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Abstract
Node embedding (NE) algorithms capture features of graph’s nodes and represent them in a
low dimensional vector space. Graphs are inherently noisy structures, which might reduce the
learned representations quality. We propose a novel approach using denoising autoencoders to
reduce noise in the learned representation of nodes. Experiments with three state-of-the-art NE
algorithms show that our approach effectively reduces noise in a link prediction task.
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Introduction

The increasing volume of available information has made graph processing a hard and costly task
and real world problems are often noisy, as well as their graph’s representation. NE algorithms
can be used to address these problems by transforming graph’s nodes into a low dimension vector
space while preserving the graph information [1, 2]. NE algorithms have been proposed to improve
graph representation [3, 4, 5] and their effectiveness is closely related to the quality of the node’s
representations learned by them. Additionally, NE algorithms can introduce more noise while they
learn node’s representations due to the randomness in the generation of walks or permutations,
thus preventing the effective use of all information in graphs to address real world problems.
In this work, we propose a novel approach to reduce noise in the node’s representation produced
by three algorithms: DeepWalk [3], Node2Vec [4] and NBNE [5]. We use a denoising autoencoder to
learn a more effective node feature representation. We evaluate our approach using eight datasets
in the traditional link prediction task and show that noise removal effectively improves the quality
of node’s representation in seven datasets and presents no statistical difference on the last one.
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Denoising Architecture

Denoising autoencoders (dA) are used for unsupervised learning of latent features [6, 7] and the
training process reconstructs an original input from a corrupted version of it [8, 9]. In our work,
we use state-of-the-art NE algorithms to generate initial versions of nodes’ representations and
afterwards apply denoising autoencoders to make a denoised version of them. We changed the
typical denoising autoencoder’s structure by using tanh (instead of sigmoid) as the activation
function and added noise to the input instead of dropping out part of its features. By using tanh
we preserve the representation’s value learned by NE algorithms between [−1, 1] and by adding
noise we simulate real world noise that is introduced during the process of representation learning.
The denoising steps of our approach are: (i) first corrupt the original input x by adding noises,
x̃ := x + noises, (ii) map the corrupted input into a latent space using an encoder multi layer
perceptron (MLP), generating a more efficient and robust hidden representation of the input,
h := f (x̃) = tanh(Wfn ...tanh(Wf0 x̃ + b0f ) + bnf ), where Wfi are weight matrices and bif are bias
vectors, both learned during the training process, (iii) reconstruct the original input from the
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hidden representation using a decoder MLP, x̂ := g(h) = tanh(Wgn ...tanh(Wg0 h + b0g ) + bng ), where
Wgi are weight matrices, and big are bias vectors. Note that processing time increases linearly as
the number of nodes rises.
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Experiments and Results

We evaluate our denoising approach extrinsicaly by performing link prediction produced by: DeepWalk (DW), Node2Vec (NV) and NBNE. Each graph represents a network: (i) Amazon product
co-purchasing network (amazon0302 ) [10]; (ii) Astro-Physics collaboration network (astro) [11];
(iii) High energy physics phenomenology citation graph (cit-HepPh) [12]; (iv), (v) and (vi) Deezer
music streaming - three countries (Deezer-HU, Deezer-HR, Deezer-RO) [13]; (vii) Enron email
network (email-Enron) [14]; (viii) Facebook (facebook ) [15].
We predict which links between nodes will be created based on already known links. Five-fold
cross-validation [16] with training and test sets of selected graph links was performed. We report
effectiveness in terms of AUC [17], using cosine similarity (value between [−1, 1]) as binary classifier
to reflect the intrinsic quality of the representations.
We start by doing a random search with 25 runs to find the best hyper-parameters for each
baseline, only running our dA on top of the best one (as chosen by results on a validation set).
We then do a grid search to tune our dA architecture on top of these embeddings. We use Batch
Normalization and Dropout to reduce overfitting and our architecture uses an equal number of layers
in the encoder and decoder MLPs, keeping the number of nodes constant through them, equal to the
input NE size. We search through the hyper-parameters: noise ∼ [N (0, 0.05), N (0, 0.1), N (0, 0.2)],
dropout ∈ [0.1, 0.3, 0.5] and num layers ∈ [2, 3].
From Table 1, we observe that our approach effectively reduces noise, improving the quality of
node’s representation in almost all cases. With exception of amazon0302 (using DW or NV) and citHelPh (using DW), our denoising approach improved the representation quality, and consequently
providing significant gains in terms of AUC. Also, in many cases our approach achieved significant
improvements, specially in Deezer, and also in email-Enron using NBNE, where removing noise
improved the result from 15.27 to 3.94.
Table 1: Results are given in terms of 100−AUC for easier comparison. A t-test with p-value of
0.01 was performed for all pairs (NE, Ours) and statistically significant values are shown in bold.
Dataset
amazon0302
astro
cit-HepPh
Deezer-HU
Deezer-HR
Deezer-RO
email-Enron
facebook
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DW
1.22±0.01
1.48±0.02
1.2±0.01
10.29±0.13
4.88±0.06
11.53±0.12
2.6±0.09
0.45±0.03

Ours
1.1±0.14
1.28±0.04
1.18±0.03
7.96±0.09
4.19±0.04
8.78±0.42
2.35±0.16
0.34±0.02

NV
0.94±0.02
2.25±0.07
2.71±0.06
10.71±0.32
5.41±0.12
12.94±0.81
4.89±0.1
0.78±0.03

Ours
0.97±0.05
1.35±0.04
1.45±0.02
8.24±0.08
4.15±0.04
8.84±0.22
2.37±0.1
0.56±0.07

NBNE
1.75±0.02
8.77±0.11
3.82±0.04
12.47±0.58
8.27±0.16
14.3±0.95
15.27±0.66
1.54±0.04

Ours
1.39±0.15
2.42±0.04
2.13±0.04
9.32±0.18
4.86±0.07
11.3±0.27
3.94±0.24
1.3±0.11

Conclusion and Future Work

Experimental results attest the effectiveness of our denoising approach in performing link prediction,
with reductions in error of up to 74.19%. As future work, we intend to evaluate our approach in
different network topologies, NE architectures, tasks, and also exploit dA in natural language
processing with word embeddings.
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