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Resumo

A eficiéncia é um requisito operacional fundamental para a maioria dos sistemas computa-
cionais, visto que os recursos necessarios para tais processos geralmente estao sujeitos a
restricoes de disponibilidade. E desejavel que os clusters de computacdo operem para con-
cluir o maior nimero possivel de tarefas enquanto aproveitam ao maximo os componentes
de hardware, por exemplo, CPU e memoria. Nesse contexto, a ordenacao temporal das
tarefas submetidas a um cluster pode interferir na sua capacidade de funcionar em uso
maximo. E, portanto, importante que tais tarefas sejam programadas adequadamente
para garantir a eficiéncia. Véarios algoritmos e técnicas, tanto orientadas por regras
fundamentais quanto baseados em aprendizado de méaquina, podem ser aplicados a esse
problema, mas a natureza centrada em objetivos do aprendizado por reforco amplificada
pelo uso de redes neurais profundas pode ajudar a lidar com as particularidades e com-
plexidades dele de forma robusta. Neste trabalho, investiga-se o uso de técnicas de
aprendizado por refor¢o e redes neurais profundas para alocagao de tarefas em clusters
computacionais, aplicando busca pelo conjunto ideal de hiperparametros e comparando o
desempenho e a estabilidade de treinamento das solu¢oes baseadas em aprendizado com
algoritmos previamente projetados, com referéncia a uma métrica alvo. Os resultados
apontam que é possivel obter desempenho igual ou melhor, desde que sob as condicoes
ambientais corretas e dentro do dominio paramétrico apropriado. Observa-se também que
tais agentes podem alcancar melhor generalizagao se treinados em uma configuracao de
dificuldade graduada, com cenarios cada vez mais desafiadores, em vez de uma abordagem

de inicializagao aleatéria que parte de uma configuragao dificil.

Palavras-chave: aprendizado por reforgo; aprendizagem profunda; computacao de alta

performance; gerenciamento de carga de trabalho; gerenciamento de recursos.



Abstract

Efficiency is a key operational requirement for most computer systems, given that the
resources necessary to such processes are usually subjected to constraints in availabil-
ity. It’s desirable that computing clusters operate in order to complete as many tasks
as possible while making the most of hardware assets, for example, CPU and memory.
In this context, the temporal ordering of the jobs submitted to a cluster can interfere
in its capacity to function at maximum use. It is, thus, important that such tasks are
scheduled properly to ensure efficiency. Several algorithms and techniques, both princi-
pled and learning-based, can be applied to this problem, but the goal-oriented nature of
reinforcement learning powered by the use of deep neural networks can help deal with
the particularities and complexities of it robustly. In this work, we investigate the usage
of deep reinforcement learning techniques for job allocation in computing clusters, ap-
plying hyperparameter search and comparing the performance and training stability of
the learning-based solutions with previously designed algorithms for a target metric. We
found that it is possible to obtain equal or better performance under the right environ-
mental conditions within the appropriate parametric domain. Results also indicate that
such agents can achieve better generalization if trained in a graduated difficulty set-up,
with increasingly challenging scenarios, instead of a random initialization approach that

starts from a difficult configuration.

Keywords: reinfocement learning; deep learning; high power computer clusters; work-

load management; resource management.
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Chapter 1

Introduction

1.1 Workload management

For most computer systems, completing the task for which they were projected
while demanding the least amount of resources is a desirable goal. Apart from abstract
scenarios in theoretical experiments, the supplies of any system are finite and subjected
to constraints, whether they come from operational limitations or other aspects intrinsic
to any application, such as time sensitivity and business logic. Efficiency is, thus, a key
parameter of a system’s performance whose concern spans through the entire procurement
cycle, from the input, through processing, storage and output of information. Improving
over efficiency requires, then, careful evaluation tailored to each demand and part of
an architecture, in addition to comparisons with the other solutions considered during
development [19].

Several are the factors that influence the performance of a computational system,
each one coerced by its own set of restrictions that, in turn, depend highly on the applica-
tion to which said system is dedicated. In order to function, from high-capacity servers,
to aircraft control, robots, smartphones, etc., every system demands a certain set of re-
sources that are subjugated to operational constraints, whether from limited hardware
capacity and energy availability. Namely, processing units and memory space availability
can be obvious limiting factors in computational operations, but overall performance itself
can also depend on the work to which hardware appliances like these are subjected [51].
A system can have little processing power, but be capable of performing its own work
more efficiently, proportionally, than powerful, but poorly optimized ones can execute
theirs, depending not only on the characteristics of the tasks, but also on the nature of
the problem itself and the system’s capacity of properly applying its own resources [11].

Thus, to ensure maximum performance, allocation plans must be engineered care-
fully, in observation to all the aforementioned aspects. As the complexity of the envi-
ronment and the number of variables to consider in optimization grows, so must do task

execution plans; with decisions informed by knowledge about the workload, regarding the
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amount and nature of the typically demanded resources.

Common examples of scenarios in which workload management is a particularly
important optimization problem include parallel computing, where the distribution of jobs
among CPU cores must ensure all of them are loaded with a balanced amount of work over
time [26]; and server systems, which often operate in highly dynamic workload scenarios
that alternate quickly from low to high request rates |7]. Furthermore, as the demand
for cloud computing services increases with the development of data-centered industry
solutions, efficient resource allocation in these contexts becomes a prominent subject to
many other economic sectors [36]. In such data-intensive scenarios, where the rate and
volume of data to process can start to challenge the limits of the currently available
technology, special systems that intensively rely on parallelization and distribution of
resources, namely High-Performance Computing Clusters, or HPCCs, are necessary [14].

In essence, HPCCs can be roughly compared to a batch computing system, with
individual processing nodes that collectively execute a set of tasks, often expected to take
a long time with little to no user intervention in the process. In the early days of operating
systems, batches of tasks were executed simply in the order they were submitted, lined up
in a non-preemptive queue, a process known as first-come, first-served (FCFS) [43|, with
no need for prior information about the tasks, like the estimated running time. Albeit
simple, this approach has several disadvantages, since it can yield high average turnaround
— the difference between the time a job was completed to the time it was submitted —
with short tasks being held back in the queue by long-running tasks. If, however, run
times are known in advance, or can be reasonably estimated, a scheduling strategy that
prioritizes short jobs, that is, shortest-jobs-first (SJF), can reduce average turnaround by
relegating jobs that block the execution queue for longer to the end of the wait list [51].

Consider the simple scenarios illustrated in Figure 1.1, with a single processing
unit and 3 jobs. In FCFS, jobs were executed in the same order they were enqueued,
the shortest ones at the end have to wait until the longest ones are completed. Average
turnaround time is (4 + 6 4 7)/3 = 5.66 milliseconds. SJF, on the other hand, provided
with the expected running times of each job, schedules the shortest ones first. Average
turnaround time becomes, then (1 + 3 + 7)/3 = 3.66 milliseconds. The scheduling plan
can affect how long each process will have to wait between submission and completion.

This simple example goes on to demonstrate the importance of a well-designed
scheduling scheme, but HPPCs are far more complex environments. They contain mul-
tiple nodes working in a parallelized fashion, which adds a new dimension to the op-
eration. Moreover, they run under highly dynamic circumstances, with variance in job
sizes, frequency, and rate of submission. Principled strategies like SJF may fail to meet
the requirements for a sufficiently optimized allocation plan in these scenarios. Analysis
of previously collected data about the events involved in a typical runtime session of a

system can support the development of heuristics and models [11]. However, factors such
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Figure 1.1: Comparison between average turnaround time for a scheduling regime based
on a First-Come, First-Served (FCFS) fashion and one based on Shortest-Jobs-First. In
each scenario, 3 jobs were submitted at the same time, but queued in different orders.
Turnaround time is indicated by the numbers on the right of each job.

as sudden load variations, noisy data and the scale of the environment in which a system
operates can degrade model fitness, making the problem hard to tackle in a principled
way [27].

1.2 Learning-based approaches

Learning-based approaches can offer alternative solutions to the challenges typi-
cally involved in workload control. Artificial intelligence methods like genetic algorithms
and fuzzy logic have been successfully employed for that purpose in the past [13, §]. In
particular, reinforcement learning (RL) provides an unsupervised, goal-oriented approach
specially suitable to circumvent the difficulties of resource management tasks. Overall,
the process consists of training an artificial agent to achieve a specific objective by ex-
ploring the possible actions it can take within its environment, observing their outcomes
(rewards) and learning from these experiences [47]. As a result, agents essentially become
automated machines, capable of decision-making in a flexible and adaptable framework
[27]. Moreover, advances in deep neural networks applied to reinforcement learning have
achieved remarkable optimization goals, with agents developing efficient behavior policies

in many complex scenarios [32, 45, 3, 20].
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1.3 RL-based Workload Management

Given the broad range of sophisticated applications to which deep reinforcement
learning has been applied, it’s also expected that the principles involved in automated
agents could be applied with interesting results on the domain of workload management,
task scheduling and resource control [27, 28|. In order to do so, the implications of such
frameworks must be considered carefully: inherent descriptive aspects to the problem
need to be modelled as neural network inputs; environments must be designed considering
the functional logic and business rules of the entities involved in the scheduler-centered
application; all of this considering implementation details, such as the appropriate set of
parameter values for the underlying algorithms that ultimately guide the learning process,
or the most adequate architectures and training protocols for the networks used to model
the agent’s reasoning. Finally, the reproducibility and testability of such methods must
be built over solid software foundations, in order to ensure that they can be comparable
to other solutions as well as prevent overfitting to the conditions they were trained upon
[53]. This work aims to explore the applicability of RL to this problem, investigating
the aspects involved in its viability, how hyperparameters can influence on training and
evaluation performance, compare the resulting agents to other principled methods and
analyze how challenging environment conditions can be mitigated with the appropriate

protocol for the development of learning-based solutions.

1.4 General Objectives

This study holds as a general objective to investigate deep reinforcement learning
techniques to the task of workload management, exploring difficulties and limitations
related to these approaches and how they compare to other existing methods that are not

established upon an automatic learning foundation. Specifically:

1. Develop deep reinforcement learning agents applied to the task of workload man-
agement, particularly for applications where principled techniques and manually
engineered heuristics are usually employed. Compare the performance of learning-
based and traditional approaches under similar conditions regarding a well-defined

metric, namely average slowdown.

2. Explore the challenges associated with designing learning-based workload sched-
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ulers, including the modeling constraints required for effective training and the in-
herent limitations of the problem. Consider how these challenges might impact the
practical application of these techniques. Examine potential approaches to address
these obstacles and enhance generalization in diverse operational scenarios, where

performance improvements are valuable but may be more difficult to achieve.

3. Implement carefully designed evaluation procedures that emphasize statistical con-
fiability and reproducibility, mitigating issues that derive from the highly stochastic
nature of deep reinforcement learning and may hinder the reliability of results in-

terpretation.

