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Abstract

The Deep Learning (DL) paradigm has gained remarkable popularity in the
last few years. DL models are often used to tackle complex problems in the
fields of, e.g., image recognition and healthcare; however, the training of such
models requires a very large computational power. The recent adoption of
GPUs as general-purpose parallel processors has partially fulfilled this need,
but the high costs related to this technology, even in the Cloud, dictate the
necessity of devising efficient capacity planning and job scheduling algorithms
to reduce operational costs via resource sharing.
The proposed work addresses the capacity planning and job scheduling prob-
lems jointly, considering both the Cloud end-users’ and the Cloud Providers’
perspective. The complexity of the problem, that represents a great challenge
in terms of modeling and solvability, is even exacerbated, in the envisioned sce-
nario, by the fact that capacity allocation and scheduling are analysed in an
online setting. DL training jobs are therefore submitted in a continuous fash-
ion, so that no scheme can be detected in their arrival times or characteristics,
particularly in terms of priority.
Two different Mixed Integer Linear Programming (MILP) formulations, as
well as alternative heuristic methods, inspired to greedy and local search tech-
niques, have been developed to shape efficient and scalable solutions for the
proposed problem.
An extensive experimental campaign proves the feasibility of the developed
approaches for practical scenarios, showing considerable improvements in the
computational time required to determine good-quality solutions. Moreover,
significant cost savings are attained with respect to first principle methods
based on, e.g., first-in-first-out or earliest deadline first, achieving between 50
and 80% cost reductions on average.
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Sommario

I modelli di Deep Learning (DL) hanno assunto una notevole popolarità negli
ultimi anni. Essi vengono frequentemente applicati alla soluzione di problemi
complessi, in settori come riconoscimento di immagini e assistenza sanitaria;
l’addestramento di tali modelli richiede, tuttavia, una potenza computazionale
molto ampia. La recente adozione delle GPU per il calcolo parallelo ha parzial-
mente soddisfatto questa esigenza, ma i costi elevati legati a questa tecnologia,
anche nel Cloud, impongono la necessità di ideare algoritmi efficienti di piani-
ficazione della capacità e scheduling delle applicazioni, allo scopo di ridurre i
costi operativi attraverso un’opportuna condivisione delle risorse.
Il lavoro proposto affronta i problemi di allocazione della capacità e scheduling
delle applicazioni in modo congiunto, considerandoli sia dalla prospettiva degli
utenti finali Cloud sia dal punto di vista dei Cloud Provider. La complessità
del problema, che rappresenta una grande sfida sia in termini di modelliz-
zazione sia dal punto di vista della risolvibilità, é persino esacerbata, nello
scenario proposto, dal fatto che i problemi di allocazione della capacità e sche-
duling di applicazioni sono analizzati in un contesto online. Nessuno schema
può, pertanto, essere rilevato nell’ordine di arrivo delle applicazioni, le cui
caratteristiche, soprattutto in termini di priorità, sono del tutto impredicibili.
Sono state sviluppate due formulazioni matematiche e diversi metodi euristi-
ci, ispirati ad algoritmi greedy e local search, allo scopo di fornire soluzioni
efficienti e scalabili per l’ottimizzazione di questi problemi.
Un’ampia campagna sperimentale ha dimostrato l’applicabilità degli approcci
proposti a scenari pratici, mostrando notevoli progressi dal punto di vista del
tempo computazionale richiesto dagli algoritmi proposti rispetto alla proposta
di letteratura precedente. Significativi risparmi sui costi sono stati ottenuti,
inoltre, rispetto a modelli di gestione delle risorse, basati, ad esempio, su first-
in-first-out o earliest deadline first, con guadagni compresi, in media, tra il 50
e l’80%.
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CHAPTER 1
Introduction

