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PSO-ANE: Adaptive Network Embedding With
Particle Swarm Optimization
Jinyin Chen , Yangyang Wu , Xuanheng Xu, Haibin Zheng, Zhongyuan Ruan , and Qi Xuan , Member, IEEE
Abstract— Network embedding plays an important role in
various network applications, such as node classification and
link prediction. Lots of structure-based network embedding
methods have been proposed. Yet, they suffer from unsteady
embedding performances due to the parameter sensitivity. How
to extract valuable attribute information in networks with less
parameter influence is still a challenge. In this paper, we propose
a novel algorithm, named adaptive network embedding with
particle swarm optimization (PSO-ANE), which is based on
the second-order dynamic random walk and PSO method,
for learning network representations. A second-order dynamic
random walk is designed to search a suitable strategy for
each node based on the structure-based transition probability,
the centrality-based transition probability, and the static link
weights. To reduce the parameter dependence, PSO is adopted
for key-parameter optimization to get global steady network
embedding. The experiments validate that the proposed method
outperforms the existing state-of-the-art techniques on multilabel
classification, multiclass classification, and link prediction tasks.
Index Terms— Centrality-based transition probability, network
embedding, particle swarm optimization (PSO), second-order
dynamic random walk.

I. I NTRODUCTION

N

ETWORK embedding [1], [2], as an efficient way to
represent high-dimensional and sparse networks, has
been applied to a wide range of areas, such as link prediction [3], [4], node classification [5], [6], clustering [7], [8],
and classification [9]. By learning low-dimensional representations for nodes in a network, it overcomes the insuperable difficulties of traditional network representation method but still
leaves many challenges due to the complexity of real-world
networks [10], [11].
In natural language processing (NLP) [12], [13], SkipGram [14] is an efficient technique to learn embeddings for
text data. DeepWalk [3] was the first model to adopt a neural
language model (Skip-Gram [14]) for network embedding.
Specifically, it uses the random walk to sample a sequence
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of nodes as the context nodes for each node and then treats
these sequences of nodes as sentences by the Skip-Gram
method [14]. It is supposed that close nodes may have
similar contexts and, thus, have similar embeddings. Since
then, a series of network embedding methods have been
proposed. For instance, LINE [15] can be considered as a
special case of DeepWalk, with the window size of contexts
being 1. Node2vec [16] can be considered as an extension of
DeepWalk, which introduces a biased second-order random
walk model to provide more flexibility for generating the
context nodes. Struc2vec [17] is also a flexible framework
to learn the representations that capture the structural identity
of nodes in a network. Graph2Gauss [18] is the first unsupervised approach that represents nodes in attributed networks as
Gaussian distributions. In addition, GraphGAN [19], inspired
by GAN [20], is a novel framework that unifies generative and
discriminative models for graph representation learning.
Though these learning embedding methods are effective in
classification tasks, they may fail to capture some valuable
information in the network and be vulnerable when the link
sparsity problem occurs. For some methods, the parameters
setting may have a significant impact on the quality of network
embedding. Taking node2vec as an example, the returning
parameter R and the in–out parameter q balance the search
strategy between breadth-first-search (BFS) and depth-firstsearch (DFS), i.e., they adjust the walk toward different
network exploration strategies. The optimal values of R and
q vary dramatically when node2vec is applied to different
tasks, and it is always difficult to set in advance. Moreover,
to the best of our knowledge, for all of these embedding
methods, each node in a network adopts the same search
strategy without considering its own structural properties.
However, real-world networks are always heterogeneous [21],
[22]; in this case, different nodes may need different searching
strategies to improve the embedding effect.
In this paper, we propose an adaptive network embedding (ANE) method, in which different searching strategies
are adopted for different nodes based on a second-order
dynamic random walk. The obtained feature representations
of ANE can maximize the likelihood of preserving network
neighborhoods of nodes in a d-dimensional feature space.
In particular, for each node, the search strategy is determined
by its structure-based transition probability, the centralitybased transition probability, and the static link weights, based
on which the context for each node is generated. Particle
swarm optimization (PSO) [23], [24] is then applied to optimize the parameters. The main contributions of this paper are
as follows.
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1) We propose a new network embedding method, namely,
ANE, based on a second-order dynamic random
walk. In ANE, node centrality is used to guide the
search process. Thus, each node has its unique search
strategy according to the node centrality distribution
of its first-order neighbors, which can reflect the
global and local features of each node in the network
simultaneously.
2) We adopt the PSO algorithm to determine the optimal
parameters, where a novel Fitness function is proposed
based on multiple indicators. This can make the
whole process more automatic and robust for different
real-world applications.
3) The experiments show that the PSO-ANE method is
better than those state-of-the-art network embedding
methods in the tasks, such as multilabel classification,
multiclass classification, and link prediction on
real-world network data sets. Furthermore, based on
PSO-ANE, we also propose two special variants, called
PSO-ANE-DW and PSO-node2vec, which outperform
the competitors on some data sets.
The rest of this paper is organized as follows. In Section II,
we survey the related work in network embedding and search
strategies with network centrality. We then present the details
of the ANE algorithm in Section III and empirically compare
it with other embedding algorithms on prediction tasks over
nodes and links in various networks in Section IV. Finally,
we conclude this paper and highlight some promising research
directions for future work in Section V.
II. R ELATED W ORKS
In this section, we briefly introduce the recent studies on
network embedding and search strategies, which are related
to our current work.
A. Network Embedding
Network embedding has received much attention over the
past decades. Some earlier works, such as multidimensional
scaling [25], local linear embedding [26], IsoMAP [27], and
the Laplacian eigenmap [28], tried to transform the network
into a similarity graph and then embed this similarity graph
by solving the eigenvectors of the similarity matrix.
Quite recently, more and more researchers have focused on
the methods of transforming each node into a low-dimensional
vector based on its local structure in the network. For instance,
DeepWalk [3] uses the random walk to sample context nodes
for each node and tries to maximize the log-likelihood of
observing context nodes for the source node. LINE [15] learns
half features by breadth-first sampling over first-order nearneighbors of nodes and also learns the other half features by
sampling the first-order near-neighbors of nodes. Perozzi [3]
used random walks to generate sequences of nodes from
the network. The sequences of nodes are treated as text in
language models, based on which one can learn the embeddings by the Skip-Gram model. The idea, closer nodes in
the network space tend to have more similar contexts and
have embedding nearer one another, was later introduced

