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vă mulţumesc pentru tot ce a-ţi făcut pentru mine. Nu aş fi ajuns unde sunt acum
dacă nu era pentru toate sacrificiile pe care le-aţi făcut voi. Realizarea mea e, ı̂n
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Samenvatting

Achtergrond Netwerken zijn datastructuren die natuurlijkerwijs in veel weten-
schappelijke en industriële toepassingen voorkomen. Netwerken stellen entiteiten
(bv. gebruikers, proteı̈nen) voor als knopen en hun relaties (bv. vriendschap, che-
mische interactie) als verbindingen. Deze structuren kunnen ook aanvullende in-
formatie over entiteiten en relaties bevatten, die gecodeerd wordt als attributen van
de knopen, respectievelijk de verbindingen. Deze universaliteit en grote uitdruk-
kingskracht zijn de basis van het belang en het uitgebreide gebruik van netwerken.
De meeste traditionele methoden voor machinaal leren ondersteunen echter geen
gestructureerde netwerkdata. Om deze problematiek aan te pakken zijn aanzien-
lijke onderzoeksinspanningen geleverd om geschiktere representaties te leren.

Het vakgebied van het leren van netwerkrepresentaties, genaamd ‘netwerkin-
bedding’, is gewijd aan het bestuderen van zulke representaties. Het doel is net-
werkknopen te coderen als vectoren, meestal in een continue ruimte (bv. de Eu-
clidische ruimte), waarbij de belangrijkste eigenschappen van de oorspronkelijke
graaf behouden blijven. Een bijzonder voorbeeld is het behoud van similariteit
in de graaf als nabijheid in de inbeddingsruimte. Deze inbeddingen van knoop-
punten kunnen impliciet worden geleerd, als bijproduct van het oplossen van een
vervolgtaak (bv. in graaf-neurale netwerken, genoemd GNNs), of expliciet, waar-
bij de inbedding zelf het einddoel is (bv. random walk-gebaseerde methoden).
De eerste worden over het algemeen beschouwd als semi-gesuperviseerde bena-
deringen omdat aanvullende informatie over de vervolgtaak (meestal knooplabels)
wordt gebruikt om het leerproces van de inbeddings te sturen. Het tweede type
methoden wordt aangeduid als ongesuperviseerde methoden, waarbij geen expli-
ciete labels worden gebruikt in het leerproces, buiten de netwerkstructuur zelf. In
dit werk richten wij ons voornamelijk op de laatste soort om twee belangrijke re-
denen (hoewel sommige resultaten voor beide soorten gelden). Ten eerste bieden
deze methoden universele inbeddingen die geschikt zijn voor een verscheidenheid
van taken, van het visualiseren van netwerken in twee- of driedimensionale ruim-
ten tot het detecteren van ontbrekende informatie of het voorspellen van attribuut-
en labelwaarden. Ten tweede is de evaluatie van deze methoden minder goed
gedefinieerd, aangezien zij niet gekoppeld zijn aan specifieke vervolgtaken. On-
gesuperviseerde benaderingen kunnen verder worden ingedeeld op basis van de
gebruikte interpretaties over de similariteit van knopen, de gebruikte afstandsme-
triek in de inbeddingsruimte en de wiskundige principes die als hefboom dienen
om de representaties te verkrijgen (bv. random walks, matrixfactorisatie, diepe
neurale netwerken).
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De kwaliteit van de geleerde representaties kan visueel worden beoordeeld of,
in een algemener geval, in termen van prestatie op vervolgtaken. Van betere re-
presentaties wordt dus verwacht dat zij resulteren in hogere prestaties op vervolg-
taken. De complexiteit van de netwerkdata in combinatie met de verscheidenheid
aan inbeddingsbenaderingen en het gebruik van proxy-vervolgtaken om de kwa-
liteit van inbeddings te bepalen, heeft tot verschillende uitdagingen geleid. Deze
uitdagingen hebben op hun beurt de vooruitgang in dit vakgebied vertraagd.

Uitdagingen Ondanks aanzienlijke collectieve inspanningen voor betere onder-
zoekspraktijken en het uitbrengen van referentie-implementaties voor nieuwe me-
thoden, blijven er verschillende belangrijke uitdagingen bestaan. Ten eerste is
er een gebrek aan gestandaardiseerde procedures voor de evaluatie van netwerk-
inbedding. Dit heeft ertoe geleid dat auteurs verschillende benchmarkdatasets,
voorbewerking- en samplingtechnieken, voorspellingsmodellen en trainingsproce-
dures, evaluatiemetrieken, enz. hebben voorgesteld. Deze en andere ontwerpkeu-
zes, die in de praktijk vaak niet worden besproken in onderzoeksartikelen, hebben
een reproduceerbaarheidscrisis veroorzaakt en het vergelijken van verschillende
methoden bemoeilijkt. Bovendien is er een gebrek aan empirische vergelijkings-
studies, die licht zouden kunnen werpen op de stand van het onderzoek naar het
leren van netwerkrepresentaties en het vaststellen van gestandaardiseerde evalua-
tieprotocollen. Er is enig werk verricht op het gebied van GNN’s, terwijl ongesu-
perviseerde inbeddingsbenaderingen grotendeels over het hoofd zijn gezien. Ook
de robuustheid van niet gesuperviseerde modellen tegen willekeurige datafouten
en vijandige aanvallen wordt slecht begrepen. Dit is bijzonder problematisch om-
dat sommige van hun belangrijkste toepassingen plaatsvinden op gebieden waar
vijanden veel voorkomen. Samengevat hebben deze uitdagingen geleid tot moei-
lijk te kwantificeren incrementele vooruitgang op dit vakgebied en de onvoldoende
ontwikkeling van andere representatieparadigma’s ten gunste van traditionele be-
naderingen zoals random walks en matrixfactorisatie.

Bijdragen In dit proefschrift verkennen we eerst de belangrijkste oorzaken en
presenteren we bewijs van een voortdurende reproduceerbaarheidscrisis op het ge-
bied van het leren van netwerkrepresentaties. In het bijzonder richten wij ons op
uitdagingen in verband met de evaluatie van netwerkrepresentaties op linkvoor-
spelling (‘link’ is jargon voor een verbinding tussen knopen). Wij laten zien hoe
het gebrek aan gestandaardiseerde evaluaties en ongedocumenteerde ontwerpkeu-
zes, naast andere factoren, kunnen leiden tot slechte reproduceerbaarheid. Onze
experimentele evaluatie, waarbij we proberen de resultaten van verschillende pa-
pers in het veld te repliceren met verschillende maten van succes, ondersteunt onze
beweringen. Om deze situatie te verlichten introduceren wij EvalNE, een raam-
werk voor reproduceerbare evaluatie van linkvoorspellingen.

Voortbouwend op onze codebasis voor reproduceerbaarheid, breiden we de
functies ervan uit en presenteren we EvalNE als een uitgebreide evaluatietool-
box. Het raamwerk omvat alle belangrijke vervolgtaken die gewoonlijk worden
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gebruikt om de kwaliteit van de representatie te evalueren. Dit omvat linkvoorspel-
ling, tekenvoorspelling, multi-class classificatie van knopen en netwerkreconstruc-
tie. EvalNE biedt automatisering en abstractie voor taken variërend van datasam-
pling tot hyperparametertuning en modelvalidatie. Ons raamwerk zorgt voor con-
sistentie en reproduceerbaarheid via deelbare configuratiebestanden waarin alle
experimentele ontwerpkeuzes worden gedetailleerd. De optionele grafische ge-
bruikersinterface is ontworpen om gebruikers buiten de academische wereld aan
te trekken. Hiermee kunnen ingenieurs en onderzoekers op een intuı̈tieve en inter-
actieve manier evaluaties ontwerpen en uitvoeren.

Verder gebruiken we het voorgestelde EvalNE-raamwerk om een uitgebreide
empirische evaluatie uit te voeren van 23 methoden voor het ongesuperviseerd le-
ren van representaties. Deze benaderingen omvatten alle belangrijke paradigma’s,
namelijk Skip-Gram, matrixfactorisatie, neurale netwerken en probabilistische mo-
dellen. Wij evalueren de prestaties op linkvoorspelling en netwerkreconstructie en
beoordelen het effect van verschillende ontwerpkeuzes. Deze omvatten de inbed-
dingsdimensionaliteit, de train- en teststrategie voor het samplen van randen en de
hyperparameters van de methode, naast vele andere. Het doel van dit werk is licht
te werpen op de state-of-the-art op dit gebied en een duidelijke standaard te intro-
duceren voor nieuwe benaderingen. Onze experimentele resultaten tonen slechts
geringe vooruitgang, waarbij veel modellen niet beter presteren dan eenvoudige
heuristieken. Bovendien vonden wij geen statistisch significante verschillen tus-
sen de prestaties van de meeste benaderingen. Tenslotte wijzen onze resultaten ook
op slechts geringe prestatiewinst door tijdrovende hyperparameterafstemming.

Ons werk aan de prestatie-evaluatie heeft ook correlaties aan het licht gebracht
tussen de voor de linkvoorspelling gebruikte datasamplingstrategieën en de in-
beddingskwaliteit. Om verder te begrijpen hoe veranderingen in de invoerdata de
geleerde representaties beı̈nvloeden, hebben we een systematische analyse uitge-
voerd van de robuustheid van de netwerkinbedding. In dit werk hebben we wil-
lekeurige veranderingen en vijandige aanvallen op de invoergrafen uitgevoerd en
de variaties in de prestatie op latere taken gevolgd. We evalueerden in totaal 14
aanvallen die specifiek gericht waren op de netwerkverbindingen. De voorgestelde
vijandige aanvallen zijn gebaseerd op topologische eigenschappen van de grafiek,
zoals graad, assortativiteit en verschillende centraliteitsmetingen. Onze evaluatie
heeft ook betrekking op zowel de classificatie van knopen met meerdere labels als
netwerkreconstructie. De resultaten wijzen op grotere variaties in de classificatie
van knopen dan in de reconstructie van netwerken over de hele linie. Wij stellen
ook vast dat de meest effectieve aanvallen variëren op basis van de aanvalssterkte.
Niettemin blijken heuristische aanvallen op basis van knoopgraden verrassend ef-
fectief.

Ten slotte stellen wij CSNE voor, een nieuwe methode voor ondertekende net-
werkinbedding en tekenvoorspelling. Deze aanpak is gebaseerd op Conditional
Network Embedding (CNE), een niet gesuperviseerd model dat uitstekende pres-
taties leverde in onze benchmarkstudie. Met dit werk laten we zien hoe technieken
die zijn ontwikkeld voor specifieke netwerkstructuren met succes kunnen worden
aangepast aan andere domeinen. CSNE is een probabilistisch model dat een prior
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combineert die structurele informatie in het netwerk vastlegt met een inbedding
die gericht is op andere fijnkorrelige details. De prior modelleert tegelijkertijd:
knooppolariteit (neiging van knooppunten om meer positieve/negatieve verbindin-
gen in het netwerk te maken) en evenwichtige driehoektellingen (een maat voor
de mate waarin de structurele evenwichtstheorie geldt in het netwerk). Een inbed-
ding wordt dan onafhankelijk van de voorkennis geleerd, wat resulteert in minder
overfitting en een nauwkeuriger model. Experimentele resultaten bevestigen dat
CSNE beter presteert dan de state-of-the-art. Bovendien kan de CSNE-prior ook
rechtstreeks worden gebruikt voor tekenvoorspelling. Individueel behaalt de prior
uitstekende resultaten met uitvoeringstijden die tot 50x lager liggen dan de snelste
baseline.

Vooruitzichten De resultaten die in dit proefschrift worden gepresenteerd, heb-
ben het potentieel om de vooruitgang in het leren van netwerkrepresentaties aan-
zienlijk te versnellen. Doorheen ons werk hebben we het belang benadrukt van
goede evaluatieprocedures en reproduceerbaarheid van de resultaten. Het voor-
gestelde EvalNE-kader vormt een eerste stap naar geautomatiseerde, reproduceer-
bare en gestandaardiseerde evaluaties. In dit proefschrift geven we ook een eerste
overzicht van de prestaties en robuustheid van methoden voor het leren van re-
presentaties. Dit werk vormt een duidelijke basislijn voor nieuwe benaderingen.
Later kunnen kaders zoals EvalNE worden gebruikt om de vooruitgang in het veld
voortdurend te volgen. Met instrumenten zoals die welke in dit proefschrift worden
voorgesteld, kunnen de onderzoeksinspanningen worden verlegd van evaluatiehin-
dernissen naar nieuwe aanpakken en paradigma’s voor het leren van representaties.
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Background Networks are data structures that arise naturally in many scientific
and industrial applications. They represent entities (e.g., users, proteins) as nodes
and their relations or interactions (e.g., friendship, chemical interaction) as edges.
These structures also support additional information regarding entities and inter-
actions encoded as node or edge attributes, respectively. This universality and high
expressive power are the cornerstones of network importance and widespread use.
Most traditional machine learning methods, however, do not efficiently support
network structured data. To overcome this challenge significant research efforts
have been directed towards learning more suitable network representations.

The field of network representation learning or network embedding is devoted
to studying such representations. The aim is to encode network nodes as vectors,
typically in a continuous space (e.g., Euclidean space), where key properties of the
original graph can be preserved. One particular example is preserving connectivity
in the graph as closeness in the embedding space. These node embeddings can be
learned implicitly as the byproduct of solving a downstream task (e.g., in GNNs)
or explicitly, where the embedding itself is the final goal (e.g., random walk-based
methods). The former are generally regarded as semi-supervised approaches since
additional information pertaining to the downstream task (commonly node labels)
is used to guide the embedding learning process. The second type of methods are
dubbed unsupervised and no explicit labels beyond the network structure itself are
used in the learning process. In this work, we focus mainly on the latter for two
main reasons (although some results do apply to both types). Firstly, these meth-
ods provide universal embeddings suitable for a variety of tasks, from visualizing
networks in two or three-dimensional spaces to detecting missing information or
predicting attribute and label values. Secondly, the evaluation of these methods is
less well-defined as they are not attached to particular downstream tasks. Unsuper-
vised approaches can be further classified based on the notions of node similarity
used, the distance metrics in the embedding space adopted, and the mathemati-
cal principles leveraged to obtain the representations (e.g., random walks, matrix
factorization, deep neural networks).

The quality of the learned representations can be assessed visually or in a more
general case in terms of downstream task performance. Better representations are,
thus, expected to result in higher downstream performance. The complexity of
network data together with the variety of embedding approaches and the use of
proxy downstream tasks to determine embedding quality has given rise to several
challenges. These challenges have, in turn, slowed down progress in the field.



xxiv SUMMARY

Challenges Despite significant community efforts towards better research prac-
tices and the release of reference implementations for new methods, several im-
portant challenges remain. Firstly, there is a lack of standardized procedures for
network embedding evaluation. This has led to authors proposing different bench-
mark datasets, data preprocessing and sampling techniques, downstream predic-
tion models and training procedures, evaluation metrics, etc. These and other de-
sign choices, often not discussed in research publications, have sparked a repro-
ducibility crisis and made comparing different methods challenging. Additionally,
there is a lack of empirical studies shedding light on the state of research in net-
work representation learning and establishing standardized evaluation protocols.
Some work has been done in the area of GNNs while unsupervised approaches
have been largely overlooked. Similarly, the robustness to random failures and ad-
versarial attacks of unsupervised models is also poorly understood. This is partic-
ularly problematic as some of their applications are in areas where adversaries are
common. In summary, these challenges have led to hard to quantify incremental
progress in the field and the underdevelopment of other representation paradigms
in favor of traditional approaches such as random walks and matrix factorization.

Contributions In this thesis, we first explore the main causes and present evi-
dence of an ongoing reproducibility crisis in the field of network representation
learning. In particular, we focus on challenges related to the evaluation of net-
work representations on downstream link prediction. We show how the lack of
standardized evaluations and undocumented design choices, among other factors,
can lead to poor reproducibility. Our experimental evaluation, where we attempt
to replicate the results of several papers in the field with different levels of suc-
cess, supports our claims. To alleviate this situation we introduce EvalNE as a
framework for reproducible link prediction evaluations.

Building upon our reproducibility code base, we extend its capabilities and
present EvalNE as a comprehensive evaluation toolbox. The framework covers all
major downstream tasks commonly used to evaluate representation quality. These
include link prediction, sign prediction, node classification, and network recon-
struction. EvalNE provides automation and abstraction for tasks ranging from
data sampling to hyperparameter tuning and model validation. Our framework en-
sures consistency and reproducibility via shareable configuration files detailing all
experimental design choices. The optional graphical user interface is designed to
expand our user base beyond the academic circles. It allows practitioners to design
and run evaluations in an intuitive and interactive manner.

Further, we leverage the proposed EvalNE framework to conduct an extensive
empirical evaluation of 23 unsupervised representation learning methods. These
approaches cover all main paradigms, namely Skip-Gram, matrix factorization,
neural networks, and probabilistic models. We evaluate performance on down-
stream link prediction and network reconstruction and assess the impact of various
design choices. These include embedding dimensionality, train and test edge sam-
pling strategy, and method hyperparameters, among many others. The goal of
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this work is to shed light on the state-of-the-art in the field and establish a clear
baseline for new approaches. Our experimental results show only minor progress
with many models performing on par with simple heuristics. Furthermore, we did
not find statistically significant differences between the performances of most ap-
proaches. Lastly, our results also indicate only minor gains in performance through
time-consuming hyperparameter tuning operations.

Our work on performance evaluation also revealed correlations between the
data sampling strategies used for link prediction and the embedding quality. To
further understand how changes to the input data affect the representations learned
we conducted a systematic analysis of network embedding robustness. In this
work, we performed random changes and adversarial attacks on the input graphs
and monitored the variations in downstream task performance. We evaluated a to-
tal of 14 attacks targeting specifically the network edges. The proposed adversarial
attacks are based on topological graph properties such as degree, assortativity, and
different centrality measures. Our evaluation also covers both node multi-class
classification and network reconstruction tasks. Results indicate higher variations
in node classification than network reconstruction performance across the board.
We also find that the most effective attacks vary based on the attack strength. Nev-
ertheless, heuristic attacks based on node degrees prove surprisingly effective.

Finally, we propose CSNE, a new signed network embedding and sign predic-
tion model. CSNE is based on Conditional Network Embedding, an unsupervised
model exhibiting excellent performance in our benchmark study. This work, thus,
constitutes an example of how experimental studies can help identify new high-
potential models and paradigms. CSNE is a probabilistic model that combines a
prior capturing structural information in the network and an embedding focused
on other fine-grained detail. The prior models simultaneously: node polarity (ten-
dency of nodes to make more positive/negative connections in the network) and
balanced triangle counts (a measure of the extent to which structural balance the-
ory holds in the network). An embedding is then learned independently of the
prior resulting in less overfitting and a more accurate model. Experimental results
confirm that CSNE outperforms the state-of-the-art. Additionally, the CSNE prior
can also be used directly for sign prediction. Independently, the prior achieves
excellent results with execution times up to 50× lower than the fastest baseline.

Outlook Results presented in this dissertation have the potential to significantly
accelerate progress in network representation learning. Throughout our work we
have identified important issues related to evaluation and reproducibility of results.
The proposed EvalNE framework constitutes a first step towards automated, re-
producible and standardized evaluations. In this thesis we also provide large-scale
analysis of the performance and robustness of representation learning methods and
set clear baselines for new approaches. Later, frameworks such as EvalNE can be
used to continuously monitor progress in the field. With more tools similar to the
ones proposed in this thesis research efforts can shift away from evaluation hurdles
and towards novel representation learning approaches and paradigms.





1
Introduction

This chapter situates the conducted research work, summarizes the main contribu-
tions and outlines the structure of this dissertation. It also provides an overview of
the publications authored during this research period.

1.1 Background

The fields of machine learning and data mining extract knowledge from a variety
of data sources including tabular, image, sound and text. One particularly interest-
ing data type is network structured data, which arises naturally in many scientific
and industrial applications. These applications include logistical networks, social
networks, biological networks, telecommunication networks, and span fields from
social sciences to computer science. Network data encodes entities as nodes and
their interactions as edges. For instance, one can represent cities as nodes and
the roads connecting them as edges. Another example is representing users as
nodes and their interactions on a particular social network as edges. Additional
information can be also represented through node attributes (e.g., city population,
user age) and edge weights (e.g., road length, number of user interactions). The
importance of networks or graphs1 stems primarily from their universality and rep-
resentation power. Networks, unlike metric spaces, are not bounded by properties
such as positivity, symmetry or triangle inequality. For instance, the distance be-

1In this thesis, as it is often done in the field, we will use the terms network/graph, node/vertex and
edge/link interchangeably.



2 CHAPTER 1

tween two points in a metric space must be the same regardless of direction. In
networks, the number of communications from user A to user B can be differ-
ent than those from B to A. Despite their qualities, however, information cannot
be extracted efficiently from networks using traditional machine learning models.
Networks are commonly encoded as lists of connected entities or matrices of inter-
action, which are not optimal inputs for downstream classification, regression or
clustering. Thus, new and efficient representations of network data are required.

The field of network representation learning or network embedding aims specif-
ically at bridging this gap. It studies network representations as low-dimensional
vectors in an embedding space. This space is generally Euclidean [1–3], but oth-
ers such as hyperbolic spaces have also been proposed [4]. The main idea is to
encode nodes as vectors that preserve specific network properties. One example is
encoding similar nodes in the graph into close-by vectors in the embedding space.
Traditionally, these approaches relied on the factorization of matrices representing
the network structure such as the adjacency matrix or the graph Laplacian [5, 6].
Later, NLP-inspired techniques proposed capturing node similarities in the graph
through random walks and generating embeddings reflecting node co-occurrences
in said walks using Skip-Gram [1, 7] (see further details in Chapter 4). Deep neu-
ral networks have also been proposed for learning embeddings [8, 9], and more
recently graph neural networks (GNNs) are reshaping the state-of-the-art [10, 11].
With the exception of GNNs, the remaining techniques learn embeddings in an un-
supervised fashion by relying exclusively on the network structure. Although the
existence and absence of edges can be considered as some form of supervision,
these methods are generally regarded as unsupervised. On the other hand, GNNs
use, in addition to the network structure, labels from downstream tasks (generally
node classification) to guide the embedding learning process. As such, GNNs are
considered to be semi-supervised methods [9]. In this thesis, we will focus on un-
supervised representation learning techniques for two main reasons. Firstly, they
are extensively used in practice and provide general-purpose embeddings suitable
for data visualization and a variety of downstream tasks. Secondly, the evaluation
of unsupervised representation learning approaches is more complex and presents
many more design choices, as we discuss below and in Section 1.3. We also note
that despite a focus on unsupervised approaches some of our work applies to GNNs
as well. Specifically, our evaluation framework introduced in Chapter 3 can also
be used to assess the performance of these types of approaches.

The quality of network representations can be assessed visually or through
downstream task performance. Visual evaluations are limited to small-sized net-
works and low embedding dimensionalities [12]. Evaluations via proxy tasks, on
the other hand, are more generally applicable. In these evaluations, network em-
beddings are first learned for a given graph and then used as inputs for a subsequent
classification or regression task. Commonly evaluated downstream tasks include
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node classification, sign and link prediction, network reconstruction, graph clas-
sification and attribute forecasting. In this dissertation, we mainly focus on the
first four tasks, which we briefly introduce next. Formal task definitions are pro-
vided in the chapters where each task is evaluated. In node classification one aims
to predict missing node labels given all node representations and a subset of la-
beled nodes. In sign prediction, the goal is to determine if given pairs of linked
nodes should be positively or negatively connected. Similarly, in link prediction
and network reconstruction we use vector representations to predict if given pairs
of nodes should be linked or not and to recover the link structure of the input
network, respectively. In all the above mentioned cases, better representations of
the networks are expected to result in higher downstream performances. Unfor-
tunately, the complexity of the evaluation pipelines has given rise to a number of
challenges which have, in turn, slowed down progress in the field [13].

1.2 Motivation

To design better network representation learning approaches we must first be able
to accurately determine the state-of-the-art in the field. This, in turn requires a
certain level of consistency in the evaluation processes and reproducibility of re-
sults [14, 15]. These desirable properties are directly hindered by the complexities
associated with the evaluation of representations via proxy downstream tasks. Cur-
rently, authors face an array of evaluation design choices ranging from benchmark
networks to data preprocessing, sampling of train and test edges, hyperparameter
tuning, downstream classifiers, performance metrics and more (these choices are
discussed extensively in Section 4.1). As a result, evaluations are generally not
comparable across papers. Moreover, some design choices are rarely discussed in
practice compromising the reproducibility of results. In addition to this, the field
also suffers from a lack of empirical studies proposing standardized evaluation se-
tups and comparing existing approaches. Some work has been done in the area
of GNNs [16], but unsupervised approaches have been largely overlooked. This
uncertainty in the state-of-the-art also results in promising new paradigms receiv-
ing far less attention than other well established models. Lastly, the robustness of
embedding methods to changes in the input data is poorly understood. Neverthe-
less, these approaches are being consistently applied to fields where adversaries
are common, such as the web [17, 18], and critical applications e.g., job recom-
mendations [19], medical data analysis [20], etc.

In summary, to accelerate progress in network representation learning we need
to ensure reproducibility of results, simplify and automate evaluations, and provide
empirical studies that survey and summarize the state of research.
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1.3 Contributions
In this dissertation we aim to accelerate progress in network representation learn-
ing through a series of contributions. First, we explore the main challenges related
to the evaluation of representation learning methods and experimentally uncover
an ongoing reproducibility crisis. Second, we provide a software framework to
automate evaluation and ensure reproducibility. Third, we perform an extensive
empirical evaluation of the state-of-the-art in the field. Fourth, we examine the
robustness of representation learning approaches under random and adversarial at-
tacks. Fifth, we propose a new approach for signed network embedding and sign
prediction. Next, we describe each of these contributions in more detail, but first
we provide some necessary notation.

In what follow we will denote an undirected graph as G = (V,E) with vertex
set V = {1, . . . , N} and edge set E ⊆

(
V
2

)
. Edges or connected node-pairs

are represented as unordered pairs {i, j} ∈ E. Non-edges or disconnected pairs
are represented as {i, j} ∈ D. We use Etr and Dtr to refer to the sets of train
edges and non-edges and Ete and Dte to refer to the test node-pair sets. We use
X = (x1, . . . ,xN ) with X ∈ IRN×d to denote a d-dimensional node embedding
(d is a user-defined parameter that varies between works). Node-pair embeddings
are represented as Ztr ∈ IRMtr×d, and Zte ∈ IRMte×d, whereMtr = |Etr|+|Dtr|
and Mte = |Ete|+ |Dte|, respectively.

Reproducibility in Network Representation Learning We begin our contri-
butions with an analysis of reproducibility of research in the field of network
representation learning. Our evaluation focuses specifically on downstream link
prediction as it requires one of the most complex evaluation setups. In particular,
this task generally requires the following steps. Given a graph G a holdout set
of edges, Ete, must first be sampled. Node embeddings X are then learned from
the remaining graph Gtr = (V,Etr). Non-edges are sampled to form the sets
Dtr and Dte. A binary operator is then generally applied on the node embeddings
to obtain node-pair representations i.e. z{i,j} = xi ◦ xj . The above operation is
performed on the sets of train and test edges and non-edges to obtain Ztr and Zte.
Using Ztr and edge/non-edge as labels, a binary classifier is trained.2 Finally,
link prediction performance is evaluated using Zte. This process involves vari-
ous designs choices such as edges sampling techniques, binary operators, binary
classifiers, etc. These choices are not always documented leading to poor repro-
ducibility. In this work we propose EvalNE as a framework for reproducible link
prediction evaluations and use it to replicate the results of four papers. Our evalua-
tion shows that with access to all the abovementioned design choices, EvalNE can

2We note that an alternative pipeline to node-pair embeddings plus binary classification exists. One
could directly compute node similarities via dot product of the corresponding node embeddings. A
detailed discussion and comparison of these two pipelines is provided in Section 4.5.6.
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accurately replicate results. On the other hand, relying exclusively on the informa-
tion reported in manuscripts and the authors’ reference implementations, results
can differ significantly.

EvalNE: A Framework for Network Embedding Evaluation Building on our
reproducibility code base, we extend EvalNE to become a comprehensive eval-
uation framework covering all major downstream tasks. These include link pre-
diction, sign prediction, node multi-class classification and network reconstruc-
tion. EvalNE automates evaluation for any number of embedding methods and
networks. Performance can be assessed independently on the implementation lan-
guage of the models and computed from node embeddings X, node-pair embed-
dings Z, or final model predictions (this last pipeline also allows for the evaluation
of GNNs). The framework also implements several sampling and negative sam-
pling techniques, four different binary operators, supports any downstream binary
and multi-class classifier, includes hyperparameter tuning and much more. Com-
plete experimental setups are described in configuration files used to run evalua-
tions and can be shared to ensure reproducibility. An additional GUI is provided to
simplify the creation and management of these configuration files, run evaluations
and monitor progress.

Performance Evaluation of Network Representations Leveraging the capa-
bilities of EvalNE, we also perform an extensive empirical evaluation of 23 un-
supervised representation learning methods on seven real-world networks. The
evaluated approaches include NLP-inspired techniques based on random walks
and Skip-Gram, matrix factorization approaches, deep and shallow neural models
and probabilistic methods. Representation quality is assessed through link pre-
diction and network reconstruction results. In the evaluation we analyze different
embedding dimensionalities (d) and observe that some approaches perform better
for lower values of this parameter. This finding directly challenges the common
practice of setting d = 128. We also compare different strategies for sampling
edges from E in terms of efficiency and effect on downstream performance. Here,
we find that our proposed spanning tree approach is significantly faster than the
naive sampling used in the literature. Negative sampling techniques for Dtr and
Dte are also compared as well as the effect on performance of tuning method hy-
perparameters (including the binary operator in xi ◦xj). In this case, we find only
small improvements in performance as a result of the costly hyperparameter tun-
ing operations. Finally, we also compare distinct implementations for the same
embedding approaches and observe important differences. Overall, our evaluation
shows only minor progress in the fields with many methods performing on par
with simple baseline heuristics. Moreover, we did not find statistically significant
differences in performance between the studied approaches.
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Robustness Evaluation of Network Representations Our performance eval-
uation also revealed that edge sampling strategies (to obtain the set Etr) could
results in train graphs Gtr with significantly different properties than G. This, in
turn, would affect downstream performance of the evaluated methods to various
degrees. To further investigate how changes in the input graph affect embedding
quality and, thus, downstream performance, we conducted a systematic analysis of
network robustness. In this work we used 14 different random and adversarial at-
tacks to poison the input networks and measured changes in node classification and
network reconstruction predictions. For efficiency and interpretability of results
we limited our adversarial attacks to heuristics targeting network properties such
as degree, assortativity and other centrality measures. Our experimental results
showed that most embedding approaches provide robust network reconstruction
scores while node classification results vary significantly. We also made another
interesting observation. For relatively low attack budgets (< 0.2 · |E|) edge addi-
tion attacks impact performance more than edge deletions. For values above this
threshold, edge deletions become more damaging. We also found that commonly
used baseline attacks for node classification that leverage full knowledge of the
node labels do not significantly outperform other types of structural attacks such
as those based on node degree.

