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Abstract. Graph embedding methods convert the flexible graph struc-
ture into low-dimensional representations while maintaining the graph
structure information. Most existing methods focus on learning low- or
high-order graph information, and cause loss of information during the
embedding process. We instead propose a new method that can learn
low and high order graph information simultaneously. The method fuses
structure-preserving model with random walk sampling, which learns
multi-order graph structure information more efficiently. Our method
also utilizes distance-based weighted negative samples to improve the
representations learning. The experimental results indicate that our pro-
posed method provides very competitive results on the node classifica-
tion, node clustering and graph reconstruction tasks for four benchmark
datasets, BlogCatalog, PPI, Wikipedia and email-Eu-core.
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1 Introduction

Graph structure widely exists in many scenarios of real world. For example,
the connection between people in social networks, the interaction of proteins
in organisms, and the communication between IP addresses in communication
networks, etc. In the past few decades, many effective graph analysis methods
have been proposed for many applications, such as node classification [2], node
clustering [8], link prediction [14] and so on. Graph structure is very flexible and
complex, many existing graph analytics methods may suffer the high computa-
tion and space cost, and graph embedding is an effective solution for the above
problems [3]. Various graph embedding methods usually try to learn a vector
representation for each node in the graph, thus it is easy to process these vectors
using traditional analysis methods.
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Recently, there are many studies on learning representations from graph
data. For example, DeepWalk model [19] treats nodes as words, random
walk sequences as sentences, and embedded vectors through the skipgram
model [16]. Node2vec [9] uses a biased random walk, which is considered as
an improved DeepWalk model that combines DFS and BFS. Another famous
model, SDNE [27], takes advantage of an autoencoder structure to optimize first
and second order proximity. Although the above methods are very effective,
there are still some disadvantages. DeepWalk tends to learn the context infor-
mation of nodes but ignores the neighborhood information. Node2vec has been
improved, but the above situation still exists. SDNE focuses on first and second
order proximity but neglects higher order proximity. Thus, the methods might
not learn multi-order graph structure information very efficiently. Figure 1 shows
embedding examples of the same Karate club graph.
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Fig. 1. Examples of three embedding methods on Karate club graph. It can be seen
from the figure that the DeepWalk method effectively maintains the community struc-
ture, but ignores the low-order structure information within the community (e.g. node
2 and node 12 are very close). SDNE method ignores the community structure infor-
mation, and the embedding representations are very scattered. Our method maintains
not only community information, but also low-order structure.

To reduce loss of information in graph embedding, first, we introduce ran-
dom walk sampling to structure-preserving model. Structure-preserving model
can learn the low-order information of graph structure and generate embedding
vectors containing the above information. Then, we sample the context of nodes
in graph by random walk and force embedding vectors of nodes to learn their
contextual information. Second, empirically, for a node, other nodes at different
hop have different effects on it. Therefore, samples are weighted according to
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their distance from the starting node during negative sampling. Each node will
stay away from the nodes that are relatively far away. The experimental results
indicate the superiority of our proposed method. Our main contributions are
listed as follows:

e We present a new method that fuses structure-preserving model with random
walk sampling for learning multi-order graph structure information.

e We introduce distance-based weighted negative samples, which can improve
the ability of learning representations.

e The proposed model is evaluated on four benchmark datasets and exper-
imental results show that our method provides competitive results on the
node classification, node clustering and graph reconstruction tasks.

2 Related Work

There are the researches on graph embedding, and we briefly introduce the
representative studies here.

Matrix Decomposition. These methods use matrices to store the relation-
ships between nodes and obtain the embedding representation of nodes by matrix
decomposition. For example, GraRep [4] uses SVD to decompose each k-step
transition probability matrix to obtain the node representations, then concate-
nates all these k-step representations and gets final embedding vectors. It inte-
grates global structural information into the learning process. HOPE proposes
a directed graph embedding method for learning asymmetric transitivity [17].
Different from other studies, it learns two vectors for each node to preserve asym-
metric relationship between nodes. M-NMF [28] proposes a unified framework of
representation learning model based on NMF and community detection model
based on modularity, in which the representation of nodes can retain both micro-
scopic and community structure. AROPE [32] is an arbitrary order proximity
preserved graph embedding method. It is used to solve the problem that the
existing methods can only learn fixed order proximity.

