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ABSTRACT

The computing continuum describes the convergence of global compute infrastructure as
network bandwidths increase. To mobilize that infrastructure, we need to create a system
that ties these diverse resources together we need to corral the computing continuum.

This e ort began with task-wise solutions, addressing di erent components of task placement
pro ling, predicting, and provisioning. These individual solutions enabled an early system
that took into account compute costs, workload execution pro les, and the ability to move
compute between systems. We combined and extended these works into a more robust task
scheduling system called DELTA and its successor DELTA+. These systems incorporated
notions of task execution time, data transfer costs, and machine performance but could not
be used on batch scheduled systems or in multi-node environments.

While compute is the currency of the future, there is no uni ed way to access that cur-
rency. To Il this gap, we introduce Adaptive Task Management (ATM) a framework that
acts as a multi-system task manager, mapping tasks to the many resources that comprise
the continuum. ATM is designed on top of the Globus Compute framework, using existing
infrastructure from edge devices to batch-scheduled HPC systems. ATM includes a novel
placement algorithm and novel monitoring and task management systems designed to ac-
commodate both large batches of tasks as well as more complex DAG-based work ows.

To ground and evaluate the development of these frameworks, we explore the application
of cost-aware principles in federated learning, material design and protein docking science

applications, and in the performance optimization of serverless computing benchmarks.
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CHAPTER 1
INTRODUCTION AND THESIS STATEMENT



When the network is as fast as the computer's internal links, the machine disintegrates

across the net into a set of special-purpose devices. George Gilder

1.1 Foreword

The computing continuum is upon us. We have to look no further than our home internet
to see that the vast world has been brought to our very ngertips. The existence of this
cooperative, emergent, distributed system that we call the internet is not a shock to most
of us we use it daily and appreciate it rarely. Now, in the age of truly astronomically
scaled compute workloads from Al training to molecular simulation it is not a question of
whether we are able to read a le at the speed of light from half a world away; the question
is whether it is better to read that le where it lives or move it to a system that may be able
to read it faster, more cheaply, or in some other advantageous manner.

This is the idea of the computing continuum network bandwidth is increasing so rapidly
that oftentimes it can make sense to move compute tasks to specialized or more robust devices
elsewhere in the world. As George Gilder said, the machine disintegrates. In a time where
Moore's law is slowing and compute workloads are growing exponentially, the only way to
scale is out. By uidly computing across the network, we can overcome those constraints
(or at least kick them down the road for another few years).

So, how do you access this continuum? Is it the cloud? Not exactly. Is it a cluster or
university network? No, neither of those. If not a system that one can log on to, centrally
manage, or deploy workloads via a batch schedule system, then what is it? The comput-
ing continuum is a paradigm of compute, not a single system. Most individuals use the
computing continuum every day. As mentioned above, you can view websites or access les
from around the world. This is not a free operation it requires compute to nd and send
that information. This is accomplished via a le or web serving system of some sort. These

systems have a pre-set list of routines that they run based on user input and requests. What
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if these routines, these functions, that run many thousands of miles away could be dictated
by you, the end user?

This brings us back to our question how do we access the computing continuum? The
answer may simply be that we gure out how to compute someplace other than our own
computer but do so in a manner that takes advantage of the compute we have available,
as we need, in a way that abstracts away the actual execution behind the curtain of the
machine. Otherwise, this is just running a command over SSH with extra steps.

Ideally, we would access the computing continuum without even knowing. For most indi-
viduals, there would be no need. For most, their own laptops far exceed the computational
capacity they need on a day to day basis. However, for those with greater needs or for the
times when you need just a little extra compute than your laptop from college can o er, the
continuum could be used as a near limitless pool of compute that could be bursted out into,
enabling whatever work the user may need all without them knowing.

Once the task has left the building, so to speak, the true opportunity of the computing
continuum becomes apparent. When you can run a workload wherever, you can decide how

to put it there however. This is how we corral the computing continuum.

1.2 Motivation

What makes corralling the computing continuum necessary? We posit it is both the in-
creasing size and diversity of scienti ¢ and production work ows coupled with decreasing
marginal gains in hardware performance, generation over generation that calls for a new

way of computing.

1.2.1 Edge

The concept of edge computing the idea that we can and should utilize the copious quanti-

ties of data and compute stranded on capable but low-power devices living in our pockets, in
3



smart cameras, on telephone poles, everywhere can be immensely enriched with an infusion
of the computing continuum. In some cases, such an inclusion is even necessary.

For example (see Patros et al. (2022) Patros et al. [2022]), there could be a device that
lives on the edge that has more data than it is able to transfer. In this case, a dynamic
decision must be made to compute on part of that data and selectively o oad some data.
By doing so, data is maximally utilized by computing both on device and o device simul-
taneously. Creating a robust solution to this problem requires characterizing the compute
requirements, network capabilities, and data production and storage rates. While performing
such characterization could be done manually or heuristically, o oading that con guration
to a system that exposes our edge device to the computing continuum, o oading data and
compute tasks as necessary, enables new possibilities, especially if we need to reincorporate

the learnings from that data, such as in a federated learning scenario.

1.2.2 Al

As use-cases and pervasiveness of Al continues to grow, the underlying demand for compute
explodes at an even greater rate. Since the early 2020s, GPU scarcity due to rst supply chain
issues then the Al revolution has driven massive growth in GPU and semiconductor providers.
Projections show that this growth would continue unabated. However, limitations ranging
from heat management to power delivery constraints mean that the largest Al workloads
cannot live under a single roof. Additionally, the immense quantity of monetary capital
required to purchase and maintain very large datacenters make such compute inaccessible
to the vast majority of companies, let alone research groups or even individuals.

The computing continuum o ers a unique opportunity for Al training (particularly data-
parallel Al training) by leveraging GPUs and ASICs (application-speci c integrated circuits)
from multiple computing locations to be able to work on the same task. Already, we have

seen e orts to train large Al models across multiple computing sites, both in industry and
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in the National Labs. Extending on this, increasing open source e orts to place Al inference
workloads across multiple locations demonstrate the demand for aggregating multiple low-

performance resources to achieve otherwise unattainable Al capabilities.

1.2.3 Data Locality

One of the primary drivers for open FaaS frameworks is the ability to con gure your own
resources with FaaS capability and then, when necessary, push compute to wherever the data
are located within your system. This same concept is extensible to ever larger producers of
data such as scienti c facilities. By enabling this ability to compute where the data is,
serverless computing embodies the aforementioned idea that compute tasks can be uid.
This use case perfectly re ects the computing continuum and further motivates its use
in such scenarios. By using serverless and pushing the compute workloads to the location
of the data (or nearer thereto), we are making an implicit assumption that doing so is more
e cient (or cheaper or satisfying another condition) than moving the data to an additional
location that may have superior computing resources. These heuristic-based choices must be
orchestrated ahead of time and implemented carefully. The role the computing continuum
would play is abstracting this away from the end user by simply allowing the user to iden-
tify the available resources and data location and allowing the system to orchestrate that

compute-by-task-by-machine mapping.

1.2.4 Application and Hardware Specialization

Finally, as previously touched on, there are some devices that are simply better at executing
speci ¢ workloads than others. In these cases, we want to ensure mapping between the
proper devices and applications to ensure optimal system e ciency. Some early work on
the computing continuum demonstrated the advantage gained by sending speci c parts of a

workload halfway across the country and returning a result rather than computing locally
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(on one of the world's most capable HPC systems no less) Foster [2019]. This was due to the
presence of FPGAs (Field-Programmable Gate Arrays) at the secondary location, enabling
a very signi cant speedup for the speci ¢ workload.

The continuum holds promise for automating such o oading capability. Whether it is
sending Al workloads to machines with GPUs or sending a highly optimized work ow to an
FPGA several hundred miles away, the creation of a system that can learn these specialties
and abstract away the decision making from users could signi cantly accelerate science.

This is the ideal application to end our motivation of the computing continuum on as
it highlights that very ideal laid out by Gilder each application specic device, even if
hundreds of miles away, becomes just a component in a much larger compute fabric. Just
like how the processor in your phone routes integer math to a di erent location than oating
point operations, so too can the continuum utilize these very di erent global resources to

address speci ¢ computing workloads.

1.3 Thesis Statement

In this dissertation we will show the following:By e ciently leveraging geographically
distributed and highly heterogeneous workloads using novel workload coordina-
tion methods, we can signi cantly improve the execution of multi-site work ows

in terms of associated costs and time, thereby accelerating science applications.

1.4 Contributions

The primary contribution of this thesis is the creation and evaluation of a set of frameworks
DELTA, DELTA+, and Adaptive Task Management (ATM) that enable e cient, auto-
mated, and multi-system task scheduling across the computing continuum. The specic

contributions are:



. A comprehensive analysis of cloud computing market dynamics, including the develop-
ment of predictive models for AWS spot instance pricing both before and after major

pricing scheme changes.

. A novel methodology for workload pro ling that combines historical execution traces
with automated experimental design, enabling the creation of robust, composite per-

formance models for heterogeneous resources.

. The design, implementation, and evaluation oDELTA and DELTA+ provisioning
frameworks that use predictive models and n-dimensional cost-tradeo analysis to in-

form multi-system scheduling decisions using serverless computing.

. The design, implementation, and evaluation oAdaptive Task Management (ATM)
a work ow coordination framework that balances the placement of tasks across diverse
resources using a cost-aware policy table that is dynamically updated from online ex-

ecution traces.



CHAPTER 2
BACKGROUND AND RELATED WORKS



2.1 Background

2.1.1 Grid Computing and the Cloud

Not dissimilar to the computing continuum, the idea of the computing grid was that, like
electricity, you should be able to plug a monitor and keyboard into the wall and have compute
metered to you. This idea revolutionized paradigms of compute and eventually gave way to
the concept of the cloud. In its modern form, the cloud is just like the grid in that you can
get compute metered to you when you need it. You can draw a lot of compute for a short
time or a little compute for a very long time.

While the cloud does not realize the seamless access that the grid envisioned (nor, might |
add, the true decentralization of compute), infrastructure built on the cloud enables users of
all backgrounds and levels of technical know-how to take advantage of its services. Amazon
Web Services (AWS) is one of the most pervasive cloud providers in the world. On top of
its baseline o erings of more than 400 machine types available to its customers, AWS o ers
more than 100 di erent precon gured tools and systems that operate on top of those cloud
resources and leave the con guration up to AWS while the user need only interact with the
system they desire.

Additionally, beyond their standard tier of on-demand resources, AWS o erspot in-
stances which are computing resources o ered at a discount with the caveat that there is
no guarantee of persistence. Essentially, AWS is providing their excess compute at a much
cheaper rate with the understanding that, should someone be willing to pay the full price
for it, the spot instance will be terminated.

In this way, AWS has created a compute market. At rst, this market was transparent,
exposing to users every price change for a resource. Sometimes as frequently as several per
second, these pricindicks (borrowing tick from the stock market terminology to refer to

each novel pricing event) showed in real time the exact solution of the supply and demand



equation for AWS's excess compute capacity.

While AWS always reserved the right to terminate spot instances at will, these arbitrary
terminations were rare under the old pricing regime. Generally, most terminations were due
to the current price of the instance exceeding the user's speci ed maximum bid price (i.e.,
the maximum amount they stated they were willing to pay for that instance). Due to this
mechanism, a sudden full-paying demand for resources would lead to massive spot pricing
spikes, at times up to 10x the on-demand price. To understand this intuitively, when there
was no more compute available, the price would go high enough to terminate all (or almost
all) spot instances.

