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Carbon-aware workload shifting algorithms are a method to utilize the global
scale and flexibility of computing resources offered by cloud computing con-
cepts to minimize the greenhouse gases emitted from the computation tasks.
Specifically, the same computational work can produce more or less emissions
depending on the geographic location or time when the work is done. Some
workload shifting algorithms have already been implemented by major cloud
providers like Google, but they are continually iterated upon and improved. This
results in a myriad of workload shifting algorithms with different performances
and specialties evaluated in custom simulators with different network layouts.

In our thesis, we design and develop a simulation framework which can test and
compare carbon-aware workload shifting algorithms to aid their development
and to determine what scenarios a given algorithm may perform well in.
The performance of the algorithms are measured via the amount of carbon
dioxide equivalent greenhouse gases produced during a simulation. Some tools
already exist to compare algorithms, but they often are highly specialized or put
a significant emphasis on the specific resources available in simulated data centers.

A core aspect of the framework is the interchangeable carbon intensity data and
workloads. The interchangeability of these components save time during the de-
velopment of workload shifting algorithms by enabling experiments using carbon
intensity data from different sources and different workloads. There are common
formats for the carbon intensity data and the workloads, a data frame column
structure for the former, and a custom API data frame extension for the latter.
The common formats ease the compatibility between a given algorithm and the
workloads or carbon intensity data not custom designed specifically for the given
algorithm. Additionally, this enables two or more algorithms to utilize the same
workload without the workload needing to be custom implemented for each al-
gorithm, which in turn supports comparing the algorithms during development.
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Chapter 1

Introduction

Data centers, the backbone of cloud computing infrastructure, consume an
enormous amount of electricity, over 1% of the entire world’s electricity usage
in 2021 [21, 38]. This is a growing amount as 460 TWh, close to 2% of the
world’s electricity demand was consumed in 2022 [18]. This energy consump-
tion contributes towards the climate crisis that has been afflicting our planet
throughout the Anthropocene epoch [38, 42]. Data centers alone are expected
to produce 8% of global carbon emissions by the end of the decade [23]. Fur-
thermore, the rise of Al has exacerbated this as both Google and Microsoft
say that their emissions have risen by 48% and 29%, respectively due to data
centers supporting Al workloads [30]. To reduce energy usage efforts have
been made to optimize how data centers are able utilize power for their op-
erations, especially in regards to minimizing overhead (cooling, lights, etc.).
Data centers are rapidly approaching a physical limit to the gains that can
be achieved purely through optimization, as modern data centers use little
power beyond that necessary to power their I'T equipment [21, 28].

Another method to combat the climatic effects that data centers have, is
to not focus on minimizing the electricity consumption of each data center,
but directly focus on reducing the environmental costs from the cloud com-
puting system as a whole. Electricity itself can vary in how much carbon
was emitted from its production, depending on the time and location of said
production [38, 41]. A utilization of this concept is carbon-aware workload
shifting i.e., the movement of cloud computing tasks between data centers
in accordance to the amount of carbon and other greenhouse gases emitted
by the energy consumed by the data center to do the tasks [24, 38, 46].
As a number of implementations for workload shifting algorithms exist that
are evaluated through custom simulations, this thesis provides a simulation
framework to compare the algorithms. The value of this comes from provid-
ing a common framework on which aspects can be interchanged and tested,

10
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such as cloud computing workloads or carbon data. The framework can be
further expanded upon by adding new data sources, more workloads, and
workload shifting algorithms developed in the future.

1.1 Problem, Purpose, & Goals

While in our research we have found some tools that already exist in similar
areas that can compare workload shifting algorithms, they are usually spe-
cialized or focused in other aspects. This means that they are not suitable
to emulate a large variety of algorithms to provide side-by-side results of
the algorithms. We endeavored to develop a more lenient and wide reaching
way to answer some questions that existing tools may not respond to as easily.

1. How well do existing workload shifting algorithms minimize carbon
dioxide emissions?

2. How do different network layouts affect the ability of the algorithms to
reduce emissions?

3. How do the algorithms behave under different metrics for measuring
the carbon intensity of the electricity powering data centers?

The objective of this thesis is to build the tool to answer these questions, by
developing a simulation framework. Within this simulator, we shall imple-
ment a few workload shifting algorithms and their workloads, while leaving
it open for others to add additional algorithms or workloads. We aim to
keep the implemented algorithms as close to the originals as possible, while
simultaneously opening them up to run experiments with different types of
carbon intensities, time steps, or workloads than might have originally been
intended.

1.2 Ethics and Sustainability

The aims of this thesis are closely intertwined with the sustainability of cloud
computing, as the ultimate goal is to minimize the emissions of greenhouse
gases. The simulation framework provides a way for companies and organi-
zations to compare algorithms against each other in different situations. This
will aid future development of workload shifting algorithms. Better workload
shifting algorithms will help organizations from small commercial businesses
to countries achieve their environmental goals.
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An ethical consideration is that this may also provide a path for businesses
to further commercialize their algorithms by aiding them in proving their
algorithms are better than their competitors. In this regard, the framework
may be abused by unfairly making an algorithm appear ineffective due to it
running in an experiment with unsuitable conditions, whether intentionally
or otherwise.

1.3 Research Methodology

Initially a literature review was conducted on carbon-aware data centers,
workload shifting algorithms, and carbon metrics. Through this literature
review, algorithms were gathered for implementation and types of carbon
intensities were defined for use in the simulator. Commonalities found be-
tween algorithms were the among the driving forces for the use of a discrete
event implementation methodology, to ease the assimilation of many exist-
ing carbon-aware workload shifting algorithms into the simulator. Further
details on the methodology can be obtained from Section 3.1.

1.4 Delimitations

Outside of the scope of this thesis is the development of new workload shift-
ing algorithms. Nor will we be attempting to define new carbon emission
metrics. We will not be discussing the energy optimization of cloud work-
loads from the management of individual data centers. The regulatory role
which governments or commercial coordination may play in limiting carbon
costs across the industry are also an aspect outside of the thesis focus. Topics
such as energy trading on a national or international scale are accounted for
in some data sources [14], but are otherwise excluded from the thesis. While
it is not entirely discounted, there is a lesser degree of emphasis on embodied
emissions from such things as construction and manufacturing, than there is
on operational emissions. Embodied emissions are included in some of the
metrics and algorithms, but we do not discuss the operational and embodied
emission split during evaluation.

1.5 Structure of the Thesis

Chapter 2 provides relevant background information regarding carbon-aware
workload shifting algorithms. Chapter 3 presents the methodology, design,
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and implementation of the simulation framework. Chapter 4 shows the ex-
periments run with the algorithms implemented in the simulator. Finally,
Chapter 5 describes our final thoughts and avenues for further work in the
future.



Chapter 2

Background

This chapter provides the reader with a background understanding on sus-
tainable cloud computing and gives context for the simulation framework
developed in Chapter 3 and analyzed in Chapter 4. It starts with a dis-
cussion of the types of carbon intensities. This is followed by denoting the
sources for the carbon intensity data we used and the types of emissions that
exist. We also examine how data centers limit their carbon impact. Finally
we give an overview of some related projects in the space of carbon-aware
cloud computing simulation.

2.1 Carbon Intensity

Carbon intensity is the measure of grams of carbon dioxide equivalent gen-
erated per kilowatt hour of electricity generated, it is largely synonymous
with emission intensity or emission rate [7]. Carbon intensity is generally
a better measurement for how green a grid is at a given time than the ac-
tual amount of available renewable energy, as it can be difficult to choose to
use the energy of a specific source. Renewable energy is usually mixed into
the electricity of the grid and its subtraction from the general grid power
often just results in other consumers on the grid utilizing a higher propor-
tion of brown energy [35]. This results in a given grid supplied with a large
amount of renewable energy potentially producing higher emissions than one
with less renewable energy, if it is a small fraction of the total energy in the
grid. Furthermore, carbon emissions do not necessarily refer to C'O, alone, as
electricity production often emits other greenhouse gases, such as methane,
which also contribute to climate change to a greater of lesser degree per unit
of gas compared to COy [8]. As the effect of the greenhouse gases on the
climate are the important aspect, rather than the specific gases, the gases

14
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are all converted to the equivalent amount of carbon dioxide that would be
required to have the same global warming impact, per unit of power pro-
duced, or the carbon intensity [8].

The metric usually consists of the carbon intensity of an electricity grid
or region, but there are a multitude of variants of carbon intensity that
can be utilized [27, 35]. The carbon intensity can vary depending on what
assumptions are made and what aspects are considered in its calculations. In
this thesis we focus on discussing and comparing the impact of location-based
average and location-based marginal carbon intensity, due to the relatively
high availability of data for these two metrics [10, 11]. Other metrics, such as
market-based average and long-run marginal carbon intensity are also noted
to demonstrate some short-falls of the prior metrics.