Learning Representations of Signed Networks Lastly, we direct our attention
towards signed networks where edges can represent positive or negative interac-
tions between entities. In this context we introduce a novel sign network em-
bedding and sign prediction model. The proposed Conditional Signed Network
Embedding (CSNE) builds upon the CNE framework [2], which showed excellent
performance in our benchmark evaluation (see Chapter 4). This chapter, thus, acts
as a case in point of the importance of benchmark studies and evaluation tools for
boosting progress in research. In this case, by uncovering a new model with prop-
erties that can address some of the main challenges in the related field of signed
network embeddings. CSNE is a two-part probabilistic model. First, a maximum-
entropy prior (see [21]) is used to model structural information about the network,
such as the tendency of users to make more positive or more negative connections,
or the extent to which structural balance theory holds in the network (i.e. to what
extent statements such as ‘the enemy of my enemy is my friend’ hold [22]). This
prior is then combined with an embedding capturing additional fine-grained detail
about the node interactions. Finally, the Bayes formula is used to combine these
two elements. The modular nature of CSNE presents two main advantages. On
one hand, it avoids overfitting of the embedding by encoding part of the informa-
tion in the prior. On the other hand, unlike the state-of-the-art, CSNE does not
enforce structural balance by design, instead it learns the extent to which it applies
in every network. Our experimental results confirm that CSNE consistently out-
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performs the state-of-the-art for sign prediction. We also show that the MaxEnt
prior can be directly used for sign prediction. Independently, this model achieves
comparable results to our baselines with runtimes 50× lower than the fastest com-
peting method.

1.4 Outline

This dissertation comprises a number of publications that were realized within the
scope of this PhD. The selected publications are presented as different chapters
and provide an integral and consistent overview of the work performed. The main
research contributions are detailed in Section 1.3 and the complete list of publi-
cations that resulted from this work is presented in Section 1.5. In what follows,
we give an overview of the remainder of this dissertation and explain the links
between different chapters.

We start in Chapter 2 with our work on reproducibility in the field of network
representation learning. More specifically, we discuss reproducibility and evalua-
tion challenges related to the use of link prediction as a downstream task to assess
representation quality. In Chapter 4, we will further expand upon the evaluation
challenges presented here as well as others related to network reconstruction. In
Chapter 2, we also introduce a preliminary version of the EvalNE framework and
use it to reproduce the link prediction evaluations in several papers. Specific soft-
ware design details of the latest version or EvalNE are presented later in Chapter 3.

In Chapter 3, we introduce EvalNE, our network embedding evaluation tool-
box. The software was initially designed for reproducing evaluations of network
embeddings on link prediction in Chapter 2. Currently, the framework has evolved
into a comprehensive evaluation toolbox (extensively used in our work) cover-
ing all major downstream evaluation tasks. These tasks include link prediction
and network reconstruction, evaluated in our benchmark study in Chapter 4; node
classification, used in our robustness evaluation in Chapter 5; and sign prediction
and data visualization, leveraged to assess the performance of the CSNE model
proposed in Chapter 6. The robustness evaluation module developed for our work
in Chapter 5 will be released in an upcoming version of EvalNE.

Chapter 4 details an extensive empirical evaluation of the performance of net-
work representation learning methods. We investigate two downstream tasks, link
prediction and network reconstruction as well as the impact of a range of design
choices commonly adopted in the literature. The experimental evaluation is per-
formed using the EvalNE framework proposed in Chapter 3. The aim is to shed
light on the state-of-the-art in this field, thus, addressing one of the main challenges
discussed in Chapter 1.

In Chapter 5 we provide a systematic analysis of the robustness of node em-
bedding approaches, a particular type of representation learning methods. More
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specifically, we investigate changes in downstream performance for various mod-
els under random corruptions and adversarial attacks on the input data. This re-
search builds on the observations from Chapter 4 regarding differences in down-
stream link prediction performance when the training networks are sampled ac-
cording to different strategies. Our experimental evaluation leverages the EvalNE
framework presented in Chapter 3.

Chapter 6 introduces a novel signed network embedding and sign prediction
model. The proposed method is based on Conditional Network Embedding, an
unsupervised representation model which has shown excellent results in our ex-
perimental evaluation in Chapter 4. Hereby, this chapter highlights two key ben-
efits of the contributions in this dissertation. On one hand, CNE’s potential was
identified through the benchmark study in Chapter 4, on the other, the model was
evaluated using the EvalNE framework proposed in Chapter 3. The experimental
evaluation in this chapter comparing signed network embedding models, was also
conducted using EvalNE.

Lastly, in Chapter 7, we summarize the main conclusions of this dissertation
and discuss avenues for future research.

1.5 Publications

The research results presented in this thesis have been published in scientific jour-
nals and presented at a series of international conferences. The following list pro-
vides an overview of all publications grouped by type. Subsequent chapters in this
book will begin with the name of the relevant publication.

1.5.1 Publications in international journals
(listed in the Science Citation Index 3 )

1. Alexandru Mara, Jefrey Lijffijt and Tijl De Bie. EvalNE: A Framework for
Network Embedding Evaluation. SoftwareX, 17, Jan. 2022.

2. Alexandru Mara, Jefrey Lijffijt and Tijl De Bie. An Empirical Evaluation
of Network Representation Learning Methods. Big Data, Mar. 2022.

This journal paper is a substantial extension of the following conference
manuscript:

- Alexandru Mara, Jefrey Lijffijt and Tijl De Bie. Benchmarking
Network Embedding Models for Link Prediction: Are we Making

3The publications listed are recognized as ‘A1 publications’, according to the following definition
used by Ghent University: A1 publications are articles listed in the Science Citation Index Expanded,
the Social Science Citation Index or the Arts and Humanities Citation Index of the ISI Web of Science,
restricted to contributions listed as article, review, letter, note or proceedings paper.
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Progress? In 2020 IEEE 7th International Conference on Data Science
and Advanced Analytics (DSAA 2020), pages 138–147, Oct. 2020.

1.5.2 Publications in international conferences
(listed in the Science Citation Index 4 )

1. Alexandru Mara, Jefrey Lijffijt and Tijl De Bie. EvalNE: A Framework
for Evaluating Network Embeddings on Link Prediction. Proceedings of
the 1st Workshop on Evaluation and Experimental Design in Data Mining
and Machine Learning (EDML 2019) co-located with SIAM International
Conference on Data Mining (SDM 2019), pages 5–13, Jan. 2019.

2. Alexandru Mara, Yoosof Mashayekhi, Jefrey Lijffijt and Tijl De Bie.
CSNE: Conditional Signed Network Embedding. Proceedings of the 29th
ACM International Conference on Information and Knowledge Manage-
ment (CIKM 2020), Oct. 2020.

1.5.3 Publications in other international conferences

1. Alexandru Mara, Jefrey Lijffijt, Stephan Günnemann and Tijl De Bie. A
Systematic Evaluation of Node Embedding Robustness. To appear: Proceed-
ings of the First Learning on Graphs Conference (LoG 2022), PMLR 198,
Dec. 2022.

4The publications listed are recognized as ‘P1 publications’, according to the following definition
used by Ghent University: P1 publications are proceedings listed in the Conference Proceedings Ci-
tation Index - Science or Conference Proceedings Citation Index - Social Science and Humanities of
the ISI Web of Science, restricted to contributions listed as article, review, letter, note or proceedings
paper, except for publications that are classified as A1.
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2
Reproducibility in Network

Representation Learning

In this chapter, we focus on reproducibility in network representation learning.
Specifically, we discuss reproducibility and evaluation challenges related to the
use of link prediction as a downstream task to assess representation quality. In
Chapter 4 we will further expand upon the evaluation challenges presented here
as well as others related to network reconstruction. In the current chapter, we
also introduce a preliminary version of the EvalNE framework geared towards
reproducibility and use it to replicate link prediction results of seminal papers in
the field. Specific software design details of an extended version or EvalNE will be
presented later in Chapter 3. This chapter is based on the manuscript referenced
below. Changes to the text have been made throughout in order to avoid repetitions
with other chapters and emphasize the reproducibility aspect of this work. Some
section names, tables and figures have also been altered to ensure consistency
across chapters.

? ? ?

A. Mara, J. Lijffijt, and T. De Bie. EvalNE: A Framework for
Evaluating Network Embeddings on Link Prediction.

Proceedings of EDML (SDM), Jan. 2019.
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Abstract Network embedding (NE) methods aim to learn low-dimensional rep-
resentations of network nodes as vectors, typically in Euclidean space. These
representations are then validated on a variety of downstream prediction tasks.
Link prediction is one of the most popular choices for assessing NE performance.
However, evaluating representation quality through link prediction requires a care-
fully designed pipeline to ensure consistent, reproducible and comparable results.
We argue this has not been considered sufficiently in many recent works. In this
chapter, we introduce EvalNE, a new framework for reproducible evaluations of
NE methods on link prediction. We also show empirical evidence of an ongoing
reproducibility crisis which could be alleviated by tools such as EvalNE. The pro-
posed framework is freely available as a Python package and provides automation
and abstraction for tasks such as hyper-parameter tuning, model validation, edge
sampling and computation of node-pair embeddings. The framework integrates
efficient procedures for edge and non-edge sampling and can be used to evaluate
any off-the-shelf embedding method. In our experimental evaluation, we attempt
to replicate the results of several influential papers in the field. We show that pro-
vided all design choices, EvalNE can perfectly replicate results. On the other hand,
relying exclusively on the information reported in the manuscripts and reference
implementations, the results vary significantly.

2.1 Introduction

Link prediction is an important task with applications in a wide range of fields such
as computer science, social sciences, biology, and medicine [1–4]. It amounts to
estimating the likelihood for the existence of edges, between pairs of nodes that do
not form an edge in the input graph.

Many recent Network Embedding (NE) methods, e.g., [5–13], have been ap-
plied to solving link prediction problems, showing promising results. These meth-
ods map nodes in the network to d-dimensional vectors, typically in Euclidean
space. The obtained representations are then used as features for a variety of tasks
such as visualization, multi-label classification, clustering or link prediction.

The challenges of evaluating NE methods for link prediction Unfortunately,
the practical performance of most NE methods is poorly understood and not com-
parable due to inconsistent evaluation procedures. In this chapter, we focus on a
number of difficulties specific to the evaluation of NE methods for link prediction.
Link prediction is particularly challenging as the evaluation involves a number of
design choices that can confound the results and are prone to errors.

For example, the implicit assumption is that the input graph is not complete
and the purpose is to predict the missing edges as accurately as possible. To eval-
uate the performance of a NE method for link prediction, one thus needs an (in-
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complete) training graph along with a (more) complete version of that graph for
testing. Much research has been devoted to determining the best approach to gen-
erate these training graphs [1, 2, 4]. Theoretical and empirical evidence suggest
that in order to fairly evaluate link prediction methods, snapshots of the networks
at different points in time should be used for training and testing. In this way, the
methods are tested on natural evolutions of the networks. Nonetheless, the avail-
ability of such snapshots is uncommon and raises additional questions, such as
how to choose the time intervals for splitting the networks.

For these reasons, in most cases [7–10] authors resort in their evaluations to
sampling sets of edges from the input graphs and using the remaining subgraphs
for training. The sampled edges are later used as positive test examples. The
process of sampling edges is not standardized and varies in several ways between
studies. The relative sizes of the train and test sets, for example, is a user-defined
parameter which varies significantly between experimental setups. In [8, 9] the
authors use a 50-50 train-test split, in [7] a 60-40, in [10] an 80-20 and in [14] val-
ues ranging from 30-70 up to 80-20. Moreover, certain methods have requirements
such as connectivity of the training graph [8], while others do not [10]. In addition,
the more commonly employed sampling strategies lack efficiency and scalability
and can, thus, rapidly become evaluation bottlenecks.

A related problem is the fact that, in addition to ‘positive’ train and test edges,
in most cases ‘negative’ edges (also called non-edges) are required as well. Non-
edges can be leverage by some NE implementations to derive better network rep-
resentations, while in a more general case they are used to assess downstream
link prediction performance. The sets of non-edges can be selected according to
different strategies [15] and can be of various sizes.

Furthermore, most NE implementations only provide node embeddings. In or-
der to derive link prediction from these embeddings two pipelines are commonly
used. On one hand, link predictions can be computed directly from the node em-
beddings via e.g., dot products. On the other hand, node-pair embeddings can
be first computed by applying a binary operator on the node embeddings. Sub-
sequently a binary classifier can be trained to distinguish between the node-pair
representations of edges and non-edges. In the literature several approaches for
deriving node-pair embeddings have been proposed [16], and have been shown to
have a high impact on link prediction performance [8].

Finally, it appears to be common practice in recent literature to use recom-
mended default settings for existing methods, while tuning hyperparameters for
the method being introduced. Especially when the recommended default settings
were informed by experiments on other graphs than those used in the study at hand,
this can paint an unduly unfavorable picture.
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Contributions In this chapter we propose a new framework for reproducible
evaluations of NE methods on link prediction. The framework coined EvalNE au-
tomates many parts of the evaluation process from hyperparameter tuning to edge
sampling. Specifically, the framework: (1) Implements guidelines from research in
the area of link prediction evaluation and sampling [1, 2, 4]. (2) Includes (novel)
efficient edge and non-edge sampling algorithms. (3) Provides the most widely
used node-pair embedding operators. (4) Evaluates the scalability and accuracy
of methods, through wall clock time and a wide range of fixed-threshold metrics
and threshold curves. (5) Integrates in a single operation the evaluation of any
set of NE methods and networks. (6) Ensures reproducibility and comparability
of evaluations and results through shareable configuration files. Using EvalNE
we replicate the experimental link prediction evaluations of several key works in
the field and find evidence of an ongoing reproducibility crisis. Finally, we also
compare the novel edge sampling strategy included in EvalNE to the naive ap-
proach commonly used in the literature. Experimental results confirm the higher
efficiently and scalability of the proposed approach.

The remainder of this chapter is organized as follows. In Section 2.2 we give
a brief overview of the related work. In Section 2.3 we present our evaluation
framework. Our experiments reproducing the results of several papers and an em-
pirical analysis of the proposed edge sampling strategy are reported in Section 2.4.
Finally, Section 2.5 concludes this chapter.

2.2 Related work

Our work is related to the evaluation of link prediction which has been studied
in several recent works, i.e., [1, 2, 4, 17]. These studies focus on the impact of
different edge sampling strategies, negative sampling and fair evaluations criteria.

Link prediction as a downstream evaluation task for the representations learned
by NE algorithms was first introduced in the pioneering work of Grover et al. [8].
In a later survey, Zhang et al. [18] point out the importance of link prediction as
an application of network representation learning. The authors also signal incon-
sistencies in the evaluation of different NE approaches and conduct an empirical
analysis of several models on a wide range of datasets. Their empirical study, how-
ever, focuses exclusively on vertex classification and clustering. The importance
of standard evaluation frameworks as tools to bridge the gap between research and
application of NEs is discussed by Hamilton et al. [19].

To the best of our knowledge only two frameworks for the evaluation of NE
methods currently exist. OpenNE is a recently proposed toolbox for evaluating
NE methods on multi-label classification exclusively. The toolbox also includes
implementations of several state-of-the-art embedding methods. GEM [20] is a
similar framework which also implements a variety of embedding methods and
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Figure 2.1: Diagram showing the types of methods that can be evaluated using EvalNE.
Gray blocks represent modules provided by the library and white blocks are the

user-specified methods to be evaluated. The library can evaluate end-to-end predictors
(including link prediction heuristics), node-pair embedding and node embedding methods.

includes basic evaluation on multi-label classification, visualization and link pre-
diction tasks. These frameworks, however, are focused on the implementations
of embedding methods rather than the evaluation pipeline. Thus, these libraries,
unlike EvalNE, are limited to the evaluation of the NE methods they implement.

2.3 Methods

In this section, we discuss the key aspects of our proposed framework. EvalNE has
been designed as a pipeline of interconnected and interchangeable building blocks,
as illustrated in Figure 2.1. These blocks have specific functions such as providing
sets of train and test edges or computing node-pair embeddings from given node
embeddings. The modular structure of our framework simplifies code maintenance
and the addition of new features, and allows for flexible model evaluation. The
framework can be used to evaluate methods providing node embeddings, node-
pair embeddings, or node similarity scores (we include in this category the link
prediction heuristics).

EvalNE is available as an open-source Python toolbox on GitHub1 and the doc-
umentation and examples are hosted by ReadTheDocs2. The framework supports
all major operating systems and can be used as a command line tool (providing
appropriate configuration files) and as an API. Further details regarding the soft-
ware architecture are provided in Chapter 3. In what follows we describe the main
building blocks used in downstream link prediction evaluation and required for our
evaluation in Section 2.4.

2.3.1 Evaluation framework

The core building blocks of our framework are the data split and model evaluation.
These blocks constitute the most basic pipeline for assessing the quality of link

1https://github.com/Dru-Mara/EvalNE
2https://evalne.readthedocs.io/en/latest/index.html

https://github.com/Dru-Mara/EvalNE
https://evalne.readthedocs.io/en/latest/index.html
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predictions. Before describing these blocks, we first introduce some notation.
We represent a directed network asG = (V,E) with vertex set V = {1, . . . , n}

and edge set E ⊆ V × V . Edges are represented as ordered pairs e = (u, v) ∈ E
with |E| = m. Etrain and Etest denote the training and testing edge sets. We
represent the embedding of network nodes into a d-dimensional space as X =

(x1, x2, . . . , xn) where X ∈ IRn×d. In what follows, we restrict our evaluation
to directed and undirected networks with no attributes, labels or edge weights.
The latest version of EvalNE, however, does cover the evaluation of labeled and
weighed graphs as well (see Chapter 3).

2.3.1.1 Data split

As pointed out in Section 2.1, in order to perform link prediction on a given input
graphG, sets of train and test edges are required. The set of train edges is generally
required to span all nodes in G and induce a training graph Gtrain with a single
connected component, because embeddings of independent components will be
far away from and unrelated to each other.

Many recent studies resort to a naive algorithm to derive a connected Gtrain.
The procedure removes edges from an input graph iteratively until a desired num-
ber of train edges remain. The removed edges are used as test samples. In each
iteration, the connectivity of the graph needs to be checked and only remove an
edge if it does not result in a disconnected graph. This requirement is generally
satisfied by running a Breadth First Search (BFS) on the graph after each edge
removal, which is a costly operation (O(n+m)).

Integrated in our evaluation framework, we include a novel algorithm (Algo-
rithm 1) to perform the train-test splits which, as we will show in Section 2.4, is
orders of magnitude faster yet equally simple. Algorithm 1 also accounts for the
fact that the training graph Gtrain must span all nodes in G and contain a single
connected component.

Algorithm 1: Given an undirected graph G = (V,E) and a target number of
train edges mtr, the proposed algorithm to split train and test edges proceeds as
follows:

1. Obtain a uniform spanning tree ST of G using Algorithm 2.

2. Initialize the set of training edges Etrain to all edges in ST .

3. Select an edge uniformly at random from E \ Etrain.

4. Add the sampled edge to Etrain.

5. Repeat steps 3 and 4 until |Etrain| = mtr then outputEtrain andE\Etrain.
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Algorithm 2 (Broder’s algorithm [21]): Given an undirected graph G select a
spanning tree uniformly at random from the set of all possible ones:

1. Select a random vertex s of G and start a random walk on the graph until
every vertex is visited. For each vertex i ∈ V \{s} collect the edge e = (j, i)

that corresponds to the first entrance to vertex i. Let ST be this collection of
edges.

2. Output the set ST.

The complexity of Algorithm 2 is O(n log n) on expectation [21]. The same
bound applies for the proposed Algorithm 1 as the sampling and addition of ran-
dom edges to the train set can be done in constant time. A more efficient alternative
to Algorithm 2 for obtaining a uniformly sampled spanning tree of a given graph
exists. This method, named Wilson’s algorithm [22], was introduced in a later
version of EvalNE (see Chapter 3) and evaluated in Chapter 4.

For directed graphs G, we first construct an equivalent undirected version G∗

by adding reciprocals for every edge in E. We then run Algorithm 1 on G∗ and
include in the train set only those edges present in the initial directed graphG. This
method results in a weakly connected training graph spanning the same nodes as
the original G.

In addition to train and test edges, sets of train and test non-edges (also re-
ferred to as negative samples) are required in order to evaluate link prediction.
Non-edges represent pairs of vertices u, v such that e = (u, v) /∈ E. The pro-
posed toolbox can compute these non-edges according to either the open world
or the closed world assumption. The open world assumption models a scenario
where non-edges can correspond to either unobserved or non-existent connections
between nodes (equivalent to a collaborative filtering scenario with implicit feed-
back). Thus, under the open world assumption, train non-edges are selected such
that they are not in Etrain and thus overlapping between train non-edges and test
true edges can occur. The closed world assumption, on the other hand, models a
scenario where the user has certainty about the status of some non-edges as non-
existent connections (akin to collaborative filtering with explicit feedback). In this
case non-edges are sampled such that they are not in Etrain nor in Etest.

The number of train and test edges and non-edges are user-controlled parame-
ters. The minimum number of train edges is determined by the size of the spanning
tree and the combined sets of non-edges have a trivial upper limit of (n · n)−m.
However, for the train set size, fractions between 50% and 90% of m are recom-
mended. For values below 50%, the resulting training graph will often not preserve
the properties of the original graph G as shown in [23].
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2.3.1.2 Model evaluation

Our proposed framework can evaluate the scalability, parameter sensitivity and ac-
curacy of embedding methods. We assess scalability by directly measuring wall
clock time. Method performance can be easily reported for different embedding di-
mensionalities and hyperparameter values. Finally, the link prediction accuracy is
reported using two types of metrics: fixed-threshold metrics and threshold curves.
Fixed-threshold metrics summarize the performance of the methods to single val-
ues. EvalNE provides the following measures: confusion matrix (TP, FN, FP,
TN), precision, recall, fallout, miss, accuracy, F-score and AUC. Threshold curves
present the performance of the methods for a range of threshold values in [0, 1].
EvalNE includes precision-recall curves [2] and receiver operating curves [24].

2.3.2 Other building blocks and baselines

In addition to the core building blocks and in order to extend the evaluation pro-
cess to different types of embedding methods, our framework also provides data
preprocessing, data manipulation, and different node-pair embedding functions.
Moreover, EvalNE integrates a binary classification pipeline to obtain link predic-
tions from node-pair embeddings. Furthermore, the toolbox contains a series of
built-in link prediction heuristics as baselines.

2.3.2.1 Preprocessing

The toolbox offers a variety of functions to load, store, and manipulate networks.
These include methods to prune nodes based on degree, remove self-loops, rela-
bel nodes, obtain sets of specific types of edges, restrict networks to their main
connected components and obtain common network statistics. The preprocessing
functions of EvalNE build on top of and can be used in combination with those
provided by other mainstream software packages (e.g., NetworkX [25]).

2.3.2.2 Link prediction heuristics

A training graph Gtrain = (V,Etrain) spanning the same set of vertices as the
initial graph G but containing only the edges in the train set is provided as input
to the link prediction heuristics. Depending on the input graph type we use one
of the following definitions. For undirected graphs we use the ones presented be-
low, where Γ(u) denotes the neighborhood of a node u. For directed graphs we
restrict our analysis to either the in-neighborhood (Γi(u)) or the out-neighborhood
(Γo(u)) of the nodes.
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Common neighbors (CN):

CN(u, v) = |Γ(u) ∩ Γ(v)|

Jaccard coefficient (JC):

JC(u, v) =
|Γ(u) ∩ Γ(v)|
|Γ(u) ∪ Γ(v)|

Adamic-Adar index (AA):

AA(u, v) =
∑

w∈Γ(u)∩Γ(v)

1

log |Γ(w)|

Resource allocation index (RAI):

RAI(u, v) =
∑

w∈Γ(u)∩Γ(v)

1

|Γ(w)|

Preferential attachment (PA):

PA(u, v) = |Γ(u)| · |Γ(v)|

Katz similarity:

Katz(u, v) =

∞∑
l=1

βl · |ρ(u, v|l)|

For Katz, the parameter β ∈ [0, 1] is a damping factor and |ρ(u, v|l)| represents
the number of paths of length l from node u to node v.

In addition to these methods, a random prediction model is provided for refer-
ence. This method simply outputs a uniform random value in [0, 1] as the likeli-
hood of a link between any pair of given vertices (u, v).

2.3.2.3 Node-pair embedding operators

Unlike for the aforementioned heuristics where the output can be directly used for
link prediction, for NE methods this is generally not the case. Most implemen-
tations of NE methods produce node embeddings only. Thus, an additional step
of learning node-pair embeddings is required in order to predict links via binary
classification.

The node-pair representations are typically derived in an unsupervised fashion.
For example, to derive the embedding y(u,v) for node-pair (u, v), we apply a binary
operator ◦ over the embeddings of nodes u and v, i.e. xu and xv respectively:

y(u,v) = xu ◦ xv.
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In [8] the authors propose the following alternatives for the operator ◦ which
we include in our evaluation framework. Any other user-defined operators can be
also easily integrated.

Average (Avg.):

xu ⊕ xv ≡
xu,i + xv,i

2

Hadamard (Had.):

xu � xv ≡ xu,i ∗ xv,i

Weighted L1:

||xu · xv||1̄ ≡ |xu,i − xv,i|

Weighted L2:

||xu · xv||2̄ ≡ |xu,i − xv,i|2

2.3.2.4 Binary classification

Several NE approaches (e.g., [7–10]) rely on a logistic regression classifier to pre-
dict link probabilities from node-pair embeddings. In EvalNE we include logistic
regression with 10-fold cross validation. The framework, however, is flexible and
allows for any other binary classifier to be used.

2.4 Experiments
In this section, we use EvalNE to replicate the link prediction results of the fol-
lowing four manuscripts from the NE literature i.e. Node2vec, SDNE, PRUNE
and CNE. We have selected these methods due to their high citation counts and
the wide array of evaluation pipelines they exhibit. The main goals of this experi-
mental evaluation are showcasing the capabilities of EvalNE and highlighting the
need to extensively discuss design choices. We also conduct a series of additional
experiments in which we compare our edge sampling strategy (Algorithm 1) to the
naive approach used in the literature. We perform these comparisons in terms of
both scalability and link prediction accuracy. All experiments were run on a single
machine equipped with a Intel® Core™ i5 processor and 16GB of RAM.

2.4.1 Experimental setups

Next, we present the main characteristics of the experimental settings replicated
and some important remarks:
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Node2vec [8]: In this work the authors evaluate the following embedding meth-
ods and link prediction heuristics: Node2vec, DeepWalk [12], LINE [13], Spectral
Clustering [26], CN, JC, AA, and PA. Experiments are performed on the Face-
book [27], PPI [8], and AstroPh [27] datasets with 50-50 train-test splits. The
same number of edges and non-edges are used throughout the experiment. The
results are reported in terms of AUC and the node-pair operators used are average,
Hadamard, weighted L1 and weighted L2.

SDNE [14]: The authors report in this case experiments using the following
methods: DeepWalk, LINE, SDNE, GraRep [6], LapEig [5] and CN. The link
prediction experiments are performed on the GR-QC dataset [27] with a 0.85 train-
test fraction. The results are reported only for the Hadamard operator and in terms
of precision@k for a collection of values between 2 and 10000. In this setup, the
number of train non-edges is the same as that of train edges while all the remaining
non-edges in the graph are used for testing.

PRUNE [10]: This experimental setup includes Node2vec, DeepWalk, LINE,
SDNE, PRUNE and NRCL [28]. The networks used are HepPH [27], FB-wallpost
[29] and Webspam and the train-test fraction is 0.8 with similar sizes of the non-
edge sets. The node-pair embedding operator used is not reported by the authors
and the results are presented in terms of AUC. In this setting, the networks used
are directed.

CNE [9]: The evaluation setup in this case is similar to that of Node2vec with
the following differences: CNE and Metapath2vec [30] are also evaluated; Blog-
Catalog [31], Wikipedia [27] and StudentDB are included in the list of evaluated
networks and the results are only reported for the Hadamard operator. It should
be noted that two authors of this work are co-authors of CNE, which granted us
access to all major design choices and the complete evaluation code.

In our experiments we have replicated these setting with the following excep-
tions (1) for node2vec we did not include spectral clustering and (2) for PRUNE
we could not obtain NRCL and lacked the computational resources to evaluate the
NE methods on Webspam. In all cases we report the same metrics as the origi-
nal authors and average results over five independent executions (original values
used by the authors are not reported in the manuscripts). We used the open world
assumption for the non-edges (original choice is also not reported), logistic re-
gression as binary classifier and tuned the same hyperparameters. Each evaluation
was run using a different EvalNE configuration file which we make available on-
line. We note that for all methods, with the exception of CNE, we only used the
publicly available information regarding experimental design choices, that is, the
manuscript contents and reference implementations.

Regarding method implementations, we evaluated the link prediction heuris-
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Table 2.1: Datasets used for evaluation.

Dataset Category |V | |E|
Facebook Social 4039 88234
FB-wallpost Social 43953 262631
BlogCatalog Social 10312 333983
StudentDB Social 395 3423
HepPh Citation 34546 421578
AstroPh Collaboration 17903 196972
GR-QC Collaboration 4158 26844
PPI Biological 3852 37841
Wikipedia Language 4777 92295

tics included in EvalNE; original code by the authors for Deepwalk3 , Node2vec4,
LINE5, PRUNE6, CNE7, and Metapath2vec8, and for the remaining ones, the im-
plementations in the OpenNE9 library. Table 2.1 contains the main characteris-
tics of all the networks used. Network sizes are those corresponding to the main
(weakly) connected components of each graph.

2.4.2 Experimental results

2.4.2.1 Reproducibility results

For each of the experimental settings reproduced we present a table containing the
original values reported in the paper, and in parenthesis the difference between
our result and these values (Tables 2.2–2.5). Positive values in parenthesis, thus,
indicate that our results are higher than the ones reported in the original papers by
that margin, while negative values indicate the opposite.

Our results in Table 2.2 and Table 2.3 show some significant differences with
respect to the values reported in the Node2vec and SDNE manuscripts (differ-
ences over 0.15 are marked in bold in all tables). Possible explanations for these
inconsistencies are the use of different implementations of NE methods, different
non-reported default parameters or the use of parallelization. In addition, we have
also observed important differences when computing the AUC directly from class
labels or from class probabilities.10 To replicate the Node2vec experiments we
used class labels as they resulted in closer values to those reported by the authors.