The inverse was also true spot instances could be had for as little as one-tenth the
on-demand value at the time that spot instance demand was low and spare capacity was
high. While we will delve more into the opportunities presented by this pricing regime later
(see Sec. 4.4), the massive price swings allowed for motivated users to predict those pricing
swings to both wait until the price was adequately low to begin computing and to set the
maximum bid at the appropriate level to reach either QoS or expected pricing targets for
a given workload. Such opportunity for cheap compute was extremely useful for budget

science and other transient or fault tolerant applications.

Spot market data

Amazon provides up to three months of price histories for each instance type, availability
zone, and region. This information provides a basis from which one can try to forecast prices
and derive patterns. An example of the price history for the3.2xlarge instance type in the
us-east-1 , us-west-1, and us-west-2 regions is shown in Figure 2.1. This gure highlights
the signi cant savings (compared to on-demand instances) possible in the spot market. It

also shows the variability of the spot price within and between availability zones.

10



In order to improve prediction accuracy
and our ability to apply machine learning
models, we have collected spot pricing data
from multiple sources spanning 3 years, with
data for all instance types and availability

zones in the US regions for the past year.

Figure 2.1: Spot price history forc3.2xlarge
instances from September 3, 2016, to Septem-
includes a point in the series when the priceber 10, 2016, in threeUSregions. Each series
represents a di erent availability zone.

This data is stored as tick data: it only

changes from the previous price.

2.1.2 Serverless Computing

Serverless computing is another computing paradigm in which the need to con gure or control
the hardware for a compute workload is abstracted away from the end user. Serverless
employs function-as-a-service (FaaS) platforms to execute compute tasks at the function
level. This type of compute was rst o ered by AWS as their Lambda service back in
2014. Since then, FaaS frameworks have taken o with both service speci ¢ and open source
variants being very popular.

As the descriptions suggest, some of these frameworks, like Lambda, are tied to one
computing platform (e.g., AWS). Others, like OpenWhisk allow users to deploy their own
service and route tasks amongst their own devices. Still others, like Globus Compute, o er a
publicly available service to queue and route the invoked functions while still allowing users
to bring their own compute. In this way, compute resources are siloed to users who have
access to those resources but further abstracts away the tedious component of instantiating

a service that other FaaS frameworks require.
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Globus Compute

Globus Compute Chard et al. [2020a] is a federated function-as-a-service (FaaS) platform
designed speci cally for scienti c computing. Unlike traditional cloud-based FaaS solutions,
such as AWS Lambda Amazon Web Services, Inc. [2025], or open-source alternatives like
OpenWhisk Apache Software Foundation [2025] and OpenFaaS Le et al. [2022], Globus Com-
pute implements a hybrid cloud-edge model that combines a central cloud-hosted web service
with user-deployed endpoints. The cloud service manages functions, endpoints, and tasks
via a REST API for users and a message queue for remote endpoints. Users interact with
the platform by registering Python functions and invoking them through various interfaces
provided by the Globus Compute SDK, such as batch submission and Python's concurrent
futures interface. Globus Compute uses Globus Auth Tuecke et al. [2016] for secure authen-
tication and authorization, supporting diverse identity providers and controlled sharing of
endpoints. Endpoints can be shared with speci c users under administrative oversight and
are associated with managed Globus Groups for enhanced security.

The endpoints in Globus Compute abstract remote computing resources, retrieving tasks
from the cloud service and executing them locally. Leveraging the Parsl Babuji et al. [2019b]
library, endpoints dynamically provision resources and execute tasks through two constructs:
Providers and Engines. Providers handle resource provisioning across diverse systems, in-
cluding HPC schedulers and Kubernetes, while Engines manage task execution using a pilot
job model. This approach enables Globus Compute to support containerized and customized
execution environments, scaling dynamically across resource types to meet workload de-
mands. Unlike typical cloud FaaS systems, this architecture extends scaling behavior to
hybrid resource environments, o ering a exible and robust solution for computationally
intensive scienti ¢ work ows.

A unique capability of Globus Compute is its support for multi-user endpoints (MEPS)

that allow for remote and programmatic deployment of User Endpoints (UEPS) with arbi-
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trary resourceshapes(e.g., workers, cores, memory and other resources). This ability allows
for greater control of endpoints, speci cally to modify resources for speci c tasks.

We build our system on top of Globus compute for these reasons. The availability of a
professionally managed service combine with the exibility of open source client and endpoint
software makes Globus Compute ideal for building out a serverless infrastructure to corral
the computing continuum. Additionally, we decided to use a FaaS framework as our base
as this paradigm is currently the most well-explored mode of exible remote computation.
Moreover, we believe that performing distributed scheduling at the function level is ideal
as high-level user functions are often large enough to represent a substantial amount of
compute (i.e., they take more than a few processor cycles to process) while still being small
enough that a work ow or bag-of-tasks can be decomposed such that these tasks can saturate

multiple machines.

2.1.3 Compute Allocations

HPC time is usually granted as Service Units(SUs) core- or node-hours tied to a machine

but sometimes fungible within a center. Federations, like NSF ACCESS Boerner et al.
[2023], now provide fungible allocations that can be redeemed across di erent systems and
sites. These fungible SUs are redeemable at di erent rates on di erent systems, presenting
a unique opportunity for deploying a system that considers tradeo s between SUs and time,
given each of these systems may have di erent hardware, queue times, and exchange rates.
In Table 2.1, we present the per core exchange rate for several of the CPU-based ACCESS

resources to highlight these di erences.

2.1.4 Proling, Predicting, and Provisioning

With this new world of resources, we must begin the task of developing methods with which

we can use these resources as a single, cohesive ecosystem. To do this, we need to match
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Table 2.1: Comparison ACCESS Credits required per core-hour for select CPU-based
ACCESS resources.

System Name CPU model ACCESS
Credits
TAMU FASTER Intel Xeon 8352Y 0.1248
NCAR Derecho AMD Epyc 7763 0.9872
SDSC Expanse AMD Epyc 7742 1.000
TACC Stampede3 Intel Xeon Max 9480 1.674

workloads with resources. More speci cally, the diversity in costs and performance presented
by di erent resources requires that we need to understand how these di erent factors interact
and then make a selection of a resource for any given workload. In this thesis, we formalize
this problem by breaking it down into a cycle of subcomponents pro ling, predicting, and

provisioning. These three steps should address the following three questions respectively:

" Given how quickly a workload executes on one resource, how quickly would it execute

on another?

" Given an estimation of execution time on a given resource, how much would it cost to

execute that workload?

" Given time and cost estimates, how do we select a resource and deploy the workload

with respect to the tradeo s presented?

One area that has provided a signi cant increase in the amount of complexity inherent
in making this choice is the cloud. Due to this complexity and the con gurability o ered
by commercial clouds, these ecosystems present a perfect test environment for the ideas
presented above. For example, Amazon Web Services (AWS) provides nearly 400 distinct
instance types each a virtual computer with speci c resource capabilities (e.g., CPU, mem-
ory, disk, and network). However, without expert knowledge of both the inner workings of
an application and the capabilities of all available instance types, it is di cult to select the
best (from the perspectives, for example, of cost, performance, or reliability) instance type
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for a given application. Moreover, selecting the wrong instance type can greatly reduce ap-
plication performance or be unnecessarily expensive Chard et al. [2015a,b]. Thus, the need
for expert knowledge is a signi cant obstacle to e ective cloud computing.

Given the enormous search space a near in nite combination of applications, con gu-
rations, and resource types it is infeasible for users to estimate how an application might
perform on a given instance type or with a particular con guration. Instead, new auto-
mated methods are needed to predict performance given features describing the application
and available instance types. To do this, we will implement a lightweight, modular regres-
sion model that allows for use of historical traces and implements an experimental design
approach to collect new data. In this way, we will show how we can create an accurate model
of execution characteristics on heterogeneous resources.

The usefulness of these workload and machine characterizations, however, require esti-
mates of the costs they incur with respect to cloud or allocation costs, time, data costs, and
more. As we discussed in Sec. 2.1.1, there are signi cant market dynamics at play when
determining the pricing of resources. Moreover, the rapidly changing nature of the cloud
and of compute resource usage in general increases the complexity of mapping accurate cost
estimates to workload deployments.

Regarding provisioning, another way we can conceptualize this is by asking how we can
use the data gained above and put it to good use. On its own, without any strategy,
we can think of provisioning as easy. At its core, provisioning simply means gaining or
utilizing a resource for our speci c compute. The most basic form of this is simply running a
workload on a machine we have direct access to running a Python script from the terminal
on a laptop, for example. With respect to the ongoing focus we've placed on the cloud,
provisioning includes reserving some resource in the cloud and then accessing it remotely to
deploy a workload. Similarly, HPC follows much the same standard, though generally the

cloud requires a payment along with a request and HPC resources require an allocation from
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some granting body.

2.1.5 Wide-Area Scheduling

Typically, traditional distributed systems are developed and deployed following xed pat-
terns. The devices they use are generally either cloud resources or have been set up for the
express purpose of running that distributed system. Even as distributed systems scale, scal-
ing up and scaling out occur in well-established, heuristic-controlled patterns. This design
allows for high assurance, reliable systems that end users can easily interact with (or even
forget they're interacting with).

However, such systems need to be carefully curated and deployed. What they gain in
e ciency and quality, they lose in exibility. When faced with the proposition of extending
computational workloads across multiple machines and multiple sites, users would need to
consider many di erent facets such as communication patterns, port access, and lesystem
permissions just to name a couple.

One of the most important of these decisions though is deciding which part of the compute
job to place on which physical device. Through a choice of one or many di erent protocols,
wide-area scheduling systems attempt to solve this issue by making that choice for the end
user.

Wide-area scheduling orchestrates tasks across geographically distributed computing
sites Xhafa and Abraham [2010], Tang et al. [2023]. This concept emerged in early grid
computing, which focused on large-scale resource sharing across organizations Foster et al.
[2001]. Key objectives of wide-area schedulers include maximizing overall resource utiliza-
tion, minimizing data movement and latency Hudson et al. [2024], and meeting diverse
application requirements across sites Wu et al. [2025]. Achieving these goals is challenging
due to heterogeneous resources, variable network performance, and machine con guration

across many di erent computing sites.
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This paradigm of the computing continuum drives new scheduling strategies that account
for extreme heterogeneity and dynamic, geo-distributed conditions. Modern approaches
increasingly address con icting performance, energy, and cost objectives in such environ-
ments Mehran et al. [2023], Kamatar et al. [2024], Zhang et al. [2014], Luo et al. [2021].
Researchers are also exploring hierarchical and decentralized scheduling models to span mul-
tiple tiers of infrastructure Cai et al. [2024], Mattia and Beraldi [2024]. These trends demon-
strate the importance of wide-area scheduling in harnessing distributed infrastructures for
real-world applications.

One of the most popular methods of wide-area scheduling is simply to use work-stealing
from a central or distributed queue. Essentially, workers churn through compute tasks and,
when they complete one task, they pull another o the queue. More complex versions of this
exist with capabilities like prefetching (estimating the end of a compute task so that you
can begin loading the new task prior to sitting idle) or peer queue stealing (a special case of
decentralized queue where every worker is assigned a set of tasks and workers can pull from
other workers' queues when their own becomes depleted). Work stealing can be referred to
as a pull-driven system as the workers pull for tasks when they are ready for new tasks.