1.5 Contributions

The following results are expected to be achieved upon the completion of the

aforementioned objectives:

e Develop deep reinforcement learning agents for workload management that are com-

parable to principled techniques or outperforms them.

e Evaluate the most efficient solutions to commonly encountered problems in deep RL

for task scheduling, eventually developing better approaches as well.

e Contribute to future research in this domain through comparison and evaluation of
state-of-the-art techniques. Collaborate on the development of community-available
software tools, improving over existing open source frameworks or implementing new

appliances.

1.6 Document Structure

This document is structured as follows: In Chapter 2, the definitions and imple-
mentations of the studied algorithms are laid-out in detail, with equations derived from
the core principles of Reinforcement Learning, the motivation behind the development of
each one of them and the engineering techniques each solution employed. Chapter 3 en-

compasses past developments that laid the foundation of the concepts explored throughout
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this work, spanning from resource management techniques to the modeling of environ-
ments for scheduler learning. The overall strategy adopted in order to test and compare
all the studied scenarios is described in Chapter 4, with their respective results listed on
Chapter 5. Finally, the final considerations obtained from the results and the guidelines

for future work are established on Chapter 6.



20

Chapter 2

Background

2.1 Workload modeling and representations

Workload can be understood as the amount of work to which a system is submitted.
This broad definition allows different types of workload to manifest in a variety of domains.
For example, in a network server, workload can be represented by requests for a web
page; in database applications, queries that trigger 1/O operations [11]. For the task
scheduling in high power computing units problem, workload is defined in similar terms
to operating systems, with jobs submitted by users or other types of system calls. Jobs
are represented by a set of parameters, which have been standardized in the literature in
a format that describes consistently most of their relevant characteristics, the Standard
Workload Format (SWF) [12]. The data fields represented in SWF are described in
Table 2.1.

Naturally, not all the fields described by the SWF format are relevant to every
application or simulation. For the reinforcement learning environment used to train a
learning-based scheduler studied in this work, sched-rl-gym [27][9], the most relevant fields
are requested number of processors, requested time and requested memory, that provide
the scheduler an overview of the size of the submitted job. In an artificially generated
workload log, these fields can be simulated with a certain degree of error, to represent the
error that occurs naturally on user estimations. A posteriori data fields, i.e., the ones
that can only be referred to after a job is completed, such as submitted time, wait time
and run time are also useful to compute performance metrics of the scheduler, based, for
example, on the average time a job has to wait for others before it’s eventually scheduled

and other events.
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Job field

Description

Job number

Submit time

Wait Time

Run time

Number of allocated processors
Average CPU time used

Used memory

Requested number of processors

Requested time

Requested memory

Status

User ID

Group 1D

Executable number

Queue Number

Partition number

Preceding job number

Think time from preceding job

A descriptor for identification.

The time in seconds at which each job has been sub-
mitted.

The difference between the job’s submit time and the
time it actually began to run.

The difference between the end time and start time of
a job.
Number of processors a job uses.

Average over all the CPU time a job has used.

Average used memory by a job in kilobytes, for each
processor.

Number of processors a job requested to run.

Either the run time or the average CPU time requested
by a job before its execution.

Amount of memory a job requests upon submission, in
kilobytes.

Identifies the status of the job after completion: 1 if
the job was completed, 0 if it failed, 5 if canceled.

Identification number of the user that submitted the
job.

Identification number of the group to which belongs
the user that submitted the job.

Identification of the executable application associated
with the job.

An identification number for systems with multiple
submission queues.

Descriptor to identify the partition of the system that
executed the job. The definition of partition varies
with the system, for example, the computer within the
cluster.

Number of a preceding job in the workload from whose
conclusion the current job depends.

Maximum number of seconds that should elapse be-
tween the termination of the preceding job and the
beginning of the current one.

Table 2.1: Job fields described in the Standard Workload Format.

Resources refer to the limited supply of assets that are available for a system to

carry through with its workload. Likewise, their types depend on the domain of each
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application. For a computing cluster, resources can be processing units; on a file sys-
tem, disk space would be a more concerning attribute; network-centered applications are
usually more sensitive to bandwidth or channel availability. Extrinsic entities can also
be considered resources, such as budget and energy, considering that they can also be
constraining factors to the operability of any system. In the job scheduling problem en-
capsulated by sched-rl-gym, resources can be taken as the available number of CPUs and
memory space of a cluster. These fields are defined by environment parameters.

The main optimization metric offered by sched-rl-gym and focused in this study
is the average slowdown ¢, given by the ratio ¢; = C;/M;, in which C; = ¢; — s; is
the difference between the time a job has been submitted (s;) and when it was finally
completed (c;j). M; represents the time necessary to execute the job. Thus, this metric
essentially normalizes the time the job actually takes by the time it was expected to be
completed, which helps to mitigate reward bias against large jobs.

A common attribute exists for all workload types that alludes to the amount of
operations required per unit of time: their events rate. Characterizing load by rate instead
of amount enforces the notion of continuous work over time, rather than a finite set of
operations. In sched-rl-gym, the job rate is defined as the probability of a job being
submitted at each time step of the simulation. Jobs are generated from a Bernoulli
distribution, in which the probability p determines the likelihood of a new job being
submitted at each step.

Sched-rl-gym samples job sizes from different uniform distributions, one for small
jobs, with tighter size bounds, and another for large jobs, with wider size bounds. All of
these values are controlled via environment parameters. Both job rate and job size are
important variables that determine how crowded and tractable the state representation
will be. Since they’re associated with the user estimated fields from SWF, it’s also possible

to introduce gaussian noise to the size of the jobs, in order to simulate human error.

2.2 State Representation

Management of resources through workload scheduling consists in maximizing the
exploitation of the available assets by distributing workload over time in an ordered fash-
ion. It is, thus, a concept inherently associated with the efficiency of a system, evaluated
by the amount of useful output it produces, given the resources initially provided. There-
fore, even though some level of resources waste is typically inevitable for every application,
it must be minimized in order to achieve maximum efficiency, specially on the discrete

domains of most computing systems.
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State in sched-rl-gym is represented by an image-like view of the current jobs
scheduled in the slots of the execution queue. A limited number of slots is necessary
in order to keep the input size and action space consistent. The backlog provides a
summarized information of the number of jobs set to be allocated next — with no additional
information other than the presence of a job. The representation also provides an overview
of the execution plan for the next few time steps, expressed along the second dimension.
In Fig. 2.1 and Fig. 2.2, a scheduler with 4 slots and 4 resources — can be either CPU
or memory, since both are modeled the same way — is represented. Slot 1 of Fig. 2.1,
for example, contains a job scheduled to run for 1 unit of resource, over 1 moment in
time. Its backlog shows that there’s only one job waiting to be allocated, even though
no additional information about such job is provided just yet. The job waiting on the
backlog may eventually be allocated to Slot 4 in a future moment, if its requirements fit
that slot’s constraints. It’s worth noting that the sparse situation illustrated in Fig. 2.1
provides less correlated samples over time, which makes this scenario easier to be treated
by neural networks. This contrasts with the situation illustrated in Fig. 2.2, in which large
and frequent jobs result in filled inputs that tend to repeat themselves with the passage

of time.

Resource

Time

Backlog Slot 1 Slot 2 Slot 3 Slot 4

(empty) Internal Cluster
Representation

Execution Queue View

Figure 2.1: A slice view of a state representation from sched-rl-gym. Each job is allocated
within a queue of slots, before their time to actually use cluster resources. In a sparse
load situation, i.e., smaller, less frequent jobs, the image representation of the state is
sufficiently spaced to provide good diversity among samples.
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Resource

Time

Backlog Slot 1 Slot 2 Slot 3 Slot 4

Internal Cluster
Execution Queue View Representation

Figure 2.2: A slice view of a state representation from sched-rl-gym for a dense workload
situation, i.e., bigger, frequent jobs. In this scenario, the image representation of the state
is compact and samples correlate over time.

2.3 Reinforcement learning

Reinforcement learning (RL) is a machine learning paradigm characterized by a
central learning problem: given a state and a set of possible actions to take, what steps
should an autonomous agent follow in order to maximize a numerical reward? Much like in
the learning process that happens organically in nature, an agent has no or very little prior
information about the steps it should follow towards its goal. They should be discovered
via exploration of the environment and observation of the outcome of the chosen actions.
As the agent gains more experience from its exploration endeavors, convergence towards

a satisfactory objective should be achieved [47].

2.3.1 Elements of a Reinforcement Learning Framework

Usually, a RL agent interacts with an extrinsic environment over a sequence of
discrete time steps. At each instant, a state s € S represents all the present information
an agent can observe from its environment, from the set of all possible observations.
The actions set A(s) express all the possible actions a the agent can execute at a given
state s. Finally, the transition function P¢, denotes the probability of reaching a state
s’ by executing an action a at a state s. Therefore, this representation is essentially a

mathematical model for stochastic decision-making, i.e., a Markov Decision Process [47].
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A sequence of state-action pairs T = [(s1,a1), (S2,a2), -+ , (8¢, a;)] is named a trajectory.
Besides states, actions and transition functions, there are a few other elements essential to
any reinforcement learning solution, namely, a reward function, a value function, a policy
and a model.

The reward function R(s;, a;) denotes the immediate expected reward for executing
action a; at a state s; and a given time instant t. Following the example of sched-rl-gym,
given a set J of jobs in the system, the reward signal at each simulation step is given by
v s —1 /M;. Thus, over the number of time steps necessary to run each job, this sum
accumulates to the negative of the average slowdown. The goal of an agent is, thus, to
maximize the total reward it receives for its entire path, at each state it visits. In those
terms, one can also define a broader sense of how good a state is through a value function
V' (s;). This function expresses the expected accumulated reward that an agent can receive
from a given state, considering not only the current state, but also the future ones that
can be reached from it as well. Policy is a function 7 : m(s,a) — [0,1] that determines
the probability of an agent to pick an action a at a given state s. Intuitively, the policy
is essentially the mathematical model that determines and guides the decision-making of
an agent. From this perspective, the objective of the agent is to achieve a policy that
leads to a bountiful amount of rewards over its run. Finally, the model gives a synthetic
representation of the environment. It is usually considered an optional component for
most practical applications.

Value is usually defined in terms of a policy. The value function of a state s under
a policy m, Vi(s), denotes the expected reward the agent can obtain starting from a
state s and following 7 thereafter. A policy is said to be optimal when its value is the
maximum possible, i.e., for all other 7/, we have V,(s) > Vi/(s),Vs. It’s also useful to
establish how good an action can be at a given state, in the context of a policy. The value
of an action, Q.(s,a), defines, then, an expected accumulated reward that selecting an
action a in state s can provide in all the subsequent, future, time steps, assuming that
a policy 7 will be followed henceforth. The values of policies and actions are estimated
during the training of an RL agent, being improved, ideally, at each update, while the
agent explores the environment applying its policy. However, oftentimes, the policy that
is evaluated and improved may not be the same that is actually being used by the agent
in its explorations. Methods in which the behavior policy is different from the one used
for estimates are called off-policy while the opposite are named on-policy.

