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Our research aims to optimize the performance of large distributed systems,
which operate across multiple machines, by applying machine learning techniques.
In our first project, we intended to use a large dataset of performance data for
the Linux operating system to suggest optimal tuning for network applications in a
client-server setting. We conducted a series of experiments to select hardware and
Linux configuration options that are significant to network performance. Our results
showed that network performance was mainly a function of workload and hardware.
Investigating these results showed that our dataset did not contain enough diversity
in configuration settings to infer the best tuning and was only useful for making
hardware recommendations. Based on these experiments and their outcomes, we
concluded that one should not take data diversity, even of huge datasets, for granted.
We also recommend a set of preliminary tests for anyone working on similar complex
datasets and planning to use machine learning.

In our second project, we considered the problem of using a publicly released
dataset by Alibaba to model the batch tasks that are often overlooked compared to
online services. The dataset contains the arrivals and resource requirements (CPU,
memory, etc.) for both batch and online tasks. Our trained model predicts, with
high accuracy, the number of batch tasks that arrive in any 30 minute window, their
associated CPU and memory requirements, and their lifetimes. It captures over

94% of arrivals in each 30 minute window within a 95% prediction interval. The F1
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scores for the most frequent CPU classes exceed 75%, and our memory and lifetime
predictions incur less than 1% test data loss. The prediction accuracy of the lifetime
of a batch-task drops when the model uses both CPU and memory information, as
opposed to only using memory information.

Our third project proposes a deep reinforcement learning approach to task
scheduling, aiming to maximize cloud resource utilization by strategically delaying
and consolidating batch tasks onto fewer machines. We explore Policy Gradient
(REINFORCE) and Deep Q-Network (DDQN) methods to develop a self-learning
scheduler that adapts to dynamic workload conditions. Experimental results show
that REINFORCE increases average CPU and memory utilization by 125-200% com-
pared to Best-Fit and Packer, efficiently reduces the number of machines required,
and achieves a 5-30% reduction in resource fragmentation. Although DDQN also
reduces machine usage compared to traditional methods, its performance declines
under high loads due to job drops and sub-optimal long-term planning in partially
observable environments. Moreover, REINFORCE is computationally more efficient

with lower memory requirements, while DDQN is more sample efficient.
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Chapter 1

Introduction

In the age of high-speed internet, most large information systems are structured as
distributed systems Distributed Systems with components running on several ma-
chines [85]. Optimizing the performance and resource utilization of distributed and
cloud-based systems Cloud Computing is hindered by the complexities of hardware
and software configuration tuning, accurate workload prediction, and efficient task
scheduling. To address these challenges, there is a need for advanced methodologies
in addressing performance optimization challenges and advancing our understanding
of resource management in complex systems.

The performance of distributed systems is generally characterized by their
throughput and response time. It is very difficult to determine the causes of poor
performance because of the complex interactions between different sub-components
and the possibility of the problem occurring at many possible places along the com-
munication path [4]. The problem can occur within the network or at the end-hosts.
On the fastest networks, the performance is limited by the host’s ability to gener-
ate, transmit, process, and receive data [19]. Within the end-hosts, the bottlenecks
could be the application, the operating system, the network adapter, or any other
unit involved [96]. Our first project aims to improve distributed system performance
by optimizing hardware and configuration parameters of the machines involved.

Businesses today often perform resource-intensive computations on the cloud,

which relies on shared clusters within data centers to reduce costs and enhance re-



source utilization [106]. While co-location improves machine utilization, it introduces
challenges such as security risks, scheduling difficulties, and performance interference
[55, 102]. To address these challenges and improve cloud operation, efficient plan-
ning and optimization is required [41]. Our second and third projects tackle these
challenges through a comprehensive approach combining Machine Learning (ML)
Machine Learning based workload modeling with the application of deep reinforce-

ment learning (DRL) for task scheduling optimization.

1.0.1 First Project: Tuning System Configuration

Improper configuration settings can lead to performance degradation of up to 30%
[90], which increases operational costs and affects user satisfaction. Achieving op-
timal performance in distributed applications requires a deep understanding of the
hardware and configuration parameters involved. Previous studies, such as those by
Acher et al. [1] and Chase et al. [20], have focused primarily on application-layer
or transport layer tuning, neglecting the Linux system configurations that are es-
sential for network performance [88]. This oversight is significant, as no previous
work has leveraged large datasets to optimize Linux configurations specifically for
network performance. Given the large parameter space [2| and complex interactions
between them, tuning hardware and configuration settings in distributed systems
remains a challenging task. Although considerable efforts have been made in this
area [1, 20, 21, 101], these have generally targeted application or transport layer
optimizations. Our project aims to address this gap by focusing on optimizing both
hardware and system configuration parameters in distributed systems.

Red Hat, a provider of enterprise open source solutions, provided us with
a large database of benchmark runs covering different hardware and Linux config-
urations, with different workload characteristics. Our goal was to use this data to
automate the process of Linux configuration tuning, a process that typically involves
running a benchmark application, monitoring the results and using educated guesses
coupled with years of experience to tune the parameter values, until the performance

of the application is as expected or the hardware components causing its sub-optimal



performance are identified.

We began working toward our goal of configuration tuning by selecting an
initial set of hardware and Linux configuration parameters. Since these parameters
were not necessarily the most effective in changing network performance, we used
various feature selection methods to eliminate the redundant parameters and find
a smaller set of parameters directly impacting network performance. Our results
showed that network performance was mainly a function of hardware parameters
and workload. This was an unexpected result and we became curious to investigate
it. Analyzing the dataset exposed that users who ran these network benchmarks did
not typically change the operating system configuration substantively and therefore,
we did not have a sufficiently diverse sample of data. Our research also revealed
other limitations of the dataset that were only apparent after visualizing the data.
Based on our work, we recommend a set of preliminary experiments for researchers
looking to determine the worthiness of a dataset for performance tuning and share

some of our findings from the dataset analysis.

1.0.2 Second Project: Predicting Workload Characteristics

Co-located workloads can result in resource utilization inefficiencies of over 30% [24],
impacting overall system performance and operational costs. As cloud environments
increasingly adopt co-location strategies, understanding these workloads becomes
critical. Bergsma et al. [8] modeled cloud VM workloads but did not consider the
impact of co-location. Costa et al. [28] utilized statistical methods but focused on
a centralized architecture, missing the nuances of our problem. Existing studies do
not cater to the complexities of managing online and batch services with separate
schedulers.

Our second project centers on developing accurate cloud workload models
for improved decision-making and planning within cloud management systems. The
task of accurately modeling these workloads is inherently challenging due to the
“heterogeneous” and “imbalanced” nature of the cloud [98]. Modeling co-located jobs

presents an even greater challenge due to additional factors such as interference,



resource contention, complex inter-job dependencies, varying resource demands and
isolation requirements, for which simplistic modeling techniques are inadequate.

Addressing this gap, we propose a Machine Learning (ML) based approach
to workload modeling using real-world cloud data. Alibaba, one of the leading cloud
providers, co-locates transient batch tasks and high priority latency-sensitive online
jobs on the same cluster. In our work, we consider the problem of modeling the
batch tasks in the dataset that are often overlooked compared to online services. We
use the dataset to train four different ML models. Specifically, the Autoregressive
Integrated Moving Average (ARIMA) model is trained to forecast arrival counts,
while three Long Short-Term Memory (LSTM) networks are trained to predict the
CPU and memory requirements as well as lifetimes for batch services. To predict
memory requirements, we use the predicted CPU requirements as input. Conversely,
for the lifetime model, we use memory requirements as input. Our trained model
predicts, with high accuracy, the number of batch tasks that arrive in any 30-minute
window, their associated CPU and memory requirements, and their lifetimes.

This research was inspired by the work of Bergsma et al. [8], who modeled the
production virtual machine workload from two real-world cloud providers, Microsoft,
and Huawei, and demonstrated its applications in scheduling and capacity planning.
While we found their work influential, it did not account for co-located workloads.
Co-located workloads have become increasingly prevalent in modern cloud environ-
ments, with leading cloud providers like Google and Alibaba adopting the technique
to enhance cost efficiency and optimize resource utilization [97|. Costa et al. [28]
modeled Google’s co-located traces using statistical methods and clustering tech-
niques; however, their work did not address our specific problem. Google’s cluster
management system operates on a monolithic architecture, utilizing a centralized re-
source scheduler for resource allocation and management [24|, whereas our focus was
on online and batch services managed by separate schedulers. Moreover, Google’s
dataset does not contain workload (online and batch) specific information, making

it challenging to characterize different workloads when co-located.



1.0.3 Third Project: Optimizing Resource Utilization

Inefficient resource packing can lead to wastage of up to 40% of available resources,
which degrades system responsiveness and increases operational costs [108|. Effective
resource allocation is crucial for enhancing service quality. Research by Parkes et
al. [79] and others have focused on packing jobs but rely on static heuristics that
do not adapt to changing environments. Recent studies, like those by Shanka et al.
[73] and Alizadeh et al. [66], have applied Deep RL to address resource packing, but
they focus primarily on policy-based methods. Our approach leverages policy and
value-based methods, such as DQN, to specifically optimize resource utilization in
batch services, an area where current literature is lacking.

Building on this, our third project focuses on cloud task-scheduling opti-
mization. In large production clusters, multiple workloads are collocated on the
same machine to achieve operational efficiency at scale [5, 84]. They share the un-
derlying physical resources of the machine such as CPU, cache, memory, disk, and
network-bandwidth. However, resources may be underutilized or over-utilized as a
result of improper scheduling, which in turn leads to inefficient usage of cloud re-
sources [50]. Resource management Resource Management in a cloud environment
is even more challenging because cloud workloads exhibit highly dynamic variations
and unexpected bursts in terms of task submission rates. As a result, the task
scheduler must be designed to withstand and adapt to these dynamic changes in
submitted tasks [100]. To efficiently use cloud resources, the task scheduler must
target operational excellence by improving overall cluster utilization and minimiz-
ing resource fragmentation [73|, while also meeting SLA requirements [81]. Finding
optimum initial placement for the workloads is crucial as later migration has a high
overhead and causes degraded user-experience [37].

Several solutions have been proposed for task scheduling including methods
focused on scheduling problems for offline batch tasks, however they are not suitable
for the highly dynamic workloads [100]. For the online task-scheduling methods, ex-

isting solutions use hand-crafted heuristics that cannot automatically adapt to the



change of the environment and optimize for specific workloads [62, 63]. Reinforce-
ment learning (RL) approaches are particularly well-suited for resource management
systems. They can model complex systems and decision-making policies as deep neu-
ral networks Neural Network analogous to the models used for game-playing agents
[71]. Moreover, it is possible to train them for objectives that are difficult to tune
for directly because they lack reward signals that correlate with the objective [66].
Finally, by continuing to learn, an RL agent can optimize for a specific workload as
it changes over time [66].

In this work, we model the task scheduling problem as a deep reinforcement
learning (Deep RL) task. A common practice to improve cluster resource efficiency is
to maximally pack jobs on the least number of machines [107]. For example, systems
like Google Borg [99] and Tetris [42] use multi-resource bin packing to minimize
resource fragmentation and optimize server utilization. Therefore, our primary focus
is on building a self-learning scheduler that maximizes cloud resource utilization
by strategically delaying jobs and consolidating them onto the fewest number of
machines possible. We specifically target batch tasks as they are less time-sensitive
[54], thus the introduced delays are expected to have minimal impact. Furthermore,
since most batch jobs are small and short in duration [43|, any delays incurred to
optimize packing efficiency are generally insignificant.

Deep RL techniques have been successfully applied to multi-resource cluster
scheduling problems in the past [32, 66, 73, 109]. While some of this work focused
on the policy gradient method REINFORCE [66, 73|, others used a value-based
algorithm such as a Deep Q-Network (DQN) [32, 109]. We investigate the use of
both Policy Gradient and DQN approaches to enhance batch tasks scheduling. The
differences observed between these two methods in terms of achieving optimal results,
and computational time can assist in identifying the most appropriate approach for

various scenarios.



1.0.4 Publications

Over the course of my PhD research, I have had the opportunity to explore vari-
ous aspects of distributed and cloud systems performance. My research focuses on
applying machine learning to enhance distributed system performance through con-
figuration tuning, optimize cloud resource utilization via workload modeling, and

improve task scheduling efficiency. Below are some of my recent contributions:

e Linux Configuration Tuning: Is Having a Large Dataset Enough?
[59]: This paper examines the efficacy of large datasets in tuning Linux kernel
configurations. We addressed the challenge of automatically tuning system
parameters to achieve better performance in distributed applications, finding
that while large datasets provide value, they alone may not be sufficient without
context-aware tuning strategies.

e Modeling Batch Tasks Using Recurrent Neural Networks Recurrent
Neural Networks (RNNs) in Co-Located Alibaba Workloads [60]:
In this paper, we developed a predictive model for batch tasks in co-located
workloads using recurrent neural networks (RNNs) to improve capacity plan-
ning and scheduling decisions in the cloud. We specifically focused on Al-
ibaba’s large-scale cloud infrastructure. Our findings indicate that our models
can forecast batch task arrivals, resource requirements and lifetimes with high
accuracy.

e Optimizing Cloud Resource Utilization with Deep Reinforcement
Learning [58]: In this paper, we developed a deep reinforcement learning
(Deep RL) based approach for optimizing cloud resource utilization, focus-
ing on batch task scheduling in cloud environments. Our results demonstrate
significant improvements in cloud resource utilization compared to heuristic-
based methods by dynamically adjusting resource allocation based on real-time

workload demands.



Chapter 2

Linux Configuration Tuning: Is

Having a Large Dataset Enough?

This is an era of big data [87]. Large volumes of data are being generated everyday
in a variety of fields, from commerce to healthcare and engineering to education
[77]. Businesses, research and government institutions are now regularly generating
vast amounts of data and are interested in gaining insights from it to increase their
organizational value and gain a competitive edge [30].

