ISSN 2079-0023 (print), ISSN 2410-2857 (online)

TH®OPMAIIMHI TEXHOJIOTII
HH®OPMAIIMOHHBIE TEXHOJIOT 1!

INFORMATION TECHNOLOGY

uDC 004.8 DOI: 10.20998/2079-0023.2019.01.09
R. V. SHAPTALA, G. D. KYSELEV

USING GRAPH EMBEDDINGS FOR WIKIPEDIA LINK PREDICTION

Link prediction is an important area of study in network analysis and graph theory which tries to answer the question of whether two nodes in the graph
might have an association in the future. Nowadays, graphs are ubiquitously present in our lives (social networks, circuits, roads etc.), which is why the
problem is crucial to the development of intelligent applications. In the past, there have been proposed methods of solving link prediction problem
through algebraic formulations and heuristics, however, their expressive power and transferability fell short. Recently, graph embedding methods have
risen to popularity because of their effectiveness and the ability to transfer knowledge between tasks. Inspired by the famous in machine learning and
natural language processing research Word2Vec approach, these methods try to learn a distributed vector representation, called an embedding, of graph
nodes. After that a binary classifier given a pair of embeddings predicts the probability of the existence of a link between the encoded nodes. In this
paper, we review several graph embedding approaches for the problem of Wikipedia link prediction, namely Wikipedia2vec, Role2vec, AttentionWalk
and Walkets. Wikipedia link prediction tries to find pages that should be interlinked due to some semantic relation. We evaluate prediction accuracy on
a hold-out set of links and show which one proves to be better at mining associations between Wikipedia concepts. The results include qualitative
(principal component analysis dimensionality reduction and visualization) and quantitative (accuracy) differences between the proposed methods. As a
part of the conclusion, further research questions are provided, including new embedding architectures and the creation of a graph embedding algorithms
benchmark.
Keywords: graph embeddings, link prediction, Wikipedia2vec, Role2vec, AttentionWalk, Walklets, principle component analysis.

P. B. IIIAIITAJIA, I'. /1. KHCEJIBOB

BUKOPUCTAHHSA BEKTOPHUX ITPE/ICTABJIEHD I'PA®IB /IJI51 IPOI'HO3YBAHHS 3B’S3KIB Y
WIKIPEDIA

IIporuo3yBaHHS: 3B'A3KIB € Ba)JIMBOIO 00JIACTIO TOCHIIPKEHHS B aHaJIi31 Mepex Ta Teopii rpadis, sika HAMAraeThCs BIANOBICTH HA MUTAHHS, YU MOXKY Th
Ba By31IM y rpadi B MaiOyTHbOMy MaTu 3B’530K. Ha choropuimmHiii gaeHb rpadu MOBCIOJHO HNPUCYTHI Yy HAlIOMY JKUTTI (COLialbHI Mepexi,
CJICKTPOTEXHIKA, JOPOrH 1 T.JI.), TOMY mHpoOiieMa Mae BUpIIIAJbHE 3HAYEHHS IJIsi PO3BUTKY IHTEIEKTYaJbHUX MOAATKIB. Y MHUHYJIOMY Oyin
3aIPOIIOHOBAaHI METOAM BUPIILICHHS 334l MPOrHO3YBaHHS 3B’ A3KIB 32 JOMOMOr010 airedpaiuHux GopMyIItoBaHb 1 eBPUCTUK, OJHAK iXHS BUPA3HICTb 1
MEPEHOCUMICTh He Oy 3a10BIIbHUMHU. OCTaHHIM 4acOM METO/H 1TOOY10BH BEKTOPHUX TPECTABIICHb 3POCIHN Y MOIMYJIIPHOCTI Yepes iX eeKTHBHICTh
1 37aTHICTh TepeaaBaT 3HAHHS MUK 3aBJaHHAMU. HaTXHeHHMH 3HAMEHUTHM B MAllMHHOMY HaBYaHHI Ta 0OpoOLi MPUPOIHUX MOB AOCIIJHUIBK UM
nigxonom Word2Vec, 11i MeTOIM HAMararoThCsi BABYMTH PO3IIOAIICHE BEKTOPHE npeacTaBieHHs. [licis nporo OiHapHuii kiacupikaTop, 3a1aHUH aporo
TaKUX BEKTOPIB, IPOrHO3YE WMOBIPHICTH ICHYBaHHs 3B'SI3KYy MK 3aKOZOBaHMMHM By3JIaMH. Y JaHiii poOOTI MM PO3IVISIHEMO IEKiTbKa MiIXOMAIB 10
BOynoByBauHs rpadikiB mis mpobmemu mpornosyBanus 3Bs3kiB y Wikipedia, a came Wikipedia2vec, Role2vec, AttentionWalk Tta Walkets.
IporuosyBauus mociiaub y koutekeri Wikipedia — e 3maxomKk eHHs CTOPIHOK, sIKi TOB's13aH] 4epe3 MeBHI CMUCIIOBI BiTHOCHHI. MU OIIIHIOEMO TOYHICTH
MIPOrHO3YBaHHS Ha BiZIOKpEMJIEHOMY HaOOPi 3B’53KiB 1 OKa3y€eMO, SIKMI 3 METOIB Kpallle 3HaXOMUTh acowiauii Mbk cyTHocTaMH y Bikinenii. Orpumani
Pe3yJIbTAaTH BKIIFOYAIOTH SKICHI (METOI TOJIOBHUX KOMITOHEHTIB JUTsl 3MCHIIICHHST PO3MIPHOCTI Ta Bidyaumisarii) i KiTbKicHI (TOYHICTB) BIAMIHHOCTI MiK
3aIIPOITOHOBAHMMH METOAAMH. Y PaMKax BHCHOBKY HaBOAATHCS TOAAIIBIII JTOCITIAHHUIbKI THTaHHS, BKIIFOYAI0YN HOBI apXiTEeKTypH 100Y10BH BEKTOPHHUX
[IPE/ICTABIICHb Ta CTBOPCHHS 3aralIbHOMPHITHSATOrO TECTy e(heKTUBHOCTI TAKUX IIPECTABIICHb .