Considering how, usually, an agent knows next to nothing about its environment
and optimizes its estimates based on the policies that it’s learning on-the-go, a crucial
aspect of the learning process of any RL agent is the balance between exploitation and
exploration, i.e., how much it should linger to its policy, or take risks and explore new
actions. While cautiously following the same policy provides well-known outcomes to

the agent, it will not be able to find better solutions without some level of exploration.
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In contrast, an agent whose actions tend to be too random may unknowingly find good
solutions in its superficial endeavors, but will not be able to actually follow through with
them, thus, failing to converge towards a solution. Moreover, from a stochastic reference,
the recurrent nature of Reinforcement Learning estimates, i.e., policies being learned
from their own sampling, incurs on convergence problems, amplifies noise and increases
variance. Several techniques exist to counterbalance those effects, namely Proximal Policy
Optimization [41], Advantage Actor-Critic [31] and DQN [33].

2.3.2 Q-Learning

Temporal Difference (TD) is an important class of techniques employed to train
Reinforcement Learning agents, named like this due to their incremental approach to
exploratory learning. Instead of updating their estimations for value functions at the end
of each run, after the agent has collected all the experience it needs to apply an update,
TD uses the immediate reward and the estimations for the function values thereafter in
order to compose its updates. This feature exempts the algorithm from the necessity of
an environment model. A simple TD update for a state-value estimate at a time step ¢ is
exemplified in Eq. (2.1).

TD residual

A\

V/(sy) < Vi(se) + alre + 4V (sea1) — V(s))], (2.1)

in which « is a numeric increment factor for the update, r, = R(s;, a;) and 7 is a discount
to be applied over future states. A similar formulation can be used to obtain an update

rule for the action-value function, i.e., Q(s, a;), named (Q—learning, as shown in Eq. (2.2).

Q'(s1, ar) = Q(s1,a1) — afry + ymax Q(si11,a) — Q(sy, ar)]. (2.2)

The maximum recursive term derives from the Bellman Equation and ensures the conver-
gence of the estimator to the optimal action-value function by selecting the action that
provides the highest expected action-value (Q)). These formulations are defined in terms
of a framework of tabular, incremental updates, which are hardly practical for complex
problems that demand a good level of generalization. Instead, an approximator function
is usually applied. These estimate functions can be represented by neural networks named
Q-networks, with parameters updated by executing gradient descent over a loss objective

function.
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2.3.2.1 Deep Q-Networks (DQN)

Neural networks are commonly applied to supervised learning situations, in which
the network approximates a function by learning from a given set of labeled data, in order
to learn how to map a certain kind of inputs to a certain expected output. This intuition
is not applicable to reinforcement learning, since there is no previously known information
about the environment that can guide the optimization process the same way. Instead, Q-
networks approximation is defined in terms of estimations of the action-value function,
sampled from a batch of experiences. Since these estimations change at each iteration in

the environment, the loss function L; is unique to each step, as expressed in Eq. (2.3).

Ll(el) = E(St,at,ﬁ,swl)NU(D) [(rt + ’ymélXQ(St-‘rh a; 9;) - Q(Sta Aag, 91))2]a (23)

in which D represents a set of experience samples, from which a tuple of state, action,
reward and next state is uniformly sampled; 6; are the parameters of the Q-network being
optimized at the i-th iteration; and 6 are the parameters of the network, i.e., the policy,
that is actually being used for behavior of the agent in the environment — consider that
DQN is an off-policy method [33]. Both D and 6. represent two of the core ideas behind
DQN that allow it to converge to a satisfactorily generalizing policy: respectively replay
buffer and target networks. An overview of DQN is expressed in Algorithm 1, considering
T time steps and that a simple e-greedy policy (a 1 — e chance of acting randomly) is

being used to guide the agent through the environment.

Algorithm 1 Basic implementation of DQN.

for iteration < 1,2,--- do
Initiate empty experience replay buffer D < {}
for timestep < 1,2,--- ,T do
if s ~U(0,1) < € then
sample action a; randomly from action space
else
ay <— arg max,, Q(se, ar)
end if
Act a; on the environment and collect s 1, 7y.
D < DU{(s¢,as,74,8141)}
end for
Sample a set I of random input tuples I ~ U(D), containing state-action pairs and
the rewards obtained from them.
Optimize L;(0;), using gradient descent over the samples from I.
Update Q-network parameters towards the direction that minimizes the loss, i.e.,
fitting the Q-network to the data from input samples.
end for
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The replay buffer is essentially a set of experiences that is kept for sampling during
the training of a DQN agent. Batches of samples are taken from a uniform distribution
in order to mitigate the effects of temporal correlation between states. For instance, in
the original problem that sparked the development of DQN, classic Atari games, each
state is represented by a screen capture in such a way that samples taken shortly after
one another do not exhibit significant visual difference. Such nature of the input could
limit the diversity of game configurations in the batch and cause sample inefficiency, if a
random uniform sampling strategy was not adopted.

Moreover, replay buffer allows the network to be exposed to a same experience
multiple times at different moments during training. By doing so, one can ensure that the
agent will have more chances to learn from occurrences that may not have been common
within its trajectory. The size of the replay buffer can be a concern, though, in terms of
memory efficiency, so a hyperparameter usually determines it.

DQN is an off-policy method, which means that the agent’s behavior is not deter-
mined strictly by the greedy choice over the Q-network. Even though it seems counter-
intuitive, this strategy has an effect over the bias/variance trade-off and regularization.
For a simple example, allowing the agent to perform a random action once in a while can
encourage it to try unexpected paths that wouldn’t be explored if the policy was being
followed strictly. On the other hand, keeping a purposely outdated Q-network that is only
synced to the main one after a few steps, creates a parameter update delay that prevents
the greedy policy from collapsing and diverging. This last strategy can be controlled by
an interpolation factor that creates a smooth transition between parameter updates over

the steps of a Polyak parameter averaging [50|.

2.3.3 Advantage Estimation

Oftentimes, during the trajectory of an agent, it can be useful to infer how good
an action is at a given state relative to the other possible actions. Consider, for example,
that an agent’s policy 7 has led it to a state s with value V7™ (s) and is confronted with
the option to follow either a,, sampled from its policy, or any other arbitrary a. Suppose,
however, that Q™(s,a) > V™(s), i.e., taking a, then following the policy thereafter leads
to states with higher expected return than simply following the action that the policy
determines right at state s. Hence, one can expect choosing a to be a more advantageous
option at state s than the expected reward to be obtained from the policy. This intuition

is expressed by the advantage function A7 (s,a) in Eq. (2.4).

A"(s,a) = Q" (s,a) — V7(s). (2.4)
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The advantage of a,, A™(s,a,), in the given example, would be zero, since Q7 (s, a,) =
V7™ (s). On the other hand, the advantage of the arbitrary action a, A™(s,a), would be a
positive value, given that Q™(s,a) > V7 (s). If, however, the action does not increase the
expected return, i.e., Q™ (s,a) < V™(s), its advantage would be negative. The advantage
function has an important baseline role in classes of RL techniques that rely on gradient
descent directly over rewards to optimize policy neural networks, reducing variance and
improving convergence. In this context, it encodes the intuitive notion that, if an agent’s
choice cannot be expected to lead to an advantageous path, then it should avoid updating
its parameters significantly towards the gradient directions that are taking it there.

Much like other RL functions, the advantage can be either estimated in a recur-
sively stochastic approach, i.e., computing an estimate from other estimates, at the risk of
enforcing bias; or by sampling from actual experiences, which, in the context of typical RL
problems, can lead to high variance. In other words, the bias/variance trade-off manifests
itself. It is useful, then, to define a parameterized approach to advantage estimation that
enables a certain level of control over the trade-off. That is the purpose of the Generalized
Advantage Estimation technique [40]. Let 6) = ry + 4V (si41) — V(s¢) be defined as the
TD residual component of Eq. (2.1) for an estimated value function V(s) Let the sum of
k of these terms be denoted as A¥) and defined as in Eq. (2.5).

=0l = V(s eV (i)
A§ = 5V + 75 1l = —V(st) + e+ yre + WQV(SHQ)
§ = 5V + 75t+1 + 725t+1 = V(st) + 7 4 YT 4+ Ve + 73V(St+3)

A = Z Vibisi = =V (s1) + 1o+ + o+ e YV (si4). (2.5)

The terms r,,; encode empirical returns obtained from experience over the agent’s
exploration in the environment, while V(s;) and V (s;4;) expresses the estimated value
function for the first and last state within the range of k. As k grows, so does the
discount factors applied, in such a way that, with & — oo = fka(sHk) — 0, turning
A =32 Y = V(s)-

From Eq. (2.5), GAE-) can be defined as an exponential weighted average of all
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the Al i =1,---  k estimators parameterized by a factor A, as determined in Eq. (2.6).

GAE-X = (1 — A)(AM 4 AAP 4 N2AD) ..
= (1= N8+ MO +7050) + N0 + 9001 +770) )
= (L= )6 (L) 90 (A A% ) 761508 + 7))

ST VY ) SSRGS A
- t(]_—)\) rYtJrl(]__/\) Y t+2(1_/\)

GAE-A = Y (7\)'8},.. (2.6)

=0
Setting A = 0 in this formulation leads to GAE-0 = 5,}7 =7+ 7V(3t+1) — V(st), which is
exactly the TD residual of the value estimator, a biased estimator of the advantage. If,
however A = 1, we have GAE-1 = >>%° ~%r,,; — V(s;), which derives from the empirical
returns themselves, leading to low bias, but high variance. By controlling the value of A,

it is then possible to balance the bias/variance trade-off for the advantage estimator.

2.3.4 Policy Gradient Methods

Arguably, learning an approximator for the action-value function from a batch
of previous experiences is not the only way that deep neural networks can be applied
to reinforcement learning. The policy itself is, too, a function and, as such, can also
be represented by a neural network, as stated by the universal approximation theorem
[17]. Policy gradient methods work by deriving an objective function J(mg) from the
expected finite-horizon undiscounted return of the policy itself and using it to optimize

the parameters of the neural network via gradient ascent [48|, as defined by Eq. (2.7).
Opi1 = 0k + OéVJ@(Wg), (27)

which represents a simplified update rule of the policy parameters 6, controlled by a step
size a. The input of the network is a representation of state and its output is a probability
distribution over the actions, from which the chosen one will be sampled. Intuitively,
this technique guides the parameters of the neural network towards the direction that
maximizes the probability of choosing actions with good returns. A simple version of the
gradient term can be derived in terms of R(T'), the return function of a trajectory T', as
follows from Eq. (2.8).
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VGJ(WG) = Vy ]ETNTFQ [R(T)]
_v, / P(T|6)R(T)
_ A Vo P(T|0)R(T)
_ / P(T|0) log Vo P(T|0) R(T)

VoJ(mg) = Errn,[Volog P(T|0)R(T)]

> " Vologmg(asls) R(T) |, (2.8)

t=0

which makes use of the fact that VoP(7|0) = P(7]0)Vylog P(7|¢) (chain rule applied
for the logarithm derivate) and Vg log P(7|0) = Y1, Vg log ms(as|s;) (the gradient log of
the probability of a trajectory can be inferred from the sum of gradient logs of the policy

VQJ(T('Q) = ETNﬂG

choices over all T time steps). Implementations of policy gradient methods usually employ
the advantage function A™(s,a) instead of the trajectory return R(7) in Eq. (2.8). The
intuition behind that derives from the use of baselines for variance control, expressing
the maximization of the probability of actions with better advantage over their peers
at a every given state. The use of GAE for advantage parameterizes the bias/variance
trade-off, as exposed in Section 2.3.3.