Another popular pattern for wide-area scheduling is distributed load balancing. In this
approach, the central work broker maintains some notion of load for each of the workers and
distributes tasks accordingly. This metrics can vary and will be explored more in depth later
in this paper (see Sec. 7). For context, however, two such load-balancing algorithms include
round-robin where the metric can be quanti ed as the number of tasks sent or the time since
last task (both approximated) or least-loaded where tasks are sent to workers based on
either their total capability (e.g., number of cores) or their level of utilization (not dissimilar
to work stealing). In this manner, the load balancing we describe is representative of a
push-driven scheduling system, wherein tasks are sent to workers based on some centralized

metric. This is the pattern we will be exploring in this work. We will further explore systems
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that use these various methods in following sections (see Sec. 2.2.5).

2.2 Related Works

2.2.1 Distributed Computing and Serverless

On its own, Globus Compute Ananthakrishnan et al. [2024] enables users to distributed
re-and-forget functions at their will, simply specifying the task, relevant arguments, and
destination computing resource. However, the key issue here is the speci cation of the nal
resource as users, and particularly domain science users, do not want to spend time manually
allocating tasks to resources. Thus, there is a need for a management layer.

More widely, there are similar distributed computing frameworks such as the highly
disaggregated BOINC and Folding@Home networks Anderson [2021], Voelz et al. [2023] that
distribute tasks to idle resources.

Public cloud provider FaaS capabilities Amazon Lambda, GCP Functions., Azure are
deployed on homogeneous cloud infrastructure, with the exception of Amazon Greengrass
that can be deployed locally for 10T use cases Amazon Web Services [2025]. Open-source
FaaS solutions, such as OpenLambda Hendrickson et al. [2016], Apache Openwhisk Apache
OpenWhisk., and Kubeless Kubeless. enable FaaS deployments on local resources, often
using Kubernetes clusters for container provisioning.

Recent FaaS research has focused on challenges associated with centralized deployments
and on reducing cold-start times Oakes et al. [2018], Wang et al. [2018]. For example,
Azure shows cold-start latencies of up to 3500ms, whereas AWS uses optimized Firecracker
virtualization Firecracker., and likely maintains warm virtual machines, to hide some cold-

start costs.
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2.2.2 Spot Market and Cloud Economics

Prior to the change in pricing and termination policy it was often believed that the spot
market prices were mostly demand-driven. However, researchers were able to show that
market demand does not account for the entirety of price changes that can be observed, and
that observed prices were driven by (hidden) externalities Agmon Ben-Yehuda et al. [2013],
Xu and Li [2013]. While a purely demand-driven model was not empirically observable, the
introduction of the new pricing policy moves spot market pricing even further away from
demand-driven uctuations. Notably, adjustments to the spot prices have become smoother
following the policy change Baruwal Chhetri et al. [2018]. While the average spot price has
decreased, the real cost has increased as arti cial peaks included before the change were
likely not market driven George et al. [2019].

Examples of bidding strategies and frameworks to harness these spot instances include
minimum bid estimations under price and availability constraints Lumpe et al. [2017], rev-
enue maximization models Xu and Li [2013], bidding strategies taking into account if jobs
can be interrupted Zheng et al. [2015], and integration of fault-tolerance policies Voorsluys
and Buyya [2012]. Some strategies have even included the use of a metamarket in the form
of virtual options contracts to manage the conditionality of working within an unpredictable
market Keller et al. [2020] with great success in selecting spot instances based on market
pressures. In addition, the uncertainty in the availability and runtime of spot instances was
curtailed by using probabilistic guarantees of instance availability for di erent execution du-
rations Wolski et al. [2017]. Other work Danysz et al. [2020] expands this concept to the

management of spot instance pools.

2.2.3 Compute Pricing

A wide range of predictive models have been explored to predict spot prices. For example,
researchers have used parametric models based on exponentials tted using Expectation-
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maximization (E-M) Javadi et al. [2011, 2013] maximizing price expectations; Constrained
Markov Decision Processes to minimize the expected cost of an instance, taking into account
various costs, including checkpointing and restart delays Tang et al. [2012]; and organized
the problem as a cost minimization problem based on a Markovian state model that esti-
mates transition probabilities from spot price histories Guo et al. [2015]. Closely related
prediction models have been developed to support application migration and checkpointing
to avoid service downtime He et al. [2015], Sharma et al. [2015], Subramanya et al. [2015].
In these cases, schedulers capable of migrating services or applications use prediction models
to predict when instances will be terminated.

Little prior work has investigated the prediction of spot prices using arti cial intelligence.

In fact, apart from our work, we have found few other publications that investigate the ap-
plication of neural networks to spot price prediction Wallace et al. [2013] and those that have
used simple, MLP-based models Turchenko et al. [2014]. However, there has been signi -
cant interest in using neural networks for e ective prediction of stock market prices Ticknor
[2013], Sheta et al. [2015]. Statistics-grounded time series analysis methods have been ap-
plied widely to market prediction Sheta et al. [2015], Sands et al. [2015] and speci cally to
spot prices Chhetri et al. [2017].

The ability to rapidly provision spot instances makes them particularly attractive as a
way of obtaining elastic resources at low cost Chard et al. [2015a]. The value of these low
cost instances has been exploited in genomics Madduri et al. [2014], food security Montella
et al. [2015], brain imaging Chard et al. [2014a], and social science Babuji et al. [2016].
In these cases, the automated provisioners used to dynamically obtain and release spot
instances Chard et al. [2017] rely on methods to predict resource prices or assumptions of

persistence to con gure and deploy these instances.
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2.2.4 Performance Prediction and Pro ling

There has been considerable work to determine the execution requirements of applications,
most often in high performance and distributed computing environments Berman et al.
[2001], Smith et al. [2004a], Matsunaga and Fortes [2010], Tang et al. [2013], Do et al.
[2011], Wood et al. [2008]. Recently, researchers have begun to explore predictive modeling
as a solution to the instance selection problem. PARIS Yadwadkar et al. [2017] is a data-
driven system that aims to select the best instance type given minimal data collection.
PARIS uses a hybrid online and o ine data collection and modeling system to accurately
predict workload performance. However, unlike our work, PARIS focuses on video-encoding
workloads and serving latency. Our work targets scienti ¢ uses cases that di er substantially
from many business-oriented cloud uses. For example, the genotyping work ow that we
evaluate here consists of extremely diverse applications with a wide range of computational
requirements. CherryPick Alipourfard et al. [2017] uses Bayesian Optimization to model
application performance to determine the best, or close-to-best, instance type with minimal
experiments, while other work Liu et al. [2019a] uses Pareto analysis to select necessary
resources from a set of e cient options based on speci ed costs. Ernest Venkataraman et al.
[2016] is able to predict the execution time of distributed analytics jobs based on cluster
size. However, unlike our approach, Ernest cannot forecast performance without previously
deploying an application on a given resource. Paragon Delimitrou and Kozyrakis [2013] and
Quasar Delimitrou and Kozyrakis [2014] employ historic execution traces to rapidly classify
new applications. In combination with a small amount of online pro ling, Quasar is able to
manage resource allocations and guide job packing. However, these traces do not incorporate
ne-grained resource utilization statistics. To incorporate these, the Arrow framework Hsu

et al. [2018] incorporates low-level performance statistics during its iterative optimization.
This framework uses these statistics along with the standard runtime and cost statistics to

inform a Bayesian optimization process to reduce the fragility of the optimization system
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and to more e ciently reduce areas of uncertainty in the Bayesian process. They have seen
promising results that have overcome many of the previously observed shortcoming found in
Bayesian optimization when applied to work ow pro ling.

The problem of selecting suitable resources for a given application is ubiquitous across
cloud providers. Google now provides®M sizing recommendationservice goo that monitors
system utilization and recommends appropriately sized virtual machines. Although such a
service relies on understanding prior execution information, it does not enable forecasting
for variable usage requirements (e.g., in terms of applications, data sizes, settings), or let
users explore trade-o s between application performance and cost.

Micro-benchmarks have also shown great promise to aid in predicting the performance of
a given workload in a foreign computing environment Scheuner and Leitner [2018]. This is
accomplished by using a suite of benchmarks to evaluate the unknown compute infrastructure
and then use the execution characteristics of those benchmarks on the known infrastructure
(i.e., where the execution characteristics of the work ow are known) to predict the work-
OW's execution characteristics in the new environment. Similar work exists in the area of
selecting resources from across di erent cloud environments Liu et al. [2019b]. Others have
also sought to learn application performance models from data obtained from production
environments Bodik et al. [2009], while trace speci c clustering has been used to select cloud
resources based on work ow classi cations requiring varying computational needs Guo et al.
[2019].

There has been some recent work to explore location-aware computing Akkus et al. [2018],
shared hosts with multiple workers Shillaker and Pietzuch [2020], and dynamic provision-
ing Sreekanti et al. [2020] in a FaaS context. Dynamic provisioning in spot markets has been
explored more in depth in several works Shastri and Irwin [2017], Hasan and Hammad [2020],
Wong et al. [2021], where dynamic allocation of spot instances following termination noti -

cations is shown to signi cantly reduce downtime and cost. However, these methods account
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for underlying market pressures by hopping between availability zones based on availability
rather than overall cost. Additionally, there is signi cant work with respect to cost-aware
provisioning of resources with respect to di ering costs and qualities of service (QoS) Chard
et al. [2017], Guo et al. [2014]. Specialized research into hierarchical applications and distri-
bution have been explored for use of terminable cloud instances Davatz et al. [2017]. Lastly,
many of these approaches focus on application or system speci ¢c implementations, which in-
formed our design choices to include lightweight and portable solutions and build on existing
frameworks that function across multiple types of resource and computational domain.

Lin and Khazaei Lin and Khazaei [2020] address the need for accurate performance and
cost prediction in serverless architectures. They introduce a novel analytical model alongside
the Probability Re ned Critical Path (PRCP) algorithm to optimize serverless applications
deployed on AWS, showcasing signi cant improvements in e ciency and cost-e ectiveness.

The Costless framework Elgamal et al. [2018] focuses on cost optimization in AWS
Lambda by employing function fusion, placement strategies, and memory allocation. Using
a constrained shortest path problem within a cost graph, the framework e ectively balances
cost and latency, ensuring optimal resource utilization for serverless deployments.

Ali et al. Ali et al. [2024] proposes using function pro ling to inform the deployment of
serverless functions in cloud continuum environments. By analyzing a function's performance
across various runtime settings, their proposed system aims to improve deployment decisions,
leading to better QoS for users and optimized resource utilization for providers.

Additional work Maros et al. [2019] has been done with application-speci ¢ platforms that
explores the use of supervised machine learning (ML) models to predict the performance of
Spark applications. The authors nd that their "black box" models, using features available
before execution, match or exceed the performance of the existing Ernest model, especially for
applications with irregular patterns or when extrapolating to larger datasets. They conclude

that while there is no single best ML technique, di erent techniques should be explored for
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each scenario to select the most accurate model

Lastly, Galimberti et al. Galimberti et al. [2023] introduce an auto-pro ling framework,
OSCAR-P, designed for the open-source serverless platform OSCAR. This tool automates the
testing of work ows across diverse hardware con gurations and generates machine-learning-

based performance models, prioritizing e cient resource allocation.