to node2vec [16] as a biased second-order random walk
model. Node2vec provides more flexibility when generating
the context of a node. The link weights driving the biased
random walks can be designed in an attempt to capture both
node homophily and structural equivalence. GraRep [29], as a
matrix factorization-based embedding method, employs positive pointwise mutual information matrix as the preprocessing
based on a proof of the equivalence between a k-step random
walk in DeepWalk and a k-step probability transition matrix.
In graph2vec, Narayanan et al. [30] proposed to view an entire
graph as a text and the subgraphs around each node as words
and extend the Skip-Gram model to learn representations. The
struc2vec method [17] is a general framework for learning
latent representations for the structural identity. It constructs a
multilayer graph to encode structural similarities and generate
a structural context for nodes. Defferrard et al. [31] and Kipf
and Welling [32] proposed a multilayer graph convolutional
network, which uses an efficient layerwise propagation rule
based on a first-order approximation of spectral convolutions
on graphs. GraphGAN [19] is another novel graph representation learning framework unifying generative and discriminative models by a minimax game.
However, these algorithms fail to capture some valuable
attribute information in networks, resulting in less informative
embeddings. In addition, these methods get affected easily
when the link sparsity problem occurs. Considering these problems, we propose a second-order dynamic search algorithm
that measures the values of nodes based on their centrality in
the network to guide the search process.
B. Search Strategies With Network Centrality
In network embedding, probabilistic embedding methods (including DeepWalk [3] and node2vec [16]) use the
Skip-Gram model [14] to learn network embedding. Due to the
nonlinearity of the network [33], search strategies are used to
define the concept of the near-neighbors and extract the local
structural features for each node in the network. The present
search strategies in network embedding use a single-search
strategy to sample the first-order neighbors for each node
that reduces the reliability of the search strategy. Moreover,
these embedding methods ignore the impact of some valuable
information [34] in the network on the search strategy. Thus,
it is meaningful to develop a more suitable search strategy for
network sampling.
In network analysis [35], various centrality measures [36]–[38] were introduced in order to understand both the
global dynamics of the network and the roles of the individual
nodes. De Domenico et al. [39] proposed a mathematical
framework to calculate the centrality in a network and found
the nodes that play the most central roles in the cohesion of the
whole structure. In order to extend the eigenvector-based centrality measures to time-dependent networks, Taylor et al. [40]
introduced a principled generalization of network centrality
measures, which is valid for any eigenvector-based centrality.
Li et al. [41] proposed a novel method to identify essential
proteins by integrating the protein complexes with the centrality features of protein–protein interaction networks.
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Here, we propose a novel search strategy, called
second-order dynamic random walk. In this algorithm, each
node has its unique search strategy according to its node
centrality distribution of the first-order neighbors, which, thus,
can reflect the global and local features of each node in the
network simultaneously.
III. ANE W ITH PSO
Similar to node2vec [16], we extend the Skip-Gram method
to network and consider the feature learning in a network as
a kind of maximum likelihood optimization problem.
A. Basic Definitions
Our analysis could be applied to any (un)directed,
(un)weighted networks. Given a network G = (V, E, W ), f :
V → R d is the mapping function from nodes to d-dimensional
feature vectors. For a node v ∈ V , its near-neighbor set
Ns (v) is generated according to the search strategy s. Our
objective function is designed to maximize the log-probability
of observing a network near-neighbor set Ns (v) for the source
node v, given the mapping feature f (v)

