥*IVI (the weight matrix from the hidden

layer to the output layer for predicting node context).

Similarly, for the node attribute co-occurrence pair (v;, a;), the probability P(a;|v;)

is modeled by

out,a)

exp(P(v;) -

P(Cl"/l)i) = J )
! i exp(@(v;) - wi")

(6.8)
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where 'w;-’"t’a is the j-th column of W@ ¢ R¥*MI (the weight matrix from the hidden

layer to the output layer for predicting node attribute).

By aggravating the structure preserving objective in Eq. (6.4) and the node
attribute preserving objective in Eq. (6.5), node representations ®(-) that well preserve
the available structure and node content information, can be learned by solving the

following overall optimization problem:
min O, (6.9)

where

v v V| JA]|
= - Z Z n(v;, v;)logP (v;|v;) — s Z Z Q;; X;;logP (a;|v;). (6.10)

i=175=1 i=1j5=1

where o and as are the trade-off parameters that balance the structure preserving

objective and the node content preserving objective. They are set as

1 1
S S () S A0

ay =

In Eq. (6.10), we only concern about the non-zero values of n(v;, v;) and Q;;X;;, i.e.,
the node context pairs collected from observed links and the observed node attribute
co-occurrence pairs, whose numbers are much smaller than [V| x |V| and |V| x |A],
respectively. In this way, the available network structure and node content information

can be fully utilized, and the negative impacts of missing information is diminished.

6.3.2 Model Optimization

We solve the overall optimization problem in Eq. (6.9) by minimizing the partial
objective in Eq. (6.4) and Eq. (6.5) alternately with stochastic gradient descent by
sampling a node context pair (v;,v;) or a node attribute co-occurrence pair (v;, a;) at

each iteration, according to the distribution of n(v;, v;), and Q;;X;;, respectively.
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For the sampled node context pair (v;, v;), negative sampling is used to speed up

training. Thus, the partial objective Of; in Eq. (6.4) can be reformulates as

O} = —logo(®(v;) - wi"™*) = > logo(—P(v;) - wi™™), (6.11)

J
kg €Vneg

where V,., is the set of sampled negative nodes. The parameters are updated by

gradient descent:

(2 (2 naw;n ?
00s.
out,s __ out,s )
w; = wj - 8w;ut,s7 (612)
'w,‘;“t’s = wz“t’s — 8(251 =, for vy, € Ve,
ow, "
where 7 is the learning rate. The gradients are calculated as follows
30f out,s ut,s
o = (o (B () ) — D™
+ Z O'(‘P(UZ) . u}zut,s),u)](;ut,s7
kv €Vneg
90;, t (6.13)
out{s = (O-(CI)(UZ) "W, 7 ) - I)CI)(UZ)?
J
T;{s = (O (v;) - w)D(v;), for vy, € Vieg-
k

Similarly, for each sampled node attribute co-occurrence pair (v;,a;), by adopting

negative sampling, the partial objective Of; in Eq. (6.5) is approximated by

05, = —log o (P (v;) 'wqut’a) — Z log o (—®(v;) -wZ”t’a), (6.14)

J
k:'l)k E.Aneg
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Algorithm 2 SINE: Scalable Incomplete Network Embedding

Input:
An incomplete network G = (V, &, A, X, Q);
Output:
Node representation ®(-) for each v; € V;
1: S < generate a set of random walks on G;
2: n(v;,v;) < count frequency of node context pairs (v;,v;) in S;
3: repeat
4:  draw a random number r € (0, 1);

5. if r < 0.5 then

6: (vi,vj) < sample a node context pair according to the distribution n(v;, v;);
7: Vneg < draw K negative nodes;

8: (Wi Weuts) «— update parameters with (v, vj, Vyeg) and Eq. (6.12);

9: else

10: (v;,a;) < sample a node attribute pair according to the distribution Q;;X;;;
11: A,eq < draw K negative attributes;

12: (Wi, Wouta) «+— update parameters with (v;, a;, Aney) and Eq. (6.15);

13:  end if

14: until maximum number of iterations expire;
15: construct node representation ®(-) with W™ and Eq. (6.6);
16: return ®(-);

where A, is the set of sampled negative attributes. The parameters are updated as

win _ win _ aogj
i =Wy 1 dwi’
00O
out,a out,a 3
J J out,a’ .
ow;
a
out,a out,a 801,] f A
wk — wk - a out,a7 or ak G neg-
wy,

The gradients are calculated as follows

o004
ot = (@) ) — D
+ Z a(P(v;) - wzut’“)wz“t’“,
k:ar€Aneg

oor (6.16)

auts = (0(®(v;) - wi"™) = 1D (vy),

J
o004
woiuga = o(®(v;) - wP M) ®(vy), for ay, € Apeg-

k
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Algorithm 2 gives the major procedure of the proposed SINE algorithm. At step
1, SINE starts random walks with length L at each node for v times, and at step 2,
counts the frequency of node context pairs n(v;,v;) within ¢ window size. At step
3-14, SINE updates the parameters with stochastic gradient descent. At each iteration,
SINE samples a random switch variable r € (0,1) to determine whether the structure
preserving objective or the node attribute preserving objective is to be minimized, with
a threshold of 0.5. To sample node context pair and node attribute pair, the alias table
method [40] is used, which takes only O(1) time. After the iteration is finished, node
representations ®(-) are constructed with W and Eq. (6.6).

The time complexity of SINE only relies on the maximum number of iterations and
the dimension of learned node representations d. The maximum number of iterations is
at the scale of O(max(nnz(€;;X;), |V|)), where nnz(£2;;X;;) is the number of non-zero
values of €2;;X;;, i.e., the number of observed node attribute co-occurrence pairs, and
|V| indicates the scale of node context pairs collected from random walks. Thus,
SINE has an overall time complexity of O(d - max(nnz(£;;X;;),|V|)), ensuring its good
scalability.

6.4 Experiments

In this section, we present experimental results on real-world networks to verify the
effectiveness and efficiency of the proposed SINE algorithm in learning informative

node representations for incomplete networks.

6.4.1 Benchmark Networks

Four real-world networks used in our experiments are detailed as follows:

Cora and Citeseer!: The Cora network contains 2,708 publications and 5,249 citations.
The Citeseer network includes 3,312 publications and 4,732 citations. For Cora and

Citeseer, each paper is represented by a 1,433-dimensional, and 3,703-dimensional

thttps://lings.soe.ucsc.edu/data
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Table 6.1 Summary of Four Real-world Networks

Cora  Citeseer DBLP(Subgraph) DBLP(Full)

V| 2,708 3,312 18,448 1,632,442
€] 5278 4,732 45,611 9,327,450
| Al 1,433 3,703 5,959 154,309
nnz(X) 49,216 105,165 108,016 10,413,178
# of Class 7 6 4 N/A

binary vector, with each dimension indicating the presence/absence of the corresponding

word.

DBLP(Subgraph) and DBLP(Full): The DBLP(Full) network is constructed by
the papers and their citation relationships of the DBLP bibliographic network?. There
are 1,632,442 papers and 2,327,450 citations in all. To construct the DBLP(Subgraph)
network, we extract papers from the four research areas: Database, Data Mining,
Artificial Intelligence, Computer Vision, according to papers’ venue information and
remove papers with no citations. The DBLP(Subgraph) network contains 18,448
papers and 45,661 citations. From paper titles, for DBLP(Subgraph) and DBLP (Full),
we construct 5,959-dimensional and 154,309-dimensional binary node feature vectors,
respectively, with each dimension indicating the presence/absence of the corresponding

word.

For all networks, the link direction is ignored. The statistics of these networks are

summarized in Table 6.1.

6.4.2 Baseline Methods

We compare SINE with the following baseline methods:

« DeepWalk [63] / node2vec [19]: node2vec is equivalent to DeepWalk under the
default setting p = 1 and ¢ = 1. They learn node representations by preserving

the similarity between nodes sharing similar contexts in random walks.

https://aminer.org/citation (Version 3 is used)
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6.4 Experiments 91

LINE-1 [76]: LINE-1 denotes the version of LINE that learns node representa-

tions by modeling the first-order proximity.

« LINE-2 [76]: LINE-2 is the version of LINE that preserves the second-order

proximity.

« SDNE [87]: SDNE uses a semi-supervised autoencoder to learn deep node

representations that preserve both the first-order and second-order proximity.

o Attribute: This baseline learns node representations from only node attributes

with the SINE learning framework.

« TADW [96]: TADW incorporates node content features into DeepWalk’s network

representation learning paradigm via inductive matrix factorization [57].

« HSCA [101]: HSCA enhances TADW via enforcing a first-order proximity

preserving objective.

« UPP-SNE [102]: UPP-SNE learns node representations by performing a structure-

aware non-linear mapping on node content features.

« MVC-DNE [97]: MVC-DNE encodes network structure and node content
attributes into node representations through the deep autoencoder based cross-

view learning. The decoding based version is used.

Due to the large size of DBLP(Full), TADW, HSCA, UPP-SNE and MVC-DNE can
not run on this dataset. Thus, on DBLP(full), only DeepWalk, LINE-1, LINE-2 and
Attribute are compared with SINE in Section 6.4.6.

6.4.3 Experimental Settings

For DeepWalk, UPP-SNE and SINE, we set the length of random walks L = 100, the

number of random walks starting from each node v = 40, and the window size ¢t = 10.

For fair comparison, DeepWalk and UPP-SNE are trained using the same strategy
with SINE: we first collect node context pairs, and then update parameters with

stochastic gradient descent by sampling a node context pair at each iteration. Negative
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sampling is adopted by DeepWalk, LINE-1, LINE-2, UPP-SNE, Attribute, and SINE,
where the number of negative samples K is set to 5 uniformly. For the 6 stochastic
gradient descent based algorithms, the maximum number of iterations I is set to 100
million on Cora, Citeseer and DBLP(Subgraph), and 1 billion on DBLP(Full), and the
learning rate n decreases from the starting value 79 = 0.025 to n, = no(1 — 7/I) after
every 10,000 iterations, with 7 being the number of elapsed iterations. Parameters of
TADW and HSCA are set to their default values. For SDNE, its hyperparameters «
and v are set to 0.01, and [ is set to 10. The number of neurons at each layer is set to
2708-256, 3312-256, and 18,448-1,024-256 on Cora, Citeseer, and DBLP(Subgraph),
respectively. For MVC-DNE, on Cora, Citeseer, and DBLP(Subgraph), the number
of neurons at each layer in structure view is respectively set to 2708-128, 3312-128,
and 18,448-512-128, and the number of neurons at each layer in node attribute view
is set to 1,433-128, 3,703-128, and 5,959-128. For SDNE and MVC-DNE, 500 epochs
are run for both pre-training and parameter fine-tuning. Other parameters of SDNE
and MVC-DNE are set according to [97]. For SINE and all baseline methods, the

dimension of learned node representations is set to 256.

6.4.4 Performance Comparison on Incomplete Networks

In this section, we conduct experiments to compare the performance of SINE and
baseline methods on incomplete networks. To better understand the ability of different
network embedding algorithms to deal with missing data, we investigate the following

four research questions:

o Q1: How is the performance affected when a portion of node attributes are missing
compared with the complete network? (complete attribute vs. incomplete

attribute)

e Q2: How does the performance change when the attributes of structurally
important nodes are missing compared with missing attributes for randomly

selected nodes? (random vs. important X row missing)



6.4 Experiments 93

e Q3: How does the performance change when the attributes at important di-
mensions are missing compared with missing attributes at random dimensions?

(random vs. important X column missing)

e Q4: How do different network embedding algorithms perform for link prediction

when a portion of edges are missing?

To answer research questions Q1, Q2, and Q3, we compare the performance of
different network embedding algorithms on Cora, Citeseer and DBLP(Subgraph) under
5 settings: (1) complete network, (2) randomly selecting 50% nodes and dropping all
of their attributes (random X row missing), (3) selecting the top 50% structurally
important nodes measured by degree and dropping their attributes (important X row
missing), (4) missing node attributes at randomly selected 50% dimensions (random
X column missing), and (5) missing node attributes at top 50% important dimensions
measured by mutual information with class label (important X column missing). As
the baselines of Attribute, TADW, HSCA and UPP-SNE require all nodes to have
observed attributes, under settings (2) and (3), for nodes with no attributes, we fill
their attribute values with the observed modes at each dimension. To compare the
performance, using the learned node representations as features, we conduct multi-class
node classification experiments on Cora, Citeseer and DBLP, and carry out node

clustering experiments on Cora.

To answer research question Q4, we perform link prediction experiments on Cora and
DBLP(Full). We randomly remove 30%, 50% and 70% links, learn node representations
from the respective incomplete networks with different algorithms, and compare their

performance for predicting missing links.

Comparison of Classification Performance

Using the learned node representations as features, we train an SVM classifier (with the
LIBLINEAR implementation [15]) on the randomly selected 50% samples, and then
classify the remainder 50% samples with the learned classifier. The random training
and test data split is repeated for 10 times, and averaged Micro-F; and Macro-F}

values are used to evaluate the classification performance.
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Table 6.2 Node Classification Results on Cora

Incomplete
Method Complete X Row Missing X Column Missing
Random Important Random Important

DeepWalk 0.8245 0.8245 0.8245 0.8245 0.8245
LINE-1 0.7697 0.7697 0.7697 0.7697 0.7697
LINE-2 0.7081 0.7081 0.7081 0.7081 0.7081
SDNE 0.6047 0.6047 0.6047 0.6047 0.6047
Micro-F Attribute 0.7222 0.4905 0.4721 0.6581 0.2592
TADW 0.8543 0.7387 0.3982 0.8383 0.7068
HSCA 0.8569 0.7366 0.3791 0.8530 0.7309
UPP-SNE 0.8191 0.5538 0.5438 0.8058 0.7201
MVC-DNE 0.7528 0.6258 0.6500 0.7075 0.4978
SINE 0.8340 0.8329 0.8383 0.8332 0.8010
DeepWalk 0.8184 0.8184 0.8184 0.8184 0.8184
LINE-1 0.7673 0.7673 0.7673 0.7673 0.7673
LINE-2 0.6986 0.6986 0.6986 0.6986 0.6986
SDNE 0.5811 0.5811 0.5811 0.5811 0.5811
Attribute 0.6927 0.4373 0.4130 0.6302 0.1427
Macro-F;
TADW 0.8457 0.7297 0.2903 0.8295 0.6890
HSCA 0.8487 0.7151 0.2521 0.8445 0.7130
UPP-SNE 0.8088 0.5322 0.5227 0.7985 0.7072
MVC-DNE 0.7263 0.5872 0.6176 0.6808 0.4447
SINE 0.8214 0.8218 0.8266 0.8228 0.7896

Tables 6.2-6.4 report node classification results of different network embedding
algorithms on Cora, Citeseer and DBLP(Full), under the five settings: (1) complete, (2)
random X row missing, (3) important X row missing, (4) random X column missing,
and (5) important X column missing. For each setting, the best Micro-F} and Macro-F}

values are bold-faced, and the second best performers are underlined.

