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Abstract. Network representation learning (NRL) aims at building a low-dimensional vector for
each vertex in a network, which is also increasingly recognized as an important aspect for network
analysis. Some current NRL methods only focus on learning representations using the network
structure. However, vertices in lots of networks may contain community information or text
contents, which could be good for relevant evaluation tasks, such as vertex classification, link
prediction and so on. Since it has been proved that DeepWalk is actually equivalent to matrix
factorization, we propose community and text-enhanced DeepWalk (CTDW) based on the
inductive matrix completion algorithm, which incorporates community features and text features of
vertices into NRL under the framework of matrix factorization. In experiments, we evaluate the
proposed CTDW compared with other state-of-the-art methods on vertex classification. The
experimental results demonstrate that CTDW outperforms other baseline methods on three

real-world datasets.

Keywords: Network Representation Learning, Community and Text Features, Inductive Matrix
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1 Introduction

With the constant development of the networks, modern society has entered an era of information
explosion, and life is full of information. The relevance between the information forms all sorts of
information networks, such as various social networks, citation networks between academic papers and
so on. Recently, in order to extract useful information from massive network data, some researchers
have already focused on network representation learning (NRL), which aims to build low-dimensional
vectors for vertices and is applied to lots of machine learning tasks, such as vertex classification [1],
recommendation system [2][3], and link prediction [4]. In particular, NRL can alleviate the sparse issue
caused by the conventional representation method based on the graph spectrum.

Recently, there are mainly two types of NRL methods, one of which only takes network structures as
input to learn vertex representations without considering other information, and the other
simultaneously considers both network structure and auxiliary information including text information
or community information of vertices. For example, based on a word representation model in NLP
named as Skip-Gram [5], DeepWalk [6] learns vertex representations from random walk sequences in
social networks. Shortly afterwards, various methods based on DeepWalk have been proposed for
representation learning, such as Line [7], GraRep [8] and SDNE [9].The above-mentioned methods are
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only based on network structures. Nevertheless, vertices in real-world networks usually contain
sufficient community or text information, which may also be important to NRL. For example, one
paper is more easily referred by other papers similar or same research fields or communities with it. In
addition, there is lots of text information in each paper regarded as a vertex of the network. Inspired by
this, some researchers incorporate texts or communities into training models to learn better
representations, such as CENR [10], CNRL [11], TriDNR [12]. CENR utilizes a neural network method
to jointly learn the inter-node and node-sentence network relationships. CNRL decomposes all contents
into sentences, and then it applies Wavg, RNN and BiRNN to verify the feasibility and reliability of
this algorithm. TriDNR utilizes two neural networks to learn the representations based on inter-node,
node-word, and label-word network relationships.

Besides the above-mentioned methods, Inductive Matrix Completion (IMC) [13] also takes
advantage of additional information to complete gene-disease matrix. IMC is actually a matrix
reduction algorithm and utilizes two feature matrices to factorize the objective matrix. The result
matrix obtained from the objective matrix factorization contains influence factors of the feature
matrices. Inspired by the idea of IMC, we propose a novel NRL method to take network structure,
community features and text features together into consideration, named as community and text
-enhanced DeepWalk (CTDW).

We test our method against several baselines on three real-world datasets. The vertex classification
accuracy of our method outperforms the accuracies of other baselines when the ratio of training set
ranges from 10% to 90%. Meanwhile, our method shows strong clustering abilities by node clustering
visualizations on Citeseer, Cora and DBLP. In addition, we find that CTDW can learn better network
representations than only network-based DeepWalk with the help of community and text information
by case study.