2.2.5 Distributed Scheduling

Wide-area compute scheduling presents unique challenges in heterogeneous environments.
DELTA Kumar et al. [20214a] distributes function-based workloads across serverless comput-
ing endpoints using individual performance predictors to select optimal resources. Similarly,
Parsl| Babuji et al. [2019b] builds dynamic dependency graphs to scale execution over thou-
sands of workers while providing elastic resource provisioning and fault tolerance.

TaskVine Sly-Delgado et al. [2023] focuses on data-intensive work ows, leveraging data
locality and caching to minimize transfers and optimize task execution. In addition, Irid-
ium Pu et al. [2015] optimizes task placement by jointly considering computation and data
movement, reducing WAN latencies through intelligent replication, and pre-staging data.
Phare Castellano et al. [2024] employs a decentralized, a nity-based scheduling strategy to
balance tasks across federated edge clusters, thereby minimizing cross-site communication
overhead and ensuring robust performance even in the face of failures.

Scheduling for deep learning (DL) workloads has also seen signi cant innovation. Gan-
diva Xiao et al. [2018] introduces an introspective framework that leverages the predictability
of DL training iterations to enable e cient time-slicing and dynamic job migration, improv-
ing cluster utilization and early feedback for hyper-parameter searches. Building on this,
Gavel Narayanan et al. [2020] proposes a heterogeneity-aware scheduler that systematically
generalizes existing scheduling policies by expressing them as optimization problems over a

job's "e ective throughput.” More recently, Pollux Qiao et al. [2021] introduces a co-adaptive
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approach that simultaneously optimizes cluster-wide resource allocation and per-job train-
ing parameters (e.g., batch size and learning rate) by maximizing "goodput,” a metric that
combines system throughput with statistical e ciency.

FnSched Suresh and Gandhi [2019] seeks to maximize utilization while meeting service-
level objectives (SLOs) by regulating function resource usage and scaling utilization of
resources based on load. Other work on meeting SLOs in heterogeneous computing en-
vironments includes a probabilistictask pruning method Denninnart et al. [2019], which
uses a function's execution history to predict whether a task will meet its SLO. Reuther
et al. quantify scheduler latency across Slurm, Mesos, Hadoop, YARN, and others, and
show that multi-level array schedulers such as LLMapReduce can improve utilization for
bursty, sub-minute jobs Reuther et al. [2018]. Wukong implements a decentralized model for
scheduling functions expressed in a work ow DAG on FaaS platforms Carver et al. [2020].
Additionally, Maheswaran et al. Maheswaran et al. [1999] de ned signi cant groundwork in

heterogeneous task allocation.
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3.1 Spot Market Analysis and Price Prediction

We began this work by examining the price dynamics of cloud computing markets created
by top providers. We analyzed these markets with respect to how they change over time
and how those changes e ect predictability of those markets. Our analysis revealed the sub-
stantial reduction in market variability following a substantial overhaul of market pricing
strategies from the primary resource provider Amazon Web Services. However, we devel-
oped predictive models that were able to accurately predict market pricing both before and
after this pricing paradigm shift.

Prior to the change, our predictive methods relied on somewhat complex LSTM-based
neural networks developed through a neural architecture search process. While these models
were relatively lightweight and did not require substantial levels of compute to train, their de-
velopment was still nontrivial in order to achieve leading performance. Following the change,
we performed a much more substantial analysis of market predictability and demonstrated
that the price smoothing features added to the market by AWS lead to a prediction task
that did not bene t from the use of more complex neural network-based models. Instead, we
were able to use more traditional ARIMA-based models to achieve comparable performance
in most cases.

While the ARIMA-based methods provided performant results at low computational cost,
we found that parameterizing ARIMA models incorrectly could have substantial negative
e ects on the predictive performance of the models. To address this, we trained and analyzed
the performance of over 2 million ARIMA models on our cloud pricing dataset. We found
that the performance of the models was usually consistent but prone to extreme outliers
when poorly parameterized. Most signi cantly, our analysis demonstrated that, under the
new pricing regime, most models achieved near-perfect performance, making the eld of
AWS spot market pricing prediction a trivial task. Regardless, while predicting resource

pricing became trivial, the introduction of much higher rates opressure-based terminations
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compared toprice-based terminationsmade AWS spot instance less reliable than prior to

the change, given our price prediction strategies.

3.2 Workload and Resource Pro ling

Building on the ability to accurately predict resource pricing given an estimate of execution
duration on a resource, it then became necessary to have better estimates of runtime. To
do this, we began developing pro ling methods for running workloads on AWS instances
and on HPC systems. Due to their dependence on input data, high levels of task execution
variability, and signi cant computational requirements, we decided to use genomics analysis
work ows as the target application for this pro ling work.

We began by creating models to characterize the runtime of each component task in
the work ow with respect to some resource-level variable, such as CPU core count, RAM
availability, or input data size. These models were simple polynomical regressions. There
were three key research challenges in actually incorporating these models into a system that
could be used to accurately and robustly predict runtime 1) integrating these models into a
uni ed system that can be used to predict runtime out of sample; 2) dealing with extremely
noisy and variable runtime data due to severe resource contention on HPC systems; and 3)
developing an approach to reproduce these pro ling results for novel workloads.

The rst challenge was incurred due to these models characterizing runtime with respect
to only one variable at a time. Following, combining models say, one for CPU core count
and one for RAM availability is di cult as the two regressions intersect at only one point
in the 3D prediction space. To address this, rst, we combine the two models by simply
solving algebraically for their intersection. However, this produces very poor results in the
out of sample prediction space as it is not able to capture the joint e ects of the two variables
(i.e., based on the individual models, there is no indication what the e ect on runtime is

when increasing or decreasing both variables simultaneously). Therefore, we elect to retrain
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the composite model with a single additional experiment parameterized by the mean of the
out-of-sample space. By tting the composite model to this additional data point, we were
able to achieve results of less than 30% error across the entire parameter space.

To compensate for extremely noisy data, we elected to tthe models to the 10th percentile
of the runtime distribution for each task. By doing this, we approximate the runtime of the
task as the likely runtime without the e ects of resource contention. Doing so allows for
predictive accuracy of 7% when excluding contention e ects, which are generally considered
stochastic and unpredictable.

Finally, to enable the reproducibility of these pro ling methods to other workloads, we
developed an automated experimental design approach to select an optimal set of points in
the parameter space to pro le. This approach was inspired by the re tting of our composite
model by selecting a point based on where there was the least amount of model support.
Extrapolated across the entire parameter space, our automated experimental design ap-
proach selects the next experiment based on algorithmically solving for which point would
most constrain the error bounds of the model based on new information at that point. Ef-
fectively, if the new experiment con rms our current model, error bounds are universally
tightened. Conversely, if the new experiment contradicts our current model, error bounds
on the recalibrated model are disproportionately widened elsewhere in the parameter space,
further guiding the selection of the next experiment. With this approach, we were able to
achieve within 3% of the optimal error bounds for the entire parameter space with half of

the experiments and within 30% with only 30% of the experiments.

3.3 Distributed Execution of Lambdas with Tradeo Analysis

With the ability to accurately predict runtime and resource pricing, we distilled the appli-
cation of these methods into what we call thero ling, predicting, provisioning cycle. This

cylce functions as a feedback look to run workloads, collect information on that execution,
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and then update models predicting that execution and use those models to update cost
estimates. With two of the three components built, we next began to develop a system
to coordinate this cycle and to interface with the resource provider to provision resources.
This system was called DELTA Distributed Execution of Lambdas with Tradeo Analysis.
DELTA integrated micropredictors, similar to those in the pro ling work, combined with a
cost model, to select the optimal resource for task execution. DELTA was build on top of a
federated function- as-a-service framework called funcX as the serverless execution paradigm
best t the exibility needed to rapidly move tasks to di erent resources.

DELTA created a set of models for each task-resource pair, predicting the execution
time, data transfer time, resource startup latency, system overhead, and total execution
time. These models were then used to minimize the total execution time of submitted tasks
or batches of tasks. We evaluated DELTA on a testbed of devices ranging from Raspberry
Pis to HPC nodes. DELTA not only was able to distribute tasks across the entire testbed
(ensuring that the computational power of an SBC can be used alongside HPC systems),
but also was able to move tasks to resources on which they were most well-suited. In this
manner, DELTA motivated the idea that the computing continuum is not simply load-
balancing across distributed resource, but rather requires the intelligent mapping of tasks to
resources.

Due to DELTA's reliance on micropredictors, focus on execution time alone, and lack of
consideration of multithreading, we developed two extensions to DELTA that we collectively
called DELTA+. The extensions are as follows: 1) a multidimensional cost model that takes
into account more than just task rount trip time and 2) the abiliity to dynamically provision
additional resources if cost-e ective to do so. In keeping with the core scheduling strategy of
DELTA, we relate multidimensional costs to each other as to minimize the weighted product
of the costs. This allows us to specify the relative importance of each cost to the overall

cost of the system (e.g., speci ng that $5 is worth reducing runtime by 20 minutes). Next,
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we extended this to a more robust roo ine optimization model that solved the optimizaiton
tradeo s based on speci ed budget constraints. This could be time, money, or allocation
budgets. We used this new model to decide whether to provision additional resources to the
system, based on estimates of marginal time and monetary costs. If a resource's cost and
performance place it closer to the peak of the roo ine, we would provision additional re-
sources to the system. We evaluated DELTA+ through simulation to isolate the framework's
ability from resource contention and other stochastic e ects. We found that DELTA+ was
able to seamlessly schedule tasks using the updated cost model and provision additional re-
sources via the necessary connectors. Additionally, by establishing a single prediction model
for each task-resource pair, we were able to substantially reduce the overhead of DELTA+

compared to the original system.

3.4 Adaptive Task Management

Finally, to build on the lessons learned from DELTA+ and to create a more generalizable
system, we developed a framework called ATM Adaptive Task Management. ATM is a
framework also built on top of a serverless computing platform called Globus Compute (the
successor to the now deprecated funcX). ATM uses a similar cost model to DELTA+ but
extends it to map tasks over the entire resource space rather than scheduling tasks with
individual prediction models. This new method relies on historical traces and performance
interpolation to generate a policy table for mapping tasks to resources. Additionally, ATM
uses probabilistic scheduling to allow for a slightly more directed approach to navigating
the exploration-exploitation tradeo . By using only a single model to map historical traces
to resources, ATM's overheads are substantially reduced. This allowed us to demonstrate
scaling up to scheduling more than 16,000 task types across more than 16,000 resources. One
drawback of this approach is that by eliminating the individual prediction models, we lose

the ability to quickly nd optimal resource mappings for specialized tasks. However, ATM's
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ability to rapidly rebalance and take a holistic view of all available resources far outweighed
this drawback. Additionally, we were able to demonstrate that ATM can accelerate real
science work ows on 100 nodes of an HPC system and on more than 10 di erent computing
sites simultaneously.

Two important additions we included within ATM are its ability to dynamically shape
resources determining the number of tasks to pack simultaneously onto a single endpoint
and its enhanced capabilities with respect to navigating the cost tradeo s, demonstrating the
ability to drop resources if they are underutilized and to trade small amounts of performance
over time for substantial cost savings.

