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Abstract

Graph representation learning or graph embedding is a classical topic in data

mining. Current embedding methods are mostly non-parametric, where all the

embedding points are unconstrained free points in the target space. These ap-

proaches suffer from limited scalability and an over-flexible representation. In

this paper, we propose a parametric graph embedding by fusing graph topology

information and node content information. The embedding points are obtained

through a highly flexible non-linear transformation from node content features

to the target space. This transformation is learned using the contrastive loss

function of the siamese network to preserve node adjacency in the input graph.

On several benchmark network datasets, the proposed GraPASA method shows

a significant margin over state-of-the-art techniques on benchmark graph rep-

resentation tasks.
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1. Introduction

With the fast development of graph representation learning tasks in recent

years, many network related tasks obtain better results from low-rank graph

representation methods. A variety of graph representation methods show their

effectiveness in dealing with graph related tasks like, node classification, link5

prediction and graph reconstruction [10, 14, 16]. Many graph representation

methods recently are inspired from neural language models [3, 32]. Some meth-

ods learned the graph representations from network topology [39, 42, 19, 12, 41],

while others incorporate node content information for learning the graph repre-

sentation [49, 50, 20, 1, 11, 31]. In general, recent graph representation methods10

utilize dimensionality reduction techniques to distill the high-dimensional infor-

mation about nodes’ neighborhood into the distributed representation vector.

The representation can then be fed to other machine learning systems and boost

various graph mining tasks.

The current development on graph embeddings is largely based on the non-15

parametric approach, where each graph node is embedded as a free point in <d

(d: dimension of the target space) [27]. Therefore in total we have O(nd) free

parameters to learn, where n is the number of nodes. This approach faces a

huge number of free parameters as the network scales up. Moreover, it does not

provide an out-of-sample mapping from the graph nodes to the target space.20

Hence the learned representation model cannot generalize to unobserved nodes

at training time. The issue is partially addressed by re-learning the node repre-

sentation incrementally [39, 49] at the cost of a high computational overhead.

Parametric graph embedding approaches are under development in another

thread. In this thread, embeddings are defined as a parametric function of the25

feature vectors. Nickel and Jiang et.al. [36] showed that linear embeddings

of graph requires large dimensionality to capture complex relations, while non-

linear embedding can mitigate this problem [5, 4]. Sophisticated non-linear

mappings represented by a recurrent neural network have been applied to the

graph domain [18]. In a semi-supervised setting, Yang et.al. [50] and Hamilton30
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et.al. [20] introduced a parametric mapping to embed the node features. The

Graph convolution networks [23] also provide a parametric mapping based on

graph spectral theory.

This paper follows the latter parametric approach. In this paper, we learn a

non-linear mapping parametrized by a deep neural network to fuse node content35

information with node adjacency information in a clever way: the input of the

mapping is the raw node contents. After the mapping, the output is constrained

to respect node adjacency based on the Siamese cost function [6]. Both node

pairs with similar contents and node pairs with short graph distances will be

embedded nearby, according to the graph homophily theory [22]. These two40

kinds of information are thus tightly integrated by a unified cost function. Also,

to obtain embedding without task-specific supervision, we focus on learning the

graph embeddings in an unsupervised manner. The proposed method is named

GraPASA for Graph PArametric representation with Siamese Architecture. It

stands out from alternative models on the following aspects: (1) GraPASA is a45

parametric method and can be easily applied to both transductive and inductive

network learning tasks. (2) GraPASA elegantly integrates network topology and

node content information based on the contrastive loss. (3) GraPASA is a purely

unsupervised approach and is therefore useful to general application purposes.

We compare the proposed method with several state-of-the-art unsuper-50

vised graph embedding methods including Node2Vec [19], TADW [49] PLANE-

TOID [50], GraphSAGE [20], Graph2Gauss [4], and pRBM [48] on node classi-

fication, community detection and graph visualization tasks. The experimental

results on three real-world networks show that GraPASA consistently outper-

forms the alternatives with a notable margin.55

Our main contributions are summarized as follows:

• An efficient parametric node embedding method, GraPASA, for both in-

ductive and transductive graph representation learning.

• A novel application of the Siamese network in the area of graph learning

and a new “graph neural network”.60
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• Extensive empirical study on comparing the proposed method and several

state-of-the-art graph embedding methods on different graph mining tasks.

The rest of this paper is organized as follows. Section 2 discusses related

works in graph representation learning and parametric embedding learning. Sec-

tion 3 presents the proposed GraPASA model. Section 4 reports our experiments65

results. Section 5 concludes and hints at future perspectives.

2. Related Works

2.1. Graph representation Learning

A great amount of attention has been paid to representation learning prob-

lems in graphs/networks, which is also called graph/network embedding. The70

related work can be categorized as unsupervised or semi-supervised learning

approaches depending upon the usage of given labels in the learning process.

Related works can also be divided by checking if only the graph topology infor-

mation is used for learning, or other information is additionally employed, e.g.,

node content information. The study in unsupervised representation learning75

with only the topology information has a big family of developed approaches.

The network topology is usually represented by an adjacency matrix, A(|V |∗|V |),

where Aij is 1 if node vi and vj are connected, or is a numeric weight value

if the edge connecting vi and vj has a weight, otherwise Aij is 0. To obtain

node representation in <d, dimensionality reduction techniques like singular80

value decomposition (SVD) or principal component analysis (PCA), and multi-

dimensional scaling (MDS) can be applied on A or graph Laplacian matrix and

Modularity matrix derived from A [43]. However, the poor scalability of these

approaches makes them difficult to be applied to large-scale networks.

Recently, another stream of work addresses the unsupervised representation85

learning of nodes in large-scale graph with an inspiration from neural language

models (e.g., word2vec in [32]). Deepwalk [39] and node2vec [19] learn node

representation that maximizes the co-occurrence probability of a target node

and its context nodes, which are generated by short random walks in networks.
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Based on the similar notion of “context”, LINE [42] is proposed to explicitly90

preserve the first-order and second-order proximity between nodes. Following

the proof that the Skip-Gram model in word2vec with negative sampling [32]

is implicitly factorizing a word-context matrix in [24], Yang et al. show that

Deepwalk is equivalent to matrix factorization also when the factorized matrix

is designed to show the probability that a node reaches another by random95

walks [49].

In this set of semi-supervised representation learning work, available labels

guide the learned representation for better predictive capacity. After the pres-

ence of Deepwalk, Yang et al. propose a transductive and inductive framework

(Planetoid) for learning the representation for each graph node to jointly predict100

the class label and the neighborhood context in the graph [50]. A method called

max-margin DeepWalk (MMDW) proposed in [45] jointly optimizes the max-

margin classifier and the representation learning model formulated in a matrix

factorization manner. Similarly, Discriminative Deep Random Walk (DDRW)

proposed in [25] jointly learns a classifier and vertex representation by combining105

the loss function of SVM and that of Skip-gram model.

