Link Prediction on CV Graphs: A temporal Graph
Neural Network approach.
(In collaboration with Euranova)

Nima Farnoodian

June 2022






Abstract

This thesis studies one of the recent advancements on the graph and its application
in terms of the power of predictability that they can endow. More clearly, Ma-
chine Learning on Graphs has recently drawn much attention as it has enabled us
to perform Graph Classification, Node Recommendation, Node Classification, Node
Clustering, and link prediction. Following an agreement with our industrial partner,
Euranova, this thesis was assigned to scrutinize machine learning on dynamic net-
works and examine the popular Temporal Graph Network — a deep learning frame-
work for dynamic graphs—, aka TGN, with a challenging curriculum-vita dataset
with thousand applicants provided by Euranova. In case we mine the dataset and
obtain a dynamic bipartite CV graph consisting of thousand nodes of distinct types
(applicants and roles), the aim is to see how sufficiently TGN can help build a role
predictor that could also be deemed a role recommender. This curiosity comes from
the fact that people may change their roles over time as they get more experienced,
educated, or seniority. For example, a junior data scientist will become a senior data
scientist after several years, or a developer may become Development Lead as s/he
acquires sufficient knowledge and experience. Thus, the time dimension defines and
captures the evolution, and avoiding time in any models predicting the roles or jobs
disregards this verity.

In light of this reality, this thesis presents a role predictor and top-k recommen-
dation system based on the provided CV Data and TGN model that can record the
evolutionary patterns and recommend subsequent roles for applicants based on their
experiences and skills. The experimental findings demonstrate that the proposed
model is able to recommend k roles out of thousands of available roles such that
the predicted roles closely resemble the ground-truth roles.

Keywords— Temporal Graph Network, Dynamic Graph, Link Prediction, Role Predic-
tion. Top-k Role Recommendation
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Chapter 1

Introduction

The rapid rise of technology, specifically the Internet, has led to a corresponding increase in
the volume of online information, which has increased the demand to enhance users’ infor-
mation management capabilities. One of the significant developments in the information
retrieval field is tied to the advent of recommendation systems, which aim to narrow down
the domain of information for the users when exposed to a large amount of information.
Recommendation systems have proven successful in various online sectors, including media
(e.g., Youtube), sales (e.g., Amazon), and Recruitment (e.g., LinkedIn and Stepstones),
by linking users to items of interest and fostering brand dedication.

Imagine, as an applicant, you would like to find a role that can perfectly match your
profile (skills, experiences).Therefore, the relevant information and role must be quickly
retrieved, though sifting through thousands of positions and roles to learn a small number
of appropriate roles can be a tiresome endeavor for you. On the other hand, because there
could be thousands of roles, as an employee or recruiter, it would be cumbersome for you
to determine which role is the most relevant role for an applicant. Thus, a role recom-
mendation system could be a practical system that allows for quick relevant information
retrieval.

Given this objective, this thesis proposes, in partnership with Euranova, a role predic-
tor and a top-k recommendation system that recommends the applicant’s next possible
roles based on his or her experiences and skills. This approach, unlike others, treats an
applicant’s experiences as a time-dependent list of roles and recommends a role for the
applicant based on this time-dependent list. It is a truth that the applicants’ experiences
are developed through time; for instance, a candidate may begin his or her employment
as a junior after graduation and subsequently attain seniority after several years of work-
ing. Consequently, this evolutionary trend is a fact that has been refuted by other works
[51 . 7] 18]

As data is a crucial component of any learning model, the present work utilizes Cur-
riculum Vita Data (CV Data) provided by Euranova to build the role predictor and top-k
recommender. The CV Data contains 18937 applicants’ CVs with 42216 available unique
roles. Using the CV data, the domain of the proposed model will be IT-related.

The remainder of the thesis is structured as follows. In chapter 2, the background
is provided for graphs, their applications, and machine learning on graphs. As this thesis
focuses primarily on deep learning on graphs for role prediction, chapter 2 examines several
deep learning algorithms for role prediction or link prediction in general. In chapter 4, the
suggested model for role prediction is presented, and each component of its pipeline is

13



CHAPTER 1. INTRODUCTION

elaborated upon. In the final chapter 5, the conclusion and future work are presented.

14



Chapter 2

Background

Graphs can model many artificial or natural systems, phenomena, and interactions. In a
graph, nodes (or vertices) represent distinct elements or items, and the connections between
the elements or items are considered links (or edges). (In this thesis, we prefer to use the
terms node and link). According to Newman [9, [10], the eminent Swiss mathematician
Leonhard Euler conducted the first graph study in the 18" century. He proposed the
Konigsberg Problem, which is regarded as the first genuine demonstration of graph theory.
Since the twentieth century, graphs and their applications have been widely employed in
several areas such as mathematics, physics, biology, economics, sociology, and computer
science. Transportation Networks, Biological Networks, Social Networks, Food Webs,
Metabolic Networks, and Blood Vessels are just a few of the many acceptable applications
of graphs.

Figure 2.1: A graph representing the network of friendship among the students. On
the right, girls (circles) and on the left, boys (triangles) [1]

Graphs are omnipresent and have been used in scientific works both explicitly and
implicitly up to this point. For example, Jacob Moreno, a Romanian-American psychiatrist,
used a graph structure to study the pattern of friendship among girl and boy students in
a class in 1930s [I]. Newman claims that[10], while Moreno's work was incomplete and
did not meet current standards, it might be regarded as the foundation of sociometry,
which later became known as social network analysis. In 1951, Myers and Shultz did
graph-based research on textile workers to determine how they sought work [II]. Similar
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CHAPTER 2. BACKGROUND

graph-based research on communities, acquaintance patterns, and friendship relationships
has been conducted in [12} [13| [14] 15].

After the Internet became a universal public network in the early 1990s, the dependency
of all human activities on the Internet on such a colossal scale and in such a short time sig-
nals the beginning of a new historical age in different disciplines of science, technology, and
especially in the way humans contemplate and communicate. This vital mechanism now
directly impacts many of our relationships and interactions. Communication expenses have
fallen, and people’'s communication styles have altered considerably since e-mail services
and the growth of online social networking websites like Twitter and Facebook. For ex-
ample, people contribute their thoughts, attitudes, and perspectives on everyday concerns
through these social services. Moreover, people no longer look for jobs using traditional
methods; instead, they now use online job boards such as LinkedIn, Stepstone, and Job
teaser to locate their dream jobs or be employed, as they have become an inevitable part
of the modern recruitment market. As a result of these critical developments, researchers
have been able to collect many graph data and employ algorithms and mathematics to
analyze complex networks and even develop brilliant graph-based solutions.

2.1 What is a Graph?

Computers and algorithms are currently resolving numerous graph-related problems. Since
the emergence and pervasiveness of graphs and complex networks, this necessity has con-
sistently been recognized; therefore, computer scientists and researchers strive every year
to build more effective problem-solving strategies. However, the question that pops up is,
"How many varieties of graphs are there based on their structure?” Furthermore, "How
is a graph saved on computers so that algorithms can be implemented?” Therefore, it is
essential to provide a more rigorous definition of graph data and discuss various graph
types. In the remainder of this section, different types of graphs that this thesis mostly
revolves around are described. Many of the materials in this section are adapted from
[91 2, 16l [17].

2.1.1 Static Graph Definition

Mathematically, a static graph, denoted by the notation G = (V, E), is generally charac-
terized by a collection of nodes, referred to as V/, and a collection of links referred to as F,
which connect these nodes. For example, we indicate an outgoing edge from node u € V'
to node v € V as Iy, € E. Furthermore, The k-hop neighborhood of a node v € V,
denoted by N¥, is the set of nodes at a distance less than or equal to k from v — for
k=1, N¥ = N, is the set of node's neighbors.

Using an adjacency matrix A € RIVIXIVI 35 a means of representing static graphs is a
practical method. However, to accurately represent a graph using an adjacency matrix, we
must first arrange the graph’s nodes so that each node indexes a specific row and column
in the adjacency matrix. The existence of links may therefore be represented as entries in
this matrix, using the following syntax: Afu,v] =1, if 4, € E, and Afu,v] = 0 otherwise.
The adjacency matrix may contain additional information or distinct entries depending on
the graph type for different purposes. Here, a few but more common types of static graphs
are represented:

16



2.1. WHAT IS A GRAPH?

Simple Graphs
A simple static graph is a graph satisfying the three characteristics below.

e A maximum of one link should exist between each pair of nodes.
e There is no connection between a node and itself.

e A relation l;; implies a relation [j;.

Simple and undirected graphs model the majority of problems. It occurs when two nodes
are either connected or disconnected. Numerous social and economic graphs, including
partnership, friendship, and acquaintanceship, follow this pattern. depicts a simple
social graph.

Directed Graphs

The directed static graph is another sort of graph. The linkages between two nodes
are asymmetric in directed graphs, meaning a relation from node i to node j does not
necessarily mean a reciprocal relation from node j to node i. Take, for example, the World
Wide Web. In this network, page = may have a hyperlink to page y, but page y may have
no hyperlink to page x.

Weighted Graphs

Some static graphs may assign a positive or negative numerical value or weight to each link.
For instance, on the Internet, the weight on link [;; could reflect the amount of data flow
or bandwidth between nodes 7 and j. In addition, a weighted link in a social network can
represent the number of repeated calls between network members. Thus, if the adjacency
matrix presents the weighted graph, the entries are arbitrary values (A[i, j] € R), showing
the weights of the links.

Graph with Features

In many real-world cases, the static graphs may have features or attributes at the graph,
node, or link levels. For example, a graph modeling the connectivity in an online social
network like Facebook, where the nodes are users and the links stand as the mutual
relationship, may include the nodes’ features, such as age, gender, or even users’ postings.
Moreover, in a citation network, where the nodes are the papers and the directed linkages
show who cites whom, each node may have the paper's keywords as its features[18]. In
case the graph benefits from features at the node/link level, a feature matrix X € RIVIxd
/X € RIZIX4 which usually corresponds to some representations (e.g., one-hot encoding
for categorical variables), should accompany the adjacency matrix, where d is the feature
dimension. In a node feature matrix, X[i] corresponds to the feature vector of node i,
and in a link feature matrix, X[l;;] denotes the feature vector of link I;;.

2.1.2 Dynamic Graphs

A. Zaki et al. [16] define graph dynamicity from two perspectives: Topological Evolution
and Attribute Evolution.

e Topological Evolution: The structural components of a dynamic graph, namely its
nodes and links, alter continuously over time, thereby changing the graph topology
continuously. Links can be added or removed, or a new node may be added while
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CHAPTER 2. BACKGROUND

others are removed. While link removal may not affect the existence of involving
nodes, the node’s removal causes all links associated with the node to disappear, as
the existence of the links is conditioned on the node's presence.

e Attribute Evolution: It is associated with dynamic alterations to a graph’s link or
node features. The following actions represent these modifications: add attribute
value, remove attribute value, and update attribute value.

Consequently, the dynamic graph may include both evolution classes or a mix that lies in
the middle. In order to model graph evolution, two prominent models have become of
great interest to researchers, specifically in the deep learning community: Discrete-time
dynamic graphs (DTDG) and Continuous-time dynamic graphs (CTDG).

Discrete-time dynamic graphs (DTDG)

DTDG represents dynamic graphs by modeling them as a series of snapshots with the
equation Gy, +,,] = {G1,G2,Gs....,G,} [16, [19, [20]. Each snapshot, or G, is indeed a
static graph that is used to represent the state of the dynamic graph at any time ¢;. With
a time point t;, the snapshot is denoted by a triple < V;, E;, t; >.