Red Hat, a provider of enterprise open source solutions, provided us with a
large database of benchmark runs covering different hardware and Linux configura-
tions, with different workload characteristics. Most of the dataset was generated on
private servers inside Red Hat while part of it was generated on public cloud systems,
all by Red Hat employees. Our goal was to use this data to automate the process of
Linux configuration tuning, a process that typically involves running a benchmark
application, monitoring the results and using educated guesses coupled with years
of experience to tune the parameter values, until the performance of the application
is as expected or the hardware components causing its sub-optimal performance are
identified.

The data used in this study was not collected from real-world, uncontrolled

environments; it was gathered in a controlled experimental setup. The dataset was



generated by Red Hat engineers studying various aspects of kernel behavior and
performance. We do not have specific information regarding the cluster architec-
ture employed during the experiments. The experiments we analyzed represents a
relatively small subset of the data that was collected. Many aspects of the data
collection were out of our control, including the actual architecture and potential

concurrent co-location of other tests on the same test framework.

Figure 2.1: Private Servers inside Red Hat connected through a switch.

Although there were many benchmarks included with the data, we decided to
initially work with the network benchmark because most large information systems
are structured as distributed systems and their performance is often characterized
by their network throughput and response time [86]. On the fastest networks, the
performance of distributed systems is limited by the host’s ability to generate, trans-
mit, process, and receive data [20]. Since a large chunk of our dataset was generated
inside Red Hat on machines connected through a network switch (as shown in Fig
2.6), where the network was stable and homogeneous, it was practical to isolate and
study the impact of host configuration on network performance.

One of the most difficult problems in configuration tuning is to predict how
different configurations behave with different applications and workloads. It is even
more challenging with Linux, a complex system with more than 15,000 unique con-

figuration options [1, 2|. If each option is independent and has a binary value, this



leads to a minimum number of 2!%%%0 ynique variants of system configuration [2].
With such a large search space, gauging the effect of all the possible settings can be
extremely expensive and time-consuming.

We began working toward our goal of configuration tuning by selecting an ini-
tial set of hardware and Linux configuration parameters. Since these parameters were
not necessarily the most effective in changing network performance, we used various
feature selection methods to eliminate the redundant parameters and find a smaller
set of parameters directly impacting network performance. Our results showed that
network performance was mainly a function of hardware parameters and workload.
Analyzing the dataset exposed that users who ran these network benchmarks did
not typically change the operating system configuration substantively and therefore,
we did not have a sufficiently diverse sample of data. Our research also revealed
other limitations of the dataset that were only apparent after visualizing the data.
Based on our work, we recommend a set of preliminary experiments for researchers
looking to determine the worthiness of a dataset for performance tuning and share
some of our findings from the dataset analysis.

The rest of the chapter is organized as follows: Section 2 describes data col-
lection; Section 3 gives an overview of the dataset; Section 4 discusses our feature
selection approach and results; Section 5 discusses visualization results from the
dataset; Section 6 describes our experiments to assess data diversity; Section 7 pro-
poses a series of experiments to evaluate the suitability of data for machine learning;

Section 8 reviews the related work, and Section 9 concludes the chapter.

2.1 DATA COLLECTION

The dataset used in this work was collected using Pbench [95], an open source
benchmarking and performance analysis framework developed by Red Hat. While
Red Hat has been actively generating and collecting benchmark data for more than
six years now, for the purpose of our work, we used recent data for eight months that

were unpacked and prepared for our use. The older data did not concern sufficiently

10



modern kernel versions.

Pbench has built-in benchmark scripts that it can run alongside a variety of
performance tools on multiple hosts within a distributed system while also collecting
configuration information from all the systems involved. Pbench uses the sosreport
utility [83] to collect configuration details, system and diagnostic information from
hosts. The tool collects around 6,000 configuration files and the output of more
than 200 commands from each specified host during each benchmark run. Pbench
also provides users the flexibility to run their own benchmarks and record results in
Pbench format.

The Pbench architecture consists of three major components: the Agent,
Server, and Dashboard. The Pbench Agent provides convenience interfaces for users
to run benchmark workloads to facilitate the collection of benchmark data, tools
data (iostat, vmstat, etc.) and, system configuration information from all the hosts
involved. The Pbench Server provides archival storage of data collected by the Agent
and indexes data into Elasticsearch [12]. The Dashboard provides data curation and
visualization of the collected data.

Pbench takes as input a benchmark type, desired workload, performance
tools (e.g. sar, iostat, etc.) to run and hosts on which to execute the benchmark
as shown in Figure 2.2. It outputs the benchmark results, tool results and the
system configuration for all the hosts. The workflow of a Pbench run is shown
in Figure 2.3. Given the input, Pbench creates a results directory on the same
system, starts collection tools on all hosts, runs the workload generator and starts
the benchmark. Once the benchmark run finishes, it stops the collection tools on all
the hosts, and runs a postprocessing step that gathers results from all the remote
hosts and executes postprocesssing tools on all of the data. This could include
calculating averages, throughput and response time for various system operations.
Pbench runs a test multiple times and returns the average performance results if all
the runs are successful. A test fails when the standard deviation for the results of
the repeated runs is more than a specified threshold.

Out of the several benchmark scripts that Pbench runs, we chose to study
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Figure 2.2: Inputs and outputs for Pbench.
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Figure 2.3: Workflow of a benchmark script in Pbench.

data collected using the uperf [75] benchmark for network performance. Other than

uperf, Pbench also runs disk, CPU and user-created benchmarks.

2.1.1 Uperf - A Network Performance Tool

uperf is a network performance tool that can run in multiple settings: with single
client and single server, with multiple clients and single server and, with multiple
clients and multiple servers with one-to-one correspondence between them. The tool
takes the description of the workload as input and generates the load accordingly to
measure system performance.

uperf has seven inputs as shown in Table 2.1. The parameters --clients
and --servers are used to specify the client and the server systems to run the test.
--test-type is used to specify if the workload generated should be transactional (where
response time is important) or streaming (where completion time for all tasks is im-

portant). --message-size tells the size of the messages in bytes, --instances shows the
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number of open connections per host and --protocol represents the network protocol
used for communication.

Table 2.1: uperf workload parameters and their description.

Input Description
--clients A list of one or more hostnames/IPs
--servers A list of one or more hostnames/IPs
--test-type Can be stream, maerts, bidirec, and/or rr

--message-size | Message size in bytes

--instances Number of open connections per host
--protocol TCP and/or UDP
—-runtime Test measurement period in seconds

2.1.2 Data Storage

Our prepared data was stored in two locations: the configuration data from the
systems was stored on Red Hat servers while performance results and workload
information was indexed in Elasticsearch. The mapping between Pbench runs and
the corresponding configuration information was also stored in Elasticsearch. To

interact with the data in Elasticsearch, we used Kibana [13].

2.2 DATASET OVERVIEW

Since the Linux configuration space is huge, we began with a smaller representative
set of hardware and system configuration. We divided all the parameters of interest

in the following three categories: Ciyiatic, Caynamic and P.

1. Immutable: invariants of the machine chosen. Ciigic

2. Mutable by the user. Cgynamic

3. Performance indicators. P

4. Not practically mutable by the user. “Buy a new machine.” We think of these

as part of Cyatic.
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Based on these categories, we chose the initial set of Cgatic and Cyynamic
parameters shown in Figure 2.4. The hardware parameters were chosen based on
feedback from experts at Red Hat and the SPEC benchmark [26]. Tuning param-
eters were chosen based on the performance tuning guide written by Red Hat [82]
for RHEL. These included parameters from all major sub-components of a system

including memory, disk, network, kernel and CPU that could impact network per-

formance.
Cstatic Cdynamic Cdynamic
- Architecture - Kernel - file-max
- Model Name - Thread(s) per core - msgmax
- CPU (s) - sched_rr_timeslice_ms - msgmnb
- Core(s) per Socket - nr_hugepages - msgmni
- Socket (s) - nr_overcommit_hugepages | - shmall
- L1d cache - overcommit_memory - shmmax
- L1i cache - dirty_ratio - shmmni
- L2 cache - dirty_background_ratio - threads-max
- L3 cache - overcommit_ratio - swappiness
- MemTotal - max_map_count - aio-max-nr
- Machine Type - min_free_kbytes
- NIC Port - NIC Speed
- NIC Supported Link [ - NIC Auto-negotiation
Modes - NIC Duplex

Figure 2.4: Hardware and Linux configuration parameters chosen for anal-
ysis.

We considered both transactional and streaming workloads for our work. In
a transactional workload (which is sometimes called “interactive"), latency between
request and response is important, while in a streaming workload (which is some-
times called “batch processing"), only throughput is important. For transactional
workload, the performance metrics in the dataset are throughput in trans/sec and

latency in usec. For streaming workloads, the benchmark only measured throughput
in Gb/sec.
2.2.1 Testing Environments

The dataset used in this work contains benchmark runs executed in two different

environments, either on private servers inside Red Hat or in public clouds like Ama-
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zon EC2, Microsoft Azure, and the IBM public cloud. Table 2.2 shows the total
number of network benchmark runs in out dataset executed internally at Red Hat
and externally in public clouds. As the statistics show, more than 90% of the bench-
mark data was generated on Red Hat systems. Based on these results, we chose
to work only with the data collected inside Red Hat as the public cloud data was
not necessarily commensurate or comparable. Co-location of benchmarks with other
unknown tenants in public clouds made that data difficult to compare with the Red
Hat data.

Table 2.2: Statistics for tests conducted in different environments.

Total Single Client Server

Private Servers | Public Clouds | Private Servers | Public Clouds
Benchmark Runs 1989 152 1829 86
Iterations 204952 178840 166789 39302

Since the goal of our work is to tune Linux configuration, and distributed
systems can have a complex mesh of hosts including multiple clients and multiple
servers, we scoped down our problem to focus only on systems with a single client
and server to avoid exploding the configuration space. Table 2.2 shows the counts
of network benchmark runs with the simplest scenario of single client and server
and the corresponding testing environment. As the results shows, 92% of the data
generated internally used the single-client-server setting while runs outside Red Hat
used this setup for only 56.6% of the cases. The table also shows the count for the
number of iterations in each scenario. An iteration is a Pbench run with a given
workload configuration. A single Pbench run can have multiple iterations depending

upon the number of unique workloads that the run is tasked with testing.

2.2.2 Missing and Erroneous Data

We found 1,964 total uperf runs with a single-client-server setup in our dataset. As
we continued working with these runs and began collecting their configuration and
performance information, we came across several cases where the data we required

was missing, erroneous, or outside the scope of our work. The distribution of all
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these cases is shown in Fig. 2.5. We eliminated 49 runs from our dataset because
configuration information was missing (Table 2.2 does not show these runs) and 261
runs were eliminated because they used the same host for client and server, thus not
using the network at all. 500 runs did not specify client and server IP addresses used
for communication. This information was necessary for us to determine the physical
network interface card (NIC) used by the hosts, but was missing for almost 25% of
the runs. 21 runs had erroneous mapping of runs to configuration information, 104
runs had missing client or server configuration and 85 of the remaining runs were on
external public clouds. After eliminating all these runs, our dataset contained 944
runs that we used for the rest of our work.

1000

750

500

Count

250

Missing  Local Network ~ Client and Erroneous Missing Runs in Benchmark
Configuration Used Server IPs  Configuration Client/Server  External Runs Used
unavailabl Mappi Cc ion Public Clouds

Figure 2.5: Distribution of missing and erraneous data.

2.3 CHOOSING SIGNIFICANT FEATURES

Since all the parameters that we selected for our work may not have been relevant
to network performance, after selecting the preliminary set of static and dynamic
features, we used common dimensionality reduction techniques to eliminate the re-
dundant parameters. First we removed parameters with constant values. We then
calculated the correlation between configuration parameters and the target vari-
ables and eliminated all the parameters with value less than [0.1], a commonly used

threshold to identify the uncorrelated pairs.
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At the end of the above dimension reduction, we still had too many param-
eters, and considered further feature selection via embedded methods such as Lasso
and Tree based methods [3]. We chose to work with tree-based embedded methods
for their simplicity, flexibility and low computational cost compared to other meth-
ods. Within the tree based methods, we had three options: CART [68], Random
Forest [103] and XGBoost [94].

Using these three feature selection decision tree methods, the final set of
significant features for the client and server systems for all three types of target
variables is shown in Table 2.3. The results show that most of the features that are
significant in determining network performance are hardware parameters except a
few configuration options for the network interface card that also obey a hardware
constraint i.e. NIC Duplex and NIC Speed. The network speed can be configured

up to the maximum capacity of the network card.

Table 2.3: Significant workload, hardware and configuration features.

Throughput Latency Throughput
(trans/sec) (usec) (Gb/s)
Workload instances protocol, instances,

message-size

message-size

Hardware and
Linux parameters

server_Speed,
client_Type

server_Port,
server_CPU(s),

server_Duplex
client_Speed

client_Duplex,
server_MemTotal

Table 2.3 also shows workload parameters that are the most effective in
changing network performance. The results suggest that the benchmark input in-
stances is mainly responsible for throughput performance of transactional workload.
For streaming workloads, message-size is also significant. For latency performance
of transactional workload, both protocol and message-size impact the results.

These results were surprising for us since we expected at least a few linux
parameters to play an important role in network performance. For example, [82]
describes a tuning deamon that RHEL users can use to adapt system configuration
for better performance under certain workloads. For improved network performance,

the tool sets vm.dirty_ratio to 40%.
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2.3.1 Hidden Parameters

Since it was not guaranteed that we included every significant feature in our initial
set of parameters, we devised a strategy to determine the hidden parameters. We
formed groups of data based on specific values of the significant features chosen
in the previous step. For each of these groups, we calculated normalized standard
deviation for performance results. We compared the configuration data from certain
runs in these groups; substantial standard deviation indicated that there were likely
to be unobserved variables affecting performance in that group. The results revealed
kernel version to be a hidden variable. Apart from it, the amount of memory and
cache used also varied in these runs. While including kernel version as a significant
feature reduced the normalized standard deviation in groups, it did not lower it to
an acceptable level because our dataset did not contain all configuration parameters
and some system variables, such as free memory and cache, were not included in our

feature set.