All the above-mentioned approaches learn non-parametric representation for

graph nodes, which differ from the parametric mapping learned by GraPASA in

this paper. The inductive model of Planetoid [50] defines a node representation

as a parameterized function of node content feature. However, unlike the these110

methods, the proposed GraPASA in this paper is an unsupervised model and

follows a totally different problem formulation.

GraphSAGE [20] and SDNE [46] are also designed for inductive network

learning. But both GraphSAGE and SDNE calls for topology feature to infer

the representation vector, which is not scalable to sparsely connected graph.115

Graph2Gauss [4] regarding embeddings as distributions can also be used for in-

ductive network learning, but Graph2Gauss cannot capture complex non-linear

mapping because it is a shallow network model. Also, the variance of distri-

butional embedding will impact the node classification performance. GraPASA

can infer network embedding only by content features, and GraPASA is a deep120
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network model, which can fit more complicated non-linear mapping.

Also many of these unsupervised and semi-supervised learning approaches

solve representation learning problem from only the topology information, ex-

cept [49, 37, 51], which incorporated with node content information and other

available graph information. However, methods like TADW [49] and HSCA [51]125

require matrix operation like SVD decomposition, which prohibits them from

dealing with large scale graphs. TriDNR in [37] is a semi-supervised method

and requires extra label information.

2.2. Deep Siamese Network

Deep learning has been recognized as a promising solution to problems across130

several research fields [17]. Deep learning also played in network embedding.

Auto-encoder is used in [47] with first-order and second-order proximity for

designing a semi-supervised deep learning model for network embedding. Auto-

encoder is also employed in [7] for learning a non-linear mapping from vector

representations constrained by a positive point-wise mutual information (PPMI)135

matrix to low-dimensional vertex representations. Convolutional Neural Net-

works helped on learning embedding of heterogeneous network in [9]. However,

these models focus mainly on learning from only the topology information.

Siamese network, another architecture of deep neural networks, was first

introduced in the early 1990s by Bromley and LeCun [6] to solve signature140

verification as an image matching problem. The Siamese network did not achieve

great attentions until the deep learning boom in the late 2000s [13]. Since

the successful application in unsupervised feature learning, many more feature

learning tasks begin to use the Siamese network recently [33, 34]. The Siamese

Network incorporates the contrastive information between a pair of inputs to145

explore essential similarity or dissimilarity in the representation space. For

our application, the Siamese Network can establish a representation space that

embeds similar node pairs nearby as these node pairs have similar contents

and short graph distances, while node pairs that differ in content and/or are

distant in graphs are embedded in separated areas. The node content and node150
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adjacency in graph structure are tightly integrated by a unified cost function in

the Siamese Network.

2.3. Manifold Learning

The two areas of graph embedding and manifold learning, a.k.a. non-

linear dimensionality reduction, are well connected and share similar techniques.155

While graph embedding learns a mapping from the graph nodes to a low-

dimensional target space <d, the task of manifold learning is to learn a non-linear

mapping from the observation space (usually <D) to <d.
It is worth to mention that similar methodologies to preserve input adjacency

information appear earlier in the literature of manifold learning (see e.g., [2, 21]).160

It is therefore meaningful to borrow methodologies from manifold learning into

the area of graph embedding.

On the other hand, the graph embedding community has widely adopted

negative sampling and stochastic gradient descent to scale to large datasets.

This could be interesting to manifold learning, where efforts are made to tackle165

(see e.g., [29]) the O(n2) complexity of batch gradient descent.

The development of manifold learning follows both a parametric approach

e.g., auto-encoders and principal component analysis, as well as a non-parametric

approach, e.g., Locally Linear Embedding (LLE) [40] and Laplacian Embed-

ding [2]. There have been related efforts [28, 8] to port non-parametric mani-170

fold learning into a parametric way, which is similar to the proposed GraPASA.

However, GraPASA is uniquely designed for graph embedding and graph feature

fusion.

3. Methodology

In this section, we will first introduce the problem definition and notations175

be used. Then we will present the idea of parameterizing previous DeepWalk

method. After that, we will describe how to build nodes relationship in detail

via the siamese model and non-linear function in our work.
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3.1. Problem Definition and Notations

Formally, let G = (V,E,X) denote a graph, where V = {v1, v2, . . . , vn} is180

the set of nodes, and E ⊆ V × V is the edge set including connections between

nodes. X = {X1, X2, . . . , Xn} is the set of random variables, in which Xi,

taking its values in a space X , describes features of the node vi. For traditional

non-parametric graph representation method, a specific representation will be

learned for each node.185

In this paper, node representation learning is to find a mapping fθ, which

projects content feature Xi of node vi in a graph as a vector fθ(Xi) ∈ <d in

d-dimensional space, given the node adjacency and node content information in

graph G. Here, θ is the parameter of the mapping that will be learned. d is a

pre-specified parameter denoting the number of dimensions of node representa-190

tion. The learned representation fθ(Xi) will be used in various tasks like node

classification and network clustering.

3.2. Parameterized Objective Function

The recent popular methods like Deepwalk [39] and node2vec [19] formalize

the graph representation learning problem as the optimization of an objective

function that maximizes the log-probability of the co-occurrence in a graph

neighborhood NS(vi) for the target node vi, given vi’s representation f(vi). For

example, the objective function of node2vec is

max
f

∑

vi∈V

∑

vc∈NS(v)

logPr(f(vc) | f(vi)), (1)

where for target node vi ∈ V , NS(vi) ⊂ V is defined as the neighborhood nodes

(a.k.a. context) of node vi, and is generated by a particular graph sampling195

strategy S. Notice that the node representation f(vi) or f(vc) in node2vec is

not parametrized and the representation is a free embedding point in <d.
In this paper, we target at learning a parametric mapping fθ(Xi) as node

representation, which is a non-linear function of node content features Xi for

node vi, with constraints of network structure. Following the formulation in
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Eq. (1), we maximize the log-probability of the co-occurrence of neighborhood

nodes integrating node feature X in NS(v) by using parametric mapping fθ:

max
θ

∑

vi∈V

∑

vc∈NS(vi)

logPr(fθ(Xc) | fθ(Xi)), (2)

where fθ(·) is the parametric mapping, same for all nodes in V . Although Eq.

(2) is formalized as a maximum likelihood optimization, it directly generalizes to

any distance metric between fθ(Xc) and fθ(Xi). This will be discussed in detail200

in the following subsection. Moreover, unlike f in non-parametric methods, the

parametric mapping fθ, once learned, can be used to produce the representation

fθ(X) for both observed and unobserved node v, by simply applying fθ on

feature X.