Two drawbacks are associated with DTDG:

e Space Complexity: DTDG modeling requires a huge amount of memory as each
snapshot should be stored to capture the evolution. Each G; may possess O(|V;|?)
links where V; is the set of nodes in G;; thus the space complexity of G; would be
O(|V4]?) if a naive graph representation is used as described in . If we assume
V; = V for all i € n, the total required space is bounded above by O(n x |V|?),
which is insufficient for large dynamic graphs modeled by many snapshots.

e Approximation: DTDG approximates the graph evolution as it may repudiate the
dynamicity of the graphs, which holds vital temporal information regarding the graph
evolution. For example, a link may disappear and then appear again later. Thus, a
series of snapshots could miss the evolution as they may happen to only catch the
link's presence or absence when taking the snapshots within different time windows.

Continuous-time dynamic graphs (CTDG)

CTDGs are a generic yet more complex framework to model dynamic graphs. In the
literature, various CTDGs with different notations have been proposed [16], [19]. However,
as this thesis principally deals with the TGN model proposed by Rossi et al. [2], CTDG
proposed in their paper, called temporal graph, is presented here with a slightly different
notation to maintain consistency across the document.

A temporal graph is a series of events G = {z(t1), z(¢2), ...} each of which could be
a node/link topological or attribute evolution at a timestamp ¢;. In the case of a node
evolution event (node-wise eventﬂ at time ¢ denoted by v;(t), the event constructs a
node with an index 7 and the specified features v if the node 7 does not already exist in
the system; else, it updates the features v. A link evolution event (Interaction Eventf]
between nodes i and j is characterized by a (directed) temporal link e;,;(t) where e denotes
the associated link features— also called interaction event message in practice. With this
setting, V(T') = {i : Jvi(t) € G,t € T} is a temporal set of nodes, E(T) = {(¢,7) :
Jeij(t) € G,t € T} is a temporal set of links, and N¥(t) is k-hop neighborhood for node

In the original paper [2], the node evolution event is called node-wise event.
2In the original paper|2], the link evolution event is called Interaction Event.
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2.2. MACHINE LEARNING ON GRAPHS

v € V(T). Since temporal graph G is a more general form of dynamic graphs, a snapshot
of the temporal graph at time ¢ could be obtained as G(T') = (V[0, ], E[0, t]). It is worth
mentioning that this definition does not dictate the existence of only one link at any time.
Thus the temporal graph could also be a multiple-temporal graph.

2.1.3 Homogeneity vs. Heterogeneity

Not all graphs are homogenous. In numerous real-world situations, the graph may contain
distinct groups of nodes, each of which represents a unique type of node with specific
features and information associated with its nodes and links. The ogbn-mag dataset [21]
is an example of a widely used heterogeneous benchmark graph consisting of four separate
node types (paper nodes, author nodes, institution nodes, and field of study nodes) and
four types of directed links connecting two types of entities. Moreover, one of the most
common heterogeneous graphs is the Bipartite graph consisting of two different node
types. Such heterogeneous graphs have been frequently employed in the development of
both static [22] and dynamic [23] 24] graph-based recommendation systems.

2.2 Machine Learning on Graphs

Machine Learning is a data analysis approach that eliminates the need for human inter-
vention in developing analytical models. More clearly, machine learning relies upon the
concept that computers can automatically learn from data, determine patterns, and make
judgments. Similar to Texts, Images, and Tabular Data, machine learning can be applied
to graphs in supervised, semi-supervised, self-supervised, and unsupervised manners for
various prediction tasks. However, unlike other data types, when the word machine learn-
ing is tied to graphs, its concepts would become slightly different. For example, in tabular
data containing patient data, each personal information is considered independent of oth-
ers. In contrast, the nodes — e.g., nodes as patients— in the graphs must be reliant and
dependent on one another, as the graph has been generally proposed to reflect dependency
among its elements.

Consequently, the graph’s topology —and dynamicity if interested— should be taken
into account when building a machine learning model on the graph. A standard approach is
to compute an embedding z; (latent representation) for each node in the graph, which can
encode the node's temporal, topological, and associated features into a low-dimensional
vector. This latent representation can then be used to solve many downstream tasks
like node classification. Note that as the graph could undergo topological and attribute
evolution in dynamic setting, the node embedding will thus change over time, denoted by
Zz(t)

In what follows, three main machine learning tasks on graphs will be briefly discussed.
Further details on latent representation and its computation will be given in chapter 3]

2.2.1 Community Detection and Clustering

The study of the graphs modeling real-world networks has revealed the three most promi-
nently observed properties that many real-world networks exhibit, namely small-world phe-
nomena, scale-free, and high clustering coefficient [9]. The small world is the hypothesis
that the average distance tends to be small in most real-world networks. The scale-free
feature indicates that degrees of nodes in a network follow a right-skewed degree distri-
bution with a fat tail. In other words, the network connectivity is dominated by relatively
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CHAPTER 2. BACKGROUND

few high-degree nodes. The high clustering coefficient explains that connected nodes have
more joint neighbors in real-world networks than in networks where link formation appears
to be independently random. Besides the properties mentioned above, a very recently
discovered property called community structure, or so-called clustering, has been widely
studied in the literature for both static and dynamic settings [25] [26]. Generally speaking,
the community structure in a network may exist because the nodes have a strong tendency
to be linked to other nodes having something in common. For instance, in society, the
people who have similar attitudes, the same language, related jobs, or even who live in
the same city probably would rather have closer relationships than with those who share
nothing. Technically, although there has been no exact definition for the communities,
a community is typically referred to as a set of nodes representing a dense connection
between each other and a sparse connection to the rest of the network [27]. Extracting
the communities disclose beneficial information regarding the structure of the networks
depending upon their types. For example, (i) in a collaboration network, what scientists
closely work on together [I0], (ii) in a purchasing Network like Amazon.com [28], what
items are more frequently purchased by the same buyers, (iii) how the terrorist cells can
be formed and then identified [29], and so on.

2.2.2 Node Classification

In the graph, nodes can have labels that could represent the type or the class of the
nodes. For example, presume a set of nodes in a graph are labeled, and the rest are still
unlabeled. Then, node classification aims to predict the type of the unlabeled portion of
the graph or, in some cases, predict the type of the unseen future nodes [2, 30, 31]. In the
straightforward approach, if the embedding z; for all nodes is obtained, node classification
is achievable using a classifier (e.g., SVM, Logistic Regression, etc.) on the labeled nodes
—deemed training nodes— to predict the type of the unlabeled nodes —deemed test nodes
[32, 33]. In some circumstances, the node classification is coupled with node embedding
and the optimization of the classifier is jointly performed — chapter 3| will cover this (joint)
end-to-end learning for link prediction task.

2.2.3 Link Prediction

Like any phenomena in the universe, the graphs can evolve since they are generally utilized
to describe the phenomena and their interactions (e.g., an online social network where users
actively find new friends and form friendship interactions). The link prediction problem
traditionally aims to extend the input graph in terms of links by anticipating the links
that may arise in the future. In other words, depending on the graph's existing linkages
and node features at time t or the history of graph evolution, we seek to maximize the
probability of potential links between pairs of nodes.

Generally speaking, Link prediction is usually used for two graph-related tasks:

e Analysis of graphs (networks) with incomplete data: Link prediction helps iden-
tify potential hidden links in a network or detects spurious links. For example, a
limited number of linkages in biological networks, such as protein-protein networks,
may be retrieved [reference]. Suppose the link prediction on these networks is appro-
priately accomplished. In that case, the most likely connection can be discovered,
possibly removing the need to check the actual links.
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e Link prediction as a recommendation system: Recommendation systems are one
of the link prediction applications that could be a driving force in enhancing client
happiness. Although social networking websites and online retailers can provide
users with a wide range of information and systems, it is essential to note that this
enormous amount of data may cause consumers to become confused. Therefore,
recommendation systems have been proposed to recommend appropriate products,
services, and other items to users based on their profiles and item information. As
a result, many internet networking systems now include recommendation systems,
which are frequently used for advertising, commercial applications, and employment-
oriented online services, among other things. In a straightforward case, suppose a
bipartite graph that models a user-item relationship where there exists a link between
a user-item pair if the user has shown his/her interest in the item (e.g., a product, a
movie, etc.). Thus, in such a circumstance, link prediction between users and items
can be deemed the heart of a recommendation system [22] [23].

The link prediction based on static graphs has proven inefficient [26, [34] since it
rejects the evolutionary pattern of the graphs. For example, in a bipartite applicant-
role graph, an applicant may take a role x at a time ¢, then go on sabbatical for a
year, and re-take the role = after. Thus, a link predictor based on only a snapshot
[35], would not be able to catch this pattern. Assuming the embedding z; for all
nodes is at hand — z;(t) for temporal graph—, a link prediction between two nodes
7 and j would be possible by computing a similarity function like Cosine Similarity
or a decoder —if end-2-end learning is employed, typically an MLP decoder that
receives the embeddings of two nodes of interest |2} [34].

2.2.4 Transductive Learning vs. Inductive Learning

In Machine Learning, Transductive Learning is a learning paradigm in which both the
training and testing datasets are seen during training, but the testing dataset is not used
to calculate the loss. In contrast, in Inductive Learning, only the training data are observed
during model training, and the trained model is then used to perform a specified task (e.g.,
classification) on unseen test data.

When applying an algorithm for machine learning to graphs, it is important to compute
an embedding for nodes so that the algorithm can use the embedding for any prediction
task. Since, in some cases, the embedding technique must capture the entire topology
of the graph in order to compute embeddings, it may only allow transductive learning. A
training node may be adjacent to a test node, and it may be necessary to collect data from
the training node’s neighbors, including test nodes, in order to compute the embedding for
the training node. In contrast, the test nodes should learn about their neighbors, which
could be training nodes to generate the embedding for the test nodes. As a result, if
the embedding technique is strongly dependent on the network topology, it may only give
transductive learning because the embedding procedure would require the entire graph
topology in order to provide embeddings for all nodes, whether training or test.

Nevertheless, an embedding technique may not be dependent on the graph's topology,
so that inductive test nodes are also possible. Neither the loss computation nor the em-
bedding procedures are performed on these inductive test nodes during training, indicating
that these nodes and all of their links are completely unseen. In inductive learning, the
goal is to compute the unseen nodes’ embeddings for any downstream task after the model
is trained on the training nodes.
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2.3 Natural Language Processing (NLP) for Graphs

The machine can only interpret numbers. However, in many practical contexts, nodes
and links may contain text [2I]. For instance, in the citation network, the paper nodes
may contain abstracts as their text features. In addition, the nodes of a co-purchasing
network contain the product description. Therefore, these textual characteristics should
be transformed into machine-understandable features.

Utilizing available NLP embedding algorithms to produce a low-dimensional real-valued
vector for text is a common practice. For example, word2vec [36], Glove [37], and Bert
[38] are widely applicable embedding algorithms that compute an embedding for every
word in the corpus. Thus, a second procedure is required to compute the vector for the
entire text (e.g., averaging all the word embedding)

Doc2vec [39] and Sbert [4], unlike the previously stated embedding approaches, enable
direct embedding for the entire text. Sbert is an elegant and cutting-edge text embedding
that enables the computation of text embeddings for over 100 languages.

Notably, many pre-trained models exist for all embedding strategies, enabling them to
be trustworthy, meaningful, and low-dimensional. By adding embedded text data, node
features enhance the efficacy of graph embedding. Numerous graphs that depict the real
world include this kind of data.
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Chapter 3

Deep Learning for Graph Link
Prediction

As explained in Section to train a machine learning algorithm on static or dynamic
graphs for graph-related tasks, for each node i, a low-dimensional real-valued vector z;,
called node embedding, must be calculated to preserve the node’s structural and (temporal)
information as well as its content features.