KuiouoBi ciioBa: BeKTOpHI MpeqcTaBiIeHHs TaHuUX, MporHo3 3B s3kiB, Wikipedia2vec, Role2vec, AttentionWalk, Walklets, meton romoBaux
KOMIIOHCHTIB.

P. B. IIAIITAJIA, I'. /1. KHCEJIEB

NCIOJIb30OBAHUE BEKTOPHBIX MPEJCTABJEHUI I'PA®OB JIJ151 TIPOTHO3UPOBAHUS
CBSI3EN B WIKIPEDIA

ITporuo3upoBaHue CBsA3€H SBIAETCS Ba)KHOH 00JIACTHIO HCCIEJOBAHHSA B aHANM3E CETei M TeopuH TpadoB, KOTOpask MBITACTCS OTBETHTH Ha BOIPOC,
MOTYT /iBa y371a B rpade B OyaymeM uMeTh cBsi3b. Ha ceropusmmmii neHs rpadbl HOBCEMECTHO MPUCYTCTBYIOT B HAIIeH JKU3HHU (COLHANBHBIC CETH,
JMEKTPOTEXHHKA, JOPOTH H T.A.), IOITOMY ITpodiieMa HMeeT pelaoliee 3HadeHne A Pa3BUTHS HHTSIUICKTYalbHBIX MPHIOKEHHH. B mpomaoM Obumi
IIPEIIOKEHBI METOBI PEIICHHS 3a1a9H IPOrHO3HPOBAHHS CBA3€H ¢ MOMOIIBIO anredpandecKux (hopMyIHPOBOK U IBPUCTHK, OJHAKO HX BEIPAXKEHHO CTh
U TIEPEHOCHMOCTE HU OBLIH yJOBICTBOPHTEILHBIMY. B moceqnee BpeMst METOIbI IOCTPOCHNUS BEKTOPHBIX IIPEACTABI CHHIl BEIPOCIIH B IOITYIIPHOCTH
n3-3a UX 3Q(HEKTHBHOCTH U CIOCOOHOCTH IIepeaBaTh 3HAHMS MEXIY 3aJadaMy. BIOXHOBIEGHHBIH 3HAMEHHTHIM B MAIIMHHOM 00y4eHUH U 00paboTke
€CTECTBEHHBIX S3bIKOB HCCIIEI0BATENLCKUM HoxxonoM Word2Vec, 9TH METOIbI IBITAIOTCSA H3YYHTh PAcIIpeeleHo BEKTOpHOe mpeacTaBienue. [locme
9TOro OMHAPHEIN KIaCCH(UKATOP, 3aJaHHBI Mapoil TAKUX BEKTOPOB, IPOrHO3UPYET BEPOSTHOCTD CYIISCTBOBAHUS CBS3H MEXAY 3aKOJHPOBAHHBI MU
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y3namu. B nanHo# paboTe MBI pacCMOTPUM HECKOJIBKO MOAX0/0B K IOCTPOCHHIO BEKTOPHBIX MIPEACTABICHUN IS IPOOJIEMBI [TPOrHO3UPOBAHUSI CBSI3EH
B Wikipedia, a umenno Wikipedia2vec, Role2vec, AttentionWalk u Walkets. ITporuosupoBanue csizeil B kontekcre Wikipedia — 370 HaxoxaeHHe
CTpaHHMII, KOTOPbIE CBS3aHbI YePe3 OIPE/ICICHHbIC CMBICIIOBBIC OTHOLICHHUs. MBI OLICHHBAEM TOYHOCTH IIPOr HO3MPOBAHHUSI Ha OT/EJIEHOM Habope CBsi3eil
1 [TOKa3bIBaeM, KaKOil W3 METO/[0B JIy4IlIe HAXOAUT aCCOLMALIMN MEXK /Ly CYLHOCTMY B Bukumneanu. [TosrydeHHbIe pe3y ibTaThl BKIOYAIOT KAYECTBE HHBIC
(METO/I TJIABHBIX KOMIIOHEHT Ul YMCHBIICHUSI Pa3MEPHOCTH M BHU3yalM3allli) M KOJIMYECTBEHHbIC (TOYHOCTH) Pa3iIMYdsi MEXLY HpeiiaraeMbIMu
MerozaMu. B pamkax 3aKJIFOYEHHH HPUBOJLITCS TallbHEHMIINE HCCIIeI0BATEIbCKIE BOIPOCHI, BKIIFOYAsi HOBBIE apXHTEKTYPBI IOCTPOCHHUS BEKTOPHBIX
HPECTABJICHUH U CO31aHUE OOIICIPUHATOr0 TecTa 3 PEKTUBHOCTU TAKUX NPECTABICHHUIL.