3https://github.com/phanein/deepwalk
4https://github.com/aditya-grover/node2vec
5https://github.com/tangjianpku/LINE
6https://github.com/ntumslab/PRUNE
7https://bitbucket.org/ghentdatascience/cne/
8https://ericdongyx.github.io/metapath2vec/m2v.html
9https://github.com/thunlp/OpenNE

10In some cases authors compute class assignments by thresholding prediction probabilities prior to
computing the AUC. In these cases the AUCs reported equal accuracy scores at the fixed thresholds.

https://github.com/phanein/deepwalk
https://github.com/aditya-grover/node2vec
https://github.com/tangjianpku/LINE
https://github.com/ntumslab/PRUNE
https://bitbucket.org/ghentdatascience/cne/
https://ericdongyx.github.io/metapath2vec/m2v.html
https://github.com/thunlp/OpenNE
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Table 2.2: Reported AUC scores in the node2vec paper and difference to our reproduced
values.

Facebook PPI AstroPh
CN 0.81 (+0.14) 0.71 (+0.06) 0.82 (+0.13)
JC 0.88 (+0.04) 0.70 (+0.04) 0.81 (+0.12)
AA 0.83 (+0.13) 0.71 (+0.06) 0.83 (+0.12)
PA 0.71 (+0.04) 0.67 (+0.13) 0.70 (+0.08)
DeepWalk 0.72 (−0.01) 0.69 (+0.08) 0.71 (+0.01)

Avg. LINE 0.70 (−0.03) 0.63 (+0.12) 0.65 (+0.14)
node2vec 0.73 (−0.01) 0.75 (−0.01) 0.72 (−0.02)
DeepWalk 0.97 (−0.03) 0.74 (−0.2) 0.93 (−0.12)

Had. LINE 0.95 (−0.06) 0.72 (−0.01) 0.89 (+0.05)
node2vec 0.97 (0.0) 0.77 (−0.17) 0.94 (−0.05)
DeepWalk 0.96 (−0.01) 0.60 (+0.14) 0.83 (+0.09)

W L1 LINE 0.95 (−0.33) 0.70 (−0.01) 0.88 (−0.28)
node2vec 0.96 (−0.01) 0.63 (−0.03) 0.85 (+0.03)
DeepWalk 0.96 (−0.01) 0.61 (+0.14) 0.83 (+0.09)

W L2 LINE 0.95 (−0.33) 0.71 (−0.02) 0.89 (−0.27)
node2vec 0.96 (0.0) 0.62 (−0.02) 0.85 (+0.03)

Table 2.3: Reported precision@k scores in the SDNE paper and difference to our
reproduced values.

prec@100 prec@200 prec@300 prec@500 prec@800 prec@1000 prec@10000
SDNE 1 (0.0) 1 (0.0) 1 (+0.01) 0.99 (0.0) 0.97 (+0.03) 0.91 (+0.09) 0.25 (−0.12)
LINE 1 (0.0) 1 (0.0) 0.99 (+0.01) 0.93 (+0.06) 0.74 (+0.26) 0.79 (+0.11) 0.21 (−0.13)
DeepWalk 0.6 (+0.40) 0.55 (+0.45) 0.44 (+0.56) 0.34 (+0.65) 0.29 (+0.70) 0.29 (+0.71) 0.15 (+0.01)
GraRep 0.04 (+0.96) 0.03 (+0.97) 0.03 (+0.97) 0.04 (+0.96) 0.03 (+0.97) 0.03 (+0.97) 0.19 (+0.16)
CN 1 (0.0) 0.96 (+0.03) 0.96 (+0.03) 0.98 (0.0) 0.87 (+0.05) 0.79 (+0.09) 0.19 (0.0)
LapEig 0.93 (+0.07) 0.85 (+0.15) 0.82 (+0.17) 0.66 (+0.34) 0.46 (+0.53) 0.39 (+0.48) 0.05 (+0.15)

The remaining small differences between approaches can be due to the use of dif-
ferent edge sampling strategies (naive in the original manuscripts and our proposed
approach in the results reported here).

The results in Table 2.4 show that EvalNE can also replicate evaluations of di-
rected networks. The differences observed are mainly related to unreported design
choices and the use of different edge sampling techniques.

Finally, the results presented in Table 2.5 show that with access to all evaluation
design choices, as in the case of CNE, results can be replicated almost perfectly.
The only exception are the Metapath2vec results on the Facebook network, which
were related to a typo in the original manuscript. For CNE, we computed AUC
scores from the class probabilities of the final binary classifier, as reported by the
authors.

These results illustrate the existence of a reproducibility crisis in the field and
an urgent need for: (a) reproducible evaluation pipelines, and (b) detailed reports
of experimental design choices such as data sampling, method hyperparameters,
and method implementations used.
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Table 2.4: Reported AUC scores in the PRUNE paper and difference to our reproduced
values.

DeepWalk LINE Node2vec SDNE PRUNE
HepPh 0.80 (−0.05) 0.80 (−0.09) 0.81 (−0.05) 0.75 (−0.04) 0.86 (−0.03)
FB-wallpost 0.83 (+0.01) 0.78 (+0.09) 0.85 (−0.09) 0.86 (−0.02) 0.88 (−0.01)

Table 2.5: Reported AUC scores in the CNE paper and difference to our reproduced values

Facebook PPI AstroPh BlogCatalog Wikipedia StudentBD
CN 0.97 (+0.01) 0.77 (0.0) 0.94 (+0.01) 0.92 (+0.01) 0.84 (0.0) 0.42 (−0.01)
JS 0.97 (+0.01) 0.76 (0.0) 0.94 (+0.01) 0.78 (0.0) 0.50 (−0.01) 0.42 (−0.01)
AA 0.98 (0.0) 0.77 (+0.01) 0.94 (+0.01) 0.93 (0.0) 0.86 (+0.01) 0.42 (−0.01)
PA 0.83 (+0.01) 0.89 (+0.01) 0.86 (+0.01) 0.95 (0.0) 0.91 (+0.01) 0.91 (+0.01)
DeepWalk 0.98 (0.0) 0.64 (+0.01) 0.92 (+0.01) 0.61 (−0.01) 0.56 (0.0) 0.76 (+0.03)
LINE 0.95 (0.0) 0.75 (+0.01) 0.98 (0.0) 0.76 (+0.01) 0.71 (0.0) 0.86 (−0.02)
Node2vec 0.99 (0.0) 0.68 (+0.02) 0.97 (0.0) 0.73 (−0.05) 0.67 (−0.08) 0.83 (0.0)
Metapath 0.74 (+0.17) 0.85 (0.0) 0.83 (+0.02) 0.91 (0.0) 0.83 (+0.02) 0.92 (−0.01)
CNE(unif.) 0.99 (0.0) 0.89 (+0.01) 0.99 (0.0) 0.92 (+0.01) 0.84 (0.0) 0.93 (0.0)
CNE(deg.) 0.99 (0.0) 0.91 (0.0) 0.99 (0.0) 0.96 (0.0) 0.92 (−0.01) 0.94 (0.0)

2.4.2.2 Sampling strategy evaluation

We also compared the proposed edge sampling strategy (Algorithm 1) in terms of
accuracy and scalability to the naive approach. To assess accuracy we selected
the Facebook, PPI, and AstroPh datasets, and performed link prediction with the
following heuristics: CN, JC, AA, and PA. We collected all metrics available in
EvalNE and computed for each the absolute difference between the naive and pro-
posed approach. The recall presents the highest deviation, so we show these results
in Table 2.6. Although recall differs up to 0.0393, we note that it is traded off with
precision. The maximum difference in accuracy is of 0.0154 and in AUC, one of
the most widely used metrics, 0.015 attained by PA on AstroPh. Across meth-
ods and datasets, the results obtained with the naive approach were slightly higher
than those using Algorithm 1. The random edge sampling in the naive approach
leads naturally to test edges incident to higher degree nodes. In turn, higher node
degrees imply less uncertainty in a particular region of the embedding space and,
thus, higher link prediction performance. Algorithm 1, on the other hand, lever-
ages random edge sampling to select train edges (to be added to those already in
the spanning tree). This leads to test edges that, on average, connect lower degree
nodes and, thus, are harder to predict.

Finally, regarding scalability, in Figure 2.2 we summarize the execution times
in seconds of both methods on four different datasets. This experiment shows that
Algorithm 1 is several order of magnitude faster than the naive edge sampling and
is independent on the numbers of train and test edges required. The execution
time of the naive approach decreases, as expected, as the number of test edges
requested becomes smaller. In Figure 2.3 we compare the execution times of both
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Table 2.6: Absolute difference in recall between results obtained using the naive and
proposed edge sampling for different networks and link prediction heuristics.

Facebook PPI AstroPh
CN 0.0226 0.0031 0.0189
JC 0.0134 0.0066 0.0178
AA 0.0245 0.0031 0.0189
PA 0.0242 0.0321 0.0393
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Figure 2.2: Execution times of proposed and naive edge sampling strategies w.r.t.
proportion of train edges. Solid lines correspond to the proposed method, while dashed

lines correspond to the typically used (naive) sampling.

approaches on sub-graphs of the BlogCatalog network of different sizes ranging
from 400 up to 10000 nodes. These results also highlight the higher scalability of
the proposed sampling strategy.

2.5 Conclusions

The recent surge of research in the area of network embeddings has resulted in
a wide variety of data sets, metrics, and setups for evaluating and comparing the
utility of embedding methods. Comparability across studies is lacking and not
all evaluations are equally sound. This motivates the need for specific tools and
pipelines to ensure correct and reproducible evaluation of NE approaches. Fur-
thermore, the use of link prediction to assess representation quality induces addi-
tional complexities such as train and test edge sampling, non-edge sampling, and
in many cases selection of node-pair embedding operators and binary classifiers.
The evaluation procedures, thus, becomes an ensemble of tasks which allow for
many errors or inconsistencies.

In this chapter we have proposed EvalNE, a novel framework for reproducible
evaluations of network embedding methods on link prediction. EvalNE simplifies
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Figure 2.3: Execution times of proposed and naive edge sampling strategies on sub-graphs
of BlogCatalog of increasing sizes. The results are reported for a 50-50 train-test split.

edge and non-edge sampling, automates model hyperparameter tuning and reports
method performance according to many criteria. In our experiments, we have also
revealed signs of an ongoing reproducibility crisis in network embeddings sparked
by non-standardized evaluations, undocumented design choices, and limited eval-
uation frameworks. Finally, we have introduced a novel edge sampling strategy
and empirically showed that is orders of magnitude faster than the naive approach
commonly used in the literature.
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3
EvalNE: A Framework for Network

Embedding Evaluation

In Chapter 1 we established the need for comprehensive evaluation toolboxes.
In Chapter 2 we highlighted challenges related to reproducibility of research and
introduced EvalNE as a framework for reproducible link prediction evaluations.
In this chapter, we present the latest iteration of EvalNE which has evolved into
a comprehensive evaluation toolbox covering five important downstream tasks.
These tasks include link prediction and network reconstruction, evaluated in our
benchmark study in Chapter 4; node classification, used in our robustness evalua-
tion in Chapter 5; and sign prediction and data visualization, leveraged to assess
the performance of the CSNE model proposed in Chapter 6. The robustness eval-
uation module developed in Chapter 5 will be added to EvalNE in version v0.5.0.
This chapter is based on the manuscript referenced below. Some section headlines
and figures have been altered to ensure consistency across thesis chapters and mi-
nor changes have been made to the text to reflect the recent addition of a graphical
user interface.

? ? ?

A. Mara, J. Lijffijt, and T. De Bie. EvalNE: A Framework for
Network Embedding Evaluation.

SoftwareX, 17, 2022.
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Abstract In this chapter we introduce EvalNE, a Python toolbox for network em-
bedding evaluation. The main goal of EvalNE is to aid researchers and practi-
tioners in performing consistent and reproducible evaluations of new embedding
methods, replicating existing evaluations, and conducting benchmark studies. The
toolbox can evaluate models independently of their programming language and
assess the quality of learned representations through data visualization and down-
stream tasks such as sign and link prediction, network reconstruction, and node
classification. EvalNE streamlines evaluation by providing automation and ab-
straction for tasks such as hyperparameter tuning and model validation, node and
edge sampling, node-pair embedding computation, and performance reporting. As
a command line tool, configuration files describe the evaluation setup and guar-
antee consistency and reproducibility. As an API, EvalNE provides the building
blocks to design any evaluation setup while minimizing the risk of evaluation er-
rors. Finally, the framework includes a GUI that allows users to set up and execute
evaluations in an intuitive and interactive manner, monitor system resources and
browse previous evaluations.

3.1 Motivation and significance

Network embedding (NE) or network representation learning methods aim to learn
low-dimensional representations of network nodes as vectors, typically in Eu-
clidean space. These representations can then be directly used for network visu-
alization or to efficiently perform a variety of downstream prediction tasks. These
tasks include sign prediction [1, 2], link prediction [3, 4], network reconstruc-
tion [5, 6], and node classification [7, 8]. A higher performance on these down-
stream tasks is then generally associated with a better representation of the net-
work.

Evaluating NE methods based on downstream task performance, however, is
challenging and requires a number of additional steps and design choices which
can confound the results, harm reproducibility, and are prone to errors. Firstly,
for each downstream task one must ensure that the input data is preprocessed
consistently, such that all methods are correctly evaluated. For instance, many
NE methods require the input network to contain a single connected component
(e.g., [4]) while some do not (e.g., [6]). Additionally, the necessary sets of train
and test data (nodes or edges) can be selected according to a variety of approaches
and be of different sizes [9]. Two popular choices for edge sampling, for exam-
ple, are pseudo-random train-test split with certain constraints or timestamp-based
sampling (i.e., use the most recent edges for testing and the remaining ones for
training). Another source of evaluation inconsistencies is negative sampling [10].
This technique is commonly used in link prediction evaluation to generate the
negative class for the binary classification of edges and non-edges. The negative
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sampling approach and the relative sizes of the train and test non-edge sets vary be-
tween scientific studies. Yet another challenge in NE evaluation is that embedding
methods provide different types of outputs. While some approaches only output
node embeddings [11], others can provide node-pair embeddings [12] or even node
similarities [4]. As such, specific pipelines for different output types are required.
Particularly important, in this case, is the computation of node-pair embeddings
from node embeddings which has been shown to strongly impact embedding qual-
ity [3]. Finally, additional complexity stems from hyperparameter tuning, not only
for the evaluated embedding methods, but also for the downstream task itself.

To address the above-mentioned challenges and simplify the evaluation of NE
methods on downstream tasks, we introduce EvalNE. The toolbox can be used
both as a standalone application or integrated in existing software.

EvalNE as a command line tool EvalNE leverages configuration files that al-
low the user to describe complete experimental setups, from the tasks, datasets
and methods to use, to preprocessing, sampling, hyperparameter tuning and met-
rics to optimize. These configuration files provide flexibility to define or replicate
different experimental setups and are sufficient for complete reproducibility. After
evaluation, detailed performance reports and graphics are generated as well as log
files detailing the issues encountered.

EvalNE as an API The toolbox provides access to a series of classes and func-
tions implementing various components required for method evaluation on differ-
ent downstream tasks (see Fig. 3.1). Users can combine and modify these building
blocks to produce new evaluation pipelines. The library does not implement any
NE method but provides the necessary accessories to conveniently evaluate any
off-the-shelf approach. The framework does, however, implement a number of
link prediction heuristics (see Section 3.3.2).

3.2 Related software

To the best of our knowledge, no other libraries provide similar levels of automa-
tion and flexibility as EvalNE for network embedding evaluation. A recently pro-
posed framework [13], which draws inspiration from EvalNE, is geared towards
evaluating embeddings on semantic tasks and is limited to node embedding ap-
proaches only. Other libraries such as OpenNE [14] and GEM [15] focus mainly
on providing implementations of NE methods and present limited evaluation ca-
pabilities. Their evaluation pipelines are rigid and tailored specifically to the ap-
proaches they implement, particular datasets and small sets of downstream tasks
(node classification in both cases and additionally link prediction for GEM). The
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Karateclub [16] library is designed to aid users in coding their own evalua-
tions. Finally, other initiatives such as the Open Graph Benchmark [17] collect
challenging datasets for NE evaluation. The associated OGB Python package also
offer support for data preprocessing and a set of evaluators specifically tailored to
the benchmark datasets.

Unlike these frameworks, EvalNE can evaluate methods with different types
of output, from node to node-pair embeddings and node-pair similarities. Our
framework is not limited to a predefined set of networks or methods available in
a particular library. Instead, it can evaluate any available approach (note that this
includes all implementations in the above-mentioned libraries). EvalNE also does
not require users to write their own evaluation pipelines nor significantly modify
their code to fit a particular API.

3.3 Software description

EvalNE is available on GitHub 1 and is released under the MIT free software li-
cense. The library’s code style complies with PEP 8 and the docstring documenta-
tion follows the standard Numpy format. The toolbox is compatible with Python 2
and Python 3 and can be easily installed using pip. Supported platforms include
Linux, macOS, and Microsoft Windows. EvalNE only depends on a small number
of popular open-source packages and others such as OpenNE and GEM are op-
tional and can provide implementations of different NE methods. The additional
EvalNE-GUI package 2 provides a user interface for our framework and makes
managing and running evaluations more intuitive. The toolbox documentation is
automatically managed and hosted online by Read the Docs 3. It provides detailed
instructions on the installation and main functionalities as well as a range of ex-
amples for both command line and API use. Finally, the library also contains a set
of pre-filled configuration files allowing users to reproduce the experimental link
prediction evaluations of the approaches introduced in Chapter 2.

3.3.1 Software architecture

Conceptually, the design of EvalNE can be seen as a set of interconnected building
blocks which provide all the necessary components for evaluation. This modular
structure, shown in Fig. 3.1, simplifies code maintenance and addition of new fea-
tures and allows users evaluate methods with different output types (node embed-
dings, node-pair embeddings, node-pair similarities, etc.) on different downstream
tasks.

1https://github.com/Dru-Mara/EvalNE
2https://github.com/Dru-Mara/evalne-gui
3https://evalne.readthedocs.io/en/latest/

https://github.com/Dru-Mara/EvalNE
https://github.com/Dru-Mara/evalne-gui
https://evalne.readthedocs.io/en/latest/
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Figure 3.1: Block diagram of EvalNE showing the methods and tasks that can be
evaluated. Downstream link prediction, sign prediction, network reconstruction and node
classification tasks are abbreviated as LP, SP, NR, and NC, respectively. Dashed blocks

correspond to user-specified methods with different output types while the remaining
blocks are provided by EvalNE.

3.3.2 Software functionalities

The building blocks introduced in Section 3.3.1 are composed of a variety of
classes and methods offering the following functionalities.

Data preprocessing Building on the popular NetworkX [18] framework, EvalNE
offers additional functions for loading and storing networks, pruning and relabel-
ing nodes, removing self-loops, sampling edges, restricting networks to the main
connected component and obtaining common statistics.

Data sampling For evaluation, sets of train, validation, and test data (nodes or
edges) must be obtained from the input networks. The particular sampling strat-
egy varies for each downstream task. In node classification, for instance, this is
relatively straightforward as test/validation nodes can be sampled randomly. For
the remaining tasks, which require sets of edges, we provide a variety of sampling
methods. From timestamp-based to random sampling that ensures the train edges
continue to span a connected subgraph (a key requirement for many NE methods).
For negative sampling, EvalNE provides two alternatives: the open world and the
closed world assumptions already discussed in Section 2.3.1.1. The EvalSplit class
encapsulates all sampling and negative sampling functionalities.

Model training & validation EvalNE provides specific classes called Evalua-
tors for each downstream task. These classes manage model training with appro-
priate input data, hyperparameter tuning via grid search and collection of results.
For sign and link prediction and network reconstruction, methods providing node
similarities can be directly evaluated. Those that output node or node-pair em-
beddings are evaluated through binary classification. EvalNE supports any Scikit-
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learn binary classifier and implements Logistic Regression with cross-validation
as a default. Methods that only output node embeddings additionally require a
binary operator to compute node-pair embeddings. For this, EvalNE implements
the following operators: average, Hadamard, weighted L1 and weighted L2 (see
formal definitions in Section 2.3.2).

Evaluation report & visualization The proposed framework can evaluate method
scalability through wall clock time, and performance through fixed-threshold met-
rics and threshold curves. The library implements over 10 different fixed-threshold
metrics including AUC, precision, recall, and F-score. Integrated threshold curves,
which present method performance for a range of threshold values, include precision-
recall [19] and ROC [20] curves. Methods to visualize embeddings and graphs
are also provided as well as dimensionality reduction techniques to map higher-
dimensional embeddings to 2D. Method specific performance is recorded in Re-
sults objects while global evaluation summaries are provided through Scoresheet
objects.

Baseline heuristics Specifically for the link prediction task, the toolbox pro-
vides a set of heuristic methods for both directed and undirected networks. These
heuristics are based on: i) node-pair similarities, i.e., common neighbors, Jaccard
coefficient, Adamic-Adar index, preferential attachment, resource allocation, co-
sine similarity, Leicht-Holme-Newman index and topological overlap, ii) paths,
i.e., Katz similarity, and iii) embeddings, i.e., all baselines (the concatenation of
five heuristics as an embedding).

3.4 Illustrative examples

In this section, we present two examples that showcase the use of EvalNE as a
command line application and as a Python API.

3.4.1 Command line example

When using EvalNE as a command line application a configuration file describing
the evaluation setup is required. An example of one such file is presented in Ap-
pendix A.1.1. The evaluation parameters in the configuration file are grouped into
8 categories or sections also described in Appendix A.1.1. These sections cover
general task-related parameters, data ingestion and preprocessing, edge sampling,
methods to evaluate and results reporting.

Once the configuration file is filled, an evaluation can be started using the fol-
lowing command: python -m evalne <config file>.ini. The tool-
box will automatically log issues such as failed method executions, and provide a
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tabular output and two pickle files containing the train and test evaluation score-
sheets after execution.

3.4.2 API example

A code snippet showing the use of EvalNE as an API to evaluate five different
methods on downstream link prediction is presented in Appendix A.1.2. In this
example, we first read and preprocess a new dataset, crate an LPEvalSplit object
that will contain the train and test edges and non-edges and initialize a link predic-
tion evaluator. Then, we create a scoresheet object to store the evaluation results
and select three baseline heuristics and two NE methods to be evaluated. Finally,
we launch the evaluation and present the results.

3.5 Impact

Recent research has found that progress is stalling in many areas within AI [21–
23], and that at the core of this phenomenon is the so called reproducibility cri-
sis. Tools such as EvalNE and others inspired by it e.g., [13], have the potential
to minimize this crisis by enabling reproducible and consistent evaluations and
large-scale benchmarks. One such large-scale evaluation using EvalNE has al-
ready been conducted, specifically for the link prediction task [9]. Moreover, the
ability to use configuration files to describe rich experimental setups presents two
particular benefits. On the one hand, evaluations are simplified as many repetitive
tasks such as data preprocessing or hyperparameter tuning are automated. On the
other hand, ensuring that other practitioners can replicate an evaluation, reduces to
making the configuration files accessible. The authors of [24] and [2] have already
explored these benefits when conducting a link prediction evaluation on large-
scale networks and a sign prediction evaluation, respectively. We also note that the
software has attracted some attention in other research areas with BSc and MSc
thesis in the fields of Mathematics [25], Biology [26] and Computer Science [27]
making use of its capabilities. Finally, the user base of EvalNE has been contin-
uously growing for the past months as shown by several popularity indicators of
our GitHub repository.

3.6 Conclusions

In this chapter we have introduced EvalNE, a Python toolbox for consistent and
reproducible evaluation of network embedding methods. The toolbox allows users
to compare NE methods and perform benchmarks on a variety of downstream tasks
using automated yet highly flexible evaluation pipelines. In the near future, we
expect to broaden the impact of our framework with support for additional tasks
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such as clustering and node classification through link prediction, direct integration
with libraries providing NE method implementations and extended visualization
capabilities.

Acknowledgment
The research leading to these results has received funding from the European
Research Council under the European Union’s Seventh Framework Programme
(FP7/2007-2013) / ERC Grant Agreement no. 615517, from the Flemish Govern-
ment under the “Onderzoeksprogramma Artificiële Intelligentie (AI) Vlaanderen”
programme, and from the FWO (project no. G091017N, G0F9816N, 3G042220).



EVALNE: A FRAMEWORK FOR NETWORK EMBEDDING EVALUATION 41

References
[1] S. Wang, J. Tang, C. Aggarwal, Y. Chang, and H. Liu. Signed network

embedding in social media. In Proc. of SDM, pages 327–335, 2017.
doi:10.1137/1.9781611974973.37.

[2] A. Mara, Y. Mashayekhi, J. Lijffijt, and T. de Bie. CSNE: Conditional
Signed Network Embedding. In Proc. of CIKM, pages 1105–1114, 2020.
doi:10.1145/3340531.3411959.

[3] A. Grover and J. Leskovec. node2vec: Scalable feature learn-
ing for networks. In Proc. of KDD, pages 855–864, 2016.
doi:10.1145/2939672.2939754.

[4] B. Kang, J. Lijffijt, and T. De Bie. Conditional Network Embeddings. In
Proc. of ICLR, 2019.

[5] D. Wang, P. Cui, and W. Zhu. Structural deep network embedding. In Proc.
of KDD, pages 1225–1234, 2016. doi:10.1145/2939672.2939753.

[6] Z. Zhang, P. Cui, X. Wang, J. Pei, X. Yao, and W. Zhu. Arbitrary-Order
Proximity Preserved Network Embedding. In Proc. of KDD, pages 2778–
2786, 2018. doi:10.1145/3219819.3219969.

[7] B. Perozzi, R. Al-Rfou, and S. Skiena. DeepWalk: Online Learn-
ing of Social Representations. In Proc. of KDD, pages 701–710, 2014.
doi:10.1145/2623330.2623732.

[8] J. Tang, M. Qu, M. Wang, M. Zhang, J. Yan, and Q. Mei. LINE: Large-scale
information network embedding. In Proc. of WWW, pages 1067–1077, 2015.
doi:10.1145/2736277.2741093.

[9] A. Mara, J. Lijffijt, and T. De Bie. Benchmarking network embedding models
for link prediction : are we making progress? In Proc. of DSAA, pages 138–
147, 2020. doi:10.1109/DSAA49011.2020.00026.

[10] B. Kotnis and V. Nastase. Analysis of the Impact of Negative Sampling on
Link Prediction in Knowledge Graphs. CoRR, abs/1708.06816, 2017.

[11] A. Tsitsulin, D. Mottin, P. Karras, and E. Müller. VERSE: Versatile Graph
Embeddings from Similarity Measures. In Proc. of WWW, pages 539–548,
2018. doi:10.1145/3178876.3186120.

[12] W. Song, S. Wang, B. Yang, Y. Lu, X. Zhao, and X. Liu. Learning node and
edge embeddings for signed networks. Neurocomputing, 319:42–54, 2018.
doi:10.1016/j.neucom.2018.08.072.



42 CHAPTER 3

[13] M. A. Pellegrino, M. Cochez, M. Garofalo, and P. Ristoski. A Configurable
Evaluation Framework for Node Embedding Techniques. In Proc. of ESWC
Satellite Events, pages 156–160, 2019. doi:10.1007/978-3-030-32327-1 31.

[14] C. TU, C. YANG, Z. LIU, and M. SUN. Network representation learn-
ing: an overview. SCIENTIA SINICA Informationis, 47(8):980–996, 2017.
doi:10.1360/N112017-00145.

[15] P. Goyal and E. Ferrara. GEM: A Python package for graph em-
bedding methods. Journal of Open Source Software, 3(29):876, 2018.
doi:10.21105/joss.00876.

[16] B. Rozemberczki, O. Kiss, and R. Sarkar. Karate Club: An API Oriented
Open-source Python Framework for Unsupervised Learning on Graphs. In
Proc. of CIKM, pages 3125–3132, 2020. doi:10.1145/3340531.3412757.

[17] W. Hu, M. Fey, M. Zitnik, Y. Dong, H. Ren, B. Liu, M. Catasta, and
J. Leskovec. Open Graph Benchmark: Datasets for Machine Learning on
Graphs. CoRR, abs/2005.00687, 2020.

[18] A. A. Hagberg, D. A. Schult, and P. J. Swart. Exploring Network Structure,
Dynamics, and Function using NetworkX. In Proc. of Python in Science
Conference, pages 11 – 15, 2008.

[19] R. N. Lichtenwalter and N. V. Chawla. Link Prediction: Fair and
Effective Evaluation. In Proc. of ASONAM, pages 376–383, 2012.
doi:10.1109/ASONAM.2012.68.

[20] T. Fawcett. ROC Graphs: Notes and Practical Considerations for Re-
searchers. Technical report, Personal communication, 2004.

[21] M. Hutson. Core progress in AI has stalled in some fields. Science,
368(6494):927–927, 2020. doi:10.1126/science.368.6494.927.

[22] M. F. Dacrema, P. Cremonesi, and D. Jannach. Are We Really Mak-
ing Much Progress? A Worrying Analysis of Recent Neural Recom-
mendation Approaches. In Proc. of RecSys, page 101–109, 2019.
doi:10.1145/3298689.3347058.

[23] D. Blalock, J. J. G. Ortiz, J. Frankle, and J. Guttag. What is the State of
Neural Network Pruning? In Proc. of MLSys, pages 129–146, 2020.

[24] F. Adriaens, A. Mara, J. Lijffijt, and T. De Bie. Block-Approximated
Exponential Random Graphs. In Proc. of DSAA, pages 70–80, 2020.
doi:10.1109/DSAA49011.2020.00019.



EVALNE: A FRAMEWORK FOR NETWORK EMBEDDING EVALUATION 43

[25] K. N. Petro-de Chalendar and A. Benczúr. Node embedding algorithms and
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4
Performance Evaluation of

Network Representations

One of the main challenges discussed in Chapters 1 and 2 is the lack of benchmark
studies summarizing and comparing different representation learning approaches.
In this chapter we present one such empirical study. Our extensive evaluation cov-
ers two downstream tasks, link prediction and network reconstruction as well as
the impact on performance of a range of design choices commonly adopted in the
literature. The experimental evaluation is performed using the EvalNE framework
proposed in Chapter 3. This chapter is based on the manuscript referenced below.
Some section headlines, tables and figures have been altered to ensure consistency
across thesis chapters.

? ? ?

A. Mara, J. Lijffijt, and T. De Bie. An Empirical Evaluation of
Network Representation Learning Methods.

Big Data, Mar. 2022.