Many node embedding approaches have been proposed— an interested reader may
refer to [40] for static graphs and [41] for dynamic graphs—, allowing us to achieve the
objective above. Node2Vec [33], for instance, is a popular node embedding approach
for static graphs that maps nodes’ positions in the graph into an n-dimensional latent
space such that the probability of preserving the network neighborhood of nodes in the
latent space is maximized. This node embedding facilitates the use of off-the-peg machine
learning algorithms for many graph machine learning tasks, such as node classification —
typically, a similarity measure such as Cosine Similarity, Euclidean Distance, Manhattan
Distance, etc., is used to calculate the distance between nodes for link prediction.

Nonetheless, in this case, the pipeline comprises at least two distinct phases: (i) node
embedding computation and (ii) training by a machine learning algorithm. Thus, the
performance of the machine learning algorithm does not influence the node embedding,
whereas the embedding does affect the machine learning performance, thereby increasing
the complexity of the pipeline due to the fact that the embedding can be acquired and
processed differently.

Deep learning has demonstrated unprecedented performance in numerous research dis-
ciplines, including Natural Language Processing, Computer Vision, and Signal Processing.
Graphs are not exceptional and have attracted significant attention from the deep learn-
ing field under graph neural network (GNN) formalism in order to address graph-related
challenges. GNN is an end-to-end graph learning system that permits the training of
complicated graph problems by applying gradient-based learning to the entire system.

In this chapter, end-to-end learning and a few common GNNs for both static and
continuous-time dynamic graphs (CTDGs) are introduced. These GNNs are — to the
best of my knowledge although there are many— the most prevalent models in the field
and represent important milestones. In addition, understanding them aids the reader in
digesting the information presented in subsequent chapters — if they are unfamiliar with
the topic. Lastly, although these GNNs have many applications and can be used for
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different graph tasks, this chapter is only confined to the link prediction task due to the
nature of this thesis.

3.1 End-to-end Learning for Link Prediction

Generally speaking, an end-to-end learning system for link prediction consists of self-
supervised learning with an encoder-decoder framework [42] [43]. In the encoder-decoder
framework, the learning problem is viewed as requiring two essential processes: an encoder
that maps graph nodes into low-dimensional embeddings and a (pairwise) decoder that
utilizes the embeddings to rebuild the neighborhood of the nodes as observed in the input
graph.

Backpropaflation Compute Loss
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Input Groph
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Decoder
(MLP)

Reconstructed meis,hborhooo(

R A/ef,o\'twe So\m(aies
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Figure 3.1: An end-to-end encoder-decoder framework for link prediction with neg-
ative sampling. Numbers on the reconstructed neighborhood are the link probabili-
ties.

In end-to-end learning for link prediction, GNN encoders with varied architectures and
techniques are utilized depending on the type of the input network (e.g., static or dynamic
graphs). In contrast, the decoders typically adhere to a simple neural network architecture
with minor variations. Consequently, a typical decoder for the link prediction task will be
detailed below. In addition, various encoders will be discussed in the respective sections

B2 and B3

3.1.1 Decoder

Suppose we have a GNN encoder ENC' that can, regardless of the GNN model used in
the encoder, receive the gradient during training, as represented in Fig. 33} and map the
nodes into the latent space Z € RIVIxd A pairwise decoder D EC then attempts to rebuild
the node neighborhood by using two embeddings, z; and z;, as inputs —a concatenation
of z; and z;— and predicting the node neighborhood. Prediction in the decoder can be
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made using MLP with only one unit in the output layer (with sigmoid activation)— several
hidden layers, dropout layers, and regularization are possible. The objective of this setting
is to increase the probability of existing links and reduce the probability of nonexistent
links. Notably, given that only existing linkages are available, negative sampling, which
samples a subset of node pairs as negative pairs, is required. The decoder must then
differentiate between the existing and nonexistent links when taking the two embeddings
as input. Accordingly, the link prediction problem on the decoder side resembles a binary
classification task; hence, any loss function used for the binary classification (e.g., binary
cross-entropy loss) can be utilized for optimization as follows [17) [43]:

L= Y loss(DEC(ENC(i), ENC(j)), Ali, j]) (3.1)

(4,5)€Etrain
where Eirqin is the training set that includes positive and negative samples. Moreover, if
the input graph is dynamic and includes the temporal links, Eq. [3:T]is turned into Eq. [3:2}

L= > loss(DEC(ENC(i,t), ENC(j,t)), Ali, 4, t]) (3.2)
(ivjvt)eEtrain—tem,p
where Etrain—temp is @ set of negative and positive temporal links for training, ENC'(3, t)
computes the embedding z;(¢) for node ¢ at time ¢, and A[i, j,¢] is equal to 1 if there
exists a (directed) link between i and j at time ¢, otherwise 0.

3.1.2 Training

In order to train the model in an end-to-end fashion, encoder and decoder parameters are
initialized at random. The encoder computes the node embeddings at each epoch, and
the pairwise decoder predicts the linkages based on the input embeddings. In the interim,
the loss function is computed, and the model parameters are updated once receiving
the gradients computed by an optimization algorithm (e.g., Adam [44]). This process is
continued until a certain condition is met (e.g., a fixed number of epochs). This end-to-end
learning system is similarly applied to the dynamic GNN models— though the embedding
z;(t) at any time t is computed using a dynamic encoder like TGN [2].

3.2 GNN for Static Graphs

GNN has its root in the neural message passing framework (or message passing) [17]. The
message passing is established on the concept of the convolution process used for grid data
(e.g., images) and aims to generalize it to graph data. In the message passing, the objective
is to exchange the nodes’ information among the nodes in the local neighborhood so that
the nodes’ embedding includes the nodes’ structural information as well as information
about all the features in the nodes’ k-hop neighborhood.

Formally, given that hEk) is the hidden embedding of the node i such that h
to the feature vector of ¢, at each iteration £ > 0 of message passing, hf;m gets updated
as follows:

EO) is equal

R = F(W®, AGGREGATE™) (h{") V) € Ny)) (3.3)

where F and AGGREGATE™ are differentiable functions. AGGREGATE is a
permutation-invariant set function (e.g., Summation or Averaging function) that integrates
the hidden embedding of neighboring nodes into a vector. In addition, function F' merges
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the aggregated embedding obtained by AGGREGATE) with the hidden embedding of
the node ¢ to compute hEkH). In some cases, the message passing includes the self-loop;
thus the hidden embedding is computed by:

(k+1) _ (k) (K) (3, (k) : ;
hEHD = F(hY, AGGREGATE™ (1™ {¥j € N, Ui})) (3.4)

Throughout each iteration of message passing, a hidden embedding is produced for
each node i, as shown in Eq. B3|or[3:4] Each iteration k is considered a message passing
layer k. After the computation of multiple layers, let's say K layers, the output of the
final layer K is used as the node embedding Z. Consequently, each embedding z; € Z
contains not only the structural information for node 4 but also information about all the
features in the node K-hop neighborhood.

Hidden eml,@u;nf,
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AGGREGATE »).AO\

7)—>>| AGGREGATE ;D—so;ﬁ% AGGREGATE —>. eo
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Target Node H W @
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Layer 1

Figure 3.2: Message Passing framework with two layers. The image illustrates the
computation of embedding z; for a target node ¢ using message passing with two
layers. In the input graph, the blue ball represents the 2-hop neighborhood, and the
red region shows the 1-hop neighborhood (direct neighbors).

Even though this message passing framework only provides an abstract view of the
static GNNs, it is essential to note that various GNNs based on it have been proposed, the
explanation of which is beyond the scope of this thesis. The interested reader is encouraged
to read [17] and [45] to thoroughly understand this framework and its variations. However,
the remainder of this section discusses a few must-learn static GNNs that are somewhat
adapted from [17].

3.2.1 First GNN

Scarselli et al. [46] introduced the fundamental GNN model, which is in a number of
respects analogous to the standard message passing framework. In this GNN model,
the information in the local neighborhood of a node 7 is aggregated by adding all the
embeddings of node i's neighbors, which were obtained at level k. The aggregate outcome
is then mixed with the current embedding of the node i. As with the traditional MLP, a
non-linear function such as ReLU, T'anh, or Sigmoid is employed to produce the hidden
embedding for node ¢ at the level £ + 1. The basic GNN is formulated as:

WY = o | WEi " + Wiign > B + 5™ (3.5)

JEN;
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d(k) s q(k=1) a(k)

where erlf, W,’feigh e R are learnable parameters, b®) € R is the bias
term, and o is a non-linear function. Although in EqWS’“elf, Wffcigh, and b®) are
assumed to be trained independently at each level k, these parameters can be shared and
trained across all levels.

According to Equation the computation of the hidden embeddings is highly de-
pendent on the graph's topology because the features of all neighbors are aggregated by
a summation. To build the embedding for a target node ¢, the model must observe all its
adjacent nodes regardless of whether they are training or test nodes. Overall, it implies
that the basic GNN lacks inductive learning and provides only transductive learning for
any graph prediction task (e.g., link prediction).

3.2.2 Graph Convolutional Network

Convolutional Graph Network (GCN) proposed in [47] is a building blocks of GNNs. This
networks take advantage of the message passing framework with self-loop and the normal-
ized aggregation function. The GCN is formulated as:

k
I U e i (36)
Ce Y/INIIN; '
JEN;U{i} | 1|| ]‘

where W* holds learnable parameters and ¢ is a non-linear function such as ReLU or
Tanh.

GCN is a topology-dependent model incapable of inductive learning, similar to the
basic GNN in Eq. On the basis of the GCN, inductive learning models such as
Graph SAmple and aggreGatE (GraphSAGE) have been proposed in [30]. GraphSAGE
is trainable on a limited subset of the graph and can be generalized to unseen nodes.
GraphSAGE is based on the concept of sampling a set neighborhood of a node to learn the
node's hidden embedding, as opposed to working over all k-hop neighborhoods in GCN.
Different aggregating functions, including the mean aggregator, LSTM-based aggregator,
and maximum pooling aggregator, are proposed in the original study. In GraphSAGE, the
learnable weights are not node-specific; therefore, they are shared across all neighborhoods.
GraphSAGE establishes its concept on the fact that graph representations could contain
structures that enable us to make predictions about a node based on its surroundings.
This allows GraphSAGE to compute the embedding for an unseen node when it appears
by applying the shared weights to the sample neighborhood of the unseen node.

3.2.3 Graph Attention Network

The attention mechanism has indisputably been one of the most remarkable advances
in deep learning. It is a technique that has given Natural Language Processing (NLP)
and Image processing a distinctive climacteric. Current state-of-the-art solutions for NLP
tasks, such as Translation, are noted to be primarily based on the attention mechanism.
For instance, in the Translation problem, the attention mechanism enables the model to
learn how much attention it should give to the words in a source sentence while translating
a particular source word and predicting an equivalent target-language word. Similarly, in
Graph Attention Network (GAT) proposed by Veli¢kovi¢ et al. [31], the fundamental
concept is to provide an attention weight to each neighbor, which is used to measure the
neighbor’s impact during the aggregation process.

The authors proposed the attention «;; that indicates the importance of node j's
features to node i as follow:
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exp (LeakyReLU (6T [Whik)HWhEk)}))

Q5 =

(3.7)
ZjeNi exrp (LeakyReLU (5T[Wh§m||Wh§k)]))

. . L, (k+1) .
where . denotes transposition, || represents the concatenation operation, @ € R*¢ is a
. (k+1) 5 g(F)
weight vector, and W € R? xd
that is applied to every node.
After computing the normalized attention coefficients, GAT uses the coefficients to

define the next level's hidden embedding as a weighted sum:

is a weight matrix for a shared linear transformation

R = [ S aywnd? (3.8)

JEN;

where ¢ is a non-linear function.