2.1.1 Location-based Versus Market-based

One aspect that can differ is whether the carbon intensity is location-based
or market-based, both of which are accepted by the Greenhouse Gas Pro-
tocol [35]. Location-based carbon intensity makes the assumption that all
consumers on the electricity grid at a given location consume the same blend
of electricity proportional to what the various providers supplied the grid [35].
Renewable Energy Credits or Power Purchase Agreements, the direct subsi-
dization of green energy providers by consumers by purchasing the agreement
to produce renewable power into a given electricity grid [43], are not taken
into consideration by Location-based carbon intensity, while Market based
does. Market-based carbon intensity attempts to take the energy produced
under Renewable Energy Credits and Power Purchase Agreements out of ac-
count, by subtracting it from the electricity produced in a location before
calculating the carbon intensity of that location. This avoids the power from
Power Purchase Agreements being claimed multiple times due to discrep-
ancies from their buyers reporting market-based carbon intensity to show
their reduced impact, while other organizations utilize location-based inten-
sity [35]. As of this writing, location-based carbon intensity is usually used
in workload shifting algorithms [24, 46|, as the availability of market-based
data is quite limited and is often still being produced and compiled by the
companies tracking such data [10, 11].
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2.1.2 Average Versus Marginal

In addition to whether the carbon intensity is location or market based, it
could also be either the average or the marginal carbon intensity.

CI = % (2.1)

The average carbon intensity, C'I, as defined by [40], is calculated via the
emission factors per generator, ¢;, weighted by how much the generator con-
tributes to supplying the given electrical grid, w; (2.1). To summarize average
carbon intensity is determined by dividing the total emissions by the total
energy produced within the grid, while marginal is the carbon intensity of the
specific electricity source used to handle additional loads on the grid [27]. The
reason average and marginal carbon intensity can differ significantly owes to
the fact that generators have a limited capacity for generation, so the same
generators used to supply prior loads, may not be able to do the same for
new loads, which has major consequences for determining the environmental
impact of additional strains on a electrical grid. This is due to the marginal
generator that provides for new loads primarily being a fossil fuel generator
as they are more reactive. Their electricity production can be more easily
scaled up or down to meet demand compared to many renewable generators,
such as wind and solar, which are dependent on weather. Additionally, some
sources are better suited to provide for base-load or continuous operation,
as frequently starting and stopping coal or nuclear power plants is expen-
sive and can damage them [32]. Natural gas and hydroelectric plants are
usually used to provide marginal power, as their production can be more
easily manipulated to increase or decrease generator in accordance with the
requirements of the grid [32]. Three countries which illustrate a real world
example of the difference between average and marginal carbon intensity are
Brazil, France, and Ireland. Ireland has a high capacity for wind power, but
when the wind of a given day is insufficient, the remaining electricity is likely
provided by the next highest source of power in the country, natural gas [13],
resulting in a high marginal and sometimes average carbon intensity when
the wind at a given time is low. France, on the other hand primarily uses
nuclear power to supply their base-load needs, but as nuclear power cannot
be increased very easily, they probably rely on the next two largest sources,
natural gas and hydro [13] to provide the marginal power. This means that
France usually has a very low average and high marginal carbon intensity.
Meanwhile, Brazil uses a combination of wind and large amounts of hydro-
electricity, so if there is not enough wind at some time, low carbon hydro
generators can be easily scaled up to meet the difference [13].
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2.1.3 Short-run Versus Long-run

The downside to marginal carbon intensity is that it is usually focused on
the short-term (short-run marginal carbon intensity) and assumes that the
grid structure is static [25, 27]. It is unable to capture long-term structural
benefits from working at certain times, such as when low carbon energy is pro-
duced, when the marginal carbon intensity is the same at both times either
due to already being fully utilized or not being produced at such times [25].
An example of a long-term benefit is that shifting most workloads to the day,
will promote the construction of additional solar generators, decreasing the
carbon intensity over time [25, 27]. To work around this oversight, long-run
marginal carbon intensity can be used which model the future to account for
changes in the grid [27].

2.2 Carbon Footprint

Operational emissions in cloud data centers refer to the emissions that occur
from directly doing computational work, while embodied emissions are the
more hidden emissions that occur from fuel, infrastructure, and end-of-life
operations [28].

2.2.1 Operational Emissions

The most apparent source of emissions from data centers is the electricity
needed for their operation. Data centers use a considerable amount of energy,
in the United States alone, they accounted for 1.5% and 1.8% of the coun-
try’s total electricity consumption, in 2007 and 2017 respectively [23, 42].
Elsewhere, such as Ireland in 2022, data centers represented 14% of national
electricity usage [33]. This large consumption is even despite advancements
in the efficiency of data centers that bring their power usage effectiveness to a
nearly optimal PUE of 1.1 [38] or in other words, only utilizing the power re-
quired by the I'T equipment itself with very little additional power needed by
overhead or cooling [28]. The carbon emissions this electricity consumption
represents can be significantly reduced depending on the time and location
where the computation work occurs [38]. This is due to numerous sources of
electricity with different carbon intensities are often used to supply a given
grid, and their capacity for electrical production can be highly variable de-
pendent on time [38, 41]. For example, California would have a much lower
carbon intensity on a sunny day versus at night, due to its high solar power
infrastructure capacity and need to use less natural gas power, while Den-
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mark would likewise produce less carbon emissions during windy weather, as
they have a large amount of installed wind power infrastructure [13]. These
temporal and spatial differences in the carbon intensity enable computation
work to be moved in order to minimize carbon emissions. Electricity storage
is often utilized to help balance out the demand and supply within a given
grid, but it is often insufficient [8]. Due to the relative lack of energy storage
infrastructure, real-time energy production often has to match the real-time
operational demand [32].

2.2.2 Embodied Emissions

Beyond the cost incurred from simply operating a data center, there exists
a significant environmental cost from constructing, manufacturing, and sup-
plying the necessary resources for a data center. These embodied emissions
constitute around 50% of total emissions generated by a given data cen-
ter [44]. Embodied emissions have been trending upward across computing
industries as demand for hardware rises and modern equipment require a
growing number of transistors [28]. The embodied cost has been growing
at a faster rate than even the operational cost. An example of this is that
the energy consumption of data centers rose by 6% between 2010 and 2018,
while the number of compute instances increased six times over in the same
period [28].

Resource

Resource Disposal Extraction Manufacturing

and Rec:cling @ Transportation @

Embodied Emissions in the Lifecycle

Figure 2.1: Operations that occur during the lifespan of a data center which
cause embodied emissions.
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Supply-Chain As efforts go towards optimizing energy usage an ever grow-
ing percentage of the total emissions of data centers originate from the
supply-chain. For 2019, both Google and Meta reported that the majority of
the impact left by their data centers of can be derived from the supply-chain,
such as upstream manufacturing and transportation [28]. Much of the manu-
facturing of semiconductors and other hardware also occurs within countries
that tend to be more reliant on brown energy sources [31] and from where
the equipment must be transported to the data center, tacking on additional
carbon costs. These supply-chain costs are easily obscured so, significant
efforts must be made to collect and monitor data, so supply-chains can be
coordinated and optimized to reduce their environmental impact [49]. This
can be solved by life cycle assessments which are key for properly accounting
for all emissions upstream and downstream, then localizing them to their
consumers [28, 29]. Life cycle assessments are useful not just for accounting
for the true environmental costs of data centers, but also for the origins of
the power used by the centers themselves. The aspects that are covered by
life cycle assessments are the extracting of raw materials, the construction of
the generators and other related infrastructure, and the disposal or recycling
of material [14].

2.2.3 Data Sources for Carbon Intensity

The exact carbon intensity can be difficult to determine due to the numerous
emission factors that may or may not be included in the calculation, espe-
cially in near real-time, as they are often reliant on forecasting models [14, 15].
This is even more the case in regards to many of its sub-classifications, such
as marginal carbon intensity [15, 27]. These differences often result in the
exact same type of carbon intensity for identical location and time, often
diverging between sources.

WattTime WattTime provided access to some of their marginal carbon
intensity data to us for research use. The marginal carbon intensity data
is output from an analytical model which takes into account time series
data of: power plant emissions and generation data; data by fuel type of
demand, interchange, and generation; energy prices and curtailment volumes;
global power plant locations and fuel types; and weather data [15]. Due to
the large amount of input data used to determine the carbon intensity, and
the fact that some regions are inconsistent in providing data, missing data
can be estimated with regression models or the averages from neighboring
regions [15].
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Electricity Maps Electricity Maps gives freely available access to their
average carbon intensity data, which they additionally supplemented by pro-
viding us access to some of their marginal carbon intensity data for research
use. The carbon intensity is computed by a number of factors, including
power plant emission and generation data, which vary by region, similar to
WattTime [14, 15]. Unlike WattTime however, specific effort is placed upon
tracking and attributing the embodied emissions that occur from energy gen-
eration via a life cycle analysis and flow-tracing the origin of electricity in
their average and marginal carbon intensities [14].

2.3 Carbon Awareness in Cloud Computing

Cloud computing is, as defined by the National Institute of Standards and
Technology, “a model for enabling ubiquitous, convenient, on-demand net-
work access to a shared pool of configurable computing resources (e.g., net-
works, servers, storage, applications, and services) that can be rapidly pro-
visioned and released with minimal management effort or service provider
interaction” [36]. The shared pool of computing resources are usually in
a different physical location than the applications that request their usage.
Depending on the situation, this could result in a reduction in the total
emissions due to reasons such as optimization from economies of scale [28],
or it might cause a rise in net emissions due to the sudden increased demand
placed upon a grid [39].