Abstract Network representation learning methods map network nodes to vec-
tors in an embedding space that can preserve specific properties and enable tradi-
tional downstream prediction tasks. The quality of the representations learned is
then generally showcased through results on these downstream tasks. Commonly
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used benchmark tasks such as link prediction or network reconstruction, however,
present complex evaluation pipelines and an abundance of design choices. This,
together with a lack of standardized evaluation setups can obscure the real progress
in the field. In this chapter, we aim to investigate the impact on performance of a
variety of such design choices and perform an extensive and consistent evaluation
that can shed light on the state-of-the-art on network representation learning. Our
evaluation reveals that only limited progress has been made in recent years, with
embedding-based approaches struggling to outperform basic heuristics in many
scenarios.

4.1 Introduction
Networks are data representations which arise naturally in many fields from social
sciences to medicine, biology or computer science [1–4]. They model entities as
graph nodes and their relations as edges. These particular structures, while highly
expressive, do not directly support traditional machine learning tasks such as clas-
sification, regression or clustering. In this context, network representation learning
or network embedding (NE) methods learn mappings from network nodes to low
dimensional vectors of an embedding space [5–9]. The obtained vector repre-
sentations generally preserve certain network properties and constitute convenient
transformations that support downstream prediction and inference tasks.

To assess the quality of the learned representations, downstream tasks such as
data visualization [10, 11], node classification [12, 13], link prediction [14, 15]
and network reconstruction [8, 16] are evaluated. Among these tasks, data visual-
ization is an effective evaluation tool that is limited to small sized networks. Node
classification is a relatively straightforward task that can be performed on larger
networks and, thus, has been extensively studied in recent literature [17–19]. Link
prediction and network reconstruction, on the other hand, have received far less
attention. The main reason for this is their need for more complex evaluation
pipelines with several preprocessing steps and design choices that can confound
the results and are prone to errors. A recent empirical study [20] does, however,
consider the link prediction task. In this study the authors unify various represen-
tative NE models under the same framework and aim to explain their differences
using a small set of experimental setups.

In this chapter, we focus on link prediction1, where we aim to estimate the
likelihood of the existence of edges between given node-pairs not connected in the
input graph, and on network reconstruction, which amounts to predicting the edges

1Note that link reconstruction would be a more appropriate term for referring to the task of predict-
ing missing edges of a static network. Link prediction, on the other hand, should specifically denote
the prediction of new links in time evolving networks. This distinction, however, is rarely made in the
representation learning literature where the latter term is used to refer to predictions in both static and
dynamic networks.
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of a given network from its node embeddings. We also cover a broad range of
experimental setups and implementations of unsupervised NE methods in a trans-
ductive scenario. The two evaluated tasks are strongly related and presents similar
challenges as we discuss next:

1) Data preprocessing: To evaluate the generalization performance of NE
methods, specifically for link prediction, sets of train and test/validation edges
(i.e connected node-pairs) are required. These sets can be obtained using differ-
ent approaches that might impact the evaluation results. For instance, a typical
assumption is that the train edges span a (train) sub-network of a more complete
(test) network. Thus, a principled approach is to use snapshots of the network
at two different points in time. The first snapshot is used for training and the
difference between the two snapshots for testing/validation [2–4]. Unfortunately,
networks with such a temporal component are scarce, and therefore authors or-
dinarily resort to sampling edges from a network as test/validation examples and
using the remaining edges for training [9, 15, 21, 22]. The sampling process varies
between scientific works in different aspects. The sizes of the train and test/vali-
dation sets varies from 50-50 [15, 21], to 60-40 [9] or 80-20 [22]. The algorithms
used to generate these splits also differ and while some aim to construct training
networks with similar, scaled-down, properties such as, e.g., node degrees [23],
others generate training graphs that preserve the general topology of the original
network [24].

2) Prediction pipeline: Different NE methods require different pipelines to
obtain link predictions. While some embedding methods directly compute link
probabilities [15, 16], for others, these need to be learned on top of the node em-
beddings. Two common approaches are: (i) interpreting some notion of similar-
ity between two node embeddings (e.g., dot product) as the link probability and
(ii) casting the problem as a binary classification task. The latter requires as a
pre-step the computation of node-pair embeddings. Thus, an operator must be ap-
plied on the node embeddings to obtain node-pair representations that are, in turn,
fed into a binary classifier to perform link prediction or network reconstruction.
The choice of operator not only varies between scientific works [13, 21] but is, in
some cases, completely overlooked in the experimental setup discussion [10, 22].
Moreover, many valid choices exist for the binary classifier, and classifier training
requires—in addition to ‘positive’ examples or edges—‘negative’ samples or non-
edges. These non-edges can also be selected using different strategies and be of
varying sizes [25].

3) Hyperparameter tuning: When comparing new methods with the state-of-
the-art, for the baseline methods the default parameter settings are often used [13,
16], yet care is taken in tuning the parameters of the introduced method. When the
recommended default settings were informed by experiments on other graphs than
those used in the study at hand, this can paint an unduly unfavorable picture of the



48 CHAPTER 4

baseline methods.
4) Evaluation metrics: Finally, no consensus exists on which evaluation crite-

ria should be used for comparing different methods. While some papers advocate
for the use of precision@Np for a range of Np values [8, 10, 16], others use
area under the ROC curve (AUC) [15, 21] or precision and recall at fixed thresh-
olds [26].

These challenges have led to an inconsistency in evaluation procedures through-
out papers. Hence, the practical performance of NE methods is poorly understood.
Moreover, as several recent studies have found [27, 28], the inconsistency of eval-
uation procedures is a central issue that has stalled progress in many sub-fields
within AI. As such, in this chapter we aim to clarify the impact of these design
choices on the evaluation pipelines and ultimately on method performance. At the
same time, we aim to shed light on the real state-of-the-art by means of a standard
evaluation process.

Contributions We provide an in depth empirical analysis of the state-of-the-art
on network representation learning. We focus on link prediction and network re-
construction and evaluate a total of 29 implementations of 23 different NE methods
on 7 popular real-world networks. We study the impact on method performance
of different evaluation pipelines and specific components such as hyperparameter
tuning, embedding dimensionality, train set size, edge sampling strategy, node-pair
embedding operator, and binary classifier. Finally, there are inevitable limitations
to the scope of our evaluation, such as an exclusive focus on undirected and un-
weighted networks without attributes, moderate-sized networks, and a representa-
tive but finite set of evaluated methods. To alleviate these limitations, we based our
evaluation on EvalNE 2 [24] a framework that ensures reproducibility of results
and allows for direct extensions of our work in all the aforementioned aspects.

This chapter is an extension of [29]. The main difference is the extended ex-
perimental evaluation: we have included one additional downstream task (network
reconstruction; Section 4.4.2, Section 4.5.7, Table 4.4, Fig. 4.10), one new heuris-
tic baseline and six new NE methods (changes throughout), included a compar-
ison of evaluation pipelines using dot product similarities, and single layer neu-
ral decoders against node-pair embeddings followed by binary classification (Sec-
tion 4.5.6, Fig. 4.8), and deepened the analysis of the link prediction performance
and the use of embedding dimensions by different approaches (Section 4.5.6, Sec-
tion 4.5.8, Fig. 4.9).

The remainder of this chapter is organized as follows. In Section 4.2 we present
the methods evaluated. Section 4.3 introduces the real-world datasets used. A
detailed description of the evaluation setup is given in Section 4.4. In Section 4.5
we summarize our findings and finally, Section 4.6 concludes this chapter.

2https://github.com/Dru-Mara/EvalNE

https://github.com/Dru-Mara/EvalNE
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4.2 Methods

In this section we present the NE methods (Section 4.2.1) and baseline heuris-
tics (Section 4.2.2) evaluated, and discuss the specific implementations used and
method hyperparameters tuned (Section 4.2.3).

Before continuing with method descriptions we first lay down some notation.
We represent an undirected network or graph as G = (V,E) with vertex set
V = {1, . . . , N} and edge set E ⊆

(
V
2

)
. Edges or connected node-pairs are

represented as unordered pairs {i, j} ∈ E. Non-edges or disconnected pairs are
represented as {i, j} ∈ D. We refer to the sets of train node-pairs as Etrain and
Dtrain and to the test node-pair sets as Etest and Dtest. The adjacency matrix of
a graph G is represented as A ∈ {0, 1}N×N , with element at row i and column j
equal to 1 if {i, j} ∈ E and to 0 otherwise. We use X = (x1,x2, . . . ,xN ) with
X ∈ IRN×d to denote a d-dimensional node embedding and Γ(i) to refer to the
neighborhood of node i.

4.2.1 Network embedding methods

NE methods can be broadly categorized into four classes according to the strategy
used for learning node similarities. In this taxonomy we can distinguish methods
based on the Skip-Gram model [30], matrix factorization, neural architectures,
and probabilistic approaches. Next, we describe the methods from each family
included in our evaluation.

4.2.1.1 Methods based on Skip-Gram

These methods leverage the Skip-Gram model to compute node representations
such that the posterior probability of observing a neighboring node in a random
walk is maximized.

DeepWalk [12] is the first method to use language modeling inspired tech-
niques for NE. It uses random walks with fixed transition probabilities to measure
node similarities, and embeddings are derived using Skip-Gram approximated via
hierarchical softmax.

Node2vec [21] is a generalization of DeepWalk which uses truncated random
walks for node neighborhood exploration and the Skip-Gram model, approximated
via negative sampling, for embedding generation. The random walk properties are
controlled by a return parameter p and an in-out parameter q.

Struc2vec [31] extracts structural information from graphs through node-pair
similarities for a range of neighborhood sizes. This information is then summa-
rized as a multi-layer weighted graph Ĝ. Subsequently, random walks on Ĝ are
used to generate the embeddings.
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Metapath2vec [11] is designed to learn embeddings from heterogeneous net-
works. The authors extend the concept of random walks to account for nodes of
different types and use a heterogeneous Skip-Gram model to learn the embeddings.

LINE [6] uses joint and conditional probability distributions to model the first
and second order adjacencies between linked nodes in G. Embeddings are then
obtained by maximizing the postulated objective function.

VERSE [13] learns embeddings by training a single layer neural network that
minimizes the Kullback-Leibler (KL) divergence between node similarities in G

and vector similarities in X. Noise Contrastive Estimation is used for scalability.
Watch Your Step (WYS)3 [32] is an attention model learned on the power series

of the transition matrix of G. The importance of different terms in the power series
is parameterized by a probability distribution learned from data via backpropaga-
tion.

4.2.1.2 Methods based on matrix factorization

These approaches use representations of node similarities such as high-order prox-
imities expressed as polynomials of A, the incidence matrix, Katz similarity or the
graph Laplacian. Node embeddings are then obtained by factorizing the selected
matrix.

Graph Factorization (GF) [33] uses regularized Gaussian matrix factorization
to recover a matrix Z such that ZZT is close to A in terms of observed non-zeros.

GraRep [7] is based on factorization of different polynomials of the adjacency
matrix A which identify relations between nodes in G at different resolutions.

HOPE [8] preserves high-order proximities in graphs and accounts for the
asymmetric transitivity property of directed networks.

Laplacian Eigenmaps (LE) [5] constructs a weighted representation Â of A
by leveraging first order proximities on G. The Laplacian L computed from Â is
then factorized to obtain node embeddings.

Locally Linear Embeddings (LLE) [34] operates under the assumption that
nodes and their neighbors lie on locally linear patches of a high-dimensional man-
ifold. The embedding of a node can, thus, be derived from the linear coefficients
that better reconstruct the node from the embeddings of its neighbors.

FREDE [35] uses Personalized PageRank as a node similarity matrix and
adapts the Frequent Directions sketching algorithm [36] to produce embeddings.

NetMF [37] factorizes the DeepWalk transition probability matrix via SVD to
reach the global optimum. To address the method’s limited scalability, the authors
have proposed an approximation method in [38].

M-NMF [39] incorporates community structure information in the embedding
learning process via modularized non-negative matrix factorization.

3https://github.com/benedekrozemberczki/AttentionWalk

https://github.com/benedekrozemberczki/AttentionWalk
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AROPE [16], similarly to GraRep, proposes embeddings as found by the trun-
cated singular value decomposition of polynomials of A. The authors describe a
fast eigen-decomposition for these polynomials based on shifting or reweighing
the decomposition of A.

4.2.1.3 Methods based on neural networks

Neural approaches return as embeddings the latent representations learned by deep
layers of the networks. In this category we include models with a wide range
or architectures, from shallow to deep models and from classical convolutional
networks to graph convolutional approaches.

Structural Deep Network Embedding (SDNE) [10] uses a deep neural network
for learning embeddings that capture first and second order graph proximities.

PRUNE [22] relies on a deep siamese neural network for learning node em-
beddings and can incorporate node ranking as additional information.

GAE/VGAE [14] are based on the variational auto-encoder model and compute
embeddings from latent variables. The inference model is parameterized by a
two layer graph convolutional network and the generative model computes inner
products of latent representations. VGAE is a non-probabilistic variant of GAE.

Graph Isomorphism Network (GIN)4 [40] is a neural model based on the Weisfeiler-
Lehman test [41] that achieves maximum discriminative power among graph neu-
ral networks.

GatedGCN [42] belongs to the subclass of message passing graph convolu-
tional approaches where node representations are learned by performing local up-
dates only. The model incorporates edge gating mechanisms into vanilla graph
convolutional networks.

4.2.1.4 Probabilistic approaches

These methods use probabilistic approaches to model node similarities and learn
embeddings.

CNE [15] uses a Bayesian approach to generate embeddings that model the
observed network while taking prior information into account. The prior can in-
corporate structural graph properties such as node degrees or block densities for
clustered or multi-partite networks.

4.2.2 Baseline heuristics

In addition to the NE approaches we evaluate a set of heuristics as baselines.
Among these, we include heuristics that derive similarity scores —which can be
interpreted as link probabilities— from the neighborhoods Γ(i) and Γ(j) of nodes

4https://github.com/graphdeeplearning/benchmarking-gnns

https://github.com/graphdeeplearning/benchmarking-gnns
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Table 4.1: Implementation used and hyperparameters tuned for each method. Except for
AROPE, CNE, GAE, VGAE, GIN, GatedGCN and the heuristics, the edge embedding

operator is also tuned as a hyperparameter.

Methods Implementations Hyperparameters tuned
Heuristics EvalNE -
DeepWalk Orig., OpenNE num walks = walk len = [5, 10, 20, 40, 80],

window size = [5, 10, 20]
Node2vec Orig., OpenNE num walks = walk len = [5, 10, 20, 40, 80],

window size = [5, 10, 20], p = q = [0.5, 1, 2]
Struc2vec Orig. num walks = walk len = [5, 10, 20, 40, 80],

window size = [5, 10, 20]
Metapath2vec Orig. α = [0.01, 0.025], negative = [5, 10]
LINE Orig. OpenNE ρ = [0.01, 0.025], negative ratio = [5, 10]
VERSE Orig. nsamples = [3, 5, 10]
WYS Other lr = [0.01, 0.05], num walks = [20, 40, 80],

window size = [5, 10, 20]
GF OpenNE -
GraRep OpenNE kstep = [2, 4, 8]
HOPE OpenNE, GEM β = [0.1, 0.01, 0.001, 0.0001]
LE OpenNE, GEM -
LLE GEM -
FREDE Orig. log transform = [log, add,max]
NetMF Orig. window size = [1, 10]
M-NMF Orig. clusters = [10, 20, 50]
AROPE Orig. weights = [[1, 0, 0, 0], [0, 1, 0, 0], [0, 0, 1, 0],

[0, 0, 0, 1], [1, 0.1, 0.01, 0.001], [1, 0.5, 0.05, 0.005]]
SDNE OpenNE, GEM β = [2, 5, 10],

encoder list = [[128], [512, 128], [1024, 512, 128]]
PRUNE Orig. λ = [0.01, 0.05]
GAE Orig., -
VGAE Orig., -
GIN Other, lr = [0.01, 0.001], step size = [50, 100]
GatedGCN Orig., lr = [0.01, 0.001], step size = [50, 100]
CNE Orig. lr = [0.01, 0.05]

pairs {i, j}. Specifically, we evaluate Common Neighbors defined as: CN{i,j} =

|Γ(i)∩Γ(j)|; Jaccard Coefficient, JC{i,j} = |Γ(i)∩Γ(j)|/|Γ(i)∪Γ(j)|; Adamic-
Adar Index, AA{i,j} =

∑
k∈Γ(i)∩Γ(j) 1/ log |Γ(k)|; Resource Allocation Index,

RA{i,j} =
∑
k∈Γ(i)∩Γ(j) 1/|Γ(k)|; and Preferential Attachment, PA{i,j} = |Γ(i)|·

|Γ(j)|. We also include a method based on paths, i.e. Katz similarity. This method
is defined asKatz{i,j} =

∑∞
l=1 β

l · |ρ(i, j|l)| where β ∈ [0, 1] is a damping factor
and |ρ(i, j|l)| represents the number of paths of length l from node i to node j.

Lastly, we generate a ‘heuristics embedding’ by concatenating CN, JC, AA,
RA, and PA as a 5-dimensional node-pair embedding. Logistic regression is then
used to obtain link predictions. We will refer to this method as NE heuristics.
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4.2.3 Implementations and hyperparameters

Regarding the code used in our evaluation, we primarily rely on reference imple-
mentations by the original authors of different manuscripts. In addition to these,
we also use code from other sources such as the extensively used OpenNE [43]
and GEM [19] libraries. Table 4.1 summarizes the implementations used and hy-
perparameters tuned.

In the table all heuristics are summarized in a single Heuristics field and have
no tunable hyperparameters (for Katz we fix β = 0.001 throughout our evalu-
ation). Detailed hyperparameter descriptions are provided in the supplementary
material 5. For all methods where this is relevant, the node-pair embedding op-
erator is tuned as an additional hyperparameter (see Section 4.4). The evaluation
metrics used and hyperparameter tuning strategy are task dependent and, thus, are
discussed later in Section 4.4.1–4.4.3.

Lastly, some notable differences between method implementations and impor-
tant method specifics are: for LINE, the original implementation uses second order
proximity by default (LINE-2) while the OpenNE implementation uses a concate-
nation of 1st and 2nd orders (LINE-1+2). For HOPE, the OpenNE implementation
uses Common Neighbors as a similarity matrix which is then factorized, while the
GEM implementation uses Katz similarity. For VERSE the reference implementa-
tion provides an unsupervised version of the method with Personalized PageRank
as similarity metric. In NetMF, context window sizes of 1 and 10 correspond to
evaluating NetMF-small and NetMF-large, respectively. Finally, for GIN and Gat-
edGCN end-to-end link prediction is performed by adding a new layer to each
network trained to minimize the cross-entropy between the logits of this layer and
the ground truth labels (existence or not of an edge).

4.3 Datasets

We conduct our experimental evaluation on 7 undirected real-world networks from
different domains. These networks are medium-sized to ensure successful execu-
tion of all methods and constrain the computational resources needed. Next, we
present a short description of each network and in Table 4.2, we summarize their
main statistics.

StudentDB [44] represents a snapshot of Antwerp University’s relational stu-
dent database. Nodes in the network represent entities such as students, professors,
tracks, etc. and edges constitute binary relations, i.e. student-in-track, student-
in-program, student-take-course, professor-teach-course, course-in-room. Face-
book [45] and BlogCatalog [46] are online social networks where nodes represent

5The supplemental PDF file can be found in our GitHub repository: https://github.com/aida-ugent/
NRLBenchmark.

https://github.com/aida-ugent/NRLBenchmark.
https://github.com/aida-ugent/NRLBenchmark.
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Table 4.2: Summary of dataset statistics where 2|E|/|V| denotes the average node
degrees of the undirected networks.

Dataset Category |V| |E| 2|E|/|V|
StudentDB Relational 395 3, 423 17.33
Facebook Social 4, 039 88, 234 43.69
BlogCatalog Social 10, 312 333, 983 64.77
GR-QC Collaboration 4, 158 26, 844 6.45
AstroPH Collaboration 18, 772 396, 160 22.00
PPI Biological 3, 852 37, 841 19.64
Wikipedia Language 4, 777 92, 295 38.64

different users and edges indicate friendships. GR-QC [45] and AstroPh [45] de-
scribe collaboration networks in the fields of General Relativity and Astrophysics.
Nodes represent papers and edges denote citations between them. PPI [47] is a bi-
ological protein-protein interaction network and constitutes a subset of the Homo
Sapiens PPI network. Finally, Wikipedia [48] contains nodes representing words
in Wikipedia pages and links denoting co-occurrences.

4.4 Experimental setup

In this section we give details on the link prediction and network reconstruction
tasks, present the experimental setups used and discuss the limitations to the scope
of the evaluation and reproducibility of results.

4.4.1 Link prediction

As pointed out in Section 4.1 the objective in link prediction is to identify miss-
ing links in an incomplete graph G. Thus, the first step for evaluation is to
preprocess G and obtain sets of train and test node-pairs. For our main experi-
ments we use the standard approach of generating an incomplete training graph
Gtrain = (V,Etrain) from a more complete graph G = (V,E) where the
connected node-pairs {i, j} ∈ E \ Etrain are used for testing. The proportion
f = |Etrain|/|E| (or train fraction) is a user-defined parameter.

For obtaining Etrain and Etest we evaluate 3 approaches, namely random
[23], spanning tree (ST)6 [24] and depth first tree (DFT). The first starts by ran-
domly sampling a set of ‘preliminary’ test edges (Etest). The main connected
component of the remaining graph is then computed and all edges in it are consid-
ered train edges (Etrain). Finally, the test set is refined such that {i, j} ∈ Etest

6This approach is similar to Algorithm 1 introduced in Section 2.3.1.1 with the exception that in
step 1, a more efficient approach for sampling a spanning tree, i.e. Wilson’s Algorithm, is used.

http://adrem.ua.ac.be/smurfig
https://snap.stanford.edu/data/index.html
http://socialcomputing.asu.edu/pages/datasets
https://snap.stanford.edu/data/index.html
https://snap.stanford.edu/data/index.html
http://snap.stanford.edu/node2vec
http://snap.stanford.edu/node2vec
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only if i ∈ Vtrain and j ∈ Vtrain. The ST and DFT approaches are very similar.
These construct a spanning tree of G and add randomly selected edges until the
desired size of Etrain is reached. All remaining edges are used for testing (Etest).
The main difference between these methods lies in the approach taken for com-
puting the spanning tree. In the case of ST, this is done by selecting a spanning
tree uniformly at random from all possible ones, while in DFT a faster depth first
search is used.

In addition to splitting connected pairs, we also generate sets of train and test
non-edges, Dtrain and Dtest. The node-pairs in these sets are randomly selected
using an open world assumption where any pair {i, j} /∈ Etrain is considered a
valid train non-edge. Test non-edges are selected as pairs {i, j} /∈ (E ∪Dtrain).
In our experiments, we set |Dtrain| = |Etrain| and |Dtest| = |Etest|.

For hyperparameter tuning the train sets need to be further split into train and
validation. We fix their proportions to 90% train and 10% validation in all our
experiments and the validation split is always performed using the same algorithm
as the initial train-test split. Grid search is adopted as the strategy for learning the
best model hyperparameters.

For most methods, with the exception of CNE, AROPE, GAE, VGAE, GIN,
GatedGCN and the heuristics, for which node-pair similarities are directly com-
puted, the link predictions are learned through binary classification. First, node-
pair embeddings for Etrain, Dtrain, Etest and Dtest need to be obtained from
the node embeddings X learned by a method on Gtrain. The embedding of a
pair {i, j} can be computed by applying different operators ◦ to the embeddings
of the incident nodes i and j i.e. x{i,j} = xi ◦ xj . In our evaluation, we use the
operators introduced in [21], namely Average ((xi + xj)/2), Hadamard (xi · xj),
Weighted L1 (|xi − xj |) and Weighted L2 (|xi − xj |2). A binary classifier is then
fitted with the node-pair embeddings and labels {0, 1} representing non-edges and
edges, respectively.

4.4.2 Network reconstruction

Network reconstruction evaluates how accurately an embedding method captures
the link structure of a network. In other words, it evaluates how well the adjacency
matrix A of the input graph G can be recovered from the embeddings generated
by an NE method. Similarly to the link prediction setting, we formulate network
reconstruction as a binary classification problem where we expect connected node-
pairs in G to be ranked higher than non-connected pairs. First, for each method
and network we perform hyperparameter tuning via grid search. The best set of
parameters is then used to compute node embeddings and node-pair embeddings
are derived using the same operators ◦ as for link prediction. Finally, binary clas-
sification is performed and results are reported.
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We note that for this task there are two fundamental differences with respect
to the link prediction pipeline. First, since the objective is to determine how well
a method captures the structure of a graph, training of the NE methods, training
of the binary edge classifier, hyperparameter tuning and model assessment are
all performed on the complete input graph G rather than on train and validation
graphs, i.e., G = Gtrain and E = Etrain. Second, this task requires us to provide
a prediction for all (N · (N − 1)) entries in A to determine if the probabilities
of edges {i, j} ∈ E are higher that those of non-edges {i, j} ∈ D. As this is
unfeasible even for moderate size networks, we randomly sample 1% of node-pairs
(0.1% for AstroPH and BlogCatalog) and approximate the method performance
by these samples. Note that for the sparse graphs considered in our evaluation,
this random sampling results in many more non-edges than edges to predict and,
thus, AUC would not be an adequate performance metric. In this case we report
precision@Np for a range of Np values.

4.4.3 Evaluation setup

For link prediction we use two experimental setups, called LP1 and LP2, with
model hyperparameter tuning as only difference. While in LP1 we tune all hyper-
parameters presented in Table 4.1 as well as the node-pair operator, in LP2 we use
default recommended parameters for all methods while still tuning the node-pair
embedding strategy. We quantify method performance in terms of AUC and also
report execution times. For visualization purposes, we use − log(1−AUC), as it
better reflects differences in performance for AUC values u 1. Unless otherwise
specified we use embedding dimensionality d = 128, train fraction f = 0.8, ST
as edge sampling strategy and logistic regression (with 5-fold cross-validation for
tuning the regularization parameter) as binary classifier. Finally, all methods are
run for their pre-defined number of iterations.

Setup LP1 is used to study the performance of NE methods with respect to
parameters d ∈ {8, 32, 128} and f ∈ {0.2, 0.5, 0.8}. Setup LP2, on the other
hand, is used to investigate the effect of the remaining pipeline components.

For network reconstruction we use a single experimental setup where method
hyperparameters and node-pair embedding operators are tuned. We present method
results for the best embedding dimension d ∈ {8, 32, 128} and use logistic regres-
sion with 5-fold cross validation as binary classifier.

4.4.4 Reproducibility notes

In order to ensure the reproducibility of our results and foster further research in
this area, we have based our experimental evaluation upon the EvalNE frame-
work. This open source Python toolbox aims to simplify the evaluation of NE



PERFORMANCE EVALUATION OF NETWORK REPRESENTATIONS 57

methods for link prediction, network reconstruction, node classification, and visu-
alization. The toolbox automates tasks such as hyperparameter tuning, selection
of train and test edges or non-edge sampling. It implements widely used node-pair
embedding operators and can incorporate any classifier for prediction. Moreover,
its design ensures that common errors, such as the computation of features on G

rather than just on Gtrain, or other forms of label leakage, are ruled out. Finally,
for maximum reproducibility, configuration files describing our complete evalua-
tion setups and which can be used directly in EvalNE to replicate our results, are
made available online 7.

4.5 Experimental results

In this section we present the results of our empirical study. First, we focus on link
prediction and discuss performance in Section 4.5.1, the effect of hyperparameter
tuning in Section 4.5.2, embedding dimensionality in Section 4.5.3, train-test splits
in Section 4.5.4, edge sampling in Section 4.5.5 and finally prediction pipelines
in Section 4.5.6. Then, in Section 4.5.7 we present the results for the network
reconstruction task and in Section 4.5.8, the relation between method performance
and network structure. All experiments were conducted on a machine equipped
with two 12 Core Intel(R) Xeon(R) Gold processors and 256GB of RAM.

4.5.1 Link prediction performance

We start in Table 4.3 by presenting the best AUC scores for each method on the
link prediction task. These results were obtained using setup LP1 where for each
method we selected the embedding dimension d ∈ {8, 32, 128} that resulted in
the highest scores. GIN, GatedGCN and CNE performed best for d = 8 while
all the remaining methods performed best for d = 128 (see Section 4.5.3 for a
detailed discussion). In the table we group methods according to the taxonomy
in Section 4.2 with the best performing method per group highlighted in bold and
the overall best for each network on gray background. The last two columns show
averages over the 7 evaluated networks of: i) the AUC performance and ii) the
ranking of each method among all other approaches.

The results in Table 4.3 show the excellent performance, on most datasets, of
the baseline heuristics and in particular of RA, Katz and the NE heuristics. The
latter, together with GraRep, achieves the highest average AUC amongst all meth-
ods of 0.963. In addition, although NE heuristics is not a top performer on any
particular network, its AUC scores are consistently high across all networks and
never more than 2% lower than the best scores in each case. This effect is also
reflected by the method’s excellent average AUC rank (2nd overall). Amongst

7https://github.com/aida-ugent/NRLBenchmark

https://github.com/aida-ugent/NRLBenchmark
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Table 4.3: AUC scores and standard deviations over 3 experiment repetitions for setup
LP1 where hyperparameters are tuned and d = 128 for all methods except GIN,

GatedGCN and CNE where d = 8. Note that 0.000 in the table means < 0.0005. The best
method within each type of approach is highlighted in bold and the overall best for each

column on gray background.

M
et

ho
ds

St
ud

en
tD

B
Fa

ce
bo

ok
B

lo
gC

at
.

G
R

-Q
C

A
st

ro
PH

PP
I

W
ik

ip
ed

ia
A

vg
.A

U
C

A
vg

.R
an

k
C

N
0.

63
0±

0.
01

1
0.

99
2±

0.
00

1
0.

94
8±

0.
00

3
0.

95
9±

0.
00

0
0.

99
0±

0.
00

0
0.

86
3±

0.
00

2
0.

90
0±

0.
00

1
0.

89
7±

0.
21

0
20

.7
9

JC
0.

63
0±

0.
01

1
0.

99
0±

0.
00

1
0.

77
0±

0.
00

1
0.

95
9±

0.
00

0
0.

99
0±

0.
00

2
0.

83
9±

0.
00

5
0.

62
4±

0.
00

1
0.

82
9±

0.
26

0
26

.9
3

A
A

0.
63

0±
0.

01
1

0.
99

3±
0.

00
1

0.
95

2±
0.

00
3

0.
95

9±
0.

00
0

0.
99

1±
0.

00
0

0.
86

7±
0.