GAT supports multi-head attention, as do all attention mechanisms utilized for NLP
and Images. Although the general approach suggests concatenating the results of heads for
obtaining the hidden embedding, the authors recommend averaging the results, specifically,
when performing multi-head attention on the final layer of the network. Thus, the hidden
embedding is acquired as follows:

P
1 :
RHD = & ; 3 g WPh® (3.9)

p=1j€EN;

where P is the number of the heads.

In GAT, the attention mechanism is applied in a shared fashion to all links of the
graph; consequently, unlike the basic GNN and GCN, it is not a topology-dependent
model, allowing GAT to be used for inductive learning.

3.3 GNN for CTDGs: Temporal Graph Network

Temporal graph network (TGN), devised by E. Rossi et al. [2], is a generic inductive
framework of dynamic Graph that can learn the temporal embedding on continuous-time
dynamic graphs, aka CTDGs. Thanks to an RNl\ﬂbased memory module, TGN can
memorize the node’s history as a compressed state for each node 4, which is then utilized
to generate temporal embedding of the node z;(t). Accordingly, based on the computed
temporal embeddings Z(t) = {z1(t), z2(t), ...... . 2\v ()| (t)}, any possible downstream tasks
on CTDGs (e.g., Link Prediction as interested in this thesis) is achievable.

TGN comprises multiple steps to fulfill the stated objective. For each node 7, a memory,
aka the node’s state denoted by s;(t), is used to summarize the history of the node up to
time ¢. If a node i is observed for the first time during a link evolution event (interaction
event) in which a temporal link €;;(t) is added to the graph, the memory of the node i is
initialized with a zero vector; otherwise, it gets updated by a memory updater as explained
below. Additionally, because the memory for each node is simply a non-learnable vector,
it is possible for it to be updated during test time when the model is fed new interactions
— even when the model has not seen the node during training, its memory can still get
updated at test time because the memory is first initialized as a zero vector once the node
appears.

IRecurrent Neural Network

28



3.3. GNN FOR CTDGS: TEMPORAL GRAPH NETWORK

T - e 2 1/2\. f/:;\.
@ . == t) || =) = (p((1,2)]t) :J
o™ | [EmE [ | e 9

Edge
Probabilities

Node Embeddings

Aggregated {Updated)
Messages Memory

Messages

Figure 3.3: Computations performed by TGN on a batch of time-stamped interac-
tions. Adapted from [2].

For updating the memory, two messages are computed for the nodes participating in
the interaction event as follows:

Chmi(8) = (si ()15, (¢ 1At ess (), my(8) = (s5(¢)Isa(t7) 1At less (1)) (3.10)

where ¢t~ denotes the time just before time t,|| is the concatenation operation, and At is
the time since the last interaction.

When training a large input CTDG, TGN can benefit from batch processing to improve
the model performance in terms of memory and runtime. However, a node i may be
observed in several events within a batch, resulting in several computed messages for node
t. Thus, TGN utilizes an aggregation mechanism to only obtain one message for each
node ¢ in the batch. In the original paper, the aggregation mechanism is suggested to
be implemented as either the most recent message— only picks the last message in the
batch— or the average of the messages. With the aggregated message 7;(t), the memory
of the node i is updated by

si(t) = mem(m;(t™), s:(t7)) (3.11)

where memEl is an RNN-based memory function such as GRU or LSTM. Since in an
interaction event, two end-points ¢ and j are involved, the memory should get updated for
both nodes.

To generate temporal embeddings, the authors established a general form of embedding
function upon which multiple learnable functions can be defined and implemented.

2In the original paper, the authors stated that the messages can be computed using more
sophisticated learnable functions such as Multi-layer perceptrons. However, the concatenation
operation was suggested as it simplifies the implementation.

3The authors used GRU in their experiments.
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z(t) = > h(si(t),s;(), e (), vi,v;) (3.12)
JENE([0,¢])

This general embedding module in Eq. [3:12]is presented as a solution to the problem of
staleness in dynamic embedding models. The staleness issue arises because the node may
remain dormant for an extended period. Therefore, the embedding should be obtained
so that it has the most recent information about the node. The suggested embedding
module computes the temporal embedding of the node by aggregating the node’s temporal
neighbors. Thus, even if the node has been idle for a long time, some of its active neighbors,
along with their memories, may assist in keeping the node’'s embedding up-to-date.

According to the TGN paper’s ablation study, the best embedding module is Temporal
Graph Attention (attn), which obeys the general embedding function in attn is a
series of L-graph attention layers, which can learn which neighbors are the most influential
based on their memory, features, and interaction time. Mathematically, attn is defined as:

n () = MLP® (n{" V()R (1))

flgl)(t) = MultiHead Attention” (q(l)(t),Ka)(tLV<l)(t)) ,

q“(t) = h{'"(1)]6(0), (3.13)
KO(1) = V(1) = ¢ (),

cO) = [0 lea ()l @ (t = t2), ... bV @) lleaw ()l & (¢ — )]

where ¢(-) represents a generic time encoding, || is the concatenation operation, z;(t) =
hEL)(t), and qO(¢), KO (¢), and VO (¢) are learnable-parameters of MultiHeadAttention.
The input to the [-th layer is the node i's hidden embedding hz(.lfl)(t), node ¢'s neighbor-
hood hidden embeddings {hglil)(t), cey hg\lfl)(t)}, and the input representation of each
node as h;o) (t) =s;(t) + v;(t).

In the TGN paper, the following embedding modules are also presented, which can be
used instead of attn.

o Identity (id): The embedding is equal to the memory of the node, meaning z; (t) =
s;i(t). The identity function is plagued by the staleness issue. Because the memory
of a node is only updated when the node is participating in an interaction, a long
time of inactivity leads the memory of the node to become outdated, rendering the
concept impractical in reality.

e Time Projection (time): The embedding is computed by a time-based function
presented in [23], meaning z;(t) = (14 Atw) os;(t), where w are learnable param-
eters, At is the time since the last interaction, and o denotes element-wise vector
product.

e Temporal Graph Sum (sum): A simpler and faster aggregation over the graph:
() = Wi (n" VIR ),

. l ' (3.14)

B () =ReLu | > W (b0 () el 6 (0 - 1))

jeni([0,t])

where ¢(-) is again a time encoding and z;(t) = h{")(¢).
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3.3.1 TGN as a generic framework

TGN provides a generic framework for training various popular dynamic models, includ-
ing ones proposed before TGN. The JODIE algorithm [23], one of the most well-known
dynamic models, was proposed in 2019, a year before TGN. JODIE's memory module is
RNN-based, and embedding is performed using the Time Projection approach, as described
in In addition, another prominent algorithm, Dyrep [48] published in the same year,
employs an RNN as its memory updater, and the memory is utilized directly for embed-
ding. In addition, it adds a summary of the node's neighborhood to the message function
using graph attention. Lastly, TGAT [34] is a special case of TGN in which memory and its
associated modules are absent, and graph attention is utilized as the Embedding module—
though in TGAT, for the first layer h;o)(t), the inputs are just raw node features. Alto-
gether, all these models can be implemented using the TGN framework with less effort
(small modification required).

Since the advent of TGN, various approaches have been offered in an effort to enhance
certain aspects of TGN. APAN [3], for instance, was developed to alleviate the latency
issue of TGN's online inference. In addition, to increase the accuracy of link prediction
using TGN, TGN with Causal Anonymous Walk was introduced in [49], which is slightly
superior to TGN. Moreover, Adaptive Data Augmentation was proposed in [50] to alleviate
the overfitting issue that may arise in some cases owing to the complexity of the TGN.
Although the TGN enhancements mentioned above have not been used in this thesis, they
are briefly described — without details— in the appendix [A] as they may prove useful in
future work —in some respects— to improve the role prediction based on the CV data
provided by our industrial partner, Euranova.
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Chapter 4

Role Prediction
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Figure 4.1: An example of role prediction task in the dynamic setting.

This thesis aims to propose a role predictor that can predict an applicant’s subsequent
role given a history of his/her experiences and skills. The phrase "History” incorporates
"Time"” expressly. Because the role prediction task generally attempts to predict the
next roles for humans, and humans, their capabilities, interests, and skills are consistently
undergoing changes over time, proposing a role predictor model that can capture the
evolutionary pattern over time is, therefore, a necessity.

As discussed in section 1.1 and Chapter 2, one of the machine learning applications
on the graphs is link prediction, based on which recommendation systems can be devised.
Given the recent growth of Graph Neural Networks in terms of dynamicity and temporality,
this thesis has attempted to utilize dynamic GNN models such as TGN to achieve the stated
objective.

Because any machine learning models include many complexities (for example, many
data preprocessing techniques) and much ambiguity due to lots of choice in the hyper
parameters, this chapter proposes a pipeline, as shown in Fig for the role prediction
task given the CV dataﬂ provided by Euranova in the dynamic setting in the hopes of
mitigating the model complexities and narrowing down the search space for the hyper
parameters.

LCurriculum Vitae
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The processing phase, in which the provided CV data is preprocessed in the appropriate
manner, is the first phase in the pipeline. The second phase of the pipeline generates several
different dynamic graph representations of the CV data. In the third phase, a number of
different popular dynamic GNN models are trained in an effort to identify the most suitable
possible graph representation of the CV data. In the fourth phase, the best model, which
can lead to a better role predictor, is found through an ablation study, and a role prediction
model is proposed. In the fifth and final step of the pipeline, the proposed model as a
top-k role recommender is investigated as it appears to be more applicable to real-world
settings. In the following sections of this chapter, we will go through each pipeline phase
in greater detail.
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Figure 4.2: Role predictor pipeline.

Note: In this chapter, the term dynamic graph refers to as a continuous time-dynamic
graphs, discussed in Section[2.1.3

4.1 Raw CV Data

The CV Data include thousands of applicants’ CVs, which provide pertinent information
about the candidates. Each CV, as shown in Fig. includes the Language the in-
dividual speaks, a list of prior experiences —each including the role and the period the
individual performed the role—, top skills, publications, businesses that encodes the com-
panies the individual has worked for, and experience-related skills (skills-exp). Throughout
the pipeline, the only information that is used is the candidates’ experiences, language,
Top-skills, and skill-exp. This is due to the fact that there is insufficient information offered
regarding the business and publication. Tableshows the statistical summary of the CV
data.
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{'language': 'french',

‘experience’: [{'role’': 'senior java consultant’',

"period': 'june 20816-present’},
{'role’: "senior master data developer (ebx mdm)",

"period': ‘december 2014-jun 20816 (1 year 7 months)'},
{'role’': 'developer java ee senior’,

"period’': 'february 2814-november 20814 (18 months)'},
{'role’': 'developer java ee senior / project manager’,

"period’': ‘august 2@11-january 2814 (2 years 6 months)'},
{'role’': 'java/j2ee development engineer',

"period’': 'may 28@9-october 2818 (1 year 6 months)'},
{'role’: 'developer’,

"period’': ‘october 28@5-march 2809 (3 years & months)'}],
'topskills': ['java enterprise edition', 'spring’, 'uml'],

‘publications’: [],

‘business': ['35983', '10968°, '5501', '13476', '©', '28484', '30755'],

"skills_exp": ['java', '"linux', 'javascript’, 'c’, 'uml’, ‘'mysgl’, 'oracle’]}

Figure 4.3: A example of an available applicant’'s CV.