3.3. Sampling Strategy205

Node2vec proposed a generalized sampling strategy for obtaining NS(v) for

each node v and has shown its superiority over other methods like Deepwalk and

LINE [19]. We thus follow the 2-nd order random walk algorithm in node2vec

for obtaining the neighborhood nodes, and generate positive samples. Negative

samples input to the Siamese network is extracted by negative sampling [32].210

This is very similar to the sampling strategy proposed in Planetoid [50]. How-

ever, unlike Planetoid that uses the supervised labeling information, the sam-

pling here is purely unsupervised.

In our case, we sample a set of triplets (vi, vc, δ) from networks, where vi

and vc denote a target node and one of its context nodes respectively, δ = 1215

indicates (vi, vc) is a positive node pair, and δ = 0 indicates (vi, vc) is a negative

pair. A parameter p1 ∈ (0, 1) is set to control the ratio of sampled positive and

negative pairs.

The sampling process of one triplet is listed in Algorithm 1. First, a walk

sequence S = {S1, S2, ..., Sj , ..., Sl} is generated by using the 2-nd order random220

walk algorithm in node2vec, where Sj is the j-th node in walk sequence S.

Given an S and the probability p1, for a target node vi = Sj , we sample its

context c in a positive pair (vi, vc, 1) from the set {Sk : |j − k| < w} with
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a probability p1, where w is a window size parameter. With a probability

(1− p1), we uniformly sample from all nodes excluding Sj neighborhood nodes225

set {V \{Sk : |j−k| < w}} to obtain a vc̄ in negative pairs (vi = Sj , vc̄, 0). After

sampling is finished, all sampled triplets are shuffled to avoid that the order of

the samples holds any significance.

Algorithm 1 Sampling Positive and Negative Inputs (i, c, δ)

Input Graph G = (V,E,X), parameter p1, windows size w

Output triplet set (vi, vc, δ)

1: for all nodes v ∈ V do

2: random walk sequence S = node2vecWalk(G, v)

3: for all node Sj ∈ random walk sequence S do

4: if random < p1 then

5: sample context node vc from {Sk : |j − k| ≤ w}
6: pospair ← (Sj , vc, 1)

7: else

8: Uniformly sample negative context node vc̄ from all nodes exclud-

ing neighborhood {V \{Sk : |j − k| ≤ w}}
9: negpair ← (Sj , vc̄, 0)

10: end if

11: end for

12: end for

13: (i, c, δ)← Permute(pospair, negpair)

14: return (i, c, δ)

3.4. Siamese Architecture

A Siamese neural network consists of twin neural networks, accepting two230

inputs that are joined by a unified energy function at the top, as illustrated in

Figure 1. Each subnetwork of the twin neural networks is a multi-layer percep-

tron (MLP) with non-linear activation functions. The subnetwork’s output is

the representation of its input (by a non-linear mapping). The cost function

10

                  



defined at the top is to compare the representations of two inputs, forcing posi-235

tive input pairs to have similar representations and negative input pairs to have

different representations. Since our sampled positive and negative pairs encode

network topology information, by taking node contents of a positive/negative

pair as inputs, Siamese architecture is a natural choice for integrating the net-

work contents and topology,240

Formally, given an input triplet (vi, vc, δ) (sampled in Sec. 3.3), the two

nodes vi and vc go through two MLP subnetworks separately. The outputs of

these subnetworks are fed to the top layer with an energy function measuring the

output difference. The training target of the Siamese network is to minimize the

squared Euclidean distance between the final representation of similar (positive)245

pairs and maximize the distance for dissimilar (negative) pairs.

We train the subnetworks of Siamese network as a deep neural network

that parametrically learns the node representation based on the node content

features. Given the triplet (vi, vc, δ), the input features for both subnetworks

are the corresponding content features Xi for target node vi and Xc for context250

node vc. Here we use the multi-layer perceptron (MLP) in the twin network to

serve as fθ where the h-th hidden layer is given by

zh(Xi) = gh(Wh · zh−1(Xi) + bh), 1 ≤ h ≤ H, (3)

where g(·) is the element-wise activation function (e.g. Sigmoid). The output of

H-th hidden layer is the final node representation, where we use linear mapping

as zH(Xi) = WH ·zH−1(Xi)+bH . We refer the MLP as the parametric mapping,255

denoted by fθ(·) = zH(·), and the node representation for node v will be fθ(Xv).

We define the energy function on the top to be the Euclidean distance of

the target and context node in the representation space, between fθ(Xi) and

fθ(Xc). The aim of Siamese is to make the positive node pairs nearby and

negative node pairs further apart in the representation space. According to

homophily in networks [22], nodes nearby tends to have similar contents, while

negative node pairs are distant and/or may have distinct contents. For a triplet

11

                  



Figure 1: The Siamese architecture for parametric graph learning. Non-linear function fθ read

distinct node content features and joined by an energy function at the top. Energy function

will use the the similarity metric.

(vi, vc, δ), the energy function for the positive node pair (δ = 1) and negative

node pair (δ = 0) are defined respectively as:

E(fθ(Xi), fθ(Xc), 1) = ||fθ(Xi)− fθ(Xc)||2,

E(fθ(Xi), fθ(Xc), 0) = max(0, C − ||fθ(Xi)− fθ(Xc)||2).
(4)

E(·, ·, 1) forces a positive node pair (vi, vc, 1) be close, while E(·, ·, 0) makes

a negative pair (vi, vc, 0) avoid being closer than a margin C. C is a hyper-

parameter, controlling the ideal margin for the negative pair. If a negative

pair (vi, vc) is already separated by the margin C, the pair will not receive any

penalty and energy E(fθ(Xi), fθ(Xc), 0) = 0. Our target is to minimize total

12

                  



loss function over the triplet set T = {(X(m)
i , X

(m)
c , δ(m))} as:

L(T ) =
∑

m

E
(
fθ(X

(m)
i ), fθ(X

(m)
C ), δ(m)

)
. (5)

We introduce a hyper-parameter α ∈ (0, 1) to balance the loss imposed

by positive and negative samples, since the unbalanced ratio between these two

populations may make the learning less effective. α will control the loss function

to concern more about positive loss or negative loss. Finally, derived from Eq.

(5), our target is to minimize the loss function with the form:

L(T ) = α
∑

m: δ(m)=1

E
(
fθ(X

(m)
i ), fθ(X

(m)
c ), 1

)

+ (1− α)
∑

m: δ(m)=0

E
(
fθ(X

(m)
i ), fθ(X

(m)
c ), 0

)
, (6)

where the first term is the loss for all positive pairs and the second term is the

loss for all negative pairs.