00
2

0.
91

9±
0.

00
1

0.
90

2±
0.

21
1

16
.1

4
PA

0.
92

2±
0.

00
8

0.
84

2±
0.

00
3

0.
95

5±
0.

00
2

0.
83

9±
0.

00
1

0.
87

8±
0.

00
1

0.
90

5±
0.

00
1

0.
92

0±
0.

00
6

0.
89

4±
0.

04
1

18
.9

3
R

A
0.

63
0±

0.
01

1
0.

99
4±

0.
00

1
0.

95
8±

0.
00

3
0.

95
9±

0.
00

0
0.

99
1±

0.
00

0
0.

86
7±

0.
00

2
0.

93
1±

0.
00

1
0.

90
4±

0.
21

2
12

.9
3

K
at

z
0.

73
7±

0.
00

8
0.

99
4±

0.
00

0
0.

95
4±

0.
00

1
0.

98
8±

0.
00

3
0.

99
5±

0.
00

0
0.

92
0±

0.
00

0
0.

91
4±

0.
00

2
0.

92
9±

0.
08

6
9.

79
N

E
he

ur
is

tic
s

0.
96

6±
0.

00
4

0.
99

3±
0.

00
0

0.
95

6±
0.

00
1

0.
97

6±
0.

00
0

0.
99

3±
0.

00
1

0.
92

7±
0.

00
4

0.
92

9±
0.

00
3

0.
96

3±
0.

02
6

5.
71

D
ee

pW
al

k
0.

90
6±

0.
00

5
0.

99
0±

0.
00

0
0.

94
3±

0.
00

1
0.

98
6±

0.
00

0
0.

98
4±

0.
00

0
0.

90
5±

0.
00

2
0.

90
3±

0.
00

1
0.

94
5±

0.
04

0
15

.5
7

D
ee

pW
al

k
op

ne
0.

90
6±

0.
01

0
0.

99
1±

0.
00

0
0.

94
3±

0.
00

1
0.

98
5±

0.
00

0
0.

98
3±

0.
00

0
0.

90
5±

0.
00

1
0.

90
4±

0.
00

2
0.

94
5±

0.
03

9
15

.4
3

N
od

e2
ve

c
0.

94
8±

0.
00

9
0.

99
4±

0.
00

0
0.

93
8±

0.
00

6
0.

98
5±

0.
00

1
0.

98
9±

0.
00

1
0.

84
0±

0.
00

2
0.

89
3±

0.
00

3
0.

94
1±

0.
05

4
16

.2
9

N
od

e2
ve

c
op

ne
0.

89
7±

0.
00

4
0.

99
1±

0.
00

1
0.

92
9±

0.
00

1
0.

98
6±

0.
00

0
0.

99
2±

0.
00

1
0.

90
0±

0.
00

1
0.

90
1±

0.
00

2
0.

94
2±

0.
04

3
16

.0
0

St
ru

c2
ve

c
0.

93
3±

0.
01

0
0.

83
3±

0.
00

4
0.

95
3±

0.
00

2
0.

84
2±

0.
00

1
0.

87
4±

0.
00

1
0.

90
4±

0.
00

1
0.

91
8±

0.
00

5
0.

89
4±

0.
04

2
20

.5
7

M
et

ap
at

h2
ve

c
0.

98
1±

0.
00

5
0.

94
2±

0.
00

3
0.

94
8±

0.
00

3
0.

80
3±

0.
00

2
0.

85
8±

0.
00

0
0.

88
0±

0.
00

1
0.

90
3±

0.
00

6
0.

90
2±

0.
05

8
22

.2
9

L
IN

E
0.

96
3±

0.
00

4
0.

99
3±

0.
00

1
0.

93
1±

0.
00

2
0.

98
4±

0.
00

0
0.

99
1±

0.
00

0
0.

87
7±

0.
00

2
0.

88
2±

0.
00

2
0.

94
6±

0.
04

8
15

.1
4

L
IN

E
op

ne
0.

85
0±

0.
01

0
0.

99
1±

0.
00

0
0.

93
1±

0.
00

2
0.

93
3±

0.
00

1
0.

96
3±

0.
00

0
0.

89
5±

0.
00

3
0.

89
4±

0.
00

1
0.

92
3±

0.
04

5
22

.8
6

V
E

R
SE

0.
93

5±
0.

01
0

0.
99

4±
0.

00
1

0.
95

6±
0.

00
2

0.
99

0±
0.

00
0

0.
99

6±
0.

00
2

0.
91

9±
0.

00
2

0.
91

8±
0.

00
2

0.
95

9±
0.

03
3

5.
14

W
Y

S
0.

81
9±

0.
01

6
0.

94
0±

0.
00

3
0.

91
5±

0.
00

5
0.

83
3±

0.
00

4
0.

85
5±

0.
00

2
0.

85
3±

0.
01

0
0.

86
4±

0.
00

8
0.

86
8±

0.
04

2
30

.0
0

G
F

op
ne

0.
86

8±
0.

00
7

0.
98

3±
0.

00
0

0.
89

7±
0.

00
4

0.
93

3±
0.

00
1

0.
94

7±
0.

00
1

0.
83

7±
0.

00
3

0.
83

4±
0.

00
5

0.
90

0±
0.

05
4

28
.1

4
G

ra
R

ep
op

ne
0.

96
9±

0.
00

3
0.

99
3±

0.
00

0
0.

96
2±

0.
00

1
0.

98
4±

0.
00

0
0.

99
0±

0.
00

1
0.

92
1±

0.
00

1
0.

92
2±

0.
00

2
0.

96
3±

0.
02

9
6.

14
H

O
PE

ge
m

0.
98

9±
0.

00
1

0.
99

0±
0.

00
0

0.
95

5±
0.

00
2

0.
95

2±
0.

00
1

0.
95

0±
0.

00
0

0.
90

9±
0.

00
1

0.
91

9±
0.

00
2

0.
95

2±
0.

02
9

13
.0

0
H

O
PE

op
ne

0.
91

4±
0.

00
2

0.
98

9±
0.

00
0

0.
94

4±
0.

00
5

0.
92

0±
0.

00
0

0.
94

7±
0.

00
0

0.
87

2±
0.

00
1

0.
91

5±
0.

00
5

0.
92

9±
0.

03
4

21
.4

3
L

E
ge

m
0.

90
6±

0.
01

0
0.

99
2±

0.
00

0
0.

80
0±

0.
00

5
0.

97
5±

0.
00

0
0.

93
4±

0.
00

3
0.

76
0±

0.
00

5
0.

76
7±

0.
00

3
0.

87
6±

0.
09

7
24

.6
4

L
E

op
ne

0.
90

6±
0.

01
1

0.
99

2±
0.

00
0

0.
80

2±
0.

00
3

0.
97

7±
0.

00
2

0.
93

2±
0.

00
5

0.
76

4±
0.

00
6

0.
77

1±
0.

00
1

0.
87

8±
0.

09
2

24
.1

4
L

L
E

ge
m

0.
88

9±
0.

00
8

0.
99

0±
0.

00
0

0.
70

4±
0.

00
8

0.
97

0±
0.

00
6

0.
89

4±
0.

00
2

0.
72

6±
0.

00
5

0.
74

1±
0.

00
4

0.
84

5±
0.

11
4

28
.4

3
FR

E
D

E
0.

81
5±

0.
00

5
0.

74
7±

0.
00

0
0.

62
7±

0.
00

1
0.

60
4±

0.
00

1
0.

54
8±

0.
00

2
0.

62
1±

0.
00

2
0.

91
0±

0.
00

2
0.

69
6±

0.
12

5
32

.7
1

N
et

M
F

0.
94

2±
0.

01
6

0.
99

0±
0.

00
0

0.
95

2±
0.

00
1

0.
97

0±
0.

00
3

0.
96

8±
0.

00
0

0.
89

0±
0.

00
1

0.
91

4±
0.

00
1

0.
94

7±
0.

03
3

17
.0

0
M

-N
M

F
0.

94
4±

0.
00

9
0.

99
2±

0.
00

0
0.

93
6±

0.
00

8
0.

98
3±

0.
00

0
0.

98
3±

0.
00

1
0.

87
8±

0.
00

1
0.

91
3±

0.
00

2
0.

94
7±

0.
04

0
15

.7
9

A
R

O
PE

0.
98

2±
0.

00
2

0.
99

1±
0.

00
1

0.
95

5±
0.

00
1

0.
96

8±
0.

00
0

0.
96

7±
0.

00
1

0.
91

0±
0.

00
2

0.
91

8±
0.

00
1

0.
95

6±
0.

02
9

12
.5

0
SD

N
E

ge
m

0.
98

7±
0.

00
4

0.
97

9±
0.

00
2

0.
95

2±
0.

00
2

0.
94

5±
0.

00
1

0.
97

1±
0.

00
0

0.
90

9±
0.

00
1

0.
91

8±
0.

00
2

0.
95

2±
0.

02
8

15
.1

4
SD

N
E

op
ne

0.
98

5±
0.

00
2

0.
98

7±
0.

00
0

0.
95

3±
0.

00
5

0.
95

7±
0.

00
2

0.
96

9±
0.

00
0

0.
89

8±
0.

00
1

0.
91

7±
0.

00
7

0.
95

2±
0.

03
2

15
.7

1
PR

U
N

E
0.

90
1±

0.
01

0
0.

83
8±

0.
00

2
0.

95
6±

0.
00

3
0.

83
6±

0.
00

1
0.

87
4±

0.
00

0
0.

90
3±

0.
00

1
0.

92
0±

0.
00

3
0.

89
0±

0.
04

2
20

.1
4

G
A

E
0.

95
5±

0.
01

2
0.

99
3±

0.
00

1
0.

94
3±

0.
00

5
0.

97
7±

0.
00

3
0.

99
1±

0.
00

1
0.

85
6±

0.
00

2
0.

91
3±

0.
00

2
0.

94
7±

0.
04

7
14

.3
6

V
G

A
E

0.
95

2±
0.

00
7

0.
99

3±
0.

00
0

0.
93

5±
0.

00
3

0.
97

8±
0.

00
2

0.
98

9±
0.

00
0

0.
88

1±
0.

00
3

0.
89

8±
0.

00
7

0.
94

6±
0.

04
2

15
.8

6
G

IN
0.

82
0±

0.
05

5
0.

85
5±

0.
01

1
0.

72
5±

0.
01

2
0.

74
8±

0.
01

3
0.

82
6±

0.
00

5
0.

84
3±

0.
00

5
0.

89
7±

0.
00

2
0.

81
6±

0.
05

9
31

.0
0

G
at

ed
G

C
N

0.
71

3±
0.

04
5

0.
82

3±
0.

04
0

0.
75

6±
0.

01
4

0.
77

6±
0.

00
5

0.
81

2±
0.

00
8

0.
85

2±
0.

00
8

0.
87

1±
0.

03
6

0.
80

0±
0.

05
4

32
.4

3
C

N
E

0.
94

6±
0.

00
9

0.
99

4±
0.

00
0

0.
96

7±
0.

00
1

0.
98

0±
0.

00
0

0.
97

6±
0.

00
1

0.
92

8±
0.

00
1

0.
92

2±
0.

00
0

0.
95

9±
0.

02
6

6.
93



PERFORMANCE EVALUATION OF NETWORK REPRESENTATIONS 59

Skip-Gram based approaches, VERSE is a clear top performer. GraRep is the
matrix factorization-based method with highest scores and presents a consistent
performance across networks. Nonetheless, AROPE and HOPE also exhibit good
performance. The neural architecture-based approaches present similar perfor-
mances with SDNE and GAE obtaining marginally higher scores.

Overall, according to their average AUCs and AUC ranks, the best performing
methods are: VERSE, NE heuristics, GraRep and CNE. It is worth noting that
for these top performers we tuned at most one hyperparameter (see Table 4.2)
and, thus, their excellent performance can not be ascribed to an exhaustive model
selection process. Also noteworthy is the fact that CNE achieves state-of-the-
art results with an 8-dimensional embedding as compared to the 128 dimensions
required by other methods.

In the absence of additional data, such as node or edge attributes, our experi-
ments suggest that performance generally improves as the order of proximity be-
tween nodes captured by a model increases (i.e. as a node’s neighborhood in-
cludes vertices that are further and further away). GraRep, the best performing NE
method, captures relations up to order 8. HOPE and AROPE, also top performers,
capture relations up to order 4 while the remaining first and second order methods
exhibit lower performance. Two interesting exceptions to this pattern are VERSE
and CNE. In the case of VERSE, the second-order method employs a nonlinear
transformation able to preserve more information from the original network. CNE,
on the other hand, finds an embedding based on first-order information. Its excel-
lent performance can be explained by the fact that it additionally models structural
information (node degrees) in a prior, leaving more flexibility to the embedding.

Another important observation from the results in Table 4.3 is that method
performance varies significantly between different implementations of the same
NE methods (up to 11.7% for LINE on StundentDB). These differences are espe-
cially large for implementations of LINE (3.3% difference, on average, over all
networks), HOPE (2.4%) and Node2vec (2%). The main factors causing these
differences are numerical instability, approximation of computations and depen-
dencies on different software versions with varying default parameters. In our
supplementary material 8 we also show fluctuations in method performance of up
to 44.5% for GEM implementations due to package dependencies and up to 5% for
metapath2vec due to multi-core execution.

Also interesting is the difference in performance between Node2vec and Deep-
Walk. In this case, one would expect the former (which is a generalization of
the latter) to perform consistently better. This would indeed be the case if both
methods would approximate Skip-Gram via negative sampling [21]. In our ex-
periments, however, the Skip-Gram is approximated via hierarchical softmax for
DeepWalk (as proposed by the original authors) and via negative sampling for

8https://github.com/aida-ugent/NRLBenchmark

https://github.com/aida-ugent/NRLBenchmark
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Figure 4.1: Improvement in AUC of tuning model hyperparameters. Only methods with
tuned parameters are shown.

Figure 4.2: Best performing node-pair embedding operators on setup LP1. Only methods
for which the node-pair operator was tuned are shown.

Node2vec (also as proposed by the authors), which explains the observed differ-
ences. Further experiments comparing the two Skip-Gram approximations for both
methods reveal significant fluctuations in AUC of up to 0.02 with a standard devia-
tion of 0.02. Moreover, we find that no approximation provides consistently better
results than the other across all datasets. Ultimately, this experiment reveals the
importance of accounting for the approximation used when comparing methods
based on Skip-Gram.

4.5.2 Hyperparameter tuning

Fig. 4.1 presents a heatmap of the increment in link prediction accuracy obtained
through hyperparameter tuning, i.e. the difference in AUC between setups LP1
and LP2. Only methods with tuned hyperparameters are shown in this figure.
The results reveal limited improvements in most cases. For approximately 7%
of the network-method combinations, however, we observe increments in AUC
greater that 5%. WYS, SDNE and CNE benefit the most from hyperparameter
tuning. Popular random walk methods such as DeepWalk and Node2vec, for which
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Figure 4.3: Execution times in seconds of setups LP1 and LP2.

Figure 4.4: Method performance (AUC) on setup LP1 for d ∈ {8, 32, 128}.

parameter tuning is tedious, show minimal gains in AUC.
In Fig. 4.2 we present the node-pair embedding operator selected using hyper-

parameter tuning for each method and network on experimental setup LP1. The
results indicate that Hadamard is the most frequently selected (in 71/161 cases)
and that some methods prefer specific operators. This is: Hadamard in the case
of VERSE, HOPE and SDNE and average for PRUNE. The remaining methods
present a mix of operators. On average, over all methods and datasets we observe
a difference in validation AUC between the best and the worst performing opera-
tor of 0.141 with a standard deviation of 0.092. This clearly highlights the need to
tune the node-pair embedding operator as a method hyperparameter.

For each method, the sum of execution times on the 7 evaluated networks for
experimental setups LP1 and LP2 are presented in Fig. 4.3. As expected, runtimes
for LP1 are larger than those of LP2 and the differences are especially signifi-
cant for the methods with more tuned hyperparameters e.g., Node2vec, Struc2vec,
SDNE (as this implies computing an embedding of the validation graph for each
combination of hyperparameters). Nevertheless, the highest increase in runtime
can be found for GraRep, for which a single hyperparameter was tuned (the k-
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step). This indicates that computing high order proximities in GraRep is a slow
process and, as shown in Fig. 4.1, does not result in a large improvement in per-
formance for k-step> 4.

We also observe from Fig. 4.3 that naive sequential implementations of the
heuristics are still faster than heavily optimized and parallelized NE methods with
only AROPE presenting comparable runtimes. Finally, with no hyperparameter
tuning, similar patterns can be observed within each method family with factoriza-
tion methods being the fastest.

4.5.3 Embedding dimensionality

We have evaluated the effect of embedding dimensionality on method perfor-
mance by modifying setup LP1 and computing the AUCs of all methods for d ∈
{8, 32, 128}. In Fig. 4.4 we summarize the average AUC and standard devia-
tion for each method and embedding dimension over all evaluated networks. The
heuristics do not depend on d but are shown for reference. These results show that
most methods significantly improve in performance as d increases. The opposite
effect can be seen for GIN, GatedGCN and CNE, which may indicate that these
methods are underfitting.

4.5.4 Train-test split size

We further used experimental setup LP1 to analyze the effect on method perfor-
mance of the train fraction f . These results are summarized as three heatmaps in
Fig. 4.5 showing performance as − log(1 − AUC)) for f ∈ {0.2, 0.5, 0.8}. An
interesting observation here is that for f > 0.5 most methods capture well the
network structures while this is not the case for f < 0.5. This is reflected by an
average increase in AUC over all methods of 6.7% between f = 0.2 and f = 0.5

while only a 1.9% difference can be observed between f = 0.5 and f = 0.8.
From this experiment we also observe that probabilistic approaches present the

highest robustness to varying train set sizes followed by Skip-Gram, factorization,
neural approaches and finally the heuristics. VERSE, GraRep, CNE and NetMF
are the methods that best capture the network structure when only 20% of the
edges are used for training. Lastly, regarding method runtimes, these increase by
approximately 60% from evaluations with f = 0.2 to f = 0.8. Some notable
exceptions are Metapath2vec, Struc2vec and SDNE gem, for which the runtimes
increase by 84.9%, 83.7% and 81.1% respectively.

4.5.5 Edge sampling

We also conducted an experiment to compare the three strategies introduced in
Section 4.4.1, namely random, ST and DFT for splitting E into Etrain and Etest
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Figure 4.5: Method performance as − log(1−AUC) on setup LP1 for train-test edge
splits 20-80, 50-50 and 80-20. A darker color indicates better performance.

and determine their impact on method performance. We used experimental setup
LP2 where no method hyperparameters, apart from the node-pair embedding oper-
ator, were tuned. Our results show minimal differences in AUC between the three
strategies. More precisely, the average AUC and standard deviation over all meth-
ods and datasets for random edge sampling is 0.894 ± 0.114, for the ST strategy
is 0.897± 0.114 and for DFT is 0.894± 0.109.

For large networks edge sampling can become a bottleneck and, thus, sampling
runtimes were also worth investigating. Our results, depicted in Fig. 4.6, show that
the random strategy is the slowest followed by ST and finally, DFT which is up
to one order of magnitude faster on specific networks. The slower runtimes of the
random strategy are mainly due to set intersections to obtain the correct Etrain
and Etest. In addition, we have found that the random edge split strategy does
not preserve all nodes from the input graph G in the training graph Gtrain. On
average, over all datasets 2.5% of the nodes in G are lost. This effect is especially
severe for networks with lower average degrees, such as StudentDB and GR-QC,
which lose up to 8% of their nodes. The ST and DFT strategies, on the other hand,
preserve all nodes.

We also compared the ST strategy to a split based on edge timestamps in or-
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Figure 4.6: Execution times of different train-test split algorithms.
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Figure 4.7: Performance of the heuristics and NE methods compared for the spanning tree
and timestamp-based sampling strategies.

der to determine if the excellent performance of the heuristics is a result of the
edge sampling strategy used. For this, we selected two temporal networks Col-
legeMsg 9 and MathOverflow 10 from the SNAP repository [45]. The first network
encodes messages sent between students at UC Irvine while the second captures in-
teractions between users of the Math Overflow social platform. As both networks
present temporal information on the edges, we can compare a timestamp-based
edge sampling to the random ST strategy. In this experiment we used setup LP2
with a fixed train fraction of 0.8. In the timestamp sampling we selected the 20%
most recent edges such that, when these were removed, the remaining training
graph was still connected.

Our results are summarized in Fig. 4.7. We observe that the ST strategy signif-
icantly boosts the performance of both heuristics and NE methods when compared
to the timestamp sampling. We also observe that for ST sampling the performances
of heuristics and NE methods are very similar, while for the timestamp sampling,

9https://snap.stanford.edu/data/CollegeMsg.html
10https://snap.stanford.edu/data/sx-mathoverflow.html

https://snap.stanford.edu/data/CollegeMsg.html
https://snap.stanford.edu/data/sx-mathoverflow.html
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Figure 4.8: End-to-end prediction pipelines compared to node-pair embeddings and
binary classification.

the latter perform slightly better. Ultimately, this experiment indicates that the
sampling strategy induces properties on the training graphs that some approaches
might exploit better than others.

Finally, we also monitored the variation in performance when embeddings are
learned from different initial training graphs Gtrain. For each of the three edge
split strategies we performed 3 different evaluations with varying initial random
seeds and fixed f = 0.8. Our results show no significant differences with a max-
imum standard deviation observed across all datasets, methods and strategies of
only 0.003. The largest variations are observed for the smallest network, Stu-
dentDB. This experiment, thus, indicates that averaging link prediction results over
several sets Etrain and Etest generated using different random seeds —in order
to obtain unbiased estimates of method performance— becomes less necessary as
the train network sizes (Gtrain) exceed a few thousand nodes.

4.5.6 Prediction pipeline

For all end-to-end methods considered in our experiments, (i.e., GAE, VGAE,
GIN, GatedGCN, AROPE and CNE) we compared their original pipelines with
the same pipeline used for other methods, i.e., computation of node-pair embed-
dings followed by binary classification with logistic regression. The results are
summarized in Fig. 4.8 and show that for most methods and networks, computing
node-pair embeddings and performing logistic regression can result in a higher
overall performance.

We have conducted additional experiments using setup LP2 comparing all
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Figure 4.9: Log odds for each coefficient of the logistic regression binary classifier. Results
are presented for the GR-QC dataset but identical patterns are observed for other

networks and experimental setups.

methods with different binary classifiers: logistic regression (LR), logistic regres-
sion with 5-fold cross validation (LRCV) and decision trees (DT). Our experiments
do not reveal any significant differences in performance for most methods with the
exception of LE and LLE which are significantly boosted by the DT classifier. For
LE we observe an increment in average AUC over all networks of 6.5%, from 0.87

using LRCV to 0.93 with DT. For LLE the increment is of 7.8%, from an AUC of
0.84 with LRCV to 0.91 with DT.

The LR binary classifier can also be used to gain insights on how NE meth-
ods distribute information over the available embedding dimensions. In Fig. 4.9
we show, for each method, the sorted log odds of the LR coefficients. These are
presented for a specific network (GR-QC) and train-test split on setup LP2 with
d = 128, but remain consistent across different settings. We observe that most
methods present similar patterns with few dimensions encoding most of the infor-
mation and the remaining ones capturing progressively less. Notable exceptions
are some of the top performers i.e. CNE, VERSE and AROPE and also other
methods such as GF, M-NMF, GAE or PRUNE which spread the information more
evenly. A second interesting finding is that the OpenNE implementation of LINE
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evaluated appears to encode no information beyond dimension 64. This could
indicate an implementation error when calculating the second order proximities
(recall that this implementation uses concatenated 1st and 2nd orders). We do not
observe this pattern in the original implementation of LINE (LINE-2) which takes
full advantage of all 128 dimensions.

4.5.7 Network reconstruction performance

For the network reconstruction task we first summarize method performance in
terms of precision@Np, for Np = 100, in Table 4.4. We chose this threshold as it
best highlights the differences between evaluated methods. We observe from the
table that Katz is the top performer closely followed by VGAE, AROPE, HOPE -
opne and VERSE.

In Fig.4.10 we plot the precision@Np for a range of Np values for a subset of
methods and networks. The methods shown are the top performers from Table 4.4,
i.e. Katz, VERSE, HOPE opne, AROPE and VGAE. We observe that Katz is the
only methods that maintains a very high precision on all networks as the threshold
increases. AROPE and HOPE perform very similarly on all networks and maintain
overall good precision scores. For VERSE and VGAE we observe large variations
between different networks and overall lower performances.

4.5.8 Method performance and network structure

The results in Tables 4.3 and 4.4 also show that most NE methods and heuristics
perform well on Facebook, AstroPH and GR-QC (a graphical representation of
the results in Table 4.3, is provided in the rightmost heatmap in Fig. 4.511). These
networks share similar topologies with large diameters and high clustering coeffi-
cients which indicate the presence of community structures within the networks.
These observations are consistent with the data represented by the networks i.e.
groups of friends in Facebook and citations between papers in different research
sub-fields for AstroPH and GR-QC. The community structures with high intra-
community edge densities and low inter-community densities could explain the
higher link prediction performance of most methods.

On the other hand, the lowest method performance can be observed for Stu-
dentDB, BlogCatalog, Wikipedia and PPI. For StudentDB, the k-partite structure
of the network poses a challenge to both heuristics and NE methods. Firstly, due
to the fact that, in this case, similar node neighborhoods do not necessarily im-
ply that two nodes should be connected. For instance, two students following the
same courses will have identical node neighborhoods, yet, they should never be

11With the exception of GIN, GatedGCN and CNE presented in Fig. 4.4 for d = 128 and in Table 4.3
with d = 8.
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Table 4.4: Network reconstruction performance shown as precision@100 where method
hyperparameter are tuned and d = 128 for all methods except CNE, GIN and GatedGCN
where d = 8. The average precision@100 over all networks and average rank for each

method are also presented.

Methods StudentDB Facebook BlogCatalog GR-QC AstroPH PPI Wikipedia Avg. prec@Np Avg. Rank
CN 0.00 0.95 0.52 0.81 0.91 0.41 0.73 0.61 18.50
JC 0.00 0.88 0.03 0.69 0.80 0.04 0.03 0.35 27.29
AA 0.00 0.95 0.51 0.93 0.93 0.44 0.77 0.64 17.00
PA 0.20 0.41 0.43 0.22 0.07 0.30 0.87 0.35 28.36
RA 0.00 0.97 0.59 0.95 0.98 0.40 0.90 0.68 13.64
Katz 0.30 1 1 1 1 1 1 0.90 3.43
NE heuristics 0.22 0.95 0.50 0.94 0.97 0.41 0.83 0.68 15.71
DeepWalk 0.30 0.89 0.47 0.86 0.86 0.68 0.90 0.70 14.21
DeepWalk opne 0.30 0.89 0.45 0.89 0.84 0.59 0.87 0.69 16.00
Node2vec 0.30 0.94 0.62 0.98 0.86 0.58 0.69 0.71 13.71
Node2vec opne 0.30 0.86 0.56 0.89 0.87 0.65 0.72 0.69 15.43
Struc2vec 0.23 0.29 0.50 0.38 0.19 0.30 0.92 0.40 25.43
Metapath2vec 0.30 0.31 0.39 0.04 0.11 0.10 0.68 0.27 29.36
LINE 0.30 0.87 0.24 0.96 0.94 0.43 0.76 0.64 16.36
LINE opne 0.29 0.87 0.53 0.67 0.79 0.63 0.81 0.65 18.00
VERSE 0.30 0.97 0.71 0.99 0.97 0.87 0.80 0.80 9.00
WYS 0.30 0.40 0.26 0.36 0.29 0.17 0.79 0.36 27.07
GF opne 0.29 0.87 0.33 0.95 0.88 0.72 0.61 0.66 18.43
GraRep opne 0.23 0.84 0.57 0.72 0.73 0.51 0.70 0.61 20.21
HOPE gem 0.30 0.98 0.48 0.65 0.70 0.64 1 0.67 13.21
HOPE opne 0.30 0.99 0.88 0.78 0.89 0.96 1 0.82 8.14
LE gem 0.00 0.93 0.45 0.55 0.20 0.30 0.45 0.48 27.00
LE opne 0.30 0.93 0.45 0.55 0.20 0.31 0.45 0.45 13.79
LLE gem 0.30 0.73 0.36 0.62 0.44 0.23 0.88 0.50 23.64
FREDE 0.26 0.12 0.06 0.00 0.02 0.05 0.92 0.20 30.50
NetMF 0.30 0.98 0.92 0.66 0.58 0.99 1 0.77 10.00
M-NMF 0.30 0.83 0.32 0.61 0.44 0.44 0.75 0.52 23.00
AROPE 0.30 1 1 0.50 0.94 1 1 0.82 7.71
SDNE gem 0.29 0.97 0.53 0.62 0.68 0.36 0.91 0.62 17.29
SDNE opne 0.29 0.96 0.46 0.84 0.58 0.33 0.91 0.62 18.14
PRUNE 0.29 0.56 0.46 0.23 0.06 0.28 0.77 0.37 27.79
GAE 0.60 0.80 0.90 1 0.60 0.70 0.90 0.78 11.07
VGAE 0.60 1 0.90 1 0.60 0.90 1 0.85 5.64
GIN 0.60 0.80 0.90 0.10 0.20 0.50 0.30 0.48 21.29
GatedGCN 0.40 0.90 0.90 0.10 0.20 0.60 0.20 0.47 19.50
CNE 0.29 0.83 0.27 0.91 0.33 0.24 0.63 0.50 25.64

connected, as links between nodes of the same types do no exist in the data. Sec-
ondly, NE methods must at the same time represent similarity between nodes of
different types and dissimilarity for those of the same type. For example, students
following the same course must be embedded close to said course yet far from each
other. Methods able to capture high order proximities between nodes (e.g GraRep,
HOPE, AROPE) or those that learn node roles (e.g., Metapath2vec) maintain high
AUC scores in this case.

The BlogCatalog and Wikipedia networks present very similar structures with
small diameters, high clustering coefficients and large average degrees. This can
result in cluttered representations where all nodes are close-by making downstream
classification tasks harder. Lastly, the PPI network presents the opposite scenario
with a large diameter and small clustering coefficient. This can result in embed-
dings where most nodes lie equally far from each other and, thus, overall lower
AUCs.
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Figure 4.10: Network reconstruction performance in terms of precision@Np shown only
for the top-performing approaches.

We further analyze the reasons behind the large variations in method perfor-
mance on different networks by computing the average true positive rates (TPR)
and false positive rates (FPR) over all methods for each network. As threshold,
we used the value in the AUC curve that maximized the accuracy of predictions.
We omit showing the full statistics for brevity. We observe that while most TPRs
at this threshold vary around 0.8, the FPRs for StudentDB, BlogCatalog, PPI and
Wikipedia are three orders of magnitude higher that those of other networks. This
indicates that, indeed, a clear community structure simplifies the link prediction
task while cluttered graphs negatively impact the prediction of non-edges.