By comparing column 3 with columns 4-7 in Tables 6.2-6.4, we can respond to
research question Q1: when node attributes become incomplete, the performance of the
existing attributed network embedding baselines (Attribute, TADW, HSCA, UPP-SNE
and MVC-DNE) drops remarkably in most cases, while SINE often shows greater
stability. This attributes to the flexible way that SINE leverages node attributes,
making it able to best utilize observed node attributes and to diminish the negative

impact caused by missing attributes.

To better understand research question Q2, we compare column 4 with column 5 in
Tables 6.2-6.4. When the attributes of structurally important nodes are missing, the
performance of TADW and HSCA degrades dramatically on all three datasets. Inter-
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Table 6.3 Node Classification Results on Citeseer

Incomplete
Method Complete X Row Missing X Column Missing
Random Important Random Important

DeepWalk 0.6038 0.6038 0.6038 0.6038 0.6038

LINE-1 0.5684 0.5684 0.5684 0.5684 0.5684
LINE-2 0.4673 0.4673 0.4673 0.4673 0.4673
SDNE 0.4614 0.4614 0.4614 0.4614 0.4614
Micro-F} Attribute 0.6883 0.4325 0.4287 0.6549 0.2264
TADW 0.6957 0.5086 0.3267 0.7014 0.5199
HSCA 0.6825 0.3708 0.3128 0.7031 0.5358
UPP-SNE 0.7124 0.4418 0.4551 0.6858 0.5662
MVC-DNE 0.6954 0.5642 0.5467 0.6578 0.3187
SINE 0.7136 0.6791 0.6882 0.7030 0.5682
DeepWalk 0.5465 0.5465 0.5465 0.5465 0.5465
LINE-1 0.5300 0.5300 0.5300 0.5300 0.5300
LINE-2 0.4192 0.4192 0.4192 0.4192 0.4192
SDNE 0.3986 0.3986 0.3986 0.3986 0.3986
Attribute 0.6317 0.4051 0.4018 0.5951 0.1962
Macro-F;
TADW 0.6403 0.4673 0.2806 0.6480 0.4613
HSCA 0.6292 0.3191 0.2589 0.6505 0.4740

UPP-SNE 0.6567 0.4135 0.4323 0.6230 0.5027
MVC-DNE 0.6269 0.4996 0.4788 0.5851 0.2714
SINE 0.6564 0.6201 0.6256 0.6401 0.5017

estingly, on DBLP, the Attribute baseline experiences a performance gain. This might
be due to the fact that structurally important nodes tend to have strong correlations
with neighbor nodes on attribute values, resulting in information redundancy. When
such redundancy is removed, Attribute achieves better classification performance. Due
to the same reason, UPP-SNE and MVC-DNE share the same trends with Attribute
on DBLP. However, under both settings, SINE exhibits more stable performance and

outperforms all other baselines.

To answer research question Q3, we compare column 6 with column 7 in Tables
6.2-6.4. The performance of Attribute decreases dramatically when node attributes at
important dimensions are missing, compared with the missing in randomly selected
dimensions. Accordingly, attributed network embedding algorithms consistently expe-
rience a dramatic performance drop, to a level inferior to the only structure preserving
network embedding algorithms. In this case, the remaining node attributes are of poor

quality, making them deteriorate rather than complement network structure in learning
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Table 6.4 Node Classification Results on DBLP(Subgraph)

Incomplete
Method Complete X Row Missing X Column Missing
Random Important Random Important

DeepWalk 0.8005 0.8005 0.8005 0.8005 0.8005

LINE-1 0.7810 0.7810 0.7810 0.7810 0.7810
LINE-2 0.7125 0.7125 0.7125 0.7125 0.7125
SDNE 0.6464 0.6464 0.6464 0.6464 0.6464
Micro-F} Attribute 0.7509 0.5665 0.6275 0.6226 0.3952
TADW 0.8070 0.7195 0.4544 0.7533 0.4928
HSCA 0.8023 0.6227 0.4178 0.7532 0.4628
UPP-SNE 0.8267 0.6092 0.6606 0.7078 0.4141
MVC-DNE 0.7697 0.6693 0.7089 0.7025 0.6232
SINE 0.8370 0.8278 0.8370 0.8275 0.7953
DeepWalk 0.7176 0.7176 0.7176 0.7176 0.7176
LINE-1 0.6896 0.6896 0.6896 0.6896 0.6896
LINE-2 0.6129 0.6129 0.6129 0.6129 0.6129
SDNE 0.3973 0.3973 0.3973 0.3973 0.3973
Attribute 0.6604 0.4403 0.5412 0.4870 0.1882
Macro-F;
TADW 0.7271 0.5539 0.2935 0.6443 0.2760
HSCA 0.6926 0.4537 0.2436 0.6140 0.2549

UPP-SNE 0.7668 0.5196 0.5988 0.6187 0.1985
MVC-DNE 0.6699 0.5222 0.5961 0.5854 0.4022
SINE 0.7731 0.7620 0.7727 0.7618 0.7122

network embeddings. By contrast, the performance of SINE drops less significantly,

demonstrating its better robustness to missing node attributes.

From Tables 6.2-6.4, we can conclude that SINE achieves the best overall perfor-
mance under all node attribute missing settings. This not only verifies the effectiveness
of SINE in handling missing node attributes, but also signifies its great potential to

solve real-world applications with missing data.

Clustering Performance Comparison

As a complement to node classification, we also conduct node clustering experiments on
Cora. We feed node representations learned by different network embedding algorithms
into the K-means clustering algorithm and group them into 7 categories. To alleviate
the impact caused by random initialization, we run K-means for 20 times and report
averaged Accuracy and NMI [73] values. The clustering results are presented in Table

6.5, with the best and second performer highlighted by bold and underline respectively.
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Table 6.5 Node Clustering Results on Cora

Incomplete
Method Complete X Row Missing X Column Missing
Random Important Random Important

DeepWalk 0.6097 0.6097 0.6097 0.6097 0.6097

LINE-1 0.3444 0.3444 0.3444 0.3444 0.3444

LINE-2 0.4162 0.4162 0.4162 0.4162 0.4162

SDNE 0.3897 0.3897 0.3897 0.3897 0.3897
Accuracy Attribute 0.3869 0.3216 0.3240 0.3454 0.3021
TADW 0.3561 0.3123 0.3045 0.4000 0.3316

HSCA 0.3721 0.3257 0.3046 0.3956 0.3357
UPP-SNE 0.6270 0.4496 0.4269 0.6319 0.5573
MVC-DNE 0.6228 0.4058 0.3685 0.5352 0.3021

SINE 0.6323 0.6397 0.6355 0.6343 0.6297
DeepWalk 0.4165 0.4165 0.4165 0.4165 0.4165

LINE-1 0.0910 0.0910 0.0910 0.0910 0.0910

LINE-2 0.1806 0.1806 0.1806 0.1806 0.1806

SDNE 0.1409 0.1409 0.1409 0.1409 0.1409

NMI Attribute 0.1475 0.0528 0.0661 0.0836 0.0056
TADW 0.1377 0.0321 0.0120 0.1603 0.0698

HSCA 0.1646 0.0556 0.0113 0.1892 0.0767

UPP-SNE 0.4377 0.2171 0.2003 0.4427 0.3490
MVC-DNE 0.3737 0.1326 0.1119 0.3018 0.0067
SINE 0.4456 0.4458 0.4401 0.4468 0.4376

Similar to node classification results, SINE achieves the best clustering performance

with small variance across all node attribute missing settings.

Link Prediction Performance Comparison

To answer research question Q4, we carry out link prediction experiments on Cora and
DBLP(Full). Specifically, we compare the performance of different network embedding
algorithms on link prediction, when a portion of edges are missing. Following [19],
we perform link prediction using the edge features constructed from the learned node
representations with the operators listed in Table 6.6. We randomly remove 30%,
50% and 70% of edges. To construct the test set, for each removed edge (v;,v;), we
randomly sample a negative node pair (v;, vx) with (v;,vr) ¢ £ as negative ground
truth. To construct the training set, for each connected node pair (v;, v;), we randomly
sample a negative node pair (v;, v), with no edges between v; and vy observed in the

remaining network.
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Table 6.6 Operators to Construct Edge Features

Operator Symbol Definition
Average = [ (v;) B ®(v;)],, = Tl tPelva)
Hadamard tJ [@(v;) @ (v;)], = Prlvi) - Pr(vy)
Weighted-L1 [} [[®(vi) - ()5, = |Pa(vi) — ()]
Weighted-L2  [|-]l;  [[®(v:) - 2(v)ll5, = (Pu(vi) — Pi(v;))?

Table 6.7 Heuristic scores for predicting the link between node pair (v;,v;) with their
direct neighbor sets N (v;) and N (v;)

Score Definition
Common Neighbors N (v;) NN (vy)]

) : IV (vi)ON (v;)]
Jaccard’s Coefficient N (oIU ./\/'(v; I

Adamic-Adar Score DN ()N () Wl(vk)\
Preferential Attachment N (v;)] - [N (vy)]

SVM implemented by LIBLINEAR [15] is used to perform training and testing on
edge features. Due to the memory limitation, for DBLP(Full), 5% training and test
samples are randomly selected from the two original sets respectively. We also compare
SINE with the common neighbor based heuristic link prediction methods, which are
given in Table 6.7. The Area Under Curve (AUC) score is used to evaluate the link

prediction performance.

Tables 6.8-6.9 report the link prediction results on Cora and DBLP(Full), with
the best performer and the second best performer highlighted by bold and underline
respectively. As can be seen, on both Cora and DBLP(Full), the proposed SINE
algorithm with the Hadamard operator consistently achieves the best link prediction
performance with all missing edge ratios. We can also observe that, compared with
attributed network embedding algorithms, the only structure preserving network
embedding algorithms are more vulnerable to missing edges. As the ratio of missing
edges increases, apart from the Attribute baseline, all methods experience a performance
drop, while SINE retains more robust results. There are two main reasons: first, SINE

uses random walks to bridge nodes with no immediate links and preserve their similarity
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Table 6.8 AUC Values for Link Prediction on Cora

Operator Method 30% 50% 70%
Common Neighbors 0.5115 0.5045 0.5019
Jaccard’s Coefficient 0.5115 0.5045 0.5019
Adamic-Adar 0.5115 0.5045 0.5019
Pref. Attachment 0.5445 0.5282 0.5229
DeepWalk 0.5123 0.4952 0.5039
LINE-1 0.5542 0.5307 0.5157
LINE-2 0.5280 0.5220 0.5178
SDNE 0.5585 0.5488 0.5384
Average Attribute 0.5320 0.5326 0.5264
TADW 0.5571 0.5434 0.5386
HSCA 0.5543 0.5368 0.5272
UPP-SNE 0.5336 0.5213 0.5214
MVC-DNE 0.5348 0.5202 0.5269
SINE 0.5507 0.5425 0.5375
DeepWalk 0.7632 0.6657 0.5563
LINE-1 0.6702 0.6003 0.5403
LINE-2 0.6763 0.5808 0.5255
SDNE 0.5730 0.5516 0.5293
Hadamard Attribute 0.8095 0.7966 0.7989
TADW 0.8361 0.7850 0.7202
HSCA 0.8623 0.8108 0.7351
UPP-SNE 0.8615 0.8160 0.7415
MVC-DNE 0.6749 0.6090 0.5643
SINE 0.8804 0.8545 0.8289
DeepWalk 0.8368 0.7302 0.6015
LINE-1 0.6303 0.5900 0.5199
LINE-2 0.6429 0.5726 0.5109
SDNE 0.5643 0.5365 0.5219
Weighted-L1 Attribute 0.7402 0.7212 0.7179
TADW 0.7443 0.6611 0.5834
HSCA 0.7725 0.6840 0.5859
UPP-SNE 0.8512 0.7970 0.7095
MVC-DNE 0.7883 0.7662 0.7418
SINE 0.8438 0.8035 0.7643
DeepWalk 0.8368 0.7356 0.6041
LINE-1 0.6102 0.5720 0.5131
LINE-2 0.6631 0.4888 0.4874
SDNE 0.5267 0.4915 0.5198
Weighted-1,2 Attribute 0.7398 0.7311 0.7333
TADW 0.7279 0.6540 0.5742
HSCA 0.7400 0.6630 0.5749
UPP-SNE 0.8414 0.7937 0.7149
MVC-DNE 0.7359 0.7331 0.7264
SINE 0.8344 0.7965 0.7581

in the learned node representations; second, SINE makes the best of the available node

features to complement network structure for more effective network embedding.
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Table 6.9 AUC Values for Link Prediction on DBLP(Full)

Operator Method 30% 50% 70%
Common Neighbors 0.5024 0.5013 0.5006
Jaccard’s Coefficient 0.5024 0.5013 0.5006
Adamic-Adar 0.5024 0.5013 0.5006
Pref. Attachment 0.8898 0.8768 0.8513
DeepWalk 0.9016 0.8896 0.8619
LINE-1 0.5500 0.5389 0.5281
Average LINE-2 0.8810 0.8689 0.8424
Attribute 0.6215 0.6205 0.6185
SINE 0.8747 0.8692 0.8533
DeepWalk 0.9841 0.9668 0.9270
LINE-1 0.9835 0.9590 0.8999
Hadamard LINE-2 0.9766 0.9576 0.9146
Attribute 0.8490 0.8500 0.8507
SINE 0.9887 0.9831 0.9670
DeepWalk 0.9766 0.9463 0.8819
LINE-1 0.8157 0.7573 0.6397
Weighted-L1 LINE-2 0.8787 0.8601 0.8400
Attribute 0.7818 0.7819 0.7778
SINE 0.9382 0.9150 0.8497
DeepWalk 0.9390 0.9018 0.8160
LINE-1 0.8055 0.7452 0.6172
‘Weighted-L2 LINE-2 0.6910 0.6618 0.8246
Attribute 0.7681 0.7701 0.7688
SINE 0.9029 0.8787 0.8113

6.4.5 Experiments on Parameter Sensitivity

We also conduct experiments to investigate the sensitivity of SINE to three important
parameters: the maximum number of iterations I, window size ¢, and the dimension of
learned node embeddings d. We fix any two of the three parameters and study how the
performance of SINE changes by varying the remaining one in turn. Fig. 6.2 reports
the change of Micro-F} values for node classification on Cora and Citeseer with regards
to the three parameters, under the settings where attributes in randomly selected 50%
nodes are missing (random X row missing). Here, we observe a similar trend with an
increase of all three parameters: SINE performs increasingly better and stabilizes after
a threshold.
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Fig. 6.3 The comparison of running time of different network embedding algorithms on
the log scale

6.4.6 Running Time Comparison

We evaluate the running time of different network embedding algorithms in this section.
We hope this empirical evaluation can help compare the efficiency and scalability of
these algorithms, though they are implemented in different programming languages,
with DeepWalk, UPP-SNE and SINE in C, LINE in C++, SDNE and MVC-DNE
in Python, as well as TADW and HSCA in Matlab. Fig. 6.3 compares the CPU
running time (log-scale) of different algorithms on Cora, Citeseer, DBLP(Subgraph)
and DBLP(Full). On DBLP(Full), due to its large size, only the running time of
DeepWalk, LINE-1, LINE-2 and SINE is available. We can see that, SINE is much
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more efficient than SDNE and other attributed network embedding methods including
TADW, HSCA, UPP-SNE and MVC-DNE. The running time of SINE is comparable to
that of DeepWalk, LINE-1 and LINE-2. This demonstrates high efficiency of SINE and

its ability to scale to large-scale networks on a single machine (without GPU support).