In practice, the basal definition of policy gradients can be hard to optimize, de-
manding regularization and scaling of the update steps in order to achieve convergence.
This problem motivated the development of gradient clipping and training regularization

techniques, namely Advantage Actor-Critic and Proximal Policy Optimization.

2.3.4.1 Advantage Actor-Critic

As an alternative to replay buffer, parallelized approaches to deep RL leverage
multithreaded hardware for training [31]. The main idea behind this concept is to collect
experiences from multiple agents at the same time, mitigating the need for a memory of
experiences and making overall training faster. This technique can be applied to several
contexts, from Q-Learning to policy gradients. Regarding policy gradients, it’s commonly
employed for actor-critic architectures, in which, in order to reduce the variance and
stabilize gradient updates, a baseline function is subtracted from the global returns.

A common choice for baseline is the value function, which estimates how good a

given state is. The value acts, then, as a critic to evaluate whether the action picked by
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the policy, i.e., the actor has led to a good state. From the principle of two concomitant
components acting together to define the agent’s behavior comes the name actor-critic.
Starting from Eq. (2.8) and considering the partial trajectories 7,; (trajectory up to point
t) and 7. (trajectory after point t), one can rewrite the equations in terms of the action-

value Q(s, a;), following the demonstration in Eq. (2.9).

T T
VoJ(m9) = Errry Z Vo log mg(as|si)R(T)| = ZE“W [V log mg(ag|s:) R(T)]

t=0 t=0
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Er oy [Vo log mo(as]s:)Q(s¢, ar)] (2.9)

[M] =

if
o

Please note that, since Vylogmy(as|s;) depends only on the action and state taken at
point ¢, their expectation with regard to the partial trajectory 7. is a constant. Also
note that the term E,, .., [R(7)|7:] considers the expected reward of the future trajectory
conditioned to the past from time step ¢ behind, hence, it only really depends on the state
and actions taken at that step.

By subtracting the estimated value V(s) as a baseline from (s, a) in Eq. (2.9),
we obtain, then, the equation of the advantage estimation Q(s:, ar) — V(s:) = A(se, ar).
In order to introduce a new element of randomness to encourage exploration, one can
also add the entropy of the policy gradients to the formulation VyH (), controlled by
a hyperparameter 3. The final update of the policy gradient described so far follows the
statement in Eq. (2.10).

Vod(m9) = Y Borer,[Volog mo(arlsi) (A(ss, ar) + BV H (o)) (2.10)

t=0

Since the advantage can be obtained from a value estimator and collected rewards
only, following the procedure described in Section 2.3.3, two networks are necessary to
implement this method of policy gradient: one for the actor that approximates the pol-
icy mg and another for the value V(s). Architecturally, both networks can share lay-
ers, which also improves on training efficiency and stability towards convergence. The
value network’s parameters 6, can be optimized by minimizing a squared-differences loss
L0y, m6) = B, Ryomg [(Vo, (51) — Ry)?.

The Advantage Actor-Critic architecture explored in this work is A2C, the syn-

chronous variation of Asynchronous Advantage Actor-Critic (A3C), which leverages the
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particularities of the algorithm’s design to train on multiple threads. A2C has been shown
to provide similar performance and better efficiency for training on machines of limited
capacity for parallelization [55]. The simplified overall procedure for training an A2C
agent is described in Algorithm 2. When updating network parameters from the accumu-
lated gradients, deep learning standard techniques can be employed, such as stochastic

gradient descent or Adam [4, 21].

Algorithm 2 Basic implementation of A2C.

for iteration < 1,2,--- do
for agent < 1,2,--- , N do
Run 7y, for T time steps, collect (¢, a, St, St+1)
Compute advantages A™4 from the value approximator Vy, (s;)
Accumulate gradients for 6 using Vy.J(7p)
Accumulate gradients for 6, using Vg, L, (0, my)
end for
Update actor parameters 6,4 < 6 using accumulated gradients
Update critic parameters 6, . < 6, using accumulated gradients
end for

Vold

2.3.4.2 Proximal Policy Optimization

Proximal Policy Optimization is an on-policy gradient technique that improves on
past work towards more stable updates on policy optimization [39][41]. Essentially, PPO
uses a clipped, or constrained, objective function whose gradients ultimately result in
policy updates that happen within a trust region. The span of this region is controlled
by a hyperparameter itself, but the update rules are designed in order to ensure that
the parameters of the policy network will be moved as much as possible towards the
optimization direction without collapsing. The constraints and clipping applied to the
objective function in PPO are first-order operations, considerably simpler to differentiate
than the previous divergence methods that PPO derived from.

The objective function that PPO seeks to maximize in relation to its current policy
parameters 6 is defined as shown in Eq. (2.11). The division of my(als) over my, (a|s)
expresses the relative likelihood of the actions between policies, i.e., if an action is more
likely to be selected in 7y, then the ratio will be > 1, an augmentative multiplication

factor; otherwise, the ratio will be < 1, a reducing factor (considering the absolute value
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of the terms).

min ( molals) (] 4 e)) A" (s,a), if A™(s,a) >0

o, (als)”?

max < mg(als) (1 - 5)) AT (8, CL), if A0k (S, CL) <0

™oy (als)”

L(s,a,0,0;) = (2.11)

If the advantage is positive, in order to maximize L, the likelihood of the actions expressed
by m(als) must increase. However, a min term imposes a limit on how much far the new
policy is allowed to go: once it becomes too high, the expression will be limited again to
simply L(s,a,8,0;) = (14¢€)A™ (s, a), regardless of the ratio. Similarly, if the advantage
is negative, then to maximize L, the likelihood given by my must decrease, but not too
much, since, once again, the expression will be capped at L(s,a,0,60;) = (1 —¢€)A™x (s, a).
Hence, the caps act as a regularization factor controlled by the hyperparameter €, not
allowing the new policy to strive too far from whence it came from at each update step.

A value approximator is necessary in order to compute the generalized advantage
estimate as described in Section 2.3.3. Some implementations apply capping to the value
function too, but further studies have shown no evidence of improvement and even a
chance of decrease in performance 10, 2]. A basic implementation of PPO is described in
Algorithm 3, considering N agents and T time steps. It’s similar to the A2C procedure
described in Algorithm 2, except for the clipped loss function. The policy parameters 6
that maximize L, the objective function, can be optimized by standard gradient-based

techniques, such as Stochastic Gradient Descent or Adam [4, 21].

Algorithm 3 Basic implementation of PPO.

for iteration < 1,2,--- do
for agent < 1,2,--- , N do
Run 74 for T time steps
Compute advantages A™ for each time step using an approximator for f/,rol .
Accumulate advantages in minibatches.
end for
Use gradient descent to optimize L(s,a,,0;) with relation to 6.
Update policy parameters 6,4 < 6
end for
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Chapter 3

Related work

Recent advances in techniques to train deep neural networks have been responsible for
notable breakthroughs in machine learning [22, 38, 15|. Their nonlinear nature enables
the extraction of abstract representations useful for solving complex classification and
regression problems [24]. They have been successfully adapted to reinforcement learning
contexts as well, with clever solutions to overcome challenges such as high correlation of
input data entries, delayed reward, as well as changes on the distribution of input data
[32]. Games make a particularly useful field for deep RL solutions, as a result of the
usually finite and discrete action space, controlled environments as well as the clearly
defined rewards and goals [42, 44, 45]. Applications of deep RL to solve problems from
several other fields can also be found on the literature, spanning from robotics, industrial
logistics for manufacturing and energy harvesting [3, 16, 18, 37|, to high level optimization
problems [25, 57|.

A reinforcement learning framework can, thus, encompass a broad variety of tech-
niques. Currently, implementations for the most widely applied algorithms can be found
in the form of open-source tools, either for general deep learning, with Tensorflow [1] and
Pytorch [34] as notably recognized examples of libraries for model engineering; or partic-
ularly focused on RL, such as OpenAl Gym [5]. The latter supports great adaptability
to more specific use cases, including extensions for the task of resource management that
assist with environment design concerns, in addition to software testing [9]. These tools
provide solid foundations for the development of machine learning and deep RL solutions,
given the challenges inherent to them, such as the sensitiveness to variance and difficult
reproducibility mentioned in Chapter 1. By making the iteration over different model
architectures and optimization techniques easier, researchers and engineers can progress
faster and more reliably, conforming to both academic and industrial requirements.

Popular classes of RL approaches include value-based methods like Q-learning, in
which an agent learns to evaluate its own actions, i.e., estimate its () function, in order
to determine the best ones to compose its policy [54]; and policy gradient methods [49],
where agents learn to approximate optimal policies by increasing the probability of taking
higher-rewarding actions and decreasing the chance for actions of lower return. With

gradient descent at their cores, different deep learning approaches have been developed
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with regard to how these types of training can be conducted and how their policies should
change throughout training. Trust Region Policy Optimization [39] and Proximal Policy
Optimization [41], for example, try to update the policies as much as possible at each step,
while observing similarity constraints between the old and new stochastic distributions
they give over the actions. Other approaches combine both techniques, using an estimated
() function to learn a deterministic policy [46]. These algorithms propose general solutions
to reinforcement learning problems, hence, their main concepts can be adapted to more

focused applications as well.

3.1 Resource management approaches

Regarding resource management, Mao et al. [27] devised DeepRM, a simple clus-
ter scheduler based on deep reinforcement learning, aimed to be a stepping stone for the
development of RL-based resource managers. In DeepRM, state is modeled as a set of
2D grids, one for each resource and job. One axis represents time, while the other a cer-
tain amount of resource to be allocated. Such representation allows jobs to be spatially
distributed on the cluster grid, much like a game of Tetris. Action space includes all the
jobs slots to be scheduled and rewards are defined according to the goal at which the
schedule is aimed to, for example, average slowdown. In the original work, state rep-
resentation is passed through a simple policy neural network that outputs a probability
distribution over all possible actions. During training, the policy network is optimized to
produce higher probabilities for the actions that would return better cumulative rewards,
should the policy be applied. Over time, Deep RM was able to produce policies that
outperformed principled heuristics, like Shortest Jobs First. Solutions to improve devel-
opment and testability of RL environments dedicated to schedule management have been
explored in sched-rl-gym [9] with the ad of OpenAT’s library Gym [6], an open project
broadly adopted by the reinforcement learning research and development community.

