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ABSTRACT

The growth of cloud data centers has raised significant sustainability concerns and led to

a power grid crisis. In this landscape, data center capacity is increasingly determined by

external constraints, including power availability, carbon intensity and power prices.

We characterize the impact of variable capacity on cloud workload performance by evalu-

ating commercial and synthetic cloud workloads under traditional scheduling. With capacity

change frequency of 0.25–8 per hour, Microsoft Azure and Google’s Borg cloud workloads can

suffer goodput losses of 12–24% and 5–19%. Generalizing, we study synthetic heavy-tailed

workloads and a range of carbon intensity-driven capacity variation. Our studies show that

goodput loss increases with heaviness of tail and with increased capacity variation. We iden-

tify job terminations as the crucial phenomena and focus on it as the critical performance

metric and scheduling objective.

We derive the machine interval distribution from imposed capacity variation and exploit

it to reduce terminations under variable capacity. We explore four heuristics with varying

levels of machine interval information, including stable machine indices, time between capac-

ity changes, statistical and probabilistic information of interval time remaining. The best

performing heuristic uses uptime of an interval to estimate the conditional probability of

remaining time. This information is used to improve the assignment of jobs to intervals,

reducing terminations by 32%, with 0.9% goodput loss.

We later combine these heuristics to build the Interval-Aware Scheduler (IAS) that re-

duces terminations across a range of heavy-tailed workloads. On a synthetic workload, IAS

lowers terminations by 98% over First-Fit, with a 1.25% goodput loss. IAS can achieve

5% greater goodput, with 32% lower terminations. In the extremely heavy-tailed Azure

workload, IAS lowers terminations by 92%, with a 0.05% goodput loss.
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CHAPTER 1

INTRODUCTION

1.1 Motivation

Data centers continue to be a rapidly growing segment of the economy, with a CAGR of 9%

through 2030 [65]. According to estimates from the Lawrence Berkeley National Laboratory,

the data center load is projected to increase from 4.4% of the total US electricity demand

in 2023 to 6.7–12% by 2028 [58]. This unprecedented growth in cloud data centers has

raised sustainability concerns and led to a power grid crisis. Amid mounting public pressure,

hyperscalers have set ambitious sustainability goals. Google aims to operate on 24/7 carbon-

free energy across all power grids they are located in by 2030 [45] and Microsoft aims to be

carbon negative by 2030 [18]. Moreover, power grids are becoming increasingly strained to

meet the energy demands of new data centers [51, 53]. Several power grids have halted and

slowed new data center connections to ensure grid reliability [41, 63, 71]. In this landscape,

data center flexibility is a crucial consideration [46, 22].

Figure 1.1: Total U.S. data center electricity use from 2014 to 2028, as reported in [58].
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A data center’s participation in a power grid’s demand response program [25, 10], the

operation of a renewable-powered data center [31, 37], and the opportunistic use of stranded

renewable generation by the data center [13] are several practical applications of variable

capacity data centers. Data centers are traditionally viewed as fixed capacity entities, where

resource management would not take into account fluctuations in resource capacity. How-

ever, in the variable capacity model, a data center’s resource capacity is driven by external

constraints that are beyond the data center operator’s control. This adds a layer of com-

plexity to resource management. If not managed, this would lead to lost opportunities from

unexpected capacity increases and performance losses from unexpected capacity decreases,

impacting the system’s overall performance [73, 72].

The underlying capacity variation structure determines the availability of individual ma-

chines. This gives rise to a set of machine intervals, where the machine is continuously

powered on and available for scheduling. There is potentially a wealth of information related

to machine intervals that could inform the scheduler of a machine’s future availability. In

this thesis, we explore how information on machine intervals could be effectively exploited

to improve variable capacity scheduling.

1.2 Thesis Statement

Novel scheduling algorithms can restore the performance loss in cloud workloads resulting

from externally-driven variable capacity, by exploiting machine interval characteristics to

predict time remaining in an interval.

1.3 Approach

We evaluate the impact of variable capacity on cloud workload performance. We determine

that job terminations are the primary cause of performance degradation, leading to goodput

2



loss and higher scheduling latency. In the cloud service model, this has additional implica-

tions, including lost application state, checkpointing overhead, SLO violations, and degraded

user experience. Therefore, we propose job terminations as a critical workload performance

metric and primary scheduling objective.

We identify machine interval characteristics that could inform the scheduler of the time

remaining in an interval. Using this information, we propose and evaluate a class of schedul-

ing heuristics that aim to avoid job terminations under variable capacity, by better aligning

jobs-to-machine intervals, while maintaining the system’s goodput and scheduling latency.

1.4 Contributions

We identify and address the challenges of workload scheduling under variable capacity. The

key contributions of this thesis are:

• Characterize cloud workload performance under traditional scheduling on a variable

capacity platform. Variable capacity leads to significant performance degradation,

with goodput losses of 12–24% in Azure and 5–19% in Borg, with increasing change

frequency. We determine that interval ends under variable capacity cause job termi-

nations, resulting in goodput loss. Under observed variable capacity in the MISO,

ERCOT, SPP and CAISO grids, the Azure workload suffers goodput losses between

3.72–30.75%.

• Examine a set of synthetic workloads on the dimensions of job duration distribution

and job resource size, to understand the impact of workload characteristics on per-

formance under variable capacity. We find that heavier-tailed workloads experience

greater goodput loss under variable capacity. As the mean job duration increases by

approximately 2×, the job failure rate increases by an average of 1.93× and the mean

scheduling latency increases by an average of 1.46×.
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• Identify job terminations as the crucial performance metric and a primary scheduling

objective for cloud workloads under variable capacity, as cloud applications rely on

continuous service and immediate response.

• Analyze the impact of the underlying capacity variation structure on machine interval

characteristics, and identify information that can be potentially exploited to predict

interval time remaining allowing better job-to-interval alignment.

• Propose and evaluate a class of scheduling heuristics that avoid terminations by ex-

ploiting machine interval characteristics. We explore heuristics that prioritize big jobs

on stable machines, aligns scheduling with capacity changes and leverage the statistics

and probability distribution of interval time remaining to determine whether an inter-

val would last long enough to complete the job. Combining these heuristics further

improves performance, through structuring them to target distinct job populations.

The best performing heuristic combination lowers terminations by 95% with a 0.2%

goodput loss, while maintaining lower scheduling latency than First-Fit.

• Based on these heuristics, we build the Interval-Aware Scheduler (IAS) that drastically

reduces terminations across a range of heavy-tailed workloads. IAS achieves 5% greater

goodput than First-Fit, with a 32% reduction in terminations. We can further reduce

terminations by up to 98% over First-Fit, if a 1.25% goodput loss is tolerable. For the

extremely heavy-tailed Azure workload, IAS achieves 92% lower terminations under

variable capacity, while maintaining similar goodput to First-Fit (-0.05%).

1.5 Thesis Organization

The remainder of the thesis is organized as follows. Chapter 2 provides a brief background on

variable capacity platforms, cloud resource management and cloud workloads. In Chapter

3, we describe our research problem and scheduling approach. Chapter 4 highlights the

4



challenges of variable capacity on cloud workload performance under traditional scheduling.

We further explore the impact of workload characteristics on performance under variable

capacity. In Chapter 5, we examine how the underlying capacity variation structure affects

machine interval characteristics. Chapter 6 proposes and evaluates a class of scheduling

heuristics that exploit machine interval characteristics to avoid terminations under variable

capacity. In Chapter 7, we discuss related research literature. Finally, we summarize our

results and outline future research directions in Chapter 8.

5



CHAPTER 2

BACKGROUND

In this chapter, we provide the necessary context for understanding variable capacity plat-

forms and its implication on cloud workload scheduling. Section 2.1 provides an overview of

variable capacity platforms and examines the dimensions of variable capacity. Section 2.2

explores cloud data centers as candidates for variable capacity, and provides a brief overview

of cloud resource management and cloud workload characteristics.

2.1 Variable Capacity Platforms

Data centers have traditionally been viewed as fixed capacity entities that require constant

and continuous power supply. However, variable capacity platforms are characterized by

their ability to dynamically adjust resource availability, driven by external constraints such as

power availability, carbon content of power and power prices [73, 13, 54]. Understanding the

characteristics of the underlying capacity variation is critical for effective workload scheduling

on variable capacity platforms.

2.1.1 Synthetic Models of Variable Capacity

Fixed capacity platforms are straightforward. They require constant and continuous power

supply, which ensures a fixed capacity during each time interval (see Figure 2.1a). However,

in variable capacity platforms, the resource capacity could fluctuate between time intervals.

To systematically analyze the effects of variable capacity on workload performance, prior

work has characterized key dimensions of variable capacity [73]. Below, we examine these

dimensions, which form an abstract framework that allows specific examples to be charac-

terized and generalized.

6



(a) Fixed Capacity platform, with average capac-
ity = 70%

(b) Variable Capacity platform under a random
walk structure, with average capacity = 70%,
change frequency = 1, step size = 0.15, dynamic
range = 60%

Figure 2.1: Contrasting Fixed Capacity and Variable Capacity platforms

• Change frequency : Within the abstract framework for capacity capacity, we model

capacity changes to occur at the boundaries of discrete time periods. The change

frequency defines the number of such boundaries every hour.

• Step size : To prevent large instantaneous capacity changes between time periods and

to reflect physical constraints of real systems, we bound the capacity change between

two consecutive time periods to a maximum step size.

• Dynamic range : The range of machines over which capacity changes occur. This

defines the upper and lower bounds of resource capacity.

2.1.2 Observed Variable Capacity

Amid mounting public pressure, hyper-scale cloud providers have set ambitious sustainability

goals. Google, for instance, aims to operate on 24/7 carbon-free energy across all power

grids they are located in by 2030. Data centers consume power from the power grid, and the

associated carbon emissions depend on the grid’s fuel mix and the characteristics of power

7



generation sources. In order to manage the operational carbon footprint of data centers, it

is vital to consider the characteristics of the power grid they are located in.

We derive resource capacity traces based on power grids’ carbon intensity, in order to

model fluctuations in data center resource capacity driven by the carbon intensity of its

power supply. We consider a simple constant carbon budget, where the resource capacity

during each time period is constrained by a constant carbon budget and determined by the

time period’s average carbon intensity [73].

We consider four power grids with distinct characteristics, MISO (Midwest, USA) [49],

ERCOT (Texas, USA) [24], SPP (Southwest, USA) [61], and CAISO (California, USA) [9].

Table 2.1 summarizes the main generation sources across the chosen power grids. MISO is a

fossil fuel-heavy grid, with 66% of its generation from gas and coal. In contrast, CAISO has

the largest fraction of renewable generation, with 19% from solar, 11% from wind and 13%

from hydro. ERCOT reflects a mix of CAISO and MISO in terms of its generation sources,

with 7% of generation from solar, 24% from wind, and 59% from gas and coal. SPP is a

wind-heavy power grid, with 37% of its generation from wind.

