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Abstract
Recent years have witnessed a massive increase in the amount of data generated by the Internet of Things
(IoT) and social media. Processing huge amounts of this data poses non-trivial challenges in terms of the
hardware and performance requirements of modern-day applications. The data we are dealing with
today is of massive scale, high intensity and comes in various forms. MapReduce was a popular and
clever choice of handling big data using a distributed programming model, which made the processing
of huge volumes of data possible using clusters of commodity machines. However, MapReduce was
not a good fit for performing complex tasks, such as graph processing, iterative programs and machine
learning. Modern data processing frameworks, that are being popularly used to process complex data
and perform complex analysis tasks, overcome the shortcomings of MapReduce. Some of these popular
frameworks include Apache Spark for batch and stream processing, Apache Flink for stream processing
and Tensor Flow for machine learning.

In this thesis, we deal with complex analytics on data modeled as time series, graphs and streams.
Time series are commonly used to represent temporal data generated by IoT sensors. Analysing and
forecasting time series, i.e. extracting useful characteristics and statistics of data and predicting data, is
useful for many fields that include, neuro-physiology, economics, environmental studies, transportation,
etc. Another useful data representation we work with, are graphs. Graphs are complex data structures
used to represent relational data in the form of vertices and edges. Graphs are present in various
application domains, such as recommendation systems, road traffic analytics, web analysis, social media
analysis. Due to the increasing size of graph data, a single machine is often not sufficient to process the
complete graph. Therefore, the computation, as well as the data, must be distributed. Graph partitioning,
the process of dividing graphs into subgraphs, is an essential step in distributed graph processing of
large scale graphs because it enables parallel and distributed processing.

The majority of data generated from IoT and social media originates as a continuous stream, such as
series of events from a social media network, time series generated from sensors, financial transactions,
etc. The stream processing paradigm refers to the processing of data streaming that is continuous and
possibly unbounded. Combining both graphs and streams leads to an interesting and rather challenging
domain of streaming graph analytics. Graph streams refer to data that is modelled as a stream of edges
or vertices with adjacency lists representing relations between entities of continuously evolving data
generated by a single or multiple data sources. Streaming graph analytics is an emerging research field
with great potential due to its capabilities of processing large graph streams with limited amounts of
memory and low latency.

In this dissertation, we present graph partitioning techniques for scalable streaming graph and time
series analysis. First, we present and evaluate the use of data partitioning to enable data parallelism
in order to address the challenge of scale in large spatial time series forecasting. We propose a graph
partitioning technique for large scale spatial time series forecasting of road traffic as a use-case. Our
experimental results on traffic density prediction for real-world sensor dataset using Long Short-Term
Memory Neural Networks show that the partitioning-based models take 12� lower training time when
run in parallel compared to the unpartitioned model of the entire road infrastructure. Furthermore, the
partitioning-based models have 2� lower prediction error (RMSE) compared to the entire road model.
Second, we showcase the practical usefulness of streaming graph analytics for large spatial time series
analysis with the real-world task of traffic jam detection and reduction. We propose to apply streaming
graph analytics by performing useful analytics on traffic data stream at scale with high throughput
and low latency. Third, we study, evaluate, and compare the existing state-of-the-art streaming graph
partitioning algorithms. We propose a uniform analysis framework built using Apache Flink to evaluate
and compare partitioning features and characteristics of streaming graph partitioning methods. Finally,
we present GCNSplit, a novel ML-driven streaming graph partitioning solution, that uses a small and
constant in-memory state (bounded state) to partition (possibly unbounded) graph streams. Our results
demonstrate that GCNSplit provides high-throughput partitioning and can leverage data parallelism to
sustain input rates of 100K edges/s. GCNSplit exhibits a partitioning quality, in terms of graph cuts and
load balance, that matches that of the state-of-the-art HDRF (High Degree Replicated First) algorithm
while storing three orders of magnitude smaller partitioning state.
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Sammanfattning

De senaste åren har bevittnat en massiv ökning av mängden data som genereras av Internet of Things
(IoT) och sociala medier. Att bearbeta enorma mängder av denna data innebär icke-triviala utmaningar
när det gäller hårdvaru- och prestandakrav för dagens tillämpningar. De uppgifter vi har att göra
med idag är i stor skala, med hög intensitet och finns i olika former. MapReduce var ett populärt
och smart val av hantering av big data med hjälp av en distribuerad programmeringsmodell, vilket
gjorde det möjligt att bearbeta stora datamängder med kluster av standarddatorer. MapReduce passade
emellertid inte bra för att utföra komplexa uppgifter, såsom grafbehandling, iterativa program och
maskininlärning. Moderna ramverk för databehandling, som ofta används för att bearbeta komplexa
data och utföra komplexa analysuppgifter, övervinner bristerna i MapReduce. Några av dessa populära
ramverk inkluderar Apache Spark för batch- och streambearbetning, Apache Flink för streambearbetning
och Tensor Flow för maskininlärning.

I denna avhandling behandlar vi komplexa analyser av data modellerade som tidsserier, grafer
och strömmar. Tidsserier används ofta för att representera tidsdata som genereras av IoT-sensorer.
Att analysera och prognostisera tidsserier, dvs extrahera användbara egenskaper och statistik och
förutsäga data, är användbart för många områden till exempel neurofysiologi, ekonomi, miljöstudier,
transport etc. En annan användbar datarepresentation vi arbetar med är grafer. Grafer är komplexa
datastrukturer som används för att representera relationsdata i form av hörn och kanter. Grafer finns i
olika tillämpningsdomäner, såsom rekommendationssystem, vägtrafikanalys, webbanalys, och sociala
medianalyser. På grund av den ökande storleken på grafdata är en enskild dator ofta inte tillräcklig
för att bearbeta hela grafen. Därför måste beräkningen såväl som data distribueras. Grafpartitionering,
processen att dela in grafer i subgrafer, är ett viktigt steg i distribuerad grafbehandling av storskaliga
grafer eftersom det möjliggör parallell och distribuerad bearbetning.

Majoriteten av data har sitt ursprung i en kontinuerlig ström, såsom händelseserier från ett socialt
medianätverk, tidsserier genererade från sensorer, finansiella transaktioner etc. Strömbehandlingspara-
digmet hänvisar till bearbetning av dataströmmar vilka är kontinuerliga och möjligen obegränsade. Att
kombinera både grafer och strömmar leder till en intressant och ganska utmanande domän för analys av
strömmande grafer. Grafströmmar hänvisar till data som är modellerad som en ström av kanter eller
hörn med närliggande-listor som representerar relationer mellan enheter för kontinuerligt utvecklande
data som genereras av en eller flera datakällor. Analys för strömmande grafer är ett framväxande
forskningsfält med stor potential på grund av dess möjligheter att bearbeta stora grafströmmar med
begränsade mängder minne och låg latens.

I denna avhandling presenterar vi grafdelningstekniker för skalbar analys av strömmande grafer
och tidsserier. Först presenterar och utvärderar vi användningen av datapartitionering för att möjliggöra
dataparallellism för att hantera skalans utmaning i stora rumsliga tidsserieprognoser. Vi föreslår en
grafuppdelningsteknik för storskalig rumslig tidsserieprognostisering av vägtrafik som användningsfall.
Våra experimentella resultat om trafikdensitetsförutsägelse för verkliga sensordatamängder med
hjälp av Long Short-Term Memory Neural Networks visar att de partitionsbaserade modellerna tar
12�, om de körs parallellt, mindre träningstid jämfört med den opartitionerade modellen av hela
väginfrastrukturen. Dessutom har de partitioneringsbaserade modellerna 2� färre förutsägelsesfel
(RMSE) jämfört med hela vägmodellen. För det andra visar vi den praktiska användbarheten av
strömmande grafanalys för storskalig rumslig tidsserieanalys med den verkliga uppgiften att upptäcka
och minska trafikstockningar. Vi föreslår att man använder strömmande grafanalys genom att utföra
användbar analys på trafikdataströmmar i stor skala med hög genomströmning och låg latens. För
det tredje studerar, utvärderar och jämför vi befintliga toppmoderna partitioneringsalgoritmer för
strömmande grafer. Vi föreslår ett enhetligt analysramverk byggt med Apache Flink för att utvärdera och
jämföra partitioneringsfunktioner och egenskaper hos partitioneringsmetoder för strömmande grafer.
Slutligen presenterar vi GCNSplit, en ny ML-driven partitioneringslösning för strömningsdiagram, som
använder ett litet och konstant tillståndsminne i minnet (finit tillstånd) för att partitionera (eventuellt
obegränsade) grafströmmar. Våra resultat visar att GCNSplit tillhandahåller partitionering med hög
kapacitet och kan utnyttja dataparallellism för att upprätthålla ingångshastigheter på 100K kanter=s.
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GCNSplit uppvisar en partitioneringskvalitet, i termer av grafskärningar och belastningsbalans, som
matchar den toppmoderna HDRF-algoritmen (High Degree Replicated First) medan den lagrar tre
storleksordningar mindre partitioneringstillstånd.