Further development has been done on more complex scenarios of cluster schedul-
ing. In [29], Decima, a workload-specific cluster scheduler is proposed for large scale
systems with intricate dependency schemes between job states, represented by directed
acyclic graphs (DAGs). This type of input may vary in size, which makes it difficult to
handle with traditional feed-forward deep networks. To overcome that, Decima employs
a graph neural network as a representational encoding step prior to the policy network.
In order to enhance the scheduler’s ability to generalize over real-world scenarios with
stochastic job arrival patterns, variance mitigation techniques for input-driven environ-

ments [30] were applied. Decima’s results report showed promising performance gains
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against scheduling heuristics engineered manually.

Approaches that differ from policy gradients can also be found on the literature,
using deep neural networks to represent different entities of a reinforcement learning frame-
work. Instead of learning the policy as a function of the input, one can build, for instance,
an approximator neural network for the action-value function Q(s,a), which maps each
action to a real-valued accumulated reward, an approach known as Deep @-learning [23].
From there, a policy can be constructed by greedily choosing the actions that maximize
the approximated ) function. This method has been adopted by [56] in their job allo-
cation solution for data centers. The described technique takes temperature, utilization
and power consumption metrics from servers into consideration for the reward function,
demonstrating how notoriously flexible the goal-oriented character of reinforcement learn-
ing can be. Using computational models of memory networks to represent state, they pro-
pose an offline training approach, in which RL agents can be trained much faster under
controlled conditions. Results show successful optimization towards the desired tempera-
ture and energy consumption goals, when compared to traditional scheduling policies like
round-robin and short-horizon online optimization.

Flexible representations of job structures can be useful to design layered architec-
tures for workload managers as an alternative to deep learning models. Hugo, described
in [52], is a cluster scheduler that aims to maximize the usage of resource groups in dis-
tributed data processing systems by taking advantage of complimentary attributes in the
workload domains. For example, CPU and I/O intense jobs can be scheduled to run in
parallel, in order to guarantee optimal usage of all the available resource types. Addition-
ally, Hugo works in a clustered fashion, grouping jobs into similar categories, according
to previously collected profiling data. For each pair of groups, the system computes a
goodness score that is used as a criterion to select the next subset of jobs to be scheduled.
The selection process and online calculation of the scores is done through reinforcement

learning techniques.
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Chapter 4

Methodology

Developing applications based on Deep Reinforcement Learning can be a notoriously
convoluted task, due to the complex interplay between parameters and hyperparameters,
model architecture and many other implementation variables that make training unstable.
To mitigate that issue, many open-source solutions have emerged, with broad collabora-
tion from communities all over the world that report issues and fix failures. This project
makes extensive use of these code libraries in order to ensure results are reproducible.
The developed pipeline includes a parallelized and parameterized training procedure that
trains multiple agents with different parameter set-ups at the same time. Agent policies
are trained defined by the auxiliary libraries, using built-in tool sets for deep learning.

Initially, a diagnostics procedure was conducted by brute-force testing numerous
possible combinations of the policies training parameters for the same number of training
iterations of a regular training. From then, we discarded agents that were not able to
converge during training, with too erratic and highly unpredictable performance. Once
complete, the diagnostics allowed us to fine-tune the parameters with potential to provide
interesting results. These parameters were fed to the training pipeline that generated a
new process thread for each configuration, being trained isolatedly and independently of
one another.

During training, we collected progress data at every few iterations. Less frequently,
but also as training progresses, we’ve performed evaluation procedures within isolated
environments, with their neural network left in a frozen state, to prevent gradient descent
from considering evaluation as a learning experience. The data included the curve of the
reward signal during training, average slowdown progression, as well as action choice and

job size distributions. Some algorithms were retrained in different environment conditions.
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4.1 Experiment Design and Diagnostics

All the environments were implemented with aid of OpenAl’s Gym [6], a framework
that aims to standardize the design and testing of reinforcement learning environments
with built-in control APIs and reference environments. Within OpenAl’s Gym library
of RL environment, sched-rl-gym was chosen for its focus on workload management with
built-in job generation for training samples and task scheduling capabilities. For the
algorithms implementation we’ve adopted Stable Baselines 3 [35], a set of implementations
of well-known RL techniques from the literature with strong community collaboration
towards stability and testability. Under the hood, Stable Baselines 3 employs PyTorch
[34] as the main deep learning library for its learning-based policies. PyTorch contains
a robust tool set for neural network design and training, with solid implementations of
state-of-the-art engineering techniques. Although Stable Baselines 3 contains a broad
set of RL algorithms ready for usage, we’ve attained to the 3 techniques focused on this
work: Proximal Policy Optimization (PPO), Deep Q Network (DQN) and Advantage
Actor Critic (A2C).

Consider I1,,a € {PPO,DQN, A2C} the set of all policy parameters, E, the set
of parameters for the environment and N all the different applicable network designs.
Initially, all policies were trained with the default values for all their parameters. To
conduct a parameter search study with every possible combination of (II, x E x N) can
become quickly untractable, due to the amount of possible parameters to be passed to each
policy algorithm, plus all the diverse configuration options for the scheduler environment
and different combinations of network architecture designs. Therefore, the diagnostic
procedure was executed with a subset of each parameter domain, selected accordingly
to the documented expected behavior for variations in their respective values. For the
same reason, parameters regarding cluster hardware, such as amount of available unit
processors and memory constraints were all kept constant throughout the experiments, in
order to provide consistent baseline set-ups for comparisons between algorithm features
only. Such procedure allowed us to test for conditions that not only favorably improved
the performance during training and evaluation, but also the ones that caused stability
issues or even prevented agents from progressing satisfactorily.

There can be two main categories of environment-related parameters: structural
ones, such as backlog size and time horizon; and workload-related ones, such as the rate
at which jobs are submitted to the clusters and job size. Similarly to cluster configura-
tions, structural parameters were kept in the default values specified by the sched-rl-gym
environment. The intensity at which jobs are submitted is more reflective of real-world
bursts of activity and is, thus, our main concern. Therefore, our study was focused on

workload-related aspects, namely:
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e Submission frequency: the probability of generating a new job at every time tick
of the workload generator — which does not necessarily synchronizes with environ-

ment timesteps as perceived by the agent.

e Chance of small jobs: given that a new job is set to be generated, the probability

of its parameters being sampled from the small job size distribution.

Regarding network architecture, numerous designs can be adopted, from simple
multi-layer networks to sophisticated models that employ advanced techniques for regu-
larization, memory, and convolution. For this study, we adopted the simpler approach: a
single multi-layer perceptron (MLP), with two hidden layers and a softmax output, with
a flattening being applied to the input state representation matrices. All the models were
implemented using Stable Baselines 3’s own APIs, which underlyingly apply PyTorch.
The elementary design also allowed us to test specifically for hidden layer size in the
diagnostics stage.

Before starting every diagnostic experiment, a tree with layers was constructed
for each parameter of the tuple (II, x E x N). The internal nodes of the tree represent,
thus, a parameter value, and its leafs contained the complete sets of specifications for each
training session. Once complete, every experiment log was manually analyzed for training
stability and average slowdown optimization. Runs with strong divergence that showed
no signs of minimum learning progression were not considered in the further evaluation
steps. In this step, no automated parameter search solutions were used.

The policy parameters are diversified, and the motivation behind them is expressed
in the following sections. All are expressed within the context of the implementation and
notation of Stable Baselines 3, but a relationship with the technical variables described

in Section 2.3 is established wherever it exists.

4.1.1 DQN hyperparameters

Deep Q-Network is a technique that employs neural networks within the frame-
work of Q-learning. In this context, policy parameters are not optimized from gradient
descent over the reward function, like on policy gradient methods. Instead, a state-value
function is approximated based on sets of experiences collected during training. DQN also
implements several stabilization techniques to prevent its models from diverging, promi-
nently experience replay buffer and target networks. The former consists of a history of
the agent’s experiences from which the training input is sampled randomly. The latter

consists of an auxiliary network that is used to compute the target values used within loss
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calculation and is purposefully kept behind the main Q-function being learned, in terms
of parameter updates, being synced slowly, at every few steps. The speed at which the
target network is updated is controlled by the parameter 7 established as an interpolation
coefficient that gradually weights the network parameters from adjacent time steps. The

chosen hyperparameters for variation in DQN were then, derived from these two features:

e 7: update coefficient that controls the interpolation of network parameters, smooth-

ing the synchronization of the target network with the main Q-network.

e Replay buffer size: the number of past experiences kept available for input sam-

pling during training.

4.1.2 A2C hyperparameters

Advantage Actor Critic proposes a framework for training that avoids the use
of a replay buffer by setting up multiple agents to explore their own instances of the
environment and collect experiences assuming their trajectories will be diverse enough.
It then uses a policy gradient approach with two networks, the actor, which outputs an
action, and the critic, which computes the state’s value considering the output from the
actor. The gradients that will optimize the actor network are computed from the values
estimated by the critic. No gradient clipping or trust-region delimitation is applied, but
an entropy coefficient is implemented in order to encourage the policies to keep exploring
and avoiding pitfalls in local minima of the optimization space. Therefore, the chosen
hyperparameters for A2C were the ones related to the exploration/exploitation balance

inherent to its elements, the actor, and the critic.

e Entropy coefficient for policy: controls exploration encouragement in the loss

function of the actor, which determines the policy.

¢ Entropy coefficient for value function: similarly to the entropy coefficient for
policy, but applied to the critic, which determines the value of the actions that the

actor outputs.

e GAE-)\: likewise PPO, GAE-) in A2C controls the bias/variance trade-off for the

advantage computation that is applied to the actor’s objective function.
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4.1.3 PPO hyperparameters

Proximal Policy Optimization is a policy gradient method and as such, works by
optimizing an objective function, i.e., the loss, using the gradients of the policy with
respect to the expected return. The latter factor is represented by the advantage that an
action offers in relation to the others. However, such gradients must be kept within a trust
region, in order to prevent destructive policy updates during optimization. PPO works
by clipping the loss function within the range defined by a hyperparameter €. Stable
baselines also implement an additional clip parameter for the value function, used for
advantage calculation. Consequently, the chosen parameters for variation in the studies
of PPO were:

e GAE-)\: controls the trade-off of bias and variance of the Generalized Advantage

Estimator used in PPO’s formulation.

e Policy clip range: the € clipping parameter used to delimit the trust region of

PPO’s policy gradient updates.

e Value clip range: clipping to be applied over the gradient updates of the value

function.