max
log(Pr (Ns (v)| f (v))).
(1)
f

v∈V

Based on the network analysis, we can see that the likelihood of observing a near-neighbor is independent of observing
any other and the definition of nearest-neighbor is symmetric,
i.e., [ A is a nearest-neighbor of B] ⇔ [B is a near-neighbor
of A]. Therefore, we factorize the likelihood of observing
near-neighbors and model the likelihood of each near-neighbor
pair as a softmax unit that is parametrized by a dot product
of their mapping features. Then, the probability of observing
the near-neighbors of node v can be represented as
Pr(Ns (v)| f (v)) =





n i ∈Ns (v)

e f (ni )· f (v)
f (θ)· f (v)
θ∈V e

(2)

where n i ∈ Ns (v) is the i th near-neighbor of node v.
Substituting (2) into (1), we have
⎤
⎡


⎣−|Ns (v)| · log(Z v ) +
max
f (n i ) · f (v)⎦ (3)
f

v∈V

n i ∈Ns (v)



f (θ)· f (v) . Considering the complexity
with Z v =
θ∈V e
of this function, we use negative sampling strategy [42] to
approximate it, and the objective can be efficiently optimized
using the stochastic gradient descent (SGD). Due to the
nonlinear nature of real-world networks, we define a novel
search strategy for nearest-neighbor sampling in the following.

B. ANE Method
Our ANE method is based on the second-order dynamic
random walk. For each node in the network, a unique search
strategy is adopted according to its structure-based transition
probability, the centrality-based transition probability, and the
static link weights.

First, we perform a random walk of fixed length for a given
source node v. If n i is the i th node in the walk, then node
n i+1 is generated based on the following probability:
wcx
(4)
Pcx = P(n i+1 = x|n i = c) = 
k∈Ns (c) wck
where wcx is the unnormalized transition probability between
nodes c and x.
The simplest strategy for searching the next node could be
based on its link weight to the source node. However, this
strategy may get affected easily when the links are relatively
sparse in the network. The Node2vec method develops a
second-order random walk that can explore neighborhoods in a
mixed fashion of BFS and DFS. However, this strategy ignores
some important local structural properties, such as node centrality, thus may lead to incomplete network representation.
Typically, the first-order near-neighbors of each node can
be divided into three categories: inward nodes, outward nodes,
and return node. The return node represents the last selected
node, and the inward (or outward) nodes are those linked
(or not linked) with the return node. These different kinds
of nodes may play different roles in the network and, thus,
present a different amount of information. Taking their roles
into consideration, for each node’s next walk, the feature distribution of all its first-order near-neighbors will be considered.
Moreover, the importance of a node in the network depends on
the position of that node. We assume that more central nodes
are more important. Thus, the search direction of the source
node is more inclined to the neighbors of more importance,
which may result in more informative embeddings.
With these assumptions, we propose a second-order
dynamic random walk. Suppose a random walk resides at node
c at present. We need to calculate the transition probabilities
of its first-order near-neighbors. In the second-order dynamic
random walk, we propose a double-layer transition probability
that is composed of the static link weights, the structurebased transition probability, and the centrality-based transition
probability between the source node and its first-order nearneighbors.
1) Structure-Based Transition Probability: The same as
node2vec, we define the structure-based transition probability P 1 between the source node c and its first-order nearneighbors x with the in–out parameter q and the return
parameter R, which is calculated as follows:
⎧
⎪
⎨1/q, dt x = 2
1
Pcx = 1,
(5)
dt x = 1
⎪
⎩
1/R, dt x = 0
where dt x denotes the shortest path distance between nodes t
and x and dt x ∈ {0, 1, 2}.
That is to say, the performances of the node2vec method and
the ANE method are particularly dependent on the selection
of the in–out parameter q and the return parameter R.
2) Centrality-Based Transition Probability: In order to
introduce more information into the embedding algorithm,
we propose a centrality-based transition probability based
on the node centrality distribution of the first-order nodes.
In networks, the most direct measure of node centrality is
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degree centrality—-the greater the degree of a node, the more
important the node is.
According to the node centrality distribution of first-order
nodes of node c, we define the dynamic in–out parameter qc