The Deep Learning (DL) paradigm, as part of the wide family of Machine
Learning methods, has gained remarkable popularity in the last years. This
tool allows to process huge amount of data and to extract patterns also from
poorly structured information. It relies on Neural Networks (NNs): nested
structures of artificial neurons, organized in a deeply layered architecture.
This models allow to efficiently reconstruct the hierarchical organisation of
information, by representing complex concepts in terms of simpler elements.
DL algorithms are used to tackle nowadays classification problems, in the fields,
e.g., of image [27] and voice [35] recognition, self-driving cars [26] or healthcare
applications [66], becoming more and more complex. This requires to process
huge datasets to train NNs on large amount of data before they are able to
comply with a reasonable accuracy in prediction.
To enable DL algorithms to tackle increasingly complex problems, a brute-
force solution, scaling up to the infrastructure level, is often applied [19].
The number of employed neurons grows in order to deal with an increasing
amount of data, making the training process of the resulting network more and
more computationally demanding. The increase in the required computational
power needed to solve these problems has been faced in multiple ways. Various
techniques aim to reduce the dimensionality of the problem and the number
of parameters that should be tuned to fully characterize the architecture of
the network, either by employing different approaches as Convolutional or Re-
curent Neural Networks or by imposing sparsity constraints on the space itself.
This dimensionality reduction can be also achieved by introducing a structure
in the dataset, by providing a priori information that come from any prior
knowledge in the analysed field. All these approaches, even if they reach a
certain level of efficiency in making the problem more easy to solve, cannot
fully remove the intrinsic complexity of the addressed task.
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1. Introduction

The amount of computational power required for training DL applications,
other than the need of high storage capabilities to deal with huge or complex
datasets, remain a core issue in the field of Machine Learning. The habit
of employing Graphic Processing Units (GPUs) as General Purpose parallel
processors has been explored in the last years as a technique able to enhance
the computational power. The resulting massive parallelism enables to solve,
with a reasonable computational time and effort, increasingly complex tasks,
as those arising in the fields of DL and Artificial Intelligence. The growth
of the market related to GPU services, as a consequence, is expected to be
considerably high in the next years, starting from over 700 million USD in
2019 and increasing with a compound annual rate of over 38% up to 2024 [40].
GPU acceleration, and especially the possibility of efficiently performing ma-
trix multiplications in parallel, thanks to highly specialized linear algebra li-
braries, is particularly suited to DL training tasks, guaranteeing, with respect
to CPU-based systems, a performance boost from 5 to 40x [13], [49]. More-
over, an additional gain in performance is ensured by the fact that Deep Neu-
ral Network models are often designed in order to be efficiently deployed on
GPU-based systems, taking full advantage from their architecture. Despite
those great benefits, the process of training DL applications remains a com-
putationally intensive task. Moreover, GPU-based servers are characterized
by considerably high costs (up to 500k USD if, for instance, NVIDIA DGX-2
is considered [21]). As a consequence, they remain often unaffordable for the
general public, consisting also of small organizations with limited budget.
This growing demand and the issues related to accessibility of GPU-based ar-
chitecture determined, in the last years, a consequent progression of Cloud
services and solutions aiming to enhance the use of those resources in different
contexts. The possibility of having access to GPU-based systems according
to pay-to-go pricing models has contributed to the wide spread of those tech-
nologies applied to the solution of different issues, involving the DL training
problems discussed before. Getting rid of the initial investments and the high
costs required to maintain Data Centers over time, those technologies became
more easily accessible to a wide range of organizations, that turned out to
be able to take advantages from such architectures with reasonable financial
burdens.
Despite the advantages coming from the Cloud Computing paradigm and the
consequent possibility of having access to an ideally unlimited computational
and storage power, the time unit costs of Virtual Machines (VMs) based on
GPUs is still remarkably high, being 5-8x more expensive than those of VMs
exploiting only CPUs [22]. As a consequence, the problem of determining an
efficient scheduling for DL training jobs and other applications that should
be deployed on those systems has still a great importance. Such an issue
is the core of this thesis work. It is addressed both from the point of view
of the Cloud end-users, who submit their applications to the Cloud and try
to minimize the expected cost of their execution, and from the perspective of
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Cloud Providers (CPs), who are in charge of meeting the clients’ requirements,
while maximizing the profit. The problem encompasses two main aspects:
capacity allocation, concerning the placement of VMs on physical servers, and
job scheduling, aiming to identify the most efficient way to share the available
resources (VMs and GPUs) among concurrently running applications. The
joint problem is addressed in the literature by exploiting different approaches
and it represents a great challenge in terms of modeling and solvability. The
complexity is even exacerbated, in the envisioned scenario, by the fact that
capacity allocation and scheduling are analysed in an online setting, where
multiple DL training jobs are submitted in a continuous fashion, so that no
scheme can be detected in their arrival times or characteristics, particularly in
terms of priority.
The main goal of the proposed mathematical formulation of the problem and
the proposed algorithms is to design an optimal scheduling for the jobs, that
allows to minimize the overall execution costs, while meeting the constraints
related to system capacity and applications’ deadlines. Resource sharing is de-
signed in such a way that multiple tasks can be deployed on the same machine,
with a variable number of dedicated GPUs. Moreover, jobs can be preempted,
in order to be able to prioritize, if needed, subsequently arriving jobs with
different characteristics in terms of execution times and expected deadlines.
Starting from an initial model presented in [41], the proposed work aims to
enhance the scalability of the solution by exploiting a different Mixed Inte-
ger Linear Programming (MILP) formulation, applied to the aformentioned
problem in a hierarchical fashion. Moreover, different heuristic approaches,
inspired to greedy and local search techniques, have been designed and imple-
mented to determine an efficient solution both in terms of computational time
and accuracy.
The thesis is organized as follows: Chapter 2 presents the state of the art,
by providing a general overview of the technological fields explored in this
work and by providing a background on the optimization approaches adopted
to design the proposed algorithms. Chapter 3 describes the joint capacity
allocation and job scheduling problem as it is addressed in this work and recalls
the formulation and the results obtained in [41], used as starting point for the
subsequent analysis. Chapter 4 addresses the joint capacity allocation and
job scheduling problem from the Cloud end-users’ perspective, by presenting a
novel MILP formulation and the different algorithms that have been designed
in order to determine an effective and scalable approach. Chapter 5 modifies
the perspective by presenting the same problem from the point of view of
CPs, who are in charge of dealing with the requests submitted to very large
Data Centers. Chapter 6 reports and discusses the results of an extensive
experimental campaign aimed at evaluating the performance of the proposed
approaches in a variety of scenarios of practical interest. Finally, Chapter 7
draws the conclusions of this thesis work and introduces some possible future
reseach directions.
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CHAPTER 7
Conclusions and future work