.
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Résumé

Les dernières années ont été témoin d’une augmentation massive de la quantité de données générées
par l’Internet des objets (IoT) et les médias sociaux. Le traitement d’énormes quantités de ces données
pose des défis non triviaux en termes d’exigences matérielles et des performances d’applications
modernes. Les données que nous traitons aujourd’hui sont d’échelle massive, de haute intensité et
se présentent sous diverses formes. MapReduce était un choix populaire et astucieux pour gérer les
données volumineuses à l’aide d’un modèle de programmation répartie, ce qui rendait possible le
traitement d’énormes quantités de données à l’aide de clusters de machines de base. Cependant,
MapReduce n’était pas adapté à l’exécution de tâches complexes, telles que le traitement de graphes,
les programmes itératifs et l’apprentissage automatique. Les plates-formes modernes de traitement de
données, utilisées communément pour traiter des données complexes et effectuer des tâches d’analyse
complexes, surmontent les lacunes de MapReduce. Certaines de ces plates-formes populaires incluent
Apache Spark pour le traitement par lots et par flux, Apache Flink pour le traitement par flux et Tensor
Flow pour l’apprentissage automatique.

Dans cette thèse, nous traitons des techniques d’analyse complexes sur des données modélisées
sous forme de séries temporelles, de graphes et de flux. Les séries temporelles sont couramment utilisées
pour représenter les données temporelles générées par capteurs IoT. L’analyse et la prévision des séries
temporelles, c’est-à-dire l’extraction des caractéristiques et des statistiques utiles des données et la
prédiction des données, sont utiles dans de nombreux domaines, notamment la neurophysiologie,
l’économie, les études environnementales, les transports, etc. Une autre représentation de données utile
avec laquelle nous travaillons est le graphe. Les graphes sont des structures complexes utilisées pour
représenter des données relationnelles sous forme de noeuds et d’arêtes. Les graphes sont présents dans
divers domaines d’application, tels que les systèmes de recommandation, l’analyse du trafic routier,
l’analyse Web, l’analyse des médias sociaux. En raison de la taille croissante des données en forme de
graphes, souvent un seul ordinateur n’est pas suffisant pour traiter tout le graphe. Par conséquent, le
calcul, ainsi que les données, doivent être répartis. Le partitionnement de graphes, c’est-à-dire la division
de graphes en sous-graphes, est une étape essentielle pour le traitement de graphes à grande échelle car
il permet un traitement parallèle et réparti.

La majorité des données générées à partir de l’IoT et des médias sociaux existent comme un flux
continu, telles que les séries d’événements d’un réseau de médias sociaux, les séries temporelles générées
à partir de capteurs, les transactions financières, etc. Le paradigme de traitement de flux fait référence
aux flux de données continus et potentiellement non bornés. Combiner ensemble des graphes et des flux
conduit à un domaine intéressant et plutôt difficile d’analyse. Les flux de graphes font référence à des
données modélisées comme un flux d’arêtes ou de noeuds avec des listes d’adjacence représentant des
relations entre des entités en constante évolution générées par une ou plusieurs sources de données.
L’analyse des graphes en continu est un domaine de recherche émergent avec un grand potentiel en
raison de ses capacités à traiter de grands flux de graphes avec une mémoire limitée et une faible latence.

Dans cette thèse, nous présentons des techniques de partitionnement de graphes pour l’analyse
à grande échelle des graphes en continu et des séries temporelles. Tout d’abord, nous présentons et
évaluons l’utilisation du partitionnement pour permettre le parallélisme des données afin de relever le
défi de l’échelle dans la prévision de grandes séries temporelles spatiales. Nous proposons une technique
de partitionnement de graphes pour la prévision de séries temporelles spatiales à grande échelle du
trafic routier comme cas d’utilisation. Nos résultats expérimentaux sur la prédiction de la densité du
trafic pour l’ensemble de données de capteurs du monde réel à l’aide de réseaux neuronaux récurrent
à mémoire court et long terme (Long Short-Term Memory, LSTM) montrent que les modèles basés
sur le partitionnement prennent 12 fois moins de temps d’apprentissage lorsqu’ils sont exécutés en
parallèle par rapport au modèle non partitionné de l’ensemble de l’infrastructure routière. De plus, les
modèles basés sur le partitionnement ont une erreur de prédiction 2 fois inférieur (erreur quadratique
moyenne, RMSE) par rapport au modèle routier en entier. Deuxièmement, nous présentons l’utilité
pratique de l’analyse des graphes en continu pour l’analyse de grandes séries temporelles spatiales avec
la tâche réelle de détection et de réduction des embouteillages. Nous proposons d’appliquer l’analyse
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des graphes en continu en effectuant des analyses utiles sur les flux de données de trafic à grande échelle
avec un débit élevé et une faible latence. Troisièmement, nous étudions, évaluons et comparons l’état
de l’art des algorithmes de partitionnement de graphes en continu. Nous proposons une plate-forme
d’analyse uniforme construite à l’aide d’Apache Flink pour évaluer et comparer les fonctionnalités de
partitionnement et les caractéristiques des méthodes de partitionnement de graphes en continu. Enfin,
nous présentons GCNSplit, une nouvelle solution de partitionnement de graphes en continu pilotée
par l’apprentissage automatique, qui utilise un état en mémoire petit et constant (un état borné) pour
partitionner des flux de graphes (peut-être non bornés). Nos résultats démontrent que GCNSplit fournit
un partitionnement à haut débit et peut tirer parti du parallélisme des données pour maintenir des taux
soutenus de 100000 arêtes par seconde. GCNSplit présente une qualité de partitionnement, en termes de
coupes de graphes et d’équilibrage de charge, qui correspond à celle de l’algorithme avancé HDRF (High
Degree Replicated First) tout en stockant un état de partitionnement trois ordres de grandeur plus petit.
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chapter

1
Introduction

"You cannot run faster than you run"

� Vladimir Vlassov a.k.a Vlad when I started writing my thesis

1.1 Research Motivation and Context

Analytics on complex and multidimensional data representations, such as graph
streams and spatial time series, is becoming increasingly important today because it
allows extracting knowledge in various useful domains where the traditional �at �le
data, i.e., text data, fails to do so. Some of these domains include tra�c analysis [ 1],
social media analysis [2], web analysis [2], machine learning [ 3], recommendation
systems [4], environmental studies [ 5] and economics [6]. However, it is di�cult
to make these analytics scalable on such complex data representations because
we have to take into account the multiple data dimensions, the size of data, and
the computation that itself is complicated. In this thesis, we are looking into two
types of complex and multidimensional data representations, graph streams and
spatial time series. Moreover, we apply partitioning and Machine Learning (ML)
methods to improve the performance and scalability of analytics on these complex
representations based big datasets. In the rest of the introduction, we introduce
necessary de�nitions and background.

Big Data. Every day, a large amount of data is being produced through social
media, the World Wide Web and Internet of Things (IoT) devices. The term Big Data
is popularly used to refer to this ever-increasing data in terms of its volume, velocity
and variety [ 7]. Even though current developments in the data processing domain
have made the handling of Big Data convenient for both industry and academia,
they are still not enough to handle massive data e�ciently. In terms of volume, the
available memory and disk space of a single machine fall short to �t the concerned

1
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data. Considering the current speed (Velocity) at which di�erent types (Variety) of
data is being generated, in the form of raw data, semi-structured and unstructured
data, new frameworks are required to not only combine the data coming from
various sources in di�erent forms but also to process the high-intensity data with
low-latency.