D
x ∈ Oc |Dx > j ∈L c |L cj |
 , 0
(6)
qc = 

D
x ∈ Oc |Dx < j ∈L c |L cj |
where L c and Oc are the sets of inward and outward nodes
for node c, respectively. In a network with N nodes, the normalized degree centrality of node c of degree dc is defined as
dc
.
(7)
N −1
Finally, according to the dynamic in–out parameter qc for a
given source node c, we define the centrality-based transition
probability for all kinds of near-neighbors as follows:
⎧
⎪
⎨1/qc , dt x = 2
2
Pcx = 1,
(8)
dt x = 1
⎪
⎩
1,
dt x = 0.
Dc =

3) Double-Layer Transition Probability: We propose the
double-layer transition probability P 3 (see Fig. 1), which
simultaneously considers the structure-based transition probability, the centrality-based transition probability, and the static
link weights for each node.
For each node c, we set the double-layer in–out parameter
qc3 = qcθ−q +q, where θ is the convergence rate used to control
the distribution of the ratio. It is worth noticing that the initial
in–out parameter value q determines searching directions and
the dynamic in–out parameter value qc guides the search
procedure toward the best near-neighbor.
According to the above-defined parameters, we then define
the double-layer transition probability P 3 as
⎧
3
⎪
⎨ Pcx /qc , dt x = 2
3
= Pcx ,
Pcx
(9)
dt x = 1
⎪
⎩
Pcx /R, dt x = 0
where Pcx is the static link weight between nodes c and x.
Based on the double-layer transition probability and the
random walk algorithm, we propose the second-order dynamic
random walk that determines a suitable search strategy for
each node based on its feature distribution of all first-order
near-neighbors. In the double-layer transition probability,
the in–out and return parameters in the structure-based transition probability directly affect the direction of the node’s
walk, and the centrality-based transition probability may adjust
it according to the centrality distribution of all first-order
near-neighbors. Return parameter controls the possibility of
revisiting the return node in the walk for the source node.
However, due to the fact that the outward nodes are much
more than the return nodes in general cases, the influence of
the parameter R on the embedding vector is relatively small.
The in–out parameter q determines the search direction of the
node’s walk. If q > 1, the search directions of most nodes bias
toward the inward ones, which is similar to the BFS behavior.
If q < 1, the walk is more inclined to visit outward nodes.

Fig. 1. Illustration of calculating the double-layer transition probability. For a
source node c, node t represents the return node, nodes x1 and x2 are inward
nodes that are first-order near-neighbors of c and have links with t, where
dt x1 = dt x2 = 1, and x3 , x4 , and x5 are outward nodes that are first-order
near-neighbors of c and have no links with t, where dt x3 = dt x4 = dt x5 = 2.
The size of the node is proportional to its degree centrality.

Such behavior is reflective of DFS, which encourages outward
exploration. The convergence rate θ is used to control the
distribution of the ratio qc3 . The greater the θ value, the smaller
the effect of node centrality on the transition probability.
The pseudocode for ANE is given in Algorithm 1. We simulate r random walks of fixed length l starting from each node,
and the sampling is done based on the double-layer transition
probability P 3 .
C. PSO-ANE Method
In the ANE method, there are three critical keyword parameters, namely, the in–out parameter q, the return parameter
R, and the convergence rate θ , which could directly affect
Algorithm 1 ANE Method
Input: G = (V, E, W ), return R, in–out q, convergence
rate θ , dimensions d, each node walks r ,
the length of walk l, the size of context window k.
Output: f (R, q, θ ).
3
1 P = ModifiedWeights(G, q, R, θ );