The core objective of this thesis work has been the analysis of the joint capacity
allocation and job scheduling for Deep Learning (DL) training jobs. This has
been addressed both from the perspective of Cloud end-users (who try to min-
imize the expected execution costs of the application submitted to the Cloud)
and from the perspective of Cloud Providers (who are in charge of meeting
their customers’ requirements, while maximizing the expected income).
The modeling and solution of this problem represent great challenges exac-
erbated, in the envisioned scenario, by the fact that the problem is setup in
an online setting, where multiple DL training jobs are submitted in a con-
tinuous fashion, so that no scheme can be detected in their arrival times or
characteristics, particularly in terms of priority.
The aim of this work was to provide, starting from an initial model presented
in [41], alternative formulations and solution methods that allow to enhance
the scalability of the initial approach. The complexity of the previous model
and of the Monolithic approach that had been designed to solve it, indeed,
allow to analyse systems composed by 40 nodes at most. Even in a context
where the problem is solved from the point of view of Cloud end-users, this
number is too small and is not representative of real instances, that can include
hundreds of nodes. This issue is further exacerbated in the context of Data
Center environments, that usually involve thousands of machines and have to
deal with requests coming from multiple organization domains.
Two different Mixed Integer Linear Programming (MILP) formulations have
been proposed, in Chapters 4 and 5, in order to describe the joint problem
in the two scenarios. The main goal of these MILP models was to design
an optimal scheduling for jobs, that would allow to minimize the overall ex-
ecution costs, while meeting the constraints related to system capacity and
applications’ deadlines. Resource sharing has been designed in such a way
that multiple tasks could be deployed on the same machine, with a variable
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7. Conclusions and future work