Power grid Generation source
Gas + coal Solar Wind Hydro Nuclear

MISO [27] 66% – 16% 2% 15%
ERCOT [23] 59% 7% 24% – 9%

SPP [55] 54% – 37% 3% 6%
CAISO [17] 38% 17% 11% 13% 9%

Table 2.1: Generation mix across power grids (2023)

The properties of a grid’s underlying generation sources affect its average carbon intensity

and temporal fluctuations in carbon intensity. As a grid’s renewable penetration increases,

its average carbon intensity decreases. However, the intermittent properties of renewable

generation sources leads to large fluctuations in carbon intensity between consecutive time

steps. This results in a higher coefficient of variation of carbon intensity in grids with higher

8



renewable penetration, as shown in Figure 2.2a. Thereby, we order the four grids on a

spectrum of increasing coefficient of variation of carbon intensity as, MISO, ERCOT, SPP

and CAISO. The resulting distribution of variable capacity in a data center located in the

grid would show increasing spread in resource capacity across this spectrum. In Figure 2.2b,

we observe a dynamic range of 39.3% in MISO, 54.5% in ERCOT, 59.7% in SPP and 69.4%

in CAISO. It is evident that grid’s with higher renewable penetration experience greater

capacity variation, due to the high intermittence of renewable generation.

(a) Power grid characteristics (b) Distribution of variable ca-
pacity

Figure 2.2: The impact of power grid characteristics on the distribution of variable capacity
in data centers located within the power grid

2.2 Cloud Data Centers and Workloads

In a landscape where data center growth is limited by power availability, variable capacity

could assist hyperscale cloud providers in their growth and sustainability efforts. Our work

focuses on cloud workload scheduling based on the fundamental properties of cloud sched-

ulers. In this section, we provide a brief overview of cloud resource management and examine

cloud workload properties.
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2.2.1 Cloud Resource Management

The objective of cloud resource management is to efficiently place jobs on cloud resources

(machines), while meeting resource utilization and scheduling latency requirements of the

platform. Fundamentally, this is an optimization problem formulated to find a good ‘fit’

between jobs and machines. Due to the proprietary nature of cloud schedulers, First-Come,

First-Served (FCFS/First-Fit) is often considered a simplified approach to cloud job schedul-

ing [7].

Cloud data centers host a variety of applications, including web hosting, content delivery,

AI, Internet of Things (IoT), enterprise applications, and streaming services. A significant

fraction of cloud workloads is interactive, requiring continuous service and immediate re-

sponse. 28% of Microsoft Azure’s workload is categorized as interactive [19]. In the Google

Borg workload, the production tier accounts for approximately 30% of compute resource

utilization [64]. Architecting cloud applications is a complex process, involving a multitude

of services, including VMs, storage, network connections, REST API connections, databases,

etc. These cloud services are governed by Service Level Objectives (SLOs), which outline

specific performance metrics such as availability, uptime, and response times that cloud

providers are contractually required to guarantee to their customers [47, 16, 57]. Failure to

meet SLOs harms user experience and could impose financial penalties on the cloud provider.

The cloud’s average resource utilization (compute) is approximately between 55–65%

[64, 19]. A significant fraction of cloud resources remain idle due to resource fragmentation

and the requirement to maintain low scheduling delays. For instance, in Google’s Borg

scheduler, 80% of jobs experience less than 5 seconds of scheduling delay [64], enabled by

the platform’s low resource utilization.
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2.2.2 Cloud Workloads

Cloud workloads can be defined in various abstractions, such as Virtual Machines (VMs),

containers, tasks, and bare-metal jobs. Microsoft Azure [48] and Google’s Borg traces [32]

are exemplar commercial cloud workloads, offering rich detail on job characteristics, resource

utilization, and cloud scheduling. Microsoft Azure trace provides VM creation and deletion

times, requested virtual cores and memory, and actual CPU utilization in 5-minute intervals.

The Borg workload trace includes task start times, end times, requested CPU and memory

(normalized to maximum machine size), and actual CPU and memory usage in 5-minute

intervals. Given the vast amount of data in the traces, we study representative samples from

the Azure and Borg workloads.

(a) Azure (b) Borg

Figure 2.3: Distribution of VM lifetime / job duration in the Azure and Borg workload
traces

The distribution of job duration in both cloud workloads is heavy-tailed (see Figure 2.3),

with a large number of short jobs and relatively few long jobs. The Azure workload trace

contains a substantial number of continuously running VMs that span the entire duration of

the trace, while the Borg workload contains mostly smaller duration jobs. As summarized in

Table 2.2, the runtime of VMs in the Azure workload has an average of 60 hours, a median

11



of 30 minutes, and a P95 of 30 days. In the Borg workload, the average runtime is 1.66

hours, with a median of 6 minutes and a P95 of 4 hours. Table 2.2 further summarizes the

characteristics of the representative samples from Azure and Borg workload traces, including

requested parallelism and memory. It is evident that the Azure trace contains longer run-

ning jobs than Borg. This imposes implications on scheduling performance under variable

capacity, as the distribution of job durations might be incompatible with machine interval

lengths under variable capacity. We explore this relationship in detail in Sections 4.1, 4.3.1

and 6.3.

Workload Azure Borg
Trace year 2019 2019
Abstraction Virtual Machines (VMs) Jobs
Trace duration 30 days 7 days
Number of jobs 60,000 605,503
Runtime Avg = 60 hrs Avg = 1.66 hrs

P50 = 30 mins P50 = 6 mins
P95 = 30 days P95 = 4 hrs

Parallelism Avg = 3.7 cores Avg = 0.01 NCU
P50 = 2 cores P50 = 0.007 NCU
P95 = 8 cores P95 = 0.02 NCU

Memory Avg = 16 GB Avg = 0.004 NMU
P50 = 8 GB P50 = 0.002 NMU
P95 = 32 GB P95 = 0.015 NMU

Table 2.2: Key statistics of representative samples of cloud workload traces

2.3 Summary

Variable capacity platforms can be systematically analyzed across the dimensions of change

frequency, step size and dynamic range. We examined variable capacity under a constant

carbon budget across four power grids and found that the characteristics of the underlying ca-

pacity variation source determines observed variable capacity. The unprecedented growth of
12



cloud data centers positions them as a suitable candidate for variable capacity. We explored

the characteristics of cloud resource management, including First-Fit scheduling, SLOs, and

cloud utilization levels. Finally, we contrast the properties of the chosen commercial cloud

workloads from Microsoft Azure and Google’s Borg. The Azure workload has relatively

longer jobs due to continuously running VMs, whereas the Borg workload contains a large

number of short duration jobs.
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CHAPTER 3

PROBLEM AND APPROACH

We explore the research problem, detailing the research questions we seek to address in this

thesis. We provide a brief overview of our scheduling approach. Further, we formally define

the scheduling framework, in terms of the variable capacity platform, machine intervals, the

workload and the scheduling objective. Finally, we outline the experimental setup and define

performance metrics.

3.1 Problem

The primary objective of a scheduling system is to make the best use of available resources.

However, operating a variable capacity system adds a layer of complexity to achieving this

objective. Resource capacity in a variable capacity system is driven by external phenomena.

Resource capacity changes directly translate to machines being powered on/off based on

power availability. Capacity loss results in the termination of jobs and VMs running on the

powered off machine. From a scheduler’s point of view, this is extremely undesirable, as it

would result in goodput loss, violated SLOs, increased scheduling latency and a host of other

workload performance implications [54, 73].

Traditional schedulers provide poor scheduling performance under variable capacity [54,

73], making variable capacity data centers infeasible for cloud workloads. Our research seeks

to address the scheduling challenges of variable capacity, answering the following research

questions.

• How does the introduction of variable capacity affect cloud workload performance under

traditional scheduling?

• How do workload characteristics impact workload performance under variable capacity?
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• How does the underlying capacity variation structure affect machine interval charac-

teristics and what properties are potentially exploitable for scheduling?

• How can machine interval characteristics be effectively exploited to improve variable

capacity scheduling?

3.2 Approach

The underlying capacity variation structure of a variable capacity platform determines the

availability of individual machines. Analyzing the availability of individual machines in such

a platform would produce a set of intervals, where each interval would correspond to a con-

tiguous block of time during which a machine is powered on and available for scheduling.

Profiling the underlying source of variable capacity provides insight into the future avail-

ability of a machine interval. We propose the use of such machine interval characteristics to

avoid terminations under variable capacity. In our study,

• We characterize cloud workload performance under traditional scheduling on a vari-

able capacity platform, in order to demonstrate the challenges in variable capacity

scheduling. (see Sections 4.1 and 4.2)

• We examine a set of synthetic heavy-tailed workloads on dimensions of job duration

distribution and job resource size, to understand the impact of workload characteristics

on performance under variable capacity. (see Section 4.3)

• We analyze the impact of the underlying variation structure on machine interval char-

acteristics, identifying information that can be potentially exploited for scheduling.

(see Chapter 5)

• We propose and evaluate a class of scheduling heuristics that better aligns jobs to

machine intervals, to reduce terminations under variable capacity. (see Chapter 6)
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3.3 Formal Definition of the Scheduling Framework

Let M be the set of machines in the platform, where each machine mi ∈ M has mi.res re-

sources. The platform experiences variable resource capacity, with M(t) number of machines

available at time t with M(t) ≤ |M |. The platform follows a ‘Last In, First Out’ (LIFO)

machine termination policy. Machines (mi ∈M) are ordered by index i, which is a measure

of its relative risk for capacity variation.

Capacity changes happen at times t′ ∈ T , such that M(t′) < M(t′−1) (capacity decrease)

or M(t′) > M(t′ − 1) (capacity increase) or M(t′) = M(t′ − 1) (no change in capacity).

The granularity of t′ depends on the change frequency (freq), with capacity changes

occurring every 1
freq hour time points. The magnitude of capacity change between two

consecutive time units t′ − 1 and t′ is bounded by the maximum step size (step), with

M(t′) −M(t′ − 1) ∈ [M(t′ − 1) − step,M(t′ − 1) + step]. The dynamic range (dyn) of

variable capacity is the range of machines over which capacity changes occur. We define this

is as dyn = ub− lb, where ub and lb represent upper and lower bounds of variable capacity.

The resource capacity at any time t is bounded by the dynamic range, lb ≤M(t) ≤ ub.

Variable capacity gives rise to machine intervals , where each interval wj,i corresponds

to a contiguous block of time with length wj,i.len, during which machine mi is alive and

available for scheduling. Machine intervals have length wj,i.len ∈ { ℓ
freq | ℓ ∈ Z, 1 ≤ ℓ ≤ T ×

freq}. The underlying capacity variation structure determines the set of machine intervals

W , and the distribution of wj,i.len.