3.5. Discussion

3.5.1. Transductive and Inductive Setting260

Our approach is flexible for generating embedding vectors for graph nodes

in both transductive and inductive setting. When all nodes in the network are

presented in the training phase (transductive setting), embedding vectors for

all nodes are obtained by solving optimization problem defined in Eq. (6). In

inductive setting, the embedding vectors of unseen nodes can be obtained by the265

trained MLP. To be more specific, the representation of node vi with content

feature Xi is the final layer’s output of MLP zH(Xi) as given by Eq. (3).

While most graph representation learning methods are designed for trans-

ductive learning, there are a few inductive learning approaches like SDNE [46]

and GraphSAGE [20]. These approaches take the topology information of the270

newly added nodes to generate the embedding vectors. For newly added nodes

that only have single or no connection to existing graph, SDNE and Graph-

SAGE have difficulties to produce good representation for them. In contrast,

GraPASA can better handle such scenarios by learning the parametric mapping

function from content feature of previously unseen nodes.275
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3.5.2. Complexity

In the training phase, we use mini-batch gradient descent to train the vari-

ables in the Siamese architecture. We first sample a batch of triplets (vi, vc, δ)

and then take a gradient step to optimize the loss function Eq. (6). Following

the sampling method in node2vec, the time complexity is O(|V |). The compu-280

tation of each pair of nodes is fully independent and can easily be parallelized.

Therefore, the training phase computational complexity can be considered as

constant. Hence, the total complexity of GraPASA is O(|V |), which is linear to

the number of nodes.

4. Experiments285

In this section, we evaluate the node representation learned by GraPASA

in tasks of node classification, community detection, and representation visual-

ization. In the node classification task, the Micro-F1 of both transductive and

inductive node classification are used for quantitatively measuring the quality of

learned representations. GraPASA is compared with several baseline methods290

on producing high-quality node representations.

4.1. Experimental Settings

4.1.1. Datasets

The proposed GraPASA is designed to learn from the network structures

as well as the node content features. We select several citation networks and295

information networks as our experimental datasets, due to the content feature

is available or not. They are Pubmed used in [49], Cora and Wiki used in [50]

and Protein network used in [20].

• Cora: Cora dataset is a research paper citation network. It contains 2,708

scientific publications, which are categorized into seven classes. Each pub-300

lication in the dataset is described by a 0/1-valued word vector indicating

the absence/presence of the corresponding word in the dictionary. The

dictionary contains 1,433 unique words.
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• Pubmed: Pubmed is very similar to Cora dataset but larger. It contains

19,717 scientific publications from three classes. Each publication is also305

described by a 0/1-valued word vector, while the dictionary for Pubmed

dataset contains 500 unique words.

• Wiki: Wiki dataset is different from both Pubmed and Cora. It contains

2,405 web pages categorized into seventeen classes. Wiki dataset stores the

web page content by using the term frequency-inverse document frequency310

(TF-IDF) matrix. The TF-IDF matrix contains 4,973 columns, indicating

4,973 unique words.

• PPI: PPI dataset is the protein-protein interaction dataset. The dataset

contains 56,944 nodes and 818, 716 links, and is a multi-label dataset

which contains 121 labels and 36.9 labels for each node. The PPI dataset315

uses positional gene sets, motif gene sets and immunological signatures as

features vector with the dimension as 50.

The details of dataset statistics are summarized in Table 1. The |V | and |E|
denotes number of nodes and edges. dim(X) is dimension of content feature of

each dataset. The feature forms the node content feature X. The No. of labels320

shows the number of labels for nodes in each data set.

We regard all three networks as undirected networks.

Table 1: Dataset statistics

Dataset Cora Pubmed Wiki PPI

Content Binary Binary TF-IDF Binary

Network Type Citation Citation Hyperlink Tissue

|V | 2,708 19,717 2.405 56,944

|E| 5,429 44,338 17,981 818,716

dim(X) 1,433 500 4,973 50

No. labels 7 3 17 121
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4.1.2. Baseline Methods

To validate the performance of GraPASA, we compare our model with several

baseline methods, including Node2Vec, TADW, PLANETOID, GraphSAGE,325

Graph2Gauss, pRBM, etc. There are many other network embedding methods

without consideration, because their performances are inferior to these baselines

as shown in corresponding papers. The baseline methods are as follows:

• Node2Vec [19]. Node2Vec develops a second-order random walk to sample

data, and uses skip-gram to learn graph embeddings.330

• TADW [49]. TADW is a transductive learning approach via matrix fac-

torization, where all nodes are observed in training phase. TADW fuses

the node content and network structure together.

• Naive Combination (NaiveComb). The straightforward way to integrate

graph topology and node content feature is to concatenate the Node2Vec [19]335

embedding vector with node content for a node.

• PLANETOID-I [50]. An inductive graph representation method with the

consideration of label information. To make a fair comparison in unsuper-

vised setting, labeling information will be removed in the training phase.

• PLANETOID-T [50]. An transductive graph representation method with340

consideration the labeling information. The label information is also re-

moved here.

• GraphSAGE [20]. Inductive learning structure with neighborhood aggre-

gator. The unsupervised version is utilized for comparison.

• pRBM [48]. A parametric graph representation learning method using345

restricted Boltzmann machine as the generative network model.

• Graph2Gauss [4]. A parametric representation learning method to embed

graph vertex as a Gaussian distribution.

• GraPASA. This is our proposed method, which fits to both transductive

and inductive learning.350
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4.1.3. Parameter Settings

For most of baseline methods, we follow the default setting in the literature.

For Node2Vec, the window size s, walk length l and number of walkers η is set

as 10, 80, 10, respectively. For Naive Combination, we concatenate the content

and Node2Vec feature with 128 dimensions to form 256 dimension representation355

vector. For PLANETOID and GraphSAGE, both learning rates are set as 0.1.

The node representation dimension d is set to 256 for all experimental methods

for fair comparison.

For GraPASA , we use the sigmoid activations as described in section 3.4. α

is set to 0.3, the random walk parameters are default parameters in Node2Vec.360

The layer of MLP H is set to 6 for Cora, Pubmed and PPI, and 7 for Wiki

dataset. For the first H−1 layers, Sigmoid activations and batch normalization

are utilized. For the final layer, we don’t use any activation or normalization

techniques. We use Adagrad optimizer with learning rate as 0.001. Also early-

stopping strategy is used with tolerance as 50. The sensitivity of important365

parameters such as dimensionality, α and context window size is given in section

4.4.

4.2. Node Classification

We first evaluate the proposed method GraPASA in a node classification

task. This is a common graph representation evaluation task, and widely used370

in [50, 19, 20]. For all models, we use one-vs-rest Support Vector Machine

classifier implemented by scikit-learn [38].