6.5 Conclusion

Large-scale networks often contain incomplete node attributes and/or missing links,
which impose significant challenges to attributed network embedding. Because missing
node attributes or links result in inaccurate node similarity estimation, most existing
methods are vulnerable to missing data, and minor presence of missing information
may significantly deteriorate the algorithm performance. In this chapter, we propose a
novel scalable incomplete network embedding (SINE) method, which uses probabilistic
learning of node-context and node-attribute relationships to tackle missing data on
large-scale networks. SINE couples network node content and topology structures
through a three-layer neural network, where each node learns its representation by
considering context nodes and observable attributes of the node. By doing so, SINE
fully minimizes the impact of missing data on the learning of node representations.
A stochastic gradient descent based online algorithm is derived to ensure SINE can
scale to large-scale networks. Extensive experiments and comparisons demonstrate the
effectiveness and scalability of SINE for learning network embeddings on large-scale

incomplete networks.
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Overview

Task-dependent attributed network embedding aims to learn node representations that
can directly benefit the downstream tasks. To make the learned node representations
more suitable for the targeted network analytic tasks, the attributed network embedding
needs to adapt to the objectives of targeted tasks. Meanwhile, the learned node
representations should be informative enough so that network structure and node
content attributes can be effectively leveraged to solve the targeted tasks. In this
thesis, we try to use attributed network embedding to solve two tasks, i.e., collective
classification and node similarity search, and develop two task-dependent attributed

network embedding algorithms.

In Chapter 7, for the collective classification task, we propose a discriminative
attributed network embedding algorithm that simultaneously learns (1) node represen-
tations by exploiting topological paths between labeled and unlabeled nodes, as well as
node content attributes, and (2) a linear classifier that classifies node representations
into different groups. By unleashing the discriminative power of labeled nodes through
an empirical loss minimization objective, the learned node representations are expected

to be directly benefit node classification with sparse labels.

In Chapter 8, to handle node similarity search, we propose a binary attributed
network embedding algorithm that learns binary node representations from both
network structure and node content though the continuation technique. The learned
binary node representations not only reduce memory usage to represent nodes, but also
allow fast bitwise comparisons to support much quicker network node similarity search
compared to calculating Euclidean distance in the continuous node representation

space.



Chapter 7

Discriminative Attributed Network
Embedding for Collective

Classification

7.1 Introduction

With the widespread use of social media, e-commerce, and cyber-physical systems,
information networks, such as social networks, communication networks, and citation
networks, have become increasingly ubiquitous and content-rich over time. Information
networks are typically represented as a graph structure, where nodes denote instances
(e.g., users or publications) that are often characterized by rich content features, and
edges denote relationships between nodes (e.g., friendship or citation relationships).
Node classification is one of the important tasks in analyzing such content-rich networks.
Collective classification (CC) addresses this task by making joint predictions on labels
of connected nodes. Among others, the Iterative Classification Algorithm (ICA) is a
canonical method for incorporating neighbor labels as relational information into the
collective classification process, which has been demonstrated to be most effective in

classifying many real-world networks [31, 68].

In reality, existing methods for training ICA models yet require a connected, densely-

labeled subgraph to be provided for learning. To ensure satisfactory performance,
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this densely-labeled subgraph should be sufficiently large so that dependency relation-
ships among network structure and node labels can be accurately learned. However,
acquiring labels of inter-connected nodes in a network can be very expensive and
time-consuming [16, 52]. Therefore, very often the provided network can be only
sparsely labeled, with a very small portion of labeled nodes that may not comprise
a connected subgraph. At low label density, most of the nodes have too few or even
no connections to labeled nodes, making it difficult to accurately estimate statistical
relationships between network structure, nodes’ content features and labels. As a
result, the performance of collective classification can significantly degrade on sparsely

labeled networks.

To tackle the label sparsity, two branches of research studies have been proposed in
recent literature. The first is semi-supervised collective classification [51, 52], which
leverages unlabeled nodes to enhance classification performance. These methods
typically first use a bootstrap step to predict labels for all unlabeled nodes, through a
classifier trained on labeled nodes using only content features. After that, predicted
labels, together with known labels, are used to construct relational features and
perform collective inference. The second line of research focuses on increasing network
connectivity between unlabeled and labeled nodes [17, 49, 69]. This is achieved by
either adding extra edges based on node attribute similarity, or constructing a latent
graph from different information sources. However, most of these methods consider
either local dependencies between network structure and labels, or correlations between
nodes’ content features and labels, but ignore the significant role of their interactions

in jointly classifying labels of related nodes.

In this chapter, we propose a novel discriminative matrix factorization (DMF)
based algorithm that effectively learns a compact network representation by combining
network structure, node content, together with sparsely labeled nodes, such that nodes
represented in the new space can be well separated with minimum loss. Consider the
example shown in Figure 7.1, where given a citation network with only four labeled
nodes, we aim to predict the labels of unlabeled nodes into two categories: Genetic
Algorithms (GA) and Neutral Networks (NN). According to network structure, node 6’s
category is ambiguous because it is connected to nodes both in GA and NN. However,

given that it has similar node text content with node 2, it can be correctly classified as
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Fig. 7.1 A toy example demonstrating DMF objectives. Given a citation network com-
posed of papers from two categories, Genetic Algorithms (GA) and Neutral Networks
(NN), DMF aims to learn informative and discriminative node representations that
combine network structure, node content, and sparse node labels to maximally separate
nodes into different categorizes with minimum loss, as shown in (b).

GA. On the contrary, node 10 has uninformative node content about its category, but
it has three paths to node 8. Hence, it can be classified as NN. Only by combining
network structure, node content, and node labels, nodes can be mapped into new
representations that are maximally separated to optimize classification performance,

as shown in Figure 7.1(b).

Our main idea of tackling node label sparsity is twofold: (1) leverage random walks
to find path dependencies between unlabeled nodes and sparsely labeled nodes in the
network; and (2) learn a latent network representation that fully embeds nodes’ content
information and augmented network structure to minimize classification loss. Intuitively,
the proposed DMF is motivated by observations that, for sparsely labeled networks, an
unlabeled node in the network may not have labeled neighbors or have very low structure
similarity to labeled nodes, so existing semi-supervised [51, 52] and connectivity-based
methods [17, 49, 69] would not have satisfactory performance. Alternatively, we can
use network walks to examine unlabeled nodes’ correlations to labeled nodes. Because
a given network has an exponential number of walk combinations, this essentially

increases the relationship density for sparsely labeled networks.
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In order to utilize network walks to guide node classification with minimum loss, we
leverage an existing Text-Associated DeepWalk (TADW) approach [96], which embeds
nodes’ linkage information together with their content features into a low-dimensional
space. To enable supervised information to be propagated from labeled nodes to
unlabeled nodes, we formulate a new matrix factorization objective function that
integrates network representation learning with an empirical loss minimization of a
linear classifier on labeled nodes. An efficient optimization algorithm based on conjugate
gradient methods is then developed to solve the new objective function. Our DMF
algorithm learns a latent representation of the network that not only preserves intrinsic
network structure, but also uncovers discriminative power learned from labeled nodes
to directly benefit collective classification. Experimental results on real-world networks
show that our DMF algorithm outperforms state-of-the-art baselines in sparsely labeled

networks.

The main contributions of this chapter are threefold:

o We study the label sparsity problem in network settings that many real-world

applications often encounter, but traditional algorithms are ineffective to address;

« We propose a unified matrix factorization framework that seamlessly integrates
representation learning and discriminative learning into a new optimization

problem, and derive solutions with improved efficiency;

o We combine node content, augmented network structure, and node labels to

benefit node classification with minimum loss.

7.2 Problem Definition and Preliminaries

In this section, we formally define the research problem and review preliminaries of

text-associated DeepWalk as the basis of our proposed solution.
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7.2.1 Problem Definition

In our problem setting, an undirected network G = (V,&,T,Y) is given, where V
denotes a set of nodes, and £ denotes a set of edges connecting nodes. 7' is the node text
feature matrix, where the i-th column of T is a text feature vector t; that characterizes
node v; € V. Each node v; € V is also associated with a class label y; € ), where we
focus on a binary classification problem, ¢.e., ) = {+1, —1}. In network G, we assume
that only a small number of nodes are labeled. Let £ be the set of indices of labeled
nodes, and Y, be class labels of labeled nodes. The set of labeled nodes is represented

as V¢ (v; € Vg, for each i € L).

Formally, given a small set of labeled nodes V, € G, our task aims to: (1) learn a
task-specific node representation @ for all nodes V € G, and simultaneously (2) learn a
classifier h(x) to predict labels of unlabeled nodes V \ V,; with maximum classification

performance.

Intuitively, we aim to learn a latent representation of the network that not only
preserves the underlying network structure, but also uncovers discriminative power
inferred from a limited number of labeled nodes to maximize classification performance
on unlabeled nodes. Because our proposed solution shares a similar matrix factorization
principle as Text-associated DeepWalk (TADW) for network representation learning,
in the following, we briefly review TADW.

7.2.2 Preliminaries: Text-Associated DeepWalk

Motivated by DeepWalk [63], Text-Associated DeepWalk (TADW) [96] incorporates
node text features into network representation learning. DeepWalk originally generalizes
the Skip-Gram model [55] from word representation learning to node representation
learning. In DeepWalk, nodes in networks are taken as words in natural language
and a set of short random walk sequences on the given network are generated to
capture context for nodes. Given node v; and its context nodes within ¢t window size,

{vi—¢, -+ ,vise } \ Vi, the representation for node v;, ®(v;), is learned by maximizing the



7.2 Problem Definition and Preliminaries 110

conditional probability:

i+t
Pt \ o)) = [ Plusl®(en). (7.1)
ity
The probability P(v;|®(v;)) is approximated using Hierarchical Softmax [56] to speed

up training.

We denote the PageRank matrix for the given graph G as P € RV If the
degree of node v; is denoted as d;, then P;; = 1/d;, if (v;,v;) € £; otherwise, P;; = 0.
In [96], DeepWalk is then proved to be equivalent to factorizing a matrix M € RIVIXIVI
given by

P+P*+.-.-+ P!

M =log " : (7.2)

where log is the element wise function for a matrix. Matrix M, which is referred
to as node-path-matriz, can be factorized as two low-rank matrices W € R¥*Vl and

H € RV by solving the following problem
min M — WTH|5 + AW G + 1H), (7.3)

where the minimization of ||[M — W' H||% guarantees precise factorization. The mini-
mization of ||W||% and || H||% imposes low-rank constraint on W and H, and A controls
the trade-off between the two terms. Once factorization is finished, W and H can be

concatenated together to form a 2k-dimensional representation for each node.

To make the representation learned by matrix factorization based DeepWalk more
informative, TADW imports node text features 7' € R/**Vl into the matrix factorization
of (7.3), with f; being the number of text features. The matrix factorization formulation
is changed into

win ||V — W HTI -+ AW I + ), (7.4)

where H € R¥Jt. For computational efficiency, in [96], M is approximated by
(P + P?)/2. After W and H are solved, nodes are represented by concatenating W and
H'T as feature vectors so that traditional machine learning algorithms can be directly

applied to learn classifiers.
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7.3 DMPF: Discriminative Matrix Factorization

In this section, we formulate our new discriminative matrix factorization optimization

problem and derive efficient algorithms to solve the problem.

7.3.1 The Optimization Problem

One of the major deficiencies of TADW is that it lacks discriminative power for a
specific classification task such as node classification. When the network is sparsely
labeled, learning a classifier from very few labeled nodes on the node representations
learned by TADW cannot effectively capture statistical relationships between node
representations and nodes’ class labels to achieve good classification performance on
unlabeled nodes. In this work, we aim to learn a task-specific and discriminative
representation by enforcing matrix factorization with an empirical loss minimization of
a linear classifier trained on labeled nodes. By enabling simultaneous learning of node
representations and a linear classifier using these representations, we expect that the
learned node representations are not only informative but also discriminative for better

capturing statistical relationships between node representations and nodes’ class labels.

The optimization of TADW in (7.4) can be rewritten as:

1 T 2, A 2 2
rvﬂv}gi;(%' —wi HE))" + 5 (W15 + 11H1I) (7.5)
where % is multiplied to the objective function for mathematical convenience. w; and

t; are the i-th column of matrix W and j-th column of matrix 7', respectively.

Assume that the representation of node v, in the given network is provided in the
form of a column vector x,,. We can then learn a linear classifier h(x,) = ntz, +b

with the principle of empirical loss minimization:

) v
manK(Yn,nTa:n+b) +§||77||§, (7.6)

b neLl

where £(-,-) is the loss function of the linear classifier.
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Though, in [96], each column of W and HT are concatenated together to form
node representations, we experimentally find out that, each column of W is informative
enough to be taken as the representation of the corresponding node. Therefore, we
utilize columns of W as node representations in our framework. Hence, in (7.6), we set

T, = w,.

For mathematical convenience, we can incorporate the intercept term b into by

setting @,, = [w,",1]*. Then (7.6) is accordingly changed into

: Y
min 3 (Y, 0" @) + S lInll3, (7.7)

nel

where n'x, = nl, w, +ni1 and 1, = b.

To make node representations learned by TADW discriminative for a specific
classifier h(-), instead of solving problem (7.5) and problem (7.7) separately, we try to

address these two problems simultaneously by solving

| M
min — Z (MU - 'w;THt])Q + 1% Z E(Yn, T]Tmn)
W.H.n2 ij=1 neLl (7.8)

A
+ 35 (W + A1+ 1m13)

where 1 and A are the parameters that control the trade-off between the minimization
of different objectives. To make our algorithm more efficient, we use the half square
loss function ¢(a,b) = %(a — b)? for the linear classifier. As node representations are
expected to be discriminative, a loose penalty should be imposed on ||[WW]|%. Thus, two
multipliers, A; and \s, are introduced to control the minimization of ||H||% + ||n]|3 and

|W||%, respectively. Then, we can obtain the final objective function for our algorithm:

4

1 2 2
J(I/V,H,n)zi Z (M,-j—w;.rHtj) +gZ(Yn—nTmn>
ij=1 nel (7,9)
A A
+ 5 (1H1E + Inll3) + FIW -

Our task is to solve this optimization problem:

min J(W, H,n). (7.10)

W,H,n
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7.3.2 Solving the Problem

We now propose to solve the optimization problem (7.10). Though the objective
function (7.9) is not convex with respect to W, H and m, it can be easily proved that
when any two of these three variables W, H and n are fixed, J(W, H,n) is convex with
respect to the remaining variable. After W, H and m are initialized properly, we can

optimize J(W, H,n) alternatively as

Y = argmin JW® Y, gFED g, (7.11)
n

HY = arg;nin JWED H n®); (7.12)

W = argml;nin JW, H® n®). (7.13)

When W and H are fixed, n can be updated as follows:

2 A
n=argmin S 3 (Y, —n'"x,) + 2|2, (7.14)

1
5|
7' €Rk+L nel

which is a traditional linear regression problem and can be easily solved by the Conjugate
Gradient (CG) algorithm.