2.3.1 Carbon Offsets

A method through which cloud providers often attempt to offset’ the emis-
sions they produce is via the purchase of renewable energy credits or carbon
credits [23, 33]. Several of these carbon offset strategies have been criticized
for being ineffective or even exacerbating the issue and causing a net increase
in emission production [22]. Though not specific to cloud data centers, it has
been estimated that over half of the projects built by the Clean Development
Mechanism, the largest carbon offset program, would have been constructed
anyway. This means the program may have instead increased emissions by 6.1
billion tons, as regulated polluters produced more emissions than they were
allowed under the assumption that some would be successfully offset [22].
This does not mean carbon credits are entirely useless or harmful, they can
still be utilized beneficially and will continue playing an important role in
reducing global emissions if they are better regulated [22]. Their use in sub-
sidizing renewable energy production can be regulated to make them more



CHAPTER 2. BACKGROUND 21

effective, and data centers that produce some of their own renewable electric-
ity can sell excess production back to the grid to offset their carbon [22, 23].
The latter method would truly transfer renewable power, rather than be an
accounting trick [33] or a type of voluntary fine businesses pay to appear
more 'green’ without changing their future behaviour.

2.3.2 Workload Shifting

Workload shifting refers to both moving computational work between data
centers in different locations, spatial shifting, and changing the time compu-
tational work is done, temporal shifting. Carbon-aware workload shifting can
include both types, but emphasizes reducing the carbon emissions produced
by the computational work.

Carbon-aware workload shifting is heavily based on the energy source com-
position of the grid sustaining a given data center at a given time. This
means that some data centers would be supplied more plentifully by green
energy than others at different times, as renewable sources, like wind and
solar, are often highly variable [37, 38]. In addition to using primarily low
carbon energy, the minimization of peak demands in data centers, by spread-
ing the jobs out over time, would result in less of an environmental impact,
as fewer resources would be needed by each data center to maintain support
for as large of a potential max capacity, resulting in less embodied costs for
many data centers [38]. By shifting the when and where workloads are done
on based on a metric such as carbon intensity, and limiting peaks, the total
emissions produced can be significantly reduced [37-39].

An example of carbon-aware cloud workload shifting in practice is Google’s
Carbon-Intelligent Compute Management system which shifts non-urgent,
temporally flexible tasks to when renewable energy is more plentiful [16, 38].
While services that need to be processed immediately, like Google Maps,
Search, and YouTube, are unaffected by the system, it does affect more
time-independent tasks like machine learning, simulations, and video pro-
cessing [38]. The framework detailed in this paper aims to primarily simu-
late more generalized algorithms than those in use by major companies at
the moment.

2.3.2.1 CarbonMin

The first algorithm implemented in the simulation framework was Carbon-
Min, a greedy request redirection algorithm created to model the affects of
carbon-aware spatial shifting on Generative Al applications like ChatGPT
over time [24]. CarbonMin operates by moving the received requests in each
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time interval to the regions with the lowest carbon intensity during that in-
terval, filling the estimated capacity of each region in the order of lowest
carbon intensity first until every request has been fulfilled [24]. According
to one of the authors of the paper!, the latency due to the distance between
the origin of a request and the location of a region the request is sent to, is
not taken into account due to the relatively large delay expected in Genera-
tive Al request processing compared to the potential latency. Each request
is assumed to require an estimated processing of about 2.07 GPU seconds,
derived from several average statistics regarding ChatGPT requests [24].
The carbon emission model from the paper was combined with the request
redirection model in order to give a more clear understanding of what the
algorithm changes. Embodied and operational emissions per time interval
are calculated in the emission model from the number of requests each data
center facilitates, the carbon intensity each data center is operating under,
and estimates from originating from the technical specifications of Azure and
Google data centers [24].

In addition to CarbonMin, the original paper also detailed a workload model
used to emulate the requests an application like ChatGPT might experience
over twenty-four hours, which was also implemented within the framework.
The model was originally designed to be able to create a realistic Generative
AT workload for both the current day and a scaled up workload to simulate
the future of 2035, so that the CarbonMin might compare its impact on
the two. This Generative Al workload model distributes an estimated total
number of global jobs over a day between selected relevant cities, according
to their ChatGPT usage, population, and active hours [24].

2.3.2.2 Let’s Wait Awhile

Let’s Wait Awhile is the second workload shifting algorithm implemented
within the simulation framework. Unlike CarbonMin, which focuses on spa-
tially shifting workloads between data centers located in different regions but
does not significantly change the timing of when the workload is done, Let’s
Wait Awhile focuses on temporally shifting workloads by altering the sched-
ule in which the jobs in the workload are done for a single data center [24, 46].
It does this with the support of two additional simulation packages, Vessim
and LEAF which are described in subsections 2.4.2 and 2.4.1. The former
simulator aids in the scheduling of jobs, while the latter models the energy
consumption [46].

LEAF models the infrastructure of a data center with a single node, from

Ithrough email correspondence



CHAPTER 2. BACKGROUND 23

which it is able to derive the Watts used at a given time from the number
of active jobs scheduled at that time [46]. The emissions for each time inter-
val are simply calculated by multiplying the active jobs during the interval
with the carbon intensity of the data center at that time. Vessim is used to
make time series forecasts based on the carbon intensity data fed into the
algorithm, which is used to schedule the jobs.

In Let’s Wait Awhile, there are two scheduling strategies. The first called
periodic, is based on supporting periodic, scheduled batch jobs set to occur
in the future, where the batch jobs could be scheduled to be done prior or
later to when they are set to occur. The second strategy named ad-hoc, is
designed to simulate ad-hoc machine learning training jobs, where the jobs
can not be planned for ahead of time, and so each job can only be scheduled
to be done as and when it arrives [46]. The ad-hoc strategy also enables
choices for different forecast methods and whether the jobs are interruptible
or not.

2.3.2.3 Workload Shifting with Green Energy Algorithm (WSG)

WSG is a spatial shifting algorithm which attempts to optimize for mini-
mizing both carbon emissions and the response time of requests [48]. It is
a candidate for future implementation that was excluded due to time con-
straints. The algorithm operates by sending each request to the data center
with the least response time, provided that data center has sufficient clean
energy. If the data center lacks the renewable electricity to fulfill the re-
quest, then the request is sent to the next closest data center with enough
green energy. If no data center is available that both does not increase the
response time too much and has sufficient renewable power, then the closest
data center will work on the request with brown energy [48].

The focus on reducing the response time of requests in the workload contrasts
with CarbonMin, which does not emphasize that aspect due to the relatively
long response times expected from Generative Al requests [24]. Addition-
ally, WSG attempts to work directly with the amount of renewable energy
available on the grids, rather than just the carbon intensity each data cen-
ter is operating under, as the workload shifting algorithms implemented in
the simulation framework do [48]. It is for this latter reason that WSG was
not chosen to be implemented yet, as the inclusion of an additional dataset
increases the complexity and makes it more difficult to compare the results
with other algorithms. Furthermore, it is difficult to only use the energy
from a specific source, as all power supplying a given grid is mixed together
and given in part to all demands placed on the grid or its specific reduction
causes other consumers to use a larger proportion of dirty power [35].
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2.3.2.4 Global Server Load Balancer (GSLB)

GSLB is an extremely light-weight algorithm, as it is intended to scale easily
to keep up with a large number of requests without overburdening the system
it is attached to with overhead [34]. It is another algorithm that could be
implemented in the future but was not already due to limited time. Upon
receiving a request, the algorithm scores all potential data centers based on
the carbon intensity of electricity they have access to and their distance from
the origin of the request. The score of these two aspects are normalized to
match in scale, multiplied by a coefficient or its inverse to represent how
important the aspects are, and summed together. The request is then sent
to the data center with the highest overall score [34].

2.4 Related Works

There are several existing projects, packages, and tools used to simulate and
reduce the carbon emissions via workload shifting. Two existing packages
which are incorporated into some of the workload shifting algorithms that
are implemented in the simulation framework, namely the Let’s Wait Awhile
algorithm, are LEAF and Vessim. Another tool that is used to limit the
emissions produced by individual data centers is the Energy Efficiency and
Low Carbon Enabler Green IT Framework [42]. In this Section, we explain
what these tools are, and how our simulation framework diverges from them.

2.4.1 LEAF

LEAF, Large Energy-Aware Fog computing environments, is a tool which
enables the analysis of power usage within the area of fog computing by
simulating IT infrastructure [45]. While it was designed explicitly for Fog
computing, it is flexible enough to be capable of representing cloud archi-
tectures as well, hence its inclusion in the cloud workload shifting algorithm
Let’s Wait Awhile [45, 46]. Within the algorithm, a LEAF infrastructure
node is used to represent an individual data center on which jobs placed,
and which itself has a power model node that determines the energy uti-
lization of the infrastructure dependent on how many jobs are running on
the infrastructure node at a given time [46]. Due to the heavy focus on in-
frastructure, LEAF is inefficient if used to determine the optimal shifting of
a given workload, it is better when used as a carbon emissions model, as
it is in Let’s Wait Awhile [46]. Our framework does not attempt to usurp
this functionality with its own version, but rather replicates however a given
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algorithm determines its electricity consumption.

2.4.2 Vessim

Vessim is a simulation environment developed to show the interactions be-
tween computer and energy systems [47]. Vessim mirrors the simulation
framework discussed in this paper in some ways, notably as an environment
in which carbon-aware systems can be tested and compared [47]. A clear
commonality, beyond the purpose of comparing, is the ability to directly
feed carbon intensity data from WattTime and Electricity Maps into Vessim
as well as our simulation framework [47]. Though both simulators could en-
able the comparison of carbon-aware algorithms, Vessim has a much larger
scope which comes with increased complexity, and does not provide the same
support to compare or mix-and-match workloads between algorithms.