Random Walk. These methods convert graph to node sequences with graph
properties by random walk sampling, then apply skipgram [16] or other model on
the sampled sequences to get representations. DeepWalk [19] is one of the most
famous work among them. It uses random walk to sample node path in the graph
to capture co-occurrence information between nodes, and then apply skipgram
model to learn the vector representation of nodes. Different from DeepWalk,
Node2vec [9] uses a biased random walk with return parameter p and in-out
parameter g, which combines DFS and BFS. To make full use of the auxiliary
information in graph, TriDNR [18] uses information from three parties: graph
structure, node content, and node labels to jointly learn node representations.
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Deep Learning. Due to the superiority of deep learning methods, these models
are adopted into the tasks of graph embedding. SDNE [27], take advantage of
an autoencoder structure, that aims to minimize reconstruction errors between
encoder and decoder, for optimizing first and second order proximity. It can pre-
serve both the local and global graph structure effectively even though graph
is very sparse. GCN [13] is a new neural network model designed for embed-
ding graph data through local first-order approximation of spectral graph con-
volution. It can utilize information from graph structure and node features to
learn node representations. GAT [26], a neural network framework that works
on graph structured data, uses masked self-attentional layers to aggregate node
neighborhood information to learn its representation. Many previous approaches
are transductive, [10] proposed an inductive framework that can generalize to
unseen nodes by aggregating local neighborhood information of a node.

Others. Line [23], optimize first and second order proximity by maximiz-
ing edge reconstruction probability through edge sampling. It can be extended
to large-scale networks and suitable for directed, undirected, weighted graphs.
Verse [24] method learns node representations that preserve the distributions
of any selected similarity measure among nodes by optimizing Kullback-Leibler
divergence from the given similarity distribution to embeddings. NodeSketch [29]
proposes a computationally efficient graph embedding technique that can pre-
serve the proximity of higher-order nodes through recursive sketching.

In general, most existing methods focus on learning low- or high-order graph
information, and how to effectively learn multi-order graph information is still a
valuable question. Inspired by previous work, we fuse structure-preserving model
with random walk sampling, in which embeddings preserve low-level (first- and
second-order) and high-level (community structure) graph information.

3 Proposed Method

3.1 Notation

We define a graph G = (V, E), where V is the set of nodes and F is the set of
edges. We use A to denote the adjacency matrix. For an unweighted graph, if
there exists an edge from v; to v;, 4, ; equals one, and A; ; equals zero otherwise.
For a weighted graph, the value of A, ; is the weight of the edge between nodes i
and j. A; . represents the i-th row of the adjacency matrix, and A, ; stands for the
j-th column of the adjacency matrix. Graph embedding aims to learn a mapping
function f: V — Z € R¥*? from nodes to the learning representations, where
N is equal to the number of nodes, d is the specified number of dimensions of our
embedding representations and d << |V, Z is an embedding representation, and
z; is the embedding representation of node i. We define N (u) as the neighborhood
of node u. Let Ngw (u) denote the context nodes of node u obtained by random
walk sampling. N,.4(u) is defined as the negative samples of node w.
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3.2 Structure Preserving Model

We adopt the structure in SDNE [27], which can preserve low order graph struc-
ture effectively. Our main model is an autoencoder structure composed of an
encoder and a decoder. The encoder consists of multiple fully connected layer

and performs non-linear mapping. The input of k-th layer is defined as Xf, and
the output y* is calculated as follows:

X? = A:,iv Xf — yf—l

yE=WkxF 4 b* k=1, K (1)

The output of the encoder is yX, we take it as embedding representation z;
of the node i, and then restore it to the input of encoder through decoder. The
calculation process of decoder is symmetric to encoder. Therefore, the autoen-
coder learns the second order proximity of graph by reducing the reconstruction
loss. The reconstruction loss is defined as:

£2nd = ||()A(1 - Xi) © alH% (2)

where X; is the output of decoder, x; is equal to A. ;, ® is the Hadamard product,
and a) = (3 if A; ; > 0. The main function of the Hadamard product is to recon-
struct the non-zero elements first. The loss of second order proximity guarantees
that nodes with similar neighbors will be close to each other in embedding space.
The model also needs to learn first-order proximity, which means that if a
pair of nodes 7 and j are connected, they should be close to each other. To
preserve first-order proximity, a graph-based loss function is defined as:

1
Li = =2 ST log(o(a] 2, 3
1st |N(7,)| Z Og(O'(ZZ ZJ)) ( )
JEN(@)
where o is the sigmoid function (o(z) = 1-&-%) The loss function of first order
proximity also encourages nearby nodes to have similar representations in embed-
ding space.