Each machine interval wj,i would be at a certain point in time within its progression

at time t. Let wj,i.uptime(t) be the uptime of the interval wj,i at time t. This is the

amount of time in the interval wj,i that precedes time t, with wj,i.uptime(t) = t−wj,i.start.

Let wj,i.remaining(t) denote the time remaining in the interval wj,i conditioned on up-

time wj,i.uptime(t). This is the amount of time until the machine that the interval cor-

responds to is switched off under variable capacity with wj,i.remaining(t) = wj,i.len −
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wj,i.uptime(t). The distribution of the time remaining in an interval wj,i varies with its

uptime wj,i.uptime(t). Figure 3.1 depicts a machine interval at time t in its progression.

wj,i wj,i.uptime(t) wj,i.remaining(t)

wj,i.start t wj,i.start+ wj,i.len

wj,i.len

Figure 3.1: Graphical representation of a machine interval

Each job jk ∈ J has release time jk.release, resource requirement jk.res and duration of

jk.exec. Jobs enter a FCFS queue upon arrival and are re-queued at the back if terminated.

The baseline scheduler, FCFS/First-Fit (FF ), iterates over available resources ordered on

machine index i, and assigns the job to the first resource that has sufficient capacity to

accommodate it, making scheduling decisions online. If terminated, the job is added to the

back of the queue.

Table 3.2 summarizes the notation used in formally defining the scheduling problem.

Notation Description

Variable Capacity Platform

M The set of machines

mi mi ∈M represents a single machine

i Index of machine mi, which is a measure of the machine’s

relative risk of termination; 1 ≤ i ≤ |M |
mi.res The resource capacity of machine mi (cores/memory)

M(t) The number of machines available during time unit t; M(t) ≤
|M |

Dimensions of Variable Capacity

freq Change frequency, with a capacity changes occurring every
1

freq hr

step The maximum step size between two consecutive capacity

changes; M(t)−M(t− 1) ∈ [M(t− 1)− step,M(t) + step]
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ub and lb Upper and lower bounds of variable capacity; lb ≤M(t) ≤ ub

dyn Dynamic range of variable capacity; dyn = ub− lb.

Machine intervals

wj,i A machine interval on machine mi

wj,i.len Length of the machine interval wj,i; wj,i.len ∈ { ℓ
freq | ℓ ∈

Z, 1 ≤ ℓ ≤ T × freq}
wj,i.start Start time of machine interval wj,i. (wj,i.start+ wj,i.len) is

the end time of interval wj,i.

wj,i.uptime(t) Amount of time in machine interval wj,i that precedes time

t; wj,i.uptime(t) = t− wj,i.start

wj,i.remaining(t) Time remaining in the machine interval wj,i conditioned

on uptime wj,i.uptime(t); wj,i.remaining(t) = wj,i.len −
wj,i.uptime(t)

W The set of machine intervals; wj,i ∈W

Workload

J The set of jobs

jk A single job, jk ∈ J

jk.release The submit (i.e. release) time of job jk

jk.res The resource requirement of job jk

jk.exec The execution time of job jk

Table 3.2: Notation for the formal definition of the scheduling problem

The scheduling objective is to minimize the number of job terminations, while limiting

goodput loss to 2% and maintaining the scheduling latency distribution, compared to the

baseline online First-fit scheduler. In practice, the constraint on goodput could be a tunable

parameter, depending on the workload’s requirements. Equation 3.1 formally defines this

scheduling objective, denoting the improved scheduler as S and the baseline as FF .
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∀wj,i ∈ W,∀jk ∈ J,∀t ∈ T, min

 ∑
wj,i∈W

∑
jk∈J

∑
t∈T

Xwj,i,jk,t


where Xwj,i,jk,t =


1 if t+ jk.exec > wj,i.start + wj,i.len,

0 otherwise

subject to goodputFF − goodputS ≤ 2%

and latencyFF ∼ latencyS

(3.1)

3.4 Experimental Methodology

We study representative samples of commercial cloud workloads from Microsoft Azure and

Google’s Borg, detailed in Section 2.2.2. We examine synthetic variable capacity platforms

considering change frequencies of 0.25, 0.5, 1, 2, 4 and 8 changes/hour and step size values

of 0.15, 0.3, 0.45 and 0.6. Dynamic range is constrained to 60%, since dynamic range

impacts the number of intervals, but not machine interval characteristics. Capacity changes

are modeled as random walks, with equal probability of capacity increase, decrease and no

change in capacity between consecutive time periods. We examine observed variable capacity,

based on a constant carbon budget, in the MISO, ERCOT, SPP and CAISO grids, over the

representative month of April 2024 (previously discussed in Section 2.1.2).

As shown in Figure 3.2, we assume a 70% average available resource capacity in the

platform, in order to model both upward and downward flexibility for variable capacity.

Further, we size the workload to approximately 80% of the average resource capacity, which

relates to the system’s goodput. This results in an overall utilization of 56% in the platform,

which is consistent with cloud utilization levels. For the Microsoft Azure workload, we model

a cloud platform with 24,000 cores (1000 machines × 24 cores/machine), as exact machine

information is not available. For Google’s Borg workload, we rely on the associated machine
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Figure 3.2: Configuration of resource capacity and utilization, in fixed and variable capacity
platforms

trace [32], sampling 151.7 Normalized Compute Units (NCUs) comprising 200 machines.

The baseline scheduler is online First-Fit(FF ), a commonly-used simplified approach

to cloud job scheduling [7]. The FF scheduler iterates over available resources ordered

on machine index i, and assigns the job to the first resource that has sufficient capacity

to accommodate it. The following performance metrics are used to evaluate a scheduler’s

effectiveness on a workload. Goodput, the number of job terminations, and scheduling

latency are key performance metrics, while the remaining metrics provide a holistic view of

the system’s performance.

1. Goodput : The useful resource utilization of the platform. This is the ratio between the

total computation of successful job completions to the total available resource capacity.

2. Number of job terminations : The number of jobs terminated due to capacity loss.

3. Scheduling latency : The time from job submission until the first start of a job,

calculated over jobs that were scheduled. This is a measure of user experience.

4. Wasted resource fraction : The fraction of resources that were wasted due to job
20



terminations. This is the ratio between the computation performed on terminated jobs

to the total available resource capacity.

5. Idle resource fraction : The fraction of platform resources that remain idle, after

accounting for goodput and the wasted resource fraction. This is a byproduct of

maintaining low scheduling latency.

6. Failure rate : The ratio between the number of terminations and the number of jobs

in the workload.

7. Jobs not scheduled : The number of jobs in the workload that were unable to find a

suitable resource to be scheduled on.

3.5 Summary

In this chapter, we describe our problem statement and scheduling approach. Under tradi-

tional scheduling, variable capacity leads to degraded workload performance. The underlying

capacity variation structure determines the characteristics of machine intervals in a variable

capacity platform, particularly the time remaining in an interval given its current point in its

progression (uptime). Such information on machine intervals could potentially be exploited

to improve variable capacity scheduling. Further, we formally define the scheduling frame-

work and scheduling objective, forming the basis for following chapters. Finally, we detail

our experimental setup, including workloads, variable capacity platforms and performance

metrics.
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CHAPTER 4

UNDERSTANDING WORKLOAD PERFORMANCE UNDER

VARIABLE CAPACITY

In this chapter, we highlight the problem of variable capacity on cloud workload perfor-

mance under traditional scheduling. Section 4.1 systematically investigates the impact of

the synthetic variable capacity on commercial cloud workloads from Microsoft Azure and

Google’s Borg. In Section 4.2, we evaluate cloud workload performance under observed vari-

able capacity, driven by variations in the power grid’s carbon intensity. Section 4.3 examines

a set of synthetic workloads, in order to understand the impact of workload properties on

performance under variable capacity.

4.1 The Impact of Synthetic Variable Capacity on Cloud

Workload Performance

To systematically understand the impact of variable capacity on workload performance, we

synthetically model the dimensions of variable capacity — step size and change frequency

— and evaluate their impact of variable capacity on two commercial cloud workloads from

Microsoft Azure and Google’s Borg (detailed in Section 2.2.2), under traditional online First-

Fit scheduling. We investigate the effects of variable capacity on the system’s goodput, the

number of job terminations, and the distribution of scheduling latency.

In both cloud workloads we observe a severe loss in goodput as capacity variation in-

creases. In Figure 4.1, we evaluate the changes to the system’s resource utilization as we

successively increase the change frequency by 2×, while keeping the step size constant at

0.15. As the change frequency increases to 8 changes/hour, the Azure workload experiences

a goodput loss of 24% (see Figure 4.1a) and the Borg workload experiences a goodput loss

of 19% (see Figure 4.1b). In Figure 4.2, we evaluate the changes to the system’s resource
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Figure 4.1: Goodput of cloud workloads against change frequency , under traditional
scheduling
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Figure 4.2: Goodput of cloud workloads against step size , under traditional scheduling
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utilization as we successively increase the step size by 2×, while maintaining a change fre-

quency of 1 change/hour. As the step size increases to 0.6, the Azure workload experiences

a goodput loss of 23% (see Figure 4.2a) and the Borg workload experiences a goodput loss

of 15% (see Figure 4.2b).

Goodput loss is a result of jobs being terminated in the face of variable capacity. To fur-

ther understand this effect, we observe changes in the secondary resource utilization metrics,

the wasted resource fraction and the idle resource fraction. The wasted resource fraction

increases, and the idle resource fraction decreases with increasing variation. Therefore, it

is evident that the higher goodput degradation from increasing variable capacity is a result

of increasing wasted computation from job terminations. Due to its heavier-tailed in job

duration distribution, the Azure workload experiences greater goodput loss than the less

heavy-tailed Borg workload. This effect is further detailed in Section 4.3.
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Figure 4.3: Job terminations in cloud workloads against change frequency , under tra-
ditional scheduling

Figures 4.3 and 4.4 show the corresponding number of job terminations (right y-axis)

and the number of machine intervals under the variable capacity profile (left y-axis), with

increasing change frequency and step size. We observe that the number of jobs terminations is
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Figure 4.4: Job terminations in cloud workloads against step size , under traditional
scheduling

proportional to the number of intervals under the variable capacity profile in both workloads,

since interval ends lead to job terminations.

We further evaluate the impact of variable capacity to cloud workload performance over

a more comprehensive range of change frequency and step size parameters in Figures 4.5

and 4.6. In line with our previous conclusions, we observe that goodput loss increases as the

change frequency and step size increases. Further, the number of job terminations follow the

number of intervals in the variable capacity profile.