2.4.3 Energy Efficiency and Low Carbon Enabler Green
IT Framework

This framework is a more theoretical tool to implement green technologies
in a data center to minimize the environmental costs of the individual data
center [42]. The tool lacks a concrete implementation, as it is more akin to
a procedural series of steps to make an established data center more green.
It consists of five phases; planning, identification & categorization, recycling
& low carbon enabler policy, implementation, and analysis which are under-
taken by the managers of data centers [42]. While the framework diverges
significantly from the more specific area of carbon-aware workload shifting
algorithms that our simulation framework focuses on, it is still in a related
area that is outside the limitations we had established in Section 1.4.
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Simulation Framework

This chapter describes how our simulation framework was implemented. In
Section 3.1 we discuss the methodology used in the framework. The last
three Sections 3.2, 3.3, and 3.4 each detail a configuration category.

The objective of our design is to develop a simulation framework imple-
mentation that supports the development of carbon-aware workload shifting
algorithms by having modular configuration categories, where a component
from one category can be used in an experiment with almost any compo-
nent from the other categories. Specifically, a given algorithm may be run
with different workloads and carbon intensity datasets to see how they affect
performance, or a given workload can be run on multiple algorithms to see
which combination produces the fewest greenhouse gases. The simulation
framework we developed is split into three primary configuration categories:
Carbon Intensity Data, Workloads, and Workload Shifting Algorithms.

e Carbon Intensity Data: The ability to utilize different carbon intensity
datasets

e Workloads: The ability to simulate different sets of jobs

e Workload Shifting Algorithms: The ability to accommodate alternative
algorithms

These categories consist of components which users of the framework can
add to, alter, or exchange. Components are designed to be interchangeable
with other components within the same category, in order to be run with a
component from each of the other categories, as long as it is feasible. Checks
are put in-place to verify compatibility between components in different cat-
egories, but it is left up to the user to modify the output of components used
together when they fail compatibility verification.

The interchangeable components enable and simplify comparisons between
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workload shifting algorithms, eases utilizing new workloads and illustrating
how well a given algorithm handles them, in addition to showing the effects of
alternative carbon metrics. While it may not work well for every algorithm,
carbon intensity dataset, and workload that could be implemented within
the simulation framework, certain abstractions need to be made to simplify
the conjoining of different versions of the three components together. The
carbon intensity data must follow a specified format, where each carbon in-
tensity data point has a corresponding time and location. The workload
module abstraction is also a common format, an extension of the Pandas
data frame class which mandates columns for the time, duration, location,
and number of duplicates for every job in the workload. The algorithm com-
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ponent only needs to be able to receive and use the carbon intensity data
and workload in their formats and validate that the workload is compatible
with the given algorithm. The algorithm can have virtually any output, but
is presumed to return the carbon emissions produced at each time step it
runs.

3.1 Methodology

The intended functionality of the simulation framework is a discrete event
simulator where the ‘events’ or jobs within the workload are broken up be-
tween the discrete time steps provided by the carbon intensity data. This
list of jobs at specific times with a corresponding carbon intensity at that
time step is utilized by the workload shifting algorithm to determine the
carbon emissions at each time step. In the case of temporal workload shift-
ing algorithms, they may shift the jobs to another time step before using a
corresponding carbon intensity to determine the emissions. This is a fairly
simple outline that was common in several workload shifting algorithms, en-
suring the simulator is highly compatible with existing algorithms in the
space [24, 34, 48]. While discrete event simulation is the intended usage,
the simulator is designed to be flexible to handle. Hard restrictions in the
workload and algorithm modules are limited to enable the feasibility of al-
gorithms of a different nature to operate within the simulator. The primary
hard restriction exists in the carbon intensity module, as continuous car-
bon intensity data is not currently available from what we have observed, so
potential algorithms are expected to rely on discrete carbon intensity data.
An implemented example of this flexibility is the CarbonMin algorithm [24]
which utilizes discrete time primarily, to determine the energy usage at a
given time.

3.2 Carbon Metric Data

In order for the simulation framework to work with carbon metric data from
a multitude of sources, a single format had to be chosen which any additional
data added at a later point will need to be converted into. The format chosen
was adopted from the Decarbonization-Potential paper and Github reposi-
tory [41] on the potential and limitations of workload shifting algorithms
for reducing carbon dioxide emissions. The format from the aforementioned
paper has the advantages of being fairly simple, easy to compare the carbon
intensity of multiple regions for the same time period, and bares close resem-
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blance to the format used by Electricity Maps [11] which is a common data
source for many algorithms in the space [24, 35, 41, 48]. To be used by the
simulation framework, the carbon metric data has to be pre-processed into a
single file per metric, starting with a sequential datetime column in the for-
mat: YYYY-MM-DD HH:MM:SS. The time step interval between each row
has to be consistent per file, but can be as short as one minute, to as long as
an hour. The columns that follow the datetime column are the given carbon
metric at the corresponding datetime of the row for each given region. Code
adapted and modified from the Decarbonization-Potential project [41] is pro-
vided in the process_data sub-directory to show how to pre-process carbon
intensity data from Electricity Maps and WattTime.

Datetime ‘ Region 1 Carbon Intensity ‘ Region 2 Carbon Intensity ‘

3.2.1 Cloud Provider Network Selection

Specific Cloud Provider networks can be chosen by the user by only using
the carbon intensity of regions known to have a data center in the given
network. The Network Selector feature functions by receiving carbon in-
tensity data from several regions and the preferred Cloud Provider(s), then
returning the carbon intensity data from regions that correlate to the chosen
providers. We found that there are currently not any consistent, up-to-date
sources for the locations of the data centers of multiple Cloud Providers, so
we assembled a file with the information from several sources [1-6]. A csv
file is used to determine which carbon intensity zones have a data centers in
networks in a manner quite similar to what was done in the Decarbonization-
Potential project [41]. The csv contains columns for the WattTime zone, the
ElectricityMaps zone, the city/region, the country, several columns for ma-
jor Cloud Providers which will have a one to indicate the presence of a data
center for the Cloud Provider, and a final column for the continent. Users
are expected to keep the csv file updated, if they intend to use the Network
Selector feature.

WT Zone ‘ EM Zone ‘ Region ‘ Country ‘ AWS ‘ Azure ‘ GCP ‘ Sum ‘ Continent

3.2.2 Time Step Selection

Potentially the time step between each row in a given carbon intensity file are
more precise than a given algorithm accepts, or than a user desires. In cases
such as this, the Time Step Selector feature can be used to choose a new,
larger time step which is a multiple of the existing time step. Currently,
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support exists for time intervals between one minute to one hour, though
future expansions to the feature would expand this range.

3.3 Workloads

Workloads also need to have a standardized format so that they may be
used by algorithms. Several different formats were tested, but the most
efficient format found was to use an extension of the Pandas data frame
class which ensures at least four common columns exist. Namely these
common columns are: start_timestamp, duration, location, num_of_requests.
They are defined respectively as: the starting timestamp of a given job,
how many seconds are necessary to compute the job, the location of where
the job originated, and how many jobs within the workload exactly match
all other attributes. The last common attribute exists for the optimization
of very large workloads, so it is expected, but not enforced that any com-
patible workload generator increments the num_of requests attribute, rather
than adding numerous duplicate rows in the workload extended data frame
that is output. This is to support potential exceedingly large workloads
which take too many resources otherwise. These required attributes also
must be of type; start_timestamp:datetime64|ns], duration:timedelta64[ns],
num _of_requests:int64 or float64. Additional columns can be included in the
workload, but these would not be regulated nor would any potential workload
shifting algorithm be expected to be able to handle these columns. During
validation on whether the data provided meets the requirements of the ex-
tended data frame class, the rows are sorted from smallest start_timestamp
to largest. Two methods are also included in the class extension to convert
the workload object into a normal Pandas data frame or into a list of the
standard columns in a consistent order.

Prior to the finalized decision of using an extension of the Pandas data frame
class, other formats were implemented and tested for use as a standard work-
load format, such as API objects. The main issue found with utilizing an API
object to represent jobs is the increased memory usage and decreased per-
formance associated with manipulating a list of objects, rather than a data
frame. When an API object implementation was used for large workloads
such as the public 2019 Azure Functions Trace [17], the memory usage grew
explosively to the point that the process was killed off prior to completion
due to taking too much RAM.

The following subsections detail workloads which are currently implemented
in the simulation framework.
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3.3.1 Let’s Wait Awhile Workloads

The Let’s Wait Awhile paper [46] detailed two temporal workloads, one to
represent periodic nightly batch jobs with a consistent duration and sched-
uled arrival time, the other for ad-hoc machine learning jobs with a variable
duration and time. Both of these workload generation models have been
recreated from code provided for the original algorithm and expanded upon
in the simulator. Additionally, both of these workloads are designed for tem-
poral algorithms, so each job will be from a single location if provided or
N/A otherwise.

The periodic workload creates a job with a given duration at a given time
each day for a given number of days. The duration, start time, and num-
ber of days and therefore jobs can all be provided to the model to create a
suitable workload. The ad-hoc workload is a bit more substantial, as it can
choose a total number of jobs, a start date and end date for the workload, a
location, whether to only create jobs on workdays, a start time and end time
for each workday, and a duration range for the jobs. The number of jobs on
each day, the start times, and the duration are all randomized.

3.3.2 CarbonMin Workload

The workload described in the CarbonMin paper [24] is a spatial workload
created to replicate what a generative Al application such as ChatGPT may
experience. As no code for the workload is provided, we developed a model
for our best approximation of it. The model receives the total number of
jobs each day should have and the total hours it should generate for, then
distributes them between the hours of the day and several location origin
countries based on a metric of the country such as population and the active
population during the UTC localized hour of the country.