Hardware

_| Performance Results
(Throughput/Latency)

Linux Configuration Performance Predictor

Workload

ofe

Figure 2.6: Predictive Model for Network Performance.

2.3.2 Predictive Model

As part of a system that recommends configuration, we wanted to inform the user
of performance gains that can be achieved by optimizing the configuration. To do
so, we developed a predictive model for the transactional workload to show how the
user’s current and new configuration perform. We developed the Random Forest
(RF) [103] prediction model since it is known to perform better then CART [68]
and is also easier to visualize. It also performed better than multiple linear regres-

sion with our dataset. The model takes significant workload, hardware and Linux
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configuration parameters (chosen in the previous step) as input and outputs the net-
work performance gains. We constructed the model independently for throughput
and latency since the significant features for the models were different. To evaluate
our predictive model, we used repeated k-fold [53] cross validation technique. The

accuracy of the model was calculated using the two metrics given below.

1. R2 score: It is the proportion of the variance in the dependent variable that
is predictable from the independent variable(s). Its value varies between —1
and 1 where 1 is the best possible score and negative values indicate that the
model is performing arbitrarily worse.

2. Root mean squared error (RMSE): It measures the average squared dif-
ference between the estimated values and the actual values and returns its

square root. The smaller the value of RMSE, the better the model.

Based on the above two criteria, the results for the predictive model with
throughput and latency as target variables are shown in Table 2.4. The results

show that the RF models for the two target variables fit the observed data pretty

well.
Target Variable R2 score | RMSE
Throughput (trans/sec) | 0.984 0.012
Latency (usec) 0.930 0.027

Table 2.4: Predictive Model Results.

These results improved our faith in the dataset. In the next step, we visu-
alized the data to study the space of latency and throughput results in relation to
each other. The goal was to recommend to the user an ideal balance for latency
and throughput based on their requirements and not only improve one performance

metric at the cost of the other.
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2.4 Visualization and Trends in the Dataset

Pbench measures both throughput and latency for a transactional workload. In this
section, we discuss some of the visualizations created by combining distinct records of
throughput and latency results for the same hardware, configuration and workload.
The purpose of creating these visualizations is to study the space of results for various
configurations because most of the users are interested in a balance between latency
and throughput. Figure 2.7 shows the log scale distribution of throughput and
latency results in our dataset for the transactional workload. We were surprised by
the multiple populations in these plots. Further investigation showed that one of the
workload parameters, instances per host, was responsible for clusters in the results

as shown in Figure 2.8.

Latency (usec)

102 A

104 10°
Throughput (trans/sec)

Figure 2.7: Throughput vs Latency for transactional workload.

The different clusters formed due to change in number of instances in Figure
2.7 have a linear correspondence in log space. If a user uses the same hardware
and dynamic configuration with the same workload, only changing the number of
instances will move the results from one cluster to another. This information could in
principle be used to extrapolate predictions for workload combinations with varying
numbers of instances that are not already measured.

Since we receieved a mix of expected and unexpected results in the feature
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Figure 2.8: Number of instances causes clusters.

selection and the visualization phases of our work, we decided to analyse the dataset

to investigate the cause of this.

2.5 TESTING THE DATASET FOR DIVERSITY

The hidden problem in our dataset was the lack of diversity of hardware, Linux
configurations, and workloads. After eliminating missing and incorrect data, our
dataset consisted of 944 unique network benchmark runs and 133555 total iterations
within these runs. It contained separate iterations based on the result type, for ex-
ample, we found two iterations for the same configuration and workload but different

performance results i.e. throughput and latency.

2.5.1 Distribution of Hardware Specifications

The parameters that we considered static for the purpose of our experiments are
shown in Figure 2.4. One of these parameters is “Machine Type” that can have
two possible values, physical or virtual. Some of the static parameters in our set
are mutable in virtual machines but not in physical machines. For the purpose
of simplicity, we did not create further categories for virtual and physical systems

that could have been used for a more accurate distinction between immutable and
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dynamic parameters.

Table 2.5 shows the number of unique values for each of the static parameters
in our dataset. As shown, the only static parameter with more than 10 unique values
is MemTotal. Some parameters have missing values in the dataset. NIC parameters
have 7.1% missing values whereas L3 cache has only 3% missing values. The values

for all other parameters including sizes for all other caches in the system are available.

Table 2.5: Counts of unique values for static parameters.

Catatic Client Server
MemTotal 80 77
Model Name 8 10
Supported Link Modes 8 7
CPU (s) 8 7
Socket (s) 6 6
Cores per socket 4 5
Port 5 5
L2 cache 4 5
L3 cache 4 5
L1d cache 1 2
L1i cache 1 1
Architecture 1 1

2.5.2 Linux Configurations

To make useful configuration recommendations, we required a rich dataset compris-
ing of several combinations of configuration values. To quantify the diversity of Linux
configurations in our dataset, we counted the number of unique values for each of
the configuration parameters that we shortlisted for our tuning recommendations.
As the results show in Table 2.6, there are only three configuration parameters
for the client and the server with more than 10 unique values. These are file-max,
kernel and threads-max. For brevity, we did not include counts in the table for all
the parameters with 1 or 2 unique values. None of the dynamic parameters have

any missing values in the dataset except parameters associated with the network
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interface card i.e. NIC speed, NIC Duplex and NIC Auto-negotiation. For client,

each one of them has 7.1% missing values while for the server, they only have 6.5%

missing values.

Table 2.6: Counts of unique values for dynamic parameters.

Caynamic Client Server
file-max 123 86
kernel 73 71
threads-max 56 55
NIC speed 7
min_free_kbytes 4 5
dirty-ratio 3

2.5.3 Workload

While uperf takes in seven fields as input as shown in Table 2.1, some of these

parameters like client or server are only there to identify the end hosts for communi-

cation. Similarly, the runtime field specifies for how long the workload should run.

The workload is mainly generated based on four fields: test type, message size,

instances (open connections per host) and the type of network protocol. The unique

values for these fields and their percentage frequency in the dataset is shown in Ta-

bles 2.7, 2.8 and 2.9. As shown in Table 2.7, rr (request-response traffic) is the

most frequently occurring test type. For this particular test type, we have separate

records for throughput and latency performance measurements.

Table 2.7: Distribution of different test types in the dataset.

Test Type % Frequency
r 54.43%
stream 29.28%
bidirec 8.46%
maerts 7.84%

For message size, there are only four values in bytes that have been tested

frequently in the dataset, 64, 256, 1024 and 8192. The message size of 1 byte

was only tested once and may have been used for a sanity check. Our results for
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Table 2.8: Distribution of different message sizes in the dataset.

Message Size in bytes | %Frequency
1 0.03%
64 25.79%
128 0.35%
256 24.27%
512 0.35%
1024 25.06%
8192 23.42%
16384 0.72%

Table 2.9: Distribution of different number of instances in the dataset.

Number of Instances | %Frequency
1 47.08%
2 0.00%
4 0.18%
8 43.70%
14 0.11%
16 8.87%
43 0.04%

instances show that a large number of tests only used 1, 8 or 16 open connections for
communication with 1 being the most frequently occurring value. All the remaining
values other than these three have been used < 1% in the dataset. For the network

protocol, UDP was only used in 2% of the tests. In all the remaining tests, TCP

was used for communication.

2.5.4 Diversity in Complete Dataset

It may seem based on the diversity results that we may have a large number of
unique static and dynamic configurations in our dataset. Fig 2.9 shows the total
number of unique static and dynamic configurations for the clients and the servers
included in our dataset. We found only about 300 unqiue static configurations for
the client and the server in our dataset of 133, 555 records. The number of dynamic
configurations are almost double the number of static configurations, but they are
still not diverse enough to make meaningful recommendations.

For further analysis, we also looked into workload diversity. We found 131
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Figure 2.9: Count of unique static and dynamic configurations in the
dataset.

different workload combinations part of the dataset. These were tested with a total
of 126 unique client and server pairs. When we looked at the unique machine IDs in
our dataset, they came out to be 23 for both client and server. This indicated that
a large number of these tests were conducted on the same physical hosts but with a
few changes in static and dynamic configurations. Our results also showed that the
dataset contained 63 and 65 unique NICs for client and server respectively. Since a
large number of the machines in our dataset have more than one NIC, our results
show that the users used different NICs for different tests.

Based on this analysis, we can conclude that there is insufficient diversity
of hardware and Linux parameters in our dataset that might affect workload re-
sponse, as well as insufficient variety of workloads that could judge the values of

those parameters.

2.5.5 Diversity in Disk Benchmark Runs

We wondered if this was only true for the network benchmark data, and our prelim-
inary results showed that the disk benchmark similarly lacked diversity. We picked
runs with different kernel versions and listed all of the system parameter values
different from the default. The results showed that users kept all the parameter val-

ues default except file-maz, threads-maz, aio-mazx-nr, vm.dirty _ratio, vm.swappiness
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and vm.overcommit _memory. Since studies have shown other storage configuration
parameters to also have an impact on performance [17]|, and most of these tuned
parameters had less than 5 unique values, we concluded that the disk dataset is also

not sufficiently diverse for machine learning.

2.6 Recommended Preliminary Tests for Machine Learn-
ing

Based on our experience, we recommend the following set of preliminary tests for

anyone looking to apply machine learning on a large complex dataset.

1. For sanity testing, import or use only samples of the dataset. With complex
datasets, importing the entire database and running preliminary experiments
can be costly as well as time consuming. For example, data preparation for a
sample is often considerably faster than for a large dataset. Moreover, running
experiments on a large database can sometimes take hours to days. Improving
program efficiency to run with such a large dataset can be another contributing
factor in the slowdown. Because one sample may not be sufficient, the user
must use multiple samples to verify the results.

2. Filter out any incomplete, erroneous or irrelavent data for the problem and
calculate the average percentage of the data that is filtered out. This informa-
tion could be useful to determine the size of the final dataset that the machine
learning algorithms will use for learning.

3. Identify suitable dimensionality reduction and feature selection algorithms for
the dataset and its use case and implement these.

4. Visualize the dataset to identify trends and patterns. This step may also reveal
some of the limitations or constraints of the dataset that may not be apparent
without visualization.

5. Determine diversity of the significant features. This step could be straightfor-

ward or complex depending upon how many different kinds of variables are
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present. For example, in our case, we used workload, system configuration and
performance parameters. It is necessary to look at all the different groups sep-
arately as well as together. It may also be useful to look at the distribution of
values for the significant features since it is possible that a variable has diverse

values but this diversity is too infrequent to be useful.

2.7 RELATED WORK

To achieve optimal performance for distributed applications, it is necessary to use
suitable hardware and settings for different configuration parameters of the systems
involved. It is an extremely challenging task to tune these settings because of the
large parameter space [2]| and the complex interactions between them. While there
has been much work done in the area of tuning configurations [1, 20, 21, 101, 110],
the efforts have generally been focused on the application or the transport layer of
the system. Reference [78] uses a set of hardware parameters to predict performance
for system design alternatives of single and multi-processor systems, but it does not
take system configuration parameters into account or recommend hardware based
on performance requirements. Reference [16] did some work in identifying impor-
tant tuning parameters for the storage system and [18] applied several optimization
algorithms to tune the storage system. However, we have not come across any work
that focuses on tuning Linux system configuration to improve network performance
and that uses a large previously collected dataset to do so instead of traditional

optimization methods.

2.8 CONCLUSION AND FUTURE WORK

We began this work with the goal of tuning system configuration for improved net-
work performance. We began with a large dataset of network benchmark runs pro-
vided by Red Hat. To recommend settings for Linux configuration, we selected a
subset of hardware and Linux parameters based on feedback from experts and per-

formance tuning guide by Red Hat. We used various tree-based feature selection
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methods to identify the parameters that impact network performance significantly.
Our results showed that all significant parameters are part of the hardware config-
uration, and none of them concern Linux configuration. Investigating these results,
we found that our dataset lacked in diversity for Linux configurations. Visualizing
the data revealed a few other trends and limitations of our dataset. Based on these
experiments and their outcomes, we concluded that the users of pbench did not alter
the system configurations substantively and that one should not take data diversity,
even of huge datasets, for granted. If we had attempted machine learning with this
dataset, it would have failed. We also recommend a set of preliminary tests for
anyone working on similar complex datasets and planning to use machine learning.

One limitation of our work is that we only looked at Pbench data, available
to us through Red Hat. There might be other datasets out there that might be a
better fit for Linux configuration tuning, but these are not easily available due to
privacy concerns. If a sufficiently diverse dataset becomes available, we would like
to attempt tuning with that data as future work. Also, our analysis of the dataset
filters features by correlation and thus might ignore non-linear relationships. These

could be studied in the future as well.
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Chapter 3

Modeling Batch Tasks Using
Recurrent Neural Networks in

Co-located Alibaba Workloads

Businesses today are routinely required to perform resource-intensive computations
but often lack sufficient on-site resources. As a consequence, many computational
jobs are offloaded to the “cloud”. The cloud refers to off-site resources that may be
accessed via the Internet. Such cloud services run on shared clusters within data
centers to lower costs and improve resource utilization [106]. Jobs from different
parties are co-located on the same machines. While co-location improves machine
utilization, it poses a number of challenges to the data center, including security
(isolation between different services), scheduling and performance interference [55],
[102]. Additionally, different jobs or services may contend for the same resources
causing service delays that affect Quality of Service (QoS) of applications [22].