The number of available CVs
The number of unique job roles
The average number of job roles per each applicant
Ratio of the unique job roles to the whole job roles
The number of unique skills-exp
The average number of skills-exp per each applicant
The number of unique top skills
The average number of top skills per each applicant
The average number of the language (mother tongue) per each applicant

18937
42216
5.69
0.39
934
17.69
5900
2.9

Table 4.1: Statical Summary of the CV Data

4.2 Data Processing

As the initial phase of our machine learning pipeline, the data processing phase involves
transforming unstructured input data into usable model data. Therefore, Euranova’'s CV
data must be cleansed, preprocessed, and adequately prepared to aid in the role prediction
task. For instance, in the CV Data, many role titles and job experiences were provided in
languages other than English, posing a challenge for role prediction since many existing
NLP algorithms have been developed for English. Moreover, although the time dimension
is of considerable relevance to us in this research, the periods of the experiences in the CV
Data do not adhere to the same structure — and the same language — making it difficult

to extract the dates (timestamps) from the applicants’ CVs.

This section will concern the information regarding the preprocessing of the CV data

(e.g., role translation and data extraction).
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Figure 4.4: Data Processing Phase.

4.2.1 Translation

As the CV data were collected from candidates worldwide, notably from French-speaking
districts, there is a significant likelihood of encountering applicant information in a language
other than English. For instance, French is the most common language, and many input
dates and candidates’ experiences (past roles) are provided in French— around 60% of
the applicants—, making date extraction and feature embedding difficult. Since most
existing NLP techniques used for embedding and date extraction —especially the pre-
trained models— are primarily compatible with English, the initial preprocessing step is to
translate all the information to English.

The IBM Watson translation APE| was initially utilized for translation. Nevertheless,
in addition to the IBM Watson translation API, Microsoft Azure Cognitive Serviceﬂ was
used to assure the accurate language conversion, as numerous roles and periods were first
mistranslated. Furthermore, due to the dynamic nature of this work, the translation of the
periods (dates) was also double-checked to ensure that they were all translated accurately.
To this end, all roles whose periods were not translated correctly or did not stick to the
standard format were filtered out using a check procedure.

4.2.2 Data Cleaning

As with our CV data, the roles, periods, and skills (top-skills and skills-exp), which are text
data, may contain punctuation and non-letter characters such as” /”. As a general practice
in NLP, all the words were lowercased to help preserve the flow of consistency during the
NLP tasks. In addition, the majority of punctuation was removed for standardization, as
punctuation can cause noise and uncertainty while embedding the texts.

Fig. [@5]illustrates a word cloud being a visual representation of roles. By a cursory look
at the Figure, it could be observed that most CVs are related to the IT industry, which may
be because Euranova— an IT service provider specializing in artificial intelligence, data-
centric architectures, and product development— collected the CVs from the candidates.
Nevertheless, Fig. reveals the domain of the roles based on which a role predictor is
offered in this thesis.

2https://cloud.ibm.com/apidocs/language-translator
3https://docs.microsoft.com /en-us/azure/cognitive-services/translator/
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big data-
full stk enginger data-
business analyst
web developer

software developer

data engineer

Figure 4.5: A visual representation of roles highlighting frequent words and roles

4.2.3 Date Extraction and Timestamping

For each role that a person inputs as part of her/his work experience, there is a period in-
dicating the length of time the individual held the position. Since the periods are expressed
in human-readable formats and include human-readable dates (e.g., June 2017-July 2018
or June 25, 2020-Present), the dates must be extracted and then translated to a machine-
readable format compatible with the dynamic GNN models. In order to accomplish this, the
LexNLP date extraction method proposed in [51] was employed, which provides machine
learning-enhanced regular expression for date extraction.

‘ﬁme,s‘to«mp}n?
Human Detect Per‘ioc‘ Extroct Convert to Unix
readable date ges’em:nﬁ, machine-reodoble Epoch time
Wi gz | date
Ture 27, 20R-Tuly 27, 201% June 27, 2017 Dotel2017,06,27) HARE2E200

Figure 4.6: Timestamping module: below (red) shows an example of computing
timestamp given a human-readable input period.

The LexNLP date extraction method allows two machine-readable formats to be de-
tected: one for the beginning of the period and one for the end of the period. However,
as, in this work, interaction events are just presumed to be link creations for the purpose
of constructing the role predictor, the ends of periods were repudiated. In addition, be-
cause the time encoder in dynamic GNN models such as TGN requires an incremental and
numerical representation of the dates such that rep(2022,3,17) > rep(2022,3,16), all
extracted dates should be transformed to Unix Epoch Time [52] and used as timestamps.
During time conversion, it was discovered that certain periods have simply the beginning
and ending years (e.g., 2012-2015). The sensitivity of the time dimension in this work
necessitated the rejection of these role/period pairs in order to avoid imposing incorrect
information, as a year encompasses a significant range in Epoch Time (from January to
December, the range is [0,31449K]). Fig. illustrates the number of roles observed in
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each time stamp. Each role held by a candidate at a particular time indicates an interac-
tion event between the applicant and the role. Thus, as seen in Figure [f.7] the CV data
mainly include more recent events than older ones.

The number of roles (events) per beginning timestamp

1750 { = Total number of roles
Number of unfinished roles

)
Ln
=
=

1250 A

1000 4

e
=}

The number of (roles) events
=)
(=]

[l
LA
(=]

=

02 04 06 08 10 12 14 16
beginning 1e9

Figure 4.7: Distribution of the roles by Timestamp. Unfinished roles are the periods
that are not ended (e.g., the applicant still performs the role and writes June 2017-
Present).

Based on the timestamps obtained after preprocessing, cleaning, and Date Conversion,
the CV data now have 102776 timestamped applicant-role pairs spread over 466 unique
timestamps. Each timestamp, on average, includes 220.549 roles with a standard deviation
of 345.082. Moreover, each applicant-role pair appears only once within a timestamp.

4.3 Graph Generation

Processed @
CV Dota ] evcThe
Applicont 1 Dynamic &raph

Seneration CV CTDG X

eTDha) \
CV CTDE =

Appheart 18937

Figure 4.8: (Dynamic) Graph Generation Phase.

The second phase of our pipeline entails the generation of various possible bipartite
graphs suitable for GNN models using CV Data that have been preprocessed. It is possible
to obtain various graphs, and the models’ performance may be sensitive to their input
graphs. Consequently, it is worthwhile to explore various graph representations of the CV
Data to determine the optimal representation for our final role prediction model.
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4.3.1 CV Data Modeling

Borrowing the concept of data modeling from database design, an entity-relationship
(ER) model [53] that describes the Applicant and Role relationship can be proposed,
as illustrated in Fig. This ER Data model depicts a general schema for modeling
any (dynamic) bipartite graph used for role prediction based on the the available CV
Data. Moreover, it suggests two entitiesﬂ Applicant, Role, and one relationship Take. The
Applicant Entity stores the applicant attributes. The Role Entity only maps the Role
name to a unique ID to avoid redundancy. Other attributes may be considered for Role;
however, only the Role name is currently practical given the existing CV data. Finally, the
Take relationship describes a many-to-many relationship between the applicants and roles
with respect to timestamps, which can be interpreted as "an applicant can take many roles
at any time, and a role can be also taken by different applicants at different times.

£ @

(—\ (o) (;\

A wm 707777770
Apphcant J, fﬁ\mky_—{ Rele \
2 vz “ Vi,

we.staﬂi;] \k/ _/

~—_—"

Figure 4.9: Conceptual Modeling of (dynamic) bipartite CV graph for role prediction
using ER Diagram. Double oval represents a multi-valued attribute. Underline
denotes primary key (Unique ID).

After processing the CV data as described in Section [4.2] it is possible to derive three
distinct datasets based on the ER model in Fig. one for storing application data
comprising applicant attributes (Table , one for storing role data (Table [4.3), and
one for capturing the applicant-role relationships represented by Take Relationshig®|( Table
4.4).

AID Applicant unique ID
Language Text (only one language provided)
Skills-exp | Set of skills applicant excels in (Multi-valued attribute)
Top-skills Set of applicant’s top skills (Multi-valued attribute)

Table 4.2: Elements of the Applicant dataset

Take dataset makes it possible to generate (dynamic) bipartite CV graphs. Any graph
generated from this dataset will be a bipartite applicant-role graph. Each entry in the
Take dataset represents an applicant-role interaction event. Consequently, the number of
role nodes is proportionate to the number of unique roles in the Role dataset, and the
number of applicant node is equal to the number of unique applicants in the Applicant

4Each rectangle represents an Entity in an ER diagram, and each diamond is a Relationship.

5When converting the conceptual ER diagram to a relational schema from which physical
datasets (tables) are obtained, a many-to-many relationship is considered a dataset, making the
relationship between the participating Datasets (entities).
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RID Role unique 1D
Name | Text (Role Name)

Table 4.3: Elements of the Role dataset

AID Applicant unique ID
RID Role unique 1D
Timestamp | a numerical representation of the beginning date of taking the role

Table 4.4: Elements of the Take dataset used for creating (dynamic) bipartite
graphs.

dataset. Moreover, the Applicant and Role datasets are utilized only if features-enhanced
graphs are of interest; otherwise, the Take dataset might be solely used to generate the
(dynamic) CV bipartite graphs. Table provides a statistical summary of the bipartite
graph, which can be constructed from these three datasets.

Applicant Data
The number of applicants 184861?_’-]
The number of unique languages 18
Number of unique Skills-exp 934
Number of unique Top-skills 5883
Role Data
Number of roles 38938
Take Data
Total Number of Interaction Events 102776
Mean Degree of role nodes (for Static Network) 2.566
Mean Degree of applicant nodes (for Static Network) 5.559
Number of unique timestamps 466
Mean (Stdv) number of Interaction Events per each timestamp | 220.54 (345.08)

Table 4.5: Statistical Summary of a potential (dynamic) Bipartite graph that can
be obtained by ER model in

4.3.2 Feature Encoding

As described in Section feature encoding is crucial when using a machine learning
model because the machine only understands numbers. For instance, all text attributes
must be transformed into numeric representations for the machine learning model to be
able to ingest them. As with our Data model depicted in[4.9} the Applicant dataset includes
Multi-valued attributes, such as Skills-exp and Top-skills, as well as a text attribute. In
addition, the Role dataset contains only the Role name, which is text data. Therefore,
in order to generate a features-enhanced (dynamic) bipartite graph that can be given

40



4.3. GRAPH GENERATION

to models for role prediction, it is necessary to treat dataset non-numeric attributes and
transform them into machine-understandable values. In this section, various attribute
transformers that are utilized based on the attributes in the CV data model are discussed.

Multi-valued attributes

The Applicant dataset comprises two multi-valued attributes (Skills-exp and Top-skills)
with each value being a string. Obviously, these attributes cannot be fed into the GNNs;
therefore, they should be encoded. One common approach is to map each attribute into a
(0,1)-feature vector x of dimensionality d where d is equal to the number of unique values
observed for the attribute. In order to represent a multi-valued with the (0,1)-feature
vector x, the unique values are ordered so that every value indexes a specific element in
the vector. Hence, the values of the attribute are presented as entries in the vector x such
that z[i] = 1 if the value 7 is observed in the attribute, z[i] = 0 otherwise. Although this
approach seems logical in general, two drawbacks are associated with this, which make it
impractical given our CV data. They are listed below:

e Memory inefficiency: The dimension d of the vector is proportional to the num-
ber of distinct values observed for the multi-valued attributes. If d is large, then a
substantial amount of memory is required for the feature vectors of all applicants.
For example, according to Table 4.5, there are 5883 distinct values for the attribute
" Top-Skills" and 18486 candidates. For each applicant, a (0,1)-feature vector x
must be stored; therefore, it blows up the memory with 18486 x 5883 = 108, 753, 138
elements to record Top-Skills attributes of all applicants, which explains the imprac-
ticality of this method.

e Transductive Learning:The (0,1)-feature vector prevents the model from general-
izing to unseen nodes and renders it transductive, as the new unseen nodes may
have attribute values not recorded in the training dataset.