number of dedicated GPUs. Moreover, jobs could be preempted, in order
to be able to prioritize, if needed, subsequently arriving jobs with different
characteristics in terms of execution times and expected deadlines.
The first approach developed to solve the proposed model, discussed in Sec-
tion 4.2, aimed to tackle the solution of the problem in a hierarchical fashion,
i.e., to reduce the dimensionality by splitting the Monholitic MILP formula-
tion in a set of smaller subproblems. Furthermore, three different heuristic
methods, inspired to greedy and local search techniques, have been developed,
as reported in Sections 4.3, 4.4 and 4.5, in order to further enhance the perfor-
mance obtained with the Hierarchical approach, while maintaining the quality
of the results in terms of scheduling costs.
An extensive experimental campaign has been performed, aimed at evaluating
the performance of the proposed solutions in a variety of scenarios of practical
interest. The results, extensively discussed in Chapter 6, highlight the effec-
tiveness of the proposed approaches, both in terms of scalability and quality
of the identified solutions. The comparison with first principle methods based
on First-In-First-Out and Earliest Deadline First highlights significant cost
savings, with an average gain between 50 and 80%, for all the proposed ap-
proaches. The analysis of the results obtained by the different methods in all
the considered scenarios, as discussed in Section 6.7, allow to conclude that
the models and approaches developed for this thesis work fully attain the goal
of providing scalable techniques for the solution of the joint capacity alloca-
tion and job scheduling problem. The very good results obtained in terms of
computational time, as well as the quality of the solutions, allow to exploit
the proposed methods to solve large problem instances, involving hundreds of
nodes, as those arising in practical scenarios.
Future developments of this work include, first of all, the implementation of
all the proposed approaches, namely the Hierarchical Model, the Greedy, Ran-
domized Greedy and Local Search algorithms, to the solution of the Data
Center environments’ problem in its heterogeneous version. This framework,
indeed, by extending the space of available solutions, allows to fully explore
the power of randomization and local search techniques.
Moreover, the Local Search algorithm will be extended to cope with a different
objective function, aiming to enhance the stability of the proposed solutions
by minimizing the difference between the finish times of jobs deployed on the
same node. Since the Local Search step demonstrated to be very fast compared
to the time required by the Randomized Greedy step, also its effectiveness to
reduce the number of random iterations will be investigated. The randomized
greedy construction introduces, indeed, a linear increase in complexity with
respect to the pure greedy approach, while the overhead added by the local
search phase has been demonstrated to be small in percentage. Therefore, the
possibility of maintaining or improving the quality of the obtained solutions by
performing a reduced number of random iterations in the construction phase,
followed by a step of local search, can be explored as a future work.
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Finally, also the possibility of exploiting the Greedy, Randomized Greedy and
Local Search methods in a hierarchical fashion could be considered as an in-
teresting topic for future developments.
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CHAPTER 8
Appendix

This appendix provides an overview of the two tools implemented for the solu-
tion of the Hierarchical Model described in Section 4.2 and the three heuristic
approaches, namely, Greedy, Randomized Greedy and Local Search, described
in Sections 4.3, 4.4 and 4.5. The general structure of the tools flow, that is
the same for all the frameworks, is described in Section 8.1, while a more de-
tailed description of the simulation and solution processes implemented for the
different methods is provided in Sections 8.2 and 8.3.