We also evaluated the scheduling component of ATM against other distributed scheduling
frameworks and found that ATM meets or exceeds their overall performance while maintain-
ing less batch-to-batch variability over the course of an experiment and better taking into
account cost tradeo s. We believe this demonstrates that ATM is a state-of-the-art frame-
work for coordinating large science work ows across multiple computing sites and that this

motivates its use to accelerate scienti c computing.
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CHAPTER 4
CLOUD RESOURCE PRICE PREDICTION
AND MARKET CHARACTERIZATION
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4.1 Spot Market Analysis

We now present a before-after analysis of the spot market. We begin by summarizing general
statistics including the mean price and variability, we then analyze the frequency of event

changes, before reviewing changes to market dynamics.

4.1.1 General Statistics

The primary change, both stated by AWS and evident in the spot pricing, is the reduction

of variability in the pricing data. Overall, across our 841 instance type and availability
zone combinations, the average instance is 11.55% cheaper than it was before the change,
though the deltas vary wildly between instance types. While this increase in mean price is
signi cant, the reduction of spot price variability represents a much much more noticeable
change. Before the change, the mean standard deviation was 87.9% of the mean spot price;
following the change, the mean standard deviation was just 7.9% of the mean spot price.
The most notable di erence is related to the duration of a given spot price: after the change,
spot price persisted, on average, more than 85x longer than they did before the change. This
increase is consistent with AWS's claim that spot pricing is more consistent and that the

price is regularized to t more long term trends.

Figure 4.1: Number of events per day for each region between July 2017 and April 2018
(with Jan Mar 2018 zoomed in).
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(a) Jul Sep 2017 (b) Oct Dec 2017 (c) Jan Mar 2018

Figure 4.2: Distribution of time between events for each three month period. Here a log
transformation is used to spread the frequency distribution of time intervals more uniformly,
aiding both visualisation and data interpretation.

4.1.2 Event Frequency and Period

The number of price updates and thus price events drops dramatically following the switch
to the new policy, as shown in Figure 4.1. The spike in late November suggests an amount
of reorganization at that time, perhaps as AWS further tuned its pricing algorithm.

Some regions have signi cantly more price updates than others. This is true for both
di erent instance types and families. Therefore, the update to the AWS pricing mechanism
appears to increase the time to algorithmically consider a price change. Figure 4.2 illus-
trates how the duration between events has changed over time. For ease of presentation,
time between events (which follows an exponential distribution) has been log transformed.
The distribution of intervals shows that there are many small intervals and a small number
of extremely large intervals. The extent of these extreme outliers (right tails of the distri-
bution) can be seen in Figures 4.2a and 4.2b. Also notable is that the frequency of events
(y-axis) is much lower in Figure 4.2c. Two-sample Kolmogorov-Smirnov tests are used to
check if the time between events follow similar distributions, i.e. if price changes occur sim-
ilarly before and after the change in pricing mechanism. Table 4.1a indicates that the time

between events has changed signi cantly. However, it is worth noting that based on the
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Figure 4.3: Average daily price by family, in US$, between July 2017 and March 2018.

size of our data, even subtle changes would be considered signi cant. Instead, we note that
Jan-Mar 18 is further away, i.e., more di erent to Jul Sep 17 and Oct Dec 17 than they are

from each other, as indicated by a higheb statistic. This is corroborated in Figure 4.2.

Table 4.1: Kolmogorov Smirnov tests. D is the estimated maximum distance between the
two distributions under analysis. Considering a level of signi cance = 0.01, we reject the
null hypothesis of equivalence of the two distributions in all cases.

(a) Kolmogorov Smirnov tests inspecting the time
between events.

Time Periods D p-value

Jul Sep 17 / Oct Dec 17

0.03060

< 0:001

Jul Sep 17 / Jan Mar 18

0.60879

< 0:001

OctDec 17 / Jan Mar 18

0.62835

< 0:.001

(b) Kolmogorov Smirnov tests inspecting the
change in price between events.

Time Periods D p-value
Jul Sep 17 / Oct Dec 17 | 0.03160| < 0:001
Jul Sep 17 / Jan Mar 18 | 0.26168| < 0:001
Oct Dec 17 / Jan Mar 18 | 0.24311| < 0:001

The reduction in the number of events prompts the inspection of the e ect on price
itself. Figure 4.3 depicts the average daily price (across all instance types, generations, sizes
and regions). Here, however, we need to be cautious in the presentation of the data. The

price signal has, in general, a high variance, and signi cant outliers (as already seen) that
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have high leverage over measures like the mean (plotting the median, however, does not
look fundamentally di erent). We cannot show error bars indicating one standard deviation
around the mean as they make Figure 4.3 unreadable. Similar to the number of events, the
mean of the more expensive families has reduced and there is less variance with time. This
is to be expected as newer instance families will reduce in price over time.

Similar to the time between events, we see signi cant di erences in the change of price
captured by events, see Table 4.1b, with the same remarks with respect to statistical power,
and the di erence in distance between the distributions (denoted by thB statistic), i.e. the
Jan Mar 2018 distribution is further away (more di erent).

In summary, the change in pricing mechanism reduced the number of events (Figure 4.1),
increased the time between events (Table 4.1a and Figure 4.2), and reduced the degree of
price change between events (Table 4.1b and Table 4.2). Table 4.2 also includes statistics
after removing occurrences of the arti cial spot price cap set by AWS (10x the on-demand
price) as these prices may represent situations in which AWS has potentially arti cially
raised the spot price to terminate running spot instances George et al. [2019]. In doing so,
we eliminate the in uence of extreme values and observe reduced overall variation, but still
much greater variation than the new pricing model.

We also note that the average change in price represented by an event is negative, which
would suggest a general reduction of price over time. Yet more notable are the extremes of
price change. The increase in time between events seems to a ord AWS the opportunity to
be algorithmically less variable with respect to changes in instance costs. This is seen in the
reduction in the standard deviation of changes to price between events. As such, it appears
that price adjustments now occur less often, are smaller, and have lower variance. These
changes indicate a bene t to users requiring instances for prolonged periods of time (reduced
variance and increased price durations means more predictable costs), while detrimentally

a ecting users that opportunistically seek short-term use of cheap instances.
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Table 4.2: Quantiles, means, and standard deviations of price di erences between events, all
in US$. (An asterisk denotes all instance of the highest single price was dropped from the
series.)

0% 25% 50% 75% 100% mean stdev
Jul Sep 17 | -255.35| -0.0002| 0.0001| 0.0002| 255.1 | -0.0000| 7.936363
Oct Dec 17 | -262.671| -0.0002| 0.0000| 0.0002| 263.2583 -0.0004| 3.2520
Jan Mar 18 | -5.0264 | -0.0001| 0.0000| 0.0001| 2.8491 | -0.0002| 0.0310
Jul Sep 17* | -71.7526| -0.0003| 0.0001| 0.0004| 72.2574 | 0.0000| 0.2622
Oct Dec 17* | -70.1337| -0.0003| 0.0001| 0.0004| 72.1944 | 0.0000| 0.3003

Jan Mar 18* | -5.0264 | -0.0001| 0.0000| 0.0001| 2.8491 | -0.0002| 0.0310

(a) Jul Sep 2017 (b) Oct Dec 2017 (c) Jan Mar 2018

Figure 4.4: Frequency of event occurrences per time of day by day of week.

4.1.3 Event Occurrence

Having observed a change in the number of events, a change in time between events (it
increases), and the price di erence between events, we can also observe that events occur
following di erent patterns. Figure 4.4 presents a heat map that corresponds to the frequency
of events with respect to the time of day and day of week that events occur. It is evident that
there has been a change in the weekly pattern of events. From Jul Dec 2017 (Figures 4.4a,
4.4b) there is a clear seasonality in the event distribution: fewer events occur at weekends,
and there is a slight tendency for more events at later hours. Note that UTC is 4 to 8 hours
ahead of US time zones.

We observe that in Figure 4.4c (Jan-Mar 2018) this pattern disappears completely. Aside
from a general reduction in events, the distribution of events over the 24 hour period, as well

as over the week, appear more normalized. Some of the weekly pattern remains: Sunday
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(a) Jul-Sep 2017 (b) Oct Dec 2017 (c) Jan Mar 2018

Figure 4.5: Frequency of event occurrences per timeslot (minute of hour) by day of week.

Figure 4.6: Frequency of event occurrences per calendar week by minute of hour.
appears to have slightly fewer events, and around 10pm UTC midweek also experiences

slightly more events.

Figure 4.5 shows a heatmap of event frequency per day of the week based on the minute of
the hour. Here, for readability we have binned (discretized) minute into ve-minute portions.
The gure shows a shift in when events occur. Initially, the majority of events occur at the
start of the hour in Jul Dec 2017 (Figures 4.5a, 4.5b), which aligns well with AWS's per-hour
billing. The week seasonality is also visible here too. Post change, in Figure 4.5c¢ (Jan Mar
2018), the seasonal e ect disappears and the majority of events now occur at the half hour.

We need to be a little cautious with the exact interpretation of the heat maps as we are
comparing di erent frequency ranges: there are signi cantly more events per day in Jul-Dec
2017 than Jan-March 2018. To provide a little context and assist in the interpretation of
these gures, Figure 4.6 presents the frequency of events as a normalized weekly percentage,
i.e. each column sums to 100% and each cell represents the percentage of events that occurred

in that 5 minute interval for the corresponding week. What we see is that while more events
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occurred at the start of the hour as a proportion of the total weekly events this is less
pronounced. Interesting is that Figure 4.6 clearly delineates exactly when AWS rolled out
the new pricing mechanism in US regions. We also note that the e ect of Figure 4.5c is also

visible in Figure 4.6 but is less pronounced.

4.1.4 Changes in Market Dynamics

Having explored the changes in event occurrences we now explore how the spot market

changes have a ected market dynamics.

Spot Prices Over Time

In general, the spot market before the change was highly variable, often exhibiting a high
frequency of large price changes. However, the new system seems to have some small sporadic
changes but these are much less pronounced and not clearly discernible at the resolution

shown in Figure 4.3.

Availability of Spot Instances

Figure 4.7 shows the availability of ther3.4xlarge instance type across regions and avail-
ability zones as the price increases. (Distributions for other instance types exhibit similar
trends.) We observe two features that are particularly interesting. The rst, which is readily
observed in Figure 4.7 and well expected given AWS's own statements, is the de nite upper
limits of availability in the new data (which has not been cropped at all). Additionally,

the relative linearity seems to indicate the arti cial setting of spot prices, as well as de ned
upper and lower bounds. The second, which appears both before and after the change, is the
appearance of multiple discernible in ection points along the availability curve. This could
show one of two things: 1) AWS has imposed pressure on pricing or hard upper and lower

price bounds for both the old and new pricing schemes, or 2) bids are generally made near
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round pricing gures, so this would indicate the new spot pricing is still in uenced by bid

pricing (indirectly by way of demand at a given price).

Figure 4.7: Cumulative availability of the r3.4xlarge instance type vs. bid price for both
the old and new pricing schemes.

Spot Price Duration

Figure 4.8 shows the cumulative price duration the time that a bid price remains above
the spot price. The primary observation is the orders-of-magnitude di erence between price
duration under the old versus new pricing schemes. However, more interesting is the preva-
lence of stair-stepping” that we observe where the duration jumps at given points, while
still growing in between. This possibly indicates that AWS adjusts (both before and after
the scheme change) the spot price both at regular intervals and when demand exceeds a
certain threshold. We can also identify that, at least this speci c instance typeys-east-1f

has a cumulative duration curve nearly identical both pre- and post-change. Finally, we

see a more logistic shape in the data, whereas the new data (at least for shorter durations)
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exhibits much more linear or even exponential behavior.