3.3 Random Walk Sampling

Although the structure-preserving model can effectively learn low-order graph
structure information, it ignores high-order graph structure information. A graph
can be represented as a set of information flows that contain community structure
by random walk sampling [20]. We first randomly select a starting node, and
uniformly sample a neighbor node of the last visited node until the maximum
length is reached. The objective function of random walk sampling is as follows:

ming — logP (Vi— A -+ Vie1,Vig 1, o, Vit A|V;)

= —log H P(vigjlvi)
—A<j<A

. exp(@7 (vis;)P(v:)) A
gﬁELAZMmm@mem» W
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where the goal is to maximize the co-occurrence probability between nodes. How-
ever, due to softmax calculation is expensive, we do not use hierarchical softmax
in DeepWalk, but use negative sampling. To preserve community proximity, loss
function is defined as:

Lrw=—r S log(o(] 7)) (5)

~Ty :
‘ RW(Z)|j€NRW(i)

3.4 Negative Sampling

In order to avoid the calculation of softmax, we introduce positive and negative
samples. And we need to sample several nodes as negative samples for learn-
ing the ground truth effectively. Thus, we define a noise distribution P, (u) to
pick negative samples for node u. Since many graphs are scale-free (the degree
distribution of a graph follows the power law, as shown in Fig. 2), the noise distri-
bution P, (u) we use here is actually a uniform distribution. And for each node,
negative samples with different hops should have different weights. It is just like
if the nodes in the graph are farther apart, then they should be “thrown” farther
away in the embedding space. Therefore, we use the shortest distance between
nodes as the weight of negative samples. The negative sample loss is defined as
follows:

1
Lo=—r— 2 suloglo(-a]2,) (6)
Nuca@l | 2

where s,, is the distance between the negative sample v,, and the node v;.
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Fig. 2. Power law distribution of nodes in BlogCatalog dataset.
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3.5 Algorithm

Objective Function. To learn low- or high-order graph information, and the
final objective function is:

L= n»Can + CV»Clst + ’YL:’I"U) + 5£n + Vﬁreg (7)

where L4 is an L2-norm regularizer. Our proposed model only use one autoen-
coder structure with parameters 8 and does not introduce other structures. And
we only adopt random walk strategy and negative sampling strategy. Our goal
is to get reasonable parameters € by minimizing loss £, and it is a weighted
linear combination of per objective losses. Therefore, we introduce an efficient
multi-objective optimization algorithm, MGDA-UB [22], to optimize L. Because
tuning these weights manually is very difficult. According to MGDA-UB, the
resulting optimization problem is:

min
Q1.0

where 0°" are shared parameters, 8** are task-specific parameters, Z denote the
representations. In fact, the above optimization problem is equivalent to find a
minimum-norm point in the convex hull of the set of input points [22]. MGDA-
UB is computationally efficient, which requires only a single backward pass. After
computing the gradient VzL; (0", 0*), the method uses Frank-Wolfe solver [12]
to solve the optimization problem.

2

T T
ZatVZﬁt(GSh,eta) Vt,Zat = l,at Z 0} (8)
t=1 1

t=

2

Optimization. To get the weights, we need to calculate the partial derivative
Vzﬁt(HSh, 0'*). At first, we calculate the gradient Vz L4, the detailed mathe-
matical form is shown as follows:

Lona = [BX = X)|I3 (9)
8‘C2nd _ 2y _
=X -X)=H (10)

6»C'2nd

dLong = tr(( % ) TdX) (11)

The decoder here uses three fully connected layers. It can be phrased as
follows: R
X:W30'2(W20'1(W1Z—|—b1)—|—b2)—|—b3 (12)

To simplify the expression of the formula, it can be rephrased as:
hy = W1Z + by, g = o1(hg)
h; = Wag, + ba, gy = 02(hy)
X = Wsg, + bs (13)
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Then the differential form of L£s,4 can be expressed as follows:

a»CQnd

dLona = tr(( )TdX) = tr(H' W3dg,)

= tr(H' W3(0y(hy) © (Wadg,)))

= tr(W3 Ho oy(hy)) Wy dg,)
H;

= tr(H, (03 (hg) ® (W1dZ)))

= tr((H{ ©0j(hy)) W, dZ)

H

a»CQnd o T
9z H, (14)
Then we can calculate the gradient VzLi4. From Eq. 3, it can be phrased

as follows: or )
1st [V AN
8ZZ‘ - (_|N(Z)| Z US(Zi ZJ)Z]- ) (15)
JEN (i)

Similarly, it is easy to calculate the gradient VzL,.,, and VzL,cy. And the
above o1, 02 and o3 are element-wise functions. After obtaining these partial
derivatives, we can make use of MGDA-UB method to get the weights of above
objectives. Then the parameters 8 can be optimized by using stochastic gradient
descent. We present the our algorithm as follows (see Algorithm 1).

