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Abstract—In this paper, we present a novel method, namely
SimWalk, to learn latent representations of networks. SimWalk
maps nodes to a continuous vector space which maximizes
the likelihood of node sequences. We design a probability-
guided random walk procedure based on relation similarity,
which encourages node sequences to preserve context-related
neighborhoods. Different with previous work which generates
rigid node sequences, we believe that relations in social net-
works, especially similarity, can guide the walk to generate a
more linguistic sequence. In this perspective, our model learns
more meaningful representations. We demonstrate SimWalk
on several multi-label real-world network classification tasks
over state-of-the-art methods. Our results show that SimWalk
outperforms the popular methods in complex networks.

Keywords-network latent representations; relation similarity;
context-related neighborhoods

I. INTRODUCTION

In network analysis, we might be interested in predicting
nodes’ groups or finding potential correlations. For example,
we could recommend people to users who might be willing
to acquaint, or in expert mining area [1], experts could
be automatically clustered into different groups which are
highly related to their expertise.

Traditional ways for analyzing network relations is to
use the sparsity of a network representation. It enables
the design of efficient discrete algorithms, but can make
it harder to generalize in statistical learning [2]. Recently,
language modeling techniques have been introduced into
network analysis which have proven significant achievement
[2, 3]. These algorithms try to utilize random walk models
to explore network structures and transform node sequences
into sentences by analogy. However, due to the blindness and
disorder of random walks, sequences only show context-free
relations among nodes, which apparently contradicts with
context-related sentences in natural language process (NLP).

Hence, in this paper, we propose SimWalk, a novel
method to learn network latent representations. As the
network is a domain with object-to-object relationships,
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we introduce SimRank [5] with Softmax to measure the
similarity of the structural context in which objects occur,
based on their relationships with other objects, and pro-
vides the transition probability from one node to another
node. Then, we design a probability-guided random walk
procedure based on relation similarity, which attempt to
model context-related node sequences. Our method learns
node embeddings by maximizing the likelihood of node
sequences, using stochastic gradient descent (SGD).

Our key contribution is that we depict context-related
graph structures by modeling a probability-guided random
walk based on relation similarity. Compared with state-
of-the-art methods, SimWalk learns graph structures from
both explicit sequences and implicit similarity relationships.
Besides, our sequence sampling strategy is more superior,
due to the implicit similarity, which not only improves the
rigid search strategy, but also reduces hand-crafted features
to some extent.

We evaluate SimWalk on several challenging multi-label
network classification tasks. Our results show that SimWalk
outperforms the popular methods in complex networks.

Overall, our contributions are as follows:

1. We propose SimWalk, a novel method to learn network
latent representations with relation similarity.

2. We introduce SimRank to reflect implicit graph infor-
mation, and use Softmax to provide the transition probability
between nodes.

3. We depict context-related graph structures by modeling
a probability-guided random walk based on relation similar-
ity, which fits NLP format more appropriately.

The rest of the paper is organized as follows. In Section
2, we briefly introduce related work in network embedding
learning. In Section 3, we present SimWalk, a new method
that learns network latent representations, in detail. We
evaluate SimWalk on several multi-label real-world network
classification tasks over state-of-the-art methods and show
the detail experiments in Section 4. We conclude our work



in Section 5.

II. RELATED WORK

Representation learning has been a critical issue in NLP,
which aims at learning meaningful embeddings for samples,
like words, sentences and documents. Bengio et al. [13] try
to fight the curse of dimensionality by learning a distributed
representation for words which allows each training sentence
to inform the model about an exponential number of seman-
tically neighboring sentences. Mikolov et al. [6, 14] propose
CBOW and Skip-Gram for computing continuous vector
representations of words from very large data sets and try to
preserve the linear regularities among words. Pennington et
al. [15] propose a specific weighted least squares model that
trains on global word-word co-occurrence counts and thus
makes efficient use of statistics. Glove leverages statistical
information by training on the nonzero elements in a word-
word cooccurrence matrix and produces a word vector space
with meaningful sub-structure.