To optimize H with W and 7 fixed, we set v = vec(H), &;; = t; ® w;. Then H
can be updated by solving the following problem:

V" = argmin f(v), (7.15)
vERFSt
where
12 T y2 , Ao
flv)=3 > (My —viEy) + 5 [vl2. (7.16)
ij=1

To optimize W with H and 7 fixed, we set w = vee(W?'), y;; = (Ht;) ® e;,
Zn = Mk @ ey, where e; is the i-th column of the |V| x |V| identity matrix. Then W
can be updated by solving the following problem:

w* = arg min g(w), (7.17)

weRKIVI
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Algorithm 3 Discriminative Matrix Factorization

Input:

The PageRank matrix of graph G, A;

The index set of labeled nodes, L;

Class labels of labeled nodes, Y;;
Output:
Matrix W, H and vector n;
M «+ (P + P?)/2; Construct node-path-matriz M
(W, H,n) < Random Initialization;
repeat

n < Updating by solving Eq. (7.14);

H + Updating by solving Eq. (7.15);

W <+ Updating by solving Eq. (7.17);
until Convergence or a certain # of iterations
return W, H and 7.

where
1 i T~ 2, M T~ 2, A2 2
g(w) = 3 > (M —whyy)* + 5 S (V=M1 —w Z,)° + ?H‘*’Hz- (7.18)
ij=1 neLl

The algorithm for solving W, H and 7 is given in Algorithm 3. Firstly, the node-
path-matriz M is constructed at step 1. Then W, H and n are initialized randomly.
After that, n, W and H are updated alternatively and iteratively. The iteration
stops until convergence or a certain number of iterations. Finally, W, H, and n are
returned as the solution. During the iteration, as the features constructed by W are
randomly initialized, the learned n at step 4 is inaccurate which leads the discriminative
information imported at step 6 to be noisy. To overcome this, we gradually increase

the value of u at step 6 from a small value to its final value.

Now we focus on solving problem (7.15) and problem (7.17) using the CG algorithm.
For CG algorithm, the gradients of f(v) and g(w), and the multiplication of the
Hessian matrix of f(v) and g(w) with vector s are calculated as follows:

V|

Vf(l/) = Z (VTjZ'j — Ml])iﬁ” + )\11/, (719)

ij=1
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4
Vg(w) = > (W' — Myj)Gi; + 1 D (W' 20 = Yo 4+ Mii1) 2 + Ao, (7.20)
ij=1 neL
VI
Vif(w)s = > &5as + A\is, (7.21)
4,j=1
VI
ij=1 neL

If we calculate V f(v) and V2 f(v)s using (7.19) and (7.21), the time complexity
would be at least O(|V|*kf;). Accordingly, if we calculate Vg(w) and V3g(w)s using
(7.20) and (7.22), it would require at least O(|V|*k) time. This way, the calculation of
Vi), Vgw), V2f(v)s, and V*g(w)s is computational expensive and cannot scale
to large-scale networks. Below, we propose efficient solutions to calculating the four

variables, with detailed derivations given in the Appendix.

A. Calculation for Vf(v)
In Appendix A, we have shown that
Vi) =vecWWTHTTT —WMT?") + \v. (7.23)
By changing the sequence of matrix multiplication in (7.23) carefully as
Vi) =vecW(WTH)TT")) - W(MT")) + \v, (7.24)

the calculation of V f(v) requires only O(|V|kf; + |V|fZ + nnz(M) f,) time. For most
real-world networks, edges are relatively sparse, i.e., O(|€]) = O(|V|). Thus, matrix
M is also very sparse, i.e., nnz(M) < |V|?, and calculating V f(v) using (7.24) can

improve the efficiency.
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B. Calculation for V2f(v)s

We can prove that as shown in Appendix B
V2f(v)s = vec(WW?TSTTY) + \;s, (7.25)
where S € R¥/t satisfies s = vec(S). Similarly, we can calculate V2f(v)s as
V2f(v)s = vec(W((WTS)(TTT))) + Ais, (7.26)

which requires only O(|V|kf; + |V|f?) time.

C. Calculation for Vg(w)

As shown in Appendix C, we prove that
Vg(w) = vec(WHTT H" — MTTH") + pwec(Iy,  Enly) + Aow, (7.27)

where Ijy|. is the matrix stacked by rows corresponding to the index set £ of the [V|x |V
identity matrix, and E is a |£|-dimensional column vector stacked by w? 2, — Y, +np41 =
Ny w, — Y, +ms1 (n € £). For implementation efficiency, we take a similar approach

to calculate Vg(w) as
Vy(w) = vec(W ((HT)(HT)") — M(HT)") + pvec(ljy  Enfy) + Aow,  (7.28)

which requires only O(|V|k? + |V|k f; + nnz(M)k) time.

D. Calculation for V?g(w)s

It also can be proved in Appendix D that

Vig(w)s = vec(SHTT HT) + uvec([ﬁ,w‘/na) + A28, (7.29)



7.4 Experiments 117

where S € RIVI** satisfies s = vec(S) and V is a |£|-dimensional column vector

stacked by el Sn;, (n € £). Similarly, VZg(w)s can be calculated as
V2g(w)s = vec(S((HT)(HT)")) + /wec(fﬁ,anIk) + A28, (7.30)

which needs only O(|V|k? + |V|kf;) time.

7.3.3 Node Classification Using Learned Representations

After problem (7.10) is solved, we can construct node representations using W € RF*IVI,

with each node v; € V being represented by a k-dimensional vector w;. Then, for
T

each unlabeled node v, € V\ V;, @, = ['wg , 1} . The class label Y,, of node v,, is

determined by

+1, h(x,) >0,
Y, = (7.31)

where h(z) = nTx is the classifier constructed using n. For an unlabeled node v, as
its learned representation «,, not only preserves underlying network properties, but
also uncovers discriminative power, classification using (7.31) is expected to achieve

good classification performance on unlabeled nodes.

7.4 Experiments

In this section, we move forward to evaluate the performance of the proposed algorithm

on three real-world networks and compare it against the state-of-the-art baselines.

7.4.1 Benchmark Networks

The three real-world networks used in our experiments are Cora, Citeseer and PubMed!,
as listed in Table 1. For each network, link directions and self-links are ignored.
Therefore, two nodes are connected, if either of them has direct link to the other. The

details about the three networks are described as follows:

thttps://lings.soe.ucsc.edu/data


https://linqs.soe.ucsc.edu/data
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Table 7.1 Summary of three real-world networks

Data Set Cora Citeseer PubMed
# of Nodes 2,708 3,312 19,717
# of Links 5,429 4,732 44,338
# of Features 1,433 3,703 500
# in Largest Class 818 701 7,739
# in Smallest Class 180 249 4,103

Cora network contains 2,708 machine learning publications from seven classes:
Case Based, Genetic Algorithms, Neural Networks, Probabilistic Methods, Reinforce-
ment Learning, Rule Learning, Theory. There are 5,249 citation links among these
papers. Each paper is represented by a 0/1 vector of 1,433 dimensions indicating the
presence/absence of the corresponding words. In our experiments, we construct a
binary classification problem by taking the largest class, Neural Networks, as positive

class and all other classes as negative class.

Citeseer network contains 3,312 scientific publications from six classes: Databases
(DB), Machine Learning (ML), Information Retrieval (IR), Artificial Intelligence (AI),
Human Computer Interaction (HCI) and Agents. Among these papers, there are 4,732
citation links. Each paper is represented by a 0/1 vector of 3,703 dimensions indicating
the presence/absence of the corresponding words. We construct a binary classification

problem by taking the largest class, DB, as positive class and the rest as negative class.

PubMed network contains 19,717 scientific publications from PubMed related to
three types of diabetes research: Diabetes Mellitus Experimental, Diabetes Mellitus
Type 1, Diabetes Mellitus Type 2. Each paper is represented by a TF-IDF weighted
word vector from a dictionary composed by 500 unique words. There are 44,338 links
among them. We construct a binary classification problem by taking the largest class,

Diabetes Mellitus Type 2, as positive class and other classes as negative class.
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7.4.2 Experimental Settings

To test the performance of node classification on sparsely labeled networks, we vary
the percentage of labeled nodes from 2% to 20% by an increment of 2%, for Cora and
Citeseer. To maintain the number of labeled nodes at the same scale, we vary the
percentage of labeled nodes, for PubMed, from 0.2% to 2.0% by an increment of 0.2%.
For each setting, we randomly select an initial set of nodes for labeling and repeat
this process ten times. The average F) value over ten repetitions is reported as our

evaluation metric.

In our experiments, the dimensions of node text features are reduced to 200 by
applying Singular Value Decomposition (SVD) on TF-IDF matrix. For our DMF
algorithm, parameters are set as: k =40, p = 0.04, \; = 0.2, and Ay = 2 x 107°. The
effect of these parameters on classification performance will be empirically studied
later in the experiments. The maximum number of iterations is set to 50 (we will show

later that DMF can quickly converge within about 10 iterations).

7.4.3 Baseline Methods

We compare the proposed DMF algorithm with the following baseline methods:

ICA: The ICA algorithm [58] is one of the most popularly used baselines for
collective classification. We train a logistic regression classifier on labeled nodes
using their node content features and relational features calculated as the number of
positive neighbors and the number of negative neighbors. A collective inference is then

performed with the learned classifier to predict labels of unlabeled nodes.

LNP: LNP [69] is a recently proposed algorithm for performing collective classi-
fication in sparsely labeled networks. It builds a latent graph by linearly combining
five graphs: k-step graph, label similarity graph, attribute similarity graph, prediction
confidence graph, and structure similarity graph. The weights of linear combination are
trained using labeled nodes. After the latent graph is constructed, label propagation is

performed to classify unlabeled nodes.
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Semi-supervised RCI (Semi-RCI): Semi-RCI [52] is the start-of-the-art semi-
supervised collective classification algorithm that exploits node content features together
with neighbor features and neighbor labels to improve the learning performance of
the ICA algorithm. Semi-RCI first bootstraps the labels of unlabeled nodes via the
classifier trained on labeled nodes using node features and neighbor features. After
that, it trains a hybrid classifier on all nodes by utilizing node features, features of
nodes’ neighbors, as well as labels of nodes’ neighbors, and then collectively classifies

unlabeled nodes.

TADW+SVM: This baseline method is based on the most recently proposed
TADW algorithm [96] that leverages both nodes’ linkage information and content
features for network representation learning. We first learn node representations using
the TADW algorithm in an unsupervised manner, and then train a linear SVM classifier
using learned node representations. Unlabeled nodes are classified via applying the

learned SVM classifier on the node representations learned by TADW.

7.4.4 Comparison of Classification Performance

We first carry out experiments to compare classification performance of all algorithms
with different labeling rates. Average F} values for all algorithms on Cora, Citeseer
and PubMed are given in Table 7.2, Table 7.3, and Table 7.4, respectively. For each
labeling rate, the best average F value is highlighted in bold. Note that, because the
size of the PubMed network is too large for the LNP algorithm to run, the experimental
results of LNP on PubMed are not reported in Table 7.4. From all three tables, we can
see that our proposed DMF' algorithm generally outperforms other baseline methods
with all labeling rates on all three networks, although Semi-RCI performs slightly
better on Cora when the labeling rate is 2%, 4% and 6%.

Apart from the proposed DMF algorithm, for all labeling rates on Cora and 2%-10%
labeling rates on Citeseer, Semi-RCI has the best performance. When the labeling
rate varies from 12% to 20% on Citeseer, the classification performance of Semi-RCI,
LNP and ICA is comparable to each other. Experimental results on Cora and Citeseer
indicate that Semi-RCI, ranking only next to DMF, is the second best performing

method for node classification in sparsely labeled networks. However, on the larger
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Table 7.2 Average F; (%) values on Cora

Labeling Rate 2% 4% 6% 8% 10% 12% 14%  16%  18%  20%

ICA 4783 54.67 56.59 6251 6799 66.88 74.08 T73.38 75.67 78.60
LNP 4596 5768 63.99 68.82 7161 7239 76.09 7490 7585 77.72
Semi-RCI 71.32 75.96 78.73 79.56 79.37 80.79 82.61 8253 83.38 83.80
TADW+SVM  0.70 458 21.30 3949 56.84 62.64 7245 7032 74.74 76.23
DMF 68.93 7392 78.16 80.54 80.65 82.91 83.51 83.75 84.28 84.44

Table 7.3 Average F} (%) values on Citeseer

Labeling Rate 2% 1% 6% 8% 10% 12%  14% 16%  18%  20%

ICA 19.53 39.86 4994 50.01 57.14 6240 64.34 67.25 6893 69.47
LNP 14.60 40.49 51.31 5246 59.10 6596 66.38 69.64 71.65 71.86
Semi-RCI 38.48 55.63 59.17 58.78 6244 64.86 65.09 6747 68.12 68.38
TADW+SVM  1.60 4.73 10.71 1817 29.85 4238 44.68 51.76 58.72 60.42
DMF 55.19 65.36 69.09 71.18 72.50 73.09 74.32 74.72 74.93 74.49

Table 7.4 Average F; (%) values on PubMed

(No results of LNP are reported here, because the PubMed network is too large for LNP.)
Labeling Rate 0.2% 0.4% 0.6% 08% 1.0% 12% 14% 1.6% 18% 2.0%

ICA 45.61 49.29 36.19 50.97 4527 3533 5811 59.73 58.03 63.04
LNP - - - - - - - - - -

Semi-RCI 35.25 4292 4297 40.34 40.24 4564 44.81 46.23 4243 45.34
TADW+SVM  5.71 2.63 741 1090 1996 3751 53.13 59.12 57.93 65.58
DMF 52.96 57.04 57.13 59.33 62.35 63.79 68.11 68.66 67.31 70.42

PubMed network, Semi-RCI cannot achieve satisfactory classification performance,
which performs even worse than ICA. This may be caused by incorrect predictions
made on unlabeled nodes at the bootstrap step. These errors propagate through

collective inference and deteriorate the performance of Semi-RCI.

According to our analysis, the node representations learned by our DMF algorithm
are more discriminative than those learned by TADW. Therefore, DMF is supposed
to outperform TADW+SVM. As expected, for all labeling rates on Cora, Citeseer
and PubMed, DMF consistently outperforms TADW+SVM to a large margin. For
very sparsely labeled networks, the classification performance of TADW+SVM is
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Fig. 7.2 Convergence of the objective function

unsatisfactory, which shows that TADW+SVM severely suffers from label sparsity.
Comparatively, DMF can still achieve satisfactory classification performance, which

shows the effectiveness of DMF in dealing with label sparsity.

7.4.5 Convergence Analysis

In order to validate the convergence of DMF for finding solutions to the optimization
problem (7.10), we fix the labeling rate on Cora and Citeseer as 10% and that on
PubMed as 1%, and report the values of objective functions from iteration 1 to iteration
50 on all three networks in Figure 7.2. The results show that DMF can achieve fast

convergence within about 10 iterations on all three networks.