Graph Streams. Modern day data processing systems are evolving to handle com-
plex tasks such as stream processing, machine learning and graph analytics [8, 9, 10].
Graphs are complex data structures used to model and represent relational data
present in various useful application domains such as web analysis, recommen-
dation systems, social networks analysis, road infrastructure data processing and
community detection. Since, the majority of data originates as a continuous stream,
such as series of events from social media, time series generated from sensors,
�nancial transactions, thus, it is reasonable to represent real-life continuous graphs
as streams. Graph streams are (possibly unbounded) sequences of timestamped
events that represent relationships between entities: user interactions in social
networks, online �nancial transactions, driver and user locations in ride-sharing
services. Graph streams are continuously ingested from external, often distributed,
sources and are modeled either as streams of edges or as vertex streams with
associated adjacency lists. Streaming graph analytics deals with the processing of
data graphs in motion, i.e., streaming graphs in the form of a stream of vertexes
or edges. Streaming graph processing combines both graph analysis and stream
processing. It is an emerging application area that aims to extract knowledge from
evolving networks modeled as graphs in a timely and e�cient manner [11, 12].

Spatial Time Series. Another common type of streaming data representation is
time series data generated largely by IoT sensors. Time series are used to represent
temporal data. Multiple time series that correspond to di�erent spatial locations
are referred to as spatial time series [13]. Analysing and forecasting spatial time
series, i.e. extracting useful characteristics and statistics of data and predicting
data, is useful for many �elds that include, neuro-physiology [ 14], economics [6],
environmental studies [ 5], transportation [ 15] etc. Spatial time series often contain
both spatial dependencies (inter-dependencies) and temporal dependencies (intra-
dependencies), that need to be taken into account when analysing time series
data [13, 16, 17]. These spatio-temporal dependencies are challenging to model due
to their dynamic nature and varying ranges, where the range refers to the closeness
in space and time.

Data Partitioning. Processing massive streaming graphs and time series data on
a single machine is not e�cient in terms of memory and compute requirements.
Data partitioning is an e�cient way of dividing data and computations across
distributed compute nodes. Both graph streams and time series data require
di�erent partitioning strategies. In the context of graphs, graph partitioning is



1.1 research motivation and context 3

Figure 1.1 � Distributed graph analytics; using graph partitioning to do paralleliza-
tion/distribution of work for scalabilty and performance improvement.

the process of dividing a graph into a prede�ned number of subgraphs. In such
settings, each cluster node operates on one partition in parallel with other nodes
and communicates with other nodes through message-passing [18, 19, 20]. Hence,
partitioning directly a�ects the communication across nodes and computations of
compute nodes thus making it crucial for graph application performance. Online
graph partitioning methods process graph streams and assign edges or vertices
to the partitions on-the-�y [ 21, 22, 23, 2, 24]. Whereas, for partitioning spatial
time series, the spatio-temporal dependencies need to be taken into account to
partition the data e�ciently by placing correlated time series in the same partition.
Naive partitioning a�ects the performance of time series analysis tasks by placing
uncorrelated time series in the same partition causing low prediction accuracy
and slow training of Deep Learning (DL) based forecasting methods trained on
partitioned data. Therefore, we identify an emerging need to tackle complexity in
data partitioning.

Partitioning Problem. Figure 1.1 gives a summary of our research topic in the
domain of distributed graph analytics. We embark on the idea of using graph
partitioning to do parallelization and distribution of work, with minimal dependen-
cies for graph and machine learning applications. Graph applications consist of
iterative batch applications, such as Page Rank and aggregation based streaming
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applications. Machine learning applications that we work with consist of neural
networks based forecasting models which are trained on the subset of data generated
after partitioning. Both graph applications and machine learning applications are
di�erent, but they can bene�t from good data partitioning strategies. In this thesis,
we investigate �nding e�cient techniques for partitioning the data, which in our
case is in time series or graph stream form, for improving the performance and
scalability of machine learning and graph processing applications. We identify
an emerging need to tackle the complexity of data parallelism for time series and
graph data. Time series contain dependencies that need to be preserved during
partitioning for performing e�cient analytics. Similarly, for graphs, the data locality
should be preserved during partitioning to reduce the communication cost during
distributed processing.

1.2 Thesis Statement

Partitioning and machine learning methods can help to improve the scalability and
analytics for both

ˆ Streaming Graph Processing by reducing the I/O communication cost;

ˆ Machine learning-based time series prediction by parallelising the training
process and improving the accuracy

1.3 Dissertation Outline

The thesis is structured as follows. The remainder of Chapter 1 contains details on
the research challenges addressed in this thesis, research contributions of this thesis,
research methodology adapted during this work and the publications list. Later,
Chapter 2 gives background on graph partitioning, streaming graph partitioning
and graph embeddings. In Chapter 3 we propose a graph partitioning approach to
partition spatial time series for scalable time series forecasting. Chapter 4 showcases
the practical usefulness of streaming graph analytics for large spatial time series
analysis with the real-world task of tra�c jam detection and reduction. In Chapter 5,
we explore the domain of streaming graph partitioning by studying, comparing, and
evaluating various streaming graph partitioning algorithms in detail. In Chapter 6
we propose a novel streaming graph partitioning algorithm that uses elements of
machine learning, in particular, graph convolutional networks, to learn the structure
of graphs for making partitioning decisions. Finally, the conclusion and future
work is presented in Chapter 7.
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Figure 1.2 � Road Map highlighting chapters, publications, challenges and respective
contributions

Figure 1.2 presents the road map for this dissertation mapping the chapters
with their related publications, research challenges and contributions. The research
challenges and contributions are mentioned in detail in Section 1.4 and 1.5. The list
of publications is mentioned in Section 1.7.

1.4 Research Challenges

Ever-increasing quantities of data generated by internet users as well as by the
IoT ecosystem makes processing computationally and memory intensive for data-
intensive applications. IoT data is usually in the form of time series generated
from various spatial locations, also it is of massive scale. In this thesis, we deal
with processing large scale spatial time series data generated by huge complex
systems. We use a graph to model these systems. We look into applying graph
analytics and graph partitioning for e�cient processing of large spatial time series
data since graph partitioning is useful to parallelize and scale the computations
over time series data. We also work with graphs arriving as streams, referred to
as streaming graphs. Processing streaming graphs add up to the complexity of
our research due to the inherent limitations of the streaming model such as lack
of shared state, iterations and cross-task communication. We focus on developing
e�cient partitioning techniques for streaming graphs to deal with the streaming
graph partitioning challenges mentioned later in this section.
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In the course of our research with the aforementioned focus, we address the
following research challenges and the research questions associated with these
challenges. The �rst challenge is related to spatial time series forecasting using
partitioning (CH1), the second challenge is related to spatial time series analysis
using streaming graph processing algorithms (CH2), and the remaining challenges
(CH3, CH3a and CH3b) are associated with streaming graph partitioning.

1.4.1 [CH1] Scaling Deep Learning Models for Time Series Forecasting

Performing a learning task on large scale spatial time series is a non-trivial task
because it is computationally expensive to do on a single machine. Especially if the
task involves deep learning, it becomes computationally and memory intensive to
train the model. Data parallelism helps to make training and inference parallel, and
can in turn improve training time. We investigate this matter further by studying
the use of graph partitioning for improving the performance not only in terms of
training time but also in terms of accuracy, complexity and scalability. We want to
address the challenge of scale and improve the performance (including training
time, accuracy, scalability and complexity) for DL models using graph partitioning.
Partitioning spatial time series is challenging due to the fact that we need to model
the spatial and temporal dependencies in the data [ 13, 16, 17] and perform careful
partitioning to preserve these dependencies for accurate time series forecasting.
Careless partitioning causes degradation in the model accuracy. For example,
too small partitions might not provide enough information to train the model;
Placing unrelated data in the same partition might negatively a�ect the accuracy or
complexity of the model. The negative e�ect can happen because uncorrelated data
will make it hard for the learning model to learn trends in the data and thus a�ect
the overall accuracy. Also, adding uncorrelated data will increase the dataset size
and in the case of large scale data, it will increase the parameters of the learning
model, thus making it complex and hard to train. We want to design a partitioning
algorithm that results in data that is correlated and which does not increase the
training complexity of the learning model. We describe in more detail how we
address this challenge in Chapter 3 and Papers P2 [25] and P4 [1].

Research Question. How does graph partitioning help to scale and improve the
performance of deep learning models? P2 [25] and P4 [1].