A script is provided to create a country distribution data frame which takes
in a set of countries and some metric to weight them, such as the number of
social media users which is the metric we used to create the default country
distribution data frame. The data frame consists of four columns, the name
of the country, the ISO2 code of the country, the UTC time offset of the
capital of the country, and a percentage for the weighting of the country
based on the used metric.

The workload generating model uses the country distribution data frame by
cycling through the hours it should make jobs for and localizing the hour to
each country using the UTC offset, then it uses the localized hour to find the
percentage of the population active at the given hour from a table based on
the population distribution findings of a paper [20]. The percentage of active
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population is multiplied to the weight of the country and the total daily jobs
to find how many jobs said country creates at the given hour. This process
is repeated for all the countries in the country distribution data frame and
for all hours. All jobs are given a duration of about 2.07 seconds based on
the generative Al request findings from the original CarbonMin paper [24].

3.4 Workload Shifting Algorithms

Carbon-aware workload shifting algorithms aim to direct the processing of
jobs within the workload to a time or place in order to minimize the carbon
emissions that the workload might otherwise produce when processed. There-
fore, within the framework, they include two components, a way to shift the
workload and a carbon emission model or way to determine the consequences
of the shift by providing as output the emissions the workload shifting al-
gorithm generates given the specific workload and carbon metric dataset.
This means that any algorithm developed in the framework would receive a
workload and carbon intensity data frame as input, then output the carbon
emissions produced. Algorithms are free to use workload data frames in for-
mats that can be utilized more efficiently as well as to not employ columns
that are unnecessary for the algorithm. Algorithms can potentially also use
additional columns, though they are encouraged not to, despite the lack of
hard restrictions. The use non-standard columns decreases the interoperabil-
ity with other workloads, as only workloads created explicitly for the given
algorithm would be possible to use with it, negating many of the comparative
benefits that the simulation framework provides unless an outside consensus
is reached regarding a column. Algorithms in the simulation framework are
expected to verify that incoming workloads meets their requirements and to
reformat the workloads for their own use, but aspects where relevant infor-
mation is lost must be left to the sole discretion of the user. These aspects
include the dropping of unnecessary columns and the conversion of column
data types to significantly less precise types, i.e. datetime to timedelta. The
purpose of this burden placed upon users is to ensure the user is aware of
what information is actually being compared when different workloads and
algorithms are used together. Should the workload received by the algorithm
fail its verification, the algorithm is expected to raise an attribute error spec-
ifying the issue in the workload.

Workload shifting algorithms output the carbon emissions per time step,
given their in-built carbon emission model at a minimum, though other statis-
tics can also be output. CarbonMin, for example, also writes the regions
requests were shifted to with the number of requests sent to the region in
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the order of most utilized to a file. The output should be in a csv file or files
in the directory ‘simulation_framework/output/<name of workload shifting
algorithm> /<name of workload>/<name of carbon metric>/’. The two al-
gorithms chosen for implementation in the framework and described below,
are CarbonMin and Let’s Wait Awhile, as both are relatively simple and do
not require supporting sets of data. The two algorithms also cover a distinct
concept each, spatial shifting and temporal shifting, respectively.

3.4.1 Let’s Wait Awhile

The Let’s Wait Awhile workload shifting algorithm focuses on temporally
shifting jobs within a single region in order to minimize carbon emissions.
The algorithm was adapted for the framework from the paper and Github
repository [46]. The algorithm has two modes, ad-hoc and periodic which
each place slightly different requirements upon input workloads. The ad-hoc
mode denotes the scheduling strategy as single directional temporal shifting,
as jobs can only be postponed to be done in the future due to a lack of infor-
mation on what jobs require until they are actually received, such as for the
training of machine learning models. The periodic mode indicates that the
workload is to undergo bidirectional temporal shifting, where the jobs are
repeated and expected like batch jobs, so they can be scheduled to be done
both before or after they are strictly received. For the simulation framework,
this results in the single direction shifting mode requiring the duration col-
umn in the workload data frame that is input, while the bidirectional shifting
mode does not, as it assumes the duration is both known and is equal to the
carbon intensity measurement intervals. The periodic duration being equal
to the measurement interval is part of the original scheduling strategy, rather
than something of our own design.

Both modes require the start_timestamp and the num_of_requests columns,
though the user must ensure certain criteria are met for the workload to
be accepted. First the start_timestamp column must be in minute preci-
sion at minimum, to start counting up from the start of the first job, and
in intervals that are multiples of the carbon intensity measurement inter-
val. In practice, this means that start_timestamp is of type timedelta64[ns],
has dt.components.seconds equal to zero, and the dt.components.minutes
modulated by the measurement interval equal to zero. For the single di-
rection shifting, the duration column has identical practical requirements to
the start_timestamp column. No other columns than those listed above are
allowed in the workload.

When the algorithm is provided a workload and it is verified as acceptable,
the workload is converted into a different format more akin to what the algo-
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rithm was originally developed to expect. The start_timestamp is converted
into the total minutes as an int while the num_of requests of a given row is
used to creates the same number of duplicates of the row rather than existing
as a column itself. After conversion, the workload is a 2-D list where each
job exists as a list of the start time and the duration, both in minutes. The
bidirectional mode workload uses the measurement interval as the duration.
Aside from the workload verification and conversion methods, care was taken
to avoid making changes to the logic of the algorithm. A non-cosmetic change
that had been made to the code of Let’s Wait Awhile is the ability to use
other measurement intervals other than the hard-coded thirty minute inter-
val the algorithm originally was only able to use. This addition necessitated
the replacement of hard-coded numbers with small calculations, such as for
determining the number of intervals which occur in an hour or a day. Sec-
tion 4.1.1 prove that these changes do not alter the results when running the
algorithm in any easily discernible way.

3.4.2 CarbonMin

The CarbonMin algorithm spatially shifts jobs between the considered re-
gions in order to minimize emissions. It is designed for generative Al jobs
such as ChatGPT to reduce generative Al emissions both now and in the
future [24]. Though CarbonMin was designed to compare its affects on cur-
rent Generative Al requirements versus those in the future, only the modern
day aspect was implemented, as the future side was deemed out of the scope
of the framework for now 2.3.2.1. Acceptable workloads need to have two
columns, a start_timestamp in minute intervals that match the carbon in-
tensity data intervals, as well as the num_of _requests that occur during that
interval. The standard duration and location columns are excluded as the
algorithm is designed for and assumes the duration of any jobs it receives
are equal to the average processing duration for a ChatGPT request, 2.07
GPU seconds, as found by the paper [24]. It does not take into account
latency from moving from the location of the job’s origin , as the type of
job, generative Al requests, as the aforementioned high processing duration
time far exceeds the potential latency measured in milliseconds. In order to
match the original workload the algorithm was designed for, workloads in
the common data frame format are converted into a two dimensional list by
the algorithm, prior to use.

When CarbonMin is run, it receives the total number of requests it needs
to shift for each time interval, according to the workload. It then shifts the
requests to fill up the resource capacity of the regions with the lowest carbon
intensity out of the set of potential data center regions. The resource capacity
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is determined from dividing the total number of requests in the given hour by
the number of potential regions and then dividing by 0.3, which represents
the assumed 30% exploitable capacity used in the CarbonMin paper [24].
Once the number of requests shifted to each data center is determined, both
the operational and embodied emissions of the decision are calculated. The
operational emissions of a data center with the given requests is calculated by
multiplying the computation duration per request, the thermal design power,
the power usage effectiveness, carbon intensity, and the number of requests
together. Likewise, the embodied emissions are calculated by multiplying the
number of requests, the computation duration per request, and the resource
capacity of the data center together, then dividing by the hardware lifespan
and multiplying by the emissions per GPU. The exact numbers for all of
these variables barring the number of requests, the carbon intensity, and the
resource capacity, are static, identical for all data centers, and taken directly
from the paper [24].



Chapter 4

Evaluation

This chapter evaluates our simulation framework in terms of functional cor-
rectness of algorithms implemented in it and demonstrations of the developed
features. The features available in the simulation framework are: choosing
time step intervals, using different types of carbon intensity data, utilizing
different experiment run durations, experimenting with different workloads,
and accounting for the regional availability of cloud provider networks. The
chapter concludes with a discussion of the overall benefits that the simulation
framework provides.

4.1 Functional Correctness

This section details how closely the algorithms implemented in the simulator
represent their original counter-parts by replicating experiments done in the
original papers.

4.1.1 Let’s Wait Awhile

The article describing Let’s Wait Awhile had two experiments [46], one each
to demonstrate the two scheduling strategies, periodic and ad-hoc. Recall
from Section 2.3.2.2 that periodic is intended for scheduled batch jobs, where
the job is known and can be scheduled prior to it being officially received,
while ad-hoc is for a randomized workload that cannot be scheduled ahead of
when it is received. The emissions model, LEAF [45], was used to represent
a single data center on which the temporally-shifted workload is run. A
common detail is that all are run starting on January 1st, 2020, but with an
end date dependent on the specific experiment. The experiments also utilize
the average carbon intensity data from California, France, Germany, and the

36
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United Kingdom that is provided in the repository of Let’s Wait Awhile,
measured in 30 minute intervals [46].