Figure 4.8: Cumulative duration of ther3.4xlarge instance type for both the old and new
pricing schemes.

4.2 Practical Implications of Changes

We next investigate the implications of the spot pricing change for end users. To this end, we
use historical spot pricing data to simulate bidding scenarios, and investigate the outcomes

of those scenarios under the old and new pricing schemes.

4.2.1 Methodology

For each availability zone-instance type combination, we calculated the expected cost of an
arbitrary workload that would take X seconds to run on that speci c instance type. To do
this, we measured, for each possible bid price, the distribution of durations given that speci c
max bid. If all occurrences of that given max bid are durable for longer than the simulated
workload duration, the expected cost is simply the duration-weighted mean spot price for
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the simulated duration of the workload. If no durations possess the necessary durability (i.e.,
if the spot instance does not stay under the simulated max bid price for the entire duration
of the workload at any point in the time series), then we record this as a did not nish,"
automatically forcing a higher maximum bid and, therefore, higher expected cost.

In most cases, we obtain duration distributions where the simulated workload would nish
sometimesbut not every time For example, if we consider a bid of $0.20 and a simulated
6-hour workload. We observe that half of our sampled durations last for more than six hours
and half for less than six hours (i.e., somewhere in those six hours the spot price exceeds the
bid price). In this case we calculate the expected cost as two times the duration-weighted
mean of the time-series within those windows. This is because, on average, if we have a
50 50 chance of instance durability, then we will have to run the workload an equivalent of
two full times in order to achieve completion without a preemption.

Using these expected costs, we can then compare the incurred costs of di erent workload
durations on di erent instance types between on-demand and spot instances under both the
old and new pricing schemes. When simulating on-demand instances, the cost is simply the

duration multiplied by the cost per time unit.

4.2.2 Assumptions

While we believe that this analysis provides necessary and accurate insights into the dynamics
and cost e ectiveness of spot instances and spot pricing methodologies, we do rely on three
obvious, though largely unavoidable assumptions in these calculations. The rst is that
we use the same provisioning and termination algorithm for the post-change simulation
as the pre-change simulation. While we know for a fact that the pricing algorithm has
changed, the new method used by AWS is not public and, therefore, we could not easily
recreate it for our own purposes. However, we do know that the new pricing is based on

long-term pressures” which indicate some consideration of the relative values of supply and
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demand, and as such may still roughly approximate the old behavior though on a much
more long-term and arti cially smoothed scale. The second assumption we use is that these
simulated workloads of arbitrary duration are not checkpointed, though one could view these
simulations as the minimum required time between checkpoints rather than a workload as a
whole. The third and nal assumption we make is the independence of pricing and market

pressures with respect to our own simulated workloads. In other words, we do not factor in
the e ect, albeit small, that our provisioning of a new instance would have on the overall

market supply and demand.

4.2.3 Results

Using this simulation framework, we can evaluate the cost e ectiveness of spot instances
under new and old pricing. Further, we can use this expected cost information to highlight
cases where one pricing scheme may be more bene cial to certain use cases.

First, when comparing spot instance cost e ectiveness with on-demand usage, we see
that, on average, the old pricing system allowed spot instances to be more cost-e ective
than on-demand instances for any workload shorter than about 340 hours, or roughly two
weeks. However, there were availability zone-instance type combinations that would become
more expensive if they had to avoid preemption for even as little as half an hour. Looking
at the new pricing scheme, we observe that in all combinations, spot instances are cheaper
than on-demand instances for at least one month, and in many cases inde nitely. (This is
simply due to the fact that the new time-stabilized spot prices e ectively never exceed the
on-demand price. However, this is where our assumption of the old termination algorithm
begins to fail as this shows that user-facing pricing is insu cient to predict terminations.
Otherwise, in such a case where a max bid of the on-demand price would never be met, all
rational users would use the spot instances instead.)

Next, comparing the expected costs of the pricing systems to each other, we see a bene t
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on the side of the new pricing scheme in that, for workloads of uniformly distributed durations
up to one month, it is generally much cheaper than under the old pricing system. However,
the generality begins to break down when we look at the lower end of the workload duration
as, for durations under an hour, the old pricing system is more cost-e ective due to the
presence of lower dips" in pricing, albeit for short durations. Therefore, we can see that the
end-user cost-e ectiveness with respect to on-demand pricing has generally increased but, for
users interested in securing spot instances for only a short time, the costs have increased as
there are no longer the pricing valleys" that we used to see within the spot market (though,

conversely, there are also no pricing peaks").

4.2.4 Suitability for Scienti c Computing

The spot market presents opportunities for acquiring low-cost resources to meet the sporadic
and non-deadline-constrained needs of scienti ¢ applications. We have previously investi-
gated the use of spot resources to cost-e ectively Chard et al. [2015] and reliably Wolski
et al. [2017] provision computing resources for various scienti ¢ applications, including med-
ical imaging Chard et al. [2018], genomics Madduri et al. [2015], and work ows Babuiji et al.
[2019b]. Here we discuss the implications of the market changes for such workloads.

We showed above that the new pricing algorithm generally increases spot instance prices,
while decreasing price variance. While these changes may make short-duration tasks more
expensive (e.g., those that can be completed within a pricing valley), for longer running jobs
the new market dynamics may bene t scienti c computing. Most notably, in previous work
we showed that naive use of the spot market may result in signi cant costs for scienti c com-
puting, upwards of an order of magnitude more than when using on-demand instances Chard
et al. [2016Db]. This increase was primarily as a result of pricing peaks and an inability to
adapt accordingly. The reduction in price variance alleviates these concerns and ultimately

reduces the associated risk of using the spot market. Furthermore, more stable prices reduce
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the need for elaborate provisioning tools designed to dynamically select suitable, yet low-cost
instances and to exchange risk with reliability via bidding strategies.

Conversely, the fact that termination decisions are no longer associated with bid price
creates new challenges. Without understanding termination dynamics, it is di cult for users
to predict total cost when using spot instances or to have any certainty regarding instance
durability. Under the old model, researchers could trade o risk (potential total cost) against
durability by bidding well above the market price. Such strategies are no longer applicable.

The rst step in corralling the computing continuum is guring out what the cost will
be. Prior to the 2017 change in AWS spot instance pricing, the AWS spot market was an
ideal place to access cost-e ective, highly distributed compute.

To utilize this feature, we determined that the ability to reasonably predict the spot
market prices would allow users to both use compute while its cheap and determine what
maximum price they should be willing to pay. We used ARIMA models along with LSTM
neural networks to accomplish this, to a relatively high degree of accuracy. Following the
spot market pricing change, however, the prediction task was trivially easy and the majority

of spot instance terminations were no longer incurred due to price.

4.3 Spot Price Prediction

We aim to predict the spot price for a particular instance type, availability zone, and region

for a speci c time in the future. Speci cally, we aim to predict the price using prior histories
from all regions, availability zones, and instance types. Given the relative complexity of this
task and the potential for many latent features to in uence the spot price (e.g., seasonality,
relationships between instance families, resource supply, etc.) we investigate if recurrent
neural networks (RNNs) can provide better accuracy than standard statistical approaches.
RNNs are becoming increasingly popular as a means of modeling time series data such as

meteorological data and stock prices. For our task, we use long/short-term memory (LSTM)
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Figure 4.9: Historical AWS Spot Market price for a given instance over multiple availability
zones prior to the pricing change.

as the main building blocks of the RNN. LSTMs are able to identify and remember latent
features over an unspeci ed number of time periods, making them a versatile tool in time
series prediction.

RNNs, just like other neural networks, are speci ed as a combination of various param-
eters such as number and type of layers as well as activation functions. Hence, a necessary
step in building RNNSs is a systematic evaluation of these parameters to nd the best com-
bination for the given task. In addition to specifying the RNN parameters, the input data
for RNNs (and neural networks in general) is often pre-processed into a format that makes
it easier for RNNs to generate good predictions. Hence, in the remainder of this section we
describe these model speci cation steps: our hyperparameter selection, the resulting network

structure, and the preprocessing steps considered to transform our input data.

LSTM Hyperparameter Selection

The number and type of layers is a fundamental architecture decision for a neural network.

To select our network architecture for the given task, we performed a simple grid search over
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a range of potential network architectures.

Speci cally, we systemat-
ically varied the number of
LSTM layers in the network
(from 1 to 4), and the width of
each LSTM layer (from 16 to
128 nodes). Each neural net-
work had an additional dense
layer for consolidation after
the given number of LSTM

layers.
Figure 4.10: Training MSE (USD squared) after ten epochs

of training each combination of LSTM width and depth. Figure 4.10 shows the loss

function for these combina-
tions of LSTM layers and widths of each LSTM layer. Based on this analysis we identi ed
the relatively small, three-layer solution with two LSTM layers and a dense layer for con-
solidation to show the most promise. Note: for this analysis, we did not use a mini-batch
training method such as to reduce variation between training and validation error, given the

computational requirements to do so.

Network Architecture

Based on our previous hyperparameter selection, our nal RNN incorporates elements from
both LSTM and dense neural networks. We use a simple, three-layer network composed
of two LSTM layers each 32 units wide and one dense node to consolidate input from
the second LSTM layer to a nal predicted value. We chose the LSTM unit to comprise
the primary layers of our neural network model due to the temporal element of our data

and regression problem, as well as the bene ts of LSTM over other types of RNNs. Like
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other RNNs, the LSTM units can be assembled into layers of the neural network that are
able to accept data sequentially (i.e., the data is processed through each unit such that the
previous data point is able to be related to the last). The advantage held by LSTM over
traditional RNNSs is that it possesses three internal gates that allow it to explicitly forward
or forget data, allowing it to relate data from point to point and forget earlier relations over
a certain period within the sequence, if these earlier relations turn out to be irrelevant. This
functionality provides a mechanism to use information from surrounding inputs to a ect a
given input while still remaining una ected by inputs more distant.

To train our neural network, we used the ADAM optimization algorithm Kingma and Ba

[2014] with Nesterov momentum Dozat [2016] and Mean Square Error as our loss function.

Time Series Data Preprocessing

Our neural network is designed to process tick-level data (as given by the spot price his-
tory), rather than points for every time period. We choose to use tick-level data as it is
less computationally intensive to train while still providing a strong pricing signal to our
network. To further minimize the computational overhead of training we investigate two
forms of preprocessing to our input data. One method regularizes pricing data relative to
the on-demand price; the other applies exponential smoothing to regularize data for seasonal
patterns.

In order to allow for greater generalizability of the model to di erent spot price series, we
have attempted to regularize our data by transforming the raw data into a percentage of the
on-demand price. This allows us to better expand one optimal solution from one instance
type in one region to all instance types in all regions. While the price of a spot instance
does not vary directly with on demand price (i.e., some instance types are in higher demand
than others), this allows the network to work with data that are much more similar in terms

of actual value. For example, imagine one instance type that is in low demand but very
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expensive such that the on demand price is $10/hr and the mean spot price is around 20% of
this value ($2/hr). Imagine another less expensive instance type in high demand such that
the on demand price is $0.50/hr and the mean spot price is 60% of this value ($0.30/hr). It
is much less computationally expensive to retrain a network from values between 0.1 and 0.3
to values between 0.5 and 0.7 than it is to retrain a network from values around 10 to values
around 0.5. Additionally, in the retraining process, we are much more likely to be marginally
altering the speci ¢ weighting than we are to be completely reorganizing the function of the
network.