2 Related Work

As a new technique, network representation learning (NRL) becomes more and more popular in
network analysis. Some researchers’ NRL methods mainly focus on representation learning based on
network structures without taking other information into account. For example, Hofmann [14] first
introduces the concept of network representation learning. Inspired by Skip-Gram, DeepWalk is
proposed to learn the representations from network structures. Recently, there are some new methods to
incorporate additional information into NRL. For example, NetPLSA [15] takes both network
structures and text information into account for topic modeling. Max-margin DeepWalk (MMDW) [16]
incorporates label information of vertices into NRL. Inspired by DeepWalk, node2vec [17] designs a
biased random walk algorithm, which sufficiently utilizes different neighborhood information. The
proposed models by Cao et al [8] and Wang et al [9] are applied to capture the vertices of the
neighborhoods by incorporating global information into NRL. CENR, CNRL, TriDNR and M-NMF
[18] incorporate text or community information into network representations.

The rest of this paper is organized as follows. Section 3 gives the formal definition of NRL and
DeepWalk, and demonstrates that DeepWalk is equivalent to matrix factorization in fact. We put
forward our method for NRL with community and text features in section 4.The datasets and
experimental results are introduced in section 5. Section 6 concludes this paper.



3  DeepWalk Model

3.1 Formalization of NRL

Network representation learning is formalized as follows. Suppose that there is a network G = (V, E),
where 1 denotes the set of vertices and E denotes the set of edges. We want to build a low-dimensional
representation vector r, € R* for each vertex v of G, where k is expected to be much smaller than |V],
which is the number of vertices of V.

3.2 DeepWalk

As a word representation method, Skip-Gram was introduced by DeepWalk into the study of social
network to learn vertex representation from the network structure.

DeepWalk performs short random walks over the given network G to generate a sequence of
vertices S = {vl,vz,...,v|s|}. We regard the vertices v € {v;_, ..., v+ }\{v;} as the context of the
center vertex v;, where t is the window size. The objective of DeepWalk is to maximize the average
log likelihood of all vertex-context pairs in the random walk vertex sequence S
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Here, 7, and cy; are the representation vectors of the center vertex v; and its context vertex v;,

respectively. In other words, each vertex v has two representation vectors: 7, when v is a center vertex
and ¢, when v is a context vertex.

3.3 DeepWalk as Matrix Factorization

Fortunately, Yang et al [19] has proved that given a network G = (V, E), DeepWalk actually factorizes
a matrix M € RIVXWVI, where each entry M,;is logarithm of the average likelihood to perform a
random walk from the vertex v;to the vertex v;in fixed steps. As shown in Fig.1, the matrix M is
factorized into the product of two low-dimensional matrices W € R**VI and H € R**I"I, where k «
[V]. Note that we regard each column of the matrix W as a low-dimensional representation vector
1, € R for each vertex v.
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Fig.1. DeepWalk as Matrix Factorization



4  QOur Method

In this section, we first introduce inductive matrix completion, and then give a detailed introduction to
community and text matrix. At last, we formulate our NRL method to take network structure,
community features and text features together into consideration, under the framework of matrix
factorization.

4.1  Inductive Matrix Completion (IMC)

Matrix is a common way to represent relationships among the vertices of the networks, whose inherent
structure information can be figured out by means of the matrix analysis. In order to make good use of
abundant information of the networks, researchers resort to inductive matrix completion, which can
make these features participate in representation learning by incorporating two feature matrices into the
objective function, if there are additional features in the items of matrix M € R?*¢. Assume that two
feature matrices are X € R”*P and Y € R”»*¢ We want to solve matrices W € R¥*/xand H €
R**fy to minimize square loss function, where k <« {b, d}.
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where Q and A are an observation set of matrix M and a harmonic factor to balance two components
respectively. In addition, ||-|| is Frobenius norm of the matrix.

Note that some researchers originally put forward IMC to complete gene-disease matrix with gene
and disease features. Although the goal of IMC differs from that of our method, we can utilize the idea
of IMC, which takes the two aforementioned feature matrices as the auxiliary parameters to factorize
the target matrix M. In this paper, we take community and text matrices as auxiliary matrices to learn
better network representations.