KuroueBble ciioBa: BEKTOpHbBIE NpescTaBienus rpados, nporunos cesseil, Wikipedia2vec, Role2vec, AttentionWalk, Walklets, metox riaBabix

KOMITOHEHT.

Introduction. Networks and graphs have become
ubiquitously important to model difficult systems that con-
sist of various elements. Graph data science has a large
number of applications in various fields like logistics,
social networks, recommendation engines, and communi-
cation networks. There have been a lot of research in the
area of the possibility to predict new links between ele-
ments in the topology of the graph based on the properties
of its elements. Such a task is called link prediction and is
defined as the problem of predicting new relationships in
networks. Link prediction’s goal is to find the initial rules
of the graph link formation by inferring lost or possible
relationships, given currently observed connections. The
area is growing fast and is becoming more and more
interesting as a research vector since it can help us predict
how real-life networks will progress and evolve in time [1].

One of the applications of graphs and an example of
complex networks are web-scale knowledge bases [2].
They provide a representation of world knowledge that is
structured, with projects such as the Google Knowledge
Vault [3], Freebase [4] and DBPedia [5]. These
technologies are at the core of a wide range of applications
such as question answering, recommender systems and
chatbots. Unfortunately, these knowledge bases are
incomplete because of the complexity of our world. That is
why predicting missing entries or link prediction is one of
the main problems in knowledge engineering. Knowledge
bases encode data as a directed graph with edges (links,
relations) between nodes (concepts, entities). The
topological structure and nature among the relations present
in these bases often make the taks of filling in the missing
links of a knowledge base possible. The idea behind link
prediction is the automatic search for such regularities.

There are two types of approaches that are usually
used to define models for graph-based problems [6]. The
first one works with the initial graph adjacency matrix,
while the second — with an inferred vector space. The
popularity of the last approach has gradually increased
lately. They try to represent the graph in a vector space that
is going to preserve its properties. Having such an encoding
is extremely convenient in the graph-related problems. The
vectors are used as inputs (features) to a machine learning
algorithm which parameters are trained based on the
dataset. This helps negate the need for difficult clas-
sification algorithms which work directly with the graph.

However, the dimensions of the trained vectors
become an additional hyperparameter and searching for an
optimal one can be difficult. For example, higher
dimensionality might increase the reconstruction precision
but will have higher time and space complexities. The
choice can also be domain-specific depending on the task:
for example, lower number of dimensions might result in

better link prediction accuracy if the model only captures
local relations between entities [6].