4.5.9 Limits to the scope of this evaluation

Constraints on overall computation time (the results in this section required ap-
proximately 65 days to compute) inevitably imply boundaries to the scope of this
evaluation: It is limited to popular mid-sized undirected and unweighted networks.
It evaluates a representative but non-exhaustive set of NE methods. It only eval-
uates methods purely exploiting the network structure (and not node/edge meta-
data), such that some methods are not used to their full potential (but note that the
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same holds for the heuristic baselines). Furthermore, the selected heuristics are
very simple, other more powerful similarity metrics between network nodes have
been proposed e.g., in [49, 50]. These are not included, as a thorough analysis
of link prediction heuristic performance is not the main goal of our work. For a
detailed overview and experimental evaluation of different heuristics we refer the
reader to [51].

4.5.10 External validation of the results

Due to differences in the evaluations, we can only validate our results, to some
extent, against the empirical results in the Node2vec and CNE papers. In the first
case, although our AUC scores are consistently higher, the same main conclu-
sion holds: node2vec outperforms its competitors on the three networks originally
evaluated. However, a properly tuned LINE exhibits similar performance or even
outperforms node2vec on other networks. In the second case, our results are very
similar to those reported by the authors of CNE. Finally, our evaluation also cor-
roborates the conclusions reported by the authors of AROPE regarding network
reconstruction performance and the choice of node-pair operator for VERSE.

4.6 Conclusions

In this chapter we have conducted an extensive empirical study on NE methods.
Our results show that, despite the surge of interest in the field in recent years, thin
progress has been made. Most of the NE methods evaluated perform similarly, and
in most cases not significantly better than simple heuristics for both tasks studied.
On average, the proposed NE heuristics baseline outperforms all other methods
for the link prediction task. Nevertheless, some embedding-based methods such
as GraRep, VERSE and CNE do show promising results. We have also shown that
clear community structures in the graphs, high embedding dimensionalities and
capturing high-order proximities between nodes all impact method performance
positively. In contrast with recently published results, our experiments indicate no
significant difference between LR and LRCV as binary classifiers in this setting.
We also highlight the need to tune the node-pair embedding operator as model hy-
perparameter and that a single train-test split provides a good estimation of method
accuracy resulting in higher evaluation efficiency. Methods such as Katz, VERSE,
HOPE, AROPE and VGAE present exceptionally good results for network recon-
struction. Finally, we hope this study and evaluation toolboxes such as EvalNE
serve as initial steps towards the creation of standard evaluation pipelines for NE
methods, and shed light on the current state-of-the-art. Specifically, we plan to use
these results as a basis for an online resource that is continuously augmented with
results for newly developed methods and/or other networks.
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5
Robustness Evaluation of
Network Representations

Results presented in Chapter 4 indicate differences in downstream link prediction
results when the training networks are sampled according to different strategies. In
this chapter, we expand upon this observation by performing a systematic analysis
of the robustness of node embedding approaches, a particular type of representa-
tion learning methods. More specifically, we investigate changes in downstream
performance for various models under random corruptions and adversarial at-
tacks on the input data. Our experimental evaluation was performed, once again,
leveraging the EvalNE framework presented in Chapter 3. This chapter is based
on the manuscript referenced below. Some section headlines, tables and figures
have been altered to ensure consistency across thesis chapters.

? ? ?

A. Mara, J. Lijffijt, S. Günnemann, and T. De Bie. A Systematic
Evaluation of Node Embedding Robustness.

To appear: Proceedings of LoG Conference, Dec. 2022.

Abstract Node embedding methods map network nodes to low dimensional vec-
tors that can be subsequently used in a variety of downstream prediction tasks.
The popularity of these methods has grown significantly in recent years, yet, their
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robustness to perturbations of the input data is still poorly understood. In this
chapter, we assess the empirical robustness of node embedding models to ran-
dom and adversarial poisoning attacks. Our systematic evaluation covers repre-
sentative methods based on Skip-Gram, matrix factorization, and deep neural net-
works. We compare edge addition, deletion and rewiring attacks computed using
network properties and node labels. We also investigate the performance of pop-
ular node classification attack baselines that assume full knowledge of the node
labels. We report qualitative results via embedding visualization and quantitative
results in terms of downstream node classification and network reconstruction per-
formances. We find that node classification results are impacted more than network
reconstruction ones, that degree-based and label-based attacks are on average the
most damaging and that label heterophily can influence attack performance.

5.1 Introduction

In recent years, the design of robust machine learning models has become an im-
portant topic and attracted significant amounts of research attention [1–4]. The
term ‘robust’ refers to the ability of a model to provide consistent and accurate
predictions under small perturbations of the input data. These perturbations can
appear in the form of random noise, out of distribution (OOD) data, or partially
observed inputs [5]. They can affect models at train or evaluation times and be
random or adversarial in nature. For a more complete overview of robustness in
machine learning we refer the reader to [6]. In this chapter, we empirically study
both random and adversarial attack scenarios where perturbations are either a con-
sequence of noise or specifically crafted to reduce model performance. We further
focus our analysis on attacks affecting the models at training time exclusively, also
know as the poisoning scenario [7].

Simultaneously, node representation learning or node embedding models have
become increasingly popular for bridging the gap between traditional machine
learning and network structured data [8–10]. These approaches map network
nodes to real-valued vectors that can be subsequently used in downstream predic-
tion tasks, such as classification [11] and regression [12]. Training of these models
can be performed in a semi-supervised or unsupervised fashion. In the former, em-
beddings are optimized for a particular downstream task while in the latter, general
purpose embeddings are obtained. Robustness is an important feature for represen-
tation learning models as well. One would generally prefer small changes in the
input networks to have a minimal impact on the vector representations learned and
on downstream task performance. Moreover, with the deployment of these mod-
els in safety-critical environments (e.g., [13]) and on the web (where adversaries
are common [14, 15]), robustness evaluation has become ever more essential. Un-
fortunately, the robustness of unsupervised node embedding approaches is poorly
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understood. Some recent studies have analyzed particular semi-supervised models
based on the Graph Neural Network (e.g., [16]) and on shallow models (e.g., [17]).
Others, have evaluated specific unsupervised random walk approaches under poi-
son attacks [7]. Methods leveraging unsupervised embedding learning paradigms
such as matrix factorization and deep neural networks, have not received much
attention yet. Additionally, there is a lack of studies providing broader robustness
evaluations and comparing multiple models.

We perform a systematic empirical analysis of the robustness of foundational
works in the field of node embeddings. Among the 9 unsupervised approaches
evaluated we include Node2vec [18], GraRep [19], and SDNE [20], which have
inspired many other methods based on similar principles, e.g., [21–23]. The mod-
els considered can be categorized into Skip-Gram, matrix factorization, and deep
neural networks, and their robustness is compared on two downstream tasks: node
classification and network reconstruction. We evaluate robustness under random-
ized and adversarial attacks targeting the network edges. For adversarial attacks
we limit the scope to heuristic-based approaches where edges are targeted based on
topological network properties (e.g. assortativity, degree). In contrast, optimization-
based attacks (e.g. [7, 24–26]) solve a multi-level optimization problem to identify
the most promising targets. Heuristic attacks are, thus, weaker yet simpler and
more computationally efficient making them more easily accessible to an attacker.
Additionally, they do not require tailoring to specific embedding models and down-
stream tasks –as many optimization-based approaches do– and provide intuitive
and explainable targets. Moreover, the heuristic attacks considered in this chapter
have already shown to effectively lead to structural collapse in networks [27]. The
analysis of stronger optimization-based models is left for future work. Lastly, we
focus our evaluation on global attack scenarios where changes can be made to the
entire graph structure provided a fixed attack budget.

Contributions Our main contribution is a systematic analysis of node embed-
ding robustness. We evaluate a total of 9 unsupervised node embedding approaches
based on three learning paradigms. We employ 6 small and mid-sized networks
and compare 14 different poison attack strategies. Further, we investigate dif-
ferences between randomized and adversarial attacks and compare edge addition,
deletion and rewiring strategies. We also investigate attacks leveraging full knowl-
edge of the node labels, commonly used as baselines, and show that network ho-
mophily (tendency of nodes with similar labels to be connected) and heterophily
(where nodes of different labels are more often connected) have a strong impact
on their performance. This work constitutes the first empirical evaluation of its
magnitude on node embedding robustness.

The remainder is organized as follows: in Section 5.2 we present the related
work and in Section 5.3 we introduce the embedding methods and attack strategies
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evaluated. In Section 5.4, we discuss the experimental evaluation and results and
finally, in Section 5.5 we outline our main conclusions.

5.2 Related work

A large body of research has shown that traditional machine learning models and
more recently deep neural models can be easily misled into providing wrong an-
swers with high confidence [28, 29]. Work on identifying and protecting against
these adversarial attacks has particularly developed in the field of computer vi-
sion [30]. Works in this field, including [31, 32], have also shown how changes
unperceivable to the human eye can result in dramatic performance drops or mis-
classifications. Later, adversarial attacks were introduced in the field of network
science [5]. In [27], the authors show how structural properties of networks can
collapse as a result of attacks. The authors further provide a framework for sim-
ulating attacks and defenses on networks. With the popularization of node em-
bedding methods authors have also investigated adversarial attacks on particular
semi-supervised [16, 33] and unsupervised [17] approaches. A survey reviewing
various adversarial attacks and defense strategies, specifically designed for semi-
supervised representation learning models, is presented in [34]. The authors also
collect implementations of representative attack and defense strategies and make
them publicly available as a PyTorch toolbox. For unsupervised representation
learning models, while there are some empirical studies comparing performance
(e.g., [35]), there is little research evaluating robustness. With the present chap-
ter, our aim is to fill this gap and provide a fist empirical study and overview on
the robustness to random and adversarial attacks of unsupervised node embedding
approaches. Lastly, akin to the results in [36] for graph classification using GNN
models, we also investigate patterns in the attacks and relations to the network
structure. This analysis reveals an interesting effect of label heterophily on node
classification attacks.

5.3 Methods

In this section we introduce the node embedding approaches evaluated and the
attack strategies used to poison the input networks. Regarding notation, in what
follows we will use G = (V,E) to refer to an undirected graph with vertex set
V = {v1, . . . , vN}, N = |V| and edge set E ⊆ (V ×V), M = |E|. We
will represent edges or connected node-pairs as unordered pairs {vi, vj} ∈ E.
And refer to pairs {vi, vj} /∈ E as non-edges or unconnected node-pairs. Node
embeddings are denoted as X = (x1,x2, . . . ,xN ), X ∈ IRN×d where xi is the
d-dimensional vector representation corresponding to node vi.
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5.3.1 Node embedding methods

For our experimental evaluation we have selected 9 representative methods span-
ning three different embedding learning paradigms, namely Skip-Gram, matrix
factorization and deep neural networks. Next, we introduce each paradigm and the
corresponding methods.

Skip-Gram These approaches capture node similarities in the graph through
random walks and leverage the Skip-Gram model [37] to obtain node represen-
tations that maximize the posterior probability of observing neighboring nodes in
the walks. From this category we evaluate: Deepwalk [38], the seminal work
that proposed fixed length random walks to capture node similarities and Skip-
Gram (approximated via hierarchical softmax) for learning the embedding matrix
X; Node2vec [18], which introduced more flexible random walks controlled by
in/out and return parameters and approximates Skip-Gram via negative sampling;
LINE [39], where the authors leverage first and second order proximities to learn
representations; And finally, VERSE [11], which minimizes the KL-divergence
between a similarity metric on G (by default Personalized PageRank) and a vector
similarity on X.

Matrix factorization Factorization methods take as input node similarities en-
coded in the graph Laplacian, incidence matrices, adjacency matrices (A) and
their polynomials, etc. and compute low dimensional embeddings by factorizing
the selected matrix. We evaluate the following methods based on this paradigm:
GraRep [19], HOPE [40], NetMF [41] and M-NMF [42]. GraRep factorizes high
order polynomials of A, HOPE can factorize different similarity matrices pro-
vided they can be expressed as a composition of two sparse proximity matrices.
NetMF decomposes the DeepWalk transition matrix via SVD and lastly, M-NMF
computes embeddings via non-negative matrix factorization and incorporates com-
munity structure in this process.

Deep neural networks Deep neural models, from auto-encoders to Siamese net-
works or CNNs, have also been used to obtain node representations from a graph’s
link structure in an unsupervised fashion. Among these types of methods we evalu-
ate SDNE [20], a deep neural model that captures first and second order proximity
in the graph.1

1We also evaluated PRUNE [12] but despite our best efforts the method severely underperformed
on all tasks.
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Table 5.1: Poison attacks evaluated and their types: (D) deterministic, (ND)
non-deterministic.

Edge addition Edge deletion Edge rewiring

Name Type Name Type Name Type

add rand ND del rand ND rew rand ND
add deg ND del deg D - -
add pa ND del pa D - -
add da ND del da D - -
add dd ND del dd D - -
add ce ND del di ND DICE ND

5.3.2 Network attacks

We subdivide network attacks into randomized and adversarial and further into
three main types based on the changes to the network structure. These changes are
edge addition, edge deletion and edge rewiring. Table 5.1 summarizes all attacks
and below we briefly describe each one.

Randomized attacks These attacks are designed to simulate random errors or
failures in the networks. We consider edge addition (add rand), deletion (del -
rand) and rewiring (rew rand). In the first case, pairs of nodes, vi, vj ∈ V are
selected uniformly at random and added to E iff vi 6= vj and {vi, vj} /∈ E. For
deletion attacks, edges {vi, vj} ∈ E are selected uniformly at random and removed
from E iff di ≥ 2 ∧ dj ≥ 2. Here di and dj represent the degrees of nodes vi and
vj , respectively. In rewire attacks we use del rand to remove a budget of edges
{vi, vj} ∈ E and then reconnect each vi to a new node vk such that vk 6= vj and
{vi, vk} /∈ E.

Adversarial attacks We also consider a particular type of heuristic-based adver-
sarial attacks which target specific network properties such as node degrees, assor-
tativity, and node labels. Despite their lower effectiveness compared to optimization-
based attacks, we evaluate these approaches due to their lower computational com-
plexity, applicability to different embedding methods and downstream tasks, and
explainable attack targets. Moreover, they aim to modify key structural properties
commonly captured by representation models and can thus lead to worse represen-
tations. The heuristics considered have also been successfully used as baselines in
previous works e.g., [7, 27].

For all edge addition attacks we ensure that newly generated pairs do not
already exist in the graph, i.e., {vi, vj} /∈ E, and they do not form selfloops,
i.e., vi 6= vj . For degree-based (add deg) and preferential attachment (add pa)
edge addition strategies we sample nodes uniformly and based on degree, re-
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spectively, and connect them to destination nodes sampled based on degree. For
the degree assortativity (add da) and disassortativity (add dd) attacks, we gen-
erate edges which increase/decrease this property. We define assortativity (r)
akin to [43] and compute it per edge as the product of standard scores of di
and dj , i.e. r{vi,vj} = (di − µ)/σ · (dj − µ)/σ. Where µ = 1

M

∑M
l=1 d

2
l and

σ = ( 1
M

∑M
i=1 di · (di − µ)2)1/2. Thus, to increase assortativity we sample nodes

vi with probability pi ∝ |di−µ| and connect them to nodes vj sampled with prob-
ability pj ∝ 1

|di−dj | . To increase disassortativity we sample nodes vi as above and
vj with pj ∝ |di − dj |. The add ce strategy applies to labeled graphs only and
adds a set of random edges connecting nodes of dissimilar labels, exclusively.

Unless otherwise specified, edge deletion attacks ensure that input networks do
not become disconnected after the attack. For del deg and del pa we first sort all
edges based on the appropriate metric, i.e., di+dj for del deg and di×dj for del -
pa, and later remove the top edges that do not disconnect the network. For del da
and del dd we compute r{vi,vj} and −r{vi,vj} as described above. Then, we sort
the edges based on these properties and take the top candidates in each case while
avoiding disconnections. The del di strategy applies exclusively to labeled graphs
and randomly selects edges for removal where the incident nodes share the same
label.

Finally, DICE [7] is an adversarial attack where edges are removed or added
to a network with equal probability. Edges are removed according to the del di
strategy and added following add ce. It is important to note that all edge deletion
attacks with the exception of del di are deterministic while the remaining addition
and rewire attacks are non-deterministic (see Table 5.1).

5.4 Experiments

In this section we present the experimental setup, networks used and results ob-
tained. All our experiments were carried out on a machine equipped with two 12
Core Intel(R) Xeon(R) Gold processors, 1TB of RAM and an RTX 3090 GPU.

To ensure reproducibility of results, we have employed and extended the ca-
pabilities of the EvalNE toolbox [44]. This Python framework allows users to as-
sess the performance and robustness of network embedding approaches for down-
stream node classification, network reconstruction, link prediction and sign pre-
diction. In the framework we have integrated a variety of random and adversar-
ial poison attack strategies, including those introduced in Section 5.3.2 and Ta-
ble 5.1. In EvalNE, complete evaluation pipelines and hyperparameters are speci-
fied through configuration files which can be used at any time to replicate results.
These configuration files together with the rest of our code are available online at
https://github.com/aida-ugent/EvalNE-robustness.

https://github.com/aida-ugent/EvalNE-robustness
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5.4.1 Preliminaries and setup

As pointed out in Section 5.1, the main goal of this chapter is to investigate the
robustness of node embedding approaches to poison attacks. To this end we re-
port changes in downstream node classification and network reconstruction per-
formances for different attacks on the input graphs. Next, we summarize the main
goals and evaluation pipelines for both tasks and the overall evaluation setup.

Node classification Given an input graph and labels for a subset of vertices,
the goal in node classification is to infer the labels of the remaining vertices. To
evaluate node classification robustness we proceed as follows. (1) We start by
attacking an input network G with a specific strategy (from Table 5.1) and budget
b. The budget defines the number of edges an attacker can add, delete or rewire
in the network, expressed as a fraction of the total edges. For example, b = 0.1

indicates 10% of all edges in E. (2) The attacked network Ĝ = (V, Ê) is then
provided as input to a node embedding approach which yields a representation
matrix X containing vertex representations as its rows. As shown by Mara et. al.
[35], gains from optimizing the hyperparameters of these models are marginal, and
thus, we resort to fixed default values.2 We also fix the embedding dimensionality
d = 128. (3) Given a number of training nodes Ntr (also defined as a fraction of
all nodes in V), a multi-class one-versus-rest Logistic Regression classifier with
5-fold cross validation is trained to predict node labels from node representations.
(4) We repeat the previous step 3 times with different node samples and report
average results. For some experiments we will report results independent of the
value of Ntr. In these cases we additionally average results over several values of
Ntr. (5). Finally, and unless otherwise specified, for the non-deterministic attacks
listed in Table 5.1 we repeat the complete process 3 times with varying random
seeds resulting in different sets of edges being removed in step 1). We report node
classification performance in terms of f1 micro and f1 macro.

Network reconstruction In this task the aim is to investigate how well the link
structure of an input network can be recovered from the node representations. To
this end node representations are first learned from the input network. Then, node-
pair representations are derived by applying a binary operator on the node repre-
sentations. Finally, a binary classifier is trained to discriminate edges from non-
edges. High quality representations are expected to result in the classifier scores
of edges being higher than those of non-edges.

We evaluate robustness on this task akin to node classification. (1) We at-
tack the input network G with a given strategy and budget b. (2) We compute

2Exact hyperparameter values and method implementations are reported in the EvalNE configura-
tion files.
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node representations for Ĝ with different methods for which we use fixed default
hyperparameters. (3) Representations of node pairs {vi, vj} are combined into
node-pair representations using the Hadamard product, i.e., xi,j = xi · xj . (4) A
binary Logistic Regression with 5-fold cross validation is trained using representa-
tions corresponding to edges and non-edges in Ĝ. (5) Classification performance
is tested using representations of edges and non-edges of the original non-attacked
graph G. For computational efficiency, we approximate the performance using 5%
of all possible node-pairs in G. (6) We again repeat the complete process 3 times
for non-deterministic attacks. For this task we report AUCs and average precision.

Experimental setup Our evaluation setup is structured as follows. First, in Sec-
tion 5.4.3.1 we investigate the performance of node embedding approaches under
random attacks. In this case, we use the add rand and del rand strategies and
vary the attack budget b ∈ [0.1, 0.2, ..., 0.9].3 For node classification specifically,
we report average results over Ntr ∈ [0.1, 0.5, 0.9], 3 node shuffles for each Ntr
value, and 3 experiment repetitions for non-deterministic attacks. For network re-
construction we only perform the 3 experiment repetitions for non-deterministic
attacks. We then also investigate the effect of the number of labeled nodes for
node classification by comparing the results obtained for Ntr = 0.1 to Ntr = 0.5

and Ntr = 0.9. Second, in Section 5.4.3.2 we evaluate adversarial robustness. We
use a similar setup with the following exceptions: we compare all attacks from
Table 5.1 (random attacks are used as baselines) and the budget is fixed to b = 0.2.
Third, in Section 5.4.3.3 we compare addition, deletion and rewiring attacks. For
both downstream tasks we compare add rand, del rand and rew rand and for node
classification we additionally compare add ce, del di and DICE. Other parameters
are set as for the adversarial attack experiment. In this section we also investigate
differences between deletion attacks that disconnect and those that do not discon-
nect the input networks. Lastly, in Section 5.4.3.4 we investigate the performance
of common node classification baselines such as DICE that leverage full knowl-
edge of the node labels.

5.4.2 Data

To conduct our experiments we use a total of 6 small and mid sized networks from
different domains. Specifically, for node classification we use Citeseer [45] and
Cora [46], two citation networks where nodes denote publications, edges represent
citations between them and node labels indicate the main research field of each pa-
per. For network reconstruction we use PolBlogs [47], a network of political blogs
connected to each other via hyperlinks, and Facebook [48], a network of indi-

3We acknowledge the impracticality of extreme budgets but find these edge cases theoretically
interesting.
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Table 5.2: Main statistics of the networks used for evaluation. The average degree is
indicated by 〈k〉, the assortativity coefficient by r, and ‘Viz’ represents the network

visualization task in Section 5.4.3.4.

Network Type Task # Nodes # Edges # Labels 〈k〉 r

Citeseer Citation NC 2110 3668 6 3.48 0.01
Cora Citation NC 2485 5069 7 4.08 -0.07
PolBlogs Web NR 1222 16714 - 27.35 -0.22
Facebook Social NR 4039 88234 - 43.69 0.06
IIP Collaboration Viz 219 630 3 5.75 -0.22
StudentDB Relational Viz 395 3423 7 17.33 -0.34

viduals and their social relations on the platform. Lastly, we perform qualitative
and visualization experiments on the internet industry partnership (IIP) [49] and
the StudentDB [50] networks. In the former, nodes represent companies, edges
represent relations such as alliance or partnership and node labels indicate the
company’s main business area, i.e., user content, infrastructure or commerce. The
latter, StudentDB, is a k-partite network representing a snapshot of the Antwerp
University relational database. Nodes represent entities such as students, courses,
tracks, etc., and edges are binary relations, e.g., student-in-track, course-in-track,
etc. Node labels indicate the type of each node (see Appendix A.2.1 for more
details). In Table 5.2 we summarize the main statistics of the networks used.

5.4.3 Experimental results
5.4.3.1 Randomized attacks

We start in Figure 5.1a with node classification performance under random edge
attacks and varying attack budgets. In the chart, negative budgets indicate edge
deletion and positives indicate edge addition. In this case we allow edge deletions
to disconnect the original networks. We report f1 micro scores for the Citeseer
network (f1 macro results as well as those for the Cora network are similar and
provided in Appendix A.2.2). From the figure we first note different general be-
haviors for edge deletion and addition attacks. Deletions cause a consistent perfor-
mance degradation until complete network collapse at b = 0.9. Additions cause
a sharper loss in performance for relatively low budget values (b ≤ 0.2) which
become less severe around b = 0.4. Thus, in the low budget regime commonly
analyzed in the literature (−0.2 < b < 0.2), edge addition attacks are superior
to edge deletion. Outside of this range, however, edge deletions are more dam-
aging. This observation is reasonable given the asymmetry in the attack budgets.
Removing 90% of the graph edges leaves significantly less information to learn an
embedding from than adding 90% of spurious edges. We also observe from Fig-
ure 5.1a that NetMF and M-NMF are slightly more robust to edge additions than
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Figure 5.1: Robustness to randomized attacks for different budget values. The x-axis shows
budgets as a fraction of all edges in the graph. Negative values represent edge deletion

and positives edge addition attacks. Figure 5.1a presents f1 micro scores for node
classification on Citeseer. Figure 5.1b shows AUCs for network reconstruction on

Facebook. In Figures 5.1c and 5.1d we show average node classification f1 micro scores
for different fractions of labeled nodes Ntr on Citeseer and Cora, respectively. Shaded

areas denote 95% confidence intervals.

other approaches while edge deletion performance is similar across the board.

In Figure 5.1b we present the AUC scores for reconstructing the original Face-
book network G, from an attacked graph Ĝ. The plot indicates high edge recovery
with AUCs u 1 despite the random attacks. Most methods maintain high robust-
ness for a wide range of budget values. Some notable exceptions are Node2vec,
LINE, and SDNE which consistently lose performance the more adversarial edges
are added. One possible explanation is that these methods are not only affected
by the addition of spurious edges but also by the removal of potentially informa-
tive negative samples, used by all three approaches to learn embeddings. For the
PolBlogs dataset presented in Appendix A.2.2, we observe similar patterns. An ex-
ception in both networks is HOPE, which significantly degrades performance for
strong edge deletion attacks (b ≤ −0.6). This indicates the method is less suited to
learning embeddings of highly sparse networks. The high robustness exhibited by
the evaluated approaches on this task is particularly interesting given the double
impact of the attacks. Unlike in node classification, attacks on network recon-
struction affect the models both at embedding learning time and binary classifier
training (edge and non-edge train labels are obtained from the attacked Ĝ).
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We now focus our attention on the impact of the number of train labels avail-
able for node classification (Ntr). In Figures 5.1c and 5.1d we compare the average
performance over all methods and experiment repetitions for Ntr ∈ [0.1, 0.5, 0.9]

on Citeseer and Cora, respectively. For both networks we observe equally low
performances when few labeled nodes are available i.e., Ntr = 0.1. For larger
values (Ntr ≥ 0.5) the performances are very similar. We also observe that as net-
works become denser (as we move right on the x-axis in each plot) the difference
between low and high values of Ntr become more significant. This indicates that
node embedding methods will generally not provide robust predictions when few
labeled nodes are available and this situation will worsen the denser the network.

5.4.3.2 Adversarial attacks

We now compare the effect of different heuristic-based adversarial attacks on node
classification. Figures 5.2a and 5.2b summarize the results on the Citeseer network
for edge deletion and addition attacks, respectively. In both cases we present de-
creases in f1 micro caused by different attacks with budget b = 0.2, as compared
to the performance on the non-attacked graph. Firstly, if we compare across graphs
we observe that edge additions decrease performance more than deletions across
all methods for this particular budget value. This is also consistent with our ob-
servations from Figure 5.1a for random attacks on node classification. Among the
edge deletion attacks we see that del dd is, from an adversarial perspective, the
most effective strategy. With this attack, we are targeting edges from high degree
to low degree nodes further increasing the uncertainty regarding the latter. On the
other hand, for edge addition the most effective strategies are connecting edges
with different labels together (add ce) or connecting nodes with similar degrees
to each other (add deg). It is interesting to note that attacks with full knowledge
of the node labels del di and add ce are not significantly stronger than others e.g.,
degree based attacks. The colors in both figures indicate different fractions of la-
beled nodes. We observe that most of the variance in performance comes from the
experiments with Ntr = 0.1 (blue points) and that these are also mostly concen-
trated in the lower ends of the boxplots. The variances for Ntr ≥ 0.5 are very
similar across different attack strategies and networks.

In Figures 5.2c and 5.2d we present similar results for network reconstruction.
In these cases we show the combined performances for both Facebook and Pol-
Blogs datasets. The experiments reveal that edge deletion attacks are marginally
stronger than edge addition. In particular, deleting edges based on degree is the
most effective adversarial technique of the ones we have evaluated. Overall, we
also observe much less variance in performance compared to the results on node
classification.
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Figure 5.2: Comparison of adversarial edge deletion and addition attacks for b = 0.2.
Figures 5.2a and 5.2b show deletion and addition attacks on node classification for

Citeseer. Colors indicate the fraction of train nodes Ntr . Figures 5.2c and 5.2d show
similar results for network reconstruction on both Facebook and PolBlogs networks

combined (colors indicate the network).

5.4.3.3 Addition, deletion and rewiring attacks

In Figure 5.3 we compare edge addition, rewiring and deletion attacks on both
downstream tasks. The attack budget is fixed to b = 0.2 and we show combined
results for the two networks used in each task (marker color denotes the data used).
We observe that for node classification rewiring attacks perform best (central boxes
in the left and middle plots in Figure 5.3). This is also the case if we look at each
individual dataset with results for Cora (orange dots) being significantly higher
than those on Citeseer (blue dots). For network reconstruction we have much
less data available, considering that we do not need to test different train sizes and
shuffles per size. In this case the results indicate similar performances for all attack
types. We further observe that results on the Facebook network are overall higher
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Figure 5.3: Comparison of edge addition, rewiring and deletion attacks for both
downstream tasks. The leftmost and center figures present f1 micro scores for random and
node label based attacks on node classification. The rightmost figure shows AUC results

for random attacks on network reconstruction.

than on PolBlogs. The f1 macro and average precision scores for each task also
corroborate this findings and are presented in Appendix A.2.3.

We further investigate how strong a role network connectivity plays in adver-
sarial attacks. We compare random and degree attacks constrained to not dis-
connecting the input networks and their unconstrained counterparts. We find that
constrained attacks are on average, over all methods and networks 5% less effec-
tive. Specifically, for random attacks the f1 micro performance without discon-
nections is 0.651 ± 0.166 (mean and standard deviation) and with disconnections
0.612 ± 0.161. Similarly, for degree based attacks average performance reaches
0.637 ± 0.163 when disconnections are prevented and 0.606 ± 0.164 when they
are not.

5.4.3.4 Attacks exploiting node labels

In this section we investigate adversarial attacks on node classification where the
attacker has full access to the node labels. These types of attacks e.g., DICE, are
commonly used as baselines under the assumption that access to the node labels in-
evitably leads to stronger attacks. Here, we demonstrate that the above assumption
does not always hold. Specifically, we find that node label homophily/heterophily
has a strong impact on the performance of these types of attacks.