Sentence embedding using the Sbert model[4] is recommended for memory-efficient feature
encoding that supports inductive learning. For each candidate, a multi-valued attribute is
first converted to a semicolon-separated text attribute that displays the attribute values as
text (e.g., "python;java;machine learning;cloud”). Then, the new text attribute is embed-
ded into a low-dimensional feature vector using the Sbert embedding model. Numerous
pre-trained models based on the Sentence Bert architecture have been provided. Among
these pre-trained models, the "all-MiniLM-L6-v2" model E] is utilized in this work. The
"all-MiniLM-L6-v2" model was fine-tuned using a large training dataset including more
than one billion training pairs. This model is lightweight but precise, allowing it to provide
a 384-dimensional embedding for multi-valued attributes. The beauty of this multi-valued
encoding technique is that the resultant embedding encodes the similarity of the attributes
so that two attributes that are closer in vector space have more similar values. For ex-
ample, consider the semicolon-separated text attributes in Table Similar attributes
are observed to be closer in vector space after Sbert embedding, as seen in Fig.
For instance, the third and fourth attributes are associated with the Software Engineering
profile. These two attributes share three explicitly similar values (bold) and one implicitly
similar value (underline). As shown in Fig. these two attributes are closer to one
another and further away from the remainder of the attributes.

"https://huggingface.co/sentence-transformers/all-MiniLM-L6-v2
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'python;java;deep learning,cloud computing;’
'machine learning;python;deep learning;cloud’
linux;java;cloud;oracle;javascript;ajax;jquery’
"cloud computing;java;linux;mysql;oracle;web services'
'selenium;serenity;cucumber;business analyst’
'supply chain;planning;it;sql;electronic;visual studio;access;business analyst’

SO wWwN

Table 4.6: Some multi-valued Skills-exp attributes converted to semicolon-separated
text attributes

Q.""

-2

-3

Figure 4.10: The embedding of the semicolon-separated text attributes in Table[4.6]
The embeddings are reduced to a two-dimensional space using the PCA algorithm.

Text Attribute

Like multi-valued attributes, text attributes cannot be input into the model. Only the Lan-
guage attribute is a text attribute in the Applicant dataset, deemed a nominal categorical
variable. Thus, it could be encoded using one-hot encoding. Due to the fact that just 18
languages are accessible, as shown in Table[4.2] the model may be limited to transductive
learning —- my mother tongue is Persian (a language spoken by 110 million people), yet it
is absent from the CV Data. In order to facilitate inductive learning, the one-hot encoding
is performed according to 72 of the most widely spoken languages on earth. It permits not
only inductive learning but also retraining of the model once enough new applicant data
has been collected.

In the Role dataset, just the role name, naturally a text attribute, is supplied as the
role attribute. As roles are unique in this dataset, one-hot encoding can be utilized,;
nonetheless, it is not memory-efficient since there are 38938 unique roles. Therefore, the
Sentence embedding using Sbert [4] with the pre-trained "all-MiniLM-L6-v2" model is
applied because the role names are generally sentences, not single words. Furthermore,
such an embedding helps preserve the role names’ similarity and meaning when training
a role prediction model because we have thousands of roles, and the chance of having
overlapped roles is high. Take, for example, two existing roles in the Role dataset: Java
Software Engineer and Software Engineer. As humans, we can simply realize that these
two roles are almost identical— though the former is more specific. Therefore, if the role
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prediction model understands and captures this similarity, it may predict a closer role when
predicting the role for an unseen applicant whose actual role has not been seen during
training (e.g., predicting Software Engineer while the actual role is Software Engineer
Technical Leader) — in Section it will be shown that the model could usually predict
a role close to the actual role in the inductive test even if it has not been seen during
training.

Summary

Following the encoding approaches proposed for the attributes of Applicant and Role
datasets, the encoding details can be summarized in Tables [4.7] and

Attribute Encoding Technique Dimension

Language One-hot encoding 72-dimensional
Skills-exp | Embedded using Sbert [4] | 384-dimensional
Top-skills | Embedded using Sbert [4] | 384-dimensional

Table 4.7: Applicant dataset: Resulting Feature Encoding

Attribute Encoding Technique Dimension
Name Embedded using Sbert [4] | 384-dimensional

Table 4.8: Role dataset: Resulting Feature Encoding

4.3.3 Bipartite CV Graphs

According to Section various temporal/static bipartite CV graphs can be formed
using the Take, Role, and Applicant datasets with or without link/node features. This
section will demonstrate various training graphs for temporal/static models. Even though
the primary focus of this thesis is role prediction in temporal graphs, a static graph is
provided as a baseline for training a static GNN. The topology and connectivity of all
the graphs are identical, and they represent a bipartite graph; however, their node feature
representations differ. These distinct graphs enable us to evaluate multiple models with
diverse inputs and select the optimal dynamic graph representation, assisting the final dy-
namic role prediction model in achieving the desired performance — a good approximation
of the optimality.

Static CV Graph: Baseline

The Static CV Graph (SCG) includes all the embedded features of both node types (Role
and Applicant) but lacks the time dimension. The applicant’s language, Skills-exp, and
Top-skills are encoded for the Applicant dataset as explained in Tabel Therefore, by
concatenating all their encodings, the features of each applicant node would be a real-
valued 840-dimensional vector. Moreover, only the role name is available for the Role
dataset, encoded into a real-valued 384-dimensional vector, as explained in Table
Using the Take dataset, as shown in Fig[4.9] the bipartite static graph can be obtained if
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the timestamps are eschewed. In summary, the SCG consists of 840-dimensional feature
vectors for applicant nodes, 384-dimensional feature vectors for the role nodes, and the
graph topology itself, emanated from the Take dataset.

Dynamic CV Graphs

In contrast to static models, the time dimension is fundamental in dynamic models. It is
unnecessary to encode the timestamps further because all models automatically encode
them during training, assuming they follow an incremental pattern, as discussed in Section
However, other essential components such as feature embeddings and interaction
event messages (temporal link features) must be included. Four distinct dynamic graphs
are proposed to examine the effect of various representations of the dynamic graphs on
the performance of the dynamic models. In terms of topology, all graphs are identical, and
only the feature representations are different.

e Fully Features-Enhanced Dynamic Graph (FFDG): In addition to time dimension
and node features, interaction event messages are a vital component of temporal
networks. These event messages must be unique; otherwise, they will interfere with
the model training inadvertently. In the (Bipartite) Reddit Post graph [23], for
instance, the text of each post is turned into a feature vector, and each feature
vector acts as an event message between users and subreddits. However, only
node features are given in the provided CV Data, and interaction event messages
are absent. Therefore, the interaction event messages are artificially created by
concatenating the applicant and role features, as explained in Tables and
With this configuration, an interaction event message is a 1224-dimensional vector.
This concatenation ensures uniqueness because each applicant starts performing a
role at a specific timestamp. Furthermore, because adding node features leads to
redundancy, low-dimensional zeros vectors are considered for the node features.

Overall, the FFDG consists of zero features for nodes, 1224-dimensional feature
vectors for interaction event messages, and the dynamic topology derived from the
Take dataset with respect to timestamps.

o Partially Features-Enhanced Dynamic Graph (PFDG): PFDG is identical to FFDG
and obtained in the same manner, except it does not take advantage of the Top-skill
feature in the Applicant dataset for event message creation. FFDG is proposed to
study the effect of the Top-skill attribute on the performance of the models as this
attribute is suspected of adding noise to the model. Compared to Skills-exp, there
are a large number of unique Top-skills; hence applicant nodes share fewer Top-
skills. Consequently, it may cause the model difficulty in capturing the resemblance
of the applicants’ profiles.

Altogether, PFDG consists of zero vector features for nodes of both types, 840-
dimensional feature vectors for the event messages attained by concatenating appli-
cants’ language, Skills-exp, and role name features, as well as the dynamic topology
derived from the Take dataset with respect to timestamps.

e Non-Feature Dynamic Graph (NFDG): The impact of the features on the model’s
performance is worth studying. One way to do this investigation is to build a dynamic
graph that does not benefit from any features and event messages. NFDG draws
only the topology of the graph that evolves over time.
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Figure 4.11: Best Graph Selection Phase.

The best Graph Selection phase aims to identify the best dynamic Graph representation
of the CV Data by training well-known dynamic Models on the dynamic graphs in Section
Given the constructed dynamic graphs in section the job of role prediction
is reduced to predicting the links between applicants and roles on bipartite graphs. The
optimal graph should be chosen based on the model’s overall performance with recom-
mendation metrics such as Recall QK; however, this is computationally expensive due to
the number of computations involved; Cross-validation, predicting the role for an unseen
node given his/her history, resetting the model, etc. For instance, a single round of Cross-
validation using Recall QK requires approximately eight hours on the machine allocated
by Euranova. In contrast, each round takes, on average, ninety minutes if average preci-
sion is concerned. Therefore, for the sake of simplicity and efficiency, the optimal dynamic
graph will be chosen based on the average precision of the models— though it just gives
an estimation of the model performance as a role predictor.
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Figure 4.12: Model Evaluation using Average Precision. In Average precision, the
existence and non-existence of a (temporal) link using negative sampling are tested
like binary classification.

4.4.1 Static Model: GAT Encoder-Decoder (GATED)

As described in Section the link prediction model should comprise an encoder and de-
coder framework. The static encoder is made up of many GAT Convolutional (explained
in Section and dropout layers. The decoder consists of two linears and dropout layers
to estimate the likelihood of linkages between applicant and role nodes. The model is
trained using positive and negative link samples, with Binary Cross Entropy serving as the
loss function. In addition, the hyper-parameters for the GATConv, Dropout, and Linear
layers were chosen using the manual knob-tuning technique using validation samples, and
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the optimal model was chosen using the early-stopping technique to prevent overfitting.
Notice that the Standard Message Passing technique cannot be applied to bipartite graphs
in the encoder because nodes of various types possess distinct features that the same
functions cannot process. PyGeometric [54], a python GNN framework, offers an auto-
mated method for converting homogeneous GNN models/layers to heterogeneous GNN
models/layers. The conversion can only be performed by changing the encoder using the
"to heter” transformer, which duplicates the encoder’'s message functions to operate in-
dependently for each type. Fig. depicts the schema of GATED, which employs the
"to heter” transformer to construct the GAT-based link predictor for the SCGE bipartite
graph.

Notably, static models are not the primary focus of this thesis; however, one static
model serves as a baseline for evaluating the performance of dynamic models.
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Figure 4.13: Role Prediction GAT Encoder-Decoder.

4.4.2 Dynamic Models

As the dynamic encoder, the popular TGN [2], JODIE [23], and Dyrep [48] are utilized.
All these dynamic models have been found to outperform static models. For all these
dynamic encoders, an MLP with two layers is used as decoder. The learning rate is set
to be 0.0001. Moreover, Dropout probability, Node Embedding dimension, and Time
Embedding dimension if applied are set to be 0.1, 100, and 100 for all dynamic models.
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TGN Model

TGN has multiple configurations; TGN-attn is chosen since it has been found to be superior
to the other configurations. TGN-attn employs a Graph Attention with two heads, one
layer, and ten neighbors for embedding. For TGN-attn, the configuration and hyper-
parameters are chosen as in Table [4.9}

Memory Updater Gated Recurrent Unit (GRU)
Message Aggregator Most Recent Message in the batch(Last)
Message Function Concatenation of the inputs
Memory Dimension 172
Node Embedding Dimension 100
Time Embedding Dimension 100
Dropout probability 0.1

Table 4.9: Selected hyper-parameters and configuration for TGN

JODIE Model

The JODIE's memory updater is a Recurrent Neural Network, and embedding is performed
using the Time projection approach, as described in [23] or Section The message
function is merely the concatenation of the inputs; no complicated method is employed.