Preliminaries. A graph G(V, E) is a collection of
V={vy, ...,v,} nodes and E = {e;};;—; edges. The
adjacency matrix S of graph G contains indicators
associated with each edge in the following way: s;; = 1 if
v; and v; are connected to each other, and s;; = 0 otherwise.
For undirected graphs, s;; = s;; Vi,j € {1,..,n}.

Given a graph G(V, E), a graph embedding is a
mapping f:v; > w; € RYVi €{1, ..,n} such that
d « |V] and the function f retains some similarity notion
defined on graph G.

Consequently, a graph embedding encodes each node
in a low-dimensional feature vector that can retain the
relations between nodes.

Graph embeddings. In this section we describe
evaluated graph embedding approaches.

Random walks are at the core of numerous existing
graph embedding methods. Since such approaches have nu-
merous problems that arise from their exploitation of ran-
dom walks (like the features that can not transfer
knowledge to other nodes and networks as they are unique
to each entity. Role2Vec framework tries to overcome this
drawback by the use of attributed random walks. This algo-
rithm was chosen because it is a basis for generalizing other
similar methods like DeepWalk, node2vec, and many
others that are based on random walks. The proposed
framework helps these methods be more applicable for both
transductive and inductive learning as well as for use on
graphs with other features (if they exist) [7]. This is accom-
plished by learning functions that are applicable to unseen
entities and networks. The authors show that Role2vec is
more efficient in terms of predictive performance as well as
requires less space than other methods on a variety of
graphs. Role2Vec uses the extensible notion of attributed
random walks that is not connected to a specific node but is
instead based on a function that maps a node feature vector
to a class, so that two nodes belong to the same class if they
are topologically similar. Role2vec provides several valua-
ble advantages to any method that is built upon it. Firstly,
it is naturally inductive as the learned embeddings genera-
lize to new entities and across networks and therefore might
be used for transfer learning. Secondly, authors claim that
their approach is able to capture structural similarity more
efficiently. Thirdly, the Role2vec framework is way more
space-efficient since representations are learned for classes
(not nodes) and consequently require less space than exis-
ting methods. Fourthly, the proposed framework has an
ability to work with graphs with features (if such exist or
are available).

Graph embedding methods encode nodes in a
continuous vector space, capturing various classes of
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information present in the network. These methods have
numerous hyperparameters (for example the length of a
random walk) which have to be manually tuned for every
graph. AttentionWalk is a method of graph embedding
where previously fixed hyperparameters are replaced with
trainable ones that are automatically learned via
backpropagation [8]. The authors propose an attention
model on the power series of the transition matrix, which
decides where to take the next walk in order to optimize a
long-term goal. Different to other attention models, the
AttentionWalk uses attention parameters only on the
training data itself (the random walk), while during model
inference there are no attention layers. The authors did a
series of tests on link prediction tasks, trying to produce
embeddings that capture the graph structure, transferring
the representation to unseen information. It is also claimed
that AttentionWalk improves state-of-the-art results on a
set of real-world graph datasets, for example collaboration,
biological, and social networks. The final result of this
approach is that automatically-learned attention parameters
tend to correspond with the optimal choice of hyper-
parameters that are manually tuned in other methods.

Another approach which is of particular interest to us
is called Walklets [9], a novel method for learning
multiscale representations of nodes in a graph. These vec-
tors explicitly encode multiscale relationships in a way that
is analytically derivable compared to previous works. The
proposed method creates these multiscale relationships by
subsampling random walks of different length on the nodes
of a graph. By skipping over steps in each random walk,
Walklets generates a different training dataset than similar
approaches. More specifically, it creates a corpus of node
pairs which are reachable via paths of a fixed length. This
corpus is then used to find a set of hidden representations,
each of which encodes successively higher order relation-
ships from the adjacency matrix. The authors demonstrate
the efficiency of Walklets’ hidden representations on
several multi-label graph classification tasks for social ap-
plications. Their results claim that Walklets outperforms
other methods based on neural matrix factorization. One of
the most important benefits of Walklets isthat it isan online
learning algorithm, so it can scale to networs with an enor-
mous number of nodes and links.