Periodic Experiment

Setup The first replicated experiment is Scenario 1: Nightly Jobs, for a
periodic workload and shifting strategy [46]. The workload consists of jobs
which start at 1 a.m. and each occupy 30 minutes of computation time on
the data center, one job each day between 1/1/2020 - 31/12/2020 for a total
of 366 jobs. Additionally, a forecast error rate of 0 or 0.05 times the mean
carbon intensity is applied to each interval of the carbon intensity data. The
mean of ten runs of each experiment is used to generate the graphs.

Results As can be seen from Figures 4.1.1 and 4.1.1, the workload is shifted
by the algorithm implemented in our simulator in an almost identical manner
to what is shown in the plots in the original Let’s Wait Awhile paper [46].
The trends show that both the Californian and German experiments shift
almost their entire workloads, over 95% for California, to between 7 and 9
a.m. while France and Great Britain are more spread out with a large portion
of the workload shifted to around noon. The plots in Figures 4.1.1 and 4.1.1
are quite close, but slight deviations can be noted. The difference between
the results shown in the plots from the paper and the plots generated in the
simulation framework is most easily observed by comparing the Great Britain
plots. The peak around 4:00 in the simulator graph is a bit higher than in its
counterpart with the later of the two peak bars being clearly higher than the
other, compared to the two having an identical height in the original plot. As
the code is available in a repository [46], we are able to run the experiment
without making any changes to the code for the simulator, the results of which
are shown in Figure 4.1.1. As can be seen, it is indistinguishable from the
plots obtained in our simulation framework and in fact slightly differs from
the graphs shown in the paper. We believe this difference is due to updates
made to the related code in the Let’s Wait Awhile repository after the paper
was published, including the integration of Vessim in the scheduling strategy
nine months ago, as of writing [12, 46, 47]. Additionally, we calculated the
mean squared error of active jobs at each hour due to the temporal shifting,
by comparing the simulator periodic experiments on each country with the
error rate of 0 and 0.05 with the same periodic experiments run outside
the simulator with no changes to the code. Every experiment comparison
resulted in a mean squared error of 0, except for California with an error
rate of 0.05. This sole exception was still only 4.276554177951085e — 28,
which is such a small number that it is likely caused from Python floating
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Original Let’s Wait Awhile periodic experiment workload shifting over a
sixteen hour scheduling window and a 5% forecast

100
Germany 200 -| california

50 .
® 100
Q
2,
5 0- 0o—T—T"T"T"T"T""T
é 20 Great Britain 20 France
S
< 10 10

0- 0-

error [46] 17:00 21:00 01:00 5:00 9:00 17:00 21:00 01:00 5:00 9:00

Periodic Let’s Wait Awhile experiment within our simulation

100
200 A
80 4
150 +
60
40 4 100 A
(7]
2 20 50 1
= 1 T I| I
s} o4 I-l-ll-lllI | | IT"-I ! 05 — . . . 1]
=
2
£ 30 4 25 1
3
Z 20_
204
15 4
10 +
10
Al
0 ll |III T T T I' 0 LI T T T

17:00 21:00 01:00 5:00 9:00 17:00 21:00 01:00 5:00 9:00
framework.
Recreation of the results from the Let’s Wait Awhile periodic experiment
with no changes to code from the latest commit in the git repository of the
paper (Nov 13,

100
200 1
80 4
150
60
40 4 100
4 20 50 1
o 1 w1y I| I
=) o4 I-||||-|l|I . ! IT"'I ' 05 — : . : lI
[
2
£ 30 4 25
=]
Z 20_
20
15 ~
10 A
10 ~
ull > A
0 ll IIII T T T I' 0 LI T T T
5:00

17:00 21:00 01:00 9:00 17:00 21:00 01:00 5:00 9:00

2023).



CHAPTER 4. EVALUATION 39

point arithmetic issues rather than an actual difference in emissions.

Ad-hoc Experiment

Setup The second replicated experiment is Scenario 2: Machine Learning
Project, for an ad-hoc workload and shifting strategy [46]. The workload has
a total of 3387 jobs divided randomly between the 30 minute intervals within
the work hours of, 9:00 - 17:00 on Mondays through Fridays. Additionally,
the duration of each job is anywhere between four and ninety hours as long
as it is divisible by 30 minutes. The experiment is run for each combination
of one variable from the following bullet points:

e Country: California, France, Germany, United Kingdom
e Forecast Error Rate: 0, 0.05, 0.1

e Interruptible Workload: True, False

e Forecast Method: Next Workday, Semi-Weekly

Next Workday
B Non-Interrupting
Z. Interrupting

Semi-Weekly
Bl Non-Interrupting
. |nterrupting

NN NN N N NN N N
NN NN N NN N NN N

N\ N\

N NN NN NN N

N\
NN
N\
N NN NN NN N

Percentage of emissions saved
)
1

Germany California Great Britain  France

Figure 4.1: Original Let’s Wait Awhile ad-hoc experiment demonstrating the
emission savings with different countries and constraints [46].

Results Figures 4.1 and 4.2 appear to be virtually identical, which show
that the ad-hoc scheduling strategy implemented in the simulator is quite ac-
curate to the original algorithm. The change since the writing of the original
paper, to using Vessim in the strategies is also true for the ad-hoc strat-
egy, just as it was for the periodic scheduling strategy discussed above [46].
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Figure 4.2: Recreation of the Let’s Wait Awhile ad-hoc experiment within
the simulator.

Presumably, the reason a slight difference can be noted in the periodic exper-
iments but not in the ad-hoc graphs, is due to figures 4.1.1, 4.1.1, and 4.1.1
showing the exact number of jobs that occur in each interval over 24 hours
with a total of 366 jobs, while figures 4.1 and 4.2 show the percentage differ-
ence is emissions with a much larger set of jobs (3387) so minor deviations
are obscured far more easily. We determined the mean squared error of ac-
tive jobs per hour for every variation of the experiment between the ad-hoc
implementation in the simulator and the original from the repository. The
error rate found was always quite small, usually 0, with the largest being
3.4066974976243976e — 26 which is small enough to be a Python float arith-
metic error.

4.1.2 CarbonMin

CarbonMin had one experiment run on it to determine functional correct-
ness, as only the shifting experiment titled Today was implemented from
the original paper [24], rather than the shifting of 2035. Unlike Let’s Wait
Awhile, no publicly available repository is provided for CarbonMin, so far
less information on the details regarding both the algorithm and the exper-
iment is available. This combined with details of the workload being locked
behind a paywall [9], result in an experiment which is our best approxima-
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tion of the original. The carbon emissions of the data centers with a given
workload distribution is determined in the same way that it was detailed in
the paper, so both the operational emissions from working the workload and
the embodied emissions from the wear-and-tear on the hardware of the data
center are taken into consideration, the details are provided in Section 3.4.2.

Setup This experiment emulates the Results:Today experiment from the
paper introducing CarbonMin [24]. As the original paper used data from
ElectricityMaps, we use the same source for this experiment. The average
carbon intensity data of a year from the ElectricityMaps zones IN-WE, NL,
US-TEX-ERCO, FR, US-CAL-CISO, JP-TK, DE, and GB are used in hourly
intervals to cover the respective test set of regions; India, the Netherlands,
Texas, France, California, Japan, Germany, and the United Kingdom [14].
80825 requests per day, from the CarbonMin paper [24], are then divided
between these regions according to their respective localized active hours,
population sizes, and ChatGPT usages. The workload could not be matched
exactly to the original, as the source for determining the distribution of re-
quest origin location, similarweb [9], charges for historical data. Therefore,
the distribution had to be estimated from what was stated in the paper, “the
load is dominated by USA (39%) and European Countries (35%), reflecting
their higher ChatGPT usage”, and what can be gleamed from the present
load Figure 4.1.2 (obtained from the paper). Additionally, a slightly different
active hour distribution graph [20] was utilized in the workload generation
model, than was used in the CarbonMin paper. This all results in the work-
load distribution of Figure 4.1.2 which is used in our experiment. Exact
details used in the experiment can be obtained from the project repository.
While most countries appear to somewhat match in both distributions, the
two largest, the U.S. and India diverge, as India represents a larger propor-
tion of the total workload and the U.S. awakes earlier as the UTC offset of
the capitol of the countries are used. This means the total workload has a
larger peak in the PST morning with a smaller peak in the night. While
maintaining consistent rules for each country, this is the closest match for
the workload distribution we were able to create.

Results Figures 4.3 and 4.1.2 show the emissions produced by Carbon-
Min and Local in the paper and from the implementation in the simulation
framework. Recall that Local refers to the shifting strategy where jobs are
not shifted, as they are worked on in the same region they originate from.
They appear to be different due to differences in source data, but the actual
average reduction in emissions between the Local and CarbonMin shifting



CHAPTER 4. EVALUATION

42

The original present day request distribution plot over time, taking into
account the ChatGPT usage, population, and active hours of each
country [24]. It is licensed under a Creative Commons Attribution
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Figure 4.3: Original CarbonMin experiment demonstrating the emissions
saved due to different spatial shifting strategies. Balance means the requests
are shifted between data centers so that they are all equally utilized, ignor-
ing the potential emissions completely. Local essentially means no shifting
occurs, as all requests are handled in the same region they originate from.
CarbonMin is the carbon-aware spatial shifting algorithm and CarbonMin
(Unlimited) is identical aside it not taking the capacity of the data centers
into account [24]. Local was the baseline so only it and CarbonMin were
replicated for the experiment in the simulator. Licensed under a Creative
Commons Attribution International 4.0 License.

strategies are quite similar to that reported in the paper. In our implemen-
tation, Carbon produces 37% fewer carbon emissions compared to the Local
strategy baseline, which is similar to the 35% reduction reported in the pa-
per [24]. From evaluating the emission results, the CarbonMin implemented
in the simulator always produces fewer emissions than the Local strategy at
every hour in the experiment. This can be witnessed better from Figure 4.1.2
which only plots one from every fifty data points, but is otherwise identical
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Recreation of the CarbonMin experiment within the simulator with all data
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to Figure 4.1.2. It shows that the Local shifting strategy consistently pro-
duces higher emissions than CarbonMin. This supports the conclusion that
the CarbonMin implementation is quite faithful to the original.