Recently, many researchers give much attention to net-
work embedding learning problems, which require models to
transform graph vertices into meaningful embeddings. With
NLP techniques introduced into network analysis, some
extraordinary work achieves great progress. DeepWalk [2]
first introduces Skip-Gram [6] framework to solve vertex
representation problems. It uses rigid random walk to show
graph structures. Node2vec [3] defines a flexible notion
of a node’s network neighborhoods and designs a biased
random walk model to simulate breadth-first sampling and
depth-first sampling from both local micro-view and global
macro-view. For large-scale networks, Line [4] could pre-
serve local and global network structures, and is designed
for overcoming large-scale network embedding problems,
which is able to learn the embedding of a network with
millions of vertices and billions of edges. Some other work
also improves network analysis techniques, such as SDNE
[7] that exploits the first-order and second-order proximity
jointly to preserve network structures, Deep Graph Kernels
[8] that learns latent representations of sub-structures for
graphs. Analogous to image-based convolutional networks,
Niepert et al. [9] present a general framework to extract
locally connected regions from graphs.

The main differences between our proposed method and
previous work can be summarized as follows:

1. We learn network latent representations from both
explicit sequences and implicit graph information.

2. Our unsupervised sampling strategy is probability-
guided, not rigid.

3. We aim to preserve context-related graph information
to our network embeddings.

III. METHOD
A. Overall Framework

Let G = (V,E) be a given network, where nodes in
V' represent objects of the domain, edges in E represent
relations between objects, E C (V' x V). Our aim is to define
a function ), which maps each node v to a d-dimensional
representation x, i.e. A : v = x € R¥IVI. Due to the
success of NLP techniques in network analysis, we use the
Skip-Gram framework to optimize our model.

Skip-Gram maximizes the co-occurrence probability
among the words that appear in a sentence [2, 7]. Analogous
to nodes in a graph, nodes can be viewed as words, and a
graph can be regarded as a corpus. Assume that nodes are
constituted into a large amount of sequences Seq(-) by a
certain sampling strategy, so we can define the following
objective function:

N;
> logPr(Seq(vi)|A(v), (1)

v, €V iter=1

where iter is controlled by the probability-guided random
walk strategy.

We approximate the conditional probability in Eq. (1)
using an independence assumption:

Pr(Seq(v)|Avi)) = ] Pr(wA(w)). @

uj;€Seq(v;)

Hence, given A and the assumption, we need to optimize
the following objective function:

N;
max Z Z log H Pr(u;|A(v;)). (3)

v, €V iter=1 uj€Seq(v;)

Calculating Eq. (3) is expensive for a large network,
so instead, we can use Negative Sampling or Hierarchical
Softmax solutions [6] to approximate. Meanwhile, A can be
learned by optimizing the likelihood objective using SGD.

B. Relation Similarity

Intuitively, two objects are similar if they are referenced
by similar objects [5]. Thus, we introduce SimRank to
measure similarity between nodes, which reflects implicit
graph information. In order to make our measurement more
general, we assume that networks are directed, and the
undirected edge can be viewed as the edge which points
to both sides.

Suppose a and b are two nodes which potentially have re-
lation similarity sim(a,b) between each other. I(a) denotes
in-nodes set of a and I(b) denotes in-nodes set of b. Thus,

C [ (a)| [1(D)]
sim(a,b) = T@o)] Z Z sim(I;(a), I;(b)), (4)

i=1 j=1



where C is a constant between 0 and 1. If a = b, sim(a,b) =
1.

SimRank is an iteration process calculating on an N x N
matrix, where N is the number of nodes. R(a,b) denotes
the similarity score between a and b. At first, we initialize
the matrix as follows:

Ro(a,b)z{ 0. if a=b )

1, if a#b
After k iterations, each node in the matrix can be updated
as follows:

C [L(a)] [1(b)]
Rk+1(a,b) = W Z Z Rk(Ii(a)vjj(b))~ (6)

Since we obtain SimRank matrix after enough iterations,
we could measure the similarity between a node and its
neighborhoods. However, the similarity score is a scalar, we
cannot directly construct transition probability by it. Thus,
we use Softmax function to construct our transition proba-
bility between nodes. Let Neig(v) be the neighborhoods of
node v, u € Neig(v), the transition probability is defined
as follows:

exp(sim(v,u) - w(v,u))
Zo&Ncig(v) exp(sim(v, O) : ’LU(’U, 0)) ’
where w(v,u) represents edge(v,u) weight.