1.4.2 [CH2] Large Scale Spatial Time Series Analysis

Large scale spatial time series analysis includes processing multiple correlated time
series. These time series often contain spatial dependencies (inter-dependencies)
and temporal dependencies (intra-dependencies). It is challenging to model time
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series data for capturing both spatial and temporal dependencies at scale because
these dependencies are dynamic and are both short and long-range [13, 16, 17].
The range here is the closeness in terms of time and space. For example, spatial
dependency is not always related to the physical closeness of the data source
generating the time series. Also, modern systems have real-time requirements that
require low latency based solutions. In order to address the challenge of scale
and performance, we propose to model spatial time series as graph streams for
capturing time and space dependencies in large scale time series. We use streaming
graph analytics to perform useful analysis of multiple time series at scale because
stream processing models give low latency and high throughput, which is suitable
for real-time analysis tasks. The other challenge is to �nd a suitable graph stream
processing algorithm for the required application task. We consider a practical
use-case of road tra�c analysis. We model tra�c data streams as graph streams
and use the streaming connected components algorithm for detecting and reducing
tra�c jams in a real-life application of road tra�c analytics. More details on how
we address this challenge are explained Chapter 4 and Papers P3 [26] and P5 [27].

Research Question. How does streaming graph processing on time series give
better performance compared to the state-of-the-art analytics methods?

1.4.3 [CH3] Streaming Graph Partitioning

Balanced graph partitioning is an NP-hard optimization problem with two main
objectives: 1) balancing load across partitions and 2) reducing communication cost
(fewer graph cuts) between the partitions. The problem becomes non-trivial when
the graph arrives as a stream and partitioning has to be done on-the-�y without
having prior knowledge of the graph. This online style of partitioning is termed
"streaming graph partitioning". Little work has been done on surveying streaming
graph partitioning algorithms. Also, to our knowledge, no work has been done
considering unbounded streams and single-pass graph stream aggregations, an
emerging application domain with increasing system support [ 28, 29, 30, 31, 10].
Additionally, few of the state-of-the-art algorithms are open source. We aim for
providing a comparison framework for state-of-the-art streaming graph partitioning
algorithms and survey their shortcomings.

Research Questions. In our survey, we seek to answer the following research
questions. 1) What are the bene�ts, if any, of using more complex, data-centric
partitioning methods compared to a generic hash-based strategy? 2) What is the
partitioning overhead for an application using each partitioning algorithm? 3) How
does the partitioning quality a�ect the application performance?
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Based on the experimental results of our survey in Chapter 5 and Paper P1 [24],
we conclude that existing state-of-the-art streaming graph partitioning algorithms,
such as HDRF (High Degree Replicated First) [21], are stateful. They accumulate
some in-memory state to make smart partitioning decisions based on the knowledge
extracted so far from the incoming stream. The problem with an increasing state
is that the state needs frequent updates and is growing with the input graph size,
making them impractical to process high-intensity and unbounded streams. In
our next work Chapter 6, we do research for �nding an online graph partitioning
method capable of handling unbounded streams by addressing the challenges
CH3a and CH3b described below.

1.4.4 [CH3a] Scalable Graph Partitioning

Almost all state-of-the-art streaming graph partitioning methods base their parti-
tioning decision using an in-memory state that contains information, such as current
vertex assignment, partition capacities, or vertex degree distributions. This state
is frequently updated with each arriving stream element, i.e., an edge or a vertex,
and on each partitioning decision and it is also shared among parallel partitioning
processes for a global view of state across parallel instances. This requirement
of a global view increases the communication cost between parallel partitioning
instances and it makes such stateful partitioning methods impractical to be used for
a no-shared state architecture that is used by modern stream processing engines.
We investigate developing a class of partitioning algorithms that do not require a
global shared state, are easy to scale and give good partitioning quality.We give
more details on how we address this challenge in Chapter 6 and Paper P6 [32].

Research Question. How to partition graph streams e�ciently without a global
shared state?

1.4.5 [CH3b] Partitioning Graph Streams Using Bounded State

State-of-the-art online graph partitioning methods that make high-quality (i.e.
balanced and minimal graph cuts) partitioning, such as HDRF, keep accumulating
in-memory growing state proportional to the number of vertices of the graphs
O(jVj). The state size keeps on increasing during the processing of unbounded
streams. These growing state-based methods are impractical for applications that
continuously process unbounded graph streams and for applications that process
large graphs in rest. Also, the state cannot be re-used to partition unseen graphs.
Every time a graph edge or vertex arrives, the state has to be updated. We intend to
develop streaming graph partitioning methods that give bounded state guarantees
with state size independent of the length of a streaming graph or the size of the
graph in rest. We describe in more detail how we address this challenge in Chapter 6
and Papers P6 [32].
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Research Question. How to partition unbounded graph streams with a bounded
state e�ciently?

1.5 Contributions

The main contributions of this dissertation addressing the aforementioned chal-
lenges CH1-CH3 are as follows.

C1 A graph partitioning based solution for scalable time series forecasting.
We propose to represent a complex system generating large spatial time series
data in the form of a directed weighted graph for capturing spatio-temporal
dependencies among the time series data generated by the components of
the system. We develop graph partitioning techniques to enable scalable
and accurate time series forecasting of large scale spatial time series data
addressing CH1-Scaling Deep Learning Models for Time Series Forecasting(Papers
P2 [25] and P4 [1]). Our application domain is the analysis of road tra�c
data collected by road infrastructure sensors and modelling of tra�c �ow
behaviour for the task of tra�c prediction. Our experimental results on tra�c
density prediction show that the partitioning-based models take 12 � , if run
in parallel, lower training time, compared to the unpartitioned model of the
entire road infrastructure. Furthermore, the partitioning-based models have
2� lower prediction error (RMSE) compared to the entire road model. Other
works done in this domain [ 33, 34, 35] on road tra�c prediction do not fully
address the issue of scale and model complexity at large scale that we tackle
in our work using graph partitioning.

C2 A framework to detect and mitigate road tra�c congestion using streaming
graph analytics. We present a practical application of streaming graph
analytics for modeling spatial and temporal dependencies to control road
tra�c jams at scale. In this contribution we tackle CH2-Large Scale Spatial
Time Series Analysis(Papers P3 [26] and P5 [27]). We propose to o�er an
end-to-end tra�c control framework based on Apache Flink [ 36], which is a
modern distributed stream processing engine. Our system comprises of 1)
an online tra�c jam detection mechanism for detecting jams on streaming
data collected from tra�c sensors, and 2) a congestion reduction mechanism
based on streaming graph analytics for reducing the e�ect of congestion in the
congested area. Existing works on congestion detection [37, 38, 39] mostly use
historic information and require pre-processing, thus making them unsuitable
for real-time processing. In our proposed congestion reduction approach,
we identify correlated tra�c jams and essential parts in the road network
on which new tra�c light policies are deployed for congestion control. We
develop dynamic tra�c light policies based on our congestion reduction
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mechanism that helps in mitigating the impact of congestion by reducing the
travel time of cars during tra�c jams. Our experimental results indicate our
dynamic tra�c light policies result in 27% less travel time at the best and 8%
less travel time on average compared to the travel time with default tra�c
light policies. Our scalability results show that our system is able to handle
high-intensity streaming data collected from 900 sensors every second with a
throughput of 57K records/sec at best.

C3 A formal de�nition of streaming graph partitioning task as an optimization
task at the early stage of graph processing pipeline/work�ow. We de�ne the
domain of online graph partitioning and its role in graph processing work�ows,
decoupling the partitioning step from the application logic computation,
whether staged or pipelined. We are the �rst ones to de�ne online graph
partitioning as an optimisation task that aims to minimize three objective
functions: 1) minimize replication factor, 2) minimize load imbalance and 3)
minimize the partitioning state dealing with CH3-Streaming Graph Partitioning
(Paper P1 [24]).