3
2 G = (V, E, P );
3 for iteration = 1 to r do
4
for all nodes c ∈ V do
5
for walk-iteration = 1 to l do
6
node = walk[−1];
7
Vnode = GetNeighbors(node, G  );
8
s = AliasSample(Vnode , P 3 );
9
Append s to walk;
10
end
11
Append walk to walks;
12
end
13 end
14 f (R, q, θ ) = SGD(k, d, walks);
15 return f (R, q, θ ).
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the quality of embedding vector. The optimal parameters
for different tasks are quite different. How to choose the
optimal parameters will play a decisive role in network
embedding. We consider the parameter selection problem
as an optimization problem and adopt PSO to find out the
optimum or suboptimum for related downstream algorithms.
In our recent work, we proposed a method, namely, PSO-ANE,
which is introduced PSO for three critical keyword parameters’
selection on ANE.
1) Swarm Initialization: In our PSO, each particle represents three critical keyword parameters. For the i th particle
in the swarm, its initial position λ0i is randomly sampled
from a uniform distribution, bounded by the parameter lower
and upper limits. Similarly, the velocity v i0 of this particle
is randomly drawn from a uniform distribution. Afterward,
the particles undergo the evolution.
2) Swarm Evaluation: After swarm initialization, the second step of PSO is evolution. In the (t + 1)th evolution,
the velocity and position of the j th dimension in the i th
particle is updated according to the following equations:




(10)
v it j+1 = ωv it j + φl rl L ti − λti j + φm rm M t − λti j
t
t
λti +1
j = λi j + v i j

(11)

where rl and rm are applied to the velocity updates to diversify
the search, ω is an inertia weight scaling factor, and φl and φm
are the acceleration coefficients. After this, in the (t +1)th evolution, the personal best position L ti +1 for the i th particle and
the global best position M t +1 in the swarm are updated according to the Fitness value of all particles. The evolution proceeds
until the termination condition is reached. Finally, the network
representation with optimal set of parameters is returned.
3) Fitness Evaluation: Fitness function is the guidance to
the convergence of particles in PSO. In PSO-ANE, we need
to design an evaluation indicator for the embedding vector.
Most of network embedding methods employ final results of
the downstream algorithm to evaluate the quality of embedding. Therefore, a Fitness function based on the downstream
algorithm (a supervised learning algorithm) is adopted.
We mainly consider the node classification and the link prediction tasks as supervised learning in this paper. Taking node
classification as an example, we design the multiple evaluation
indicators for classification results as the final Fitness function.
It also works out for multilabel classification tasks (multilabel
classification is a generalization of multiclass classification).
In different application scenarios, the algorithm has different
emphases on the F1-macro and F1-micro values [43]. In order
to consider the relative influence of these evaluation indicators,
we define a Fitness function based on the weighted harmonic
mean of the F1-macro and F1-micro values
Fitness =

(1 + β 2 )F1-macro × F1-micro
β 2 (F1-macro + F1-micro)

(12)

where β > 0 is a weight parameter to balance the importance
of the F1-macro and F1-micro values. If β > 1 (β < 1),
the F1-macro (F1-micro) value is relatively more important
than the F1-micro (F1-macro) value in evaluating the quality
of particles. If β = 1, the two values are equally important.

Algorithm 2 PSO-ANE Method
Input: G = (V, E, W ), the maximum iteration T .
Output: the network representation f (M T ) with optimal
set of parameters.
0
0
1 Randomly initialize the initial position λ and velocity v
of each particle;
0
2 Initialize the initial person best position L and global
0
best position M with initial position of each particle;
3 for t=1 to T do
4
Update the position and velocity of each particle λt
according to Eq. 10 and Eq. 11;
5
Calculate the network representation of each particle
f (λt ) = AN E(G, λt ), and its Fitness value;
6
Update L ti of i th particle and M t based on the Fitness
value of all particles;
7 end
T
8 return the network representation f (M ) with optimal
set of parameters.