4.2 Training, Evaluation, and Retraining

Once the diagnosis stage was completed — with every possible combination of the
evaluated environment, algorithm, and model size — diverging runs were discarded, and
the remaining results were clustered according to the density of their workload-related
specifications. Each run configuration was then subjected to a second training procedure
in which an evaluation step was applied regularly throughout the progression, comput-
ing both training monitoring metrics and average-slowdown, i.e., performance metrics.
Finally, the best policies trained in environments with easier navigation patterns were
subjected to one more training session, at this time, in a denser, harder to grasp scenario.
This procedure was applied in order to investigate if a hierarchized learning approach,
from an environmental challenge standpoint, could be beneficial for agents with previous
familiarity with the problem at hand.

Monitoring metrics included the p-value of the actions distribution picked by the

policies, under the null hypothesis that, at every evaluation step, the distribution was the



4.2. Training, Evaluation, and Retraining 43

same from the previous one. Other factors such as the relative size of the selected jobs
were also collected, in order to study the behavior of the learning-based policies regarding
features used by principled algorithms. Performance metrics, in turn, were evaluated
for the target optimization factor, average slowdown, as well as compared to a reference
random policy, an SJF approach that always picked the smallest jobs and a FCFS policy
that allocated jobs as they arrived.
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Chapter 5

Results

In order to study the effects that hyperparameters and different algorithms exert over
the progression of training, convergence behavior and optimization of the target average
slowdown metric, we performed search experiments combining different setups for each
algorithm. Since environmental conditions may also be influential to the performance
of an agent, we’ve also introduced variations on workload characteristics. Finally, for
comparison, we’ve executed rounds of experiments using the default values usually pointed
in the literature, or determined by the developers of the most prominent libraries in the
field.

Regarding environment conditions, our focus was directed towards workload-related
parameters. Hence, the variables associated to the cluster itself, such as the number of
processors, were kept consistent across all comparative experiments. On the other hand,
sitmulation parameters were subjected to variation. Namely, small job chance, i.e. the
probability of a short job being submitted; and new jobs rate, the frequency with which
new jobs are produced, were shown to be the most significant factors over an agent’s
ability to learn. This allowed us to study how each algorithm adapts to challenging pat-
terns of cluster operation when agents are trained from scratch in comparison to agents
previously developed under easier workload circumstances.

At the core of a deep reinforcement learning agent lies the neural network that
learns how to map observations to actions. Consequently, the design and architecture
of such network can also be influential on how convergence progresses at each episode,
ultimately leading to the optimization of the desired metrics. The number of layers and
their sizes also impose performance concerns, critical to determine the amount of actual
resources a deep reinforcement learning scheduler requires in order to operate. Thus,
our experiments concentrated on determining if simpler, smaller, networks could provide
stability and ability to converge similar to larger ones.

This chapter is structured as follows: in Section 5.1, a description of the overall
procedure adopted for training and evaluation of the obtained agents is explained, as well
as the collected data variables. On the next Section 5.2, we list the parameters of the
environment in which the algorithms were trained. Section 5.3 contains the results of

the baseline experiments, executed with the default parameters for each algorithm, as
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specified by the developers and community that adopts them. In Section 5.4 we study
the effects of variations across the most prominent hyperparameters of each algorithm.
For Section 5.5, we explore the ability of the agents to adapt from a sparse to a dense
environment, comparing it to the performance of agents trained on dense environments

without prior preparation.

5.1 Training and evaluation procedures

At each simulation environment step from sched-rl-gym, which operates according
to the description in Chapter 2, the average reward obtained by the agent throughout
the episode was computed and logged into a Tensorboard instance. The algorithms’
performances were further evaluated at breaks of 2000 training steps (across episodes).
During the breaks, policies were subjected to 50 extra, separated episodes, from which
average slowdown was calculated. An episode is an execution session of the simulator
that produces jobs until a time limit of 50 simulation steps is reached. Gradient descent
was disabled for all models during this procedure, in order to keep parameters frozen. In
addition, 50 episodes of a SJF, FCFS and a random agent were computed at each eval
step, with the average result plotted for comparison against the results obtained from
RL policies. During diagnostics, two-layered networks with 16, 32 and 64 neurons in
the hidden layer were tested. Input and output depends on the nature of the network
being applied: value-based networks, like DQN or advantage estimators, will receive a
state representation as input and compute the corresponding value for each action; while
policy-based networks like A2C and PPO will output a probability distribution over the
action space, from which an action will be sampled. In the tests, no significant difference
was observed from 32 to 64 neurons, but 16 was shown to be insufficient for all possible
scenarios, so all the tests were conducted with 32 x 32 networks.

Additional data was collected at each evaluation cycle to investigate extra nuances
and dimensions that may not be explicitly detectable from rewards and policies. Firstly,
concerning the progression of the policy behavior as training advances, we kept track of
the p-value of the actions choice distribution in comparison to the previous step, under
the null hypothesis that the distribution did not not change. By doing so, we were able
to check if the policy was actually being updated over time, rather than falling for a
local minima and sticking to the same action-picking behavior. Secondly, we’ve computed
the relative size of the job the agent picks compared to the remaining jobs in the queue,
in the interest of observing the learned policy behavior regarding apparent job length.

Distributions were plotted with the aid of Tensorboard histograms.
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5.2 Environment specifications

In order to analyze the workload influence over the agent’s performance isolatedly,
architectural components of the environment were kept constant throughout all experi-
ments. Number of available job slots was kept in 10, hence, the agent’s action space was
limited to 11 possible choices: one of the 10 available slots for allocation, or not picking
a job at all. Backlog size limit was set to 60, which represents the maximum number of
jobs allowed to stay in the waiting queue. Timesteps were capped to a maximum of 100,
with a horizon of 20. The simulated high performance clusters were fixed at 38 processing
units and memory was not considered for resources simulation, since variations in these
factors did not entail substantial and observable effects for the purpose of the study. For
the simulations in this study, no user error was introduced in the requested time, memory,
and CPU for the generated jobs.

5.3 Default reference experiments

Stable baselines implements each algorithm with a set of predefined hyperparam-
eters, based on general case studies, open source community contributions and literature
observations. The values are chosen from a generalist point of view, designed to work
as a baseline, before being adjusted to the particular needs of every application. Default

values for each of the parameters are expressed on Table 5.1.

PPO DQN A2C
GAE-)\ 0.95 not applicable 1.0
Clip range 0.2 not applicable not applicable
Polyak coefficient not applicable 1.0 not applicable
Buffer size not applicable 10° not applicable
Entropy coefficient (loss) 1072 not applicable 0.0
Value coefficient 0.5 not applicable 0.5

Table 5.1: Default parameter values, as implemented by Stable Baselines 3.
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5.3.1 Training

Training was conducted throughout 3 x 10° episodes with numerous combinations
of workload-related variables. However, for the sake of simplicity and to evaluate the
effects that the representation of jobs as states have over the process, these variations
were split into two main workload domains: sparse and dense environments. On sparse
environments, most jobs tend to be smaller and infrequent, which prevents the queue
and execution pipeline from becoming overly crowded and makes the configuration of
each moment in time more distinguishable from the others. Dense environments, on the
other hand, tend to produce large jobs more frequently, which can create artifacts in the

pipeline representation as well as introduce temporal correlation of input samples as the

simulation progresses.

5.3.1.1 Sparse job representation distribution

All algorithms tend to produce stable learning reward curves in sparse environ-
ments, as shown in Fig. 5.1 and Fig. 5.2. A2C and PPO converge faster, at around 50k
timesteps, to a plateau of —80 in average reward signal (as defined in Section 2.3.1). Al-
though DQN converges slower and exhibits erratic reward behavior in the first iterations,
as soon as its replay buffer benefits start to take effect with a diverse set of experiences,
its learning curve quickly increases, reaching a —50 plateau in reward signal, higher than

PPO and A2C. Lower submission frequencies make training slightly more stable.
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Figure 5.1: Training progress on environment workloads with high chance of small jobs
(80%), low submission frequency (0.25).
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Figure 5.2: Training progress on environment workloads with high chance of small jobs
(80%), high submission frequency (0.5).

5.3.1.2 Denser job representation distribution

On dense environments each state becomes crowded with jobs, which can make it
difficult for neural networks to pick up the patterns for learning and optimizing their loss
functions. As shown in Fig. 5.3 and Fig. 5.4, training PPO and A2C in these conditions
is unstable, specially when submission frequency is higher. Once again, in this case, DQN
starts off unstably, but benefits greatly from the replay buffer after a few time steps.

Being exposed multiple times to a same state gives the underlying networks more cycles
with each input setup, improving training stability.
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Figure 5.3: Training progress on environment workloads with low chance of small jobs
(20%), low submission frequency (0.25).
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Figure 5.4: Training progress on environment workloads with low chance of small jobs
(20%), high submission frequency (0.5).

5.3.2 Evaluation

With default parameters, each algorithm was compared to principled scheduler
routines SJF, FCFS and a random baseline. By doing so, we can observe each policy’s
ability to optimization behavior under the studied environment circumstances. Plots
in this section show an average of all the 50 evaluation episodes over the number of

timestamps used in the training step. The shaded area indicates standard deviation.

5.3.2.1 Sparse job representation distribution

On sparse environments with low submission frequency, all the learning-based poli-
cies managed to reach similar average reward levels of FCFS and, for DQN, even surpass
SJF, as plotted in Fig. 5.5. Even though the training curve is stable for both of the tested
submission frequency configurations, PPO and A2C exhibited difficulty to achieve good
performance, as shown in Fig. 5.6. DQN’s performance on the latter took a few extra

time steps to reach the same level as the one observed in the low frequency environment.
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Figure 5.5: Average slowdown progression for environment workloads with high chance of
small jobs (80%), low submission frequency (0.25).
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Figure 5.6: Average slowdown progression for environment workloads with high chance of
small jobs (80%), high submission frequency (0.5).

5.3.2.2 Dense job representation distribution

As expected from the observed training behavior described in Section 5.3.1.2, with
poor convergence results for PPO and A2C under default parameter configurations, dense
environments also resulted in subpar performance, as illustrated in the plots from Fig. 5.7
and Fig. 5.8. Both techniques produced policies with performance better than the random
baseline and comparable to First-Come-First-Serve, but with a considerable observed
variance and not as good as a simple SJF scheduler. DQN, on the other hand, still
managed to decrease average slowdown to lower levels than FCFS and close to the rates
obtained by SJF'. Finally, in this case, submission frequency also influenced on the policies’
performance, higher values tend to burden convergence even further, decreasing average

performance and increasing variance even for DQN.
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Figure 5.7: Training progress on environment workloads with low chance of small jobs
(20%), low submission frequency (0.25).
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Figure 5.8: Training progress on environment workloads with low chance of small jobs
(20%), high submission frequency (0.5).
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5.4 Hyperparameter variations

Hyperparameter variations were introduced in order to better understand the in-
fluence of each of them over the training convergence and performance metrics. However,
not all the hyperparameters studied in the empirical diagnosis procedure (Table 5.1) lead
to observable influence throughout the experiments. In fact, variations in most of them
resulted in complete divergence, i.e., the agent became incapable of properly learning its
environment. These parameters were, then, left in their default values. Hyperparame-
ters that demonstrated significant influence, either as an improvement or deterioration in

training stability, are listed on Table 5.2.