C4 A comparison framework and an experimental evaluation of streaming
graph partitioning algorithms. We propose a uniform analysis framework
to evaluate and compare partitioning features and characteristics of streaming
partitioning methods addressing CH3-Streaming Graph Partitioning(Paper
P1 [24]). We classify algorithms with regards to their data model, strategy,
constraints, complexity, state requirements, and objectives. To provide an
unbiased performance comparison, we implement all studied methods on
top of a common evaluation framework based on Apache Flink, a distributed
stream processing engine. We use bulk synchronous and single-pass graph
streaming algorithms to evaluate distributed graph application performance in
terms of partitioning cost amortization. Compared to existing works on graph
partitioning [ 40, 41, 42, 43, 44, 45], our work is, to our knowledge, the �rst
dedicated study to online graph partitioning methods that includes stream-
speci�c properties (e.g., ingestion order) as well as considering single-pass
graph stream aggregations, an emerging application domain with increasing
system support [ 28, 29, 30, 31, 10]. Our experimental results showcase that
model-dependent online partitioning techniques such as low-cut algorithms
o�er better performance for communication-intensive applications such as
bulk synchronous iterative algorithms, albeit with higher partitioning costs
(cost here refers to latency). Otherwise, model-agnostic techniques trade-o�
data locality for lower partitioning costs and balanced workloads which is
bene�cial when executing data-parallel single-pass graph algorithms.
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C5 A novel streaming graph partitioning algorithm for partitioning unbounded
streams. The state-of-the-art streaming graph partitioning algorithms are
unsuitable for unbounded streams because they keep a global state which
becomes a bottleneck when distributing the partitioning logic across parallel
instances. We introduce a novel approach to streaming graph partitioning that
is practical for use with unbounded streams without sacri�cing partitioning
quality or load balance tackling CH3a-Scalable Graph Partitioningand CH3b-
Partitioning Graph Streams Using Bounded State(Paper P6 [32]). We propose
the novel application of inductive graph convolutional networks (GCNs) to
the streaming graph partitioning problem for the �rst time. We provide
a solution to online graph partitioning with a bound-size state that does
not compromise partitioning quality and load balancing performance. We
implement GCNSplit, an extensible framework that uni�es the training and
serving partitioning pipelines.Our approach to streaming graph partitioning
generalizes to unseen graphs. GCNSplit 's models can be used to partition
not just unseen edges of the input graph but also entirely unseen graphs
with similar structure and feature set. Our results demonstrate that GCNSplit
provides high-throughput partitioning and can leverage data parallelism to
sustain input rates of 100Kedges/s. At the same time, GCNSplit generates
high-quality and well-balanced partitions that matches that of the state-of-
the-art HRDF algorithm, while storing three orders of magnitude smaller
partitioning state. Furthermore, GCNSplit scales linearly to the number of
parallel processes outperforming HDRF.

1.6 Research Methodology

In this section, we give an overview of the methods used throughout our research
work. We �rst start by presenting the general approach of our work followed by the
implementation choices and experimental evaluation methods used by us. In the
end, we mention certain challenges we faced during our research.

1.6.1 General Approach

We chose to work with processing complex data representations that include graphs
and time-series data because they allow extracting knowledge that is not possible
to do with simple text data. Our main goal is to provide scalable analytics for
graphs and time series and we mostly consider data arriving as a stream because
the majority of data originates as a continuous stream.

We use a quantitative and empirical approach throughout our research work.
First, we identify the research problem by performing a detailed literature review of
the existing state-of-the-art in our research domain, i.e., time series and streaming
graph processing. We work with quantitative data throughout our work. All data
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is publicly available except for the tra�c data, which is owned by the company
that collects the data. Next, we identify the problem after careful observation
and review of the existing related work. To verify our problem empirically, we
implement the existing solutions and perform experiments that help to formulate
the research challenges and the research questions associated with the challenges
(Section 1.4). For example, for time series prediction, we implement various
prediction models using Tensor Flow and also for streaming graph partitioning
we implement existing state-of-the-art partitioning methods on Apache Flink.
Then, we performed experiments using the standard performance metrics that are
domain-speci�c for time series prediction and analysis of tra�c data. Similarly,
for streaming graphs, we computed the quality of partitioning methods using the
quality metrics mentioned in various graph partitioning surveys. After drafting
the challenges and research questions based on our experimental results, we make
careful design decisions to handle the challenges. For example, for time series
prediction in Chapter 3 we observed that the current solutions take too long to
train, thus we decided to reduce the complexity of the model and make it scalable
by using graph partitioning. Similarly, for streaming graph partitioning, after
performing an experimental survey in Chapter 5, we identi�ed the bottlenecks
during online partitioning of unbounded streams. We designed algorithms and
techniques to solve the aforementioned challenges and experimentally compared
our solutions with the existing work. Our solution for scaling road tra�c prediction
using graph partitioning in Chapter 3 show promising results in terms of scalability
and performance. Similarly, for unbounded graph stream partitioning, in Chapter 6,
our experimental results show that the algorithm is scalable and provides good
partitioning quality overcoming the bottlenecks that were present in the state-of-the-
art methods. Our results are highlighted as contributions (Section 1.5) addressing
the research challenges and research questions (Section 1.4).

1.6.2 Implementations

We implemented our work using popular open-source stable and modern libraries
and frameworks available. We used Apache Spark [ 9] to run, and TensorFlow to
implement and train our DL based models in Chapter 3. We used Apache Flink[ 30]
to implement streaming graph algorithms for data analytics and streaming graph
partitioning algorithms in Chapter 4 and 5. Some of the algorithms of Chapter 4 are
also implemented using Apache Spark. We used Python and Pytorch to implement
our GCN-based streaming graph partitioning algorithms in Chapter 6. We provide
open-source implementations of streaming graph partitioning algorithms that are
part of Chapter 5and 6 and some streaming graph analytics algorithms that are
part of Chapter 4. The provided software is mentioned under section 1.7.2 and is
free for use. The remaining implementations were part of the industrial internship
work and thus cannot be open-sourced.
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1.6.3 Experimental Evaluation

We used the latest stable versions of the aforementioned open-source platforms.
Most of our work with graph datasets in Chapter 5 and 6 is done using open-source
datasets, the majority of which were taken from SNAP [46] data. Other sources of
graph datasets are mentioned in the papers. Work in Chapter 3 and 4 were done
using a tra�c dataset taken from the Swedish Transport Administration and it is
kept private. Part of the work in Chapter 4 was done during a research internship
at Huawei and the dataset provided was anonymised for privacy preservation and
kept for private use only by the organisation. The machines used in our work
consist of both on-premises clusters and virtualised environments. In both cases,
the setup was made making necessary software installations. The experiments were
performed carefully avoiding interference from other parallel running programs.
Some of the experiments in Chapter 4 are also done using simulation tools because
the scenarios in the work with tra�c light control systems were impractical to test
for experiments on a large scale at the city level.

1.6.4 Challenges

Our �rst major challenge working with big graphs was the in-availability of on-
premises machines that can process huge graph datasets. We had to buy expensive
virtual machines for that purpose. Besides this, for our work in Chapter 5 and 6,
some of the state-of-the-art streaming graph partitioning methods, i.e., Fennel,
DBH, Grid (details in Chapter 5), were not open source. We had to implement
them from the scratch. In some cases, we emailed the authors but did not get
any response. We decided to carefully study the related work and implement the
necessary ones to the best of our knowledge. After successful implementations,
our experimental results matched the related work-based implemented algorithms
results. We decided to open-source these algorithms for the researchers. During
the experimental environment setup and implementation, we encountered several
challenges, one of the reasons being version updates for a platform like Apache Flink
and Tensor�ow. However, the research community for these respective platforms is
very active and they provided us good help to resolve the issues.

1.7 Publications and Software

1.7.1 Papers

The results presented in this thesis are published in journal papers, conference and
workshop papers as the following.
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P1 Streaming Graph Partitioning: An Experimental Study , Zainab Abbas,
Vasiliki Kalavri, Paris Carbone, and Vladimir Vlassov. 44th International
Conference on Very Large Data Bases 2018 (VLDB 2018), Rio De Janeiro, Brazil,
August 27-31, 2018. [24]

Contribution The author of this dissertation designed and developed the
streaming graph partitioning algorithms, performed the experiments, and
participated in writing the paper.

P2 Short-Term Tra�c Prediction Using Long Short-Term Memory Neural
Networks , Zainab Abbas, Ahmad Al-Shishtawy, Sarunas Girdz¼auskas,
and Vladimir Vlassov. IEEE International Congress on Big Data (BigData
Congress), San Francisco, CA, USA, July 2-7, 2018. [25]

Contribution The author of this dissertation brainstormed, designed and
developed tra�c prediction algorithms, performed the experiments, and
participated in writing the paper.

P3 Evaluation of the Use of Streaming Graph Processing Algorithms for Road
Congestion Detection , Zainab Abbas, Thorsteinn Thorri Sigurdsson, Ahmad
Al-Shishtawy, and Vladimir Vlassov. 16th IEEE International Symposium
on Parallel and Distributed Processing with Applications (IEEE ISPA 2018),
Melbourne, Australia, December 11-13, 2018. [26]

Contribution The author of this dissertation brainstormed, helped in design-
ing and developing tra�c congestion detection algorithms and participated
in writing the paper.

P4 Scaling Deep Learning Models for Large Spatial Time Series Forecast-
ing , Zainab Abbas, Jon Reginbald Ivarsson, Ahmad Al-Shishtawy, Vladimir
Vlassov. IEEE Big Data conference (Big Data), December 9-12, 2019, Los
Angeles, CA, USA. [1]

Contribution The author of this thesis brainstormed, helped designing and
developing the tra�c prediction models and participated in writing the paper.