Each iteration of the particle population will be evaluated by
the Fitness function, and the global best particle will be kept
when the iteration ends. According to the PSO, the optimal
pair of parameters are selected according to the optimal Fitness
value.
The pseudocode for PSO-ANE is given in Algorithm 2.
IV. E XPERIMENTS
In order to testify the efficiency of the PSO-ANE, comprehensive experiments are carried out and compared with
other classic embedding methods. Our method is implemented
in python, and the experimental results are analyzed with
explanations.
A. Experiment Setup
For both node classification and link prediction tasks,
we compare our model with the state-of-the-art embedding
methods, including DeepWalk, LINE, struc2vec, Graph2Gauss, GraphGAN, PSO-ANE-DW, and PSO-node2vec. The
descriptions of these methods are as follows.
1) Spectral Clustering [44]: This method generates a representation from the d-smallest eigenvectors, the normalized Laplacian matrix of the network.
2) DeepWalk [3]: DeepWalk [3] first transforms the
network into node sequences by random walk and then
uses it as an input to the Skip-Gram model to learn
representations.
3) LINE [15]: LINE can preserve both first- and
second-order proximities for the undirected network
through modeling node co-occurrence probability and
node conditional probability.
4) Struc2vec [17]: Struc2vec is a novel method to learn
representations based on capturing the structural identity
of nodes in a network.
5) Graph2Gauss [18]: Graph2Gauss is the first unsupervised approach that represents nodes in attributed
networks as the Gaussian distributions. Since most of
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data sets have no attributes, we compare Graph2Gauss
without considering attributes to other network embedding methods.
6) GraphGAN [19]: GraphGAN unifies two schools of
graph representation learning methodologies via adversarial training in a minimax game.
7) PSO-ANE-DW: DeepWalk is the first model to adopt a
neural language model for network embedding and can
be seen as a special case of node2vec. Thus, we also
propose a special case of PSO-ANE method, namely,
PSO-ANE-DW, which sets the return parameter R = 1
and the in–out parameter q = 1.
8) PSO-node2vec: node2vec [16] develops a second-order
biased random walk procedure to explore the neighborhood of a node, which can strike a balance between local
properties and global properties of a network. The PSOnode2vec is a method that selects the return parameter
and the in–out parameter using the PSO method.
In the node classification task, each node is assigned one
or more labels. In the training phase, we utilize a certain
percentage of labeled nodes. The node classification task is
to predict the remaining node labels. We utilize the following
multiple multilabel data sets and multiclass data sets in our
experiments, and the basic statistics of the data sets are
summarized in Table I.
Multilabel Data Sets: Multilabel data sets are described as
following.
1) BlogCatalog [45]: This is a network that shows
the social relationships of the bloggers in the BlogCatalog website. This network has 10 312 bloggers,
333 983 links, and 39 different labels.
2) Protein–Protein Interactions [46]: This is a subgraph of
the protein–protein interactions network for Homo Sapiens. The related subgraph has 3890 nodes, 76 584 links,
and 50 different labels.
3) Wikipedia [47]: Wikipedia is a co-occurrence network
of words appearing in the first million bytes of the
Wikipedia dump. It has 4777 nodes, 184 812 links, and
40 different labels.
Multiclass Data Sets: Multilabel data sets are described as
following.
1) Cora [48]: The Cora data set contains a number of
machine-learning papers divided into one of seven
classes. The final corpus has 2708 documents, 1433 distinct words in the vocabulary, and 5429 links in the case
of Cora.
2) Citeseer [48]: Citeseer is a paper citation network.
It consists of 3312 scientific publications classified into
one of six classes and 4732 links.
3) Wiki [49]: The Wiki data set is provided by the
LBC project. This data set consists of 2405 nodes,
17 981 links, and 17 labels. This is a network with nodes
as web pages and links as the hyperlinks between web
pages.
1) Parameter Setting: For the node classification task,
the parameter settings used for the ANE and PSO-ANE
methods are in line with the typical values used for LINE
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TABLE I
BASIC S TATISTICS FOR THE F OUR N ETWORK D ATA S ETS

and DeepWalk. Specifically, we set the dimensions d = 128,
the number of walks per node r = 10, the length of walk
l = 80, and the size of context window k = 10. According to
the analysis in Section III-C, we prefer to set β = 1. For the
experiments of each network embedding method, we repeat
it five times and report the average performance in terms of
both F1-micro and F1-macro.
B. Node Classification
In node classification, we observe a certain percentage of
labeled nodes and aim to predict labels for the remaining
nodes. Therefore, the performance of node classification can
reveal the distinguishing ability of nodes under different representation learning methods.
We evaluate the quality of the obtained features on the
node classification task with multiple representation learning
methods. In the sampling phase, the parameters for all comparison methods are set such that they generate an equal number
of samples at runtime, and the node feature representations
are input to a logistic regression classifier to perform node
classification with 9:1 train–test ratio. For PSO-ANE, PSOnode2vec, and PSO-ANE-DW methods, the validation sets
|V | are extracted from the training set |T |, |T | = 9|V |. The
training set T is used for the classifier training, while V is
exploited to find the Fitness during the PSO optimization.
We use the F1-micro and F1-macro to compare the performance of multiple methods in Tables II and III.
Tables II and III show the experimental results of multiple
representation learning methods for multilabel data sets and
multiclass data sets, respectively. From them, we can see that
the PSO-ANE method outperforms all the baselines in node
classification in all the cases, in terms of higher F1-micro and
F1-macro, while the spectral clustering (SC) method performs
worst. For the BlogCatalog data set, the PSO-ANE method
improves F1-micro by 0.07%–83.81% and improves F1-macro
by 0.55%–310.96%. For the PPI data set, the PSO-ANE
method improves F1-micro by 0.33%–24.42% and improves
F1-macro by 1.36%–79.52%. For the Wikipedia data set,
the PSO-ANE method improves F1-micro by 0.07%–33.52%
and improves F1-macro by 3.51%–170.52%. For the Cora
data set, the PSO-ANE method improves F1-micro by
0.12%–27.44% and improves F1-macro by 0.35%–29.76%.
For the Citeseer data set, the PSO-ANE method improves
F1-micro by 0.49%–22.48% and improves F1-macro by
0.67%–22.49%. For the Wiki data set, the PSO-ANE method
improves F1-micro by 0.61%–69.40% and improves F1-macro
by 0.18%–77.26%.
Comparing the classification results among DeepWalk,
PSO-ANE-DW, PSO-node2vec, and PSO-ANE, we can
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TABLE II
C LASSIFICATION R ESULTS ON THE T WO M ULTILABEL D ATA S ETS