7.4.6 Parameter Sensitivity

An important parameter of the proposed DMF algorithm is the dimensionality k of the
learned node representations. The learned representations with different dimensions may
exhibit different informative and discriminative abilities. We thus perform experiments
to empirically study the effect of different values of k£ on classification performance.
We fix the labeling rate for Cora and Citeseer as 10% and the labeling rate as 1%
for PubMed. Fj values of DMF and TADW+SVM on three networks with different
values of k£ are shown in Figure 7.3. From Figure 7.3, we can find that, on Cora and
Citeseer, the proposed DMF algorithm is not sensitive to k£, and on PubMed, the F}

value decreases slightly with an increase of k. What can also be observed from Figure



7.4 Experiments 123

1 1 1
—v—DMF
-+~ TADW+SVM
08F T T T v 08 08
06 P —— 0.6 06 \\\‘
& e e 9 5
0.4 o 0.4 0.4
» U
0.2 7 0.2 T 0.2 R
e —v—DMF Eas —v—DMF P
—-#-— TADW+SVM Vs —-e-- TADW+SVM — .
0 0 0
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
k k k
(a) Cora (b) Citeseer (c¢) PubMed

Fig. 7.3 F} values with respect to different k& values

0.9 09 1
v Ty T —— .
08 08 08
07 07
0.6
£ 06 S . ) =
I SR R I LD N N PN S 04
0.5 05 == -
——Cora —v—Cora 0.2
0.4 Citeseer 04 Citeseer
— =~ PubMed — = —PubMed
0.3 0.3 0 2 -4 6 8 10
0 002 004 006 008 0.1 0 02 0.4 06 038 1 2x 102 2x 10 2x10°  2x10%  2x10°
u At A
(a) p (b) A1 (c) A2

Fig. 7.4 F; values with respect to different u, A\; and A\, values

7.3 is that the F} value of TADW+SVM rises gradually with an increase of k. This
indicates that, using less feature dimensions, the proposed DMF algorithm can still

yield better classification performance.

We also carry out experiments using different p, A\; and Ay values to investigate their
impact on classification performance. In this set of experiments, we use the default
setting on Cora, Citeseer with 10% labeling rate and on PubMed with 1% labeling rate.
We take turns to fix two parameters out of the three and vary the third parameter to
study its effect on classification performance. Figure 7.4(a), Figure 7.4(b), and Figure
7.4(c) show Fj values in regard to different values of p, A; and Ay, respectively. From
Figure 7.4(a) and Figure 7.4(b), we can see that, on Cora and Citeseer, DMF is not
sensitive to different values of p and Ay, while the classification performance of DMF
slightly fluctuates with different values of p and A\; on PubMed. From Figure 7.4(c), we
can observe that, on Cora and Citeseer, DMF achieves a larger slope of improvement
when A, varies from 2 x 1073 to 2 x 107, and its performance starts to stabilize after

Ao increases to 2 x 107°. On PubMed, there is a similar trend, while the performance
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Fig. 7.5 Visualization of learned representations

of DMF becomes stable at a later stage when Ay = 2 x 1075 and starts to decrease

when Ay = 2 x 1078,

7.4.7 Visualization of Learned Representations

To validate whether the node representations learned by the proposed DMF algorithm
are indeed more discriminative than those learned by TADW, we project the node
representations learned by DMF and TADW on Cora with 20% labeling rate into
two-dimensional space using the t-SNE package [83]. We randomly select 400 positive
and 400 negative, and plot the visualization results in Figure 7.5. The results in Figure
7.5 show that different classes of data points generated by DMF are indeed better
separated from each other, compared to the results generated by TADW.

7.5 Conclusion

In this chapter, we proposed a new discriminative matrix factorization (DMF) frame-
work for classifying sparsely labeled networks. We argued that when the provided
network is sparsely labeled, unlabeled nodes may have too few labeled neighbors, or
have very low structure similarity in local proximity to labeled nodes. Hence, existing

semi-supervised and connectivity-based algorithms cannot produce satisfactory perfor-
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mance. Instead, we resorted to exploiting random walk based path dependencies to

augment network structure, and learning a latent network representation that fully

encodes nodes’ content information and augmented network structure to minimize clas-

sification loss. By incorporating node content, augmented network structure, together

with sparsely labeled nodes, to form a new objective function, DMF is able to learn

a latent vector representation for each node, such that a classifier learned from the

new vector representations has the minimum loss for classifying nodes in the whole

network. Experiments on real-world networks demonstrated clear performance gain,

compared to the state-of-the-art algorithms.

7.6 APPENDIX

A. Calculation for V f(v)

As &;; = t; ® w; = vec(wt]), we have
Vi
Y WEy — Myj)wit] =WFTT =WWTHTT' - WMT",

ij=1

where Ej = UTQEZ'J' — Mija i.e., F= WTHT — M. ThUS,

Vi) =vecWW HTT" —WMT") + \v.

B. Calculation for V?f(v)s

In (7.21), after substituting &;; = t; ® w;, we have
VI . V| T -
D ®yE s = Y [(tjtj ) ® (w;w; )} s.

1,j=1 4,j=1

Let S € R¥/t such that s = vec(S). Using the identity

(B" @ A)vec(X) = vec(AXB),

(7.32)

(7.33)

(7.34)

(7.35)
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we have {(tjth) ® (wl'wgf)} s = vec(ww, St;t]). Thus,
VI V| V|
i,j=1 i=1 J=1
i i (7.36)
=Y w; [ Y Uyt; | =wWUT",
i=1 j=1
where U;; = w}' St;, i.e., U=W7TST. Hence,
4
> @z s = vec(WUT") = vec(WW?'STT?). (7.37)
ij=1
Thus,
V2f(v)s = vec(WWTSTTT) + \;s. (7.38)
C. Calculation for Vg(w)
As y;; = (Ht;) ® e; = vec(e;it; H'), we have
V|
Z (ngij — MZ])eZtJTHT = FTTHT
inj=1 (7.39)
=W'HTT"H" — MT"H".
As z, = ni.., ® e, = vec(e,ni,), we have
Z (wTin - Y, + "7k+1)en"7£k = ]g/METIEk' (7'40)
nel
Thus,
Vy(w) = vec(W HTT"H" — MT"H") + pvec(Iy, . Enyy,) + Aw. (7.41)
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D. Calculation for VZg(w)s
Similar to (7.37),
VI
> Uigi;s = vec(SHTT H™), (7.42)
ij=1
where S € RVIXF satisfies s = vec(S). As 2, = N1 @ e,
> zzs = [(manly) ® (enel)] s
=vec(d_ e,e; Snianyy)-
neLl
As
> €ne, STy = > en(en SMs) Ly,
nel neLl (7.44)
2 _ T 77T T T
Vig(w)s = vec(SHTT H") + pvec(ljy V) + Azs. (7.45)



Chapter 8

Binary Attributed Network
Embedding for Efficient Search

8.1 Introduction

Networks offer a natural way to capture intrinsic relationships between entities — social
interactions among people, collaboration between co-workers, biological interactions
among proteins, flow-of-funds between financial transactions, and so on. Networks
can be modeled as a graph, where nodes indicate entities and edges indicate pairwise
relationships between two nodes. Searching similar nodes in networks is an essential
network analytic task, which directly benefits many real-world applications. For the
social security, potential terrorists can be detected by searching people with the same
organization associations in the communication networks or online social networks. On
e-commerce platforms, personalized recommendations can be effectively delivered by
searching users with similar interests among users’ social relations. In social networks,
social actors with important structural roles, such as the center of a start or hole
spanner, can be discovered by searching nodes with the same properties among the
whole network. Searching similar nodes can also benefits other tasks, such as Web
page retrieval in the World Wide Web [23], link prediction in social networks [72], and

identity resolution in the bibliographic collaboration network [108].
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To enable similarity search over networks, conventional methods usually leverage the
structural properties of a network including common neighbors and structural context to
estimate the similarity between nodes. Representative algorithms include Personalized
PageRank [23], SimRank [28], P-Rank [110], TopSim [38], and Panther [108]. However,

these methods suffer from two drawbacks:

« High computational cost. Most existing structure based search algorithms
have an at least quadratic time complexity with respect to the number of nodes.
For example, SimRank [28] has a complexity of O(|V|?d?) to find the top-K nodes
for all nodes, where |V| is the number of nodes in a network, and d is the average
degree of all nodes. This computational overhead makes algorithms difficult to

scale up to large-scale networks with millions or billions of nodes.

o Incapable of capturing node content similarity. In addition to network
structure, network nodes are often associated with rich content, such as user
profiles in social networks, texts in Web page networks. Node content contains
crucial information that provides direct evidence to measure node similarity. The
structure based similarity search methods fail to leverage the similarity measured

by node content, leading to suboptimal search results.

Recently, network embedding [63, 76, 96, 104] has been proposed to facilitate network
analytic tasks, which aims to embed network nodes into a low-dimensional continuous
vector space, by preserving network structure and/or node content information. After
learning new node representations, network analytic tasks can be easily carried out
by applying off-the-shelf machine learning algorithms to the new embedding space.
However, such a machine learning driven network embedding paradigm often results
in node representations that are inefficient for large-scale similarity search in terms
of both time and memory. Consider a network with 10 million nodes, if we learn
200-dimensional dense vector-format node representations for each node, it requires
15G memory to accommodate these representations using standard double precision
numbers, which is prohibitively intractable for general computing devices. Given a
query node, if we want to find its similar nodes among the whole network, it requires
to calculate the Euclidean distance between the query node and all other nodes in

the network, which requires 2 billion times of floating-point product operation and 2
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billion times of floating-point addition operation. The high computational cost makes it
unsuitable for real-time retrieval systems that require responsive solutions. In summary,
searching similar nodes with continuous node representations inevitably incurs high

time and memory cost, resulting in unsatisfactory performance on large-scale networks.

As an alternative way of exact nearest neighbor search in Euclidean space, hashing
techniques [12] have been proposed to improve search efficiency. Hashing techniques aim
to transform the numeric data in the Euclidean space into binary codes by preserving
the similarity in the original space. As a consequence, data can be stored with low
memory cost and similarity search can be conducted efficiently by calculating the
Hamming distance between node binary codes with bitwise operations. Borrowing the
idea of hashing, we propose to learn binary representations for network nodes, i.e.,
transforming network nodes into binary codes rather than numeric vectors, such that
the memory and time efficiency for similarity search can be significantly improved.
Despite its potential, the binary node representation learning is confronted with the

following two challenges:

o Heterogeneity. To guarantee search accuracy, binary node representations
are expected to capture the information from both network structure and node
content, i.e., preserving node similarity in both structure level and node content
level. However, network structure and node content are not always consistent to or
correlated with each other. How to fuse information from these two heterogeneous
sources into binary codes and make them complement rather than deteriorate

each other is a big challenge.

« Scalability. With the objective of preserving node structure level and content
level proximity, discovering the optimal binary node representations is NP-hard.
When it comes to large-scale networks with millions or billions of nodes/edges,
and high dimensional node content features, it is impossible to find the exact
optimal solutions in an efficient way. To make the learning highly scalable, in the
promise of assuring the quality of solutions, approximation techniques together

with online or parallel learning strategies need to be developed.

An intuitive solution to binary network embedding is to first learn continuous node

representations and then binarize them into binary codes with the conventional hashing
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techniques. However, because converting continuous embeddings into binary codes
inevitably causes information loss, the learned binary codes cannot accurately capture
node similarity on both structure and content level. As a result, as demonstrated later
in our experiments, this two-step learning strategy usually results in unsatisfactory

search accuracy.

In this chapter, we propose a novel Binary Network Embedding algorithm, called
BinaryNE, to learn binary node representations directly from both network structure
and node content features for efficient similarity search. BinaryNE learns binary
node representations by simultaneously modeling node context and node attribute
relations through a three-layer neural network, with the objective of capturing node
similarity in both network structure and node content. To obtain binary codes, the
sign function sgn(-) is employed as activation function in the hidden layer. However, as
the gradient of the sign function is zero almost everywhere, traditional gradient decent
based optimization strategies are infeasible for learning parameters, which is known
as the ill-posed gradient problem. To address this problem, we adopt the state-of-the-
art continuation technique [3, 10] and develop an online stochastic gradient descent
algorithm to learn parameters, which guarantees the great scalability of BinaryNE.
Experiments on six real-world networks show that BinaryNE exhibits much lower
memory usage and quicker search speed than the state-of-the-art network embedding

methods, while still achieving competitive search accuracy.

The main contribution of this chapter is threefold:

o We analyze the feasibility and advantage of learning binary node representations

as a solution to efficient node similarity search over large-scale networks.

« We propose the BinaryNE algorithm to effectively learn high-quality binary node

representations from both network structure and node content features.

o We conduct experiments to compare search performance of the BinaryNE al-
gorithm and other network embedding algorithms, showing the superiority of

BinaryNE in terms of memory usage and search time.
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8.2 Problem Definition and Preliminaries

In this section, we give a formal definition of the binary network embedding problem,

followed by a review on the preliminaries of DeepWalk.

8.2.1 Problem Definition

Given a network G = (V, £, A, X), where V is the set of nodes, € CV x V is the set of
edges, and A is the set of attributes. X € RVI*MI is the node feature matrix, with
each element X;; > 0 indicating the occurrence times/weights of attribute a; € A at
node v; € V. For networks taking continuous attribute values, discretization can be

used to convert continuous values to the categorical ones.

The BinaryNE algorithm aims to learn binary representations for network nodes,
i.e., learning a mapping function ® : v; € V +— {+1, —1}¢, where d is the dimension of
the embedding space. The learned binary node representations ®(v;) are expected to
satisfy the following two properties: (1) low-dimensional, the dimension d should be
much smaller than the dimension of node adjacent matrix representation |V|, for the
sake of search efficiency; (2) informative, to guarantee the quality of node similarity
search, the learned binary node representations should capture node similarity measured

by both network structure and node content features.

8.2.2 Preliminaries: DeepWalk

Borrowing the idea of Skip-Gram model [55], which learns word representations by
preserving context similarity, DeepWalk leverages random walks to generate node
context and represents nodes sharing similar context closely in the new embedding
space. Given a random walk with length L, {v,,,vp,, -+ , v, - v, }, for each node
vy,, DeepWalk learns its representation by using it to predict its context nodes, which
is realized by maximizing the occurrence probability of context nodes conditioned on

this node:

m(gn —logP({vy,_,s s Uriy b \ U Ury)s (8.1)

where {v,, ,,---,v,,,,} \ v, are the context nodes of v,, within ¢ window size.
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Using the conditional independence assumption, the probability P({v,, ,, -+, vy, }\
vy, |vr,) can be calculated as
i+t
P({Uﬁ;t’ e ’UTz‘+t} \ Ur; |UT’1') = H P(UT’]‘ |UTi)' (82)
=it
Following [102], after a set of random walks are generated, we can formulate the overall

optimization problem as

vV

m%n—ZZn(vi,vj)log P(v;|v:), (8.3)

i=1j=1

where n(v;,v;) is the occurrence time of node context pair (v;, v;) collected from all

random walks with ¢ window size and P(v;|v;) is modeled by softmax:

xp(®(v) - W(v;)
2L exp(@(v;) - U(vy))

Pvjlvi) =

The overall optimization problem can be solved by iteratively sampling a node

context pair (v;, v;) and minimizing the following partial objective:

O;; = —log P(vj]v;). (8.4)

8.3 Binary Network Embedding

This section details the optimization problem that we formulate for the binary network

embedding, followed by the solution on how to solve it efficiently.