4.2  Community and text matrix

The text in the dataset is converted to a matrix, which is factorized by Singular Value Decomposition
(SVD) to obtain a text matrix T € R**IV!, where k « |V|. The graph in the dataset is converted to
adjacency matrix A € RVXIVI and then SVD is adopted to factorize the matrix M = (4 + A?)/2 €
RVIXIVI'to obtain a matrix B € R™!VI, where n « |V|. By means of the matrix B, we call K-means
algorithm [20] to return a vector IDX containing community labels of each point in the matrix B. The
community matrix P_C € RVXVlis obtained from the vector IDX, and then we use SVD algorithm to
factorize the matrix P_C to obtain a community matrix C € R¥*IVI_ In fact, the community and text
matrix C_T € R¥**!Vlis a concatenation of the community matrix C and the text matrix T

4.3  Community and text-Enhanced DeepWalk (CTDW)

Given a network G = (V,E)and its corresponding community and text matrix C_T € R?**IVl we
propose community and text-enhanced DeepWalk (CTDW) to learn representations of each vertex
v € V from both network structure and community and text features. Since Yang et al [19] has found a

tradeoff between speed and accuracy in their method by factorizing the matrix M = (A+ Az)/2 from

the derivation of MF-style DeepWalk, we also factorize the same matrix in our method:



M =(A+A%)/2 (4)

As shown in Fig.2, the matrix M is factorized into the product of four matrices E € RVXIVl w €
R?*IVI H € R?*x2k ¢ T € R#*IVl py using IMC algorithm, where E is an identity
matrix, W and H are both target matrices and C_T is an additional community and text matrix.
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Fig.2. CTDW Framework

Here, we factorize M instead of log M for computational efficiency. The reason is that log M has
much more non-zero entries than M, and the complexity of matrix factorization with square loss [3] is
proportional to the number of non-zero elements of the matrix M. Our task is to solve matrices
W € RVl and H € R?**2¥ to minimize
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A direct method for representation learning is to independently train community or text features and
network structure, and then we concatenate community or text representations along with network
structure representations. However, this method leads to a loss of joint learning between network
structure and community or text information. Therefore, similar with inductive matrix completion,
CTDW incorporates community and text features to learn network representations. As shown in Fig.2,
we factorize the matrix Mwith the help of the community matrix C and the text matrix T to obtain a
target matrix W, which contains influence factors of the community and text matrix. The vertex
representation is equivalent to a concatenation of W and HC T, that is to say, vertex representation
=W @ HC_T. Since both Wand HC_T obtained from CTDW can be regarded as low-dimensional
representations of vertices, we build a unified 4k-dimensional matrix for network representations.

5 Experiments

5.1 Datasets

Citeseer. Citeseer' contains 3312 publications from six classes and 4732 links, which are citation
relationships between the documents. Each document is described by a binary vector of 3703
dimensions.

Cora. Cora® contains 2708 machine learning papers from seven classes and 5429 links, which are
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citation relationships between the documents. Each document is described by a binary vector of 1433
dimensions indicating the presence of the corresponding word.

DBLP. DBLP? is a bibliographic network composed of authors and papers containing 3119 nodes from
four classes and 39516 links.

5.2  Baseline methods

Structure-Based Method

node2vec. node2vec is an algorithmic framework for learning continuous feature representations for
nodes in networks. In node2vec, we learn a mapping of nodes to a 200-dimensional space of features
that maximizes the likelihood of preserving network neighborhoods of nodes.

LINE. LINE is proposed to learn network representations for large scale networks, which takes both
1-order and 2-order proximity into account, and the concatenation of these two representations is used
as the final embedding. Same as DeepWalk, the dimension of representation vectors is 200.

DeepWalk. DeepWalk is a popular network structure-only representation learning method, which
learns network representations by using the Skip-Gram model. We set parameters as follows, walk
length y = 80 and window size t = 10, representation dimension k = 200.

MFDW. MFDW is the abbreviated form of DeepWalk. MFDW factorizes the target
matrix M = (A + A%)/2, where A is the adjacency matrix of the network and then it uses the
matrix W € R?°°*IV! to train classifiers.