TABLE III
C LASSIFICATION R ESULTS ON THE T WO M ULTICLASS D ATA S ETS

TABLE IV
P ERFORMANCE E VALUATION OF N ETWORK E MBEDDING M ETHODS ON A D IFFERENT
A MOUNT OF T RAINING (L ABELED ) D ATA ON THE PPI D ATA S ETS

find that the method with double-layer transition probability performs better than that with the structure-based
transition probability. We first compare the classification results between the DeepWalk method and the
PSO-ANE-DW method in multiple data sets. For all data
sets, the PSO-ANE-DW method outperforms the DeepWalk
method. Specifically, the PSO-ANE-DW improves F1-micro
by 0.88%–5.71% and improves F1-macro by 0.45%–9.25%.
Next, we compare the classification results between the PSOnode2vec method and the PSO-ANE method in these data
sets. For all data sets, the PSO-ANE method outperforms the
PSO-node2vec method. Specifically, the PSO-ANE improves
F1-micro by 0.07%–3.32% and improves F1-macro by
0.13%–3.51%.
Then, for more fine-grained analysis, we show the performance evaluation of different network embedding methods on a different amount of training (labeled) data (30%,
60%, and 90%) on the PPI data sets. All results are shown

in Table IV, where we can see that PSO-ANE consistently outperforms baselines in terms of higher F1-micro and F1-macro.
In addition, all methods significantly outperform SC, and
PSO-ANE-DW achieves large improvement over DeepWalk.
For example, PSO-ANE-DW achieves the biggest improvement over DeepWalk of 1.27% at 90% labeled data, and
PSO-ANE achieves the biggest improvement over GraphGAN
of 0.39% at 90% labeled data.
1) Searching the Optimal Parameters Using PSO: There
are some key parameters in the ANE and node2vec methods.
The choice of parameters may directly affect the quality
of the vector generated by related algorithms. We use the
PSO method to select the optimal return parameter R, in–out
parameter q, and convergence rate θ for the ANE method
and also to select the optimal return parameter R and in–out
parameter q for the node2vec method. In this paper, we set
the value of return parameter R in the range [0.1, 10], the
value of in–out parameter q in the range [0.1, 10], and the
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Fig. 2.
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Convergence curves of the globally optimal particle’s Fitness for multiple data sets.
TABLE V
O PTIMAL PARAMETERS FOR PSO-ANE AND
PSO-N ODE 2V EC M ETHODS

value of convergence rate θ in the range [0.1, 5]. For the PSO
algorithm, the value of Fitness function, corresponding to the
global optimal particle in the iterative process, can best reflect
the convergence effect of the algorithm.
We show the convergence curves of the globally optimal
fitness value for multiple data sets with PSO-node2vec and
PSO-ANE methods in Fig. 2. The data sets for this experiment
include BlogCatalog, PPI, Wikipedia, Cora, Citeseer, and
Wiki. In Fig. 2, the blue and red lines show the convergence
trend of the PSO-ANE and PSO-node2vec methods, respectively. Comparing the two, we can find that for all the six data
sets, the performance of the PSO-ANE method outperforms
the PSO-node2vec method.
The optimal parameters for the PSO-ANE and PSOnode2vec methods are listed in Table V, where we can find
that different data sets have different optimal parameters.
Moreover, the values of these key parameters are continuous
and, thus, can be searched effectively by the PSO method.
2) Parameter Sensitivity: There are many parameters
in the ANE method, such as the in–out parameter q,
the return parameter R, the convergence rate θ , the number
of features d, the number of walks r , and the length of each
walk l. We examine how different values of these parameters
may affect the performance of the ANE method on the PPI
data set with 9:1 labeled–unlabeled data ratio. The other
parameters are set default: the in–out parameter q = 1,
the return parameter R = 1, the convergence rate θ 1 = 1,
the number of features d = 128, the number of walks r = 10,