Dyrep Model

Like JODIE, Dyrep utilizes an RNN for its memory updater. The memory is directly used
as embedding. Moreover, it uses graph attention to add a summary of the destination
node neighborhood to the message function.

4.4.3 Model and Graph Performance

This section presents the experimental results obtained through running the models ex-

plained in Section[4.4.2 on the CV graphs in Section For all experiments and graphs,
the batch size is set to 150, and the graphs are split into 70%-15%-15% chronological splits.

FFDG PFDG NFDG Best
Trans. Induct.  Trans. Induct.  Trans. Induct.
GATED - - - - - - SCG
Dyrep 0.9337 0.8208 0.9381 0.8288 0.9270 0.8098 PFDG

JODIE 0.9328 0.8228 0.9380 0.8333 0.9274 0.8177 PFDG
TGN-attn  0.9580 0.8251 0.9613 0.8343 0.9500 0.8100 PFDG

Table 4.10: Average Precision for future role prediction task in transductive (Trans.)
and inductive (Induc.) settings. Bold is best and Underline is the second best. For
SCG graph and GATED model, the average precision in the transductive test is
0.691, and in the inductive test is 0.6313. The results are the average of five runs.
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A cursory look at[4.10]reveals that TGN-attn outperforms all other models in all graphs
in both settings except in NFDG where the average precision in the inductive setting is
negligibly lower than Jodie. However, the difference is mostly observed in the transudative
setting as all other models could achieve an average precision below 0.94 in all graphs,
while this average precision for TGN-attn is always equal or larger than 0.9500.

Table also unveils that adding more features to the dynamic CV graph does not
necessarily result in a more accurate role prediction model, as the PFDG graph consistently
performs better. The superior performance achieved by the PFDG graph suggests that
Top-skills features not only do not raise the average accuracy in both settings but also
somewhat decrease it— Top-skills features are not added to PFDG. In addition, the NFDG
graph surprisingly enables models to train a relatively accurate role predictor without any
features. In other words, the time dimension appears to be the most crucial aspect in the
dynamic CV graphs, which is sufficient to overwhelm the static model.

Altogether, due to the higher average precision achieved by PFDG — though it is
not very significant— and the fact that it is more memory efficient than FFDG, the best
dynamic graph representation of the CV Data is chosen to be PFDG. Therefore, in the
remaining of the pipeline, whenever the term dynamic graph is mentioned, it refers to as
a PFDG instance of the CV graph unless it is explicitly mentioned.

4.5 Best Model Selection

@

Model Selection
Ablotion —
Selected Model F
Best Selected Medlel At i
-

Figure 4.14: Best Model Selection Phase.

In this phase, many instances of the TGN model on PFDG are studied. The ablation
study in the original publication [2] inspires this analysis. The objective of this analysis is
to determine how adding, removing, or altering a component in TGN affects performance
in terms of average precision in both transductive and inductive tests. Moreover, it aids in
determining the optimal TGN configuration for the role prediction given the PFDG Graph.
It is important to note that the findings may be suboptimal due to the fact that only one
representation of the CV Graph is used and several hyper-parameters are involved; yet, the
results can provide a reasonable approximation of the ideal configuration of TGN, which
can be used in the final role prediction model.

4.5.1 TGN Model Instances

The TGN instances listed in Table [4.9] are utilized for the ablation study. All the TGN in-
stances in Tabel[4.11] except TGN-no-mem that does not have memory are merely different
in terms of Embedding Module.

For all TGN based-models except TGN-no-mem, the configuration and hyper-parameters
are chosen as in Table[4.9] Notice that TGN-no-mem does not benefit from any memory.
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H Name Embedding Module
TGN-attn Attention with two heads, one layer, and 10 neighbs.
TGN-2I Attention with two heads, two layers, and 10 neighbs.
TGN-no-mem  Attention with two heads, one layer, and 10 neighbs, no memory.
TGN-time Time projection.
TGN-ID Use the memory directly as the node embedding.
TGN-Sum Sum graph convolution using 1 layer and 10.

Table 4.11: Different TGN models with various embedding modules.

Therefore, it lacks Memory, Memory updater, Message Function, and Message Aggregator;
nevertheless, its node embedding dimension and dropout probability are similarly set to
100 and 0.1, respectively.

Note that, similar to Section the batch size is set to 150, and the graphs are
split into 70%-15%-15% chronological splits.

4.5.2 Results

Fig[4.17] illustrates that TGN models with more complicated embedding modules outper-
form other models. For example, TGN-2| with two graph attention convolutional layers
has the highest average precision in transductive and inductive scenarios. Surprisingly,
TGN-no-mem performs well in the transductive environment; however, its sub-0.8 induc-
tive precision indicates the significance of the memory module, as all other models are able
to achieve an average precision of 0.82 or higher in the inductive setting. This in-depth
study suggests employing additional attention graph convolutional layers to create a more
trustworthy TGN model for role prediction, which optimally performs on observed and
unseen nodes. TGN-2L is then the proposed dynamic model that is expected to function
best with the PFDG representation of CV Data.

Average Precision

085 -
0841 = -
A
* [
083
z ® TGN_attn
G * TGN 2I
E 082 A TGM_id
» TGM_no_mem
081 4 TGM_sum
*  TGM_time
& Jodie
0.80 . Dyrep

0940 0945 0950 0955 0950 0965 0970
Transductive

Figure 4.15: Average Precisions in Inductive and Transductive settings. The results
are the average of five runs.
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4.6 Evaluation as Top-k Role Recommendation
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@
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Figure 4.16: Evaluation as Top-k Role Recommendation System.

So far, all evaluations have been conducted as a role prediction task that can be cast as
link prediction in which the average precision is calculated based on a set of negative and
positive samples, such that the problem can be considered a classification problem — to
distinguish existent links from the non-existent ones. Moreover, the PFDG representation
of the CV graph and TGN-2| model have been nominated based on the average precision
evaluation performed in Section [f.4.3] since it could simplify the pipeline’s model selection
process, which could be a bottleneck.

Due to the size of the accessible item set, it is typically impossible for many recom-
mendation systems to predict or recommend only one item to a user. Predicting one
actual item out of thousands of items in the system requires a model with a precision close
to 1, computed over all possible items, not just a set of negative and positive samples.
Therefore, a typical recommendation system suggests that top-k items should be retrieved
instead of only one item. A top-k recommendation system aims to recommend as many
positive items as possible in the top-k recommended items.

In this section, the proposed role prediction model (PFDG+TGN-2I) is examined as
a top-k role recommendation system, where it recommends top-k£ most potential roles as
the subsequent role for an applicant given the applicant’'s past experiences.

In order to conduct the experiment in this phase of the pipeline, as depicted in Fig.
4.15, the Cross-validation evaluation approach is used to obtain a trustworthy evaluation of
the model using various training and test datasets. This step includes three inputs resulting
from the previous phases: Training processed CV (90% of the CV datasetsﬂ) dataset, Test

816637 training applicants (roughly 92817 interaction events). %80 of training data are chosen
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Figure 4.17: One round of the Cross-validation for top-k recommendation evaluation

processed CV dataset (10% of the CV dataset E[) and the TGN-2| as the best model found
on the PFDG representation of the CV data. At each Cross-validation round, a PFDG
representation of the training dataset (training PFDG) is generated, as this is expected
to be the most accurate representation. Then, a TGN-2| model is trained on the training
PFDG with the same hyper—parameterﬂ used in the experiments in section After
training the model, each applicant's CV from the test data is selected for the model to be
evaluated on. The last applicant’s role is selected as the ground-truth role for evaluation.
The model first ingests the applicant’s previous roles (except the last roles) as interaction
events between the applicant and roles, then updates its states, and finally computes an
embedding for the applicant. Based on the computed embedding, the probabilities of the
links between the applicant and all the roles are calculated, helping pick the top-k most
probable roles for the applicant. A top-k evaluation such as Recall@K—discussed later—
can then be applied according to the retrieved top-k roles. Fig. 4.16 illustrates one round
of the cross-validation procedure for evaluating the model, whereas Algorithm [I] provides
the pseudocode for the entire top-k evaluation procedure.

4.6.1 Evaluation Metrics

Considering Algorithm[I]and Fig. the suggested top-k role recommender can be evalu-
ated using the cross-vadiation approach. However, evaluation requires a top-k recommen-
dation metric. This section presents two metrics, Recall QK and Cosine — SimilarityQk
(defined in this thesis), which are used to evaluate the top-k role recommender.

RecallOoK

Recall@K computes the proportion of pertinent items among the top-k£ recommended
items. Let P, be a set of positive items the user will interact with in the future, and R,
be a set of k items recommended by a model. Therefore, the RecallQK is calculated by

for training, %15 for transductive test, %5 for inductive test. These %20 validation data are used
for checking the correctness of the model and overfitting (not related to top-k metrics.)

91848 test applicants

0The only difference is that the batch size is set to be 200 for the sake of efficiency.
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Algorithm 1 Top-k Role Recommendation Evaluation
Input: CVDAT A (Processed CV Data), k (k Best prediction)
Output: Meam score for an Evaluation Metric (e.g, RecallQK)
CV « Split CVDATA into 10 folds F = {f1, fa, ..., fi0}
Meam_score < 0
for m < 1to 10 do
T < {F — fm} > Use f,, as a test CVs and T, as training CVs
PFDG,, < Create_.PFDG(T,,) > Create the train PFDG based on T,
Role_Nodes < pick all role nodes in PFDG,,
Ry < |Role_Nodes|

M < Train(TGN_22l,T,,) > Train TGN-2| model on T},
for each cv € f,, do
AID < create_id(cv) > Create an ID for the applicant
Probs + RlFnol > To keep the probability of the links (AID, role;)
M; <~ M > To avoid updating model for next cv

> Order roles in cv chronologically
{role,,role,,...,role;, } < Order_roles(cv)
Experiences < {role;,,roles,,...,roles _,}
Rolejqst + roley, > The ground-truth role for evaluation
MSGs <+ Compute_Message(AID, Experiences)
for each role; € Experiences and msg; € MSGs do
M; + Insert(M;, event(AID,role;, msg;)) > New event to M;
end for
for each role; € Role_Nodes do
Probs; < Predict_Link(M;, AID, role;)
end for
Topy, < Pick_best(Role_Nodes, Probs, k) > Pick k best prediction
score+ <— Evaluation_Metric(Topy, Rolejqast) > metric as RecallQK
end for
Meam_score+ < score/| fn]
end for
Meam_score <— Meam_score/10
return Meam_score
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ID Test Mode Ground-truth Role Predicted Role CM
1 Unseen software engineer technical leader software engineer 0.72
2  Seen devops cloud engineer devops engineer 0.89
3 Unseen c python software engineer 0.23
4  Seen business development leader business developer 0.7
5 Seen sales business developer business developer 0.86

Table 4.12: Some predictions made by the role recommender. Although they are all
deemed wrong in a binary manner, many of them are pretty close in their meanings.
CM is Cosine Similarity computed after embedding the true and predicted roles
using Sbert [4]. Unseen means the true role has not been seen during training, and
Seen indicates the true role has been seen during training.

|Ru N Py|
| P

In the top-k role recommendation, |P,| equals one because, at any time, only one
positive example is available for any applicant—only the last role is chosen as the ground
truth. Accordingly, the numerator in Eq. [4:2]can only take on either zero or one. Therefore,
the Recall @K metric for the top-k role recommendation is a binary evaluation metric that
checks the ground-truth role absence or presence in the top-k recommended roles. This
binary metric results in a lower RecallQK value for the top-k role recommender than other
top-k recommenders with many ground-truth items. When there are more ground-truth
items, the numerator is expected to be higher than zero in many cases.