8.1 General structure

The general structure of the process implemented to solve the problem pre-
sented in Chapter 4 is independent from the chosen approach and therefore is
common to all the available methods. As illustrated in Figure 8.1, it consists of
mainly three components, namely a data generator, a simulator and a solver.
The first is, in particular, common to all the implemented tools, while the
others have been differently specialized for the two cases of the Hierarchical
approach and the heuristic methods.
The data generation process has been implemented in Python. Given a list
of inputs concerning the characteristics of the required system, it allows to
generate all data that are needed to run the simulation process described in
the following. In particular, the parameters that can be provided, through a
suitable configuration file, concern the number of nodes that will be available
in the system, the total number of applications that are submitted along the
simulation, denoted in the following as Jc, and the average inter-arrival time
to be considered.
Starting from a pool of candidate applications, whose characteristics, in terms
of execution times on all the available configurations, have been determined
as described in Section 6.1, a Python code randomly selects Jc jobs to form
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Figure 8.1 – Global structure of the solution process

the set Jcandidate. All information related to submission times, deadlines and
tardiness weights are computed in this phase as described in Section 6.1. The
applications in Jcandidate are going to be selected, during the simulation pro-
cess, to form the queue J of submitted jobs. Furthermore, all the information
related to the resources available in the system, namely the set N of nodes and
the sets V and Gv, for all v ∈ V, representing, respectively, the catalog of avail-
able VMs and the GPUs that can be instantiated on each VM, are generated
in this section and used in the following to solve the provided instance.
The simulation process is in charge of reproducing the behaviour of a real on-
line system, that receives a series of requests and runs the existing solver to
determine the best scheduling for all the submitted applications. The structure
of the simulator is similar for the Hierarchical method and for the heuristic
procedures, but it has been implemented separately in order to be better in-
terfaced with the underneath solver.
The simulation process mainly consists of a time loop, whose iterations are
leaded by the submission of new applications or the completion of their ex-
ecution. In particular, the new jobs are extracted from Jcandidate according
to their submission time and are inserted in the queue J . This queue, as
well as the information concerning the available resources, is provided to the
solver, that analyses the current instance in order to determine the best pos-
sible scheduling. This is then returned to the simulator, that computes the
costs related to the jobs’ execution and, if an application is completed, the
possible penalties due to deadlines’ violations. The process ends when all jobs
have been completely executed.
A more detailed description of the simulation and the solution process is pro-
vided in the following sections.
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8.2. Hierarchical Model

8.2 Hierarchical Model

For what concerns the Hierarchical Model, the solution process that determines
the optimal scheduling is performed, at each iteration, by Gurobi Optimizer
[?]. It consists of a mathematical optimization solver that can be applied to
Linear, Quadratic and Mixed Integer Programming. The interface between
the simulator and the solver has been implemented by relying on Pyomo [?], a
Python-based modeling language that allows to define a symbolic model and
to generate the instance that has to be solved. The whole simulation process
has been therefore implemented, in the case of the Hierarchical Model, as a
Python library. It includes, in addition to the aforementioned procedures, also
the initial splitting of the set N of available nodes and of the list of candidate
jobs that has beed described in Section 4.2. This takes place at the beginning
of the process, so that, if K is the number of local controllers, the list Jcandidate
is split in K different portions before entering in the time loop representing
the simulation. This has been done in order to simulate a real system, such
that all controllers run independently one from the others, by performing K
different simulations, whose results in terms of computed costs are gathered
only at the end of the whole process.

8.3 Heuristic approaches

Both the simulator and the solver developed for the heuristic algorithms pre-
sented in Sections 4.3, 4.4 and 4.5 have been implemented in a C++ program.
In particular, the three methods have been designed as subsequent special-
izations of a unique class, denoted as Heuristic, that can be used as basis
to implement different heuristic procedures, involving also the first principle
methods already mentioned in Chapter 6. As a consequence, they share the
implementation of the simulator, as well as the maximal part of the imple-
mentation of the solver, whose three phases are described in Section 4.3. In
particular, the Randomized Greedy method extends the solver by introduc-
ing an internal loop, that is in charge of performing the required number of
iterations for the randomized construction. The Local Search class, in turn, in-
herits from the class representing the Randomized Greedy and adds a method
implementing the local search at the end of the scheduling step. Greedy, Ran-
domized Greedy and Local Search have been inserted in a factory, so that the
choice of the method that has to be used to run the simulation can be per-
formed at runtime by editing the same configuration file that is used to select
the number of nodes and jobs to be considered in the system.
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