To address these challenges and improve cloud operation, efficient planning
and optimization is required [41]. For example, through better planning of which
resources to provision and when, capacity planners can proactively support future
workloads while trying to avoid resource shortage and contention issues [8]. Con-

tention can negatively effect performance and efficiency of co-located workloads. It
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leads to increased pressure on memory resources due to increased paging and swap-
ping activities, all of which ultimately lead to QoS degradation and unpredictable
application behavior. By understanding the properties and behavior of co-located
workloads from real production environments, we can improve decision making in
the cloud. [64] characterized a trace of co-located workloads from Alibaba’s produc-
tion cluster to study some of these properties such as the heterogeneity of clouds.
We, on the other hand, propose the development of a workload prediction model to
provide better estimates of future workloads for improved scheduling and capacity
planning decisions.

Accurate cloud workload models are valuable for improved decision-making
and planning within cloud management systems. However, the task of accurately
modeling these workloads is inherently challenging due to the “heterogeneous" and
“imbalanced" nature of the cloud with respect to resource allocation and lifespan
[98]. Modeling co-located jobs presents an even greater challenge due to additional
factors such as interference, resource contention, complex inter-job dependencies,
varying resource demands and isolation requirements, all of which render simplistic
modeling techniques inadequate.

Addressing this gap, this chapter proposes a Machine Learning (ML) based
approach to workload modeling using real-world cloud data. While this method is
expected to be accurate and realistic, the availability of such data is a challenge.
Cloud providers are generally reluctant to publicly release their data [15]. Even
when data is available, it is often limited, making it challenging for reliable training
of ML algorithms. In this chapter, we work with one such dataset from Alibaba
[5]. A workload model derived from such a dataset can not only be used for better
planning decisions in cloud environments, but also for generating realistic synthetic
workloads, which, in turn, can proactively support predicting needed increases in
system capacity without large downtime or data gathering [8].

The Alibaba dataset considered in this work consists of traces of co-located
workloads over an eight day period [5]. This set of workloads includes both online

services and batch workloads. We focus on modeling batch workloads because online
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services are guaranteed resources due to their high priority, while batch jobs are
executed on the remaining resources left on the servers. We hope that modeling batch
workloads can lead to their improved resource utilization, performance and efficiency.
Batch jobs in Alibaba’s dataset are divided into tasks, where task executions are
subject to dependency constraints. These tasks are further divided into instances
that have the same binary code and resource requests but differing input data. We
model batch tasks in our work as they are the smallest unit of batch jobs for which we
have information about resource requirements and completion times. This low-level
model can be readily used to model batch jobs if needed.

Our model, illustrated in Figure 3.2, uses the Alibaba dataset to predict ar-
rivals, associated resource requirements, and lifetimes/completion times for batch
tasks. For modeling arrivals, we use the Autoregressive Integrated Moving Average
(ARIMA) model [35]. This popular time series forecasting technique is particularly
effective at capturing trends and seasonal patterns in data. By using ARIMA, we
can account for the cyclical nature of task arrivals, allowing us to provide accurate
forecasts based on historical trends. Furthermore, ARIMA models are interpretable,
offering insights into the underlying data structure that can inform decision-making.
In contrast, we use a Long Short-Term Memory (LSTM) based neural network to
predict resource requirements and completion times. LSTMs are well-suited for han-
dling sequential data and capturing long-term dependencies [89]. This capability is
crucial for predicting resource demands, which often rely on historical usage pat-
terns. LSTMs excel at modeling complex nonlinear relationships, making them ideal
for dynamic cloud environments where resource requirements and task lifetimes can
fluctuate unpredictably.

By leveraging both ARIMA and LSTM in our framework, we capitalize on
their complementary strengths. The ARIMA model effectively addresses seasonal
patterns in arrivals, while the LSTM handles the complexities of resource demand
and lifetime predictions. This dual approach enhances the accuracy of our predictions
and ensures adaptability in the face of evolving cloud workloads.

Our model can reproduce the Alibaba dataset with very high accuracy. In
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order to make practical predictions, our model must be able to generate random
yet realistic workloads. This can be very easily realized by tuning parameters of
the ARIMA model or by modeling the probability distributions over the resource
requirements and lifetime through the use of Bayesian Machine Learning methods
such as Gaussian Process Regression. Additionally, we can model task arrivals as a
Poisson process, an approach adopted in [8] when modeling Virtual Machine (VM)
arrivals in Microsoft Azure [27].

The remaining sections of the chapter are organized as follows: Section 2
discusses background and related research; Section 3 describes the Alibaba dataset
and our approach to model the batch tasks; Section 4 explains the setup used for
training models; Section 5 presents the results from the experiments; and finally,

Section 6 concludes the chapter.

3.1 BACKGROUND AND RELATED WORK

Bergsma et al. [8] modeled the production virtual machine workload from two real-
world cloud providers, Microsoft and Huawei, and demonstrated its applications in
scheduling and capacity planning. While we found their work inspiring, it did not
account for co-located workloads. Co-located workloads have become increasingly
prevalent in modern cloud environments, with leading cloud providers like Google
and Alibaba adopting the technique to enhance cost efficiency and optimize resource
utilization [97]. Costa et al. [28] modeled Google’s co-located traces using statis-
tical methods and clustering techniques, however, their work does not address our
specific problem. Google’s cluster management system operates on a monolithic
architecture, utilizing a centralized resource scheduler for resource allocation and
management 24|, whereas our focus is on online and batch services managed by sep-
arate schedulers. Moreover, Google’s dataset does not contain workload (online and
batch) specific information, making it challenging to characterize different workloads
when co-located.

Acquiring realistic workload data for modeling is challenging as most cloud
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providers, apart from a few exceptions such as Google [84], Alibaba [5], and Microsoft
[27], are reluctant to disclose their data. Additionally, scholarly papers rarely provide
information about their data collection methods or even release it for reproducibil-
ity. For this reason, we selected Alibaba’s publicly available dataset, which offers
distinct information for batch and online services, enabling us to delve deeper into
the characteristics of co-located workloads.

Within the Alibaba dataset, we opted to initially focus on modeling batch
services. This choice stems from the observation that batch services generally utilize
more CPU resources than online services [64]. Furthermore, due to the prioritiza-
tion of online services, they are executed within containers that receive a dedicated
allocation of resources, leaving only a limited set of resources available for batch ser-
vices. This allocation strategy ensures the availability of resources for online services
at all times. Therefore, by gaining insights into batch workloads, we aim to enhance
job scheduling for batch services and optimize resource provisioning for co-located
workloads. To the best of our knowledge, we have not come across any existing work
focused on modeling co-located workloads or exclusively batch services.

We now briefly discuss some of the past research in cloud workload modeling.
Moreno et al. [74] have previously modeled arrival rates, resource requirements, and
job duration for specific users in a Google cloud trace. In contrast, our approach
does not rely on user-specific information, allowing us to apply it more broadly to
model large-scale future workloads. Similarly, a workload generator is presented by
Bahga and Madisetti |7] to evaluate cloud applications. They simulate user behavior
with inter-session times and session duration. A number of papers focus solely on
modeling job arrival rates [57, 61|, whereas our work models task arrivals, resource
requirements, and task completion times within batch services. In addition, there has
been a lot more work on VM scheduling/co-location rather than workloads in clusters
[27], where the challenges as well as the solutions are not necessarily applicable to
our problem.

One of the most popular stochastic models in time series forecasting is the

ARIMA model developed by Box and Jenkin [35]. It can capture noise, trend as
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well as the seasonal component in the dataset [48]. Rodrigo et al. [14] used it to
successfully predict hourly web requests to English Wikipedia resources. Due to its
simplicity and flexibility, it has also been used to predict cloud coverage (weather)
[104], tourist arrivals [25] and short-term resource usage in the cloud [52] with high
accuracy. We used it to model the batch-task arrival counts in our dataset. To
model the resource requirements and lifetimes, we used LSTM, a type of recurrent
neural network which excels at capturing long-term dependencies. It has been used
to model VM resource requirements and lifetime in the Microsoft dataset [27] by

Shane et al [8].

3.2 OUR APPROACH

The Alibaba dataset contains more than 14 million data points. It captures co-
located online and batch jobs from a cluster of 4034 machines over an eight-day

period. The dataset is described in detail below.

3.2.1 Alibaba Dataset and Batch Task Modeling

Alibaba’s cluster management system oversees resources for two different kinds of
workloads: online and batch. It uses two different schedulers, namely Sigma and
Fuxi, each of which operates with its own dedicated resource pool. Sigma is re-
sponsible for user-facing, long-running online services executed within containers,
while Fuxi handles batch jobs executed directly on physical hosts as shown in Figure
3.1. To facilitate improved scheduling decisions, Sigma and Fuxi share cluster state
information. The dataset collected from this system contains information about
server metadata, server usage, container metadata, container usage, and batch tasks
and batch instances, including information about status, resource usage, resource
requirements, and arrival and completion times of submitted jobs.
Batch-processing applications utilize a predefined and limited amount of re-
sources, with a low priority. When there are insufficient resources for a newly ar-

rived online job, some or all of the batch jobs are preempted to free up resources.
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Figure 3.1: The architecture of Alibaba cluster management system [5].

While batch jobs are not latency critical, preempting them leads to overhead due
to pre-emption and rescheduling. To avoid rescheduling, batch workloads are typi-
cally scheduled in windows when the arrival rate of online jobs is lower, e.g, late at
night. Such policies clearly give latency-critical applications preference over batch-
processing applications [44]. Modeling these processes (both online and batch jobs)
is imperative for better analysis and better utilization of available resources. In this
chapter, we focus on modeling batch jobs.

Each batch job consists of one or more tasks. These tasks can have de-
pendencies, where the completion of one task predicates the completion of others,
represented as a directed acyclic graph. Further, each task may create one or more
instances with the same binary code and resource requests but with different input
data. Such a task instance is the basic scheduling unit in Alibaba Cluster Manage-
ment System. The duration of a job is the sum of its task durations. The duration
of a task is the sum of the execution time of all its instances. The Alibaba dataset

contains the following information with respect to the tasks (from some batch job):

1. Start and End times.
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2. Requested CPU and memory resources

4 O
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Figure 3.2: Illustration of the Workload Prediction Model.

3.2.2 Workload Prediction Model

Figure 3.2 illustrates our workload prediction model. Using the Alibaba dataset from

Section 3.2.1, this model predicts the following:

1. The number of batch tasks that arrive within the t** 30 minute window.
2. The number of CPU, memory requirements for each arrival within the t** 30
minute window.

3. The lifetime of each arrival within the ¢ 30 minute window.

The dataset is used to train four different ML models. Specifically, the Au-
toregressive Integrated Moving Average (ARIMA) model is trained to forecast ar-
rival counts, while three Long Short-Term Memory (LSTM) networks are trained to
predict the CPU and memory requirements as well as lifetimes. In order to predict
memory requirements, we use the predicted CPU requirements as input. Conversely,
for the lifetime model, we use memory requirements as input. In Section 3.3, we
delve into the qualitative impact of using CPU requirements to predict memory and
memory to predict lifetimes. Now, we provide an overview of ARIMA and LSTM

networks, along with an explanation for our choice of these models.
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3.2.3 Challenges in Modeling Arrivals

Initially, we attempted to model batch task arrivals using Poisson Regression [29], as
used in [8]. We generated arrival counts for every 5-minute window in our data and
used Day, Hour and time interval as predictors. Our dataset did not contain explicit
information for these, but since it recorded time as elapsed seconds from the start
of trace collection, we generated synthetic day and hour information. The time-
interval for each entry was represented by an upper bound (in seconds) for every
5-minute window within an hour. The data for the 9th day was incomplete and
thus excluded from the analysis. This approach of generating data was consistent
with the methodology used by Shane et al. in [8], allowing us to apply Poisson
regression effectively. They used timestamps provided along with the VM data [27]
to extract information for the day and the hour, and used 5-minute windows along
with synthetic user IDs to group arrivals into clusters. The results for our Poisson

Regression model are illustrated below.
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Figure 3.3: Poisson Regression with predictor variables: day, hour and
time-interval.

While the results appear visually reasonable, the model had large Deviance
and Pearson Chi-squared values that indicate poor model fit, as suggested by [29, 80].
This implies that the dataset does not align well with the assumed Poisson model.

To explore alternatives, we used a Negative Binomial Regression model [29], which
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produced similar results.

The data exhibits bursty behavior that results in deviations from the Poisson
process. This burstiness likely arises from tasks that follow a Poisson arrival pattern
but subsequently trigger additional tasks that do not. In a true Poisson process,
arrivals are independent and do not cause or interact with others. More than 75%
of batch tasks are dependent on at least one other task [5], violating the Poisson
assumption.

In [8], group arrivals were modeled as Poisson, while the individual arrivals
within each group were not. They focusing solely on the first event in each group
and fitted these events to a Poisson distribution to achieve a close match between
generated and observed data. This suggests that their group arrivals are memory-
less, meaning that tasks arrive independently of one another, without coordinated
behavior between users. In our dataset, we hypothesized that using "job id" could
be the key to define group arrivals, identified when the first event in a job occurs.
This might offer behavior closer to obeying the Poisson criteria, as batch tasks are
mainly dependent on other tasks that belong to the same job.

The load generation framework based upon task groups had two phases:

e Batch Arrival Generation: Predict group arrivals using a Poisson model.
e Batch Content Generation: Populate the group with arrival events that

are clustered closely together.

We tested models based on independent tasks using both Poisson and Neg-
ative Binomial regression, defining groups based solely on 5-minute time intervals.
The results suggested that neither model is sufficient to fully capture the bursty
nature of the arrivals, as exemplified in Figure 3.4: .

Next, we refined the group definition based upon batch job_id. We noticed
the same job_id can reflect periods of activity followed by periods of relative in-
activity. To capture the bursty periods without the inactivity, a group is defined as
“a set of tasks from the same job within the same 5-minute period.” After excluding

data from Days 1 and 9 due to instability, the results were as follows:
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Figure 3.4: Poisson Regresson for Independent tasks.
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Figure 3.5: Poisson Regression using Job Ids.