Algorithm 1: Multi-order graph embedding algorithm

Input: graph G = (V, E), adjacency matrix A
Output: embedding representations Z
while Parameter convergence do
Walks = RandomWalkSampling(G);
Select nodes from V' as a minibatch B;
ZB,XB = Autoencoder(Xg;0);
foreach v € B do
Select the context nodes of node v as Ngrw (v) from Walks;
Select the neighbors of node v as N(v);
Select the negative samples of node v as Nyeg(v);
end
10 A1,y ..., = MGDA-UB(VzBﬁl,,..,VZBET);
11 Update parameters € with stochastic gradient descent based on %;
12 end
13 Z,X = Autoencoder(X;0);
14 return embedding representations Z;

© W N O s WN -
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4 FEvaluation

4.1 Experimental Setup

Datasets. In order to evaluate the effectiveness of our method, we use four
public graph datasets, including one social network, BlogCatalog,! one words
co-occurrence network, Wikipedia,? a subgraph of the Protein-Protein Interac-
tions network (Homo Sapiens),® and an email communication network between
institution members (the core)? for node classification, graph reconstruction and
node clustering tasks. The statistics of the above datasets can be summarized
in Table 1.

Table 1. Statistics of the datasets

Datasets #Node | #Edge | #Category | Note

BlogCatalog | 10312 |333983 39 Multi-label
Wikipedia 4777 92295 | 40 Multi-label
PPI 3890 37845 | 50 Multi-label
email-Eu-core | 1005 25571 | 42 Single-label

Evaluation Metrics. We validated our method in three tasks. Specifically,
we use Hamming Loss [7] in multi-label node classification task, which is often
used in multi-label tasks [30,31]. And two well known F1 measures, Macro-F1
and Micro-F1 [25], were used to evaluate the performance in single-label node
classification task. In graph reconstruction, we adopted Mean Average Precision
(MAP) [27]. In node clustering, Normalized Mutual Information (NMI) [5] is
often used in finding non-overlapping communities. However, we here used an
improved Normalized Mutual Information (MGH-NMI) [15] to detect overlap-
ping communities.

Baselines. In our experiments, we mainly verify the ability to maintain the
structure information of undirected graphs. Thus, we compare our method with
the following state-of-the-art methods: DeepWalk [19], Node2vec [9], GraRep [4],
Line [23], SDNE [27], AROPE [32], M-NMF [28] and NodeSketch [29]. For the
first five methods, we use the open source tool, OpenNE,® for experiments. The
implementation of AROPE used in our experiments is available at https://
github.com/ZW-ZHANG/AROPE. For M-NMF and NodeSketch, we use the
open source tool, Karate Club [21] in our experiments.

! http://socialcomputing.asu.edu/datasets/BlogCatalog3.
2 http://snap.stanford.edu/node2vec/POS.mat.

3 http://snap.stanford.edu/node2vec/.

* http://snap.stanford.edu/data/email-Eu-core.html.

5 https://github.com/thunlp/OpenNE.
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4.2 Experimental Results

Node Classification. We used the multi-layer perceptron [11] without activa-
tion for multi-label node classification and use linear support vector machine [6]
for single-label node classification. We also adopted 10-fold cross validation in
this experiment. M-NMF and NodeSketch methods in Karate Club tool can not
run on the disconnected graphs. Therefore, there are no experimental results on
PPI and email-Eu-core. The experimental results of node classification are listed
in Table2. Our method provides competitive results in multi-label and single-
label node classification tasks. And it shows that our method with MGDA-UB
is always superior to the other methods. This also demonstrates that dynamic
weights of multi-objective can help optimize the effect of node classification.
SDNE or Line mainly preserves first and second order proximity of graph. Thus,
DeepWalk or Node2vec always perform better than SDNE or Line, which indi-
cates that the high-order graph structure information needs to be effectively
learned. Overall, our method effectively learns the high-order graph structure
information and provides competitive results in node classification tasks.

Table 2. Experimental results of node classification task.