In this experiment we use the IIP and StudentDB datasets. The former is an
example of a homophilic network where 70.9% of edges connect nodes of the
same label. On the other hand, StudentDB is a strongly heterophilic network
where no edges connect nodes sharing the same label. We summarize the results
for node2vec, although our findings apply to other methods capturing high order
proximities in graphs. We use DICE as an attack strategy.

We start our evaluation by attacking both networks with budgets b ∈ [0.0, 0.2, 0.6].
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Figure 5.4: Correctly and incorrectly classified nodes for the homophilic IIP network (top
row) and the heterophilic StudentDB network (bottom row) for varying attack budgets.

We then learn node embeddings and perform downstream node classification for
each network and attack budget. Correctly and incorrectly classified nodes at val-
idation time are recorded for each case. The top row in Figure 5.4 presents a
spring-layout representation of the IIP network for each attack budget where nodes
are colored based on their prediction status, correct (blue) or incorrect (orange).
From the figure we can visually confirm that, as the attack strength increases, the
misclassification rate (mr in the figure) also increases. This is also confirmed nu-
merically by the mr value presented above each plot.

The bottom row in Figure 5.4 presents the same information for the StudentDB
network. In this case, as the attack strength increases the misclassification rate
decreases (as can be seen visually and through the mr values). This seemingly
counter intuitive behavior can be explained by the fact that DICE introduces ad-
ditional information in the network reinforcing the heterophily schema (similar
nodes remain unconnected while dissimilar ones are more connected). This di-
lutes the local network structure and makes nodes of the same type more similar to
each other. Methods such as node2vec able to capture high order proximities be-
tween nodes can capitalize on this additional information to provide embeddings
more suitable for node classification.
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5.5 Conclusions
In this chapter we have demonstrated that node embedding approaches, regardless
of their underlying representation mechanisms, are sensitive to random and adver-
sarial poison attacks. We have shown that results on downstream node classifica-
tion are significantly less robust compared to those on network reconstruction. Our
experiments also revealed that for low attacks budgets (below 20% of edges in the
graph) edge addition attacks are generally stronger than edge deletions. Outside of
this range, the opposite is true. Surprisingly, our empirical evaluation showed no
significant differences between the heuristic-based adversarial attacks evaluated.
Leveraging full knowledge of the node labels when attacking node classification
does also not yield significantly stronger attacks. Finally, we have also shown
that the number of labeled nodes plays a fundamental role in node classification
robustness, that rewiring attacks are generally stronger than addition or deletion
independently, and that attacks leveraging node label information can result in im-
proved representations of heterophilic networks. With this work and our extension
to robustness evaluation for the EvalNE software, we hope to lay the foundations
for further research in this area.
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6
Learning Representations of

Signed Networks

Our experimental evaluation in Chapter 4 revealed the excellent performance of a
particular probabilistic model, i.e. Conditional Network Embedding (CNE). In this
chapter, we leverage the same principles introduced in CNE and propose CSNE a
conditional signed network embedding and sign prediction model. Hereby, the
present chapter highlights two key benefits of the contributions in this disserta-
tion. On one hand, CNE’s potential was identified through our benchmark study
in Chapter 4, on the other, the model was evaluated using the EvalNE framework
proposed in Chapter 3. The experimental evaluation and comparison with state-
of-the-art models in the present chapter, was also conducted using EvalNE. This
work is based on the manuscript referenced below. Some section headlines, tables
and figures have been altered to ensure consistency across thesis chapters.

? ? ?

A. Mara, Y. Mashayekhi, J. Lijffijt, and T. De Bie. CSNE: Con-
ditional Signed Network Embedding.

Proceedings of CIKM, Oct. 2020.

Abstract Signed networks are mathematical structures that encode positive and
negative relations between entities such as friend/foe or trust/distrust. Recently,
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several papers studied the construction of useful low-dimensional representations
(embeddings) of these networks for the prediction of missing relations or signs.
Existing network embedding methods for sign prediction, however, generally en-
force different notions of status or balance theories in their optimization func-
tion. These theories, are often inaccurate or incomplete which negatively impacts
method performance.

In this context, we introduce conditional signed network embedding (CSNE).
Our novel probabilistic approach models structural information about the signs in
the network separately from fine-grained detail. Structural information is repre-
sented in the form of a prior, while the embedding itself is used for capturing fine-
grained information. These components are then integrated in a rigorous manner.
CSNE’s accuracy depends on the existence of sufficiently powerful structural pri-
ors for modeling signed networks, currently unavailable in the literature. Thus, as
a second main contribution, which we find to be highly valuable in its own right,
we also introduce a novel approach to construct priors based on the Maximum
Entropy (MaxEnt) principle. These priors can model node polarity (tendency to
make more positive/negative connections) and signed triangle counts (a measure
of the degree to which structural balance holds in a network).

Experiments on a variety of real-world networks confirm that CSNE outper-
forms the state-of-the-art on sign prediction tasks. Moreover, the MaxEnt priors
on their own, while less accurate than full CSNE, achieve accuracies competitive
with the state-of-the-art at very limited computational cost. Thus, they provide an
excellent runtime-accuracy trade-off in resource-constrained scenarios.

6.1 Introduction

In recent years, signed networks have become prominent in online media repre-
senting friend/foe relations [1], trust networks describing trust/distrust [2], natu-
ral language processing for modeling synonyms and antonyms [3], and sentiment
analysis denoting positive or negative opinions [4]. Signed networks are powerful
data representations describing complex interactions between heterogeneous enti-
ties represented as nodes (or vertices). Generally, we refer to these interactions or
node-pair connection as edges or links. In contrast to classical networks, where
links simply denote a relation between entities, in signed networks these relations
can be ‘positive’ (e.g., friend, trust) or ‘negative’ (e.g., foe, distrust).

An important task on signed networks is the prediction of signs between node-
pairs for which this sign is unknown. This contrasts with link prediction, where
the purpose is to predict whether any given node-pair with unknown link status
should be linked or not. Sign prediction is an important problem in practice owing
to the high cost of acquiring information on the signs in many domains. In social
networks, for example, interactions between users (e.g., messages exchanged, or
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connections made) can be efficiently tracked. Unveiling the positive or negative
nature of the relations between users (i.e. edge signs) from these interactions,
however, is more challenging. In a trust network it may be easy to keep track of
who engaged in a transaction with whom, but much less easy to understand the
mutual trust relations underlying these transactions. Note that sign prediction not
only allows one to predict the sign of a link in the network, it also allows one
to predict the sign of a link the existence of which is not established. In social
networks, for example, this would allow one to assess whether two people are
likely to become friends or foes if introduced to each other. Sign prediction has
thus been the topic of many recent studies [5–8].

A particular class of approaches extensively used for the analysis of unsigned
networks consists of representation learning methods, also called network embed-
ding methods [9, 10]. These techniques model nodes as low-dimensional vectors in
IRd. The underlying idea is that similar nodes in the graph are mapped to close-by
vectors in the embedding space. Using these representations, traditional machine
learning methods can be applied on network data to perform downstream tasks
such as link prediction [11, 12], information diffusion [13–15], and node classifi-
cation [16].

Despite their success, however, unsigned network embedding techniques are
not directly applicable to signed networks. Indeed, in signed networks node-pairs
can have three possible states: unlinked, positively linked, and negatively linked.
Unsigned network embedding methods only consider two possible states (unlinked
and linked). Thus, to apply them unaltered to signed networks, one would have to
ignore the distinction between two of the three states, e.g., ignoring the difference
between negatively linked and unlinked. This is problematic, as the semantics of
these states are often very different. For example, unlinked node-pairs are often to
be interpreted as having an unknown sign. Moreover, for many signed networks it
may be useful to account for balance theory [17] in the model, which is concep-
tually impossible without distinguishing these three possible states of node-pairs.
Balance theory suggests that triads with an odd number of negative connections
are unstable and, thus, less likely to form or persist over time. For example, in a
trust network structural balance means one is less likely to trust someone who is
distrusted by a friend.

To overcome the aforementioned difficulties, several embedding methods for
signed networks have been proposed, such as SiNE [6], Signet [3] and SNE [5].
These methods adopt random walk or probabilistic strategies to learn the struc-
ture of signed networks and have been shown to outperform unsigned embedding
methods for downstream tasks, such as sign prediction. Nevertheless, these meth-
ods present two major drawbacks. On one hand, they often impose constraints on
the learning process that strictly enforce status or balance theories, even though
these theories generally only hold to a certain extent [18]. On the other hand,
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they often suffer from overfitting as only the connected node-pairs are used in the
embedding learning process.

In this context, we propose a novel probabilistic approach which we coin Con-
ditional Signed Network Embedding (CSNE). The idea of CSNE is to find an
embedding for the nodes in the network that is maximally informative of the signs
in the network conditioned on a probabilistic prior for these signs. These two
distributions are then combined in a rigorous manner. The rationale is the observa-
tion that embeddings are often unsuited for representing complex structural infor-
mation, while they are strong at representing fine-grained local information [19].
Thus, if we are able to use a probabilistic prior to represent structural information
about the network, both types of information can be effectively leveraged for sign
prediction. Representing structural and fine-grained information separately has the
additional advantage of allowing us to conveniently learn the prior from data, i.e.
learn the extent to which structural balance and other properties hold for each net-
work. Moreover, this approach reduces the amount of information the embedding
must represent. This, in turn, allows CSNE to use lower embedding dimensionali-
ties, without compromising accuracy, and effectively prevent overfitting.

More specifically, inspired by Conditional Network Embedding (CNE) [10],
we construct a likelihood function for the embedding (i.e. a distribution for the
signs conditional on the embeddings), and infer the embedding using the Maxi-
mum Likelihood principle. The key idea of CSNE is to construct this likelihood
function using Bayes rule from a prior distribution for the signs, and a conditional
distribution for the embedding conditioned on the signs. This approach allows
us to conveniently model structural information in a suitable prior while the em-
bedding itself can focus exclusively on learning fine-grained local connectivity
relations between nodes that are more easily expressed in a metric space.

CSNE could work, at least in principle, with any prior for the signs. Yet, in
this chapter we propose a novel approach for inferring such priors. Our flexible ap-
proach can accommodate different types of structural information, however, in this
chapter we focus on two particular types that have the potential to significantly im-
prove sign prediction performance. The first is that within a network, some nodes
may have a more positive (or negative) inclination than others. When modeling,
for instance, social interactions, certain users will be liked more often, while oth-
ers are disliked more often depending on their personality, ideology etc. For new
connections formed by these users, we may expect such tendency to persist. We
refer to this underlying tendency as the polarity of a node. The second is that struc-
tural balance rarely holds exactly, but it may hold to a certain extent. The extent
to which it holds can be quantified in terms of the number of balanced triangles
(where structural balance holds) versus the number of unbalanced triangles (where
it does not hold) in the network. For example, if trust in a trust network is being
breached at a high rate, structural balance will hold less strongly. Indeed, even if in
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an equilibrium situation structural balance would hold, occasional breach of trust
can disrupt this balance.

Unfortunately, no approaches have been proposed in the literature modeling
such information, for use as a prior in CSNE. Thus, building upon recent work on
efficient Maximum Entropy (MaxEnt) models for unsigned graphs [20], we show
how both polarity and the degree to which structural balance holds can be modeled
in an accurate and highly scalable manner. This approach is a second main result
in this chapter.

The main contributions of this chapter are:

• Overcoming conceptual and technical challenges we propose a new prob-
abilistic method for signed network embedding and sign prediction. Our
method, which we coin Conditional Signed Network Embedding (CSNE)
computes the most informative embeddings w.r.t. a prior on the network
structure.

• We design a new edge-independent MaxEnt prior specifically for signed net-
works. This prior models two key structural properties of signed networks:
the proportion of positive to negative connections of each node or node po-
larity and the number of balanced and unbalanced triangles formed by each
edge or triangle counts.

• We provide extensive experiments, comparing with existing methods for
signed network embedding and sign prediction.

The benefits of these contributions are as follows:

• CSNE is a conceptually novel and mathematically rigorous probabilistic ap-
proach to signed network embedding, capable of modeling both structural
and fine-grained information. Its modular design means that future research
developments on priors for signed networks have the potential to further
boost CSNE’s performance.

• The proposed MaxEnt prior, which is conceptually simple and intuitive, is
extremely efficient to compute (an order of magnitude faster than SIGNet,
the fastest state-of-the-art method for sign prediction). When used on its
own for sign prediction, it already uniformly outperforms all state-of-the-art
baselines evaluated across a diversity of commonly used benchmark net-
works.

• CSNE with the proposed MaxEnt prior further improves upon this accu-
racy for sign prediction, while requiring computation times equal to or only
slightly higher than the fastest state-of-the-art baseline method (SIGNet).
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The remainder of the chapter is organized as follows. In Section 6.2, we briefly
discuss the related work. In Section 6.3, we introduce our proposed method. For
ease of exposition, we first discuss the MaxEnt prior, before discussing CSNE and
how the prior can be used as a building block in CSNE. Our experimental setup is
described in Section 6.4. We report the results in Section 6.5. Finally, Section 6.6
concludes this chapter and summarizes open questions.

6.2 Related work

This chapter is primarily related to the analysis of signed networks and the pre-
diction of missing signs [5–8]. Our modular approach, additionally, incorporates
ideas from two related fields.

First, CSNE connects to a large body of research in the field of unsigned net-
work representation learning. Early approaches such as Laplacian Eigenmaps [21]
and Locally Linear Embeddings [22] were motivated by dimensionality reduction.
More recently, embedding methods have been used to bridge the gap between
traditional machine learning and network structured data [23–25]. Methods such
as DeepWalk [9] and Node2vec [11] have been proposed to learn embeddings
by leveraging a random walk strategy on the graphs. Other approaches such as
GraRep [26] and AROPE [27] aim to model high order proximities between nodes
in the networks. A recent probabilistic approach, CNE, can efficiently incorporate
prior information in the embedding learning process. This method has also been
shown in a recent empirical study to largely outperform other embedding methods
for the task of link prediction [28]. For these reasons, our research incorporates
ideas introduced in CNE to the context of signed network embedding. As men-
tioned in the previous section, however, these methods are not directly applicable
to the analysis of signed network.

Second, the proposed probabilistic approach for modeling structural proper-
ties of signed networks borrows ideas from the field of maximum entropy ran-
dom graph models [29–31], and most directly from [32]. Our approach addition-
ally incorporates recent results from [20] to address a fundamental challenge of
these models: the difficulty of modeling structural properties, which tend to intro-
duce dependencies between the variables involved, without losing computational
tractability.

Several methods for the specific task of signed network embedding have been
proposed. One of the first approaches in this field is SNE [5], which computes
embeddings through a log-bilinear model that incorporates link types in a given
path in the network. More recent approaches [3, 6, 33], impose constraints in the
optimization process to enforce different notions of structural balance. SiNE [6]
proposes a deep learning framework for signed network embedding and incorpo-
rates the extended structural balance theory [34]. SIGNet [3] is a scalable node
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embedding method for signed networks. Akin to CSNE, this method aims to in-
corporate the notion of balance theory introduced in [17]. Targeted node sam-
pling [35], which extends negative sampling techniques from classical word2vec
algorithms, is used to maintain structural balance in higher order neighborhoods.
And in [33], the authors propose SSNE, a method for embedding directed signed
networks that considers status theory ( [2, 36]) in its learning phase. The status of
a node is determined based on positive and negative links and a ranking is com-
puted. In contrast to these methods, CSNE does not assume a notion of balance
must hold exactly. Instead, our method learns the extent to which balance holds
for every network. Finally, in another recent work, two methods nSNE and lSNE
were proposed for learning node and edge embeddings in signed networks [8].

6.3 Method
In this section we introduce CSNE. We start in Section 6.3.1 by introducing basic
concepts and notation for signed networks and sign prediction. In Section 6.3.2,
we recap some prior research on MaxEnt graph models and introduce a novel edge-
independent MaxEnt distribution that allows one to efficiently model polarity and
different types of triangle counts (to model the extent to which structural balance
holds) in signed networks. Finally, in Section 6.3.3 we describe the overall CSNE
method, and how the MaxEnt model can be used as a building block thereof. In
what follows, we limit our analysis exclusively to undirected networks.

6.3.1 Concepts and notation

Signed networks We represent an undirected signed network by G = (V,E)

with |V | = n nodes and |E| = m edges where E ⊆
(
V
2

)
. Each node i ∈ V

denotes an entity and edges {i, j} ∈ E represent unordered relations between two
entities i and j. Edges {i, j} can describe positive or negative relations in signed
networks. A function s : E → {−1,+1} is used to map edges to their respective
signs. We denote the set of positive links i.e. {{i, j} ∈ E | s({i, j}) = 1} by E+,
and negative links {{i, j} ∈ E | s({i, j}) = −1} by E−. The adjacency matrix
of a signed network G is represented as Â ∈ A = {−1, 0, 1}n×n with entries
âij ∈ {−1, 0, 1}, and with âij = 0 if {i, j} 6∈ E and âij = s({i, j}) otherwise.1

Sign prediction This task amounts to, given an observed signed network G =

(V,E), inferring the signs s({i, j}) ∈ {−1, 1} of unobserved node-pairs {i, j} ∈
1In some settings, it might be useful to consider a fourth possible state of a node-pair {i, j} ∈

(V
2

)
:

linked (i.e. {i, j} ∈ E), but with unknown sign (i.e. s({i, j}) unknown). Although semantically this
is different, from a methodological perspective the distinction between such node-pairs and unlinked
node-pairs is irrelevant, as the only node-pairs used for training in any existing method (including ours)
are those for which the sign is known.
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(
V
2

)
\ E.

6.3.2 A MaxEnt distribution for edge signs

Maximum entropy random graph models are statistical models used for network
inference based on the principle of maximum entropy [29]. This principle states
that the best estimate of a distribution given certain constraints is the one with high-
est entropy amongst those satisfying said constraints. In practice, these constraints
are often derived from empirical data.

In the context of unsigned networks, MaxEnt modeling works as follows.
Given an observed binary adjacency matrix Â ∈ Abin = {0, 1}n×n and a set of
statistics (e.g., node degrees, assortativity, densities of particular blocks, etc.) con-
sidered characteristic for this network, one seeks the MaxEnt distribution P over
random A ∈ Abin such that the expected values of these statistics are equal to the
values empirically observed on Â. For instance, one can seek the MaxEnt distri-
bution P which preserves the node degrees of Â i.e. EP [

∑
iAi,j ] =

∑
i Âi,j .

Here, our objective is to learn a MaxEnt distribution P (A) for the signs of all
node-pairs {i, j} ∈

(
V
2

)
. We use a similar formulation to that of MaxEnt models

for unsigned graphs, with a key difference: the random variables are now the signs
s({i, j}) instead of whether a node-pair is connected or not. In summary, we
aim to find a distribution over the set Asign = {−1, 1}n×n of all possible signed
matrices A of size n, with expected values for certain important statistics equal to
their values on the empirically observed signs. Of course, as the signs are known
only for the linked node-pairs, the statistics are computed based on the linked
node-pairs only.

As observed by various authors [20, 37], two major drawbacks when fitting
MaxEnt models are scalability and generalization to arbitrary constraints. Thus,
a key challenge in the development of MaxEnt models is to identify statistics that
are characteristic for the data, while using them as constraints is computationally
tractable. We already argued that node polarity statistics, and statistics on the num-
ber of balanced/unbalanced triangles, are both useful to use as constraints. Now,
we will show that their use as constraints in MaxEnt modeling is computationally
tractable as well. Our approach is based on recent work which identifies a broad
class of statistics that can be used to formulate these constraints [20].

Let F ∈ Rn×n denote a real-valued matrix with fij the element on row i and
column j, referred to as a feature matrix. Rephrased for our current context, in [20]
the authors then demonstrate that constraints on statistics of the form

γ(A) ,
∑
{i,j}∈E

fijaij , (6.1)

can be used efficiently for MaxEnt modeling. Note that these statistics must satisfy
the requirement of pertaining to the edges only such that their empirical values
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can be computed. They can also be specialized to compute polarity and triangle
statistics. Next, we introduce n feature matrices which we specialize to compute
the polarity of each node and three additional matrices for computing the number
of triangles with particular sign patters.

Polarity We formally define the polarity of a node as the sum of the signs of
edges incident to this node. To model the polarity of each node l ∈ V , we propose
to use one feature matrix Fl as an indicator function of the lth row, i.e.

f lij =

{
1, iff i = l

0, otherwise.
(6.2)

Indeed, for such a feature matrix,
∑
{i,j}∈E f

l
ijaij =

∑
j:{l,j}∈E alj , equal to the

polarity of node l as required. Let us denote the corresponding polarity statistic
for node l as γl.

Counting triangles with various sign patterns In addition to the polarity statis-
tics (one per node), we also use three statistics that jointly describe how many
triangles the network contains with three positive signs (+++ triangles), with two
positive signs (++- triangles), with one positive sign (+-- triangles), and with all
negative signs (--- triangles). Note that the total number of triangles is fixed, so
three of these constraints will suffice. Moreover, using any linear combination of
these statistics would be equivalent. In particular, it is mathematically convenient
to count the following three statistics which jointly can be used:

• Triangle statistic γ++ This statistic is defined as the number of +++ trian-
gles minus the number of ++- triangles. This can be counted in the form of
Eq. (6.1) by defining fij as the number of wedges, or paths of length two
between i and j, with two positive signs, or formally:

f++
ij =

∑
k:{k,i}∈E∧{k,j}∈E

âik + 1

2

âkj + 1

2
. (6.3)

Then
∑
{i,j}∈E f

++
ij âij =

∑
{i,j}∈E+ f

++
ij −∑{i,j}∈E− f

++
ij , which is

indeed equal to the number of +++ triangles minus the number of ++- trian-
gles.

• Triangle statistic γ+− This statistic is defined as the number of ++- trian-
gles minus the number of +-- triangles. It can be computed as in Eq. (6.1)
by defining f+−

ij as the number of wedges with differing signs that connect
i and j, or formally:

f+−
ij =

∑
k:{k,i}∈E∧{k,j}∈E

1− âikâkj
2

. (6.4)
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• Triangle statistic γ−− This statistic is defined as the number of +-- triangles
minus the number of --- triangles. It can be computed as in Eq. (6.1) by
defining f−−ij as the number of wedges with two minus signs connecting i
and j, or formally:

f−−ij =
∑

k:{k,i}∈E∧{k,j}∈E

1− âik
2

1− âkj
2

. (6.5)

Note that these three statistics jointly, together with the fixed overall triangle count,
indeed uniquely define the number of triangles with any sign pattern. For example,
denoting the total number of triangles as t, it is easy to verify that the number of
++- triangles can be computed as t+γ−−+2γ+−−γ++

4 .
Thus the MaxEnt distribution can be found by solving the following convex

optimization problem:

arg max
P (A)

−EP [logP (A)], (6.6)

s.t. EP [γl(A)] = cl ∀l = 1, . . . , n,

EP [γ++(A)] = c++,

EP [γ+−(A)] = c+−,

EP [γ−−(A)] = c−−,

where cl = γl(Â), c++ = γ++(Â), c+− = γ+−(Â), and c−− = γ−−(Â) denote
the empirically observed values of the statistics.

As shown in [20], the formulation in Eq. (6.6) factorizes as a product of in-
dependent Bernoulli distributions. The solution, adapted to the case of signed
networks, is of the form:

P (A) =
∏

{i,j}∈E

P (aij = 1)
âij+1

2 (1− P (aij = 1))1−
âij+1

2 . (6.7)

Moreover, the ‘success probabilities’ P (aij = 1) for node-pairs {i, j} are equal
to:

P (aij = 1) =
exp(

∑n
l=1 f

l
ijλl + f++

ij λ++ + f+−
ij λ+− + f−−ij λ−−)

1 + exp(
∑n
l=1 f

l
ijλl + f++

ij λ++ + f+−
ij λ+− + f−−ij λ−−)

,

(6.8)
where λl, λ++, λ+−, and λ−− denote the Lagrange multipliers associated with
the respective constraints in Eq. (6.6). The optimal values of these Lagrange mul-
tipliers can be found by unconstrained minimization of the convex Lagrange dual
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function:

L(λ1, . . . , λM ) = (6.9)∑
{i,j}∈E log(1 + exp(

∑n
l=1 f

l
ijλl + f++

ij λ++ + f+−
ij λ+− + f−−ij λ−−))

−
n∑
l=1

clλl − c++λ++ − c+−λ+− − c−−λ−−.

This optimization problem can be solved efficiently for very large networks by us-
ing equivalences between the Lagrange multipliers [20]. In our proposed model,
this reduces the number of free variables to O(

√
n). Moreover, we can further

improve efficiency by limiting our computations to the connected node-pairs for
which signs are known. Finally, we observe that after fitting the MaxEnt prior,
a probability for each node-pair of being positive or negative is obtained. These
unique probabilities, determined by the polarities of the connected nodes and tri-
angle counts, can be directly used for sign prediction.

6.3.3 Conditional Signed Network Embedding

As introduced in Section 6.1, the MaxEnt model is required as a prior for CSNE.
For ease of exposition, the prior was discussed in the previous section. In the
current section, we introduce CSNE proper and explain how the MaxEnt prior
is an integral component. However, before diving into the details of CSNE, we
formally define the task of signed network embedding.

Embedding approaches learn a function g : V → IRd which maps nodes in
the network to d-dimensional real-valued vectors. These representations are gen-
erally denoted as X = (x1,x2, . . . ,xn)′ ∈ IRn×d, where xi is the embedding
corresponding to node i. A common modeling assumption for NE methods is that
similar nodes in the network must be mapped to close-by representations in the
embedding space. For the particular case of signed network embedding, we ad-
ditionally require the function g : V → IRd to map pairs {i, j} ∈ E− to more
distant representations xi and xj in the embedding space, than pairs {i, j} ∈ E+.
At the same time, unlinked node-pairs are commonly not used in the embedding
learning process i.e. their distance in unimportant.

CSNE aims to learn the most informative embedding X for a given signed
network G = (V,E) with adjacency matrix Â. In simple terms, the objective is
to find the embedding X that maximizes the likelihood of observing the signs on
the edges in Â. We formulate this optimization task as a Maximum Likelihood
Estimation (MLE) problem, argmaxXP (A|X). Akin to [10], we do not postu-
late the likelihood function P (A|X) directly. Instead, we do postulate the density
function of the embedding X conditioned on the signed network, i.e. p(X|A).
Then, we combine p(X|A) with the MaxEnt prior discussed in Section 6.3.2,
P (A), by means of the Bayes formula. The likelihood function, thus, follows
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as P (A|X) = p(X|A)P (A)
p(X) . Independently modeling the density function of the

embedding conditioned on the network and the MaxEnt distribution on the signs
of G, has one major advantage. The prior, can encode properties of the network
which do not have to be reflected by the learned embedding X. Effectively, this
means that CSNE can a make better use of the embedding space.

The MaxEnt prior P (A) has already been introduced in Section 6.3.2 and its
expression given in Eq. 6.7. For postulating the conditional density p(X|A), we
only need to model the distances between connected node-pairs {i, j}. As met-
ric, we use the Euclidean distance between the embeddings of the end nodes, i.e.
dij , ||xi − xj ||2. As already discussed, we require the distances between posi-
tively connected node-pairs {i, j} ∈ E+ to be lower than those between negatively
connected pairs {i, j} ∈ E−. To model this, we use two half-normal distribu-
tions with locations at 0 and different spread parameters. Distances between pairs
{i, j} ∈ E+ are generated from a half-normal distribution with spread parameter
σ1 and between pairs {i, j} ∈ E− from a similar distribution with parameter σ2,
where σ1 < σ2. Thus, we have:

p(dij | {i, j} ∈ E+) = N+

(
dij |σ2

1

)
, (6.10)

p(dij | {i, j} ∈ E−) = N+

(
dij |σ2

2

)
. (6.11)

The conditional density p(X|A) can then be expressed as follows:

p(X|A) =
∏

{i,j}∈E+

N+

(
dij |σ2

1

)
·

∏
{i,j}∈E−

N+

(
dij |σ2

2

)
. (6.12)

The resulting likelihood function to optimize is:

P (A|X) =
p(X|A)P (A)

p(X)
=

p(X|A)P (A)∑
A p(X|A)P (A)

=
∏

{i,j}∈E+

N+

(
dij |σ2

1

)
P (aij = 1)

N+ (dij |σ2
1)P (aij = 1) +N+ (dij |σ2

2) (1− P (aij = 1))

·
∏

{i,j}∈E−

N+

(
dij |σ2

2

)
(1− P (aij = 1))

N+ (dij |σ2
1)P (aij = 1) +N+ (dij |σ2

2) (1− P (aij = 1))
. (6.13)

In order to maximize the likelihood function Eq. (6.13) we use block stochastic
gradient descent. The derivation of the gradient follows closely the one in [10].
Thus, we refer the user to this manuscript for more details. The gradient of the
log-likelihood function in CSNE w.r.t. the embedding xi of node i reads:
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∂ log(P (A|X))

∂ xi
= 2

∑
j:{i,j}∈E+

(xi − xj)P (aij = −1|X)

(
1

σ2
2

− 1

σ2
1

)

+ 2
∑

j:{i,j}∈E−

(xi − xj)P (aij = 1|X)

(
1

σ2
1

− 1

σ2
2

)
. (6.14)

Intuitively, the first summation in the gradient expression pulls the embedding
of each node close to the embeddings of positively connected neighbors. The
second summation, on the other hand, pushes this embedding far from those of
negatively connected nodes. Finally, after fitting the model, sign predictions can
be directly extracted from the posterior probability matrix.

6.4 Experimental setup

To evaluate the performance of CSNE, we conducted experiments on six networks
from four sources, which we introduce in Section 6.4.1. We compared the em-
pirical observations for CSNE with four recent methods for signed network em-
bedding that are discussed in Section 6.4.2. Specifics of the test setup, including
hyperparameters settings for all methods are outlined in Section 6.4.3. Repro-
ducibility details are provided in Section 6.4.4.

6.4.1 Datasets

We performed sign prediction evaluation using 6 different real-world datasets.
The first two networks constitute snapshots from the Slashdot 2 [36] social news
website, where users can create friends (positive links) and foes (negative links).
These snapshots, Slashdot(a) and Slashdot(b), were obtained in November 2008
and February 2009, respectively. Epinions [36] is a product review website, where
users can trust (positive links) or distrust (negative links) each other. Wiki-rfa [38]
contains votes of Wikipedia users endorsing or opposing candidates for adminship.
Neutral votes, also present in the data, are not used. The dataset contains informa-
tion on votes between 2003 and 2013. Lastly, we used two Bitcoin cryptocurrency
trust networks, Bitcoin-α 3 and Bitcoin-otc 4. These networks, obtained from [39],
were gathered in order to identify transactions with fraudulent users.