Ultimately, none of these approaches proved effective, indicating a need to

explore alternative techniques to model the bursty behavior of arrivals.

3.2.3.1 ARIMA for Arrivals

In the statistical parlance, the sequence of arrival counts within successive 30 minute
windows constitutes non-stationary time series data. This data may exhibit varia-
tions, such as higher workload arrivals during the day compared to night. This trend
may vary across days of the week, e.g., the weekends may be quieter. The ARIMA
model is a popular statistical method that is often used to fit non-stationary time

series data. It can also account for seasonal patterns in the data. In summary, the
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ARIMA model has three key components:

e “AR” (Autoregressive): This component accounts for temporal dependen-
cies by regressing over the past values of the evolving variable - arrival counts
in our case.

e “I” (Integrated): It involves differencing the data to achieve stationarity,
enabling more accurate predictions.

e “MA” (Moving Average): This component considers moving averages to
capture the average changes in values, which helps in understanding the evolv-

ing patterns of arrival counts over time.

These three components are defined by the primary model parameters: p,
d and ¢, for the non-seasonal aspects of the data, and P, D, () for their seasonal
counterparts. Additionally, the model can be parameterized by the number of periods
within every season, denoted as s. It is trained using the Box-Jenkins method [35],
[89]. Recall that the Alibaba dataset contains the start times for batch tasks over an
eight day period. As a preprocessing step, these start times are used to generate the
time series dataset that is the number of arrivals within each 30-minute window. The
ARIMA model is trained using this transformed dataset for prediction and analysis.
The dataset is divided into 30-minute intervals, as using shorter intervals would
result in longer seasonal periods, which can pose challenges for ARIMA modeling

[51].

3.2.3.2 LSTM for CPU, Memory and Lifetimes

We used LSTM networks to predict the CPU and memory requirements, and the
lifetime of a batch task. Unlike a regular feed-forward network, LSTMs are artificial
neural networks capable of processing feedback [49]. They are composed of special
long short-term memory units designed to capture temporal information effectively.
LSTMs are particularly well-suited for time series forecasting applications, especially
when datasets contain relevant events separated in time. In the Alibaba dataset, the

task executions are governed by a dependency graph. Specifically, a task may only

40



be executed provided that predecessor tasks have already been executed. When
predicting the resource requirements (CPU, memory) or lifetime, it is important to
consider other related tasks that have been submitted for execution.

The Alibaba dataset features 16 distinct CPU and over 300 unique memory
values. To address these different prediction tasks, we use two separate LSTMs. In
particular, we train the CPU-LSTM as a 16-class classifier whereas the memory-
LSTM is trained using regression. Additionally, we include requested CPU as an
input feature when predicting memory. However, our findings in Section 3.3 show
that the inclusion of CPU does not significantly enhance the accuracy of memory
predictions; memory can be predicted accurately without explicitly considering CPU.
Lastly, we consider the problem of predicting task lifetimes. In the dataset, each
task is associated with one of four states: terminated, running, waiting or failed.
Our analysis focuses exclusively on predicting successfully terminated tasks, which
account for over 98% of the dataset. As in the case of memory, we employ an LSTM
model trained through regression to predict the lifetime of a task. The LSTM takes

the (predicted) memory requirement as an additional input.

3.3 EXPERIMENTAL SETUP

In order to present our numerical results, we need to first specify the setup used to
conduct the various experiments. We used Python 3.10 for all of our experiments.
Our models are ML based, and Python provides sufficient libraries to implement

them.

3.3.1 Data Preprocessing

Since we wish to predict the number of batch arrivals in a given 30-minute window,
we begin by preprocessing the dataset to generate time series data containing task
arrival counts in consecutive 30-minute windows. As each task is associated with
a start and an end time, this preprocessing step is fairly straightforward. We use

ARIMA to fit the resulting time series data. We use Python’s pmdarima package
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[11], and call on the function auto-arima for training on the arrival count time
series.

The CPU and memory requirements, and the completion times are fitted
using LSTM networks. As there are only 16 unique values for CPU, we solve the
CPU prediction as a classification problem. For memory and lifetime predictions, we
adopt a regression approach. We use the keras API, which is developed by Google

and is a popular choice to train neural networks, to train our LSTMs.

3.3.2 Selecting Hyperparameters

We begin by noting the hyperparameters for the seasonal ARIMA model. In tra-
ditional ARIMA models, three key values must be specified: p, the number of au-
toregressive terms; d, the degree of differencing applied to make the data stationary;
and ¢, the number of moving average terms. Seasonal ARIMA (SARIMA) models
extend this by also requiring the specification of seasonal parameters: P (seasonal
autoregressive order), D (seasonal differencing order), @) (seasonal moving average
order), and s (the length of the seasonal cycle). The parameter s varies depending
on the recurrent periodicity in the data. For instance, a daily periodicity corre-
sponds to a value of 7, while weekly and monthly periodicities have values of 52 and
12, respectively. In our case, we are modeling day-over-day seasonality in an 8-day
dataset, with arrival counts aggregated over 30-minute periods each day. Therefore,
the value of s is set to 48, which corresponds to the number of 30-minute buckets in
a 24-hour day. The ARIMA hyperparameters are tuned using the Alibaba dataset
to increase prediction accuracy by the auto—arima function. The recommended
model uses p = 4, d = 0, ¢ = 3 in the non-seasonal part and P = 2, D = 0 and
@ = 1 to model the non-seasonal components of the data.

Now, we look at the hyperparameters tuned for the LSTMs used to predict
the resources and the lifetime. We use the same LSTM network for the three pre-
diction tasks. In particular, all our LSTMs are single layered with 32 hidden LSTM
activations. The classification-LSTM uses a soft-max output layer, while the other

two LSTMs use a linear output layer. Since LSTMs are trained using the Back-
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Propagation Through Time (BPTT) algorithm, we need to specify the number of
steps in time that the BPTT algorithm must look back. Our models look 10 steps
back in time. The optimizer used is the Stochastic Gradient Descent (SGD) with
momentum algorithm. We use a decaying learning rate starting from 0.001 and a
momentum value of 0.9. The learning rate decays as a function of the epochs. When
it comes to the loss functions, the classification problem uses the cross-entropy loss,

and the regression problems use the mean-squared loss.

3.4 EXPERIMENTAL RESULTS

We present the results from various experiments in this section. We start by looking

at the task arrivals prediction model.

3.4.1 ARIMA - Arrivals

It is essential to eliminate non-stationarities in data for ARIMA to have a high
prediction accuracy. There is an “initial differencing” step in ARIMA that is repeated
a few times in order to eliminate non-stationarities. The number of repetitions
are determined by the parameter d. In order to find the optimal d, we used the
Augmented Dickey-Fuller (ADF) statistical test [36]. The general guideline for the
ADF test is that if the p-value is less than the critical value of 0.05, the d differencing
steps have eliminated trends. In our case, for the chosen d parameter value of 1, the
p-value was 4.5e — 07 which is less than 0.05.

All time series data have four components: average value, trend (i.e. an
increasing or decreasing mean), seasonality (i.e. a repeating cyclical pattern), and
residual (random noise) [70]. Trends and seasonality are not always present in time
dependent data, so we performed decomposition to identify any underlying seasonal
patterns. Figure 3.6 illustrates the decomposition of the arrival counts data, where
it clearly displays daily seasonality. As a result of this analysis, we decided to use
SARIMA instead of ARIMA to model arrival counts.

Figure 3.7 shows the modeling results for the number of task arrivals per 30-
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Figure 3.6: Time series decomposition of arrival counts.

minute time intervals using SARIMA. The model uses 70% of the data for training

and 30% for testing. As shown, the predicted values effectively capture seasonality

as well as the bursts in the data.
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Figure 3.7: Prediction results for ARIMA model.

We use prediction intervals to evaluate our model using Root Mean Squared

Forecasting Error (RMSFE) [10]. The validity of this approach relies on the as-

sumption that the residuals of our validation (or test) predictions are normally

distributed. To test this assumption, we used a Probability-to-Probability (PP)

plot, and tested the normality of our prediction errors using the Anderson-Darling,
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Kolmogorov-Smirnov, and D’Agostino K-squared [69] tests. The PP-plot compares
the data sample with the plot of a normal distribution. Ideally, when the data fol-
lows a normal distribution, the data points align to form a straight line. The three
normality tests use p-values to determine how likely it is that a data comes from a
population that follows a normal distribution. If the p-values for all tests are greater
than a chosen « threshold, there is evidence to suggest that the data comes from a
normal distribution. Figure 3.8 shows that all three tests returned a p-value larger

than the @ = 0.01, therefore, indicating that our data points come from a normal

distribution.
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Figure 3.8: Probability-to-Probability (PP) Plot and Normality Tests for
prediction errors in ARIMA model.

In a normal distribution, approximately 95% of the data points lie within
1.96 standard deviations of the mean. Hence, to determine the size of our predic-
tion interval, we multiplied 1.96 by the RMSFE for our arrival counts model. The
results, as shown in Figure 3.9, indicate that our model captures over 94% of the
data points within the 95% prediction interval. The line in the figure represents
the mean of predictions. Our model tends to slightly overestimate the arrivals in
approximately 90% of the cases. This indicates that while our model can be utilized
for an informed planning of the future through forecasting, it also exhibits the abil-

ity to accommodate small estimation errors and operate under small variations in
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Figure 3.9: Actual and generated (with mean and 95% prediction inter-
vals) arrival counts.

We modeled individual arrivals within each 30-minute period by a Poisson
process. Since a randomly distributed set of arrival times will have subsequent times
exponentially-distributed, we modeled individual arrivals in any given 30-minute
period by sampling its arrival count from a uniform distribution. The actual and

generated results for one time period are shown in Figure 3.10.
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Figure 3.10: Actual and generated individual arrivals over one time pe-
riod.
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3.4.2 LSTM - CPU, Memory, Lifetime

As stated earlier, we model both resource requirements and task lifetime in our
dataset using LSTMs. Note that the resource requirements include both CPU and

memory resources.

3.4.2.1 CPU

Considering that our dataset contains only 16 unique values for CPU, we opted for
a classification approach to model CPU. The dataset was divided into three subsets:
training, validation, and testing, with 75% of the data allocated for training and
validation, and the remaining 25% for testing. The input data was one-hot encoded
before feeding it to LSTM. To train our model, we used time series cross validation
with £ = 10. Our LSTM comprised of a single layer with 32 hidden nodes and used
the SGD optimizer with a decaying learning rate of 0.001. The loss was calculated
using the ‘cross-entropy’ function. The cross-entropy for different epochs and time
series cross-validation splits for the training and validation sets can be observed in

Figure 3.11 and Figure 3.12, respectively. The loss for the test data was 0.795.
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Figure 3.11: Cross entropy training Figure 3.12: Cross entropy valida-
loss for CPU. tion loss for CPU.

Although loss is a useful metric for assessing the performance of our CPU
model, the F1 score provides a more comprehensive evaluation of its accuracy. The

F1 score is an ML evaluation metric that combines precision and recall scores to
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measure the class-wise performance of a classification problem. It is particularly
beneficial when dealing with imbalanced class distributions within the dataset. Fig-
ure 3.13 shows the frequency of occurrence for all the CPU classes along with their
prediction frequency using our LSTM model. The two classes - 50 and 100 - occur
in more than 80% of the dataset and our model is able to predict them with similar
frequency. Apart from that, Figure 3.14 shows the F1 scores for all the classes
(except for one, i.e., 12 which was neither predicted nor was part of the test data
used to generate these results). Here again, the results show that the model works
well with the two most frequently occurring classes and the class 400. The remaining
classes are taken as outliers.
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Figure 3.13: True and predicted frequency
for CPU classes.

1.00

0.75
0.50
0.25
0.00

9 QO S S A \QQ N 'bQQ @Q %QQ Q,QQ /\QQ %QQ QQQ

F1 Score

CPU Resources

Figure 3.14: F1 score for CPU classes.

Given that our model predicts three classes well, we pool groups of CPU

requirements together in order to reduce the number of classes, and also to reduce
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class imbalance. To do so, we divide our dataset into three classes, with 50 and
100 remaining intact. The newly created class contains all the other less frequently
occurring classes and is named 500. If we train our model with this new dataset, we
get the results shown in Figure 3.15 and Figure 3.16. As expected, our F1 scores
for the individual classes increased by grouping the less frequently occurring classes
together.
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Figure 3.15: True and predicted frequency
for grouped CPU classes.
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Figure 3.16: F1 score for grouped CPU
classes.

Since the values in the new class vary widely, if we make a prediction of CPU
resources to be “5007”, then that value could be as low as 5 and as high as 1000. To
make a reasonable prediction within this group, we build an empirical distribution
(sample frequency = no. of samples of a particular class/ total number of other
classes) over these classes by using the dataset at hand. Every time our model

predicts 500, we sample from this distribution. So, on an average, our model does
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well.

3.4.2.2 Memory

When modeling memory resources for batch tasks, we considered two options: 1)
treating memory as a standalone time series without any additional features, and 2)
incorporating CPU as a feature. To assess the impact of CPU resources on improving
the effectiveness of our predictive model, we calculated the importance scores for the
CPU feature. To do so, we scaled the data using Min-Max between 0 and 1, fitted
a linear regression model on the regression dataset and extracted the coefficients
assigned to each input variable [6]. These coefficients serve as a basic measure of
feature importance. The importance score obtained for CPU was 0.00392. As this
value is positive, it suggests that the inclusion of CPU values does not hinder the
learning process of our model. Instead, it indicates a minor positive influence of CPU
on predicting memory requirements. Consequently, we decided to include CPU as a
feature in our LSTM model for memory prediction.