P5 Real-time Tra�c Jam Detection and Congestion Reduction Using Stream-
ing Graph Analytics , Zainab Abbas, Paolo Sottovia, Mohamad Al Hajj Hassan,
Daniele Foroni, Stefano Bortoli. IEEE Big Data conference (Big Data), Decem-
ber 10-13, 2020, USA [27]

Contribution The author of this dissertation brainstormed, designed and
developed tra�c congestion detection algorithms and participated in writing
the paper.
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P6 GCN-based Partitioning of Unbounded Graph Streams with Bounded
State, Michaª Zwolak, Zainab Abbas, Sonia Horchidan, Paris Carbone, Vasiliki
Kalavri, (under submission). [32]

Contribution The author of this dissertation brainstormed, helped in design-
ing and developing the partitioning algorithms, performed the scalability
experiments, and participated in writing the paper.

Figure 1.2 maps the publications, research challenges and contributions.

1.7.2 Software

We provide the following open-source software which was developed as a part of
this research work.

ˆ Road tra�c congestion detection: A framework 1 to perform road tra�c
congestion detection on tra�c data streams using streaming graph analytics.
The software takes time-stamped sensor readings in the form of �ow and
speed values of vehicles as input along with the road network topology
information. It feeds these time-stamped measures as a stream of tra�c data
to the congestion detection module, which uses the streaming graph analytics
algorithms mentioned in P3 for congestion detection and generates an output
of sensors that are part of the congested region. The algorithms are build
using Apache Spark version 2.5. A sample of input data is also available for
reproducibility purposes.

ˆ Streaming graph partitioning: A framework 2to evaluate and compare parti-
tioning features and characteristics of streaming partitioning methods. The
methods partitioning methods are implemented using Apache Flink version
1.2.0. The partitioning methods implemented consist of several vertex par-
titioning methods, i.e., Fennel, Linear Distribute Greedy (LDG) and Hash.
Also edge partitioning methods, i.e., HDRF, DBH, Greedy, Grid etc. The
details for these algorithms are explained in Chapter 5. The input for vertex
partitioning algorithms is in the form of a list of vertices with their neighbours
and for edge partitioning algorithms the input consists of an edge list. The
output generated from the partitioning algorithms contains vertex or edge
IDs along with partition IDs. The framework also provides graph processing
applications mentioned in the survey paper P1. Our framework is built
using the Gelly-Streaming API 3which was developed as a part of research by
Daniel Bali, Vasikili Kalavri and Paris Carbone [ 47]. The Gelly-Streaming API

1https://github.com/thorsteinnth/road-congestion-detection
2https://github.com/Zainab-Abbas/gelly-streaming
3https://github.com/vasia/gelly-streaming
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combines features of the graph processing API, i.e., Gelly, and the stream pro-
cessing API of Flink. The author of the thesis also contributed to developing
few functionalities of the API.

ˆ Streaming graph partitioning using Graph Convolutional Networks (GCNs):
We provide the code 4 of our GCN based partitioning method called as
GCNSplit as open-source and make all models and experiments publicly
available. GCNSplit is an ML-based streaming graph partitioning framework
that can partition large graph streams keeping very little state in memory and
it generated good partitioning quality in terms of few graph cuts. GCNSplit
work with edge stream as input and generates partitioned graph streams.

1.7.3 Other Papers

Other works published in conferences during the doctoral studies which are not
part of this thesis is the following.

1 Graph Representation Matters in Device Placement , Milko Mitropolitsky,
Zainab Abbas, and Amir H. Payberah. 2020. In Proceedings of the Workshop
on Distributed Infrastructures for Deep Learning (DIDL'20). Association for
Computing Machinery, New York, NY, USA, 1�6. [48]

2 Privacy Preserving Time Series Forecasting of User Health Data Streams ,
Sana Imtiaz, Sonia-Florina Horchidan, Zainab Abbas, Muhammad Arsalan,
Hassan Nazeer Chaudhry, Vladimir Vlassov. IEEE International Conference
on Big Data, 2020. [49]

4https://github.com/anonymous7CD/anonymous-repo



chapter

2
Background

"Actually you can run faster than you run"

� Vladimir Vlassov a.k.a Vlad when I wrote substantial part of my thesis.

This chapter presents the necessary background by �rst introducing graph parti-
tioning and graph partitioning techniques that are applicable for both snapshots of
graphs or graphs at rest and streaming graphs. Next, this chapter gives information
about streaming graph partitioning and its applicability to the load-computer-
store model used in various distributed graph processing systems, that include,
Pregel [50], GraphX [ 20] and Giraph [ 51], and the stream processing model used
in systems, such as Flink [30], Storm [52] and Naiad [ 10]. These systems support
various graph partitioning techniques. In this thesis, we focus more on methods
and corresponding algorithms and use these systems as tools to implement these
algorithms. In the end, we explain ML-driven graph partitioning that leverages
graph representation learning. For convenience, the notations used in this chapter
and Chapters 5 and 6 are presented in Table 2.1.

2.1 Graph Partitioning

Graph partitioning is the process of dividing a graph into a prede�ned number of
subgraphs. Graph partitioning is essential for graph analysis using parallel and
distributed algorithms. Distributed graph processing has been widely adopted
in recent years and enables knowledge extraction from large and medium-scale
graph-structured datasets using commodity clusters [ 50, 19, 20, 51, 53]. In such
settings, each cluster node operates on one partition in parallel and communicates
with other nodes through message-passing. Hence, partitioning quality directly
a�ects communication and computation costs and is crucial for graph application
performance [19, 2].

17
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Table 2.1 � The notation used in this paper

Symbol Description

G input graph
m = jEj number of edges in G
n = jVj number of vertices in G

k number of partitions, k 2 N
Pi set of vertices or edges in a partition i , i 2 [1; k]

N(v) set of neighbors of a vertex v
S(v) set of partitions containing vertex v

C partition capacity
L loss function
zv an embedding vector of vertex v
Y assignment probability vector
D degree vector of vertices

W l embedding model matrices ( l layers)

De�nition 2.1.1. Given a graph G = ( V; E), where V is the set of vertices andE is the
set of edges, andk machines of capacity C, so that the total capacity kC is su�cient
to store the whole graph, a partitioning algorithm splits G into k partitions, Pi , so
that P1 [ : : : [ Pk = G and Pi 6= ; .

For convenience, we often refer to each individual partition by its index i . The
partitions, Pi , are not always disjoint, they can contain a copy of the same vertex or
edge. In de�nition 2.1.1, Pi [ Pj = Vi [ Vj ; Ei [ Ej . An o�ine graph partitioning
algorithm accepts the complete graph G as input and typically computes the
partitioning in multiple passes. For example, iterative clustering and community
detection methods are often used to compute high-quality partitions. In contrast, a
streaminggraph partitioning algorithm processes the graph as a stream, a sequence
of edges or vertices, and maps each element to a partition index i on-the-�y.

2.1.1 Graph Partitioning Techniques

There exist two main approaches to graph partitioning (in a broad spectrum and
not limited to stream ingestion), namely vertex partitioning also know as edge-
cut partitioning, and edge partitioningalso know as vertex-cut partitioning. Both
approaches aim to minimize cross-partition dependencies by de�ning a minimum-
cut optimization objective. In the case of vertex partitioning (edge-cut), the minimal
cut optimization objective is to minimise the number of edges crossing partition
boundaries, i.e., the edges with one end-vertex placed in a partition di�erent from
the other end-vertex; whereas in the case of edge partitioning (vertex-cut), the
objective is to minimise the number of vertices crossing partition boundaries, i.e.,
the vertex which is placed in more than one partition.
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Figure 2.1 � Vertex partitioning (left) assigns vertices to partitions, possibly creating
edge-cuts; Edge partitioning (right) places edges to partitions, possibly creating
vertex-cuts. Both partitioning techniques are done using a greedy algorithm
explained in Chapter 5.

Vertex Partitioning. Vertex partitioning [ 54] operates on the vertex set V,
assigning each vertex to a partition i . Edges can cross partition boundaries, as
illustrated in Figure 2.1 (left), where edges (c; d) and (b; z) arecut by the partitioning.
Therefore, vertex partitioning is also know as edge-cut partitioning.