PPO DQN A2C
GAE-)\ 0, 0.5, 1.0 not applicable 0, 0.5, 1.0
Buffer size not applicable 10, 10*, 106 not applicable

Entropy coefficient (loss) not applied not applicable 0, 1
Value coeflicient not applied not applicable 0, 1

Table 5.2: Values for parameter variations included in the study.

5.4.1 Hyperparameters effects during training

Training deep reinforcement learning agents can be a remarkably unstable process,
due to the cumulative effect of the variance introduced by each successive choice. Hence,
it can be challenging to find a combination of parameters that successfully allows the
agent to grasp the nonlinear patterns of its environments that will better direct it to
the optimization of the desired metric. Notably, environment aspects themselves can
also influence in this process. Experiments were, thus, conducted by testing each of the

predefined set of values against both sparse and dense representation environments.
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54.1.1 PPO

PPO’s main characteristic is allowing the agent’s policy to be updated to a maxi-
mum extent, but preventing the update from diverging too far by clipping its value. On
diagnosis stage, clipping range variations produced no significant effects at all or drastic
divergent behavior. Clipping too much may prevent the policy from progressing across
the high-dimensional optimization space. Similarly, not enough clipping may keep the
policy’s network in an unstable state, constantly missing the minimal values, being, thus,
unable to properly converge towards the optimized target metric.

A good estimation of the advantage function is a core factor in PPQO’s definition.
Record from Section 2.3.3 that the trade-off between bias and variance in advantage
estimation is determined by the A\ parameter of the formulation. Setting GAE-A = 0
yields to lower variance, but higher bias. When GAE-\ = 1, however, bias is reduced, at
the expense of increasing the variance of the estimation.

On sparser environments, as in Fig. 5.9, PPO did not struggle to achieve con-
vergence, regardless of GAE-A. A balanced value of GAE-A = 0.5 allowed the agent to
converge quickly and stably. Lower bias, in turn, produced a slower convergence, due to
the exploratory nature of high variance. Finally, higher bias lead to quick convergence,

albeit less stable than the one obtained in the balanced GAE-X = 0.5 configuration.
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Figure 5.9: Influence of GAE-\ for training on sparse environments (80% chance of small
jobs, new job rate 0.25).

A dense environment, with long and frequent jobs, posed a challenge to PPO, as
expressed by Fig. 5.10. The best convergence stability was obtained from a higher bias
set-up (GAE-X = 0), which indicates that conservative updates are a better strategy for
a space in which patterns are harder to discern over time. Encouraging high exploration
with GAE-A = 1.0 led to a divergent behavior, indicating that the erratic nature of

advantage estimation prevents the policy from finding an optimized path in such spaces.
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Figure 5.10: Influence of advantage estimation for training on dense environments (20%
chance of small jobs, new job rate 0.75).

5.4.1.2 DQN

On Stable Baselines’ implementation of DQN, the 7 coefficient controls how much
of the network’s parameters visited previously will be considered in the smoothing of the
network’s updates. For the problem of workload scheduling, network regularization did
not exert significant influence during diagnosis stage. Replay buffer size, on the other
hand, influences directly at the core functionality of DQN, since it controls how much and
for how long throughout training old experiences will be presented to the network.

DQN provided the most consistently stable training curves among the tested tech-
niques, which indicates that the methods employed by DQN to stabilize training — namely:
replay buffer, experience replay and target networks — do seem to fit the nature and repre-
sentation of the scheduling problem at hand. On sparse environments, DQN agents were
able to converge quickly and independently of the size of replay buffer, as illustrated in
Fig. 5.11. In dense environments, in which samples tend to become hard to distinguish
from one another, replay buffer size influence became more prominent. Smaller buffer
sizes means that the policy will be exposed less frequently to the features of each sample,

leading to increased variance in reward progression over time.
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Figure 5.11: Influence of replay buffer size for training on sparse environments (80%
chance of small jobs, new job rate 0.25).
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Figure 5.12: Influence of replay buffer size for training on dense environments (20% chance
of small jobs, new job rate 0.75).

54.1.3 A2C

Much like PPO, A2C relies heavily on advantage estimation as a regularizator
baseline in its loss function, in order to produce updates that encourage improvements
in the relative reward of each action in the trajectory. As illustrated by the plots in
Fig. 5.13, A2C managed to sustain stable progress during training on sparse environments,
with faster stability being achieved from a low bias and high variance scenario (GAE-
A = 1.0), which, in turn, helps to mitigate loss variance itself. Nevertheless, in dense
environments, expressed in Fig. 5.14, higher variance on advantage estimation produces
a sensible deterioration in training stability, likely caused by the interplay of environment

representation and exploration strategy of the optimization space.
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Figure 5.13: Influence of GAE-X on sparse environments (80% chance of small jobs, new
job rate 0.25).
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Figure 5.14: Influence of GAE-A on dense environments (20% chance of small jobs, new
job rate 0.75).

Entropy is used as a regularization factor in A2C, since lower action entropy indi-
cates that the policy may be relying too much on a dominant action, which can hinder
exploration. Stable baselines’ implementation includes entropy regularization for both
the actor and the critic models. As shown in Fig. 5.15, however, encouraging repetitive
choices in sparse environments produces a more stable training for the scheduling problem,
since random job-picking patterns don’t tend to result in a good reward progression. The
same behavior was not observed in dense environments (Fig. 5.16), in which encouraging
exploration did not entail significant difference from a conservative, exploitation-centered
balance. It’s worth mentioning, though, that the lower job rate (0.25) did improve con-

vergence behavior, even in an exploitative scenario, as opposed to what’s observed in
Fig. 5.14b.
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Figure 5.15: Influence of policy entropy coefficient on sparse environments (80% chance
of small jobs, new job rate 0.5).
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Figure 5.16: Influence of policy entropy coefficient on dense environments (20% chance of
small jobs, new job rate 0.25).

The value estimator is the Critic component of A2C, through which the Actor is
capable of making its decisions. In stable baselines 3, its calculation also includes an
entropy regularizator that operate similar to that of the policy network. This parameter
interacts with the entropy coefficient of the policy producing significant effects: weighting
entropy heavily on both prevents training from converging on most cases. On Fig. 5.17, a
similar behavior to the policy entropy parameter can be observed in sparse environments,
with a stronger exploration component leading to diverging training progress. A similar
pattern can be observed for dense environments in Fig. 5.18, with stabler development of

the reward signal without entropy penalties.
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Figure 5.18: Influence of value entropy coefficient on dense environments (20% chance of
small jobs, new job rate 0.5).

5.4.2 Evaluation results

Policies produced by the three algorithms were tested against principled schedulers,
namely FCFS and SJF, as well as a random action picker. FCFS picks jobs in the
order they show up while SJF pick the job in the queue with the smallest expected
execution time. Once again, each agent was tested under scenarios with sparse and dense
representations. On sparse environments, with distinguishable variance in representation
matrices over time, most algorithms managed to produce policies with close or lower
average slowdown performance than the best-scoring principled approach, SJF. However,
dense environments, with more correlation in the input data, did provide a challenge for

the techniques that do not employ some level of resampling recurrence. All the plots
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in this section feature the variation for the computed average slowdown value among all

runs, expressed by the shaded area.

5.4.2.1 PPO

PPO’s dependency over advantage estimation was once again confirmed in evalua-
tion stage. In Fig. 5.19, PPQO’s policy did manage to come close to principled approaches
for the tested values, even occasionally surpassing it, considering the variance of its steps —
expressed in the plot as a shading color around the curve. On sparse environments, encour-
aging higher variance in advantage estimation made convergence slower, when compared
to other values for GAE-A. PPO did not manage to optimize the policy on dense envi-
ronments in none of the tested parameters setups and regardless of GAE-), as expressed
in Fig. 5.20. This indicates that the lack of a replay strategy that exposes the network to
the same input multiple times, allowing it to better grasp the underlying patterns of such
a distribution, is an important factor that must be considered in both representation and

network design.
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Figure 5.19: Influence of GAE-\ over average slowdown on sparse environments (80%
chance of small jobs, new job rate 0.25).
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5.4. Hyperparameter variations 60

5.4.2.2 DQN

Of all the 3 tested techniques, DQN has a unique characteristic that makes it dis-
tinguishable among the others: it is the only one to feature a replay buffer that stores
previously visited state-action-reward tuples and presents them multiple times to the
network. For scheduling, beyond improving training stability, this feature gives DQN
particularly significant advantage over the others, with its agent reaching closer or better
performance than principled algorithms. In the sparse environment evaluations, shown in
Fig. 5.21, the size of the display buffer did not exert a significant influence on the average
slowdown obtained. DQN demonstrated to be well-suited for denser representation envi-
ronments such as the one expressed in Fig. 5.22, in which even when the display buffer
size was orders of magnitude smaller than its testing counterparts, the algorithm managed

to learn and produce a capable agent.
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Figure 5.21: Influence of replay buffer size over average slowdown on sparse environments
(80% chance of small jobs, new job rate 0.25).
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5.4.2.3 A2C

Although advantage estimation did influence on the training stability of A2C, the
same was not observed on evaluation of average slowdown. For both sparse environments
(Fig. 5.23) and dense (Fig. 5.24) ones, the balance between exploitation and exploration
built into the advantage estimator did not exhibit significant influence over the policy’s

performance progression over time.
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Figure 5.23: Influence of GAE-) for average slowdown on sparse environments (80%
chance of small jobs, new job rate 0.25).
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Figure 5.24: Influence of GAE-) for average slowdown on dense environments (20% chance
of small jobs, new job rate 0.75).

The policy entropy coefficient, in turn, controls the exploration/exploitation di-
chotomy by weighing on the actor’s loss itself. Its influence on average slowdown perfor-
mance is observably similar to training stability: with a stimulus towards heavy explo-
ration, agents tend to reach marginal performance gains, barely reaching the same level of
other simpler algorithms. Encouraging exploitation, on the other hand, allows the agent
to be exposed to similar sets of configurations multiple times — an effect roughly compa-
rably, with due proportions, to a replay buffer. Hence, besides providing a stable training
curve, lower entropy coefficients on A2C tend to produce better policies that are at least

comparable to FCFS. This behavior is observed more clearly on sparse environments,
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as exemplified in Fig. 5.25. Overall, A2C struggles to reach satisfactory performance
when trained on dense representation contexts, with a modest advantage for low entropy

coefficients, as expressed in Fig. 5.16.
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Figure 5.25: Influence of policy entropy coefficient on sparse environments (80% chance
of small jobs, new job rate 0.5).