We conclude that different variable capacity profiles produce varying machine interval

counts, which determine the number of job terminations and the resulting goodput. Irre-

spective of the variable capacity parameters, variable capacity profiles that produce the same

number of intervals, have the same impact on job terminations and goodput. For instance,

in the Borg workload, the variable capacity profile of 2 changes/hour with step size of 0.15

produces 2,910 intervals and 29,749 job termination with a goodput of 67%. In comparison,

the variable capacity profile of 1 change/hour with step size of 0.45 produces 2,940 intervals

and 33,001 job termination with a goodput of 65%.
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Figure 4.5: Goodput of cloud workloads across the full spectrum of synthetic variable
capacity, under traditional scheduling
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Figure 4.6: Job terminations in cloud workloads across the full spectrum of synthetic
variable capacity, under traditional scheduling
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(a) Azure (b) Borg

Figure 4.7: Distribution of scheduling latency in cloud workloads against change fre-
quency , under traditional scheduling

(a) Azure (b) Borg

Figure 4.8: Distribution of scheduling latency in cloud workloads against step size , under
traditional scheduling
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In addition to the system’s goodput and job terminations, increasing capacity variation

also impacts scheduling latency. In Figures 4.7 and 4.8, we show the distribution of scheduling

latency with increasing change frequency and step size. We observe that variable capacity

increases scheduling latency. However, the overall impact to scheduling latency is lower in

the less heavy-tailed Borg workload (Figures 4.7b and 4.8b) than the heavier-tailed Azure

workload (Figures 4.7a and 4.8a). Further, in the heavier-tailed Azure workload, the P95 tail

latency increases with higher variable capacity. Due to the Azure workload’s heavier-tail,

jobs experience higher scheduling latency than the less heavy-tailed Borg workload.

Insights:

• As the change frequency and step size increase, goodput decreases, the number

of intervals increase and the number of job terminations increase.

• Different variable capacity profiles produce varying interval counts, which deter-

mine the number of job terminations and the resulting goodput.

– Irrespective of the variable capacity parameters, variable capacity profiles

that produce the same number of intervals have a similar impact on job

terminations and goodput.

• Variable capacity increases scheduling latency. Heavier-tailed workloads experi-

ence higher scheduling latency under variable capacity.

4.2 The Impact of Observed Variable Capacity on Cloud

Workload Performance

In the previous section, we considered workload performance under synthetic variable capac-

ity modeled on real variation properties, with the objective of systematically evaluating the
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impacts of variable capacity on workload performance. In this section, we extend this work

to observed variable capacity, driven by variations in power grids’ carbon intensity. This

section presents a case study of scheduling under variable capacity, aiming to understand

the effect of the underlying variable capacity source’s properties on workload performance.

As previously described in Section 2.1.2, we consider data centers located in four power

grids with distinct characteristics — MISO, ERCOT, SPP, and CAISO, ordered on a spec-

trum of increasing coefficient of variation in carbon intensity — and evaluate the impact

of variable capacity under a constant carbon budget on the Azure workload’s performance,

over the representative month of April 2024.

Figure 4.9: Goodput of the Azure workload with observed variable capacity, under tradi-
tional scheduling

We evaluate the Azure workload’s performance under observed variable capacity in Fig-

ures 4.9 and 4.10. We see the highest goodput loss and the highest number of job terminations

under variable capacity in CAISO. The higher renewable penetration in CAISO and the re-

sulting high capacity variation over the larger dynamic range leads to a higher number of

intervals. This, in turn, results in a higher number of job terminations and greater goodput

loss. In contrast, MISO’s lower renewable penetration produces a smaller dynamic range, a

lower number of intervals, and, thus, lower goodput loss than CAISO.
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Figure 4.10: Job terminations in the Azure workload with observed variable capacity,
under traditional scheduling

The underlying generation sources of the power grid impact workload performance under

observed variable capacity. This is evident in the performance metrics of ERCOT and SPP. In

Figure 4.10a, we observe a similar number of terminations across ERCOT and SPP. However,

Figure 4.10b shows that the mix of the terminated job durations vary substantially across

the two grids. Under variable capacity in ERCOT, 33% of terminations are from jobs with

duration less than 30 hours. In SPP, this fraction is much lower, at 9%. Due to the longer

periodicity of wind generation, the wind-heavy SPP grid has longer intervals. Therefore, in

SPP, shorter jobs could complete successfully within its intervals, disproportionately affecting

longer jobs. Although the number of terminations are relatively similar, in Figure 4.9, we

observe higher goodput loss in SPP, which is a result of the larger fraction of long job

terminations. The effects of the underlying generation sources on machine intervals are

discussed in detail in Section 5.1.
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Insights:

• Grids with higher coefficient of variation in carbon intensity experience a greater

impact to workload performance under variable capacity.

– Higher coefficient of variation in carbon intensity in the power grid leads to

increased capacity variation and a higher number of intervals, resulting in

greater goodput loss.

• The underlying generation sources of the power grid impacts the distribution of

terminated job durations, and thus, goodput under variable capacity.

4.3 The Impact of Workload Characteristics on Performance

under Variable Capacity

Prior sections evaluated the performance of real cloud workload traces under variable ca-

pacity. In this section, we seek to understand the impact of workload characteristics on

performance under variable capacity. We construct and evaluate a set of synthetic work-

loads, considering the dimensions of job duration distribution and job resource size.

4.3.1 Job Duration Distribution and its Impact on Workload Performance

In order to understand the impact of the job duration distribution on workload performance

under variable capacity, we construct a set of workloads in steady state with varying job

duration distributions. The distribution of job durations in cloud workload is heavy-tailed

[19, 64, 34]. Therefore, we model the job durations based on a Zipf distribution [52], with

varying skew parameters. In a Zipf distribution, a lower skew parameter produces a heavier

tail. Thus, a workload with a lower Zipf skew parameter has a higher fraction of longer jobs.

Table 4.1 shows the statistics of the set of heavy-tailed synthetic workloads with varying
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Workload Zipf skew Mean (hrs) P50 P90 (hrs) P95 (hrs)
Zipf-1.8 1.8 1.51 5 mins 0.92 2.17
Zipf-1.7 1.7 2.90 10 mins 1.33 3.67
Zipf-1.6 1.6 5.43 10 mins 2.25 7.50
Zipf-1.5 1.5 11.73 10 mins 5.00 20.70
Zipf-1.4 1.4 26.07 15 mins 15.00 92.97
Zipf-1.3 1.3 58.86 25 mins 99.05 720.00
Zipf-1.2 1.2 123.24 1.25 hrs 720.00 720.00
Zipf-1.1 1.1 288.09 30.75 hrs 720.00 720.00

Table 4.1: Statistics of job duration in the set of synthetic heavy-tailed workloads with
increasing skew in job duration

Figure 4.11: Workload characteristics with increasing skew in job duration distribution
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skew parameters. In each successive workload, the mean job duration increases by approxi-

mately 2× (1.87× – 2.34×). Figure 4.11 shows the interplay between job duration and the

number of jobs in the workload. As the workload becomes more heavy-tailed, the fraction

of longer jobs in the workload increases, as evidenced by the mean and P50 job duration.

Consequently, the number of jobs in the workload decreases.

It is important to note that the Azure workload evaluated in previous sections exhibits

the job duration statistics of the synthetic workload with skew parameter of 1.3, in terms

of mean and P50 job duration. In contrast, the Borg workload has much shorter jobs and

displays the properties of the synthetic workload with a skew of 1.8. Therefore, the results

in this section closely tie with our observations in Section 4.1, based on real cloud workload

performance under variable capacity.
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Figure 4.12: Goodput of synthetic workloads with increasing skew in job duration, against
change frequency , under traditional scheduling

Figures 4.12 and 4.13 shows the impact to goodput across the set of heavy-tailed work-

loads, under increasing change frequency and step size. We observe that heavier-tailed

workloads experience greater goodput loss under variable capacity.

In Figures 4.14a and 4.14b, we evaluate the impact of the workload’s job duration distri-
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Figure 4.13: Goodput of synthetic workloads with increasing skew in job duration, against
step size , under traditional scheduling
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Figure 4.14: Job terminations in synthetic workloads with increasing skew in job duration,
against change frequency and step size , under traditional scheduling
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bution on the number of job terminations under increasing change frequency and step size,

respectively. We observe that the number of intervals remains constant across the work-

loads, and increases with the change frequency. At lower change frequency, the number of

terminations remain relatively constant, since terminations are correlated with the number

of intervals. However, as the change frequency and step size increases, the number of termi-

nations increase for less heavy tailed workloads. This is because the time between capacity

changes become smaller, increasing the likelihood of shorter jobs in less heavy-tailed work-

loads being terminated within shorter intervals. 4.14b shows similar results with increasing

step size. It’s important to note that although terminations decrease for heavier-tailed work-

loads, the overall impact to resource utilization is much higher. As heavier tailed workloads

contain a smaller number of relatively longer jobs, a termination in a heavier-tailed workloads

results in greater wasted resources and subsequent goodput loss.
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Figure 4.15: Job failure rate of synthetic workloads with increasing skew in job duration,
against change frequency and step size , under traditional scheduling

We evaluate the impact of workload characteristics to the failure rate under increasing

skew in job duration in Figure 4.15. As the mean job duration increases by approximately
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Figure 4.16: Drilldown on job terminations in synthetic workloads with increasing skew
in job duration (change frequency = 1, step size = 0.15)

2×, the job failure rate increases to 1.94× on average (1.48× – 2.17×) across the range of

change frequencies, and to 1.93× (1.63× – 2.17×) across the range of step sizes. This is a

result of the decreasing number of jobs in heavier-tailed workloads. Therefore, reducing the

number of job terminations would disproportionately benefit heavier-tailed workloads. We

drill down on terminated job durations across the set of heavy-tailed workloads in Figure

4.16, with change frequency 1 change/hour and step size 0.15. The higher fraction of longer

jobs in heavier-tailed workloads results in a higher fraction of long job terminations, leading

to greater goodput loss.

In Figure 4.17, we evaluate scheduling latency with increasing skew in the job duration

distribution, with change frequency 1 change/hour and step size 0.15. As the mean job

duration increases by approximately 2×, the mean scheduling latency increases to 1.46× on

average and the P99 scheduling latency increases to 1.56× on average.

37



Figure 4.17: Scheduling latency of synthetic workloads with increasing skew in job dura-
tion (change frequency = 1, step size = 0.15)

4.3.2 Job Resource Size and its Impact on Workload Performance

In this section, we evaluate the impact of the workload’s job resource size, on performance

under variable capacity.

Figure 4.18: Workload characteristics with decreasing job resource size

Figure 4.18 shows the characteristics of the evaluated set of workloads. For simplicity,

we assume that all jobs in the workload have constant compute resource sizes (cores). As we
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decrease the number of cores allocated to each job, the number of jobs increases proportion-

ately, effectively distributing the workload across multiple jobs. We maintain a heavy-tailed

job duration distribution with a skew parameter of 1.5 across the workloads. Thus, the mean

and P50 job duration across the workloads remain relatively constant.

In Figure 4.19, we observe that as change frequency and step size increases, the goodput

loss across workloads with decreasing resource sizes remains the same. This is because a

similar amount of work lost at interval ends across the workloads, as a result of similar job

duration distributions. However, the number of job terminations increase with decreasing

resource size, as a single interval end would correspond to the termination of a higher number

of jobs (see Figure 4.20).