The second preprocessing step we explore looks at seasonal regularization at di erent
levels (day, week, year) using Holt-Winters exponential smoothing. This preprocessing step
represents a well-tested approach for removing regular and easily quanti able seasonal trends
so that the network itself can focus on predicting more irregular trends of the time series.
This seasonal regularization also reduces the computational requirements of the network as

it does not have to learn these broad trends.

4.3.1 Pricing Prediction Evaluation

We used historical Amazon spot pricing data to evaluate our neural network and to com-
pare its performance against that of a baseline statistical model Autoregressive Integrated
Moving Average (ARIMA) which has been shown to perform well for spot price predic-
tion Agmon Ben-Yehuda et al. [2013], Wolski et al. [2017]. We rst describe our input
dataset and then investigate the training performance of our network and the comparative
accuracy of both ARIMA and our network on our historical, not preprocessed, spot pricing
data. Finally, we explore the e ect of data preprocessing on accuracy.

When reporting on forecast accuracy, we use the Mean Square Error (MSE), de ned as:

!

X !
mean (actualV alug predictedV aluee)2

t
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We use MSE as our primary metric for evaluation as it is the loss metric we used to train
our network. We also report on the Mean Absolute Percentage Error (MAPE), Root Mean

Square Error (RMSE), and Mean Absolute Error (MAE).

Dataset

In order to validate the use of neural networks for spot price prediction, we arbitrarily
picked a single instance type from our historical pricing data: the3.2xlarge Linux instance
type from the us-east-1b region between September 3, 2016 and September 10, 2016 (as
shown in Figure 2.1). Note: we used historical data as, at the time of this study, there
was not su cient pricing data available from the new spot market. To make the network
computationally tractable, so that we could explore di erent network architectures, we used
a subset of 10,000 points (roughly six days) for training and held back the following 2,000
points (roughly two days) for validation. While this data represents a relatively small sample,
and only considers a single instance type, availability zone, and region, we believe that it is
su cient to provide initial validation of the bene ts of LSTM models.

We de ne our prediction task as follows:
given 50 input observations, forecast the
spot price for the subsequent 50 periods (i.e.,
predict the next 50 observations). We chose
50 observations for this analysis as it repre-Figure 4.11: Training MSE (USD squared)
sents a window of approximately one hour.over 250 epochs.
For each of these 50 input points, the ARIMA method creates and trains a new model to
generate the output of the next 50 predictions; for our neural network, we trained on the
10,000 points for 250 epochs and then applied the model to sequences of 50 input points in

the validation dataset.
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ARIMA Baseline

We use the ARIMA method to produce a baseline prediction. An ARIMA model for fore-
casting univariate time series data can be parameterized through three attributeg, (d, ),
where p is the number of autoregressive termsgj the number of di erentiation, and q the
order of the moving average. Selecting appropriate values fpy d, and q depends on the
particular time series. For the subsequent evaluation, we used tla@to.arima functionality

of R to automatically compare several parameterizations and select the parameter combi-
nation with the lowest forecast error. We con gured the ARIMA model to use a training
window of historical data (here: 50 observations) and forecast the next time periods (here:
50 predictions). In general, longer training windows and shorter forecast windows lead to a

more accurate forecast.

Training and Validation of LSTM

After exploring various network architectures, we trained our three-layer LSTM network on
the 10,000 input data points for 250 epochs. Figure 4.11 shows the training loss function
for this dataset. The disconcerting spikes are caused by the NADAM optimization function
we used. Spikes are common with ADAM and are potentially exaggerated via NADAM's
Nesterov (N) momentum component. We achieve an in-data training MSE &f 10 ©.

(A validation error of 9 10 © was achieved when training on the same data split by
Tensor ow with one-third of the data used for validation.) These results were achieved

without preprocessing.

Forecast Accuracy

We now compare the accuracy of our neural network with the ARIMA model. Figure 4.12b
shows the predictions of both models as well as the actuzB.2xlarge series. Both models

track the actual data fairly accurately. Figure 4.12a shows the MSE for each model on each
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(@ MSE of both ARIMA and LSTM models (b) Prediction of the 2,000 point validation set
where a value of zero would represent a perfecssing the ARIMA and LSTM models. Actual data
included for reference.

prediction.

point.

While the errors look similar, the neural network is clearly more accurate than the

ARIMA model. The MSE over our 2,000 point validation set wasl:7 10 ° for the neu-

ral network and 4:2 10 ° for ARIMA. Additionally, the Mean Absolute Percentage Error

(MAPE) for the ARIMA and LSTM models were 3.76% and 3.35%, respectively. In Ta-

ble 4.3 we report Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). In

both cases the LSTM model is more accurate than the ARIMA model.

Table 4.3: Root Mean Square Error and Mean Absolute

Error for the ARIMA and LSTM models in cents (USD).

ARIMA | LSTM
Root Mean Square Error (RMSE) | 0.557 | 0.423
Mean Absolute Error (MAE) 0.362 | 0.320

LSTM with Preprocessing

Our preprocessing steps aim
primarily to reduce the com-
putational requirements for

training; however, they might

also a ect accuracy. To evaluate their e ect on accuracy we retrained the neural network

twice, each time using one preprocessing method. The price regularization method provided

no increase (and no decrease) in accuracy. This was expected as this method was intended
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to reduce training cost by allowing generalizability across many instance types. The sea-
sonal regulation, however, did a ect accuracy. In this case, using Holt-Winters exponential
smoothing, we were able to achieve a training MSE &98 10 a small improvement
over the same network without this preprocessing. This result indicates that the neural

network is able to detect a small seasonal trend in the data.

4.4 Changes in AWS Spot Market Forcastability

We begin by presenting a summary of the spot history data (Section 4.4.1) that we use for
our analyses, and describe general statistics of those data. We then brie y discuss how we

prepared the data for time series modelling (Section 4.4.2).

4.4.1 Data Description

AWS continuously makes available 90 days of historical spot price data, broken down by
operating system, region, availability zone, and instance type. These data aggent-level
meaning that a price is only recorded when it changes. These ne-grained data allow us to
examine the volatility of the spot market through the lens of the pricing algorithm.

We have aggregated three years of price data leading up to the November 2017 pricing-
scheme change and several years of data produced thereafter. In order to focus on the
transition period and to minimize irregularities due to the addition of new instance types
over time, we focus our analysis on the three months preceding the change (Jul Sep 2017:
Period 1) and three months after all changes had taken place and the market had stabilized
for all instance types (Jan Mar 2018: Period 2). We also consider a third period, (Dec'21
Feb'22: Period 3), to validate that our ndings apply today.

Table 4.4 shows the number of price events that correspond to a speci c feature of the
data. In total, we analyze 23.7 million price change events over the three three-month periods

of interest.
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Geography : Our data set comprises four regions in the USis-east-1 us-east-2 us-
west-1, and us-west-2 Each is further divided into a number of availability zones denoted
with a letter, for a total of 14 distinct availability zones(Table 4.4a).

Instance Types : AWS o ers many di erent virtual machine instance types, each with a

certain processing and memory capabilities, and each typically named by a one- or two-letter

Table 4.4: Features of the dataset used in this study, in numbers of price events.

(a) Price events by zone (b) Price events by instance family

Zone No. of events Grouping Family | No. of events
us-east-la 1,208666 General m 4;765344
us-east-1b 2695610 purpose t 36,785
us-east-1c 1,417741 Compute- c 6,997,794
us-east-1d 1,300,888 optimised cc 141574
us-east-le 889053 cr 27,042
us-east-1f 263531 Memory- r 6;800019
us-east-2a 1,769067 optimised X 146803
us-east-2b 1,015611 Storage- d 573924
us-east-2c 904997 optimised [ 1,885286
us-west-la 1,749246 Accelerated f 197,686
us-west-1b 1;,506119 computing g 1,466569
us-west-2a 2;,999299 p 665519
us-west-2b 3,181,022
us-west-2c 2,788133

(c) Price events by generation

(d) Price events by instance size

Generation | No. of events Size No. of events
1 838403 micro 36,785
le 1;183 small 49874
2 3,951,492 medium 363939
3 9;186700 large 1,310605
4 9;726567 xlarge 3;686178

2xlarge 6;505655
4xlarge 5;204867
8xlarge 5;054800
10xlarge 519614
16xlarge 922910
32xlarge 49118




family, a generation and a size (amount of resources) AWS, For examplem5.xlarge is a
m-family (), fth-generation (5), extra-large (xlarge ) instance type. The family indicates

the general class of application for which the instance is intended; the generation is updated
as new hardware replaces old; and the size the number of cores, amount of memory, etc.
Across the data collected for the three time periods, 10 optimization families, 5 generations,
and 11 dierent instance size classes were present in all three. AWS users can also select
di erent operating systems, but we consider only Linux/UNIX instance types here as other
operating systems are not well represented in the data.

Price . All prices are captured in USD charged per hour of availability. The empirical
quantiles of price (USD) for the nine months of data across all instance types and geogra-
phies are (rounded to four decimal places) 0% (min) 0.0000, 25% 0.0938, 50% (median)
0.2103, 75% 0.4103, and 100% (max) 266.8800, with a mean of 0.5572 and standard de-
viation 4.8471. The presence of six decimal places in Amazon's raw pricing data indicates

that AWS have extremely nely grained pricing models that operate to the fraction of a cent.

Time : Price events are date-time stamped and represented in UTC to the nearest second.

In prior work Baughman et al. [2019], we explored the e ects of the change in pricing
strategy and observed substantial changes in terms of the frequency of price events, the
time between events, the price change represented by an event, and the price distribution
(in terms of mean and variance) between the old and new pricing schemes. Seasonal e ects
(in terms of the day of the week) have changed, previously there were fewer price events at
weekends, and outside business hours. This has now been normalized across the week, yet
still with some amount of reduced activity at weekends. We also noted that the new system
o ers signi cantly increased duration (thereby bene ting users with longer running tasks)

at the expense of providing extremely low prices for short durations.
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4.4.2 Data Preparation

A challenge when analyzing AWS price event data is that the time between price updates
is non-uniform. The price signal is composed of ad hoc changes in price. This is unsuitable
for price forecasting as price needs to be expressed over standard periods of time with a
consistent time granularity (e.g., hours). Therefore, we transformed the price data for each
instance type into an hourly price signal.

For Period 1, this transformation involves averaging all price events that occur within a
one-hour time period, i.e., the price signal is smoothed. This is a methodological assumption
that may appear problematic: it may make the forecasting of this time period easier as
smoothing reduces volatility. However, we note from our prior study of this data Baughman
et al. [2019] that while the frequency of price changes is high, the degree of change in price
is low. Consequently, the smoothing e ect of averaging prices within one time period should
be minimal.

For Periods 2 and 3, we needed to Il in gaps between price events. In these time
periods the time between price updates can be signicant. In some extreme cases, this
meant mapping back prior to the period to derive a starting price for a given instance.
As price updates are for some instance types so infrequent we average the price for an
instance across all 14 availability subzones noted in Table 4.4a. Again, this may appear
as methodologically naive, however, without doing so, we would have some instances with
so few price updates that time series modelling would be pointless. In aggregating in this
manner, we can engineer su cient variance into the time series to justify modelling the
series. As we apply this decision to the Period 2 and Period 3 data, we do the same to the
Period 1 data for consistency. Consequently, this should make modelling easier for Period 1
(data are smoother) but harder for Periods 2 and 3 (there is more variation).