Content-Based Method

Text. We take the text matrix T € R™%%IVl as 100-dimensional representation. The method is
content-only baseline.

Community. We take the community matrix € € R'°°*IV as 100-dimensional representation. The
method is also content-only baseline.

Community + Text. We can simply concatenate the vectors from both community features and text
features into a 200-dimensional vector for network representations.

Combined Method

MV + Community + Text. We use SVD algorithm to factorize the matrix M = (A + A%)/2 to obtain
100-dimensional vectors MVand then simply concatenate the vectors from the matrix, community
features and text features into a 300-dimensional vector for network representations.

CT@E. CT@E is a variant of CTDW, based on IMC algorithm and its two auxiliary feature matrices
are the matrix P, € R!V*IVI and the text matrix T to replace the identity matrix and the community and
text matrix C_T in CTDW respectively. Its representation dimension is 200.

MMDW. As MFDW, MMDW also factorizes the matrix M = (A + A%)/2 and uses the matrix W €
R29%xIVl 1o train classifiers. MMDW utilizes the max-margin approach to optimize matrix W, and thus
the learnt representation possesses a discriminative ability.

TADW. TADW [19] incorporates text features of vertices into network representation learning under
the framework of matrix factorization, and also factorizes the same matrix M = (4 + A%2)/2 as
MFDW and MMDW. It uses the concatenation matrix W @ HT € R2°%%IV| tg train classifiers.

5.3  Classifiers and Experiment Setup

We conduct our experiments on three real-world network datasets. We adopt the classification tasks to
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verify the feasibility of our method. For all three datasets, we reduce the dimension of vectors to 100
via SVD decomposition of the related matrix, and obtain community and text matrix C_T €
R?°°XIVI by concatenating the community matrix C and the text matrix T. We also take the community
and text matrix C_T as a content-only baseline. To evaluate our method, we randomly select a portion
of documents as training set, and the rest are testing set. We take representation vectors of vertices as
features to train classifiers, and calculate the accuracy of vertex classifications based on different
training ratios, which range from 10% to 90%. Note that, the dimension of representation vectors from
CTDW is 4k. Our experiment is repeated for 10 times to record the average classification accuracy.

5.4  Experimental Results and Analysis

The classification experimental results for three datasets are shown in Table 1, Table 2 and Table 3.
CTDW consistently outperforms the baseline methods on different datasets, which shows the feasibility
of our method.

Table 1. Accuracy (%) of vertex classification on Citeseer

Training Ratio 10% 20% 30% 40% 50% 60% 70% 80% 90%
node2vec 5438 5729 5864 5953 59.63 59.88 6043 6136 62.42
LINE 39.82 4683 49.02 5065 5377 5420 53.87 54.67 53.82
DeepWalk 49.09 5596 60.65 63.97 6542 6749 6680 66.82 6391
MFDW 4795 5475 5718 5847 59.86 60.24 6153 60.64 61.60
Text 5776  66.02 69.70 70.12 7054 7058 70.76 70.34 7041
Community 63.00 6670 6769 6783 68.08 6845 68.07 6793 68.07
Community+Text 66.63 6991 7072 7122 7138 7205 7216 7182 7136
MV+Community+Text  68.29 7054 7134 7190 7147 7256 7252 7239 7251
CT@E 68.76  69.07 69.12 6939 6949 6947 69.68 69.22 69.75
MMDW 5549 60.70 63.66 6527 66.02 69.14 6934 6947 69.72
TADW 7020 7123 7317 7345 7402 7406 7548 76.74 7512
CTDW 7041 7239 7349 7448 7443 7517 7599 7595  76.23