We observe higher failure rates in workloads with higher job resource size, because of

the lower number of jobs (Figure 4.21). Workloads with larger job resource sizes consist

of a smaller number of larger jobs. Due to the effects of the smaller number of jobs in the

workload, the failure rate is higher in such workloads. Thus, reducing job terminations would

disproportionately benefit workloads with larger job resource sizes.

There is very limited impact on scheduling latency with decreasing job resource size.

Figure 4.22 shows that the mean scheduling latency remains relatively constant between

0.84× – 1.06× and the P99 scheduling latency remains relatively constant between 0.91× –

1.02×, across workloads with varying job resource sizes.
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Figure 4.19: Goodput of synthetic workloads with decreasing job resource sizes, against
change frequency and step size , under traditional scheduling
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Figure 4.20: Job terminations in synthetic workloads with decreasing job resource sizes,
against change frequency and step size , under traditional scheduling
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Figure 4.21: Failure rate of synthetic workloads with decreasing job resource sizes, against
change frequency and step size , under traditional scheduling
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Figure 4.22: Scheduling latency of synthetic workloads with decreasing job resource size
(change frequency = 1, step size = 0.15)

Insights:

• Heavier-tailed workloads experience greater goodput loss under variable capacity.

• As the mean job duration increases by approximately 2×, the job failure rate

increases to 1.93× on average, across the range of change frequencies and step

sizes.

– Reducing the number of job terminations would disproportionately benefit

heavier-tailed workloads.

• As the mean job duration increases by approximately 2×, the mean scheduling

latency increases to 1.46× on average and the P99 scheduling latency increases

to 1.56× on average.

• Workloads with larger job resource sizes experience higher failure rate under

variable capacity.
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4.4 Job Terminations: A Crucial Workload Performance Metric

for Variable Capacity

We summarize the fundamental implications of variable capacity on workload performance

as,

• Job terminations caused by intervals ends

• Goodput loss as a result of wasted computation from job terminations

• Delay in job scheduling (increased scheduling latency) due to lost capacity

In this section, we posit job terminations as the crucial performance metric for job

scheduling under variable capacity. We advocate for the community to use job terminations

as the primary scheduling objective for cloud workloads under variable capacity. We further

discuss the implications of checkpointing on goodput accounting and overall conclusions.

4.4.1 Implications of Job Terminations in the Cloud Service Model

From a job scheduler’s point of view, variable capacity leads to capacity losses during which

certain jobs running on the platform would be terminated. We identify consequences of job

terminations to cloud providers below:

• Lost application state : In the cloud workload model, jobs typically refer to VMs

that host continuous services. Disruptions to these VMs would lead to losses in the

application’s state on several fronts, including lost storage connections, network con-

nections, authentication, REST API connections, currently in-flight operations, and

the overall loss of the service’s continuity. A cost-constrained application developer

might lack the necessary redundancy and transactional safeguards deployed, leading

to substantial losses from disruption of service. Even for an optimized application, this

loss is non-zero and could result in loss of service continuity.
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• SLO violations : The reliability of cloud services is measured in terms of monthly

uptime percentage, as specified by their Service Level Objectives (SLO) [16, 57, 47].

Job terminations under variable capacity could result in SLO violations through loss

of service. In the event of an SLO violation, the cloud customer could be entitled to

a service credit on the cloud service [4, 26]. Therefore, there is financial incentive for

cloud providers to avoid job terminations.

• Impact to user experience : Cloud providers host a range of user-facing applications

within their workload. The compute resource utilization of interactive applications is

28% in Microsoft Azure [19] and 30% in Google’s Borg [64]. Job terminations caused

by variable capacity would be felt by the end users of these user-facing applications.

• Checkpointing overhead : HPC applications rely on checkpointing for resilience un-

der system failures [6, 20]. A similar checkpoint/recovery model could be used to

reduce the amount of work wasted under variable capacity. However, even with opti-

mal checkpointing, the overhead of checkpointing is non-zero. Checkpointing, by itself,

would have implications on the system’s goodput, as further discussed in Section 4.4.2.

Based on our analysis above, we identify job terminations as the crucial performance

metric for cloud workload scheduling under variable capacity.

4.4.2 Implications of Checkpointing on Goodput Accounting

In calculating the impact to resource utilization from job terminations throughout this docu-

ment, we follow Equation 4.1. We calculate the wasted computation from a job termination

as the total work lost from the start of the job until its termination.
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For job jk, let jk.res denote its resource requirement, jk.start the last started time and

jk.terminate the time of its last termination.

wasted computation = jk.res× (jk.terminate− jk.start) (4.1)

An extended goodput accounting methodology might consider checkpointing, the de-facto

standard technique for resilience in HPC [21, 38]. Adapting this model to cloud services,

we could consider checkpointing as a constant tax on the job, to account for the overhead

associated with continuously maintaining the state of every job. Therefore, job duration

should be re-calibrated for the job slowdown resulting from checkpointing. Checkpointing

allows a job to restart from its last checkpoint, thereby limiting wasted work to the compu-

tation performed since the last checkpoint and some recovery time. Wasted work from job

terminations under a checkpointing model can be formulated as Equations 4.2 and 4.3. Let

jk.exec denote job jk’s execution time, C the system’s checkpointing overhead, R recovery

time and t′ the last checkpoint time.

job duration under checkpointing = jk.exec× (1 + C) (4.2)

wasted computation = jk.res× (jk.terminate− t′ +R) (4.3)

The impact to resource utilization under checkpointing would be drastically different from

the currently considered goodput accounting methodology. The amount of wasted work from

job terminations and resulting goodput loss could be substantially lower, since checkpointing

allows a large fraction of computation performed before termination to be recovered. How-

ever, the cost of checkpointing continuous cloud applications could be prohibitive. Thus, for

checkpointing to be feasible, the goodput loss from checkpointing must be lower than the

expected goodput loss from capacity change.
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While we note the dependency of our evaluation of resource utilization under variable

capacity on the goodput accounting methodology, our overall conclusions remain funda-

mentally unchanged. Goodput is an important performance metric since system utilization

translates to the platform’s ability to effectively sell compute resources. However, the cloud

is not goodput-optimized, as indicated by its lower resource utilization levels [64, 19] that

are required to maintain lower scheduling latency and prevent SLO violations. Therefore, in

the cloud service model, job terminations are a more crucial performance metric, given its

direct impact on SLO violations.

4.5 Summary

In this chapter, we observed that as underlying capacity variation increases, both goodput

loss and job terminations increase. We identified that interval ends cause job terminations,

as evidenced by the proportionality between job terminations and the number of intervals.

We further evaluated workload performance under observed variable capacity, driven by vari-

ations in the power grid’s carbon intensity. The characteristics of the underlying generation

sources in the power grid, including variation and sources of generation, impact workload

performance under variable capacity. We observed that workload with heavier-tailed distri-

bution in job duration and larger resource sizes experience greater performance loss under

variable capacity. Finally, we identified job terminations as the crucial performance metric

for cloud resource management under variable capacity.

46



CHAPTER 5

UNDERSTANDING MACHINE INTERVAL

CHARACTERISTICS UNDER VARIABLE CAPACITY

In Chapter 4, we observed that machine intervals play a key role in workload performance

under variable capacity, affecting job terminations, the system’s goodput and scheduling

latency. In this chapter, we explore how the underlying capacity variation structure af-

fects machine intervals and build an understanding of interval properties are potentially

exploitable to improving scheduling under variable capacity. In Section 5.1, we seek to un-

derstand how the underlying capacity variation structure affects machine interval length,

across the multi-dimensional space of synthetic variable capacity as well as under observed

variable capacity. Section 5.2 evaluates the impact of variable capacity on the time remain-

ing in an interval. In Section 5.3, we identify machine intervals characteristics that could

potentially predict interval time remaining, allowing better job-to-interval alignment.

5.1 The Impact of the Variable Capacity on Machine Interval

Length

The underlying capacity variation structure determines whether a machine would be alive at

a given time step, producing a set of machine intervals. As formally defined in Section 3.3,

machine intervals are contiguous blocks of time during which a machine is alive and available

for scheduling. In this section, we explore how the underlying variable capacity structure

affects the lengths of machine intervals. To build a systematic understanding, we consider

the setting of synthetic variable capacity on the dimensions of change frequency and step

size. We then extend this study to the subset of observed variable capacity.

We evaluate the impact of variable capacity on machine interval length wj,i.len in Figure

5.1. We observe that as the change frequency and step size increases, the mean interval
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Figure 5.1: Interval length statistics under increasing change frequency and step size
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length decreases. Increasing capacity variation in the underlying system results in generally

shorter interval lengths. As a result, the number of intervals in the variable capacity profile

increases.

As shown previously in Figure 5.1, the variance of interval lengths decreases with increas-

ing change frequency and step size. We examine the underlying cause of this characteristic

in Figure 5.2. As a result of shorter mean interval lengths under increasing change frequency

and step size, the range of values that an interval length can take narrows. This is shown

by the narrowing spread of the interval length distribution in Figure 5.2. Therefore, as the

change frequency and step size increases the uncertainty of an interval length decreases.

(a) Change frequency (b) Step size

Figure 5.2: Distribution of interval lengths under increasing change frequency and step size

So far, we evaluated the multi-dimensional space of synthetic variable capacity and its

impact on machine interval characteristics. Next, we highlight a subset of machine intervals

under observed variable capacity. We examine how the properties of power grids influence

machine interval characteristics. Our findings below tie with Section 4.2, which introduced

observed variable capacity driven by variations in the power grids’ carbon intensity.

As previously stated in Sections 2.1.2 and 4.2, we order the power grids, MISO, ERCOT,
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(a) Statistics of machine interval length
(b) Coefficient of variation of machine
interval length

Figure 5.3: Machine interval lengths under observed variable capacity

SPP and CAISO, with increasing coefficient of variation in hourly average carbon intensity.

This results in increasing capacity variation across the four power grids. In Figure 5.3a,

we evaluate machine interval lengths across the grids. We observe that machine intervals in

CAISO, which has the highest coefficient of variation in hourly average carbon intensity, have

the lowest mean interval length and the highest number of intervals. Further, in Figure 5.3b,

we observe that the coefficient of variation in machine interval length decreases across the

grids. This indicates that in power grids that experience higher variation, machine interval

lengths are more consistent. This is in line with our findings in related to synthetic variable

capacity above, as lower mean interval length leads to lower spread in the distribution of

machine interval lengths.

It is further interesting to note differences in machine interval characteristics across ER-

COT and SPP in Figure 5.3. SPP is a wind-dominated power grid, while ERCOT has a

mix of both solar and wind generation. Due to the longer periodicity of wind generation,

SPP has longer machine interval lengths. This has implications on workload performance as

evidenced in Figure 4.10 and discussed in Section 4.2. However, SPP’s higher coefficient of
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variation in carbon intensity results in higher variance in machine interval lengths.