8.3.1 The Optimization Problem

Our objective is to learn informative binary network embeddings, with both network
structure and node content features well preserved. The idea of DeepWalk can be
borrowed here for capturing network structure. To capture node content level similarity,

we try to represent nodes sharing similar attributes closely in the low-dimensional
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Fig. 8.1 The model architecture of BinaryNE. For each node v;, BinaryNE learns its
binary representation by using it to predict its context node v; and its attribute a;.

space. To achieve this goal, we apply the idea of Skip-Gram [55] again, by using each
node to predict its content attributes. For each node attribute co-occurrence pair

(vi, a;), we minimize the following objective:
Op; = —log P(aj|v;). (8.5)

We illustrate the architecture of the proposed BinaryNE algorithm in Fig. 8.1, which is
a three-layer neural network: the first layer is the one-hot representation for each node
v;, the hidden layer is the binary node representation ®(v;) € {+1, —1}% constructed
from the input layer, and the output layer is the softmax conditional probability P(v;|v;)
and P(a;|v;) for each context node v; and each attribute a;, modeled through node

binary representations in the hidden layer.

Given node v;’s one-hot representation p* € RV with p}, = 1 for k = i, and p}, = 0
for k # i. The binary node representation ®(v;) in the hidden layer is constructed by

performing a linear transformation on p’ and activating with the sign function:

. . . . . . T
®(v;) = [sgn(p’ - W"), sgn(p’ - W), sen(p’ - Wi

. . . T
= [Sgn<WiZ{L)7 Sgn( ;2”)7 e >Sgn( zla?)} )
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where Wi is the k-th column of W™ € RIVI*4 (the weight matrix from the input layer
to the hidden layer) and sgn(-) is the sign function, which is defined as

(2) +1, if x >0,
sgn(z) =
— 1, otherwise.

In the output layer, for the node context pair (v;,v;), we model the probability P(v;|v;)

with softmax: ot

exp(P(vi) - W5™)

P(Uj|v ) Vi out,s\ ’
>kt exp(P@(v;) - W)

where W?ut’s is the j-th column of W5 € R¥>IVl (the weight matrix from the hidden

layer to the output layer for predicting node context). Similarly, for the node attribute
co-occurrence pair (v;, a;), we model the probability P(a;|v;) as
exp(®(v;) - W)

P(CL‘|U¢) = o
’ S exp(@(v;) - W)

where W(]’-”t’“ is the j-th column of Wo*e € R¥MI (the weight matrix from the hidden
layer to the output layer for predicting node attribute).

To learn informative binary node embeddings, we integrate the structure proximity
preserving objective in Eq. (8.4) with the node attribute similarity preserving objective

in Eq. (8.5), and obtain the following overall optimization problem:
mq}n O, (8.7)

where
V| V] VI |A]

= —a1 Y > n(vi, v)logP(vj|v;) — a2 Y >~ X;logP(aj|v:). (8.8)

i=1j5=1 i=1j=1
Here, oy and ay are the trade-off parameters to balance the contribution of structure

preserving objective and node content preserving objective. They are specified as

1 1
, Qg = —5———.
SIS n (o, ;) Sy X

Q=
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In Eq. (8.8), only the non-zero entries of n(v;,v;) and X;; are considered, whose

number is much smaller than [V| x |V| and |V| x |A|, respectively.

8.3.2 Solving the Optimization Problem

As the derivative of the sign function used to construct binary codes is zero almost
everywhere, solving the optimization problem (8.7) with gradient descent is ill-posed.
Following [10], we approximate the non-smooth sign function sgn(x) with its smooth

proxy tanh(fSz), which satisfies the following property:
lim tanh(fz) = sgn(x).
[B—00
Thus, in Eq. (8.6), node representation ®(v;) is constructed as
. . . T
®(v;) = [tanh(BW]"), tanh(BW), -, tanh(BW)] . (8.9)

With this continuous approximation, we can solve the optimization problem (8.7) with
stochastic gradient descent. At each iteration, we randomly select a node context
pair (v;,v;) according to the distribution of n(v;,v;) or a node attribute co-occurrence
pair (v;, a;) according to the distribution of X;;, and then update parameters towards

minimizing the corresponding partial objective Of; in Eq. (8.4) or Of; in Eq. (8.5).

Given a sampled node context pair (v;, v;), for training efficiency, we adopt negative

sampling [21] to approximate the partial objective Of; in Eq. (8.4) as

05, = —loga(®(v;) - W) = >~ logo(—®(v;) - W5™), (8.10)

k:vg€Vneg
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where V., is the set of sampled negative nodes and o(-) is the sigmoid function. Then

we update the parameters with gradient descent:

o = e T gy
Wout,s o WOUt,S - n% (8 11)
.5 - 9 out,s? ’
i J oW
00¢

i

t,s out,s
Wgts = gt
:k :k n out,s?
oW,

for v, € Vyey,

where 7 is the learning rate. The gradients are calculated as

8(9f j out,s out,s
Si = Ol — tanh (B o (B(0) - WE™) — W5
+ A1 — tanh(BW)] Y o(@(vs) - W)W,
kv EVneg

00s.

s = [o(®(v;) - W) = 1)(vy),
VV:j t, J
00s,
ity = 0(®(0r) - W)@ (wr), for v € Vi,

:k

Similarly, after a node attribute co-occurrence pair (v;,a;) is sampled, with negative

sampling [21], the partial objective Of; in Eq. (8.5) is approximated as

O = —logo(®(v;) - W) = > logo(—P(v;) - W), (8.12)

J
kvg€Aneg

where A, is the set of sampled negative attributes. We then update the parameters

with gradient descent

Win o Wzn 6037
i i namm’

Wz;ut,a _ Wc;ut,a _ n%7 (813)
: ‘ aW.‘;“ “

Wout,a . Wout,a GO?J f A
:k — Vi - nawout,rw or ay € neg-
:k
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Algorithm 4 BinaryNE: Binary Network Embedding

Input:
A given network G = (V, &, A, X);
Output:
Binary node embedding ®(-) for each v; € V;
S « generate a set of random walks on G;
n(vi, vj) <= count the frequency of node context pairs (v;,v;) in S;
(Win Wouts Jyyout.a) ¢ initialization;
repeat
draw a random number ¢ € (0, 1);
if § < 0.5 then
(vi,vj) < sample a node context pair according to the distribution of n(v;, v;);
Vneg < draw K negative nodes;
(Wi, Woubs) « update parameters with (v;,vj, Vneg) and Eq. (8.11);
else
(vi,a;) < sample a node attribute pair according to the distribution of Xj;;
Apeg < draw K negative attributes;
(Win Wweuta) « update parameters with (v, aj, Aneg) and Eq. (8.13);
14:  end if
15: until maximum number of iterations expire;
16: construct node embedding ®(-) with W and Eq. (8.14);
17: return &(-);

— = = e
P> i

The gradients are calculated as

aog in out,a out,a
i = AL tanh(BWE) | [o((ur) - W) — W5
+ B[~ tanh(BW)T] XS o(®(r) - W)W,
kg €Aneg
908
o = o(@(v) - W5 — 1] (v;)
out,a e : v
W ’
00y
ot = 0(B(0)  WE )P (w1, for a1 € vy
:k

After the parameters are learned, for node v; € V, we construct its embedding ®(v;) as

o0, +1, if tanh(BW/) > 0, (5.14)
Vi)r = ) .
—1, if tanh(BW/™) < 0.

To obtain binary codes for efficient Hamming distance calculation, we store the —1

value of ®(v;), as 0.
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Algorithm 4 provides the pseudocode of the proposed BinaryNE algorithm. At
Step 1, a set of random walks with length L are generated by starting random walks
at each node v; € V for v times. At Step 2, on the generated random walks, with ¢
window size, BinaryNE collects node context pairs (v;,v;) and counts their occurrence
frequencies n(v;,v;). At Step 3, W™ is initialized with random numbers, and We“-*
and Woue are initialized with zero. At Step 4-15, the parameters are updated with
stochastic gradient descent. Each iteration starts from drawing a random switch
variable 4 € (0,1) to determine which partial objective to be optimized. To optimize
the structure preserving partial objective, BinaryNE randomly draws a node context
pair (v;,v;) according to the distribution of n(v;,v;), and draws K negative nodes,

forming V,.,, then updates the parameters with Eq. (8.11). To optimize the attribute

eg>
preserving objective, BinaryNE draws a node attribute co-occurrence pair (v;,a;)
according the distribution of X;; and draws a negative attribute set A,., with size K,
then updates the parameters with Eq. (8.13). For efficient node context pair and node
attribute pair sampling, BinaryNE adopts the alias table [40] method, which takes only
O(1) time at each sampling. Finally, BinaryNE constructs binary node representations

®(-) with W™ and Eq. (8.14).

The time complexity of BinaryNE is determined by only the dimension of node
embeddings d and the maximum number of iterations. The scale of the maximum
number of iterations is O(max(nnz(X), |V])), where nnz(X) is the number of non-zero
entries of X, and |V| is the scale of node context pairs collected via random walks.
BinaryNE has a time complexity of O(d - max(nnz(X),[V|)), which guarantees its

ability to scale up to large-scale graphs.

8.4 Experiments

In this section, we conduct experiments on six real-world networks to evaluate the
performance of binary node representations learned by BinaryNE for node similarity

search, including search precision, response time and memory usage.
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Table 8.1 Summary of six real-world networks

V| €| |A| nnz(X) 4 of Class
Cora 2,708 5,278 1,433 49,216 7
Citeseer 3,312 4,732 3,703 105,165 6
BlogCatalog 2,196 171,743 8,189 369,435 6
Flickr 7,575 239,738 12,047 182,517 9
DBLP(Subgraph) 18,448 45,611 5,959 108,016 4

DBLP(Full) 1,632,442 2,327,450 154,309 10,413,178  N/A

8.4.1 Datasets

Six real-world networks are used in the experiments, with the details as follows:

e Cora'. The Cora network is composed of 2,708 machine learning publications
and their citation relationships. Theses publications are categorized into seven
groups. Each publication is represented by a 1,433-dimensional binary vector,

with each dimension denoting the presence/absence of the corresponding word.

« Citeseer!. Citeseer is another citation network with 3,312 papers and 4,732
citation relations. There are 6 classes among papers. According to the occurrence
of the corresponding word, each paper is described by a 3,703-dimensional binary

vector.

+ BlogCatalog?®. The BlogCatalog network is an online social network formed
by BlogCatalog, a blogger community. The BlogCatalog network contains 5,196
users and 171,743 follower-followee relations. Users’ groups are defined as the
categories of their blogs. The keywords of users’ blogs are used to construct
users’ feature vectors. Here, binary feature vectors are constructed, with only

the keyword occurrence state concerned.

o Flickr?. Flickr is an online photo sharing platform. The Flickr network in-

cludes 7,575 users and 239,738 follower-followee relations. These users join in

Thttps://lings.soe.ucsc.edu/data
2http://people.tamu.edu/ xhuang/Code.html
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9 predefined groups. Users’ features are described by the tags of their images.
Each user is represented by 12,047-dimensional binary vector, according to the

occurrence/absence of the corresponding tag.

« DBLP(Subgraph) and DBLP(Full). The DBLP(Full) network is formed by
the papers, paper titles, and paper citations of the DBLP bibliographic network?®.
In DBLP(Full), there are in total 1,632,442 papers and 2,327,450 citations. The
DBLP(Subgraph) is a subgraph of the DBLP(Full) network, constructed by papers
from four research areas: Database, Data Mining, Artificial Intelligence, and Com-
puter Version, which also act as paper labels. DBLP(Subgraph) contains 18,448
papers and 45,611 citation relations. For DBLP(Full) and DBLP(Subgraph),

papers’ titles are used to construct binary bag-of-words feature vectors.

For each network, the direction of links is ignored. Cora, Citeseer, BlogCatalog,
Flickr, and DBLP(Subgraph) are used to evaluate the performance of the binary
node representations learned by BinaryNE on node similarity search, including search
precision, query time and memory usage. DBLP(Full) is used to investigate the

scalability of node similarity search with BinaryNE binary codes.

8.4.2 Baseline Methods

BinaryNE is compared with two groups of state-of-the-art methods, which are measured

by two metrics (Euclidean and Hamming distance) respectively:

o Continuous embeddings measured by Euclidean distance:

— DeepWalk/node2vec [63, 19] preserves the similarity between nodes shar-
ing similar context in random walks. node2vec is equivalent to DeepWalk

with the default parameter setting p = ¢ = 1.

— LINEZ1 [76] denotes the version of LINE that captures the first-order prox-
imity.

— LINE2 [76] represents the version of LINE that models the second-order

proximity.

Shttps://aminer.org/citation (Version 3 is used)


https://aminer.org/citation
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— SDNE [87] learns deep non-linear node representations via a semi-supervised

deep autoencoder.

— TADW [96] learns node embeddings that capture both network structure

and node content similarity via inductive matrix factorization [57].

— UPP-SNE [102] performs a non-linear mapping on node content features
to learn node embeddings that preserve both network structure and node

content features.

— MVC-DNE [97] fuses network structure and node content features into

node embeddings through deep cross-view learning.

— SINE [105] learns node representations by using node representations to

simultaneously predict context nodes and node content attributes.

— Feature. Node raw content feature is also used as a baseline for similarity
search. For each node v; € V, its feature vector is X;., with X;. being the

i-th row of X.
o Discrete embeddings measured by Hamming distance:

— Quantized Continuous Embeddings. To obtain binary node represen-
tations, a naive way is to quantize the continuous node embeddings into
binary codes. As a baseline, we binarize the continuous embeddings learned
by above baseline methods with Spectral Hashing [92], and denote these
methods as DeepWalk+Q, LINE1+4-Q, LINE2+Q, SDNE+Q, TADW+Q),
UPP-SNE+-Q, MVC-DNE+Q, SINE+Q, and Feature+Q.

— NetHash [93]. It is the state-of-the-art discrete attributed network em-
bedding method. Each dimension of the NetHash embeddings is randomly
selected from the content feature ID set aggregated from neighborhood. As
the learned discrete node representations do not take binary values, the

Hamming distance cannot be efficiently calculated with bitwise operations.
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8.4.3 Experimental Settings

For all methods, we set the dimension of embeddings d = 128. For DeepWalk, UPP-
SNE, SINE, and BinaryNE, we set the length of random walks L = 100, the number

of random walks starting from per node v = 40, and the window size ¢ = 10.