We evaluate methods in both transductive and inductive node classification

tasks. For transductive learning task, all nodes are observed during the training

phase, graph embeddings are learned first, and then the classification task will375

range the training ratio from 10% to 90% for evaluation with embeddings. For

inductive learning task, to evaluate comprehensively, the ratio of observable

nodes in training will range from 10% to 90%, and unobservable nodes in training

are used for classification evaluation.
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We evaluate the performance of classification by both Micro-F1 and Macro-380

F1. However, due to the limitation of space and the similar behavior of two

measures, we only report Micro-F1 metric here. To ensure the reliability, we

repeat the experiments for ten times, and the report average performance for

each method. Also, we used the two-tailed Wilcoxon’s signed rank test [15]

to tell whether there is statistically significant evidence that GraPASA outper-385

forms other methods. If no statistically significant evidence that one method

outperforms the other at the 95% confidence level, the test gives p-value larger

than 0.05. The experimental results are listed in Table 2 - 8. Numbers in bold

indicates the best performance in the corresponding row. The second best re-

sults are marked with stars. We also list the Wilcoxon’s p-value from the test390

between GraPASA and other methods in brackets.

4.2.1. Transductive Experiments

The transductive node classification results are shown in Table 2, 3 and 4

for Cora, Pubmed and Wiki dataset, respectively. The left column indicates the

training ratio from 10% to 90%.395

In Cora dataset, GraPASA consistently outperforms all other methods in the

Micro-F1 scores. GraPASA uses a six-layer MLP (H = 6) as described in Sec-

tion 3.4. The output layer contains 256 units, thus produces node representation

in 256-dimension.

GraPASA is built upon Node2Vec method with additional graph node con-400

tent features. Comparing to transductive network learning methods with only

topology feature (Node2Vec), most of methods with both network topology and

content feature will obtain better performance. TADW and NaiveComb can be

regarded as two linear combination methods that fuse topology and content fea-

ture. GraPASA can outperform both TADW and NaiveComb for the non-linear405

mapping feature. Also, comparing to two non-linear network embedding meth-

ods, PLANETOID-T and pRBM, our approach can obtain better performance

because we used deeper neural network than both methods. Meanwhile, all the

p-value in the table is smaller than 0.05, which gives the statistically significant
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Table 2: Micro-F1 (%) and statistical test results of Transductive Multi-class Classification

on the Cora Network Dataset

% Labeled Planetoid-T Node2Vec TADW NaiveComb pRBM GraPASA

10%
(p-value)

74.52 77.44 82.32 79.38 82.40 84.22

(0.0001) (0.0001) (0.0036) (0.0001) (0.0006)

20%
(p-value)

78.59 80.85 84.95 81.18 82.38 85.66

(0.0001) (0.0001) (0.0353) (0.0001) (0.0001)

30%
(p-value)

79.35 83.70 85.99 83.21 83.24 86.09

(0.0001) (0.0003) (0.8227) (0.0001) (0.0001)

40%
(p-value)

80.47 83.38 86.03 84.11 83.31 86.93

(0.0001) (0.0001) (0.0492) (0.0001) (0.0001)

50%
(p-value)

82.91 83.97 86.93 84.06 83.69 87.66

(0.0001) (0.0001) (0.0511) (0.0001) (0.0001)

60%
(p-value)

84.85 84.59 87.31 85.74 84.09 88.65

(0.0001) (0.0001) (0.0253) (0.0001) (0.0001)

70%
(p-value)

85.12 84.69 87.74 86.40 84.23 88.84

(0.0001) (0.0001) (0.0235) (0.0007) (0.0001)

80%
(p-value)

85.87 84.87 88.46 85.93 85.09 88.93

(0.0002) (0.0001) (0.1560) (0.0001) (0.0001)

90%
(p-value)

86.61 85.21 87.08 86.25 85.90 89.80

(0.0003) (0.0001) (0.0001) (0.0001) (0.0001)

evidence that GraPASA outperforms all other methods.410

In the Pubmed dataset, GraPASA outperforms other methods as well. Since

Pubmed dataset has a smaller number of node content features than Cora (500

vs 1433), we used a six-layer MLP (H = 6) as described in Section 3.4. The

number of output units is also set to 256.

According to Table 3, using only the naive combination of content and topol-415

ogy feature can make a good representation. Some non-linear representation

methods such as PLANETOID and pRBM do not learn a better representation.

This might be due to the shallow network architecture which cannot model the

complex mapping. Also, appropriate integration of two types of information is

important. Otherwise, they may not complement each other but cause conflicts.420

However, GraPASA takes advantages of both types of information and outper-
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Table 3: Micro-F1 (%) and statistical test results of Transductive Multi-class Classification

on the Pubmed Network Dataset

% Labeled Planetoid-T Node2Vec TADW NaiveComb pRBM GraPASA

10%
(p-value)

77.83 79.35 82.12 81.80 81.58 86.61

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

20%
(p-value)

79.59 80.11 83.21 83.40 81.70 87.06

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

30%
(p-value)

81.75 80.33 83.37 84.48 81.75 87.46

(0.0001) (0.0001) (0.0001) (0.0002) (0.0001)

40%
(p-value)

82.89 80.45 84.33 85.48 81.88 87.71

(0.0001) (0.0001) (0.0001) (0.0009) (0.0001)

50%
(p-value)

83.84 80.94 84.36 86.16 82.34 87.76

(0.0001) (0.0001) (0.0001) (0.0111) (0.0001)

60%
(p-value)

83.95 81.27 84.64 86.43 82.71 87.85

(0.0001) (0.0001) (0.0005) (0.0186) (0.0001)

70%
(p-value)

85.21 81.35 84.34 86.71 82.88 87.96

(0.0002) (0.0001) (0.0001) (0.0137) (0.0001)

80%
(p-value)

85.98 81.74 85.30 87.52 83.60 88.75

(0.0001) (0.0001) (0.0001) (0.0206) (0.0001)

90%
(p-value)

86.75 81.90 85.90 87.78 83.74 88.75

(0.0009) (0.0001) (0.0001) (0.0333) (0.0001)

forms all other methods in all cases. Meanwhile, all the p-value is smaller than

0.05 as well, which proves that GraPASA outperforms all other methods.

In the Wiki dataset, GraPASA basically outperforms other approaches. For

the dataset, as node content feature is presented in TF-IDF and more complex425

than that in Cora and Pubmed, we used a seven-layer MLP (H = 7) as described

in Section 3.4. The number of units in the output layer is also set to 256.

In this dataset, the pRBM and PLANETOID can fit to learn more sophisti-

cated content features and provide better performance comparing to non-linear

methods, such as TADW and naive combination. GraPASA can also better fit430

the sophisticated content feature for its multi-layer perceptron non-linear map-

ping, and obtain higher classification Micro-F1 against other baseline methods.