C. Probability-guided Random Walk

The relation similarity process provides the global implicit
graph information, here we attempt to use the information
to guide the random walk procedure. The rigid random walk
model treats each node equally, and uniformly passes by any
neighborhoods of a certain node. However, as the Softmax
SimRank model generates transition probability for each
node, instead of the rigid one, we construct a probability-
guided random walk to improve the whole graph-exploring
procedure.

Intuitively, nodes have different importance in a graph.
Some may reflect their communities or groups structure, but
some only attach to their belonging. Hence, our model treats
each node with different importance. The simplest way is to
evaluate its importance by its neighborhoods and the edge
weight.

Pr(ulv) =

)

|Neig(v)], init
fmp(o)= (w)w(v,u)
Imp(u)w(v,u

[Neigw)] others

1-d)+d >

u€Neig(v)
®)
Eq. (8) is an iteration process, where node u represents
one of the neighborhoods of node v. I'mp(v) represents the

importance of node v, and w(v, u) represents the weight of
edge(v,u). d is a damping factor between 0 and 1.

Recall iter that we mentioned in Eq. (1), we attempt to
make it directly reflect the importance of a node in a graph.
So we use I'mp to define iter.

naive
fine

. | [Impo(v)] +0,
iter(v) = { UmpZ(vﬂ -b,

where b > 1 is a bias factor. We provide two ways to
obtain iter(v), the naive way uses | Neig(v)| to reflect node
importance, and the fine way uses Imp after k iterations.
Suppose W(v) is a node sequence with the start node
v and k nodes generated by the probability-guided random
walk. After k& walks, we arrive at node u which has Neig(u),
assume the next node is p, the probability is as follows:

; €))

Pr(plu) 0, p & Neig(u)
r(p|u) = exp(sim(u,p)-w(u,p)) .
OeNiw(u) sirzi)m(u,o)fu(u,o)’ pe NelQ(u)
(10)

If Pr(p|u) is larger than any other neighborhoods, p is more
likely to be the k + 1 node in W(v).

Based on our method, we can generate a large amount of
node sequences that nodes with high-similarity have higher
probability to show up in the same sequence and gather
close to each other. Moreover, nodes with high importance
occupy a larger proportion. Hence, our method not only
depicts context-related graph structure, but also pays more
attention to the important nodes.

IV. EXPERIMENT

We evaluate the performance of SimWalk against state-of-
the-art methods [2, 3] on several multi-label classification
tasks. DeepWalk learns low dimensional feature represen-
tations by Skip-Gram and random walk. Node2vec uses
tunable parameters to guide its random walk model to
simulate BFS and DFS.

A. Datasets

Email-Eu [10]: The network was generated using email
data from a large European research institution. The nodes
represent members, and edges represent an email connection
between any two members. The network contains 1,005
nodes and 22,571 edges.

Facebook [11]: This dataset consists of ‘circles’ from
Facebook. The dataset includes node features (profiles),
circles, and ego networks. Nodes represent users and edges
represent a friendship relationship between any two users.
The network contains 4,039 nodes and 88,234 edges.

Sub-BlogCatalog [12]: This network is provided by blog-
ger authors. The labels represent blogger interests. It has
1,000 nodes and 46,957 edges.
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B. Multi-label Classification

We randomly sample a portion of labeled nodes to gen-
erate several sub-datasets and evaluate the performance of
SimWalk and baselines by the average weighted F-measure
(F1) based on 5-fold cross-validation, the process of which is
repeated 5 times, with each of the 5 subsamples used exactly
once as the testing data, and the remaining 4 subsamples
are used as the training data. Besides, the iter(-) is simply
obtained by the naive way for SimWalk, and b = 10 for
all methods. We use the Linear SVM classifier to train all
models on multi-label classification tasks. We fix window
size ws = 10 in Skip-Gram process and only vary the
number of latent dimensions (d) and walk length (7).