Our memory LSTM comprised of a single layer with 32 hidden nodes and used
the SGD optimizer with a decaying learning rate of 0.001. The loss was calculated
using the Mean Squared Error (MSE) between the true and the predicted values.
The loss for different epochs and time series cross-validation splits for the training

and validation sets can be observed in Figure 3.17 and Figure 3.18, respectively.
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Figure 3.17: MSE training loss for Figure 3.18: MSE validation loss for
memory. memory.
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The loss for the test data is 1.88e — 04 when the values have been scaled
between 0 and 1. Since the original values of memory in the dataset are also nor-
malized and range between 0 and 100, we can simply multiply the loss by 100 to get

the loss for the original data. The value is less than 1% in both the cases.

3.4.2.3 Lifetime

Task lifetimes are also predicted using an LSTM model with regression. In order to
assess the significance of resource requirements in determining the duration of tasks,
we once again calculated the importance scores for CPU and memory features using
linear regression. Interestingly, we observed a negative importance score of —0.87 for
CPU as a feature, indicating its limited impact on predicting task lifetimes. On the
other hand, the memory feature exhibited a considerably higher importance score of
350.26. One possible explanation for this is the significantly lower diversity of unique
values in the CPU data compared to memory. Therefore, to model task lifetimes,
we included only the memory feature.

The LSTM model used for predicting task lifetimes is similar to the one
employed for modeling memory. Both models utilize MSE losses during training.
The results for our training and validation losses for the lifetime model are shown in
Figure 3.19 and Figure 3.20, respectively. When evaluated on the test data, which
accounts for 25% of the dataset, our model achieved a loss of 1.94e — 06. These

results demonstrate the high accuracy of our model in predicting task lifetimes.

3.5 USE CASES

In this section, we explore multiple use cases of our model, including capacity plan-
ning, task scheduling, and stress testing. We will present empirical results for ca-
pacity planning and briefly discuss how our model can optimize task scheduling and

facilitate effective stress testing.
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Figure 3.19: MSE training loss for Figure 3.20: MSE validation loss for
lifetime. lifetime.

3.5.1 Capacity Planning

Capacity planning involves predicting future demand to ensure an adequate supply
of resources. In traditional data centers, a common approach to capacity planning
is to base decisions on current resource usage and load measurements. By providing
an accurate forecast of variations in resource requirements, we can effectively plan
and allocate the necessary resources to meet future demands. For example, we can
accurately generate a load that is double the current load and determine how well
existing or proposed resources handle that load.

Some of the major cloud providers [8] heavily rely on accurate forecasts of
resource usage to make informed server purchasing decisions and identify any po-
tential bottlenecks or performance issues. We evaluated how well our system can
support this use case by considering how well it generates forecasts for the memory
size active at each moment of the test window. The same can be done for total
number of CPUs.

To evaluate the quality of our forecasts, we calculated the proportion of true
data that falls within the 95% prediction interval. The results in Figure 3.21 demon-
strate the exceptional accuracy of our model in predicting future memory resources.
The prediction interval covers over 95% of the data points, indicating the model’s

high precision.
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Figure 3.21: Actual and generated (with mean and 95% prediction inter-
vals) memory size.

3.5.2 Scheduler Testing

Scheduling workload entails assigning job requests to specific physical servers. In
the case of Alibaba Cloud, various types of imbalances, such as spatial and temporal
imbalances, as well as imbalances in resource usage and demands, have been observed
[65]. Therefore, it becomes crucial to employ intelligent scheduling techniques to
balance the workload distribution and mitigate hot-spots in machine utilization. By
doing so, the efficiency of the cluster can be significantly improved.

Our workload models can be used to test schedulers on Alibaba servers by
generating realistic estimates of increased workloads that can be used to test sched-

uler performance, as well as the effect of increasing or decreasing resource availability.

3.5.3 Stress Testing

With the addition of a job generator that adds job parameters, our generative model
of Alibaba Cloud workloads can simulate realistic load traces, including job calls,
that accurately mimic real-world usage patterns. These synthetic traces allow us
to stress test the cloud infrastructure by simulating workloads that exceed normal
usage levels. This approach enables us to evaluate whether the architecture can

effectively handle unexpected spikes in demand or increased user loads, ensuring
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both scalability and robustness under diverse conditions.

3.6 CONCLUSION AND FUTURE WORK

In this chapter, we considered the problem of building a predictive model for co-
located tasks in a cloud computing environment. We started by looking at the
Alibaba dataset that contains the following data for an eight day period: (a) online
and batch task arrivals (co-located) (b) CPU and memory requirements for each
task (c) tasks lifetimes. We trained an ML model using this dataset to predict the
number of batch tasks that arrive in a 30-minute window, the associated CPU and
memory requirements, and their lifetimes. We used Seasonal ARIMA to predict
the batch-task arrival counts and three different LSTM networks to predict CPU,
memory and lifetime for an arriving task. Our results show that our trained models
accurately forecast the number of batch task arrivals in 30-minute windows as well
as their associated CPU, memory requirements, and lifetimes.

While our primary focus in this work is on generating realistic workload
simulations, we acknowledge that directly measuring the impact of these predictions
on system performance is still a challenge. Although we have developed the models
to simulate load effectively, the current phase of our work does not involve real-time
assessments of how these generated loads influence system performance. Instead,
our emphasis lies in understanding the dynamics of workload generation through
the ARIMA and LSTM models, setting the stage for future research that could
explore the real-time implications of these simulated workloads on system behavior.

Looking ahead, we aim to generalize our prediction model through the use
of probabilistic generative models. A probabilistic model, e.g., to predict the CPU
resources, implies that we can sample from a distribution over a valid set of CPU
values. Hence, our model will predict different sequences of CPU requirements for
different runs. Training a task scheduler with this probabilistic framework will sig-

nificantly enhance its robustness and adaptability.
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3.6.1 Limitations of the Dataset

One of the major limitations of our dataset in its architecture diversity. Our models
have primarily been trained on specific types of workloads and hardware configura-
tions, which may not fully capture the complexities of modern cloud environments,
including those utilizing GPUs or other architectures. As cloud workloads continue
to evolve, it is crucial to investigate how ARIMA and LSTM techniques can adapt
to these changes and perform under different conditions.

Future work will involve testing our models across a broader range of ar-
chitectures and workload types to assess their generalizability. By exploring these
variations, we hope to refine our approach and better prepare for the diverse demands

of contemporary cloud computing environments.
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Chapter 4

Optimizing Cloud Resource
Utilization with Deep

Reinforcement Learning

In large production clusters, multiple workloads are collocated on the same machine
to achieve operational efficiency at scale |5, 84]. They share the underlying physical
resources of the machine such as CPU, cache, memory, disk, and network-bandwidth.
However, the challenge of resources being underutilized or over-utilized may arise as
a result of improper scheduling, which in turn leads to inefficient usage of cloud re-
sources [50]. Resource management in a cloud environment is even more challenging
because cloud workloads exhibit highly dynamic variations and unexpected bursts
in terms of task submission rates. As a result, the task scheduler must be designed
to withstand and adapt to these dynamic changes in submitted tasks [100]. To ef-
ficiently use cloud resources, the task scheduler must target operational excellence
by improving overall cluster utilization and minimizing resource fragmentation [73],
while also meeting SLA requirements [81]. Finding optimum initial placement for
the workloads is crucial as later migration has a high overhead and causes degraded
user-experience [37].

To address the above challenges, a well-designed cloud task-scheduling ap-
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proach is essential. Several solutions have been proposed for task scheduling includ-
ing methods focused on scheduling problems for offline batch tasks, however they are
not suitable for highly dynamic workloads [100]. For online task-scheduling methods,
existing solutions use hand-crafted heuristics that cannot automatically adapt to the
change of the environment and optimize for specific workloads [62, 63]. Reinforce-
ment learning (RL) approaches are particularly well-suited for resource management
systems. They can model complex systems and decision-making policies as deep
neural networks analogous to the models used for game-playing agents [71]. More-
over, it is possible to train them for objectives that are difficult to optimize directly
(because they lack precise models) by using reward signals related to the objective
[66]. Finally, by continuing to learn, an RL agent can optimize for a specific workload
[66].

In this work, we model the task scheduling problem as a deep reinforcement
learning (Deep RL) task. A common practice to improve cluster resource efficiency
is to maximally pack jobs on the least number of machines [107]. For example, sys-
tems like Google Borg [99] and Tetris [42] use multi-resource bin packing to minimize
resource fragmentation and optimize server utilization. In this work, our primary
focus is on building a self-learning scheduler that maximizes cloud resource utiliza-
tion by strategically delaying jobs and consolidating them onto the fewest number of
machines possible. We specifically target batch tasks as they are less time-sensitive
[54], so that the introduced delays are expected to have minimal impact. Further-
more, since most batch jobs are small and short in duration [43], any delays incurred
to optimize packing efficiency are hopefully insignificant.

Deep RL techniques have been successfully applied to multi-resource cluster
scheduling problems in the past [32, 66, 73, 109]. While some of this work focused on
the policy gradient method REINFORCE [66, 73|, others used a value-based algo-
rithm like Deep Q-Network (DQN) [32, 109]. We investigate the use of both Policy
Gradient and DQN approaches to enhance batch tasks scheduling. The differences
observed between these two methods in terms of achieving optimal results, and com-

putational time can assist in identifying the most appropriate approach for various
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scenarios.

4.1 BACKGROUND

In this section, we provide a brief overview of the RL techniques that serve as the
foundation for our work. Additionally, we outline the two deep reinforcement learn-
ing algorithms, policy gradient and DQN, that we applied to resource scheduling

management.

4.1.1 Reinforcement Learning

Consider Figure 4.1 which shows the general structure of RL with the policy rep-
resented as a deep neural network. One of the key components of RL is an agent
that learns to make decisions by performing actions in an environment to maximize
some notion of cumulative reward. During its interaction with the environment and
at each time step t, the agent observes a state s; and selects an action a; based on
that state. After the action is taken, the environment transitions to a new state s;1
and the agent receives a reward r;. These state transitions and rewards are stochas-
tic and follow the Markov property, indicating that the transition probabilities and

rewards depend solely on the current state s; and the action a; taken by the agent.

Reward r
Agent
state Take action a Environment
S
parameter 6

Observe state s

Figure 4.1: Reinforcement Learning with policy represented via DNN
[66].

The objective of learning is to maximize the expected cumulative discounted
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reward: E [>°7° 7'r¢|, where v € (0,1] is a discount factor that determines the im-
portance of future rewards. When = is close to 1, future rewards are given significant
weight emphasizing long-term gains. Conversely, when ~ is close to 0, immediate

rewards are prioritized and the agent focuses on short-term benefits.

4.1.2 Policy

In RL, a policy is a strategy that determines the behavior of an agent in an environ-
ment. It defines the mapping from states to actions, indicating what action the agent
must take in each state to achieve its objectives. The policy can be deterministic:
m:S — A, where S is the set of states and A is the set of actions, or stochastic:
m:SxA—[0,1], where 7(s, a) represents the probability of taking action a in state
s.

In many RL problems, the state and action spaces are continuous or have
a large number of possible states and actions, making it impractical to use tabular
representations and leading to the use of function approximators [67]. A function
approximator contains a number of adjustable parameters (e.g., weights in a neu-
ral network), denoted as 6, that the agent learns through training. The policy is
represented as my(s, a).

Deep neural networks (DNNs) [45] have recently emerged as effective func-
tion approximators for solving large-scale RL tasks [66, 105]. They can approximate
complex functions, allowing them to efficiently represent policies or value functions
in continuous or high-dimensional spaces. DNNs also have the ability to generalize

from observed data to unseen situations.

RL can be divided into two categories: value-based and policy-based methods [105].
While policy gradient methods and DQN are both popular approaches in RL lever-
aging deep neural networks, they differ in their fundamental strategies for learning

optimal policies.
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4.1.3 Policy Gradient

Policy gradient methods optimize the policy directly. The policy is usually modeled
with a function my(s, a) parameterized by 6, and the objective is to find the optimal

set of parameters that maximize the expected cumulative discounted reward:

J(H) - Eﬂe

o

> o)

t=0

where +y is the discount factor, r; is the reward at time step ¢, and 7y represents the

policy parameterized by 6. The goal is to find #* such that J(6*) is maximized.
The REINFORCE algorithm [92] is a simple policy gradient method that

updates the policy parameters based on the gradient of the expected cumulative

reward. The update rule is given by:
0 < 0+ aVglogmy(s,a)Ry

where « is the learning rate, Vglogmy(s,a) is the gradient of the log probability of
taking action a in state s with respect to the policy parameters 6, and R; is the
return at time step t.

To estimate the gradient, the REINFORCE algorithm uses Monte Carlo sam-
pling [47] to generate trajectories from the environment. After each trajectory, the
algorithm computes the return R; and updates policy parameters accordingly. By
iteratively sampling trajectories and updating policy parameters, the REINFORCE

algorithm gradually learns a policy that maximizes the expected cumulative reward.

4.1.4 Deep Q-Network (DQN)

Value-based methods in reinforcement learning aim to estimate the value function,
which represents the expected cumulative rewards of following a particular policy in

a given state or state-action pair. The value function can be defined as:
[ee]
Q" (s,a) =E, Zytrt | so =s,a0=a
t=0
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where Q7 (s, a) is the value of taking action a in state s under policy 7, 7y is
the discount factor, and r; is the reward received at time step ¢t. The goal is to find
the optimal value function Q*(s, a) that maximizes the expected cumulative reward.

The Deep Q-Network (DQN) [71] algorithm is a value-based method that
uses a deep neural network to approximate the optimal value function Q*(s,a). The
network takes a state s as input and outputs the estimated value of each action
a in that state. The algorithm objective is to minimize the difference between the
predicted values and the target values, which are updated iteratively using a Bellman

equation-based update rule:

Qo) - (1= Qo)+ (74 e QL))

where Q(s,a) is the estimated value of action a in state s, « is the learning
rate, r is the reward received after taking action a in state s, s’ is the next state, a’
is the next action, and + is the discount factor.