BlogCatalog

Wikipedia

PPI

email-Eu-core

Hamming loss

Hamming loss

Hamming loss

Macro-F1

Micro-F1

DeepWalk
SDNE
Node2vec
Line
GraRep
AROPE
M-NMF
NodeSketch

0.0385 + 0.0012
0.0416 + 0.0012
0.0392 + 0.0008
0.0441 +£ 0.0010
0.0349 £ 0.0010
0.0409 + 0.0011
0.0360 £+ 0.0007
0.0417 £ 0.0020

0.0414 £ 0.0009
0.0394 £+ 0.0011
0.0429 4+ 0.0011
0.0430 4+ 0.0011
0.0384 4+ 0.0009
0.0366 4+ 0.0011
0.0343 4+ 0.0011
0.0477 4+ 0.0029

0.0456 £ 0.0008
0.0433 + 0.0013
0.0454 + 0.0010
0.0543 + 0.0015
0.0419 + 0.0010
0.0402 + 0.0013

0.600 £ 0.061
0.537 £ 0.057
0.593 £ 0.057
0.522 + 0.066
0.593 £ 0.064
0.593 + 0.059

0.752 £ 0.049
0.694 £ 0.046
0.753 £ 0.039
0.689 + 0.063
0.766 £+ 0.048
0.753 £ 0.051

Our method®

Our method-MP

0.0344 + 0.0010
0.0333 + 0.0007

0.0377 4+ 0.0011
0.0334 + 0.0009

0.0399 + 0.0012
0.0368 + 0.0012

0.609 + 0.081
0.603 £ 0.034

0.774 £ 0.048
0.775 + 0.031

? This is the method with balanced weights of each objective.

b This is the method with dynamic weights of each objective.

Graph Reconstruction. In this experiment, we used inner products to mea-
sure the similarity of vectors. The performance results in Table3 illustrate
that our method is significantly superior to the other baselines on four bench-
mark datasets. In addition, compared to the second-ranked method, our method
improved by 140%, 5.3%, 72.6% and 66.1%, respectively. In fact, the contribu-
tion mainly comes from the distance-based negative sampling method, and we
will discuss in the section of ablation study. And it shows that our method with
MGDA-UB performs not well. This is because it tries to reduce losses but does
not effectively maintain the balance of tasks. In general, it also shows that our
method can effectively learn low-order graph structure information.
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Node Clustering. K-means algorithm [1] was adopted to cluster nodes in
this experiment. The performance results for node clustering task are shown in
Table4. PPI is a multi-graph data set and is not suitable for node clustering
task. It can be seen that our method is superior to other methods in overlapping
graphs. And it shows that our method with MGDA-UB performs not very well.
It also shows that the experimental results of SDNE or Line are not very good
because they mainly learn low-order structural information, and they are not
suitable for the task. The performance results indicate that our method can

W. Zhang et al.

Table 3. Experimental results of graph reconstruction task.

BlogCatalog | Wikipedia | PPI | email-Eu-core

DeepWalk 0.138 0.416 0.224 |0.340
SDNE 0.038 0.077 0.085 |0.329
Node2vec 0.203 0.451 0.285 | 0.233
Line 0.013 0.085 0.126 |0.276
GraRep 0.060 0.185 0.137 |0.384
AROPE 0.199 0.348 0.151 |0.218
M-NMF 0.004 0.336 - -

NodeSketch 0.010 0.044 - -

Our method 0.488 0.475 0.492 | 0.638
Our method-M | 0.186 0.348 0.181 |0.615

effectively learn the high-order graph structure information.

Table 4. Experimental results of node clustering task.

BlogCatalog | Wikipedia | email-Eu-core

MGH-NMI | MGH-NMI | NMI
DeepWalk 0.0213 0.0017 0.700
SDNE 0.0 0.0040 0.575
Node2vec 0.0226 0.0024 0.702
Line 0.0 0.0022 0.665
GraRep 0.0264 0.0019 0.677
AROPE 0.0 0.0028 0.460
M-NMF 0.0049 0.0019 -
NodeSketch 0.0 0.0014 -
Our method 0.0387 0.0032 0.708
Our method-M | 0.0097 0.0041 0.676
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4.3 Ablation Study of Negative Sampling

Since we use distance-based negative sampling method to improve learning rep-
resentations. In this section, we investigate the contributions of distance-based
negative sampling to the performance. Some variants of our method are as fol-
lows:

e Variant-1: It learns low- or high-order graph information without negative
sampling.

e Variant-2: Every negative sample has the same weight.

e Variant-3: It performs negative sampling based on the degree of nodes.