For fair comparisons, we use the same strategy to train DeepWalk, UPP-SNE, SINE,
and BinaryNE: we first collect node context pairs from the generated random walks,
and update parameters with stochastic gradient descent by sampling node context
pairs. For DeepWalk, LINE, UPP-SNE, SINE and BinaryNE, we set the maximum
number of iterations to 100 million for Cora and Citeseer, 200 million for BlogCatalog,
Flickr and DBLP(Subgraph). For DeepWalk and BinaryNE, we set the maximum
number of iterations to 1 billion for DBLP. For DeepWalk, LINE, UPP-SNE, SINE
and BinaryNE, we gradually decrease the learning rate n from 0.025 to 2.5 x 1075,

For SDNE, its hyperparameters a and v are set to 0.01, and § is set to 10, and
the number of neurons at each layer is set to 2708-512-128, 3312-512-128, 5,196-
512-128, 7,575-512-128 and 18,448-512-128 for Cora, Citeseer, BlogCatalog, Flickr
and DBLP(Subgraph) respectively. For MVC-DNE, on Cora, Citeseer, BlogCatalog,
Flickr and DBLP(Subgraph), the number of neurons at each layer in the structure
view is respectively set to 2708-512-64, 3312-512-64, 5,196-512-64, 7,575-512-64 and
18,448-512-64, and the number of neurons at each layer in the node content feature
view is respectively set to 1,433-512-64, 3,703-512-64, 8,189-512-64, 12,047-512-64 and
5,959-512-64. For SDNE and MVC-DNE, 500 epochs are respectively used for pre-
training and parameter fine-tuning. We set other parameters of SDNE and MVC-DNE
according to [97].

As the content feature dimension of BlogCatalog, Flickr and DBLP(Subgraph) is
too large for TADW, before running TADW on them, we reduce the dimension of their
node content features to 200 with SVD. Default settings are used to train NetHash.
For BinaryNE, we gradually increase the parameter g from 0.01 to 1.
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8.4.4 Evaluation Metrics

For each node in a network, we in turn query its top-K similar nodes. K is set to 100,
200, and 500, respectively. We adopt averaged precision and MAP (Mean Averaged

Precision) as evaluation metrics.

For querying nodes similar to node v;, the precision@K (v;) is defined as

] ) < e A
precisionQK (v;) = [{vs|rank(v;) < II((’C@Z) C(”])H)

where rank(v;) is the position of v; in the rank list of nodes similar to v;, and
C(v;) = C(v;) indicates that node v; and v; have the same class label, with C(-) used
to denote node class label. As we in turn take all nodes in V as query nodes, we report

the averaged precision@QK as final results.

MAP (Mean Average Precision) is an information retrieval metric with good
discrimination and stability. Different from precision, MAP takes into account the
order in which relevant nodes are placed in the returned similar node rank list. When

we vary the query node v; over V, the MAP value is calculated as

B K | precision@k(v;) - relavant@k(v;)

APQK Vi) = s
(v) (]C0,) = Clon), vy € V)]
VI |
MAPGK — == AﬁT@K(%),

where relavant@k(v;) is an indicator function equaling 1 if the k-th retrieved node is

relevant and 0 otherwise.

8.4.5 Similarity Search Results

Tables 8.2-8.6 give similarity search results on Cora, Citeseer, BlogCatalog, Flickr and
DBLP(Subgraph). For query time, we only consider the time consumed by calculating
the distance between the query node and all remainder nodes, which contributes to the
main computational overhead for similarity search, and report the time averaged over

all query nodes (in milliseconds). We also provide the search speedup of BinaryNE
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Table 8.2 Similarity search results on Cora

Metric Method precision@100 MAP@100 precision@200 MAP@200 precision@500 MAP@500 Query time (ms) Speedup
DeepWalk 0.6288 0.1325 0.5555 0.2170 0.4016 0.3291 1.61 23.0 x
LINE1 0.3966 0.0664 0.2980 0.0811 0.2233 0.1084 1.62 23.1 x
LINE2 0.3424 0.0479 0.2874 0.0643 0.2415 0.0993 1.67 23.9 x
SDNE 0.2956 0.0366 0.2562 0.0498 0.2239 0.0802 1.87 26.7 x
Euclidean TADW 0.2204 0.0157 0.2078 0.0250 0.1944 0.0490 1.65 23.6 x
UPP-SNE 0.6098 0.1228 0.5314 0.1938 0.4049 0.3032 1.62 23.1 x
MVD-DNE 0.3641 0.0425 0.3257 0.0656 0.2780 0.1143 1.84 26.3 X
SINE 0.4389 0.0717 0.3745 0.1041 0.3014 0.1642 1.88 26.9 x
Feature 0.2240 0.0166 0.2060 0.0252 0.2189 0.0551 17.57 251.0 x
DeepWalk+Q 0.4043 0.0685 0.3236 0.0907 0.2494 0.1293 0.06 0.9 x
LINE1+Q 0.3672 0.0599 0.2901 0.0753 0.2298 0.1060 0.06 0.9 x
LINE2+Q 0.2854 0.0331 0.2446 0.0446 0.2108 0.0713 0.07 1.0 x
SDNE+Q 0.2525 0.0222 0.2311 0.0333 0.2106 0.0607 0.06 0.9 x
TADW+Q 0.1914 0.0101 0.1883 0.0177 0.1860 0.0394 0.06 0.9 x
Hamming UPP-SNE+Q 0.3277 0.0382 0.2852 0.0551 0.2424 0.0914 0.07 1.0 x
MVC-DNE+Q 0.2638 0.0204 0.2461 0.0332 0.2246 0.0648 0.07 1.0 x
SINE+Q 0.2900 0.0283 0.2593 0.0422 0.2274 0.0740 0.07 1.0 x
Feature+Q 0.2605 0.0210 0.2398 0.0329 0.2177 0.0620 0.07 1.0 x
NetHash 0.4546 0.0757 0.3852 0.1097 0.2993 0.1656 1.17 16.7 x
BinaryNE 0.5828 0.1089 0.5210 0.1767 0.4165 0.2963 0.07

Table 8.3 Similarity search results on Citeseer

Metric Method precision@100 MAP@100 precision@200 MAP@200 precision@500 MAP@500 Query time (ms) Speedup
DeepWalk 0.4233 0.0508 0.3843 0.0861 0.3158 0.1543 1.98 24.8 x
LINE1 0.2878 0.0282 0.2369 0.0373 0.1994 0.0572 2.03 25.4 X
LINE2 0.2548 0.0216 0.2197 0.0294 0.1956 0.0483 1.98 24.8 x
SDNE 0.2256 0.0155 0.2065 0.0227 0.1927 0.0417 2.39 29.9 x
Euclidean TADW 0.2003 0.0103 0.1910 0.0166 0.1833 0.0339 1.99 24.9 x
UPP-SNE 0.4973 0.0594 0.4552 0.1015 0.3794 0.1861 1.95 24.4 x
MVC-DNE 0.3471 0.0286 0.3173 0.0463 0.2780 0.0864 2.23 27.9 x
SINE 0.3728 0.0381 0.3366 0.0612 0.2852 0.1070 2.37 29.6 x
Feature 0.2532 0.0140 0.2471 0.0249 0.2320 0.0530 55.43 692.9 x
DeepWalk+Q 0.3094 0.0302 0.2600 0.0416 0.2185 0.0658 0.08 1.0 x
LINE1+Q 0.2984 0.0287 0.2570 0.0407 0.2213 0.0668 0.08 1.0 x
LINE2+Q 0.2303 0.0157 0.2087 0.0229 0.1921 0.0415 0.08 1.0 x
SDNE+Q 0.2045 0.0112 0.1950 0.0178 0.1871 0.0359 0.08 1.0 x
TADW+Q 0.1865 0.0085 0.1848 0.0148 0.1813 0.0316 0.06 0.8 x
Hamming UPP-SNE+Q 0.3324 0.0322 0.2800 0.0448 0.2329 0.0715 0.08 1.0 x
MVC-DNE+Q 0.2562 0.0151 0.2417 0.0252 0.2233 0.0508 0.08 1.0 x
SINE+Q 0.2544 0.0157 0.2374 0.0252 0.2178 0.0493 0.08 1.0 x
Feature+Q 0.2692 0.0175 0.2472 0.0279 0.2217 0.0528 0.09 1.1 x
NetHash 0.3866 0.0378 0.3417 0.0583 0.2851 0.0999 1.35 16.9 x
BinaryNE 0.5013 0.0608 0.4626 0.1055 0.3905 0.1964 0.08

compared with baselines. For continuous and discrete embeddings, the best and second

best performer is highlighted by bold and underline, respectively.

From Tables 8.2-8.6, we can see that BinaryNE consistently achieves the best
precision and MAP among discrete embedding methods with significant advantage
over the second best performers, and provides comparable or better search results than

continuous embedding methods. This is attributed to BinaryNE’s ability to effectively



8.4 Experiments 146

Table 8.4 Similarity search results on BlogCatalog

Metric Method precision@100  MAP@100 precision@200 MAP@200 precision@500 MAP@500 Query time (ms) Speedup
DeepWalk 0.4393 0.0330 0.3863 0.0530 0.3041 0.0873 3.68 30.7 x
LINE1 0.3844 0.0275 0.3160 0.0411 0.2376 0.0616 3.59 29.9 x
LINE2 0.2395 0.0138 0.2228 0.0225 0.2024 0.0417 3.60 30.0 x
SDNE 0.3077 0.0173 0.2780 0.0275 0.2430 0.0504 3.59 29.9 x
Euclidean TADW 0.7865 0.0814 0.7528 0.1526 0.6710 0.3245 3.61 30.1 x
UPP-SNE 0.4902 0.0380 0.4480 0.0641 0.3712 0.1151 3.61 30.1 x
MVC-DNE 0.5842 0.0498 0.5201 0.0818 0.4252 0.1458 3.57 29.8 x
SINE 0.3508 0.0217 0.3065 0.0327 0.2593 0.0567 3.61 30.1 x
Feature 0.2424 0.0113 0.2239 0.0177 0.2023 0.0333 190.77 1589.8 x
DeepWalk+Q 0.2829 0.0132 0.2576 0.0210 0.2279 0.0392 0.13 1.1 x
LINE1+Q 0.2888 0.0152 0.2531 0.0225 0.2170 0.0385 0.13 1.1 x
LINE2+4+Q 0.2182 0.0072 0.2098 0.0124 0.1996 0.0264 0.13 1.1 x
SDNE+Q 0.2484 0.0097 0.2315 0.0160 0.2120 0.0318 0.13 1.1 x
TADW+Q 0.5798 0.0506 0.5092 0.0817 0.4047 0.1396 0.13 1.1 x
Hamming UPP-SNE+Q 0.3429 0.0204 0.3013 0.0309 0.2553 0.0534 0.13 1.1 x
MVC-DNE+Q 0.4153 0.0276 0.3620 0.0425 0.2989 0.0733 0.13 1.1 x
SINE+4+Q 0.2790 0.0126 0.2583 0.0203 0.2337 0.0392 0.13 1.1 x
Feature+Q 0.2313 0.0093 0.2163 0.0150 0.2003 0.0295 0.11 0.9 x
NetHash 0.3811 0.0246 0.3388 0.0385 0.2882 0.0684 3.14 26.2 x
BinaryNE 0.7297 0.0721 0.6896 0.1320 0.6112 0.2760 0.12

Table 8.5 Similarity search results on Flickr

Metric Method precision@100 MAP@100 precision@200 MAP@200 precision@500 MAP@500 Query time (ms) Speedup
DeepWalk 0.2029 0.0097 0.1913 0.0162 0.1734 0.0299 5.19 28.8 x
LINE1 0.2313 0.0125 0.2068 0.0197 0.1745 0.0332 5.11 28.4 x
LINE2 0.1576 0.0074 0.1468 0.0122 0.1358 0.0240 5.34 29.7 x
SDNE 0.1532 0.0060 0.1461 0.0103 0.1381 0.0212 5.25 29.2 x
Euclidean TADW 0.3287 0.0227 0.2918 0.0364 0.2367 0.0614 4.58 25.4 x
UPP-SNE 0.3792 0.0286 0.3517 0.0482 0.3104 0.0905 5.19 28.8 x
MVC-DNE 0.3364 0.0208 0.3013 0.0332 0.2536 0.0590 5.06 28.1 x
SINE 0.3056 0.0183 0.2605 0.0268 0.2087 0.0431 5.24 29.1 x
Feature 0.1379 0.0055 0.1275 0.0082 0.1190 0.0152 410.90 2282.8 x
DeepWalk+Q 0.1683 0.0052 0.1575 0.0083 0.1449 0.0161 0.19 1.1 x
LINE1+Q 0.1698 0.0053 0.1571 0.0084 0.1430 0.0158 0.20 1.1 x
LINE2+Q 0.1627 0.0049 0.1556 0.0082 0.1459 0.0166 0.19 1.1 x
SDNE+Q 0.1666 0.0051 0.1573 0.0083 0.1461 0.0164 0.19 1.1 x
TADW+Q 0.2084 0.0094 0.1900 0.0147 0.1680 0.0265 0.15 0.8 x
Hamming UPP-SNE+Q 0.2849 0.0166 0.2466 0.0243 0.2036 0.0396 0.19 1.1 x
MVC-DNE+Q 0.2582 0.0129 0.2287 0.0196 0.1942 0.0341 0.18 1.0 x
SINE+Q 0.2188 0.0102 0.1933 0.0147 0.1674 0.0248 0.20 1.1 x
Feature+Q 0.1809 0.0084 0.1602 0.0119 0.1402 0.0199 0.16 0.9 x
NetHash 0.2035 0.0090 0.1814 0.0133 0.1594 0.0232 4.28 23.8 x
BinaryNE 0.5862 0.0552 0.5380 0.0957 0.4544 0.1817 0.18

encode both network structure and node content features into node binary codes, which

are informative enough to measure node similarity accurately.