The DQN algorithm uses experience replay and may use a separate target
network to stabilize training and improve convergence [46]. It samples experiences
from a replay buffer to train the network, and periodically updates a target network

with the parameters of the main network to provide stable target values for training.

4.2 PROBLEM FORMULATION

In this section, we describe the architecture for our online multi-resource cluster
scheduling formulated as a deep reinforcement learning task. The workload sched-
uler is represented as an agent and the scheduling policy is encoded in a neural
network. For an incoming job, the trained network policy takes actions: it deter-
mines on what machine the service must be placed to optimize various metrics of
operational excellence, including maximizing resource utilization and, minimizing
resource fragmentation and number of machines used [73].

The environment consists of a set of N machines where the incoming jobs
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are to be scheduled. Each machine has C} amount of physical capacity for different
resource types. For our model, we consider only two resource types: cpu and memory.
For an incoming job j, the agent observes the resource usage of the machines along
different resources and based on that schedules j on a particular machine. Along
with observing the current placement map of different services running on machines,
the agent also keeps track of the number of jobs waiting in the queue to be scheduled.

The jobs arrive in the cluster in discrete steps. For each job, we assume
that its maximum resource usage and duration is known upon arrival. Moreover, we
assume that the jobs cannot be preempted and must run to completion once they

are scheduled.

4.2.1 State Space Representation

The state of the system is represented using distinct images for different resources
of each machine and the backlog queue. A similar representation is used by [66]
for their environment with one machine, first M jobs waiting to be scheduled and a
backlog queue. The different colors in the images show the allocation of resources to
different jobs. The physical units of a resource available on a machine increase along
x-axis while the timesteps increase along the y-axis. At any point, the scheduler can
view the current schedule of the jobs looking at 1" timesteps ahead into the future
and based on that schedule the incoming job. An example input state representation
is shown in Figure 4.2 with three machines and one backlog queue. The blue job is
scheduled to begin at ¢ = 1 and run until ¢ = 3. It uses one unit of CPU and two

units of memory.

4.2.2 Actions

At any point in time, the agent looks at the first job in the queue (if any) and assigns
it to one of the machines. Therefore, the action space consists of the N machines
on which jobs can be scheduled and is given by a = {0,1,..., N — 1}. The job is
allocated to a machine only if its resources requirements are fully met starting at

any t < T and it can run upto completion by at most T timesteps represented in
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Figure 4.2: State space representation with three machines.

the state.

In order to schedule multiple jobs in one timestep, the agent keeps on schedul-
ing jobs without proceeding in time until no more jobs are left in the queue, or it
picks a machine which does not have enough resources to schedule the job [66]. When
the time proceeds, the cluster images shift up by one timestep and the newly arriving

jobs are added to the queue.

4.2.3 Rewards

We use negative rewards or penalty to train our RL agent. These, along with several
other rewards, have been used in [73| to schedule time-varying workloads using a

deep reinforcement learning based approach.

Under-Utilization Penalty: To increase the overall utilization of the cluster by
enabling the scheduler to achieve tighter packing and utilize fewer machines whenever
possible, we use a penalty that is proportional to the total unused resources in the
active machines. An active machine is defined as one that is running at least one

workload. In our state representation, empty pixels indicate the number of unused
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resources at any given time.

Pr==Y_ Y |Un(t,r)]*K, (4.1)

T meEM,

where Uy, (t, d) represents the unused resources for machine m at time ¢ across
resource r. The constant K, serves as a weighting factor and M, denotes the set of

active machines.

Wait-Time Penalty: To discourage the scheduler from delaying scheduling re-
quests excessively while seeking a more optimal placement, we introduce a penalty
proportional to the number of pending requests in the queue (|@Q¢|). This penalty is

calculated by multiplying the number of waiting requests by a constant factor (K,).
Py = —|Q¢| * Ky (4.2)

Adjusting the weight K, in the penalty function helps the scheduler avoid

queue overflows leading to job drops.

4.2.4 Metrics for Operational Excellence

We use the following metrics [37, 73] to evaluate improvements in the cluster’s op-
erational efficiency. Let T represent the duration of the observation period until all

jobs are completed.

Resource Utilization: This metric measures the average utilization of the cluster

for each resource type:

: _ Ztho Zm R(ma ta T)
Ave Util(r) = T x max; A(t) x C. x L (43)

Here, the maximum number of machines used at any point serves as a nor-
malizer in the denominator. R(m,t,r) denotes the resource usage of machine m at

time ¢ across resource r. L denotes the number of future timesteps considered for
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each machine. Higher utilization is considered better.
Resource Fragmentation: This metric quantifies the concentration of unused
resources within the cluster:

o Zf:o maXyeA(t) Um(tv T)
T X Y meaq Un(t,7)

Avg Frag(r) =1 (4.4)

Lower fragmentation indicates a higher ability of the cluster to accommodate
unexpected large jobs. U, (t,d) represents the unused resources of machine m at

time ¢ across resource 7.

Max Machines Used: This metric reflects the count of machines that had at least

one job scheduled on them at any point in time.

Job Delay: This metric calculates the average delay experienced by jobs, measured
in time units. The delay is defined as the time difference between a job’s submission

time and the time when it starts running.

4.3 TRAINING ALGORITHMS

Our training algorithms using the two Deep RL approaches: REINFORCE and
DDQN are described below.

4.3.1 REINFORCE

Our training algorithm using REINFORCE [91] is outlined below. The neural net-
work represents the policy and is known as the policy network. It takes a set of
images as input as described in 4.2.1 and generates a probability distribution over
all possible actions. The agent then samples an action from this distribution. We
train the policy network in an episodic manner, as REINFORCE relies on collecting

the complete trajectory of states, actions, and rewards for an entire episode before
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updating the policy. Within each episode, a fixed number of jobs arrive and are

scheduled. The episode concludes when all jobs have completed execution or the

maximum episode length is reached. To ensure the policy generalizes effectively, we

incorporate multiple instances of job arrival sequences during training. During each

training iteration, we simulate N episodes. The resulting data is then leveraged to

enhance the policy. Specifically, we record state, action, and reward information

for all time steps within each episode. These values are then used to compute the

(discounted) cumulative reward, vy, at each time step ¢ of each episode.

Algorithm 1: Training Algorithm using REINFORCE

1: Input: Policy parameterization my, learning rate «, discount factor
2: Initialize policy parameters 6
3: for epoch =1 to M do

4: AO +— 0
5.  for episode =1 to N do
6: Sample a trajectory 7 = {s1,a1,71,...,8L,ar,rr} using policy my
7. end for
8:  For each trajectory, compute the return v; for each time step t¢:
of =2t
9: fort=1to L do
10: Compute the baseline: by = - SN
11: for episode =1 to N do
12: Compute the policy gradient: Af <+ A0 + aVylogmg(ss, ar)(ve — by)
13: end for
14: end for
15:  Update the policy parameters: 6 < 6 + A6
16: end for

In REINFORCE, calculating the policy gradient often leads to significant

variance, which results in slow unstable learning. To address this, a common strategy

is to subtract a baseline value from the returns v;. We determined the baseline by

computing the average of the return values vy across all episodes within an epoch, at

the same time step t. A similar approach has been used in [66] for multiple jobsets.

Our results with and without baseline for the first 2500 epochs are shown in 4.3.
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Figure 4.3: Learning curve with REINFORCE training algorithm at 50%
load with and without baseline.

4.3.2 DDQN

We train the neural network using Double Deep Q-Network (DDQN), a variant of
DQN that mitigates the overestimation bias observed in DQN, learns more stable
Q-values and converges faster [46]. In DQN, a single neural network is used to select
actions and estimate Q-values, however DDQN uses two separate neural networks:
a policy network and a target network. The policy network takes a set of images as
input, as described in Section 4.2.1, and outputs Q-values for all possible actions.
The agent then selects actions based on these Q-values using an e-greedy strategy,
balancing exploration and exploitation. We also use an experience replay that stores
the transition, consisting of the previous state, action, reward, and next state, in
a replay buffer. The policy network is trained periodically using samples from the
replay buffer. Instead of directly using the Q-values predicted by the policy network,
the target network is used to estimate the value of the next state. The parameters
of the target network are updated in regular intervals to match those of the policy
network, ensuring a more stable estimation of the Q-values. The training algorithm
using DDQN is shown below.

Once more, we train the policy network episodically. While it is possible to

train DDQN per timestep, we found that adopting a finer granularity for our partic-
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Algorithm 2: Training Algorithm using DDQN
1: Input: Replay buffer B, Q-networks @ and @', target update frequency 7,
learning rate «, discount factor -~y

2: Initialize @ with random weights

3: Initialize target network weights Q' < Q

4: Initialize empty replay buffer B

5: for epoch =1 to M do

6: for episode =1 to N do

7 Initialize state s

8: for step =1 to L do

9: Select action a using an e-greedy policy based on @)

10: Execute action a, observe reward r and next state s’
11: Store transition (s,a,r,s’) in B
12: 5+ s
13: end for
14: Sample mini-batch of transitions (s;,a;,r;, 3;) from B
15: Calculate target y; = r; +7Q' (s}, arg max, Q(s}, a;0);07)
16: Update @ by minimizing the loss: £ = & >.(Q(sj,a;:0) — y;)?
17 end for
18:  Every 7 episodes, update target network: Q' + Q
19: end for

ular scenario led to a substantially larger computation time without any significant

performance gains.

4.4 EVALUATION

We perform a preliminary evaluation of the two Deep RL algorithms: REINFORCE

and DDQN to answer the following questions.

e When scheduling batch services that use multiple resources, how do REIN-
FORCE and DDQN compare with each other and other state-of-the-art mech-
anisms like Packer and Best-Fit?

e How long do the algorithms take to train?

e Which algorithm shows better performance and what factors contribute to this

outcome?
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4.4.1 Workload

We model the incoming jobs to the cluster as a Poisson process with three different
average cluster load scenarios: 30%, 50%, and 70%. Each incoming service is char-
acterized by two resources: CPU and memory. We use the batch tasks production
workload from Alibaba traces [5], with approximately equal number of tasks cate-
gorized as CPU-intensive and memory-intensive. For each trace, our training and
test sets consist of 100 and 30 distinct job sequences, respectively [73]. The resource
utilization and duration values of jobs obtained from the traces are mapped to our
state-space dimensions. The job durations are bounded by the time horizon shown
in the state space representation as in [66]. This limitation is primarily to compute

baseline used in the REINFORCE algorithm 1.

4.4.2 Methodology

Our evaluation runs on a cluster with 10 machines. The neural networks are imple-
mented using Keras, and comprise of two hidden layers of 128 neurons each, followed
by an output layer with neurons equal to the number of machines in the cluster. The
hidden layers use the ReLLU activation function. For the output layer, REINFORCE
employs softmax activation [40], while DDQN uses linear activation |[71]. Both al-
gorithms use the Adam optimizer with a learning rate (1) of 0.001 and a discount
factor () of 0.95. In each episode, a fixed number of jobs arrive based on the clus-
ter load and are scheduled by the agent. The state space parameters are M = 10,
T =20, r =2, Cl = (C2=28. The penalty parameters are set to K, = 0.003125
and K, = 0.05 for REINFORCE, while for DDQN, K,, = 0.06 yielded the highest
performance gains. Training and testing are conducted on Nvidia A100 GPUs.

When training using the REINFORCE algorithm 1, the number of trajecto-
ries (V) is set to 20 for a total of 3000 iterations, with maximum episode length
L = 200. With DDQN algorithm 2, training comprises 12000 episodes, with the
target network updated every 10 episodes. The replay memory size is set to 100,000
and the batch size is 64. The loss used is Mean Squared Error (MSE).
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4.4.3 Baselines

We compare the performance of REINFORCE and DDQN with baseline heuristics
including Best-Fit [9] and Packer [42]. The Best Fit heuristic operates by selecting
jobs in a first-in-first-out (FIFO) manner and assigning them to the machine with
the least units of the dominant resource of the job available at that time. The pack-
ing heuristic projects both job requirements (j,) and machine resources (m,) into
a Euclidean space, and selects the task-machine pair with the highest dot product
value. The dot product favors larger tasks and those that utilize resources in propor-
tions similar to what is available on the machine. Both of these agents are greedy,
meaning that they aim to utilize all available resources by allocating as many jobs

as possible within each time step.

4.4.4 Results

The REINFORCE algorithm outperforms baseline algorithms by strategically de-
laying jobs to achieve a more efficient utilization of resources. These delays have
minimal impact on batch jobs, which are typically short, and less time-critical [43].
Additionally, the delays can be managed by adjusting queue sizes and incorporating
such variations while training.

REINFORCE provides a 125 — 200% increase in average CPU and memory
utilization compared to Best-Fit and Packer over different cluster-load conditions, as
shown in Figures 4.4 and 4.5. This is primarily due to efficient packing that requires
significantly fewer machines as shown in Figure 4.6. The benefit is more apparent
under low-load conditions as REINFORCE avoids excessive delays that might lead
to incoming jobs being dropped due to queue overflow. As a result, under high
loads, its resource utilization is nearly comparable to that of Packer and Best-Fit,
and in some cases, it is marginally inferior. Both Best-Fit and Packer greedily
allocate as many jobs as can be accommodated with the available resources. Best-
Fit slightly outperforms Packer as it just packs jobs onto the machines while Packer

also takes into account the alignment between job demands and resource availability

70



[66]. REINFORCE provides 5 — 30% reduction in resource fragmentation compared

to Best-Fit and Packer as shown in Figure 4.7 and 4.8, however, it suffers from large

delays as shown in Figure 4.9.
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DDQN achieves job packing on fewer machines compared to Best-Fit and

Packer as illustrated in Figure 4.6, and it also incurs less delays than REINFORCE.