De�nition 2.1.2. For a graph G, the edge-cutE0 � E is a set of edges, such that
G0 = ( V; EnE0) is disconnected.

Here, by disconnected we mean that there is no common edge or vertex
between G and G0. The fewer edges crossing partition boundaries the lower the
communication overhead, considering distributed graph processing using a vertex-
centric model with message-passing along edges. Thus, the main optimization
objective of vertex partitioning methods is the minimum edge-cut .

Edge Partitioning. Analogously, edge partitioning [ 55] operates on the edge set
E, assigning each edge to a partition i . In the case of edge partitioning, two edges
incident with the same vertex can be assigned to two di�erent partitions that cause
the vertex to be cut as illustrated in Figure 2.1 (right). Therefore, edge partitioning
is also known as vertex-cut partitioning. References to the same vertex in di�erent
partitions are also known as mirrors.

De�nition 2.1.3. For a graph G, the vertex-cutV 0 � V is a set of vertices such
that VnV 0 along with E0 � E, the set of incident edges, makeG0 = ( VnV 0; EnE0)
disconnected.



20 2 background

Here, by disconnected we mean that there is no common edge or vertex between
G and G0. The fewer mirror vertices the lower the communication overhead,
considering a distributed graph processing with an edge-centric programming
model. Thus, the main optimization objective for edge partitioning is minimum
vertex-cut .

2.2 Streaming Graph Partitioning

Apart from the edge-/vertex-cut optimization, graph partitioning can also include
load balance optimization, i.e., assigning the same number of edges or vertices to
the partitions, by splitting a graph into evenly sized subgraphs to balance the load in
parallel and distributed graph processing. Balanced graph partitioningis an instance
of the graph partitioning problem that tries to optimize for both load balance
and minimum cuts and it is an NP-hard problem [ 56]. O�ine graph partitioning
methods have access to the entire graph and iteratively re�ne partitions by re-
assigning nodes and edges in each iteration in order to achieve optimal partitioning.
Techniques range from exact and slow to approximate and fast (heuristics) [ 57, 58, 45].
Streaming graph partitioning methods, on the other hand, ingest a graph as a stream
of either vertices or edges and partition it in an onlinefashion [2, 59, 23, 60, 24, 61].
As edges and vertices arrive continuously, online partitioners cannot iterate over
the entire graph and need to make partition assignment decisions on-the-�y. Thus,
they rely on heuristics and stateof streaming graph partitioner that is a function of
the history of earlier partitioning decisions.

A graph input stream can arrive either in the form of edges, as a sequence
of interconnecting edges; or in the form of vertices, as a sequence of vertices
each with a corresponding adjacency list. The edge-centric stream representation
of massive graphs as a stream of edges is more favourable to process than the
vertex-centric stream and does not require prior knowledge of graph properties,
such as the number of nodes, edges and nodes' degree information. However,
all non-trivial methods su�er from an increasing state size which must be kept
in memory to perform partitioning. Each time the algorithm processes a new
vertex, it must add new data to the state, creating O(jVj) memory complexity. This
memory complexity becomes a bottleneck for modern distributed stream processing
systems as it increases the communication cost between the parallel partitioning
instances since all memory updates are communicated. Thus, neither existing
edge-centric partitioning algorithms nor vertex-centric ones can e�ciently handle
truly unbounded data.

Streaming graph partitioning is applicable to both the load-compute-store(batch)
graph computational model, used in systems such as Pregel [50], GraphX [ 20] and
Giraph [ 51], and the stream processing model, used in systems such as Flink [30],
Storm [52] and Naiad [ 10]. Figure 2.2 shows the work�ow of staged and pipelined
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Figure 2.2 � A general work�ow for graph snapshot and stream loading, partitioning,
and computation.

phases for these models. In the case of batch processing, graph loading, partitioning,
and computation, happen in separate consecutive stages. For stream processing,
stages are pipelined and data is continuously passed as a stream from one stage to
the next.

2.2.1 Loading

During the loading phase, graph is read from the disk or other external source and
placed onto the computation cluster. In batch processing, the graph data is bounded
and once loaded it represents a graph snapshot(e.g. the Facebook social network
at a given time). In stream processing, graph data is continuously read from an
external source and can be potentially unbounded (e.g. live user interactions on
Twitter). A graph stream can be represented either as a sequence of edges (edge
stream) or as a sequence of vertices with their adjacency lists (vertex stream). In
essence, the streaming model subsumes the batch model, since a graph snapshot is
merely a bounded graph stream. Hence, graph properties, such as the number of
vertices n, the number of edges m, and the degree distribution can be computed
before partitioning for a graph snapshot, while these properties continuously evolve
for an unbounded stream.
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2.2.2 Partitioning

During the partitioning phase, the partitioner takes a graph stream as input and
assigns each vertex or edge to a partition. The decision is made on-the-�y by
processing each element only once. In many cases, the partitioning logic can be
implemented inside the graph loader, so that loading and partitioning happen
in a single phase. Partitioners can base their decision on the current element or
they can maintain state. Stateful partitioners [ 21, 22, 19] consider the history of
the stream seen so far. For example, in order to properly balance the number
of elements per partition, a partitioner might store the current available capacity
per partition. In principle, the state can be distributed among parallel partitioner
instances, where each instance has a partial view of the stream, or a global view
shared across parallel instances. As our analysis reveals, existing stateful streaming
partitioning methods require a shared state, which is a feature not available in
modern distributed stream processors [ 24, 61]. Thus, partitioning logic needs to be
executed by a single instance. Moreover, many methods often assume that global
graph metrics are available before partitioning. These characteristics pose a major
challenge in adapting existing methods for distributed processing of unbounded
graph streams.

2.2.3 Computation

Computation takes place after loading and partitioning. In the batch model, the
computation starts after the whole graph has been loaded and partitioned, in a
subsequent stage, and it operates in one or multiple passes (e.g. bulk synchronous
model with �xpoint termination). In contrast, in the streaming model, application
logic is triggered on-the-�y, per graph element (a vertex or an edge), in a pipelined
fashion after the partitioning step. In this case, graph elements are only accessed
once. Therefore, applications that employ on-the-�y processing are also referred to
as single-pass streaming applications (the term semi-streaming [62] is also used to
describe a constant number of graph stream passes).

2.3 ML-driven Graph Partitioning

ML-driven graph partitioning is a new exciting research area, which refers to
using machine learning for the purpose of graph partitioning [ 63, 64]. Recent
breakthroughs in representation learning, such as GraphSAGE [65], have enabled
e�ective dimensionality reduction for large graphs and shown promising predictive
performance capabilities. The essence of inductive Graph Convolutional Networks
(GCN) is to exploit features associated with vertices and edges as well as the graph
structure to build convolutional neural networks that summarize the graph. GAP
papers [63, 64] make use GCNs to perform graph partitioning o�ine. Other than the
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o�ine approaches outlined in the GAP papers [ 63, 64], we are not aware of closely
related work. In the remaining part of this section, we explain graph representation
learning followed by a popular GCN method GraphSAGE. In the end, we present
the use of GraphSAGE for graph partitioning from the GAP paper [63, 64].

2.3.1 Graph Representation Learning

Graph representation learning methods automatically learn to encode graph struc-
ture and properties into n- dimensional vectors [ 66, 65, 67]. These low-dimensional
embeddingscan be then handled by task-speci�c downstream ML algorithms. Em-
beddings can encode nodes, edges, subgraphs or the entire graph. Node embedding
techniques encode graph vertices so that node similarity is preserved in the em-
bedding space. As such, their objective function aligns with that of partitioning
algorithms, which aim to assign similar nodes to the same partition.

Due to the streaming nature of our problem, we apply inductivegraph representa-
tion learning based on GCNs. This approach is capable of successful generalization
to instances unseen during the training. Convolutional inductive methods represent
nodes as functions of their neighborhood while utilizing node features or attributes.
Given certainneighborhood of an unseen node, such encoders can generate a useful
embedding, making them scalable and amenable to parallelism [65].

GraphSAGE. We brie�y describe GraphSAGE [ 65], the inductive GCN that lies
at the core of our proposed ML-driven graph partitioning framework, i.e., GCN-
Split. GraphSAGE has been successfully applied in various real-world scenarios
[68] and relies on �xed-sized uniform neighborhood sampling. Restricting the
neighbourhood size makes it practical for large and skewed graphs.