RecallQK = (4.1)

Cosine-Similarity@k

As explained in Eq. the Recall QK metric is expected to be low in the top-k role
recommendation due to the binary nature of the Recall QK in this recommendation sys-
tem. However, the chances are that the recommender gives a list of top-k roles such that
at least one of the roles is close to the ground-truth role in terms of meaning, as there
are 38938 role nodes obtained from the IT industry, and consequently, many of them may
overlap (e.g., many similar roles are written differently). Take, for example, some predic-
tions in Table [4.6.1] made by the proposed role recommender, which are evaluated to be
incorrect in terms of Recall QK. As seen in Table even though they are deemed
incorrect by RecallQK, leading to zero Recall QK , many of the predictions are rather
near to the ground-truth roles, indicating the model’s capability of recommending similar
roles. Therefore, it necessitates a metric that can reflect the similarity of the predicted
and true roles in order to acquire a fair top-k role recommendation assessment.

Definition 1 Cosine — SimilarityQK is the highest cosine similarity computed between
the ground-truth role and the top-k recommended roles.

Seen vs. Total Results

When predicting the role of an applicant, it is possible that the ground-truth role has
not been seen during training. Therefore, as both applicant node and true role have not
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True Role: software engineer technical leader

software engineer (0.719)— Cosine Similarity@10 is 0.719
devops cloud engineer 0.4563

devops engineer 0.5515

¢ python 0.2051

business development leader 0.6233

sales business developer 0.4062

business developer 0.4827

software test engineer 0.662

data scientist 0.4282

data analyst 0.3897

Figure 4.18: An example of Cosine — SimilarityQK with K = 10, for the top-10
recommended roles.

been seen during training, the model definitely fails to predict the true role, leading to a
zero recall@k, even though the model is inductive— it will be shown in Section
The reason is that, unlike static models, all the nodes are not inserted at once. In the
continuous dynamic models, the events emerge over time, and if the ground-truth role has
not been involved in any events, the model does not create any memory for it. Ergo, how
would it be possible for the model to predict something that it has ever seen? Hence, the
results can be presented according to three test modes, which are as follows:

e Seen: the true role has been seen during training; thus, the model should predict
the true role.

o Unseen: the true role has not been seen during training; thus, the model fails to
predict the true role.

o Total: Seen and Unseen test modes are considered.

However, in Section only Seen and Total test modes are utilized.

4.6.2 Evaluation Results

For the purpose of evaluating the performance of the proposed model using Algorithm
the following models are chosen for evaluation.

e neg_sample_i : The proposed role recommendation model (PFDG-+TGN-2L) with
i € {1,20,100} negative samples, denoted by neg_sample_i.

e Baseline 1: Predict the current role of an applicant as his/her next role. It is worth
noting that because the last role of supplicants is predicted as the next role, the
choice of K does not result in different evaluation metric score. In other words, the
RecallQK and Cosine — SimilarityQK for Baseline 1 are equal for every value
of K.

e Baseline 2: Randomly select k& roles with probabilities proportional to their fre-
quency.

_ # of observations ofrole;

o Zj # of observations of role;

Prole,i (42)

To pick the best random prediction, Ten Samplings are performed.
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Results

First and foremost, it should be remarked that all the results are the average scores obtained
by the cross-validation test, and the bar on the lines indicates the standard deviation.
Moreover, the RecallQK and Cosine — Similarity@QK for the Baseline 1 for any K are
0.006 (12.4 correct answers) and 0.43, respectively. This result indicates that almost all
applicants take a different role from their previous roles, making the role prediction task
more challenging. Finally, while predicting the next roles of the test applicants using the
top-k recommender, an average of 23 percent of the ground-truth roles are not seen during
training, which results in an average of 1425 Tests in the Seen test mode.

At first glance, all Figures[#.19][4.20]4.21] and[4.22]reveal that Recall@K and Cosine—
Similary@k both monotonically increase as K grows. Furthermore, it is observable that
the top-k role recommender with higher negative samples for training increases the perfor-
mance in the RecallQK but does lead to better performance in Cosine — SimilaryQk.
However, more negative samples do not necessarily help train a better model as a neg-
sample-20 and neg-sample-100 produce the same results in both seen and unseen modes.
Altogether, it can be deduced that 20 negative samples are enough for training.

Because there are 38938 roles to be predicted and only one ground-truth role is pro-
vided, the Recall@10 = 0.28 in the seen test mode implies the prediction power of the
top-10 role recommender —28% of the top-k recommended roles contain the ground-truth
role. Furthermore, although K = 35 may appear to be a high number, K can be chosen
for hundreds in practice [55]. Thus, Recall@35 represents a reasonable performance given
the complexity of the data.

As described in Section it is evident that the Recall@k for any k is lower in the
Total mode due to the contribution of zero scores to the overall score. In such cases, it
may be prudent to investigate C'osine — Similarity@QK in the total mode to evaluate the
performance of the model in retrieving comparable but not identical ground-truth roles.

As seen in Figures [4.21] and the Cosine — similarity@Qk for k = 10 is around
0.70 for both the Seen and Total modes. By taking Table[4.6.1] as a reference, it is possible
to determine that the similarity of 0.7 corresponds to two roles whose meanings are quite
similar. Consequently, the model performance in terms of Cosine — similarityQk for
k > 10 suggests that at least one of the recovered top-k roles may be similar to the
ground-truth roles, even if it was not utterly observed during training.

Overall, the experimental findings produced by Algorithm [1| reveal that the top-k
role recommender developed on the basis of a continuous dynamic model demonstrates
acceptable performance in terms of both metrics for £ > 10.
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Chapter 5

Conclusion

In this thesis, a new framework for the top-k role recommendation system has been pro-
posed, which benefits from the time dimension. Multiple research on the CV Data and
various dynamic graph representations of the CV Data have demonstrated that the PDFG
representation yields the most promising results on several dynamic models. Then Based
on this representation, the best model, TGN-2l, was chosen, which ultimately was ap-
plied in the top-k recommender. According to the experimental results measured by the
Recall@k and Cosine — Similary@Qk, the proposed top-k recommender has been found
to recommend a list of top-k roles that are highly resemblant for £ > 10 even when the
ground-truth roles are not retrieved. It comes from the fact that the Cosine— SimilaryQk
for k > 10 is above 0.7, indicating high similarity.

Although the model has shown promising results, it might be improved in several ways:

e The use of the TGN enhancement is discussed in Appendix [A] For example, APAN
in Fig. may help have faster role recommender because TGN is a bit slow in
deployment.

e Providing a more clean CV Data set with fewer available roles. In the dataset, it
has been observed that many roles overlap, making the prediction harder.
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Appendix A

TGN Enhancements

A.1 Asynchronous Propagation Attention Network
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Figure A.1: APAN Framework[3].

Current dynamic models such as TGN and TGAT suffer from excessive latency on the
online inference since these methods need visiting nodes’ k-hop temporal neighbors before
generating the node embeddings of nodes participating in interactions.

In [3], the authors discuss the significance of online inference latency in real-world
applications such as Online payment apps, where embezzlement and fraud can occur in-
stantaneously; therefore, the monitoring platform should catch them in real-time before
the fraudsters flee the platform. By decoupling model inference and network querying
phases, the authors aim to reduce the online inference time of a model. Specifically, they
propose the Asynchronous Propagation Attention Network (APAN), which provides both
synchronous inference and asynchronous propagation links. In the asynchronous link, when
an interaction is created, the interaction’s information (e.g., event detail and history em-
bedding) is emailed to the k-hop neighbors of the nodes involved in the transaction. In
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fact, each node has a mailbox of size x that stores the & most recent pieces of informa-
tion it has received via k-hop neighbors. In this instance, rather than propagating and
aggregating the neighbors’ information during inference, the nodes already possess the
information transmitted through the asynchronous link. Consequently, in the synchronous
link, APAN just has to read the mailboxes of the nodes participating in the conversation
and execute real-time inference when the interaction occurs. In fact, temporal node em-
beddings are calculated in the encoder as described above, and then an MLP decoder
is utilized to complete a job such as link prediction or node classification based on the
obtained embeddings.

Experimental results reveal that the APAN beats all other models in terms of inference
time (8.7 times faster than TGN), while providing accuracy extremely near to that of TGN
in link prediction and node classification, and in certain cases doing somewhat better than
TGN.

A.2 Temporal Graph Network Embedding with Causal
Anonymous Walks Representations

TGN generates node embedding from interactions by the message aggregation through
temporal links. Also, Casual Anonymous Walk (CAW) is a state-of-the-art link prediction
approach by learning edge representations. In [49], the authors attempt to combine the
idea of TGN and CAW to improve the accuracy of the link prediction and node classification
task. In one simple word, they have refined the message generator function and enriched
it with more relevant information. The message generator is defined as:

mi(t) = (si(t™)|]s; (¢ )| At[les; ()| NEFi;(t)) (A.1)

As it is clear, the only difference in the message generator function is NEF;;(t),
which is the core contribution of the authors to TGN. NEF;;(t) is a trainable module
that generates highly informative feature representations (link feature vector) of an link
ij for any given time. This module is proposed based on CAW; however, | will not go
through details about it as it is beyond the scope of this thesis. Instead, interested readers
may refer to [49]. It is worth noting that other elements of their framework except the
embedding generator are similar to the original TGN — NEF;;(t) is also added to the
embedding generator.

The proposed model was tested against several baseline models such as TGN, DyRep[48]
and Jodie[23]. The experimental results show that it consistently outperforms almost all
models except in some cases in both transductive and inductive settings. However, it
is good to mention that, in some cases, the improvement is negligible compared to the
original TGN algorithm— a slight increase in the third digit.

A.3 Adaptive Data Augmentation on Temporal Graphs

In [50], the authors claim that TGNs may suffer from over-fitting and the lack of model
generalization due to their complexity. Data Augmentation has been found effective in
overcoming overfitting. Accordingly, the authors suggest an adaptive Data Augmenta-
tion (DA) approach called Memory Tower Augmentation (MeTA), stacking a few levels
of memory modules as a tower with weight sharing. In an adaptive DA, the higher DA
magnitudes are applied to the less informative parts of the input features. In MeTA, the

66



A.3. ADAPTIVE DATA AUGMENTATION ON TEMPORAL GRAPHS

informativeness of links to a target node is defined in terms of both time and topology —
the links closer to the target node in time and topology (e.g., direct link preferred) carry
more critical information. The basic idea in MeTA is to generate a few graphs with differ-
ent DA magnitudes such that the lower memory module in MeTA processes the graph of
lower DA, and the higher module processes the graph of higher DA. Using these modules,
MeTA accomplishes the message passing between these graphs to provide adaptively aug-
mented inputs for predictions. It is worth noting that MeTA possesses two message-passing
mechanisms to make adaptative DA feasible, such as Cross-level Propagation (propagating
nodes’ features across the levels) and Memory Transition (transmitting memory state of
the nodes from higher to lower levels periodically).

MeTA is a general module that can be used for training DyRep [48], TGNs, etc. The
experimental results indicate the effectiveness improvements of both DyRep and TGN in
link prediction and node classification tasks without imposing computational overhead.
TGN with MeTA was always the champion with a relatively high margin in their experi-
ments.
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