Table 2. Accuracy (%) of vertex classification on Cora

Training Ratio 10% 20% 30% 40% 50% 60% 70% 80% 90%
node2vec 7630 7926 8043 80.70 8113 81.26 8218 81.63 8281
LINE 65.13 7017 7220 7292 7345 7567 7525 7678 79.34
DeepWalk 6851 7373 7687 7864 8135 8247 8431 8558 8561
MFDW 66.38 7552 78.78 8054 8209 8193 8262 8157 8381
Text 5770 6726 7010 71.05 7147 7174 7204 7317 74.02
Community 5208 5960 6199 6267 6321 6349 63.69 6375 64.85
Community+Text 65.07 6936 7140 7228 7259 73.09 7317 7499 7552
MV+Community+Text 7518  79.69 8146 8190 8248 8367 83.70 8416  84.33
CT@E 6548 66.16 66.58 66.52 6688 66.85 67.05 66.63 66.57
MMDW 7361 7999 8043 8192 8376 8497 86.39 86.70 87.45
TADW 80.09 80.70 8347 8494 8537 8587 8594 8526 86.01

CTDW 8199 8225 8462 8542 8624 8591 86.83 8643 87.12




Table 1, Table 2 and Table 3 show classification accuracies on Citeseer, Cora and DBLP datasets. From
the three tables, we have following observations:

(1) CTDW consistently outperforms all the other baselines on all three datasets. For example,
CTDW outperforms the best baseline, i.e. TADW, by about 1% for the three datasets. Meanwhile,
CTDW outperforms the remaining baselines more or less to some extent. These experiments
demonstrate that CTDW is effective and robust.

(2) From the above tables, we find that content-based methods, i.e. Text, Community as well as
Community and Text have good performances on the vertex classification. Meanwhile, a simple
concatenation from Community and Text has better performance than separate content, i.e. Community
or Text.

(3) Simple concatenation of representation vectors from the network structure, i.e. the
matrix M = (A + A%)/2 along with the community features and text features yields better
improvements of classification accuracy than the content-based methods on all three datasets, showing
the importance of both network structure and contents. But the performance of this kind of simple
concatenation cannot do better than that of CTDW.

Table 3. Accuracy (%) of vertex classification on DBLP

Training Ratio 10% 20% 30% 40% 50% 60% 70% 80% 90%
node2vec 82.71 8366 8407 8451 8418 8471 8528 8499 84.69
LINE 79.13 7981 8041 8122 8295 8339 83.04 8474 83.85
DeepWalk 8153 8161 8307 8378 8376 8432 8442 8513 84.17
MFDW 75.17 8144 8403 8429 8499 8501 8524 8544 86.04
Text 6069 68.15 7062 7276 7379 7346 7437 7416 7485
Community 5861 6450 6601 6685 6731 6755 6824 6772 6756
Community+Text 6535 7109 7331 7497 7528 7578 76.88 7535 76.97
MV+Community+Text ~ 76.22  80.10 8178 8275 8294 8376 8453 8493 85.16
CT@E 69.26 6992 7004 7011 70.04 7036 69.96 70.11  70.37
MMDW 79.70 8205 8423 8484 8345 8542 8496 8578 84.49
TADW 79.09 8143 8242 8294 8350 8440 8491 8526 8572
CTDW 8161 8252 8369 8399 8522 8521 8595 8637 86.98

From these observations we find that CTDW generates high-quality representations, by incorporating
community and text features into inductive matrix completion (IMC). Moreover, CTDW is not
task-specific and the representations can be conveniently used for different tasks, such as link
prediction, similarity computation and so on. The classification accuracy of CTDW is also competitive
with several recent collective classification algorithms, although we don’t perform specific
optimization for the tasks.

5.5  Parameter Sensitivity

CTDW has two hyper-parameters: dimension k and weight of regularization term A. We fix training
ratio to 60% and test classification accuracies with different k tand A.