Transforming the data in this manner means we have a univariate price observation for

each hour of each day in Periods 1 and 2 for 70 di erent AWS spot instance types and 68
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(a) MAPE by Family (All (b) MAPE by Generation (All (c) MAPE by Size (All Mod-
Models) Models) els)

Figure 4.13: MAPE range for all models across all instances aggregated by family, generation,
and size.

di erent types from Dec 2021-Feb 2022 (due to data availability). In order to t a time
series model to the data, we perform a standard holdout evaluation strategy: retaining the
last two weeks of data for each period or2( 7 24 = 336 hourly price observations).
Other evaluation strategies for time series models, such as cross-validation Bergmeir et al.
[2018], are too computationally expensive for our evaluation strategy. Instead, we blind the
model to the last two weeks of price data, thus the model must predict all 336 hours of price
data. The rationale for a two week testing window is predicated to identify models that can
forecast more than just a number of hours in advance. Therefore our aim is to nd models

more appropriate to realistic settings.

4.4.3 Evaluation

Table 4.5: Count of the best model type for each period.

Model | Period 1| Period 2
AR 0 0
(S)ARIMA 63 68
HW 0 0
LR 2 1
LR+AR 5 1
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(a) MAPE by Family (Best (b) MAPE by Generation(c) MAPE by Size (Best Mod-
Models) (Best Models) els)

Figure 4.14: MAPE range for the best model produced for an instance type aggregated by
family, generation, and size.

To assess the impact that the change in pricing scheme has had on AWS price forecasting,
we t models to every instance type that was available in both Period 1 and Period 2, then
validate our results on the more recent Period 3. To retain comparability, we evaluate all
models using the mean absolute percentage error (MAPE). This choice of metric is motivated
by the degree of variation that spot instances can have. Other common evaluation metrics
such as the root mean squared error (RMSE) and mean absolute error (MAE) are suitable
when all time series are in the same value range. MAPE is scale and unit free: it is a
percentage of the true value. This means that model performance of an expensive instance
type, can be easily compared to one of a cheap instance type. This is not the case for RMSE
and MAE as the degree of error is somewhat tied to the value range of the series itself.

To determine the forecastability of AWS prices, we compare the performance of the best
model we were able to tin terms of its MAPE error on the 336 hour price observations. To
draw some intuition of the e ect on forecastability we compare models produced on the
same instance type before and after the change in pricing scheme (this equates to roughly
70 instances present in the data both pre- and post-change).

Speci c to the discussion of model performance, it is worth noting the contextual con-

siderations of MAPE. A MAPE of 0.2 implies that, on average over the 336 hourly prices
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forecast, a model was incorrect by $0.2 if the instance cost was $1. Summed over all 336
hours, such a MAPE would represent a total budget estimate (if the price was US$1 in each

hour) of $336 67.5. If instead the MAPE was 0.02, this would be $336 6.75.

4.4.4 Forecastability using ARIMA Models

Available methods for automating the tting of an (S)ARIMA model tend to overt. Thus,

we create a search space for the d; g; P; D; Q parameters and execute this as a parameter
sweep. For each of the six parameters, we explore values in the rarnged], for a total

of 5% models trained and tested per instance type in the rst two periods and validate on
non-seasonal ARIMA models in Period 35° 2 70+5% 68 2.2 million models. (In
practice, 64% of models are actually evaluated, as some of these con gurations correspond
to (S)ARIMA models that cannot converge due to stationarity constraints.) By performing

a sweep across all reasonable parameter values, we can be certain that we uncover all likely

performance outcomes of (S)ARIMA models.

Modelling Approach and Rationale

For each AWS instance type that was available as a spot instance in Period 1 or 2, we t
each of the models noted here. Fitting so many di erent model types is motivated around
exploring how the change in pricing strategy a ected how the price of di erent instance types
can be forecast. Intuitively, forecasting should be easier: prices are updated less frequently
(meaning that price autocorrelation should be stronger), but that changes in price when a
price change occurs is larger (implying that smaller lags are considered by models). Both
e ects would initially suggest that simple(r) should be su cient to model and therefore

forecast AWS prices.
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Table 4.6: Mean instance prices (USD) aggregated by family, generation, and size to provide

context of MAPE errors

(a) Average hourly price by family

Size | Period 1 | Period 2 | Period 3
C 0:26 0:20 0:21
cc 0:46 0:39 NA
cr 1:09 0:90 NA
d 0:70 0:80 0:78
f 25.95 3:43 2:98
g 0:55 0:96 0:71
i 0:76 0:79 0:84
m 0:24 0:24 0:19
p 111 3:03 3:13
r 0:29 0:35 0:34
t 0:.01 0:00 0:00
X 8.13 6:.17 4.67
(b) Average hourly price by generation

Size | Period 1 | Period 2 | Period 3
1 7:46 1:48 1:69
le 22614 26.69 8.01
2 0:65 1:32 1:14
3 0:34 0:48 0:38
4 0:27 0:33 0:38

(c) Average hourly price by size

Size | Period 1| Period 2 | Period 3
micro 0:01 0:00 0:00
small 0:02 0:01 0:01
medium 0:01 0:02 0:01
large 0:03 0:04 0:03
xlarge 0:09 0:13 0:13
2xlarge 0:15 0:24 0:26
4xlarge 0:30 0:43 0:45
8xlarge 0:76 1.04 1:.17
10xlarge 0:66 0:60 0:78
16xlarge 7:13 3.04 2:83
32xlarge 2236 1191 6:00
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445 ARIMA Model Results

Table 4.5 shows the distribution of models that had the lowest MAPE of all models attempted
for Periods 1 & 2. This suggests only that ARIMA was better able to nd a low error model
in most cases: it does not state categorically that ARIMA is best.

Figures 4.13 and 4.14 shed more light on this part of the discussion. Models tto Period 1
(red) are compared to models t to Period 2 (green) and aggregated according to family,
generation, and size. To be able to suggest that forecasting is easier after the change in
price structure, we would want to see a discernible reduction in MAPE errors in green box
and whisker plots.

Figure 4.13 shows MAPE across all models. We see reduced MAPE in Period 2 for the
c,cr,d, f, g, i, r, andx families, but not for the cc, m, p, and t families. Similarly, most
generations except generatiod seem easier to model on average. For size, as the instance
increases in size, so too does the challenge to forecast its price. Note that we have trimmed
wildly inaccurate models: those with a MAPE greater than 1, i.e. a model that is more
than 100% incorrect on average. These assertions hold only in the sense of somewhat blindly
trying an array of modelling techniques.

If we consider only the best model (usually an (S)ARIMA as noted in Table 4.5), this
provides a slightly di erent view as shown in Figure 4.14 (note that the range of the y-axis
is di erent between Figure 4.13 and Figure 4.14). Familiesr, d, f, i, t, and x are notably
better post change. Familiesc, g, and m have on average a lower MAPE in Period 2,
but a higher variance as well. Familiex, cc, p, and r are illustrating that the change in
pricing scheme has negatively a ected the ease of forecasting their price. For generations,
generationsl, le, and 2 are notably better in Period 2. Generation3 is similar in both
Period 1 and Period 2, and generatiod seems slightly negatively a ected. For instance size,
the larger instance types are no longer discernibly more di cult yet there does seem to be

occurrences of higher variance in the MAPE for models t to Period 2 data.
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We use three metrics to compare ARIMA model performance pre- and post-change:
di erence in mean accuracy between periods, di erence in accuracy across periods for a given
parameterization, and di erence in accuracy between mean and optimal parameterizations

for each instance in each period.

4.4.6 ARIMA Convergence

We look at the distribution of di erences between periods of each parameterization across all
instance types. To do this, we compare the accuracies of a given parameterization between
Periods 1 and 2. This inherently requires a value for both periods. However, likely due to
extreme volatility in Period 1 and nearly no volatility in Period 2, 36% of all parameteriza-
tions fail to converge. Of these, 18.6% are due to lack of convergence in the rst period and
the other 81.4% are due to lack of convergence in the second period.

This model instability is likely due to the fact that AWS's arti cial pricing scheme post
change abstracts away meaningful dynamics, forcing the models to learn not only the market
trends, but also AWS's pricing method. Additionally, it is di cult for ARIMA models to
learn changes in time series when those changes are so few and far between. This yields a
prediction task more akin to asking when a change will occur rather than when the next

change is.

4.4.7 Distribution of ARIMA Accuracy

We evaluate overall performance by showing the 95% con dence interval of mean performance
of all ARIMA models for each instance type in Table 4.7. Overall, the relative lack of
variability in Period 2 and Period 3 makes it much easier to predict than in Period 1. The
ease of prediction enables the same models to reduce the mean MAPE across all instance

types by nearly 90%.
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Table 4.7: Mean accuracy (MAPE) across instance types.

Value | Period 1| Period 2 | Period 3
2.5% | 0.14 0.05 0.01
Mean | 2.55 0.90 0.61
97.5%| 13.52 4.39 4.94

4.4.8 ARIMA Parameterization Accuracy

To test whether parameter selection has a signi cant e ect on model accuracy, we evaluated
the performance of our ARIMA models by comparing the mean of all the models against
the best model for each instance type. Table 4.8, shows the 95% con dence intervals and
mean di erence between optimal and average model performance across all instance types.
These values demonstrate the time series is signi cantly more predictable on average and

show order of magnitude improvement for the worst models.

Table 4.8: MAPE di erence (%) between mean and optimal ARIMA parameters over all
instance types.

Value | Period 1| Period 2 | Period 3
2.5% | 0.08 0.03 0.01
Mean | 2.41 0.81 0.60
97.5%| 13.27 4.24 4.93

4.49 ARIMA Performance Trends

To demonstrate the generalization of our claims surrounding ease of predictability, we present
in Figure 4.15 trends over time, broken down by best and mean model parameterizations for
optimization family, compute generation, and instance size, respectively. In these gures, we
show the best and mean predictive powers of ARIMA models across our entire parameter
sweep for spot pricing in all three periods. Through this illustration, it is clear that instance

pricing has become and remained signi cantly easier to predict based on any metric.
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Figure 4.15: Trends in predictability over time broken down by family, generation, and
size for average and top performing models respectively.

(@) Mean best model perfor- (b) Mean best model perfor- (c) Mean best model perfor-
mance by family. mance by generation. mance by instance size.

(d) Mean model performance (e) Mean model performance (f) Mean model performance by
by family. by generation. instance size.

4.4.10 Practical Implications

Given a general-purpose instance type likm4.16xlarge, which has an average spot price
of $1.15 and an on-demand price of $3.20, the expected error is only $0.30 per instance per
hour. Keeping the error rate in mind, this savings would net an end user $1.75 per hour
from the on-demand price. By comparison, the mean error of an average model pre-change
would require a $4.08 bid, making using naive ARIMA probabilistically more expensive than
on-demand. With a model performing in the top 2.5% of all models, the prices drop to $1.31
in Period 1 and $1.17 in Period 3, respectively.

E ectively speaking, a random model post-change is more than 4 times more accurate
than one pre-change. Additionally, even when considering large-scale applications, which
may use an automated resource management strategy, the performance of the top models
now means that at1,000,000 core-hours , the user will have spentless than $360 over
optimal or about 2% of total cost. This lack of waste means that any workload easily
adapted to the cloud can utilize spot instances with high certainty of the price, making spot

instances perfect for cloud-based scienti c computing.
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