However, it shows similar resource utilization and fragmentation outcomes as Best-

Fit and Packer by frequently delaying a substantial number of jobs, which reduces

cluster utilization. At a load of 70%, DDQN begins dropping jobs, which is un-

desirable and results in lower resource utilization and machine usage compared to

REINFORCE, Packer, and Best-Fit. The sub-optimal performance of DDQN could

stem from several factors:

1. DDQN operates in a partially observable environment where it lacks complete

information about the state, e.g, the resource requirements of incoming jobs.

This setup results in rewards dependent on information not available in the

state representation, also known as a Partially Observed Markov Decision Pro-

cess (POMDP) [72]. In contrast, REINFORCE has shown efficacy in similar

scenarios [66].
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2. Given our environment where delaying jobs strategically can lead to greater
benefits, DDQN faces a challenge due to its reliance on a static Q-value func-
tion. This setup complicates its ability to execute long-term plans effectively
in environments with partial observability [34, 76].

3. DDQN uses e-greedy exploration strategy to discover new states and actions,
but in environments where the agent cannot observe the entire state space, it
may struggle to explore effectively. This can lead to the agent getting stuck in

local optima or failing to find optimal policies 34, 76].

In terms of computation time, DDQN takes approximately 31 — 35 hours
to train depending upon the cluster load, whereas REINFORCE takes only 10 — 13
hours. DDQN also requires more memory than REINFORCE as it stores experiences
in a replay buffer and it neural network architecture includes two separate networks
(online and target networks), which also contribute to its increased space complexity.
REINFORCE only uses one policy network and updates the policy directly without
using experience replay. DQN, however, is more sample efficient and only requires

12000 episodes for training compared to 60000 episodes required by REINFORCE.

4.4.4.1 Scalibility of REINFORCE

When applying the REINFORCE algorithm for scheduling decisions in a large cluster

of machines, several performance characteristics must be considered:

1. Sample Efficiency: REINFORCE relies on collecting many samples to es-
timate the policy gradient accurately. In a scheduling context, where each
decision affects resource allocation across potentially thousands of machines,
this demand for samples can be significant. To address this challenge, exten-
sive training on simulated or historical data may be necessary, resulting in
increased computational overhead.

2. Variance in Gradient Estimates: The Monte Carlo approach used in RE-
INFORCE introduces high variance in gradient estimates, which can lead to

unstable training and oscillating performance metrics. This instability makes
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it challenging to deploy the learned scheduler in real-time systems, where con-
sistent performance is critical. To mitigate this, subtracting a baseline (such
as the value function or a simple average reward) from the returns can help
reduce the variance of the gradient estimates without introducing bias, thereby
enhancing stability [91].

3. Action Space Complexity: In large clusters, the action space (the set of
possible machines) can be enormous, complicating the learning process. A
larger action space may slow down convergence and make it harder for the

algorithm to learn effectively.

In Alibaba cloud’s architecture, the scheduler is typically a separate compo-
nent from the worker nodes. This separation allows the scheduler to focus solely on
decision-making without being hindered by job execution or data processing tasks.
Such a design facilitates more efficient resource management and improved scala-
bility. The scheduler can train large neural network for REINFORCE and process
vast amounts of scheduling data by utilizing more resources, such as GPUs, that
can significantly speed up training times and enhance responsiveness in real-time

scheduling scenarios.

4.4.4.2 Limitations of REINFORCE

Despite its potential, REINFORCE has several limitations compared to traditional

scheduling methods:

1. Sample Efficiency: REINFORCE is typically less sample-efficient than tra-
ditional methods, such as heuristic-based approaches, meaning it requires more
interactions with the environment to learn effectively. In scenarios where data
collection is costly (e.g., real-time job scheduling), traditional methods may
be preferable. To mitigate this limitation, techniques like experience replay or
combining REINFORCE with other reinforcement learning algorithms (e.g.,

Advantage Actor-Critic) can help improve sample efficiency.
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2. Real-time Decision Making: Scheduling often requires real-time decisions.
The inherently high latency of REINFORCE due to the need for multiple roll-
outs can be detrimental. Implementing a model-based approach or leveraging
a hybrid method that incorporates heuristics for quick decisions while using
REINFORCE for periodic updates can balance efficiency with performance.

3. Environment Dynamics: REINFORCE assumes a relatively stable envi-
ronment during training. In a dynamic setting like a cloud computing cluster
where job arrivals and departures can be unpredictable, this assumption may
not hold. Regularly retraining the model or using online learning techniques
can help adapt to changes in the environment. Additionally, incorporating a
form of transfer learning can allow the model to adapt quickly to new work-

loads.

4.5 RELATED WORK

There has been past research in multi-dimensional resource packing. Parkes et al.
[79], Joe-Wong et al. [56], Ghodsi et al. [38], and Grandl et al. [42] have explored
techniques for efficiently packing jobs that require multiple resources onto available
machines. Similarly, Delimitrou and Kozyrakis [31] and Gog et al. [39] have con-
tributed to the development of placement strategies aiming to optimize resource
allocation for improved system efficiency and responsiveness. However, these solu-
tions rely on hand-crafted heuristics that cannot automatically adapt to the change
of the environment or optimize for specific workloads [63]. Our approach utilizes
Deep RL methodologies that can learn to optimize scheduling for dynamic environ-
ments. DeepRM [66] uses Deep RL to schedule jobs, but its state space uses a single
monolithic machine and its final objective is to reduce job slowdown or completion
time. In contrast, we focus on scheduling batch jobs on multiple machines with
the final objective of efficiently packing them across multiple machines. Shanka et
al. [73] applied Deep RL to improve packing efficiency for jobs with varying re-

source usage, including both online and batch services. Unlike online services, which
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are time-sensitive and require careful consideration to avoid compromising response
times, our approach optimizes packing efficiency for batch services with constant re-
source requirements. Alibaba uses separate schedulers to schedule online and batch
services, further emphasizing the distinct focus of our investigation. Moreover, our
primary goal is to compare the performance of policy-based and value-based deep RL
approaches in scheduling batch tasks. Both the above papers only use policy-based
Deep RL methodology.

Value-based methods such as Deep Q-Network (DQN) have successfully ad-
dressed task-scheduling challenges in prior research [23, 33, 63, 93]. However, these
approaches typically target reducing task response times or computational costs,
whereas our emphasis lies in optimizing resource utilization by strategically delaying
batch services, which are less time-sensitive. To our knowledge, no existing work has

explored the application of DQN or its variants specifically for this purpose.

4.6 CONCLUSION

In conclusion, our research models the task scheduling problem as a Deep RL task,
specifically targeting the optimization of cloud resource utilization in shared clus-
ters. By strategically delaying jobs and consolidating them onto fewer machines, our
approach focuses on improving the efficiency of batch task scheduling, which are gen-
erally less time-sensitive and shorter in duration. We use both Policy Gradient and
DQN approaches to improve batch task scheduling. Our findings indicate that RE-
INFORCE significantly outperforms baseline algorithms such as Best-Fit and Packer.
Conversely, while the DDQN approach achieves job packing on fewer machines, its
performance in terms of resource utilization and fragmentation is comparable to
Best-Fit and Packer. DDQN'’s frequent delays under higher load conditions result in
undesirable job drops, leading to lower overall resource utilization. The sub-optimal
performance of DDQN can be attributed to its operation in a partially observable
environment, challenges in executing long-term plans, and exploration inefficiencies.

These results establish a strong foundation for further exploration and refinement of
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deep RL techniques in dynamic and complex scheduling environments.

Our work has certain limitations. Notably, we use a bounded time horizon
in our approach, whereas the underlying optimization problem ideally considers an
infinite time horizon. The bounded horizon is necessary for computing the baseline,
as discussed in 4.3.1. Additionally, our job model is based on constant resource re-
quirements, which may not accurately reflect the variability in real-world workloads.
Furthermore, the resource profile of a job may not be known in advance, and the
scheduler might only obtain an accurate view as the job progresses. We aim to ad-
dress these limitations in future by using a value network [91] to compute baseline
and exploring alternative job models to fit more realistic situations. Furthermore,
we plan to evaluate DDQN in an environment with complete information to better

understand its performance under these conditions.
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Chapter 5

Conclusion

Our work highlights the potential of machine learning and deep reinforcement learn-
ing techniques in enhancing the performance and efficiency of distributed systems
and cloud environments.

Chapter 2 of our thesis discusses the significance of having a large dataset for
Linux configuration tuning. Our research aimed to optimize system configuration
for improved network performance in a distributed setting, starting with a large
dataset of network benchmark runs provided by Red Hat. We selected a subset of
hardware and Linux parameters based on expert feedback and performance tuning
guides from Red Hat. By using tree-based feature selection methods, we identified
parameters that significantly impact network performance. Our findings revealed
that all significant parameters were part of the hardware configuration, and none
were related to Linux configuration except the kernel version. Further investigation
showed that our dataset lacked diversity in Linux configurations, highlighting that
even large datasets should not be assumed to be diverse. We recommend preliminary
tests for anyone working with similar complex datasets and planning to use machine
learning.

To further strengthen our research, we acknowledge a key limitation: our
analysis was confined to pbench data provided by Red Hat. While this dataset
offered valuable insights, there may be other, potentially more suitable datasets for

Linux configuration tuning that are not readily accessible due to privacy concerns.
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If a sufficiently diverse dataset becomes available, tuning based on that data could
be explored in future work. Additionally, our current feature selection relied on
correlation-based methods, which may overlook important non-linear relationships.
Addressing this gap could yield further insights and enhance our understanding of
how different Linux configurations impact performance.

Future efforts could focus on implementing advanced feature selection tech-
niques and expanding our dataset to include a broader range of configurations. By
adopting principles from experimental design theory, we could move away from ex-
haustive testing toward more structured testing that identifies essential parameters
with a minimal number of new experiments. This approach would not only stream-
line our research process but also enhance the performance and reliability of machine
learning models for configuration tuning. By systematically determining which con-
figurations are most impactful, we could ensure that our experiments are both effi-
cient and informative.

Chapter 3 of our work addresses the challenge of accurately modeling batch
tasks using recurrent neural networks in co-located Alibaba workloads. The Alibaba
dataset spanning eight days includes the following information: (a) arrival times for
online and batch tasks that are co-located, (b) CPU and memory demands for each
task, and (c) task lifetimes. We developed a predictive model by training a ma-
chine learning model on this dataset to forecast several aspects within a 30-minute
timeframe: the count of batch task arrivals, along with their CPU and memory re-
quirements and lifetimes. To achieve this, we used Seasonal ARIMA for predicting
batch task arrivals and utilized three distinct LSTM networks to forecast CPU re-
quirements, memory needs, and task lifetimes for each arriving task. Our findings
show that our models effectively predict the number of batch task arrivals within 30-
minute intervals, as well as accurately anticipate their associated CPU and memory
demands and lifetimes.

Looking ahead, we could refine our predictive models to accommodate more
complex and varied workloads while integrating them with real-time cloud manage-

ment systems for dynamic optimization. This could enhance the generalizability of
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our models through the application of probabilistic generative frameworks. This ap-
proach would enable us to generate samples from a distribution covering valid sets
of values, allowing our model to predict diverse sequences of tasks. By training task
schedulers with our probabilistic framework, we could significantly enhance their
robustness and adaptability in real-world scenarios. Additionally, we could directly
assess how our predicted workloads impact system behavior, thereby establishing a
clearer connection between simulation and actual performance.

A significant limitation in our dataset is its lack of architectural diversity.
Our models have primarily been trained for specific workloads and hardware config-
urations, which may not fully reflect the complexities of modern cloud environments,
particularly those utilizing GPUs and other advanced architectures. To address this,
future work could include testing our models across a broader array of architectures
and workload types. By exploring these variations, we could refine our approach
and ensure that our models are better equipped to meet the evolving demands of
contemporary cloud computing environments.

Chapter 4 focuses on optimizing cloud resource utilization with deep rein-
forcement learning (DRL). Our approach strategically delays and consolidates jobs
onto fewer machines, prioritizing scheduling of batch tasks, which are typically less
time-sensitive and shorter in duration. We use both Policy Gradient and Deep Q-
Network (DQN) approaches to improve batch task scheduling. Our findings demon-
strate that the REINFORCE algorithm significantly outperforms traditional algo-
rithms like Best-Fit and Packer. However, our DDQN approach, while effective in
consolidating jobs onto fewer machines, shows comparable performance in resource
utilization and fragmentation to Best-Fit and Packer. Under higher loads, DDQN’s
tendency to delay jobs leads to job drops and reduced overall resource efficiency.
This sub-optimal performance can be attributed to its challenges in handling par-
tially observable environments.

Despite our advancements, our research has some limitations. We employ a
bounded time horizon in our approach, while the underlying optimization problem

ideally considers an infinite time horizon. This bounded horizon is necessary for
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computing the baseline, as discussed in 4.3.1. Additionally, our job model relies on
constant resource requirements, which may not accurately capture the variability of
real-world workloads. Also, in realistic settings, the resource profile of a job might
remain unclear initially, with the scheduler gaining a more accurate view only as
the job progresses. To address these limitations, our future work would use a value
network [91] to compute the baseline and explore alternative job models that better
align with realistic scenarios. We could also evaluate DDQN in environments with
complete information to gain a deeper understanding of its performance under these
conditions, and explore hybrid approaches that combine the strengths of multiple
DRL techniques.

These three facets — system and network performance, workload generation
and performance prediction, and workload scheduling — are all contributions to the
general problem of understanding and optimizing cloud performance. In this re-
search, we identified several connections that need further exploration. For example,
integrating a workload generator with a workload scheduler could enhance our abil-
ity to predict resource requirements and inform the design of future architectures,
ultimately optimizing throughput in innovative ways. The challenges we addressed
are ongoing, and there is still much work to be done in this field. The insights
gained from our research pave the way for future investigations that could lead to

more efficient and adaptable cloud environments.
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