Insights:

• As the change frequency and step size increases, intervals become shorter and the

number of intervals increase.

• As the change frequency and step size increases, the variance of interval length

decreases, reducing uncertainty in machine interval lengths.

• Grids with higher variation in carbon intensity have shorter machine intervals.

• The periodicity of the underlying generation sources in a power grid influences

machine interval characteristics.

5.2 The Impact of Variable Capacity on Time Remaining in an

Interval

We formally defined the time remaining in an interval conditioned on uptime as wj,i.remaining(t)

in Section 3.3. In this section, we evaluate the impact of the underlying capacity variation

structure on the distribution of time remaining in an interval conditioned on uptime.

Figure 5.4 provides evidence that the distribution of time remaining in an interval condi-

tioned on uptime, depends on the variable capacity structure and the uptime. For simplicity,

we sampled uptime wj,i.uptime(t) values 0, 2, 4, 6 hours. However, our results hold over

the full range of wj,i.uptime(t) values. As the change frequency and step size increases, the

mean time remaining in an interval conditioned on uptime decreases. Further, the spread

of time remaining values decrease with increasing capacity variation, resulting from shorter

mean interval lengths as observed in Figure 5.1. This translates to lower variance in time

remaining as capacity variation increases.
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(a) Change frequency (b) Step size

Figure 5.4: Distribution of time remaining in an interval conditioned on uptime, against
change frequency and step size

Insights:

• The distribution of the time remaining in an interval conditioned on uptime

depends on both uptime and the variable capacity structure.

• As the change frequency and step size increases, the mean time remaining in an

interval conditioned on uptime decreases.

5.3 Machine Interval Characteristics for Predicting Interval Time

Remaining

In prior sections, we explored a range of machine interval characteristics under variable

capacity. In this section, our objective is to highlight machine interval characteristics that

could potentially predict interval time remaining and allow better job-to-interval alignment

for scheduling under variable capacity. These machine interval characteristics include,
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• Distribution of the interval length : The underlying capacity variation structure

determines the distribution of interval lengths wj,i.len. The distribution of wj,i.len of

past intervals under the variable capacity profile could inform the lengths of future in-

tervals for scheduling. Statistics such as the mean, P50, P90 and standard deviation of

wj,i.len and its probability distribution could provide an indication of possible interval

lengths under the variable capacity profile.

• Uptime of an interval : The uptime of a machine interval wj,i.uptime(t) = t −

wj,i.start, indicates how far an interval has progressed since its start. This is readily-

available information within a cluster. Combined with other information, this could

be used assess the current point in progression of an interval, relative to its end.

• Time remaining in an interval conditioned on uptime : wj,i.remaining(t) =

wj,i.len − wj,i.uptime(t) represents the time remaining in an interval, conditioned

on its uptime. With knowledge of wj,i.uptime(t), we could develop statistical and

probabilistic models to better understand the time remaining an interval and thereby,

anticipate its end

• Time between capacity changes : Under the variable capacity model, capacity

changes occur every 1
freq time unit. Therefore, at every 1

freq time point, there is

some probability that an interval could end. From the scheduler’s point of view, being

aware of when the next capacity change happens within the variable capacity sys-

tem would increase the probability of being able to avoid an interval end before a job

completes.

• Machine index : Under the variable capacity model, machine indices are ordered

based on their risk of termination. Differences in the level of risk experienced by the

machines could be exploited by a scheduler to better align higher-value jobs to more

stable machine intervals.
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In Chapter 6, we propose and evaluate a class of scheduling heuristics that exploit above

listed machine interval characteristics to better align jobs to machine intervals.

5.4 Summary

The underlying capacity variation structure determines the machine interval characteristics

in a variable capacity profile. We observed that as the change frequency and step size

increases, interval lengths becomes shorter. We studied the subset of machine intervals under

observed variable capacity. Next, we observed that the distribution of time remaining in an

interval conditioned on uptime, depends both on the interval’s uptime and the underlying

capacity variation structure. Finally, we highlighted machine interval characteristics that

could potentially be exploited by a scheduler to predict interval time remaining and allow

better job-to-interval alignment.
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CHAPTER 6

INTERVAL-AWARE SCHEDULING FOR AVOIDING JOB

TERMINATIONS

The results in Chapter 4 show that interval ends under variable capacity lead to job ter-

minations, resulting in performance degradation. Chapter 5 highlights machine interval

characteristics that could potentially predict interval time remaining. In this chapter, we

propose and evaluate a class of scheduling heuristics that exploit these machine interval

characteristics to better align jobs to intervals, while balancing the trade-off between other

performance metrics. Section 6.1 introduces four scheduling heuristics that exploit various

machine interval characteristics to reduce specific job termination populations and later com-

bines these heuristics to develop the Interval-Aware Scheduler (IAS) that aims to lower job

terminations across the entire workload. In Section 6.2, we analyze how IAS manages the

trade-off between goodput and terminations. Section 6.3 evaluate IAS’s performance across

a range of real and synthetic cloud workloads.

6.1 Exploiting Machine Interval Characteristics for Scheduling

Building on the machine interval characteristics identified in Section 5.3 and the scheduling

framework in Section 3.3, this section develops and evaluates four scheduling heuristics that

exploit varying levels of machine interval information to predict interval time remaining

and improve job-to-interval alignment, with the goal of reducing job terminations. Section

6.1.1 evaluates these scheduling heuristics individually, on their effectiveness in reducing

terminations in the targeted job population and impact on other performance metrics. A

more effective scheduler should combine multiple heuristics to handle the terminations across

the entire workload. In Section 6.1.2, we evaluate the effects of combining heuristics and

develop the Interval-Aware Scheduler (IAS) that effectively combines these heuristics, while

55



balancing the trade-off among performance metrics.

6.1.1 Heuristics exploiting various Machine Interval Characteristics

In this section we develop scheduling heuristics that exploit varying levels of machine in-

terval information to avoid terminations. We consider the following scheduling heuristics,

summarized in Table 6.1.

• Prioritize Big Jobs (H1): Schedule as many big jobs as possible on the fraction of

resources that do not experience variable capacity (stable resources). This heuristic

aims to reduce terminations of big jobs (longer duration / high resource consumption).

The threshold for determining which jobs to schedule on stable resources could be

determined based on various criteria, such as a user-defined job duration, a workload-

based job duration percentile, or fitting jobs with high resource consumption to stable

resources. In Algorithm 1, we consider prioritizing big jobs based on the workload’s re-

source consumption, in a variable capacity platform under a LIFO machine termination

policy.

• Capacity Change-aligned (H2): This heuristic delays scheduling jobs until after

points in time that capacity changes occur. Consequently, avoiding jobs terminations

resulting from interval ends by waiting until the next capacity change.

Applying this heuristic indiscriminately across the entire workload would be sub-

optimal, as it leads to high scheduling delays. Therefore, we focus on ‘small’ jobs,

i.e., smaller job duration than the time between capacity changes, as they are more

sensitive to capacity changes between consecutive time units. Algorithm 2 outlines

this heuristic with additional consideration of the time elapsed since the last capacity

change.
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• Mean for Interval Time Remaining (H3): As the underlying capacity variation

structure determines the machine interval characteristics, the statistical properties of

time remaining conditioned on uptime (e.g., mean, median, standard deviation) could

predict an interval’s potential end. Under this heuristic, we schedule jobs on an interval

only if its statistical properties indicate that the interval would last long enough to

complete the job. As indicated by Algorithm 3, this heuristic considers an interval’s

uptime and the mean time remaining derived from the variable capacity platform’s

interval distribution. We constrain this heuristic to longer duration jobs as they would

have a higher impact on goodput from termination.

• Conditional Probability for Interval Time Remaining (H4): This heuristic

refines on the information exploited by H3, and considers the conditional probability

distribution of time remaining (Probability Density Function (PDF) of time remaining

conditioned on uptime) when determining whether an interval would last long enough

to complete a job. This heuristic depends on a tunable aggressiveness measure to

determine whether an interval would last longer than a job (see Algorithm 4). Higher

aggressiveness indicates greater optimism, while a lower aggressiveness reflects a more

cautious approach.
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Heuristic Machine interval char-
acteristic

Target job population

Prioritize Big Jobs (H1) Machine indices of stable re-
sources

Big jobs (longer duration /
high resource consumption)

Capacity Change-aligned
(H2)

Time between capacity
changes

‘Small’ jobs (smaller job du-
ration than the time be-
tween capacity changes)

Mean for Interval Time Re-
maining H3)

Interval uptime + mean of
time remaining conditioned
on uptime

Long jobs (> P90 job dura-
tion in the workload)

Conditional Probability for
Interval Time Remaining
(H4)

Interval uptime + PDF of
time remaining conditioned
on uptime

All jobs

Table 6.1: Summarization of scheduling heuristics

Algorithm 1: Prioritize Big Jobs (H1)
Data: job jk, machine mi,

resource consumption threshold for long jobs longJobThresh
Result: Schedule job jk on machine mi
stableMachineIndex← |M |∗lb− 1;
if jk.exec ∗ jk.res ≥ longJobThresh then

if i ≤ stableMachineIndex then
Schedule jk on mi;

end
end
else if jk.exec ∗ jk.res < longJobThresh then

if i > stableMachineIndex then
Schedule jk on mi;

end
end

58



Algorithm 2: Capacity change-aligned (H2)
Data: job jk, machine mi
Result: Schedule job jk on machine mi
timeUntilNextChange← (1− (t mod 1

freq )) ∗
1

freq ;
if jk.exec ≤ 1

freq then
if timeUntilNextChange > jk.exec then

Schedule jk on mi
end
else if t mod 1

freq == 0 then
Schedule jk on mi

end
end
else if jk.exec >

1
freq then

Schedule jk on mi
end

Algorithm 3: Mean for interval time remaining (H3)
Data: job jk, machine mi, P90 job duration
wj,i, mean time remaining (wj,i.remaining(t) | wj,i.uptime(t))

Result: Schedule job jk on machine mi
if jk.exec > P90 then

if (wj,i.remaining(t) | wj,i.uptime(t)) ≥ jk.exec then
Schedule jk on mi

end
end
else

Schedule jk on mi
end

Algorithm 4: Conditional probability of interval time remaining (H4)
Data: job jk, machine mi, aggressiveness measure A,
wj,i, probability distribution prob(wj,i.remaining(t) | wj,i.uptime(t))

Result: Schedule job jk on machine mi
if prob(wj,i.remaining(t) >= jk.exec|wj,i.uptime(t)) < A then

Schedule jk on mi
end
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We evaluate the heuristics in Figure 6.1, on a the synthetic heavy-tailed workload with

a Zipf distribution skew of 1.5 and mean job duration of 11.73 hrs (see Figure 6.3 for the

jobs duration distribution of the workload). The underlying variable capacity platform has

a 60% dynamic range, change frequency of 1 change/hour and step size of 0.15. We evaluate

heuristics against the baseline cloud scheduling algorithm First-Fit (FF).