In the PPI dataset, the dimension of content vector is only 50, so we use a
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Table 4: Micro-F1 (%) and statistical test results of Transductive Multi-class Classification

on the Wiki Network Dataset

% Labeled Planetoid-T Node2Vec TADW NaiveComb pRBM GraPASA

10%
(p-value)

68.77 60.09 72.66 63.18 72.21 74.49

(0.0001) (0.0001) (0.0008) (0.0001) (0.0003)

20%
(p-value)

73.29 64.76 74.54 68.01 73.74 77.58

(0.0001) (0.0001) (0.0002) (0.0001) (0.0001)

30%
(p-value)

74.85 66.51 75.83 72.06 73.87 78.67

(0.0001) (0.0001) (0.0001) (0.0001) (0.0001)

40%
(p-value)

74.96 68.67 76.95 73.70 74.83 79.55

(0.0001) (0.0001) (0.0004) (0.0001) (0.0001)

50%
(p-value)

75.32 69.19 77.36 75.10 75.57 80.13

(0.0001) (0.0001) (0.0007) (0.0001) (0.0001)

60%
(p-value)

76.85 69.34 78.64 75.78 75.40 80.81

(0.0001) (0.0001) (0.0009) (0.0001) (0.0001)

70%
(p-value)

77.21 70.19 78.79 76.42 76.95 81.33

(0.0001) (0.0001) (0.0007) (0.0001) (0.0001)

80%
(p-value)

79.09 69.23 79.05 77.58 77.83 81.42

(0.0002) (0.0001) (0.0008) (0.0002) (0.0001)

90%
(p-value)

79.82 69.29 79.39 75.93 77.73 81.85

(0.0005) (0.0001) (0.0006) (0.0001) (0.0001)

six-layer MLP (H = 6) in our model. The number of units in the output layer

is also set to 256. GraPASA can also obtain better performance than all other435

methods with almost all p-value smaller than 0.05. The PPI dataset contains

lower-dimensional feature vector, which makes the mapping directly from fea-

ture vector even harder. For instance, methods like TADW and NaiveComb

uses linear mapping function to obtain the final representation and performs

worse than structure-based method, Node2Vec. Planetoid and pRBM obtain440

slightly better than Node2Vec for they learn the non-linear representation map-

ping functions. However, GraPASA outperforms others methods in a significant

margin, which implies that GraPASA can benefit from the deep non-linear map-

ping function.

Overall, GraPASA consistently outperforms other transductive methods like445
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Table 5: Micro-F1 (%) and statistical test results of Transductive Multi-class Classification

on the PPI Network Dataset

% Labeled Planetoid-T Node2Vec TADW NaiveComb pRBM GraPASA

10%
(p-value)

44.88 44.66 39.16 43.67 42.77 45.46

(0.0400) (0.0187) (0.0001) (0.0046) (0.0001)

20%
(p-value)

45.91 44.74 39.79 43.75 42.87 46.63

(0.0333) (0.0002) (0.0001) (0.0001) (0.0001)

30%
(p-value)

46.05 44.88 40.43 43.88 42.82 46.68

(0.0420) (0.0002) (0.0001) (0.0001) (0.0001)

40%
(p-value)

46.23 44.89 40.56 44.05 42.99 46.98

(0.0619) (0.0001) (0.0001) (0.0002) (0.0001)

50%
(p-value)

46.49 45.23 41.32 44.19 43.16 47.33

(0.0064) (0.0002) (0.0001) (0.0001) (0.0001)

60%
(p-value)

46.81 45.38 41.40 44.42 43.35 47.47

(0.0400) (0.0001) (0.0001) (0.0001) (0.0001)

70%
(p-value)

46.96 45.50 41.81 44.77 43.59 48.17

(0.0008) (0.0001) (0.0001) (0.0001) (0.0001)

80%
(p-value)

47.13 45.63 41.95 44.96 43.57 48.23

(0.0011) (0.0001) (0.0001) (0.0001) (0.0001)

90%
(p-value)

47.39 45.66 42.03 44.94 43.87 48.42

(0.0025) (0.0001) (0.0001) (0.0001) (0.0001)

TADW, Node2Vec and pRBM on three datasets across all training ratios with

almost all p-value smaller than 0.05. It demonstrates that GraPASA can fuse

topology and node content feature naturally, and improve the discrimination of

the generated embeddings.

4.2.2. Inductive Experiments450

One of the advantages of our model is the capability to inductively gen-

erate graph node embedding. Here we compare our method with inductive

graph representation learning method: PLANETOID-I [50], GraphSAGE [20]

and Graph2Gauss [4]. The inductive node classification results are shown in

Table 6, 7 and 8. The left column indicates the observable node ratio from 10%455

to 90%.
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Table 6: Micro-F1 (%) and statistical test results of Inductive Multi-class Classification on

the Cora Network Dataset

% Observed Planetoid-I GraphSAGE Graph2Gauss GraPASA

10%
(p-value)

72.11 80.21 56.65 81.16

(0.0001) (0.0152) (0.0001)

20%
(p-value)

77.61 81.40 63.87 82.91

(0.0002) (0.0036) (0.0001)

30%
(p-value)

79.18 82.67 67.17 83.77

(0.0001) (0.0169) (0.0001)

40%
(p-value)

80.29 83.36 68.84 84.50

(0.0001) (0.0304) (0.0001)

50%
(p-value)

83.84 84.16 69.95 85.46

(0.0006) (0.0307) (0.0001)

60%
(p-value)

83.91 84.43 70.75 86.55

(0.0001) (0.0010) (0.0001)

70%
(p-value)

84.28 84.84 71.17 86.76

(0.0001) (0.0064) (0.0001)

80%
(p-value)

84.50 85.24 72.36 86.89

(0.0001) (0.0051) (0.0001)

90%
(p-value)

85.38 85.90 73.70 87.10

(0.0001) (0.0152) (0.0001)

As shown in Table 6, GraPASA outperforms all other inductive graph em-

bedding methods with the test p-value smaller than 0.05. In the Cora dataset,

Graph2Gauss performs over 10% lower in Micro-F1. This is caused by the shal-

low network structure of Graph2Gauss (only one layer) that under-fits to the460

best mapping function. PLANETOID-I is competitive in the inductive learn-

ing task. GraPASA outperforms PLANETOID-I due to GraPASA the usage of

more hidden layers and can thus fit to more complex non-linear mapping. Also,

GraPASA outperforms GraphSAGE because GraPASA can avoid the impact

from selecting neighborhood nodes.465

In the Pubmed dataset, the dimension of content feature is fewer than other

methods and there are only three labels for classification. According to Table 7,