A different, yet powerful algorithm that can be used
for Wikipedia link prediction is Wikipedia2vec — an open
source tool for learning embeddings of words and entities
from Wikipedia [10]. Not only does this tool enable
researchers to easily obtain high-dimensional embeddings
of words and entities from a Wikipedia dump, it also
provides the source code, documentation, and pretrained
vectors for twelve most popular languages at
http://wikipedia2vec.github.io. The learned embeddings
can easily be applied via transfer learning for natural
language processing (NLP) models. The tool can be
installed via Python programming language package
repository PyPl. The pretrained embeddings have been
learned by iterating over entire Wikipedia pages and joint
optimization of three different submodels: model of
Wikipedia graph, which learns entity embeddings by
predicting neighboring entities in Wikipedia’s page
network —an undirected graph whose nodes are entities and

edges represent links between entities, based on each entity
in Wikipedia (it does not matter if both pages link to each
other or only one of them references another one — the link
is created anyway); word-based skip-gram model, which
learns word embeddings by predicting neighboring words
for each word in a text contained on a Wikipedia page;
anchor context model, which aims to place similar words
and entities near one another in the vector space, and to
create interactions between embeddings of words and those
of entities. Here, we obtain referent entities and their
neighboring words from links contained in a Wikipedia
page, and the model learns embeddings by predicting
neighboring words given each entity.

These three submodels are all inspired by the skip-
gram model [11], which is a neural network model with a
training objective to find embeddings that are useful for
predicting context items (i.e., neighboring words or
entities) given a target item.

To predict links between two nodes in a graph we use
a simple one hiden layer perceptron on the concatenation of
the embeddings of both nodes. The final classification task
is trained using ADAM [12] optimization algorithm with
the learning rate of 0.01 and 100 hidden layer units.

Evaluation and results.

We evaluated the described approaches on the SNAP
Wikispeedia [13] navigation paths dataset. This dataset has
a set of Wikipedia links, collected through the human-
computation game, called Wikispeedia. In there, users are
asked to navigate from a starting Wikipedia node to a given
article, through clicking Wikipedia links. A condensed
version of Wikipedia (4,604 articles) is used.

For our project, 107444 links were used as positive
examples and the same quantity was generated as negative
examples. Thus, the dataset is balanced and we can use
accuracy to measure the performance of the implemented
approaches. 20 % of the data was held out for testing and
the results are presented on this test set.

Quantitative results of our evaluation are summarized
in Table 1. Walklets significantly outperforms every other
approach that we tested due to the subsampling that is
inherent in the algorithm, capturing not only first-order
information, but also encoding the relations between nodes
further from the start of the random walk.

Table 1 — Evaluated embeddings link prediction accuracy

Embeddings Accuracy
Role2vec 0.723
AttentionWalk 0.699
Walklets 0.877
Wikipedia2vec 0.734

To provide some qualitative results, we have also tried
plotting the resulting embeddings. Since all of the tested
approaches provide high-dimensional representations, the
first problem that arises is to reduce these dimensions to
human-readable form. For that we use principal component
analysis (PCA) with the number of principle components
set to 2. In our case, PCA transforms the data to a new
coordinate system where the highest variance by some
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projection of the data comes to lie on the first coordinate
and the second highest variance on the second coordinate.
From Fig. 1-4 it can be seen that AttentionWalk could not
capture meaningful information, since there are no well-
defined clusters on the visualization. Role2vec and
Wikipedia2vec managed to group similar concepts in
several clusters, however Walklets show a better space
division than them. This correlates with the quantitative
results that were shown previously.

Conclusions. In this paper, we reviewed several
graph embedding approaches for the problem of Wikipedia
link prediction, namely Wikipedia2vec, role2vec,
AttentionWalk and Walkets. Qualitative and quantitative
results show that Walklets due to its implicit multiscale
relationship capture system have more expressive power
for the given problem.

Role2vec embeddings PCA
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Fig. 1. Role2vec embeddings reduced to 2-D by PCA

AttentionWalk embeddings PCA
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Fig. 2. AttentionWalk embeddings reduced to 2-D by PCA

Walklets embeddings PCA
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Fig. 4. Wikipedia2Vec embeddings reduced to 2-D by PCA

We consider the following research directions valid
for future work: the creation of a standard benchmark
dataset for link prediction of sufficient size to test accuracy,
speed and scalability of graph embedding approaches;
experimenting with new architectures, that would capture
more information inherent to the link prediction problem,
since our work did not achieve perfect prediction accuracy.
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