Prioritize big jobs (H1) increases the number of terminations and the number of jobs

not scheduled. However, we see a 0.5% increase in goodput over FF, resulting from big

jobs being safely scheduled on stable resources. The scheduling latency under this heuristic

increases, as jobs await suitable stable/variable resources to become available for scheduling.

By aligning capacity changes for small jobs, Yjcapacity change-aligned (H2) reduces the

number of small job terminations (0-5 hrs job category) by 8.17% over FF. However, long

job terminations increase, resulting in a 1.4% increase in the wasted resource fraction over

FF. Further, H2 marginally increases scheduling latency, by delaying the scheduling of jobs

to capacity changes. Mean for interval time remaining (H3) reduces terminations

in the targeted long job population, resulting in 23.36% lower wasted resources than FF.

However, a large fraction of long jobs (>20hrs job duration categories) are unable to find

suitable resources, as the set of suitable intervals become narrower for long jobs, leading

to 5.35% lower goodput. Conditional probability for interval time remaining (H4)

targets an overall better alignment of jobs to intervals. This is evident in its lower number

of job terminations and overall distribution, when compared with FF. However, a significant

number of shorter jobs (<10 hrs) are unable to find suitable resources, as reflected in the

distribution of jobs not scheduled. Therefore, a more optimal version of H4 would target

longer duration jobs. H3 and H4 achieves lower P50, P90, P95 scheduling latency, as

they achieve a better matching of jobs to intervals across jobs scheduled. Overall, H4 is

the best performing heuristic across both goodput and terminations, achieving 32.13% less

termination with a 0.9% goodput loss.
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Figure 6.1: Evaluating the heuristics individually, under variable capacity
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We conclude that the scheduling heuristics proposed in this section are individually suc-

cessful in reducing their respective targeted job populations, but have a negative impact on

other job populations leading to suboptimal scheduling performance.

6.1.2 Improving Performance by Combining Heuristics

Based on our findings in Section 6.1.1, we deduce that a more efficient scheduler would

consider a combination of the proposed heuristics, to reduce terminations across all job pop-

ulations in the workload. Combining heuristics would not always result in optimal behavior,

owing to potential conflicts and increasing complexity in the interactions among individual

heuristics. However, we could improve performance by combining heuristics designed to

target distinct job populations.

In this section, we explore various heuristic combinations, with the objective of developing

a scheduler that effectively combines the proposed heuristics, while balancing the trade-off

among performance metrics. While numerous combinations of heuristics is possible, we

limit our evaluation in Figure 6.2 to five, in order to systematically understand their effects

on scheduler performance. Starting from the FF baseline and prioritizing big jobs (H1), we

successively examine the impact of combining individual heuristics to the scheduler, grouping

our analysis based on combinations of two and then three heuristics.

First, we evaluate combinations of two heuristics. Combining the properties of capacity

change-aligned (H2) to the scheduler lowers the number of small job terminations (0-5 hrs job

category), which is the heuristic’s target job population. This is observed in the combination

H1+H2 compared to H1 individually, within its distributions of job terminations and jobs

not scheduled. As mean for interval time remaining (H3) targets long jobs, H1 +H3 offers

incremental benefits in long job terminations over H1, by allowing better job-to-interval

alignment in the variable resource pool. Therefore, H1+H3 significantly lowers the number

of long job terminations and the wasted resource fraction compared to H1. However, the
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number of jobs not scheduled increase under H3, owing to the narrow set of suitable interval

for long jobs allowed based on the heuristic’s criteria. In H1 +H4, conditional probability

for interval time remaining (H4) targets all jobs scheduled on the variable capacity pool

and drastically lowers the number of terminations and jobs not scheduled, compared to the

baseline.

Evaluating combinations of three heuristics, we observe that the combination H1+H2+

H4 provides the best performance, in terms of both job terminations and goodput. This

combination reduces terminations across all job populations. For the evaluated workload,

we can achieve a 95% reduction in terminations over FF, with 0.2% reduction in goodput.

The minimal goodput loss is a result of the scheduler being unable to effectively utilize the

idle resource fraction as it awaits more suitable resources for jobs. Moreover, the scheduler

could inform jobs that they were not scheduled rather than asynchronously terminating them

later. As shown in Figure 6.2d, the P50 and P90 scheduling latency of the H1 +H2 +H4

combination is lower than FF.

We build the Interval-Aware Scheduler (IAS) combining the heuristics prioritize big jobs

(H1), capacity change-aligned (H2) and conditional probability for interval time remaining

(H4) (see Algorithm 5). Going forward, our evaluation is based on the Interval-Aware

Scheduler.
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Figure 6.2: Evaluating combinations of heuristics, under variable capacity
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Algorithm 5: Interval-Aware Scheduler / IAS (H1 +H2 +H4)
Data: job jk, machine mi, aggressiveness measure A,

resource consumption threshold for long jobs longJobThresh,
wj,i, probability distribution prob(wj,i.remaining(t) | wj,i.uptime(t))

Result: Schedule job jk on machine mi
stableMachineIndex← |M |∗lb− 1;
timeUntilNextChange← (1− (t mod 1

freq )) ∗
1

freq ;
if jk.exec ∗ jk.res ≥ longJobThresh then

if i ≤ stableMachineIndex then
Schedule jk on mi;

end
end
else if jk.exec ∗ jk.res < longJobThresh then

if i > stableMachineIndex then
if jk.exec ≤ 1

freq then
if timeUntilNextChange > jk.exec then

Schedule jk on mi
end
else if t mod 1

freq == 0 then
Schedule jk on mi

end
end
else if jk.exec >

1
freq then

if prob(wj,i.remaining(t) >= jk.exec|wj,i.uptime(t)) < A then
Schedule jk on mi

end
end

end
end
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Insights:

• The proposed scheduling heuristics are individually successful in reducing their

respective targeted job populations, but have a negative impact on other job

populations.

• A more efficient interval-aligned scheduler would explore a combination of heuris-

tics for reducing terminations across the entire workload.

• The Interval-Aware Scheduler (IAS) drastically reduces job terminations by 95%

over First-Fit, with a 0.2% reduction in goodput and lower scheduling latency

(P50, P90) than First-Fit.

6.2 Balancing Terminations and Goodput in the Interval-Aware

Scheduler

In the prior section, we built the IAS (Algorithm 5) that achieves the best performance, in

terms of both terminations and goodput, on cloud workloads under variable capacity. In

this section, we evaluate how the selection of this aggressiveness measure A affects IAS’s

trade-off between goodput and terminations.

IAS assesses intervals based on their likelihood of lasting long enough to complete a

job, avoiding its termination. Thus, IAS depends on a tunable aggressiveness measure that

determines whether an interval would last longer than a particular job’s duration. Higher

aggressiveness indicates that the scheduler is more optimistic about intervals lasting longer,

consequently making riskier scheduling decisions. Lower aggressiveness of the scheduler re-

flects a more cautious approach, delaying the scheduling of jobs until a better suited interval

becomes available.
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Figure 6.3: IAS’s performance across the range of aggressiveness measures, under variable
capacity
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As the scheduler becomes less aggressive (more pessimistic about time remaining), it

assumes a lower risk of the interval ending sooner than the job duration. Consequently, the

number of job terminations lower as the scheduler’s aggressiveness decreases (Figure 6.3b).

Additionally, a high fraction of jobs await more suitable resources to become available and

might not get scheduled (Figure 6.3c). If the platform is willing to accept higher terminations

(aggressiveness measure > 30%), IAS could achieve greater goodput than FF, by trading-off

job terminations for goodput.

IAS consistently outperforms the baseline in reducing job terminations, regardless of the

scheduler’s aggressiveness. Under 90% aggressiveness, IAS achieves 5% greater goodput, with

a 32% decrease in the number of terminations and 14.5% lower wasted resources over FF.

The number of terminations can be further reduced by up to 98% under lower aggressiveness,

if a 1.25% reduction in goodput over FF is tolerable.

The appropriate tuning of the aggressiveness measure depends on the workload’s require-

ments and cost of performance loss. For a cloud workload, where stringent SLOs must be

met, lower aggressiveness is preferred as it yields the lowest terminations. With 10% ag-

gressiveness, IAS achieves a failure rate of 0.6%, which translates to 99.4% availability. This

is comparable to typical cloud VM availability SLOs of 99.5% [1] and 99.9% [33], and not

much larger than the expected unavailability of cloud VMs.
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Insights:

• The Interval-Aware Scheduler consistently outperforms First-Fit with fewer ter-

minations, regardless of the scheduler’s aggressiveness.

• IAS achieves up to 5% greater goodput than First-Fit, with a 32% reduction in

job terminations, by accepting higher terminations.

• IAS could further reduce the number of terminations by up to 98% over First-Fit,

if a tolerate a 1.25% goodput loss is tolerable.

• IAS can achieve 99.4% availability under variable capacity, which is comparable

to typical cloud VM SLOs and not much larger than expected unavailability.

6.3 The Impact of Workload Job Duration Distribution on IAS

Performance

Effective scheduling under variable capacity involves accurately aligning job with intervals.

Therefore, the workload’s distribution of job duration relative to the variable capacity pro-

file’s interval length distribution (wj,i.len) becomes an important consideration. We evaluate

IAS with the Azure workload (detailed in Section 2.2.2), which is extremely heavy-tailed.

In order to characterize the impact of the workload’s job duration distribution on the IAS’s

performance, we further examine a range of synthetic heavy-tailed workloads with vary-

ing Zipf skew parameters (previously discussed in Section 4.3), ordered from more to less

heavy-tailed. The resulting job duration distributions are as shown in Figure 6.4.

Figure 6.5 shows the resource utilization under IAS across the set of workloads. In

the extremely heavy-tailed Azure workload, IAS decreases the wasted resource fraction by

22.63%, while maintaining similar goodput to FF (-0.05%). Across all synthetic workloads,

IAS achieves 0.25–3.81% greater goodput and lower wasted resources, compared to FF. IAS
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Figure 6.4: Distribution of job durations across evaluated workloads
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achieves greater goodput in less heavy-tailed workloads. As the workload becomes heavier,

there is less opportunity for the scheduler to increase goodput, owing to a narrowing set of

suitable intervals for the growing fraction of long jobs.