First, we conduct an experiment by removing negative sampling, where our
method learns low and high order graph structure information with only positive
sample. Then, we conduct an experiment where all negative samples have equal
weight. The performance results in Table 5 illustrate that distance-based nega-
tive sampling can effectively improve the ability to learn representations. The
method without negative sampling does not perform well, especially in node clus-
tering and graph reconstruction tasks. This shows that we need not only positive
samples in the training process, but also negative samples as noise to improve
the model. And the experimental results of the method with equal weight nega-
tive samples have improved, but there is still a gap between the distance-based
negative sampling method. If we do negative sampling based on the degree of
nodes, it shows that does not perform well in node classification and node clus-
tering. This is because negative sampling relies too much on nodes with large
degrees and neglects most nodes with small degrees. These results demonstrate
the contributions of distance-based negative sampling method.

Table 5. Experimental results about ablation study of negative sampling on BlogCat-
alog.

Hamming loss | MGH-NMI | MAP
Our method | 0.0344 + 0.0010 | 0.0387 0.488
Variant-1 0.0371 £ 0.0009 | 0.0131 0.058
Variant-2 0.0348 + 0.0011 | 0.0159 0.418
Variant-3 0.0363 £ 0.0009 | 0.0150 0.547

4.4 Study of Hyper Parameters

We investigate the how different hyper parameters affect the performance in
this section. Specifically, we evaluate the results in terms of number of context,
negative samples and embedding dimensions.
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Performance on Different Number of Context. We first show how the
number of context affects the performance in Table6. We can see that it has
little effect on node classification. In node clustering, results first increase with
the growth of number of context and then remain stable. In graph reconstruction,
results first increase and then drop, and it achieves the best performance of
reconstruction at 24. This shows that learning too many context nodes at the
same time is not good for identifying neighbors.

Performance on Different Number of Negative Samples. From Table6,
we can see that it has a little effect on node classification. However, it has a
greater impact on graph reconstruction. The more negative samples, the bet-
ter the results of graph reconstruction task. Too many negative samples will
negatively affect node classification and clustering tasks, since this reduces the
learning effect of context nodes.

Performance on Different Embedding Dimensions. At last, we show how
different embedding dimensions affect performance. From Table6, we can see
that the results of our method become worse as the dimensions increase in node
classification. In node clustering, when the dimensions increase, the performance
initially gets better and then becomes worse. The reason is that too large dimen-
sions will introduce noise, which has negative impact on performance. The influ-
ence on the task of graph reconstruction is volatile.

Table 6. Experimental results of different hyper parameters on BlogCatalog.

Hamming loss | MGH-NMI | MAP
context = 8 |0.0347 4+ 0.0012 | 0.0252 0.473
context = 16 | 0.0344 + 0.0010 | 0.0387 0.472
context = 24 | 0.0344 + 0.0010 | 0.0388 0.488
context = 32 |0.0345 £+ 0.0006 | 0.0391 0.482
context = 48 | 0.0343 + 0.0008 | 0.0392 0.444
neg = 8 0.0341 + 0.0007 | 0.0393 0.427
neg = 16 0.0342 + 0.0008 | 0.0384 0.459
neg = 24 0.0344 + 0.0010 | 0.0388 0.488
neg = 32 0.0343 £ 0.0008 | 0.0388 0.486
neg = 48 0.0349 + 0.0011 | 0.0378 0.497
dim = 32 0.0322 + 0.0006 | 0.0334 0.403
dim = 64 0.0332 £ 0.0007 | 0.0331 0.472
dim = 96 0.0340 + 0.0009 | 0.0390 0.453
dim = 128 | 0.0344 + 0.0010 | 0.0388 0.488
dim = 256 | 0.0372 + 0.0009 | 0.0278 0.494
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5 Conclusion

In this paper, we present a new graph embedding method that focuses on
learning low and high order graph structure information. Our method fuses
structure-preserving model with random walk sampling, which can learn multi-
order graph structure information simultaneously. Our method also introduces
distance-based negative sampling method for improving the learning representa-
tions by collecting noise samples. It measures the importance of negative samples
through the distance between nodes. We evaluate our embedding method in node
classification, graph reconstruction and node clustering tasks. The experimental
results demonstrate that our proposed method provides very competitive results
compared with seven state-of-the-art baselines on four benchmark datasets.
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