Graph2Gauss can provide much better representation in Pubmed than in Cora,
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Table 7: Micro-F1 (%) and statistical test results of Inductive Multi-class Classification on

the Pubmed Network Dataset

% Observed Planetoid-I GraphSAGE Graph2Gauss GraPASA

10%
(p-value)

80.81 83.22 83.58 84.51

(0.0001) (0.0438) (0.0333)

20%
(p-value)

80.92 83.33 83.87 85.32

(0.0001) (0.0025) (0.0035)

30%
(p-value)

81.18 83.49 84.06 85.59

(0.0001) (0.0010) (0.0012)

40%
(p-value)

81.86 83.40 84.18 86.31

(0.0001) (0.0002) (0.0015)

50%
(p-value)

81.87 83.55 84.50 86.56

(0.0001) (0.0001) (0.0005)

60%
(p-value)

82.65 83.58 84.60 86.63

(0.0001) (0.0003) (0.0009)

70%
(p-value)

83.10 84.85 84.72 86.94

(0.0001) (0.0002) (0.0025)

80%
(p-value)

83.12 88.24 84.98 87.05

(0.0001) (0.071) (0.0004)

2 90%
(p-value)

85.46 85.39 85.61 87.29

(0.0004) (0.0011) (0.0006)

because Pubmed dataset has shorter content feature and the mapping could be

easier to fit. The Graph2Gauss method can fit the mapping function with a470

single layer network. Meanwhile, PLANETOID and GraphSAGE also obtain

good representation results. But Graph2Gauss outperforms other methods in

general. This is because Graph2Gauss can avoid the affect by the neighborhood

nodes, and the node within same community can be more separable. GraPASA

follows similar metric learning paradigm and benefits from the metric learning475

advantage as Graph2Gauss. Also, GraPASA can outperform all other methods

in the Pubmed dataset with p-value smaller than 0.05 in general.

The Wiki dataset is different because it uses the tf-idf feature vector. The

result of Wiki dataset is shown in Table 8. GraPASA performs much better when

less nodes observed in training. In fact, even with only 20% nodes observed,480
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Table 8: Micro-F1 (%) and statistical test results of Inductive Multi-class Classification on

the Wiki Network Dataset

% Observed Planetoid-I GraphSAGE Graph2Gauss GraPASA

10%
(p-value)

68.91 61.05 56.65 74.39

(0.0001) (0.0001) (0.0001)

20%
(p-value)

73.54 64.08 57.41 77.88

(0.0001) (0.0001) (0.0001)

30%
(p-value)

75.41 66.50 61.57 78.00

(0.0001) (0.0001) (0.0001)

40%
(p-value)

75.20 66.94 64.32 78.25

(0.0001) (0.0001) (0.0001)

50%
(p-value)

73.98 68.35 68.83 78.22

(0.0001) (0.0001) (0.0001)

60%
(p-value)

75.75 70.48 70.69 78.75

(0.0001) (0.0001) (0.0001)

70%
(p-value)

76.78 71.32 72.16 78.83

(0.0001) (0.0001) (0.0001)

80%
(p-value)

78.65 72.72 73.56 79.94

(0.0487) (0.0001) (0.0001)

90%
(p-value)

80.34 74.70 73.88 80.08

(0.4552) (0.0001) (0.0001)

GraPASA performs better than other methods with 80% data observed. The

statistical test also proved that GraPASA outperforms all other methods. This

performance presents the effectiveness of GraPASA in sparsely labeled networks.

We also use PPI dataset for inductive learning. Different from the above

three datasets, PPI dataset contains multiple un-connected subgraphs, which485

is a natural source for inductive learning. We followed the experiment settings

in [20] and chose the top k biggest isolated subgraphs for inductive learning.

As presented in Table 9, GraPASAcan achieve about two percent improve-

ment against Planetoid-I, which outperforms all other inductive network repre-

sentation methods, such as GraphSAGE and Graph2Gauss. The statistical test490

proves that GraPASA achieves better performance than other methods.

Overall, the Siamese architecture in GraPASA decently integrates the graph
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Table 9: Micro-F1 (%) and statistical test results of Inductive Multi-class Classification on

the PPI Network Dataset

% Unobserved graphs Planetoid-I GraphSAGE Graph2Gauss GraPASA

1
(p-value)

46.85 45.39 43.95 48.34

(0.0072) (0.0001) (0.0001)

2
(p-value)

46.57 45.11 43.19 48.32

(0.0022) (0.0001) (0.0001)

3
(p-value)

46.33 45.03 42.94 48.31

(0.0015) (0.0001) (0.0001)

4
(p-value)

46.15 44.93 42.55 47.85

(0.0011) (0.0001) (0.0001)

5
(p-value)

46.01 44.75 42.18 47.78

(0.0028) (0.0003) (0.0001)

6
(p-value)

45.89 44.56 41.89 47.75

(0.0022) (0.0001) (0.0001)

7
(p-value)

45.93 44.45 41.62 47.64

(0.0028) (0.0001) (0.0001)

8
(p-value)

45.68 44.17 41.24 47.58

(0.0008) (0.0001) (0.0001)

9
(p-value)

45.17 43.89 41.08 47.48

(0.0009) (0.0001) (0.0001)

topology and node content feature and produces effective node representation

from parametric mapping. The results in both transductive and inductive node

classification task show that GraPASA gain improvements over other methods.495

4.3. Community Detection

Community detection is a common task that detects groups of nodes with

similar characteristics [35, 44]. In community detection task, the goal is to

predict the most likely community assigned to each node. Since multi-class

datasets had ground truth label, We can quantitatively evaluate the perfor-500

mance of community detection with the labels. For evaluation, we use metrics

that can present the correspondence between the detected and ground-truth

communities.
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Table 10: Result table for community detection using Normalized Mutual Information

Method Cora Pubmed Wiki

Node2Vec 0.4677 0.2561 0.3842

TADW 0.5657 0.2381 0.4024

NaiveComb 0.4972 0.2565 0.2715

GraphSAGE 0.5459* 0.3464* 0.4667*

Graph2Gauss 0.3011 0.2803 0.2599

PLANETOID-T 0.4637 0.3021 0.4517

pRBM 0.2915 0.2451 0.1656

Grapasa 0.5804 0.3602 0.4824

Formally, given the representations fθ(X), we use k-means algorithm [26]

to cluster representations for community detection. The number of clusters K505

in k-means algorithm is set the same as the number of distinct labels in the

dataset. By using k-means, each node will be labeled a detected community

label Ci. The target of this task is quantifying the level of correspondence of

ground truth communities C∗ and detected communities C.