4.2 Demonstrations of Simulator Features

This section demonstrates the benefits of the simulation framework by run-
ning similar experiments after altering one or more aspects of the experiment.
These changes include the use of a different time interval step, different type
of carbon intensity, a different experiment duration, a different workload, or
a different set of regions.

4.2.1 Different Time Step Intervals

Setup The first demonstration of the simulator is the ability to choose
different time steps, provided that the data and algorithm support the new
time step by having a shorter interval than is preferred. We show this feature
with the periodic temporal shifting strategy. In the functional correctness
testing in Section 4.1.1, the algorithm was tested with a time step interval
of thirty minutes, we compare those baseline results to another run with a
sixty minute interval, but otherwise identical setup. The setup consists of the
average carbon intensity data for the regions of California, France, Germany,
and Great Britain and a workload consisting of one job at 1:00 a.m. per day.
The data comes from the Let’s Wait Awhile repository [46]. We do not use
a forecasting error in this demonstration.

Results Figure 4.4 demonstrates how the simple change of time step can
affect the emissions, even with otherwise identical carbon intensity data. We
believe one major contributor to the increased emissions is the longer sixty
minute intervals mean there are fewer opportunities to shift workloads. This
gives the algorithm fewer options to shift to and so, less flexibility for the
algorithm when attempting to minimize the emissions. This is evidenced by
the relative lack of variation in the experiments for France and the United
Kingdom, who do not have a highly variable carbon intensity over time, and
so prefer to spread their workload more widely over the time span. California
and to an extant, Germany do have significant swings in their carbon inten-
sity data over time, so they do not spread out their workloads as much, and
are harmed by the reduction in shifting options. Figures 4.1.1 and 4.1.1 cor-
roborate the variability of the workload distribution of each country, despite



CHAPTER 4. EVALUATION 46

mEmm Thirty Minute Intervals

3001 Sixty Minute Intervals

250 1

200 ~

150 A

100 A

Emissions Produced (gCO2eq/kWh)

50 +

0- T T I T

United Kingdom California France Germany

h-l
| N N
/R N N N

Figure 4.4: The periodic experiment with time steps of half an hour or an
hour.

showing the shorter thirty minute intervals. They show that the Californian
and German experiments schedule most of their jobs around 9:00, while the
other two experiments have jobs more evenly distributed throughout the day.

4.2.2 Different Carbon Intensity Metrics

Setup Another feature of the simulator is the possibility to use different
carbon intensity data. For the Let’s Wait Awhile functional correctness ex-
periments in the prior section 4.1.1, the same average carbon intensity data
that was provided with the original was used. Now we show the carbon emis-
sions produced when the periodic algorithm with a workload identical to the
validity experiment is run with average carbon intensity or marginal carbon
intensity, both sourced from Electricity Maps [11] for the year of 2023. The
Electricity Maps data is used in place of average carbon intensity data pro-
vided in the Let’s Wait Awhile repository [46], to make scheduling decisions
and to determine the amount of emissions generated by the scheduled work-
load. For comparison purposes, we also show the emissions with the original
average carbon intensity data from the Let’s Wait Awhile repository [46]
for the latest year available, 2020. As the smallest time step interval which
Electricity Maps provides is hourly, that is what we will use. The workload
is still one job per day, with a start time of 01:00. The experiment was run
for the same regions as the original periodic experiment, namely, California,
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France, Germany, and the United Kingdom.
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Figure 4.5: The impact of Electricity Maps’ average vs marginal carbon
intensity on the periodic strategy in each country. The emissions that result
with the Let’s Wait Awhile average carbon intensity data are included to
compare.

Results Figure 4.5 shows the notable discrepancy between the emissions
with either average or marginal carbon intensity, as in there are higher emis-
sions produced with marginal carbon intensity data. This is to be expected
as Section 2.1.2 stated that the marginal primarily consists of more carbon
intensive energy sources due to their generation being relatively easy to scale
up and down. The difference seen between average and marginal is less pro-
nounced in regions with high average emissions, as fossil fuels provide much
of the power for both the base load and the marginal requirements. Mean-
while in regions like France, where very little of the base load comes from
carbon intensive generators [13], the marginal emissions dwarf the average
several times over. The two average carbon intensities, one from Electricity
Maps, the other from the Let’s Wait Awhile repository, have much closer
results to each other than to run with the marginal carbon intensity data.
They vary due to different years used for each and different methodologies
used in collating the carbon intensity data.
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4.2.3 Different Experiment Durations

Setup This experiment uses the Let’s Wait Awhile Ad-hoc algorithm to
test running an algorithm for different durations. The workload is consistent
with what the ad-hoc functional correctness experiment used, only varying
in duration. The workload either has jobs that start between 2020-01-01
00:00:00 to 2020-6-30 23:30:00 or 2020-01-01 00:00:00 to 2020-11-30 23:30:00.
The algorithm is simulated for thirty days longer than the end of each work-
load in order to provide time to shift jobs at the end of the workload. During
this extra time no new jobs are created, so it is akin to the few weeks the orig-
inal experiment would extend past its official end date. The commonalities
of the workload are that there are 3387 total jobs, jobs only start between
09:00 and 17:00 on workdays, and they have a duration between four and
ninety hours, as in the original experiment [46]. The carbon intensity data is
the same which is provided in the Let’s Wait Awhile repository and no error
or forecast method were used.

20000 - —— January-November Emissions
—— January-June Emissions

15000 -

10000

Emissions

5000 | ‘

Figure 4.6: Every 150" hour of the Ad-hoc experiment with a workload and
simulated run-time of California for either a year or half a year.
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Results Figure 4.6 shows how the ad-hoc strategy shifts jobs in California
with workloads of different lengths. As both workloads have the same number
of jobs, the half year workload had roughly twice as many active jobs at a
given interval during its runtime to cover the same number of jobs. One
would think this means that the half year run would have higher emissions
than the full year run, as there are the same number of jobs but less time
available, so less time slot options to try to shift to minimize the emissions,
but this is would be incorrect. The emissions generated were less in the
half year than the full year. For the United Kingdom, the emissions were
6.3990358¢7 gCOqeq in the half year and 6.6655812¢7 gCOqeq in the full
year, while for California 7.901625e7 and 8.5956501e7 in the half year and
full year, respectively. We believe the increased emissions are a result of lower
average carbon intensity in the first half of the year than the latter, in all
regions in the experiment. Table 4.1 provides evidence for this hypothesis,
as the second half of the year in each region tested had a higher average
carbon intensity than the first half. It can also be seen that there exists a
greater difference between the emissions in workload runs for California and
Germany, regions with a comparatively large increase in the mean of the
average carbon intensity between the first half of the year and the second,
than France and Great Britain, which have a lower difference.

Table 4.1: The mean of the average carbon intensity in each half of a year.

Countries January-June CI | July-December CI
California 253.6 305.5
United Kingdom 201.2 224.5
France 47.9 64.6
Germany 267.0 359.2

4.2.4 CarbonMin with a Different Workload

Setup The simulator enables the evaluation of an algorithm with other
types of workloads, provided there is some compatibility between the algo-
rithm and the workload. To demonstrate this, we chose to run the Carbon-
Min algorithm with an ad-hoc temporal workload from the workload generat-
ing model of Let’s Wait Awhile. The reason we decided on this combination
rather than the inverse, is due to the Let’s Wait Awhile algorithm requiring
very long durations (in the range of minutes to hours) for the jobs in work-
loads given to it, whereas the generative Al workload model from CarbonMin
produces jobs with a short duration of about 2.07 seconds. CarbonMin on the
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other hand, disregards the duration of the jobs. The carbon intensity data
used is the marginal data from Electricity Maps from the start of June 2022
to the end of the month with an hourly time step interval. The generative
AT workload used in prior CarbonMin experiments consisted of 80,825 jobs
per day or for the 30 days of June, a total of approximately 2,424, 750 jobs.
The latter number is what was provided to the ad-hoc temporal workload
model for the number of jobs it should generate. Even though the duration
is ignored by CarbonMin, we also had the model give every job a duration
of an hour, to increase the speed of the generation process. The static dura-
tion streamlines the workload generation process by shrinking the size of the
common workload format data frame the ad-hoc temporal workload model
creates by condensing all jobs starting at a given time to one row, rather
than rows for each duration at each start time.

Results In Figure 4.7, the experiment with the temporal workload is shown
to have sharp drops to zero emissions. This is due to the workload adher-
ing to workdays and work hours, so no jobs are sent outside of the hours
between 9:00 a.m. to 5:00 p.m., Monday through Friday. As there are a
scant few hours in the month in which the 2,424,750 jobs can be sent, a very
large number of requests are sent whenever it is possible. The generative Al
workload by comparison, sends requests every hour in a twenty-hour hour
pattern. Despite the seemingly large discrepancy between the two work-
loads, the total emissions output are quite similar as the CarbonMin with
the temporal workload created 448,871,576 gCO, equivalent while the gen-
erative Al workload generated 431,714, 433 due to the same carbon emission
model from CarbonMin is used in both to determine the emissions produced.
While the total jobs are about the same, barring rounding errors in the work-
load generating model calculations, the difference in emissions comes from
higher carbon intensities during the work hours when the temporal workload
requests are sent, as work hours tend to have higher carbon intensities [26].