GraphSAGE and similar GCN frameworks rely on the notion of neighborhood
aggregation. Let us consider the generation of an embedding vector zv for a node
v. zv is �rst initialized using the raw input features of v and subsequently, its
embedding is re�ned in an iterative manner as follows. At every iteration, v
gathers the embeddings of a subset of its neighbors and aggregates them into a
single vector. The aggregated vector is further combined with node v's embedding
vector zv that is updated through a fully connected neural network. As iterations
proceed, the embeddings capture topological and feature information from distant
neighbors [65].

The training procedure can be supervised or unsupervised. In unsupervised
base case of GraphSAGE, the aim is to optimize a graph-based loss function which
utilizes negative sampling. Such a function leads to representations of nodes which
are similar if the nodes of the original network are close and dissimilar if the nodes
are distant:

L = - log(� (zT
u zv )) - Q � Ev n � Sn ( v ) log(� (- zT

u zv n ) (2.1)
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where node v is close to node u during a �xed-length random walk, Sn is a
distribution of negative sampling, � is the sigmoid function, and Q represents the
number of negative samples. Here, the loss function can be replaced by a di�erent
loss function depending on the training goal.

2.3.2 GCN-based partitioning

The use of GCNs for partitioning is a recent research topic with very promising
results. Next, we brie�y present GAP [ 63, 64], the �rst work that formulated a
cut-based loss function that GCNSplit relies upon.

Naive formulation of a cut-based loss function can generate unbalanced partitions
as it favors the disconnection of small sets of isolated nodes. GAP avoids this
situation by adding a normalizing factor to reduce bias. The cut cost is a fraction
of the total number of edge connections to all nodes, called association[69] or
volume[70]. The formula for the normalized cut cost with k partitions is as follows:

Ncut (P1 ; P2 ; :::; Pk ) =
kX

i = 1

cut (Pi ; �Pi )
vol (Pi ; V)

(2.2)

The vol (Pi ; V) is de�ned as the total number of edge connections between nodes
in Pi and V, which can be represented as the total degree of nodes belonging toPi

in graph G.

vol (Pi ; V) =
X

v2 Pi

dv (2.3)

where dv represents the degree of nodev. To utilize the normalized cut for model
training, we apply several transformations to Equation 2.2. The output of the
model is Y2 Rn � k . First, we represent the Ncut in terms of Y. In the output of
the partitioning network, Yai represents the probability that a node va is part of a
partition Pi . The probability that the node va is not part of the partition Pi is equal
to 1 - Yai . Therefore, the expected value of a cut is de�ned as follows:

E[cut (Pi ; �Pi )] =
X

v a 2 Pi ; v b 2 N ( v a )

kX

j = 1

Yaj (1 - Ybj ) (2.4)

where N(va ) represents the sampled neighborhood of node va . Using adjacency
matrix notation ( A), Equation 2.4 can be rewritten as follows:

E[cut (Pi ; �Pi )] =
X

reduce - sum

Y:;i (1 - Y:;i )T � A (2.5)

Equations 2.4 and 2.5 are equivalent, because the element-wise multiplication
with adjacency matrix ( � A) guarantees that only the nodes of the sampled neigh-
borhood are taken into account. The result of such a product is a square matrix
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whose side length equals the number of nodes in the graph. The �nal value is a
sum over the elements of this matrix.

Although we have managed to incorporate Y into the cut equation we still need
the normalizing factor. From Equation 2.3 we know that we need to utilize the
degrees of the nodes to perform normalization. Therefore, suppose that D is a
column vector where each value a corresponds to node va 's degree. Using the
product of the matrices Y and D, we compute the expected value of volume for
each partition as E[vol (Pi ; V)] = � i , where � = YT D and � i is the ith element in the
vector � .

According to Equation 2.2 we have both parts of the normalized cut, i.e., the
minimum cut and the volume. Combining both lead to an equation as follows:

E[Ncut (P1 ; P2 ; ::; Pk )] =
X

reduce - sum

(Y � � )(1 - Y)T � A (2.6)

where � represents an element-wise division. Minimizing the loss function of
Equation 2.6 could lead to unbalanced partitions and even assign all nodes to the
same partition. To address this issue, GAP introduces a balancing term, which acts
as regularization. Given jVj nodes and k partitions, perfectly-balanced partitions
would contain exactly jV j

k nodes. The sums of the columns of Y represent the
expected number of nodes in each partition. The equation which considers the
perfectly-balanced partition size looks as follows:

kX

i = 1

(
nX

a = 1

Yai -
n
k

)2 =
X

reduce - sum

(1T Y -
n
k

)2 (2.7)

We get the loss function by combining the normalized load equation 2.6 and the
equally loaded partition error equation 2.7.

L =
X

reduce - sum

(Y � � )(1 - Y)T � A +
X

reduce - sum

(1T Y -
n
k

)2 (2.8)

The model and loss function we have described so far can be used to partition
static graphs by assigning nodes to partitions.
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3
Scalable Large Spatial Time Series
Forecasting Using Graph Partitioning

"First golden rule of writing; Don't lie..."

� Peter Van Roy during our thesis writing discussion session.

A large amount of data is being generated mainly through social media, the
World Wide Web (WWW), and the Internet of Things (IoT) devices. IoT data
is usually in the form of time series generated from various spatial locations.
Performing a learning task on a large scale spatial time series is a non-trivial task
because it is computationally expensive to do on a single machine. Especially if the
task involves deep learning, it becomes computationally and memory intensive to
train the model. Data parallelism helps to make training and inference parallel, and
can in turn improve training time. In this chapter, we work with processing large
scale spatial time series data generated by huge complex systems. We use a graph to
model these systems. We apply graph partitioning for e�cient processing of large
spatial time series data since graph partitioning is useful to parallelize and scale the
computations over time series data. Partitioning spatial time series is challenging
due to the fact that we need to model the spatial and temporal dependencies in the
data [13, 16, 17] and perform careful partitioning to preserve these dependencies
for accurate time series forecasting. We provide an e�cient time series partitioning
solution to scale time series forecasting with improved performance.

3.1 Introduction

Deep neural networks (NN) have shown promising results for di�erent machine
learning and data mining tasks, such as classi�cation and prediction, in various
application domains. Modelling of a large complex system requires a large dataset
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to train a deep NN with many parameters [ 71]. At scale, training deep NNs is
computationally and memory intensive. Partitioning and distribution is a general
approach to the challenge of scale in NN-based modelling. A number of methods
have been proposed to achieve scalability, such as distributed and collaborative
machine learning [ 72, 73] that rely on dividing the problem into smaller tasks.
These tasks comprise smaller models working on subsets of data.

In this work, we address the scalability and improve the performance of deep
learning models in large-scale spatial time series forecasting. Spatial time series
are multiple time series that correspond to di�erent spatial locations [ 13]. There
are dependencies between spatial time series that need to be taken into account
when building an NN-based prediction model. Moreover, often there are real-time
requirements for tra�c data analysis and forecasting that put constraints on the
training and inference time. This requires a scalable solution for processing a large
amount of data with low latency. Our approach to tackling the scalability problem
is to partition time series data while preserving essential dependencies between
them in order to perform training in parallel on the partitioned data. To improve
the performance in terms of prediction accuracy we aim to place correlated data in
the partitions.

Application. Our application domain is the analysis of road tra�c data collected
by road infrastructure sensors and modelling of tra�c �ow behavior for the task of
tra�c prediction. Accurate tra�c predictions can further help in route planning,
tra�c congestion reduction, air pollution reduction, infrastructure planning, and
other tasks. We believe that our proposed partitioning technique, to achieve
scalability and better performance for tra�c prediction, is general and can be
applied to partition and model a complex system that can be represented as a
directed weighted graph of dependencies between spatial time series generated
by components of the system. Other systems where we believe we can apply
our partitioning approach include air tra�c control systems, �tness trackers' data
networks etc.

We work with real-life large data-sets generated by tra�c sensors deployed
in Stockholm and Gothenburg, Sweden. The number of sensors and the number
of measurements from the sensors are increasing. For example, the number
of infrastructure sensors in the Motorway Control System (MCS) deployed on
highways in Stockholm and Gothenburg, Sweden, has increased from about 800 in
2005 to more than 2000 in 2016. The number of measurements has also increased
from 400 million to about 1 billion per year, as shown in Figure. 3.1.

Sensor data are spatial time series, and having a large number of sensors causes
a scalability problem in tra�c time series forecasting. Due to real-time requirements
for tra�c data analysis and forecasting, a scalable solution for processing a large
amount of data with low latency is required. In some cases, to achieve scalability,
the data is partitioned in order to perform mining or modelling tasks in parallel.
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