We implement both SimWalk with Negative Sampling
(SimWalk-ns) and SimWalk with Hierarchical Softmax
(SimWalk-hs) to conduct all the following experiments.
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C. Dimensionality Experiment

In the effectiveness of dimensionality experiment, we fix
v = 40 and vary d from 16 to 256. Figure 1 presents
the summary of the evaluation results. We can conclude
that SimWalk outperforms baseline methods in most cir-
cumstances. By varying d from 16 to 32, all methods have
a big improvement in F1, but when d = 256, SimWalk
and baselines barely achieve the highest F1 score on most
datasets. Except for SimWalk-ns in Figure 1(c), we hardly
find the others show an upward trend, instead, most of them
behave unsteadily when d > 128. Somewhat interestingly,
when d = 64, we can differentiate SimWalk from baseline
methods by the F1 score, due to the better performance
of our method. Thus, we believe that d € {32,64,128} is
more suitable for the dimensionality of network embeddings,
especially, SimWalk more likely achieves the best F1 score
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under such dimensionality.

D. Walk Length Experiment

In the effectiveness of walk length experiment, we fix
d = 64 based on the dimensionality experiment, and vary vy
from 10 to 70. Figure 2 provides the evaluation results of all
methods. It shows that SimWalk still outperforms the other
methods. In most cases, by increasing v, all methods show
a general improvement. Mostly, SimWalk with Hierarchical
Softmax is superior to SimWalk with Negative Sampling,
and the highest F1 score is achieved by SimWalk with
Hierarchical Softmax in most circumstances.

V. CONCLUSION

In this paper, we present a novel method, namely
SimWalk, to learn latent representations of networks.

(b) 50% of Email-Eu

(e) 50% of Facebook

/v

(h) 50% of Sub-BlogCatalog

Effectiveness over walk length, v. n% of a certain dataset denotes n% of labeled nodes and all corresponding edges.

f
& <X
72 X

70

68

F1 (%)

—e— SimWalk-ns —e— SimWalk-ns

~+— SimWalk-hs 66 —+— SimWalk-hs
—4+— DeepWalk —4+— DeepWalk
Node2vec 64 Node2vec
40 50 60 70 10 20 30 40 50 60 70
Y Y

(c) 100% of Email-Eu

S
/\ 5
=
\ w //—
—e— SimWalk-ns 40 —e— SimWalk-ns
—+— SimWalk-hs ~+— SimWalk-hs
—4+— DeepWalk 38 —4+— DeepWalk
Node2vec Node2vec
36
40 50 60 70 10 20 30 40 50 60 70
Y Y

(f) 100% of Facebook

S
11
— 74 ¥ )
Q
S 10 P
=
.
—e— SimWalk-ns 9 —e— SimWalk-ns
—+— SimWalk-hs N —+— SimWalk-hs
—4+— DeepWalk 8 —+— DeepWalk
Node2vec - / Node2vec
40 50 60 70 10 20 30 40 50 60 70
Y Y

(i) 100% of Sub-BlogCatalog

SimWalk maps nodes to a continuous vector space which
maximizes the likelihood of node sequences. We use Sim-
Rank with Softmax to measure similarity of the structural
context. We depict context-related graph structures by mod-
eling a probability-guided random walk based on relation
similarity, which encourages node sequences to preserve
context-related neighborhoods. Compared with state-of-the-
art methods, SimWalk learns graph structures from both
explicit sequences and implicit similarity relationships. We
demonstrate SimWalk on several multi-label real-world net-
work classification tasks over state-of-the-art methods. Our
results show that SimWalk outperforms the popular methods
in complex networks.

Our future work will focus on learning network relation
(edge) representations based on SimWalk model. Besides,
treating the edge representation as a bridge between nodes,



we will attempt to figure out how to combine both node
embeddings and edge embeddings to design a more general
SimWalk model.
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