and the walk length l = 80. We use the F1-micro score and
the F1-macro score to measure the performance of the ANE
with different parameter values.
From Fig. 3, we can find that for the PPI data set, the choice
of the parameters will directly affect the quality of the vector
generated by the ANE method. In ANE method, the in–out
parameter, the return parameter, and the convergence rate can
affect the search strategy. From Fig. 3(a)–(c), we can find
that different search strategies have different effects on the
performance, which indicates that an optimal search strategy
is needed. The change of return parameter has less influence
on the performance of the ANE method due to the fact that the
number of outward nodes is much larger than that of the return
nodes in general case. In general, all of these parameters have
a relatively high impact on the performance of the method,
especially those related to the search strategy.
C. Link Prediction
In link prediction, our goal is to predict whether there exists
a link between two given nodes. In the experiments, we are
given a network with a certain fraction of links removed,
and we try to predict these missing links. We randomly hide
10% of links in the original network as the ground truth and
use the remaining to train all representation learning models.
After training, we obtain the representation vectors for all
nodes and use the logistic regression method to predict the
probability of link existence for a given node pair. Our test set
consists of the hidden 10% links in the original network as the
positive samples and the randomly selected disconnected node
pairs as negative samples with equal number. We compare the
performance of many methods for link prediction task on the
data sets, as follows, and then report the results of F1-micro
and F1-macro in Table VI.
1) arXiv-AstroPh [50]: This is a network from the e-print
arXiv, and it covers scientific collaborations between
authors with papers submitted to the Astrophysics category. The nodes represent authors, and the link indicates
the coauthor relationship. This network has 18 772 nodes
and 198 110 links.
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Parameter sensitivity analysis on the PPI data set.

TABLE VI
L INK P REDICTION R ESULTS ON THE T WO D ATA S ETS :
A R X IV-A STRO P H AND A R X IV-G R Q C

and arXiv-GrQc by 0.21%–17.59% and 0.22%–24.11% and
improves F1-macro on arXiv-AstroPh and arXiv-GrQc by
0.47%–18.93% and 0.39%–25.95%, respectively.
V. C ONCLUSION

2) arXiv-GrQc [50]: This is also a network from arXiv
and covers scientific collaborations between authors with
papers submitted to the General Relativity and Quantum
Cosmology categories. This network has 5242 nodes and
14 496 links.
The link prediction results are shown in Table VI, where
we can see that these results are similar to those in node
classification. From Table VI, we can find that the performances of SC, LINE, and struc2vec are relatively poor
in link prediction, as they cannot well capture the pattern
of link existence in the network. PSO-ANE-DW performs
better than the DeepWalk method because the centrality-based
transition probability can improve the performance of search
strategy. The PSO-node2vec method performs better than the
above-mentioned methods. This is mainly because the added
flexibility in exploring neighborhoods allows node2vec to
outperform the other representation learning methods, and in
PSO-node2vec, the best parameters can be obtained for the
proposed second-order random walk. PSO-ANE outperforms
all the baselines in link prediction because the centrality-based
transition probability can improve the performance of search
strategy and PSO can help to find the best parameters for
the proposed second-order dynamic random walk. In particular, our method improves F1-micro on arXiv-AstroPh

Network embedding has wide applications in network data
mining. Its performance affects the efficiency of downstream
algorithms, such as node classification and link prediction.
In this paper, we propose the PSO-ANE model for learning
network representations based on the second-order dynamic
random walk and the PSO method. The second-order dynamic
random walk uses the structure-based transition probability
and the centrality-based transition probability to determine a
suitable search strategy for each node, while PSO is used
to find the optimal parameters. We also propose the PSOANE-DW that is a special case of the ANE method with
return parameter R = 1 and in–out parameter q = 1
and the PSO-node2vec that determines the parameters using
PSO for node2vec method. Experiments on a variety of data
sets illustrate the effectiveness of our model on challenging
multilabel classification tasks, multiclass classification tasks,
and link prediction tasks, compared with several state-of-theart embedding methods.
Here, we simply utilize the node centrality to guide the
search, resulting in a better network embedding method. In the
future, we will consider more kinds of structural information
in the network and integrate them into embedding methods to
further improve their effectiveness. Furthermore, we want to
make the discussion on random walk properties that are interesting for different networks, even optimal search strategies
for each node in the network.
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