N ECE Fermelen 4.0 —— FCFS  seeee: Random
—= Policy === SJF ~= Policy === SJF
c? c 3.5
E E
3.0
i, B | i
[ [ z 3 ¥ « <51
v APE ; 2 f" LA o 2.5 L ﬁ?"‘
S T I e R ® L
$ i £ 920
< 2 <
1.5
0 100 k 200 k 300 k 0 100 k 200 k 300 k
Timestep Timestep
(a) Entropy coefficient = 1. (b) Entropy coefficient = 0.

Figure 5.26: Influence of policy entropy coefficient on dense environments (20% chance of
small jobs, new job rate 0.25).

Extremes on value entropy coefficient usually tend to deteriorate the quality of the
trained agents for both sparse contexts (Fig. 5.27) and dense ones (Fig. 5.28). However,
it is still noticeable that avoiding extra stimulus to exploration do tend to provide better
results than encouraging the policy towards making more atypical choices too frequently.
The nature of the studied job scheduling simulation itself is fairly repetitive, bursts of
intense jobs don’t tend to happen too frequently, therefore providing a certain level of

benefit for repetitive choices over time.
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Figure 5.27: Influence of value entropy coefficient for average slowdown on sparse envi-
ronments (80% chance of small jobs, new job rate 0.25).

4.0 4
= FCFS  =sssss Random — [[dFfs| oo Random
3.5
E 5
2 3.0 $3
k- 3
[ L
a0 a0
o £
g 20 [
< <<
15
1
0 100 k 200 k 300 k 0 100 k 200 k 300 k
Timestep Timestep
(a) Entropy coefficient = 1. (b) Entropy coefficient = 0.

Figure 5.28: Influence of value entropy coefficient for average slowdown on dense environ-
ments (20% chance of small jobs, new job rate 0.5).

5.4.2.4 Action choice distribution

During evaluation, all policies were compared against Shortest-Jobs-First, a prin-
cipled scheduler algorithm that always picks the smallest job in the queue to be schedule
at each time point. The performance of SJF was often matched or eventually surpassed
by many of the learning-based policies, specially the ones in which DQN was applied.
In order to better understand if matching the performance of SJF also implies that the
learned policy automatically acquired a behavior akin to SJF’s smallest job principle by
itself, we’ve computed histograms that express the distribution of relative job sizes of the
picked jobs compared with other jobs in the waiting queue for every choice made during
evaluation step. By doing so, we could evaluate how each policy progresses over time

regarding the size metric.
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Consider @ = {j1,72,*+ ,jn} the set of n jobs that represents the waiting queue,
and size(j;), 1 < ¢ < n a function that maps each job to their respective estimated time.

Then, the relative job size r; of a job ji, 1 < k < n is expressed by Eq. (5.1).

n X size(ji)
Zf?:l,i;ék size(j;)

(5.1)

T =

Essentially, if a relative job size is smaller than, or closer to the average size of the
remaining jobs in the queue, r; will be a value between 0 and 1. If, however, the picked
job is bigger than average, the relative job size will be a value greater than 1.

Results were plotted for each time step and stacked for comparison. In Fig. 5.29,
we observe a DQN instance that converged to an average slowdown value marginally
better than the one obtained by SJF and FCFS. At the beginning of training, around
t = 2k time steps, the relative picked job size distribution had a peak between 0 and
1, but spanned across larger values, implying that jobs larger than average were being
picked with certain frequency. Naturally, at the beginning of training, the learning-based
agent still knows very little about its environment and most of its decisions are merely
exploratory endeavors. As training progressed, around ¢t = 272k timesteps, the peak in the
interval [0, 1] got taller, indicating that as the agent learned more about how to optimize
its reward metric, its behavior regarding relative job size became progressively similar to
the policy of shortest-jobs-first. It is worth noting that the agent learned such behavior

unsupervisedly, under the constraints of the reinforcement learning framework.
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Figure 5.29: Probability density distribution of job sizes, relative to the average size of
jobs in the waiting queue, for a DQN instance that surpassed SJF performance. Sizes
are expressed horizontally, while the peak heights show frequency. Progress over time is
expressed by the stacked ¢ timesteps.

We’ve also investigated the relative picked job size distributions for policies that
did not achieve comparable performance to that of SJF and FCFS. In Fig. 5.30, an A2C

agent trained on a dense environment with high entropy stimulus in its loss is illustrated.
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Relative picked job size distribution remained approximately the same from the beginning
at t = 2k time steps, all the way to the end at ¢ = 272k time steps, which indicates that
the agent was not able to learn much from the environment under the exploration-focused
hyperparmater configuration determined for its training. Moreover, even though a peak
exists on the range of smaller jobs, the frequency of larger ones is still considerably high,
which, combined to the performance plot, show that the algorithm did not acquire SJF-
like job picking patterns.
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Figure 5.30: Probability density distribution of job sizes, relative to the average size of jobs
in the waiting queue, for an A2C instance that did not achieve comparable performance
to SJF. Histograms are plotted similarly to Fig. 5.29

5.5 Retraining from sparse to dense environments

Bearing a certain resemblance to natural human education, that usually happens
over a course of several steps hierarchized by the complexity of each knowledge domain,
reinforcement learning algorithms can sometimes benefit from a training procedure seg-
mented in stages of progressing difficulty. Challenging environments can sometimes hinder
the progression of a policy by preventing it from grasping the basic features necessary to
advance its performance to the next level required to navigate in such conditions. Hence,
training agents in simpler versions of an environment before exposing them to more de-
manding ones gives the policy a head start that makes training stabler and convergence
towards optimization faster.

We tested all three algorithms by running a regular 300k-steps training session on

a sparse environment (80% chance of small jobs, 0.25 new job rate), then reloading them
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into a dense, more challenging, environment (20% chance of small jobs, 0.5 new job rate).
The set of parameters for each of them is expressed in Table 5.3. Values were chosen
according to the performance they provided for each algorithm in dense environments,
showing promising signs of convergence towards average slowdown optimization. Each
algorithm was compared to a fresh instance, trained under the same conditions as their

retrained counterparts, but only within the challenging environment space.

PPO DQN A2C
GAE-)\ 1.0 not applicable 0.5
Buffer size not applicable 103 not applicable

Entropy coefficient (loss) not applied not applicable 0
Value coefficient not applied not applicable 0

Table 5.3: Values for parameters chosen for the retrain study.

In Fig. 5.31, the training curve for the retrained agents shows slight improvement
in stability and a tendency to produce higher reward signals in comparison to policies
trained from a clean state at the initial cycles of training. For DQN, which of all three
was the one that achieve favorable performance in dense environments more consistently,
the difference is marginal. The difference in training behavior is more pronounced for
A2C and PPO, specially in the first 100k time steps, just before the fresh policy catches

up and the two start to progress together with similar levels of reward signal.
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Figure 5.31: Training reward curve for retrained agents, compared to agents trained from
a clean state.

All the algorithms were also evaluated for average slowdown performance following
a similar procedure than the described the previous sections, on the parameter variation
studies. At every 2000 training time steps, neural network parameters were frozen and
evaluated for 50 episodes. The advantage of the retrained policies is noticeable in this
scenario, as exposed in Fig. 5.32. For all three algorithms, retrained models started off
from lower slowdown values, or converged faster to a level close or lower than the ones

obtained by the freshly trained policies.
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Figure 5.32: Average slowdown progression for retrained agents, compared to agents
trained from a clean state.

On a broader analysis, results show that, despite the faster convergence and slightly
better results than freshly-trained agents, adopting a two-step training routine may not
provide significant improvements. However, models that were trained under different
configurations of environments have shown robustness and resilience to adapt to new
environment conditions, in which workload characteristics have changed dramatically in
comparison to their original training setup. Thus, through this procedure, it is possible
to obtain agents that are flexible enough to operate confidently even under unstable

circumstances.
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Chapter 6

Conclusions

The problem of scheduling the jobs from a computer cluster in order to ensure that the
oftentimes expensive and energy-consuming resources associated with these machines are
used with maximum efficiency can be a hard to tackle task that requires more than ad-
hoc, principled solutions. Moreover, sudden bursts of jobs and other extrinsic factors
can suddenly change the nature, size, and frequency of the workload, creating gaps that
generalist and simple scheduling policies cannot fulfill, creating demand for logically com-
plex algorithms. Given this context, learning-based alternatives can provide interesting
developments in the field of workload management. Machine learning is a field dedicated
to the study of computational solutions devoted to problems of high level of non-linearity
that exist on domains of high dimensionality. Hence, it provides a resourceful tool set for
the problem.

Contrary to supervised learning frameworks, reinforcement learning’s core prin-
ciple consists in not providing its internal mechanics much prior information about the
problem at hand. This characteristic makes RL-based applications suitable for dynamic
domains with well-defined action spaces, rewards and environments, such as games, in
which an automated agent is free to explore and learn, guided only by its experiences
over time. The flexibility of this definition can be expanded to multiple other classes
of problems, including resource management and scheduling. However, problems caused
by the effects of high variance over episode samples, the bias-variance trade-off or even
poorly chosen hyperparameter choices can make even the best-designed RL solutions dif-
ficult to converge towards the desirable results. It is, then, important that these solutions
are designed, trained and tested under reproducible contexts, preferably with the aid of
libraries that are battle-tested by the community and industry. It can also be helpful that
the available hyperparameters are studied under a consistent methodology that provides
informed decisions within well-oriented testing protocols.

Under these principles, this work aimed to tackle the problem of learning-based
resource scheduling with the aid of reinforcement learning frameworks. The extensive
hyperparameter search diagnostics shown that the chosen set of configurations can be
a determining factor between convergence and highlighted the importance of extensive

ablative studies in order to ensure that the training process will converge stably and as
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fast as possible. The chosen training technique is also an important aspect, given that the
implementation protocols, internal data flow, input/output representation and the very
engineering of these algorithms exert influence in the process. From the three deep RL
approaches studied in this work, DQN, PPO and A2C, DQN was shown to be less prone
to divergence and provide better results than its peers.

Among the most influential factors over training stability and production of good
results were extrinsic characteristics from the agent, 7.e., environment particularities.
Naturally, aspects such as job rate and job size could exert influence over each algorithms
ability to properly navigate through their learning domains. Agents primed on simple
environments, for example, performed better than agents trained from scratch, given the
demand to navigate within an environment with harder to handle situations. It’s also
worth noting that these characteristics are inherently associated with job representation
and different alternatives could be exploited in future works.

Finally, even though most training configurations did not manage to surpass simple
principled scheduling algorithms such as SJF and FCFS for all the tested scenarios, the
behavior of the trained agents provided some insights on the internal logic of the associated
neural networks. DQN agents with better results for convergence and average slowdown
tended to pick the smaller jobs available in the queue, essentially meaning that the policy
the agent learned without any prior information about the environment by sampling from
its experiences was similar to SJF’s core idea: let the smallest jobs be allocated first. On
the other hand, agents trained from a poorly chosen combination of RL technique and
parameters did not exhibit such behavior. Such result may spark further investigations in
future work about the influence of job size for allocation and how to use this information

to build better policies.
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