On the other hand, BinaryNE remarkably improves search efficiency, providing
more than 23 times faster search speed than continuous network embedding methods,
and more than 15 times than NetHash, which is the second best performer among
discrete embedding methods in terms of precision and MAP on Cora, Citeseer, and

DBLP(Subgraph). Compared with the Euclidean distance in the continuous embedding
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Table 8.6 Similarity search results on DBLP(Subgraph)

Metric Method precision@100  MAP@100 precision@200 MAP@200 precision@500 MAP@500 Query time (ms) Speedup
DeepWalk 0.7121 0.0113 0.6958 0.0214 0.6676 0.0490 13.14 29.2 x
LINE1 0.6950 0.0109 0.6562 0.0198 0.5503 0.0374 13.63 30.3 x
LINE2 0.6035 0.0085 0.5372 0.0137 0.4514 0.0242 12.92 28.7 x
SDNE 0.3963 0.0041 0.3664 0.0066 0.3390 0.0137 12.90 28.7 x
Euclidean TADW 0.6643 0.0096 0.6277 0.0171 0.5575 0.0337 12.86 28.6 x
UPP-SNE 0.7443 0.0122 0.7294 0.0232 0.6982 0.0527 13.44 29.9 x
MVC-DNE 0.5331 0.0061 0.5072 0.0107 0.4743 0.0228 13.12 29.2 x
SINE 0.7365 0.0118 0.7130 0.0220 0.6714 0.0481 13.18 29.3 x
Feature 0.5066 0.0052 0.4806 0.0092 0.4370 0.0191 606.69 1348.2 x
DeepWalk+Q 0.6522 0.0097 0.5910 0.0159 0.5071 0.0290 0.46 1.0 x
LINE1+Q 0.6595 0.0097 0.6086 0.0165 0.5354 0.0316 0.44 1.0 x
LINE2+4+Q 0.5166 0.0065 0.4619 0.0101 0.4089 0.0186 0.46 1.0 x
SDNE+Q 0.3834 0.0034 0.3672 0.0058 0.3542 0.0126 0.45 1.0 x
TADW+Q 0.5370 0.0064 0.4968 0.0106 0.4518 0.0213 0.42 0.9 x
Hamming UPP-SNE+Q 0.5409 0.0066 0.5049 0.0111 0.4590 0.0219 0.48 1.1 x
MVC-DNE+Q 0.4320 0.0037 0.4195 0.0066 0.4031 0.0148 0.48 1.1 x
SINE+Q 0.5681 0.0071 0.5257 0.0119 0.4755 0.0234 0.47 1.0 x
Feature+Q 0.4793 0.0051 0.4471 0.0087 0.4047 0.0170 0.43 1.0 x
NetHash 0.6606 0.0097 0.6242 0.0171 0.5750 0.0357 7.31 16.2 x
BinaryNE 0.7558 0.0125 0.7426 0.0241 0.7176 0.0559 0.45

space and the Hamming distance in the non-binary discrete embedding space, the
Hamming distance measured by binary representations can be calculated far more

efficiently with the bitwise operations.

Among the continuous network embedding baselines, on Citeseer, BlogCatalog,
Flickr, and DBLP(Subgraph), the attributed network embedding (TADW or UPP-SNE)
achieves the best search precisions and on Cora, the attributed network embedding
method UPP-SNE performs comparably to DeepWalk, the best performer. On the five
networks, raw node content features consistently fail to achieve satisfactory precisions.
By integrating network structure and node content in measuring node similarity,
attributed network embedding is superior to structure preserving network embedding

and node raw content features.

When the continuous network embeddings are quantized to binary values for efficient
search with Hamming distance, except for raw node features, all embeddings experience
a search precision drop, which is dramatic in many cases. This is consistent to our
expectation that quantized binary codes are inevitably less informative than their
original continuous representations. The results demonstrate that it is suboptimal to
separately learn continuous network embeddings and quantize them into binary codes.
In comparison, BinaryNE directly encodes network structure and node content features

into binary node representations, achieving superior search precisions.
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NetHash constructs node discrete representations by randomly sampling the IDs
of node content features aggregated from neighborhood. With both network struc-
ture and node content features leveraged, NetHash achieves the second best search
precisions among the discrete network embedding methods on Cora, Citeseer, and
DBLP(Subgraph). As the discrete embeddings do not take binary values, bitwise
operations cannot be performed to calculate Hamming distance. As a result, its query

speedup over continuous network embedding is quite limited.

8.4.6 A Case Study on Relevant Paper Search

In this subsection, we conduct a case study on relevant paper search on the DBLP
citation network. We select the paper “Learning Classifiers from Only Positive and
Unlabeled Data” published on KDD-2008 as the query paper, which is a highly cited
paper on the topic of “Positive Unlabeled Learning”. We retrieve the top-5 similar
papers with the node representations learned by DeepWalk+Q, Feature+Q, TADW+Q),
NetHash and BinaryNE, by calculating the Hamming distance between the query
paper and candidate papers. Table 8.7 reports the search results. As can be seen,
DeepWalk+Q), Feature+Q, TADW+Q and NetHash only retrieve one relevant paper,
and no relevant papers are discovered by Feature+(Q). By contrast, the proposed
BinaryNE algorithm achieves the best search results, with two relevant papers (1 and

5) discovered.

8.4.7 Comparison of Memory Usage

In Table 8.8, we compare the memory used for accommodating the continuous node
representations learned by DeepWalk, the non-binary discrete node representations
learned by NetHash, and the binary codes learned by BinaryNE. Compared with
DeepWalk and NetHash, with the same dimension, the binary representations learned
by BinaryNE significantly reduce the memory consumption by 64 and 32 times,
respectively. For the DBLP network with more than 1 million nodes, the memory used
for storing the continuous node representations is more than 1.5G, which is intractable

for computing devices with low memory configuration to perform node similarity search.
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Table 8.7 Top-5 relevant paper search on DBLP

Query: Learning Classifiers from Only Positive and Unlabeled Data

DeepWalk+Q:

1.

Finding Transport Proteins in a General Protein Database

2. A Bayesian Network Framework for Reject Inference
3.
4
5

Making Generative Classifiers Robust to Selection Bias

. Building Text Classifiers Using Positive and Unlabeled Examples v’
. Audience Selection for On-line Brand Advertising: Privacy-friendly

Social Network Targeting

Feature+Q:

1.
. Learning from Little: Comparison of Classifiers Given Little Training
. Learning a Two-stage SVM/CRF Sequence Classifier

. Delegating Classifiers

O W N

Learning Coordination Classifiers

. On the Chance Accuracies of Large Collections of Classifiers

TADWHQ:

1.

5.

Efficient Learning of Naive Bayes Classifiers under Class-conditional
Classification Noise

. Learning to Classify Texts Using Positive and Unlabeled Data v/
. Semi-Supervised Learning with Very Few Labeled Training Examples
. Calculation of the Learning Curve of Bayes Optimal Classification

Algorithm for Learning a Perceptron With Noise
How To Use What You Know

NetHash:

1.

. A Bayesian Network Framework for Reject Inference

O W N

Making Generative Classifiers Robust to Selection bias

. Building Text Classifiers Using Positive and Unlabeled Examples v’
. Finding Transport Proteins in a General Protein Database
. Active Learning in Partially Supervised Classification

BinaryNE:

1.

. Learning the Common Structure of Data

O W N

Learning to Classify Texts Using Positive and Unlabeled Data v/

. Enhancing Supervised Learning with Unlabeled Data
. Learning from Multiple Sources
. Text Classification from Positive and Unlabeled Documents v/

Table 8.8 The memory usage of DeepWalk, NetHash and BinaryNE embeddings

Dataset DeepWalk NetHash BinaryNE
Memory Reduction Memory Reduction Memory
Cora 2.64M 64 x 1.32M 32x 42.32K
Citeseer 3.23M 64 % 1.62M 32x 51.75K
BlogCatalog 5.07M 64 % 2.54M 32x 81.19K
Flickr 7.40M 64 x 3.70M 32x 118.36K

DBLP(Subgraph) 18.02 M 64x 9.01 M 32x 288.25 K
DBLP(Full) 1.56G 64 x 797.09M 32x 24.91M
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By contrast, the binary node representations learned by BinaryNE only consume 25M
memory for the DBLP network, which is more practical for general devices. The low

memory consumption makes BinaryNE more desirable for real-world applications.

8.4.8 Experiments on Search Scalability

We also conduct experiments on the large DBLP(Full) network to test the search
scalability of different types of network embeddings with respect to network size
|V| and embedding dimension d. We compare the binary embeddings generated by
BinaryNE with those by DeepWalk and NetHash, which respectively take continuous

numeric values and non-binary discrete values.

To study the search scalability on network size V|, we first learn 128-dimensional
embeddings with DeepWalk, NetHash and BinaryNE on the whole DBLP (Full) network,
and then randomly sample a series of node subsets with increasing sizes. Among each
node subset, we randomly select 1,000 nodes as query nodes and search similar nodes
with the learned node representations. Fig. 8.2(a) shows query time (in milliseconds)
with regard to different network sizes, where both query time (in milliseconds) and |V|
are in logarithmic scales. As is shown, node similarity search with different embedding
methods scales linearly with the increase of network size, whereas BinaryNE provides

more than 10 times faster query speed than Deepwalk and NetHash.

To study the search scalability in terms of embedding dimension d, we learn
DeepWalk, NetHash and BinaryNE embeddings with varying dimensions (8, 16, 32, 64,
128 and 256). We randomly select 100 nodes as query nodes, and search similar nodes
across the whole DBLP (Full) network. Figure 8.2(b) shows query time (in milliseconds)
with varying embedding dimensions, with both axes in logarithmic scales. We can
see that, in general, similarity search with three methods scales almost linearly with
regards to embedding dimension, but BinaryNE is consistently more efficient than

DeepWalk and Nethash (with more than 10 times search speedup in most cases).
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Fig. 8.2 Query time with varying |V| and d
8.4.9 Comparison of Embedding Learning Time

In this subsection, we select the Cora and Citeseer network to evaluate the efficiency
of learning node representations with different network embedding methods. Fig. 8.3
compares the CPU time (in seconds) consumed by different network embedding methods.
As shown in the figure, BinaryNE is far more efficient in learning node representations
than SDNE, TADW, UPP-SNE and MVC-DNE, and its efficiency is comparable to that
of DeepWalk, LINE1, LINE2 and SINE, which have been demonstrated to be efficient
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Fig. 8.4 The sensitivity of BinaryNE with parameters: the number of iterations, the
dimension of learned embeddings d, and the window size ¢

on large-scale networks. This proves the ability of BinaryNE to scale to large-scale

networks for learning node representations, like DeepWalk, LINE and SINE.

8.4.10 Experiments on Parameter Sensitivity

We also perform a case study on BlogCatalog and Flickr to investigate the sensitivity
of BinaryNE regarding to three important parameters: the number of iterations, the
dimension of learned embeddings d, and the window size ¢t used for collecting node
context pairs. We take turns to fix any two parameters and study the effect of the
remaining parameter on the search performance measured by precision@500. Fig. 8.4
shows the performance of BinaryNE with respect to varying parameters. As the number

of iterations increases, the performance of BinaryNE gradually increases and then
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declines slightly. This indicates that, in general, more iterations would be helpful for
BinaryNE to find the local minimal solution, but excessive iterations tend to make
the model parameters deviate from the local minima. When the embedding dimension
d increases, the performance of BinaryNE increases and stabilizes later. This shows
that, embeddings with higher dimensions provide more information to measure node
similarity. Interestingly, when the window size t increases from 2 to 16, the search
precision drops slightly. This is probably because a larger window size imports broader

contextual structure, but may introduce more noise to measure node similarity.

8.5 Conclusion

Learning binary node representations is a desirable solution to similarity search over
large-scale networks, with efficient bitwise Hamming distance calculation and low
memory usage. In this chapter, we proposed the BinaryNE algorithm to embed network
nodes into a binary space, with well preserved network structure and node content
features. Through a three-layer neural network, BinaryNE learns node representations
by modeling node structural context and node attribute relations. The sign function
is adopted as the activation function in the hidden layer to obtain binary node
representations. To deal with the ill-posed gradient problem caused by the non-
smoothness of the sign activation function, the state-of-the-art continuation technique [3,
10] is employed. Model parameters are efficiently learned through an online stochastic
gradient descent algorithm, which ensures the low time complexity and great scalability
of BinaryNE. Extensive experiments on six real-world networks show that BinaryNE
exhibits much lower memory usage and computational cost than continuous network

embedding algorithms, but with comparable or even better search precisions.



Chapter 9

Conclusion and Future Work

9.1 Conclusion

In the era of Big Data, network embedding provides an efficient way to analyzing
large-scale graphs. Existing research has proved that network embedding can benefit
a variety of network analytic tasks, such as node classification, link prediction and
community detection. However, current research on network embedding mainly focuses
on plain network embedding, fails to leverage the key information in widely existing
node content attributes, which are essential for measuring node similarity. In this thesis,
to boost the research on network embedding with node content, we develop a series of
attributed network embedding algorithms, including task-dependent attributed network

embedding algorithms and task-general attributed network embedding algorithms.

In Part I, to address the three main challenges in attributed network embedding,
i.e., heterogeneity, data sparsity and scalability, we propose three attribute network
embedding algorithms: HSCA algorithm that effectively integrates information from
homophily (the first-order proximity), structural context, and node content into a
unified node representation through regularized inductive matrix factorization; attri2vec
algorithm that learns node representations through performing a network structure
guided mapping on node content attributes, which overcomes the discrepancy between
network structure and node content attributes; and SINE algorithm that learns node

representations for large-scale incomplete attributed networks by separately modeling
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neighboring node pair relations and node-attribute relations through a three-layer

neural network.

In Part II, we step further to make attributed network embedding directly benefit
the targeted network analytic tasks. We select two targeted tasks, i.e., collective
classification and node similarity search, and develop two corresponding task-dependent
attributed network embedding algorithms: DMF that seamlessly integrates the learning
of node representations and a linear classifier into a unified framework, making the
learned node representations discriminative for node labels; and BinaryNE that learns
binary node representations to support quick similarity search by simultaneously
capturing the structure similarity and content similarity between node pairs in a

probabilistic way.

On nine real-world attributed networks, to evaluate the effectiveness of the pro-
posed attributed network embedding algorithms, we conduct extensive experiments,
including node classification, node clustering, link prediction, node similarity search
and visualization. The experimental results show that the proposed algorithms are

able to significantly outperform the state-of-the-art baselines.

9.2 Future Work

Though some efforts have been made, the research on attributed network embedding is
still in early stage. In the future, to foster the research in this area, attributed network

embedding can be explored in these aspects:

e Deep models. Deep learning has achieved great success on modeling image,
text and audio data, because of their ability in extracting abstract meaningful
latent features. However, due to the irregular connectivity structure, deep
learning cannot be directly applied to networks to learn node representations [94].
Though some efforts [9, 87, 97] have been made to leverage deep learning to do
network embedding or attributed network embedding, more in-depth study is
still required. For example, how to learn deep node representations for attributed

networks, which carry the information from both network structure and node
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content attributes, while effectively overcome the discrepancy between these two

information sources.

e Dynamics. Current research on network embedding has mainly concerned static
networks. However, in real-life scenarios, networks are not always static. The
underlying network structure may evolve over time, i.e., new nodes/edges appear
while some old nodes/edges disappear. Meanwhile, the node content attributes
may be dynamically updated. In this thesis, our attri2vec algorithm proposes a
solution to the out-of-sample problem, i.e., inferring the representations of new
coming nodes. However, more efforts need to be made on dynamic attributed

network embedding.

« Scalability. Nowadays, real-world attributed networks usually present in large
scales, with billions of nodes and edges, as well as high-dimensional content
features. The scalability constitutes a big challenge to attributed network em-
bedding. Though our SINE algorithm is able to scale to large networks, it does
not effectively capture the interplay between network structure and node con-
tent attributes. Designing scalable and effective attributed network embedding

algorithms needs further exploration.

« Robustness. Real-world networks are often noisy and uncertain, which makes
traditional network embedding algorithms unable to produce stable and robust
representations. ANE (Adversarial Network Embedding) [13] and ARGA (Adver-
sarially Regularized Graph Autoencoder) [61] learn robust node representations
via enforcing an adversarial learning regularizer [88]. It is of great importance
to have more research efforts on enhancing the robustness of attributed network

embedding.
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