Here we use Normalized Mutual Information (NMI) and Adjusted Rand Index510

as our metric, both are widely used in community detection evaluation [52]:

• NMI : Normalized Mutual Information follows the criterion in information

theory to evaluate the difference between detected clusters and ground

truth clusters. The range of NMI is between 0 and 1, higher value indicates

detected cluster is more similar to ground truth.515

• ARI : Adjusted Rand Index is a measure of the similarity between ground

truth and detected community results. It is the corrected-for-chance ver-

sion of Rand Index. This metric is also independent of labels and has value

range between 0 and 1.

The community detection results are shown in Table 10 and Table 11. Num-520

bers in bold indicates the best performance in the corresponding column. The
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Table 11: Result table for community detection using Adjusted Rand Index

Method Cora Pubmed Wiki

Node2Vec 0.3892 0.2823 0.2177

TADW 0.5227 0.2227 0.0787

Naive Combination 0.4168 0.2825 0.0482

GraphSAGE 0.4617* 0.3411* 0.2499*

Graph2Gauss 0.2697 0.2931 0.1645

PLANETOID-T 0.4213 0.2455 0.2335

pRBM 0.2819 0.2329 0.1592

Grapasa 0.5507 0.3578 0.2557

second best results are marked with stars.

In the Cora dataset, GraPASA outperforms other methods in both NMI and

ARI metrics. GraphSAGE and TADW is very competitive in this dataset, both

methods have similar performance as GraPASA . GraphSAGE can infer network525

embeddings using neighborhood nodes, which will make nodes with same label

more converged comparing to others. GraPASA also will force the nodes in

the neighbor closer in the representation space, but we can directly infer the

embedding to avoid the variance by neighbors. So GraPASA can slightly better

than GraphSAGE.530

In the Pubmed dataset, only three communities in total. GraphSAGE and

Graph2Gauss are very competitive. GraphSAGE takes more advantage because

the aggregation of neighborhood nodes. Also, the distributional embedding of

Graph2Gauss makes some hub nodes hard to be clustered to certain commu-

nities. GraPASA takes the advantage of GraphSAGE by bring topology infor-535

mation into the non-linear mapping function, and avoids the disadvantage of

distributional representation to make embeddings easier to cluster.

In the Wiki dataset, many content feature based representation methods

have very low score in NMI. This is because the Wiki dataset contains 17 la-

bels, which is 17 communities in total. Linear embedding methods will easily540
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misclassified nodes with similar content feature. Deep embedding methods, such

as Node2Vec, Planetoid, and GraphSAGE, performs well in the Wiki dataset. It

indicates the effectiveness of deep network models. Meanwhile, GraPASA can

outperform other methods for better capturing the non-linear mapping with

MLP.545

The community detection results show many recent graph representation

methods can deal with the graph with minor community labels, but fail to gen-

erate effective representation to deal the dataset with many distinct labels. Our

approach generates more meaningful representation for community detection,

especially when facing dataset with the larger number of community labels.550
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Figure 2: Parameter sensitivity analysis for GraPASA in transductive node classification task

on Cora with 70% training data.
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4.4. Parameter Sensitivity

In this section, we investigate the performance of GraPASA w.r.t three im-

portant parameters on Cora dataset. Specifically, we examine how the represen-

tation dimension d, the context-window w and positive-negative loss adjusted

hyper-parameter α in Eq. (6) affect the transductive node classification task555

with training ratio as 70%. Except for parameter being tested, all other param-

eters are set to default values.

First, we examine the sensitivity of representation dimension d and context

window size w. Figure 2 (a) illustrates the performance of GraPASA actually is

not sensitive to dimension changes. Even though GraPASA draws the peak at560

dimension 512, the Micro-F1 changed only a little for higher dimensions. Fig-

ure 2 (c) indicates that number of layers for multi-layered network is not quite

sensitive to number of layers. GraPASAobtains the best performance when us-

ing 6 layers, and the performance will remain steady when the number of layers

increases. Meanwhile, we tested GraphSAGE and Graph2Gauss with deeper565

networks. These two methods can obtain higher accuracy when the number of

layers increases. But GraPASA still outperform all these methods. We believe

this is because Graph2Gauss and GraphSAGE uses KL-divergence and logistic

loss, which are more sensitive for shallower architecture, while GraPASA uses

the contrastive loss which can capture more difference in deeper networks. Fig-570

ure 2 (d) presents that GraPASA is also not sensitive to context window w. The

performance will drop when the context window increases, but only 2 percent

decline emerged between w = 3 and w = 15

Figure 2 (b) shows that the performance of GraPASA decreases when the

parameter α gets larger. When α is set to 0.3, it produces the best trade-off575

between loss of positive and negative samples. In other datasets, α can be set

by cross-validation. Usually, a small α (less than 0.5) is preferred, as negative

samples are more massive than positive samples.
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(a) Node2Vec (b) TADW

(c) GraphSAGE (d) GraPASA

Figure 3: Visualization of 8000 randomly selected papers in Pubmed Dataset. Nodes are

colored by their ground truth labels.
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4.5. t-SNE Visualization

Another important usage for network representation is to generate the mean-580

ingful visualization that can map a network in a low dimensional space (usually

2d). We use t-SNE [30] to visualize representation learned by several different

models. To show a clear visualization result, 8000 nodes are randomly selected

from the dataset. There are only three labels in the visualization dataset.

Figure 3 illustrates the visualization of graph representations obtained from585

different model using t-SNE, where nodes are colored by their ground truth

labels. For both Node2Vec and TADW, they cannot show a clear boundary

between each clusters. Nodes in the center are mixed with other two labels.

For the state-of-the-art GraphSAGE method, the t-SNE result is more plau-

sible. All three categories of nodes can have a clear boundary. However, there590

is a narrow and long area that nodes with label yellow are intertwined with

nodes with label purple. The results of the GraPASA are more separable in

visualization. Since the proposed method GraPASA share the same heuristic

from Skip-gram as Node2Vec, it tends to share the similar problem as node2vec:

some of the high-degree nodes (associated with many edges) are mapped closely595

in the center area due to their hub role played in the network community. How-

ever, the results of GraPASA are more converged and separable because of the

contrastive information learned in the siamese network. As a result, GraPASA

performs better and generates a more meaningful layout of the network than

other methods.600

5. Conclusion

We propose a novel parametric representation learning method, GraPASA,

which maps graph nodes into a low-dimensional space by integrating the net-

work topology and node content information. We show representations learned

by GraPASA are task-independent and outperform the popular state-of-the-art605

methods, such as Node2vec, PLANETOID, GraphSAGE, Graph2Gauss, etc, in

node classification, community detection and network visualization tasks.
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Parametric representation learning is a promising solution for integrating

multiple types of information. In our future work, advanced models will be

designed for learning more comprehensive representations from multi-source en-610

riched networks, considering not only network topology, node content feature,

but also edge content. Also, using parametric learning for the graph with special

structures like the heterogeneous network will be of our interests.
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