Directed networks were preprocessed to remove the directions of links. In
the experiments, we also used the largest connected components only and ignored
self-loops. In Table 6.1 we summarize some key network statistics.

2http://slashdot.org
3http://www.btcalpha.com
4https://www.bitcoin-otc.com

http://slashdot.org
http://www.btcalpha.com
https://www.bitcoin-otc.com


110 CHAPTER 6

Table 6.1: Main statistics of the networks used for sign prediction evaluation.

Data Slashdot(a) Slashdot(b) Epinions Wiki-rfa Bitcoin-α Bitcoin-otc

|V | 77350 82140 131828 11258 3783 5881
|E| 468554 500481 711210 171562 14124 21492
|E|/|V | 12.11 12.18 10.78 30.47 7.46 7.30
% |E+|/|E| 75% 76% 83% 77% 90% 85%
% Bal. Tri. 85% 86% 89% 73% 83% 85%

6.4.2 Baseline methods

To be able to interpret the performance of CSNE in the context of existing methods,
we performed the same sign prediction experiments using the following methods:

SiNE [6] uses a deep neural network architecture to learn node embeddings.
The objective function optimized by SiNE satisfies the structural balance theory.
In this method, nodes are expected to be closer to their friends than their foes. If
no negative connections exist for specific nodes, virtual nodes and negative links
to these are generated.

nSNE [8], similarly to SiNE, uses a deep neural network to learn node embed-
dings by leveraging second order proximities in the graph. At the same time, the
method learns a mapping from node embeddings to edge embeddings.

lSNE [8] is a simplified version of nSNE where the mapping function from
node embeddings to edge embeddings is assumed to be linear. The function can
therefore be learned via gradient descent.

SIGNet [3] uses a random walk strategy to determine node similarity on the
graph and the Skip-Gram model to obtain node embeddings. The authors propose
an extension to the negative sampling used in word2vec models to perform targeted
node sampling and accommodate the main concepts of structural balance theory
(i.e., balanced triangles are more likely than unbalanced triangles).

6.4.3 Sign prediction evaluation

General setup As introduced in Section 6.3.1, sign prediction amounts to iden-
tifying the signs of unobserved connections between nodes in a given network.
For performance evaluation of sign prediction, it is common to divide the given
set of edges (E) into two disjoint subsets: the train edges (Etrain) are used in the
model learning phase, while the test edges (Etest) are used for assessing the pre-
diction performance of the methods. The train and test sets are constructed such
that Etest ∪ Etrain = E, and Etest ∩ Etrain = ∅. At training time, edges in
Etest are removed and the corresponding value in the adjacency matrix is set to
0. At test time, the model is evaluated on all {i, j} ∈ Etest and predictions com-
pared to âij . In our evaluation, we selected 80% of the total edges {i, j} ∈ E for
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training (Etrain) and the remaining 20% for testing (Etest). Train edges were se-
lected regardless of their sign, using the default sampling strategy of the EvalNE
toolbox [40], which ensures that the training network remains connected. The sets
Etrain and Etest are expected to contain similar proportions of positive and nega-
tive edges as the original graph. Unless otherwise specified, all results reported are
averages over three independent repetitions of the experiment with different train
and test sets.

Edge embeddings For prediction, nSNE, lSNE and our proposed methods can
directly return the probability of an edge {i, j} of being positive or negative. For
SiNE and SIGNet, however, this is not the case. These methods only return node
embeddings from which predictions must be derived. As shown in [41] an effective
approach for obtaining predictions, in this case, is through binary classification on
the edge embeddings derived from node embeddings. A classifier is first trained on
the embeddings of edges in Etrain and their corresponding signs {−1, 1}. Then,
predictions for node-pairs in Etest can be computed. To obtain the embedding
of a link {i, j} from node representations one can apply different operators ◦ to
the embeddings of the incident nodes i and j i.e. xij = xi ◦ xj . In our evalua-
tion, we selected the operators introduced in [11], namely Average ((xi + xj)/2),
Hadamard (xi · xj), Weighted L1 (|xi − xj |) and Weighted L2 (|xi − xj |2). The
choice of operator was tuned as additional method hyperparameters for SiNE and
SIGNet and Logistic Regression with 5 fold cross validation of the regularization
parameter was used as binary classifier.

Hyperparameters Throughout our evaluation, we set number of dimensions
|d| = 20 for all methods. For CSNE we fixed the spread parameters σ1 = 1

and σ2 = 2. We ran SiNE, nSNE, lSNE and CSNE for 500 iterations. This
value was empirically found to provide best results in preliminary experiments.
Fitting a MaxEnt prior is a convex problem for which we use second order in-
formation, therefore, we limited the number of iterations in this case to 20. We
performed method hyperparameter tuning on a validation set obtained by further
splitting Etrain in 80% training and 20% validation. The specific method hyper-
parameters we tuned are as follows. For SiNE, we tuned δ = δ0 ∈ {0.5, 1} and
the edge embedding operator. For SIGNet we only tuned the edge embedding
operator. For nSNE and lSNE, we varied λ ∈ {5e − 5, 2.5e − 5, 1e − 5} and
β ∈ {0.5, 0.05, 0.005, 0}. Finally, for CSNE, including the MaxEnt priors, we did
not tune any hyperparameters.

Evaluation metric We evaluated the methods in terms of Area Under the Curve
for the Receiver Operating Characteristic (AUC-ROC). This metric is popular for
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binary classification tasks and well suited for prediction in the case of class imbal-
ance. Let TP, TN, FP and FN be the elements of a confusion matrix. Then, we
can compute the true positive rate as TPR = TP

TP+FN and the false positive rate
as FPR = FP

FP+TN . The AUC is then the area under the ROC curve created by
plotting the true positive rate (TPR) against the false positive rate (FPR) at various
thresholds.

6.4.4 Reproducibility notes

To ensure the reproducibility of our experimental evaluation we used the EvalNE
toolbox [40]. This Python toolbox aims to simplify and standardize the evalua-
tion of network embedding methods on various downstream tasks. EvalNE uses
configuration files that detail the complete evaluation setup. Our configuration file
together with an implementation of CSNE and instructions for replicating our ex-
periments are available online 5. This file, together with the datasets and methods
reported in Sections 6.4.1 and 6.4.2 allows full reproduction of our experiments.

6.5 Experimental results

In this section we present and discuss quantitative and qualitative experimental
results. Quantitative results, on one hand, are shown for the task of sign prediction.
A qualitative evaluation, on the other, is performed through visualization of the
signed embeddings learned by CSNE on a small network representing relations
between characters in the Harry Potter novels.

6.5.1 Sign prediction performance

We start in Table 6.2 by presenting the AUC scores for each method on all evalu-
ated datasets. For CSNE we present the results using two MaxEnt priors with dif-
ferent sets of constraints, i.e. node polarity only (pol.) and node polarity combined
with balanced/unbalanced triangle counts (pol.+tri.). These MaxEnt priors, as dis-
cussed in Section 6.3.2, can be independently used for sign prediction. Therefore,
we also include their performance in Table 6.2 as Prior(pol.) and Prior(pol.+tri.),
respectively.

Our results showcase the superior performance of CSNE over the baseline
methods on all datasets. The largest difference in AUC to the best performing
baseline (2.7%) can be seen for Slashdot(b) while the lowest (0.4%) can be found
for Epinions. Additionally, CSNE exhibits a more consistent performance on dif-
ferent networks as compared to other baselines. SIGNet, the best performing base-
line on Bitcoin-α, performs significantly worse than CSNE, nSNE and lSNE on

5https://github.com/aida-ugent/CSNE

https://github.com/aida-ugent/CSNE
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Table 6.2: Sign prediction AUC for all networks. Best performing method per dataset is
highlighted in bold.
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Figure 6.1: Execution times of all methods for sign prediction on each evaluated network.
Gray boxes indicate the total runtime per method on all datasets.

Wikipedia. Similarly, nSNE, the best baseline on Slashdot(a), Slashdot(b) and
Epinions obtains poor results on Bitcoin-α and Bitcoin-otc.

The results in Table 6.2 also show that using balanced and unbalanced trian-
gle counts as additional structural constraints to the node polarity in the MaxEnt
prior, always results in improved AUC scores. This effect is most prominent when
comparing Prior(pol.) and Prior(pol.+tri.), where the latter obtains higher accu-
racy scores across the board. A similar, yet less prominent effect can be observed
when these priors are used as part of CSNE. Another interesting observation from
Table 6.2 is that the proposed Prior(pol.+tri.) already provides state-of-the-art
results while being much faster than other methods, as shown by our runtime ex-
periments.

In Figure 6.1 we present the execution times in seconds (all experiments were
run on a machine equipped with an Intel(R) Core i7-7700K processor and 32GB of
RAM), including hyperparameter tuning, for all methods. For CSNE, the results
include prior computation. Each colour in the figure represents a different network
and the gray boxes indicate, per method, the corresponding cumulative execution
times on all networks (i.e. sum of all colored bars). An immediate observation
from Figure 6.1 is that the total execution time of SiNE (gray bar in the Figure 6.1),
is approximately two orders of magnitude larger than those of other methods. The
cumulative execution times on all networks of the two MaxEnt priors, on the other
hand, are approximately one order of magnitude lower than those of the fastest
evaluated baseline, SIGNet. We also observe that the two CSNE variants are not
significantly slower, on most networks, than other baseline methods.

In Figure 6.2 we group the methods by dataset and present their execution
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Figure 6.2: Relative execution times of all methods compared to the fastest approach on
each dataset (lower is better).

times relative to the fastest method in each case. Firstly, we observe that Prior(pol.)
is the fastest method on all networks and that Prior(pol.+tri.) is never more than
2x slower. The remaining methods, with the exception of SiNE, are between 10x
and 50x slower. For SiNE, we observe execution times that are up to 2000 times
those our proposed Prior(pol.) approach on the two Slashdot and the Epinion
networks. Finally, we observe that the relative speedup of Prior(pol.) over the
baselines becomes smaller as the network sizes increase. This effect is due to par-
allelization, present in the baseline implementations and not in the MaxEnt prior,
which becomes more relevant for larger networks. Parallelization of the MaxEnt
prior is left as future work.

6.5.2 Hyperparameter sensitivity

We evaluated the sensitivity of CSNE with respect to three hyperparameters, i.e.
train set size, embedding dimensionality and the spread parameter σ.

Train set size First, we assessed the generalization performance of the proposed
method from different amounts of initial training data. We did this by dividing the
set of all graph edges E in sets Etrain and Etest of different sizes. We started
by using 35% of all edges for training and 65% for testing. We then gradually
increased the size of Etrain to 50%, 65% and finally 80% while the size of Etest
scaled accordingly 50%, 35% and 20%. Using the same setting as in Section 6.4.3
we performed sign prediction evaluation for these different edge splits. For com-
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Figure 6.3: Average sign prediction AUC over all evaluated networks for varying sizes of
Etrain - Etest. A black line over each bar denotes the 95% confidence interval for the

estimate of the average performance.

parison, we also included the AUC scores of the baseline methods. The average
AUC scores of each method over all evaluated networks, are summarized in Fig-
ure 6.3. The 95% confidence intervals are also presented for each case.

The results show that the performance of lSNE, nSNE and SIGNet degrades
significantly as the size of Etrain decreases. CSNE, the MaxEnt prior and SiNE,
on the other hand, are more robust to changes in the size of Etrain. The tight
confidence intervals for these three methods also indicate a consistent performance
across different datasets. For lSNE, nSNE and SIGNet these ranges are larger,
especially when little training data is available.

Embedding dimensionality Another fundamental parameter for signed network
embedding methods is the size of the resulting embeddings. We studied the per-
formance of CSNE w.r.t. the dimensionality for d ∈ {2, 4, 8, 16, 32}. The results,
depicted in Figure 6.4a, show a consistent performance of the method for all values
of this parameter. Even for values as low d = 2, the performance of out method is
excellent. This indicates that CSNE can be directly used for visualization without
the need to use additional tools.

Spread parameter σ The two σ parameters introduced in Section 6.3.3 deter-
mine, on one hand, the spread of the Gaussian distributions from which the dis-
tances between positively and negatively connected pairs are generated in Eq. (6.12).
These parameters also control the strength of the pull and push effects in Eq. (6.14).
Therefore, to understand the effect on performance of different values for these
parameters, we conducted and additional experiment. In this experiment, we set
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(a) (b)

Figure 6.4: Sign prediction AUC scores of CSNE(pol.+tri.) for (a) different embedding
dimensions d and (b) different values of σ2.

σ1 = 1, as this simply fixes the scale, and varied σ2 ∈ {2, 4, 8, 16, 32}. The re-
sults, summarized in Figure 6.4b, show the robustness of CSNE to changes of this
parameter. Only very large values of σ2 i.e. σ2 = 16 and σ2 = 32 appear to have
a slight effect on method performance. As such, σ1 = 1 and σ2 = 2 appear to be
good default values in most cases.

6.5.3 Convergence analysis

In this section we present and discuss the convergence of the MaxEnt prior and
of the complete CSNE approach. In Figures 6.5a and 6.5b we plot, for each
method, the sign prediction AUC against the gradient descent iteration number
on all datasets introduced in Table 6.1. In both cases, we used the joint polarity
and triangle count prior. Computing the MaxEnt prior amounts to optimizing a
convex function as discussed in Section 6.3.2. By leveraging second order infor-
mation, convergence is achieved in less than 20 iterations for all datasets as shown
in Figure 6.5a. In CSNE, maximizing the likelihood function is a non-convex op-
timization problem solved via block stochastic gradient descent. Convergence is
achieved in approximately 200 iterations as shown in Figure 6.5b.

6.5.4 A case study: Visualization

We also performed a qualitative evaluation of the CSNE embeddings on the popu-
lar Harry Potter network 6. Nodes in the graph correspond to characters in the nov-
els while edges denote friend or enemy relations extrapolated from the character
interactions throughout the novels. We preprocessed the original directed network
to obtain an undirected representation, extracted the main connected component

6https://github.com/efekarakus/potter-network/tree/master/data

https://github.com/efekarakus/potter-network/tree/master/data
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(a) (b)

Figure 6.5: Convergence of (a) the MaxEnt prior and (b) CSNE.

and removed self loops. The resulting network G contained n = 65 nodes and
m = 453 edges with an average degree of 14.

We computed a 2-dimensional embedding X ofG using CSNE with a MaxEnt
structural prior encoding node polarity and the number of balanced and unbalanced
triangles. We used 100 iterations to fit the prior and another 100 iterations to learn
the embeddings. We obtained an initial assessment of the embedding quality by
performing sign prediction for all edgesE ofG. The resulting AUC score is 0.994.

The embeddings learned by CSNE are presented in Figure 6.6 where blue links
denote friendship relations and red links denote enemy relations. The main pro-
tagonists and antagonists of the novels are presented as blue and red circles, re-
spectively. Two clear clusters can be identified, a larger one corresponding to the
protagonists and allies and a smaller one for the antagonists. The relations within
each cluster are mostly positive while between clusters are negative. To verify that,
as expected, positively connected nodes are, on average, closer to each other than
negatively connected ones, we used the Euclidean distance. The average Euclidean
distance obtained for all positively connected pairs {i, j} ∈ E+ is 0.745 with a
standard deviation of 0.525. For the negatively connected pairs, {i, j} ∈ E−, the
obtained distance is 3.360 ± 1.014. This experiment shows that CSNE is able to
effectively capture the structure of a signed network in dimensionalities as low as
d = 2. This also showcases the potential of CSNE for signed network visualiza-
tion.

6.6 Conclusions

In this chapter, we have presented a new probabilistic approach for learning rep-
resentations of signed networks with applications to visualization and sign pre-
diction. The proposed CSNE method solves an MLE problem which seeks the
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Figure 6.6: Plot showing the CSNE embeddings of the Harry Potter network. Enemity
relations between characters are highlighted in red, while friendships are highlighted in
blue. A subset of protagonists and antagonists are shown in blue and red, respectively.

embeddings that maximize the probability of observing the signs on the edges
of an input graph. Our optimization process models certain structural properties
of the data as a MaxEnt prior. Particularly, this prior captures node polarity and
structural balance i.e. as counts of balanced and unbalanced triangles. Our experi-
mental results indicate that CSNE can adequately model the specific properties of
signed networks and outperforms other baselines for sign prediction. Additionally,
we have showed that the proposed MaxEnt priors can also be directly used for sign
prediction, resulting in state-of-the-art AUC scores with runtimes up to 50x lower
than those of other baselines. Our work opens up several avenues for further re-
search and improvements. On one hand, more sophisticated MaxEnt priors can be
designed specifically for networks with particular structures, such as k-partiteness.
Another possible line of work is to tackle the extension of CSNE to directed signed
networks.
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7
Conclusions and Future Work

In this chapter, we first present the main conclusions of this dissertation. Then,
we summarize some of the limitations of the research conducted, propose a series
of possible extensions and improvements, and discuss other avenues for future
research opened by our work.

7.1 Conclusions

Throughout the chapters in this dissertation we have discussed some of the main
challenges related to the evaluation of network representation learning methods.
In particular, we focused on the ongoing reproducibility crisis, the complexity of
evaluation pipelines, lack of standardized evaluations and uncertainties regarding
the state-of-the-art. Then, we empirically assessed the effect of these challenges
on the progress in the field ranging from non-reproducible evaluations to limited
improvements in performance and robustness over an extended time frame.

More specifically, our work on the reproducibility of link prediction evalua-
tions highlighted the importance of discussing design choices such as data pre-
processing, edge and non-edge sampling, method implementations and evaluation
pipelines. Experimentally, we demonstrated that when these choices are not re-
ported, reproduced results can differ from published ones by up to 30% in AUC
scores (e.g. node2vec results in Table 2.2). With access to most of these design
choices, on the other hand, results are much more in line with those reported with
AUCs varying less than 1% on average (e.g. CNE results in Table 2.5). To ensure
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reproducibility and facilitate comprehensive reporting of all experimental design
choices, we introduced the EvalNE framework. Later, we presented an extension
of this toolbox to streamline performance and robustness evaluation of network
representations on all major downstream tasks including: node classification, link
prediction, sign prediction, network reconstruction and embedding visualization.
To further expand the EvalNE user-base, we also developed a graphical user in-
terface. This GUI allows practitioners to design and monitor evaluation in an
intuitive and interactive manner. Then, leveraging the EvalNE framework, we
conducted extensive performance and robustness evaluations where we attempted
to clarify the current state of research. In terms of performance we only found
minor improvements over the last few years. In our experiments, most of the eval-
uated approaches performed similarly, even when method hyperparameters were
tuned. Moreover, for downstream link prediction and network reconstruction, sim-
ple heuristics based on topological network properties performed on par with the
more complex representation learning models evaluated. Regarding robustness,
we found that most of the evaluated approaches are sensitive to poison attacks
on the input data. We also found only small differences in robustness between
different methods on the same downstream task, but large differences across dif-
ferent tasks. Specifically, we found node classification results to be less robust
than network reconstruction predictions. Simultaneously, these performance and
robustness evaluations also highlighted the potential of some new models. Build-
ing upon one such model, we also contributed a new probabilistic approach for
signed network embedding and sign prediction coined CSNE. The proposed model
combines ideas from statistical modeling, particularly exponential random graph
models, with first order embeddings to achieve state-of-the-art results.

To date, the results presented in this dissertation have already attracted signif-
icant research attention. For instance, the EvalNE framework has been used to
assess the performance of representation learning models in areas such as, mathe-
matics, biology, and computer science. Our framework has also inspired the cre-
ation of other benchmark and reproducibility tools, e.g., GEval, GraphWorld. The
concerns we raised in Chapters 2 and 4 regarding reproducibility and the slow
progress in network representation learning have also received a fair amount of
attention. In these works, we showed that network representation learning is also
tainted by the same reproducibility and evaluation crisis affecting other fields. A
growing number of authors have since investigated these issues in related research
areas such as link prediction and semi-supervised embedding learning. The re-
search works and tools presented in this dissertation constitute a necessary first
step towards boosting progress in network representation learning. Inevitably, this
dissertation also presents some limitations that should be addressed by future work.
In what follows, we will discuss some of these limitations, possible extensions of
our work as well as new research directions.
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7.2 Future Work

In this section, we cover avenues for future research from three different perspec-
tives, namely: reproducibility, evaluation, and representation learning models. In
each case, we start with possible extensions to our contributions followed by a
broader discussion on each topic.

7.2.1 Reproducibility

Firstly, in our reproducibility work in Chapter 2, there are several directions which
we did not investigate. For instance, the evaluation is focused exclusively on down-
stream link prediction. One possible extension could address other tasks, such
as node classification or attribute forecasting and assess the extent to which our
conclusions continue to apply there. The evaluation also focuses on unsupervised
learning methods only. Therefore, a second clear extension would be towards eval-
uating the reproducibility of results for semi-supervised models such as GNNs.

In addition to the concrete extensions mentioned above, more work highlight-
ing the importance of reproducibility of research is needed. The computer science
community, unlike others such as medicine, biology or chemistry, continues to
undervalue the importance of reproducible research. Works in this area are often
seen as a waste of resources that merely retrain existing models or as channels to
undermine researchers credibility by exposing evaluation issues. In reality, repro-
ducibility is a key aspect that can significantly boost progress. It can help us better
understand existing models, identify their strengths and weaknesses, compare with
other models and, in the long run, encourage better research practices, higher qual-
ity method implementations and standardized evaluations. Only recently, has the
scientific community started to take steps towards better reproducibility practices.
Major conferences such as ICML, NeurIPS, AAAI or ECML have implemented
reproducibility checklists or included reproducibility, in some form or another, in
their review processes. At the same time, workshops on reproducibility have also
become more prominent. Unfortunately, as long as novelty continues to be the
leading factor behind publishability, research on reproducibility will continue to
be actively discouraged and an exception to the norm.

7.2.2 Evaluation

In this dissertation, we have explored and proposed solutions to important engi-
neering and scientific challenges related to experimental design and evaluation.
We have done this, on one hand, through EvalNE and on the other, through the
benchmark studies in Chapters 4 and 5. These works, however, present several
limitations.
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For EvalNE, a major limitation is the lack of integration with other libraries that
provide method implementations. Examples of such libraries include OpenNE,
GEM and Karateclub. Currently, EvalNE users are required to personally in-
stall each library and individual method to be evaluated. This, in turn, requires
knowledge of system administration, virtual environments, etc. and can lead to te-
dious and error-prone setups. By directly integrating these libraries in EvalNE, en-
vironment setups can become fully automated while prerequisites on user knowl-
edge disappear. These benefits, however, would come at the cost of increased
EvalNE maintenance and excessive reliance on the implementations provided by
the integrated libraries (which may not always be the best choice, as we have al-
ready shown in Chapter 4). Other possible extensions for EvalNE are towards
new downstream tasks (e.g., graph classification), other node-pair embedding op-
erators (e.g., concatenation), and meta-learning automated hyperparameter tuning
(e.g., SMAC). The library could also benefit from a more streamlined API.

Our empirical studies on the performance and robustness of network embed-
ding methods also present some limitations and could be further extended. One
possibility is expanding the breadth of the evaluations with new models, networks
and attack strategies. Another possibility is targeting evaluation depth by com-
paring models that can leverage additional information such as edge and node
attributes, node labels and community memberships. For the robustness study, in
particular, one could additionally investigate stronger optimization-based adver-
sarial attacks, local attacks, node manipulations, etc.

Indeed, new evaluation tools and more extensive benchmarking can have a sig-
nificant positive impact on the progress in network representation learning. With
access to reliable, flexible and comprehensive evaluation tools fewer and fewer
researchers would opt for developing their own pipelines. This would not only
contribute to a higher evaluation consistency across papers, but also to the de-
velopment and extension of the evaluation tools themselves. Similarly, empirical
evaluations provide a variety of benefits, as we already explored in Chapters 1
and 4. Yet these evaluations are still mostly focused on comparing representa-
tion learning methods. Works comparing and proposing new benchmark datasets,
downstream tasks and evaluation pipelines are required. Projects such as the Open
Graph Benchmark, are already taking steps in this direction, yet more research
efforts are needed.

7.2.3 Representation learning models

Our work on signed network embeddings is used as an example to showcase some
of the benefits of our evaluation tool and empirical studies. The proposed model
can be further improved in terms of scalability, specifically for the embedding
computation part of CSNE. And by investigating new priors capable of capturing
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additional structural information. This work also tries to highlight the interest-
ing dynamics of signed networks, their applicability to many real-world problems,
and the specific challenges they present (e.g., data sparsity, negative sampling,
etc.). Unfortunately, to date these models are still understudied. For instance,
there are no empirical evaluations comparing signed embedding approaches, few
studies investigate negative sampling in this context, and structural balance con-
tinues to be primarily enforced instead of modeled. More work in these areas and
on signed network embeddings in general, could result in significant advances in
natural language processing, sociology and computer science.

In addition to CSNE, the conditional network embedding framework has also
inspired other projects. For example, we are currently investigating the use of
MaxEnt priors combined with embeddings for improving user recommendations.
The priors could be well suited for capturing ’weak’ interactions between users
and the system, such as clicks, views, etc. This information can then be combined
with embeddings modeling the purchase network in order to provide better rec-
ommendations. One could also investigate the use of MaxEnt priors for modeling
other types of node information such as sensitive attributes (e.g., for fairness and
privacy research) or geographical location (e.g., for efficient modeling of IoT and
sensor networks).

Finally, we hope the tools and models provided in this dissertation will inspire
better practices on reproducibility, help researchers focus on developing new mod-
els instead of evaluation hurdles, and overall accelerate progress in the field of
network representation learning.





A
Appendix

In this Appendix, we provide further details regarding methods, datasets, repro-
ducibility of evaluations as well as additional experimental results for different
chapters in this thesis. In what follows, top level headlines indicate the names of
different chapters and subheadders contain the relevant additional information.

? ? ?

A.1 EvalNE: A Framework for Network Embedding
Evaluation

A.1.1 Configuration file example

In this section, we present an example configuration file for EvalNE. This file repli-
cates the experimental setup of the node2vec manuscript (Grover et. al., 2016). A
high level description of the parameters shown in Fig. A.1 is given below and
more detailed explanations can be found in the EvalNE repository under exam-
ples/conf.ini.

General In this category the user can indicate parameters such as the down-
stream task to be evaluated (LP, SP, NR, NC) the number of repetitions of the
experiment with different edge splits over which results are averaged or the em-
bedding dimensionality, among several others.
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Figure A.1: EvalNE configuration file example.
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Networks This section contains the parameters related to the experimental data.
The user is expected to provide the names, locations, type (directed or undirected)
and separator characters of the networks to be evaluated.

Preprocessing Common preprocessing functions such as node relabeling or main
connected component computations can be indicated in this section.

Edgesplit The approach used to split a network’s edges in train, validation, and
test sets, as well as the relative sizes of these, are indicated in this section.

Baselines Heuristics to be used as baselines for the link prediction and network
reconstruction tasks can be indicated in this section.

OpenNE methods This section contains parameters that indicate the names, and
the tunable and fixed hyperparameters for methods in the OpenNE library.

Other methods Parameters for other methods not part of OpenNE can be indi-
cated in this section. This includes their names, output type, command line call (as
one would execute the methods on the command line), and method hyperparame-
ters to be tuned.

Reports Lastly, in this section the user is expected to provide the score to be
maximized when performing model validation, the scores to be reported in the
final output tables and the curves to plot for each evaluated method.

A.1.2 EvalNE code snippet

In this section we present a code snippet showing the use of EvalNE as an API. A
high level description of this example is provided in Section 3.4.2 of the manuscript.
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Figure A.2: Code snippet showing the use of EvalNE from python code.
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A.2 Robustness Evaluation of Network Representa-
tions

A.2.1 Additional dataset details

The IIP network represents a set of companies competing in the internet industry
between 1998 and 2001. Nodes in the graph denote companies and edges rep-
resent business relations such as joint venture, strategic alliance or other type of
partnership. The associated node labels denote the company’s main business area
i.e., content, infrastructure of commerce.

The StudentDB network represents a snapshot of Antwerp University’s rela-
tional student database. Nodes in the network represent entities, more specifi-
cally: students, professors, tracks, programs, courses and rooms. Edges consti-
tute binary relations between them, that is, student-in-track, student-in-program,
student-takes-course, professor-teaches-course, and course-in-room. Numerical
node labels are assigned according to each node’s type.

A.2.2 Randomized attacks: additional results

In this section we present our additional experiments regarding randomized attacks
on node embeddings. We start in Figures A.3a and A.3b by presenting the node
classification f1 micro results for the Cora dataset and the network reconstruction
AUC scores for PolBlogs.
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Figure A.3: Node classification f1 micro scores on Cora (a), and network reconstruction
AUC scores on PolBlogs (b). Negative attack budgets indicate edge deletion.

In Figures A.4a and A.4b we summarize the f1 macro scores for both Citeseer
and Cora and Figures A.5a and A.5b present the average precision on Facebook
and PolBlogs.

A.2.3 Other attacks: additional results

We also compare the performance of edge addition, rewiring and deletion on both
downstream tasks in terms of f1 micro and average precision. These results sup-
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Figure A.4: Node classification performance for the Citeseer network (a), and the Cora
network (b). Y-axis indicate f1 macro scores. Negative attack budgets indicate edge

deletion.
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Figure A.5: Network reconstruction performance for the Facebook network (a), and the
PolBlogs network (b). Y-axis indicate average precision scores. Negative attack budgets

indicate edge deletion.
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Figure A.6: Comparison of edge addition, rewiring and deletion attacks for both
downstream tasks. The leftmost and center figures present f1 macro scores for random and

node label based attacks on node classification. The rightmost figure shows average
precision results for random attacks on network reconstruction.

port our conclusions in Section 5.4.3.3 (see Figure A.6).
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A.3 Learning Representations of Signed Networks

A.3.1 Additional experiments

In Section 6.4.3 we summarized the AUC scores of different methods for the task
of sign prediction using 80% of the edges for training and 20% for testing. In
Table A.1 we present similar results for the case of 50% training and 50% testing
edges. The results indicate a good performance of CSNE across the board. For the
two Bitcoin networks, where CSNE with polarization and triangle counts does not
obtain the best AUC scores, the difference to the best performing method (SIGNet)
are of only 1% and 0.04%, respectively. The proposed Maxent prior with polariza-
tion and triangle counts largely outperforms the SiNE, nSNE and lSNE baselines
on all but one dataset –where it obtains comparable results.
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Table A.1: Average sign prediction AUC and standard deviations over 3 repetitions of the
experiment using 50/50 train/test edge splits. Best performing method per dataset is

highlighted in bold. Note that 0.000 in the table means < 0.0005.
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