4.2.5 Different Cloud Provider Network

Setup This final experiment demonstrates the ability to choose between
different cloud networks, provided information on the infrastructure of the
network has been supplied to the simulator. We use the CarbonMin algo-
rithm, its generative Al workload model with its default regional request
origin distribution, and the Watt Time marginal carbon intensity data for
the month of January 2022. As the workload model follows a twenty-four
hour pattern in request distribution, the same number of requests, 80,825,
are sent each day for a total of 2,505,575 requests. The carbon intensity
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Figure 4.7: The emissions produced when the CarbonMin algorithm is run
with a workload from its generative Al workload model vs the temporal
workload model of Let’s Wait Awhile.

data used an hourly time step. Regions in the baseline carbon intensity set,
which includes all regions used in the experiment, are added to network sets
according to the network zone dataset we have compiled. Each region in a
network set is treated as a data center that requests can be spatially shifted
to. The networks we have considered are Amazon Web Services, Microsoft
Azure, Google Cloud Platform. It should be noted that we obtained the
carbon intensity of regions from Watt Time, based on how many networks
include the given region, so there is a large degree of overlap in the net-
work sets. The entire list of ISO2/Electricity Maps region codes chosen for
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Table 4.2: Regions in Each Network
Networks | Regions
AWS AU-NSW, AU-VIC, BR-CS, DE, ES, FR, GB, IE, IN-
WE, IT-NO, JP-KN, JP-TK, KR, SE, SG, US-CAL-
CISO, US-MIDA-PJM, US-NW-BPAT
GCP AU-NSW, AU-VIC, BR-CS, CA-ON, DE, ES, FR, GB,
IE, IN-WE, IT-NO, JP-KN, JP-TK, KR, NL, PL, SG,
US-CAL-CISO, US-MIDA-PJM, US-MIDW-MISO, US-
NW-BPAT, US-TEX-ERCO
Azure AU-NSW, BR-CS, CA-ON, DE, FR, GB, IE, IN-WE;,
IT-NO, JP-TK, KR, NL, PL, SE, SG, US-CAL-CISO,
US-MIDA-PJM, US-MIDW-MISO, US-NW-BPAT, US-
TEX-ERCO

the experiment, the base case, are: AU-NSW, AU-VIC, BR-CS, CA-ON,
DE, ES, FR, GB, IE, IN-WE, IT-NO, JP-KN, JP-TK, KR, NL, PL, SE,
SG, US-CAL-CISO, US-MIDA-PJM, US-MIDW-MISO, US-NW-BPAT, and
US-TEX-ERCO. Table 4.2 shows the regions included in each network set,
seventeen regions in AWS, twenty-two in GCP, and twenty in Azure.

Results Figure 4.8 provides an illustration of how requests are distributed
between the different regions, the Google Cloud Platform network specifi-
cally in this case. The bar plot, figure 4.9, offers a view of how each network
compares to the other and to the base case of every region considered in the
experiment. The plot shows that out of the set of regions used in the exper-
iment, the AWS network produced the highest number of emissions, about
928,000,000 gCO4zeq, which is slightly more than the 924,000,000 gCOseq
generated with the Azure network. The base case of the entire set of regions
follows as the second lowest emissions produced, 902,000,000, and the GCP
network with the smallest number of emissions, about 885,000,000 gCOseq.
Figure 4.10 illustrates that the AWS run of the experiment had the highest
emissions for many intervals, while GCP was often among the lowest. The
AWS network had the smallest subset in the set of regions, while GCP had
the largest subset, as seen in Table 4.2. This explains some of the discrep-
ancy, as more regions mean more options to find the lowest to shift to at
a given time step, but the base case of the entire set of regions had higher
emissions than GCP in figure 4.9. This was due to CarbonMin determining
the resource capacity of regional data centers in part by dividing the total
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Figure 4.8: Pie chart of the percentage of requests redirected to each region
in a subset of the Google Cloud Platforms cloud network by CarbonMin.

requests at the time step by the number of regions, so more potential regions
to shift to result in less capacity in the regions. This means that of the
set of regions, the GCP network had more options than the other networks
to find the lowest carbon intensities. The base case on the other hand was
bloated with many highly carbon intensive regions which lower the individual
resource capacity of each data center.

4.3 Discussion

In this chapter, Section 4.1 illustrated that carbon-aware workload shift-
ing algorithms can be faithfully implemented and run within the simulation
framework developed within this thesis. Additionally, Section 4.2 exhibited
the features provided by the simulation framework to further aid the devel-
opment of carbon-aware workload shifting algorithms.

A feature like the manipulation of time steps in the carbon intensity data
enables easier comparisons by showing how different time steps in the car-
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Figure 4.10: Line plot of the emissions CarbonMin produces with each cloud
network every fifth hour.

bon intensity data may affect the performance of a given algorithm. As
Section 4.2.1 shows, different time steps can alter the outcome from the
workload shifting algorithm substantially. For example in the experiment,
the Californian run with hourly intervals produced approximately 150% of
the carbon emissions of the thirty minute interval run for the same region,
despite the original carbon intensity data used in both runs matching. Po-
tentially, some future algorithms may perform better or worse at different
time steps, so this feature aids additional development within the space.
Other features like the ability to choose different carbon intensity datasets
varying in type or source, the ability to alter the experiment duration, the
ability to run algorithms on additional workloads beyond those custom de-
signed for the specific algorithm, and the ability to choose the cloud provider
network infrastructure used in experiments also enable algorithms imple-
mented within the simulation framework to be tested in new scenarios with-
out designing an experiment to replicate the scenario from scratch. For in-
stance, rather than creating workloads, users of the framework might co-opt
the workload of another algorithm to test an algorithm or one workload can
be used in several algorithms to compare them to each other, all with limited
additional work for the user.
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The combination of features, in addition to the ability to accurately imple-
ment workload shifting algorithms within the simulation framework enable
the research questions from Section 1.1 to be answered, though the answer is
subjective to the parameters of the experiment performed in the framework.
Namely, the first question, How well do existing workload shifting algorithms
minimize carbon diozride emissions?, is answered by the framework all to-
gether with an answer that varies by experiment. The network infrastructure
feature answers the second question, How do different network layouts affect
the ability of the algorithms to reduce emissions?, by allowing carbon-aware
workload shifting algorithms to be run with different network infrastructures.
In our experiment in Section 4.2.5, we saw that the CarbonMin algorithm
performed best in the Google Cloud Platform network subset and performed
worst in the Amazon Web Services network subset, which produced slightly
more emissions than the Azure network subset. This result may differ de-
pending on the algorithm and the set of regions used in an experiment. The
final research question, How do the algorithms behave under different metrics
for measuring the carbon intensity of the electricity powering data centers?,
is answered by the experiment in Section 4.2.2 which shows the sizeable dif-
ference in emissions between the same Let’s Wait Awhile periodic algorithm
with average and with marginal carbon intensity data.



Chapter 5

Conclusions and Future work

This chapter initiates with Section 5.1, describing how well the final state of
the thesis fulfilled its original objectives. We follow this with a discussion of
the short-comings that limited the project in Section ?7. Section 5.2 details
directions that the framework may be taken in the future.

5.1 Conclusions

We believe that we have achieved the original goals that we had set upon in
Chapter 1. Namely, we have developed a simulation framework that is able
to run carbon-aware workload shifting algorithms within it that are identical
or close to their counterparts outside the simulator, as shown in Section 4.1.
In addition, Section 4.2 shows that we are able run the algorithms in situ-
ations other than those they were explicitly designed for, to see how they
perform in the new scenarios. We have found through our work and results,
that the topic of carbon-aware workload shifting is quite large and ever evolv-
ing. There is a great deal of minutiae involved which can cause significant
differences in the performance results of the algorithms. For this reason, we
believe that workload shifting algorithms should be tested in a variety of
different scenarios to fully ascertain their effectiveness.

5.2 Future work

Future work on the simulation framework could include the implementation
of additional workloads, carbon-aware workload shifting algorithms, and car-
bon intensity datasets. An aspect that could be expanded upon are trace-
based workload implementations, as an Azure server trace [17] is implemented
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to provide a workload within the simulation framework, but due to the algo-
rithms that have been implemented being designed for very different work-
loads, it was not entirely tested nor included in the evaluation experiments.
This Azure workload implementation could be tested and generalized more
extensively. Specifically, the workload currently implemented only takes into
consideration the five most frequent function calls, so it may be made more
all encompassing. Likewise, workloads from Google Cloud [19] or other data
center traces could be added to supplement the available workloads.

Another direction that could be taken is to add onto the features provided by
the simulation framework. For instance, a standardized format with which
to interact with location information would be highly useful. This would
increase the interchangeability of the modules within the framework by en-
suring the location data that may be provided in a given carbon intensity
dataset or workload can definitively be utilized by a given algorithm, rather
than there existing potential incompatibility. A more substantial addition
might be a feature that is able to track economic cost that might be oc-
curred from a given algorithm, operating with a given workload, and utilizing
a given set of data centers. While this is outside of the scope of the thesis, it
would be useful as the users of the algorithms in practice would not operate
in a vacuum, but rather they would be affected by economic forces.
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