We let k vary from 60 to 140 and A vary from 0. 1 to 1 for Citeseer, Cora and DBLP datasets. Fig.3
shows the variation of classification accuracies with different k and A. The accuracies vary within 2%,
2.4% and 1. 8% for fixed k on Citeseer, Cora and DBLP respectively. Therefore, CTDW can keep



stable when k and 1 vary within a reasonable range.
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Fig.3. Parameter sensitivity

5.6  Visualizations

In our research, we propose CTDW to learn network representations on Citeseer, Cora and DBLP
datasets. To demonstrate whether the representations generated from CTDW show the discriminative
classification ability or not, we randomly select three categories of networks, and each category
contains 150 nodes. Fig.4 shows node clustering visualizations on Citeseer, Cora and DBLP.
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Fig.4. Clustering visualizations

As shown in Fig.4, we find that CTDW learns efficient representations with better clustering and
representation ability. The representations on Citeseer and Cora datasets show strong clustering
abilities, and the boundaries between the categories are clear and discriminative. However, the
representation on DBLP dataset shows a relatively weaker clustering ability than Citeseer and Cora
datasets. This reason is that there are more network links and more paths among communities in DBLP
network, which leads to closer spatial distances among the vectors obtained from CTDW than Citeseer
and Cora networks. In a word, the results of visualization demonstrate effectiveness of our method.

5.7  Case Study

Network representation learning aims to build a low-dimensional vector for each vertex in a network.
To verify the performance of CTDW, we conduct an experiment on DBLP dataset. The document title
is “distributional clustering of English words”, whose class label is “Artificial Intelligence”. As shown



in Table 4, using representations generated by DeepWalk and CTDW, we find 5nearest documents of
the above-mentioned selected document ranked by cosine similarity.

We find that all these documents are cited by the document “distributional clustering of English
words” or some of these documents cite the document “distributional clustering of English words”.
Since DeepWalk learns representations only based on network structures, 5 nearest documents by
Deepwalk hardly contain relevant words with the selected document “distributional clustering of
English words”, while 5 nearest documents by CTDW totally contain relevant words with the selected
document “distributional clustering of English words”, such as “clustering”. This indicates that CTDW
can learn better network representations with the help of community and text features than only
network-based DeepWalk.

Table 4. Five nearest documents found by DeepWalk and CTDW

5 nearest documents by DeepWalk

Title Cosine Similarity Label
a bootstrapping approach to unsupervised detection of cue o .
] 0.7266 Artificial Intelligence
phrase variants
towards the automatic identification of adjectival scales . .
] o . ] 0.7137 Artificial Intelligence
clustering adjectives according to meaning
similarity-based  estimation of word  cooccurrence . .
o 0.7002 Artificial Intelligence
probabilities
statistical sense disambiguation with relatively small corpora . )
) o o 0.6999 Artificial Intelligence
using dictionary definitions
the distributional inclusion hypotheses and lexical entailment 0.6908 Artificial Intelligence

5 nearest documents by CTDW

Title Cosine Similarity Label
dimension induced clustering 0.8246 Artificial Intelligence
multiclass spectral clustering 0.8080 Artificial Intelligence
top-down induction of clustering trees 0.7978 Artificial Intelligence
refining initial points for k-means clustering 0.7829 Artificial Intelligence
generative model-based clustering of directional data 0.7634 Artificial Intelligence

6 Conclusion

In this paper, we propose community and text-enhanced DeepWalk (CTDW), which is a novel and
discriminative network representation method to take network structure, community features and text
features together into consideration based on inductive matrix completion. We conduct experiments
with the tasks of vertex classification on three real-world datasets (Citeseer, Cora and DBLP). The
experimental results show that CTDW is an effective and robust network representation method
compared to other baseline methods. Meanwhile, the visualization results of learnt representations
generated by CTDW demonstrate stronger discrimination ability. CTDW provides a normalized
framework for joint learning with different types of resources via inductive matrix completion instead
of simple concatenation towards these resources. For future work, we will extend our method to
representation learning of large-scale networks. Meanwhile, we will explore some new technologies of
matrix factorization, such as max-margin matrix factorization and matrix co-factorization.
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