It is worth noting that while it is possible to achieve greater goodput in less heavy tailed

workloads, the wasted resource fraction increases. From a goodput maximization point of

view, IAS significantly outperforms FF. However, from the terminations perspective, we

might have to compromise goodput in order to avoid service disruptions. This creates a

non-trivial trade-off, between the likelihood of a job being scheduled and the likelihood of

termination.
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Figure 6.6: Job terminations under IAS(A=60%) across workloads, compared to traditional
First-Fit scheduling

IAS is successful in drastically reducing terminations over FF across a broad range of

heavy-tailed workloads. In Figure 6.6, we evaluate the number of job terminations under IAS,

against the baseline FF. In the Azure workload, we can achieve 92% lower terminations under

variable capacity. Figure 6.7 and Figure 6.8 drills down on the number of jobs terminations

and jobs not scheduled under IAS, across the spectrum of synthetic workloads. The number

of job terminations and jobs not scheduled increase as the workload becomes less heavy-
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tailed, as a result of an increasing number of jobs in the workload. However, both the

number of terminations and number of jobs not scheduled relative to the number of jobs

in the workload decrease as the workload becomes less heavy-tailed. We observe a higher

number of long jobs not scheduled in heavier-tailed workloads, which contributes to the

difficulty in achieving greater goodput than FF in heavier-tailed workloads.

The relative reduction in terminations compared to the baseline increases as the workload

becomes more heavy-tailed. When drilling down on the distribution of job duration in

terminations (Figure 6.7), we observe that the capacity change-aligned heuristic within IAS

is successful in reducing all terminations within the targeted small job duration population

(0-1 hrs). The prioritize big jobs and conditional probability for time remaining heuristics are

collectively successful in reducing long job terminations (30-720 hrs). Table 6.2 summarized

the performance benefits of IAS over FF, across the set of workloads.
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Figure 6.8: Drilldown of jobs not scheduled under IAS(A=60%), across synthetic workloads

Workload Mean job
duration
(hrs)

Reduction in
terminations
over FF

Gain in goodput
over FF

Azure 60.12 92.04% -0.05%
Zipf-1.1 288.09 96.42% 0.27%
Zipf-1.2 123.24 93.52% 0.25%
Zipf-1.3 58.86 88.82% 0.52%
Zipf-1.4 26.07 82.94% 0.89%
Zipf-1.5 11.73 74.93% 2.02%
Zipf-1.6 5.43 59.09% 3.13%
Zipf-1.7 2.90 41.15% 3.81%
Zipf-1.8 1.51 8.03% 2.21%

Table 6.2: Performance benefits of IAS(A=60%), over the baseline First-Fit
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Insights:

• IAS drastically reduces job terminations across a broad range of heavy-tailed job

duration distributions.

• For the extreme heavy-tailed Azure workload, IAS achieves 92% lower termina-

tions under variable capacity, while maintaining similar goodput to First-Fit.

• IAS achieves greater goodput than First-Fit in less heavy-tailed workloads.

• As the workload becomes heavier, there is less opportunity for IAS to increase

goodput, but the relative reduction in terminations over First-Fit increases.

6.4 Summary

We propose and evaluate a class of scheduling heuristics that exploit machine interval char-

acteristics to better align jobs to machine intervals. These heuristics are individually success-

ful in reducing terminations in their respective target job population, but have a negative

impact on other job populations. By combining them, we construct the Interval-Aware

Scheduler (IAS) that drastically reduces terminations across a broad range of heavy-tailed

distributions. IAS outperforms FF in reducing terminations, regardless of the scheduler’s

aggressiveness. IAS achieves 5% greater goodput than FF, with 32% lower terminations.

IAS can further reduce terminations by up to 98% over FF, if the system can tolerate 1.25%

goodput loss. Balancing the trade-off between goodput and terminations depends on the

workload’s requirements. In the extremely heavy-tailed Azure workload, IAS achieves 92%

lower terminations under variable capacity, with 0.05% goodput loss. IAS can achieve greater

goodput in less heavy-tailed workloads. As the workload becomes heavier-tailed, there is less

opportunity for IAS to increase goodput, but the relative reduction in terminations over FF

increases.
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CHAPTER 7

RELATED WORK

We are motivated by prior work in dynamic data centers whose capacity is driven by external

constraints, workload scheduling for reducing carbon emissions, and scheduling on variable

capacity resources. In this section, we summarize key findings and techniques from these

domains. However, no prior work has focused on exploiting machine interval characteristics

to inform scheduling under variable capacity.

7.1 Dynamic Data Centers

The concept of data center flexibility driven by external constraints has been explored in

various contexts in the literature. Renewable generation, demand response, electricity prices

and carbon intensity signals are several noteworthy driving forces for variable capacity data

centers.

Several studies have investigated the potential for data centers to modulate their resource

capacity based on renewable energy availability. Goiri et al. proposed strategies to man-

age data centers powered by renewable energy. Parasol and GreenSwitch [30] evaluates the

possibility of adapting the workload to match the renewable energy supply. Li et al. inves-

tigates the opportunistic use of batteries to store renewable energy surplus and discharge

when renewable energy is not available [43]. Most work in this domain, including Greenpar

[37], GreenSlot [31], and GreenHadoop [29], relies on supplemental power–such as electricity

grid connections, backup generators, or batteries–to manage the integration of renewables to

data center power supply, whereas our study does not assume external sources to maintain

a stable capacity.

A body of research in data center demand response explores the coupling resource man-

agement with the power grid. Demand response programs are essential for maintaining grid
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reliability. In [11], Chen et al. studies the greening of data center demand response that

typically relies on diesel backup generators and workload shedding. Further research [44] in-

vestigates combining workload scheduling and local power generation to avoid the coincident

peak and reduce the energy expenditure.

The Zero Carbon Cloud project has extensively explored harnessing stranded renewable

generation for high-performance computing. This considers the case of volatile computing

resources that are turned fully on or off to best utilize intermittently available, stranded

renewable generation [13, 14]. Variable capacity driven by electricity prices could improve

operational cost efficiency in data centers [15], and past literature has examined the feasibility

of data center dynamicity based on electricity price signals [40].

Data center load adaptation based on the carbon intensity of power is assessed in Carbon

Responder [69], which further investigates efficiently and fairly allocating power curtailment

across different workloads. Radovanović et al. [56] analyzes risk-aware optimization tech-

niques for generating carbon-aware Virtual Capacity Curves (VCCs) for Google’s data center

clusters. These VCCs impose hourly resource limits for workloads with temporal flexibility

while preserving total daily capacity and allowing delayed workloads to complete within 24

hours. Extensions to this work in [35] include leveraging both temporal and spatial flexibility

of compute jobs in constructing VCCs.

The flexibility of data center components is necessary for variable capacity and have

been examined in prior studies. Flexing data center compute capacity has been proposed

through turbo mode [15] and overclocking [62]. FlexCoolDC [28] evaluates expanding the

data center cooling equipment’s operational range and actively exploiting the cooling design

redundancy. Flex [74] considers oversubscribing to the data center power infrastructure in

order to expand available power for compute.

To summarize, some prior work in the domain of data center flexibility driven by external

phenomena rely on electricity grid connections, backup generators, or batteries to manage

76



capacity variations. Other work considers load adaptation, including shifting load temporally

and spatially. In our work, we rely on a purely variable capacity platform, with no assumption

of external generation sources to stabilize capacity. Furthermore, our scheduling approach

does not rely on load adaptations but instead focuses on scheduling the workload online

using resources available under externally imposed variable capacity.

7.2 Scheduling Workloads for Sustainability

An extensive body of research investigates workload scheduling for reducing carbon emissions

and maximizing green use. In this section, we delve into various techniques employed by

previous literature.

The use of temporal and spatial workload shifting for data center sustainability could

provide significant carbon benefits, owing to fluctuations in carbon intensity over time and

space. Wiesner et al. [67] identifies characteristics of delay-tolerant workloads and analyzes

the potential for temporal workload shifting. Google’s studies on VCCs [56] also rely on tem-

poral workload shifting with a maximum delay of 24 hours, as a load adaptation mechanism.

[75] discusses the potential of workload migration between data centers in reducing curtail-

ment and carbon emissions. Shifting compute workloads to geographic regions with lower

carbon intensity, based on time zone differences and regional fuel mix have been studied in

[70]. Studies of spatial workload shifting has been extended to other data center workloads,

considering AI inference workloads in [12] and Content Delivery Networks in CDN-Shifter

[50]. A combination of both temporal and spatial shifting techniques for maximizing green

use is studied in CarbonClipper [42] and [35].

Resource scaling and job speedup are common techniques designed to consume greater

energy when abundant renewable generation is available. Greenpar [37] increases the re-

source allocations of jobs and uses job speedup profiles to reduce runtimes, allowing them

to maximize green energy consumption while meeting SLAs. CarbonScaler [36] exploits the
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application’s ability to change compute demand by scaling the workload based on carbon

intensity signals.

Prediction of renewable availability could inform scheduling on renewable-powered re-

sources. GreenSlot [31], GreenHadoop [29] and [37] predicts the amount of solar energy that

will be available in the near future in order to maximize the green energy consumption while

meeting job deadlines.

The literature employs temporal workload shifting, which is suitable for the subset of

delay-tolerant cloud workloads and HPC workload. In contrast, our work primarily focuses

on the cloud service model, with stringent latency requirements. Prior work in predicting

renewable availability mainly rely grid/source-level predictions, whereas our work considers

future availability at individual machine-level, capturing the effects of the platform’s machine

termination policy.

7.3 Scheduling on Variable Capacity Resources

The broad literature on workload schedulers deal with fixed capacity platforms [66, 39, 8].

However, a body of research that deals with the addition and removal of resources with time

has continued to grow.

The most established studies focus on improving energy efficiency by flexing resource

capacity through scheduling. Shut-down models, where a system is put into a sleep state

when idle, are shown to reduce energy consumption in [3]. Switching off idle physical compute

nodes has been further evaluated in [5], where the scheduler would continuously consolidate

VMs and migrate VMs between hosts, rendering a fraction of nodes idle. Speed scaling

mechanisms, such as Dynamic Voltage and Frequency Scaling (DVFS), allow processors

and servers to run at lower speed at the cost of increased execution times. Speed scaling

mechanisms allow processors and servers to run at lower speed at the cost of increased

execution times. [68] proposes a scheduler that uses DVFS to allocate jobs in cloud data
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centers, reducing energy consumption.

Past studies have explored scheduling policies that assure secure job execution in the

presence of unpredictable resource failures, which is an extended form of variable capacity

scheduling. [59] extends existing scheduling heuristics, preemptive, replication and delay-

tolerant, to provide security assurances. [60] constructs statistical models to assess the

reliability of resources based on prior performance and behavior, considering this reputation-

based reliability rating in the job allocation algorithm. Reputation-based scheduling on

unreliable resources is further analyzed in [2].

Opportunities to mitigate performance degradation from variable capacity through in-

telligent machine selection for termination is explored in [73]. Two policies that terminate

machines such that wasted work is minimized or terminated jobs with the least fraction

completed are evaluated. [54] proposes an online scheduler that determines the fraction of

resources that can be safely used, relying on estimations of the associated risk of machine

under variable capacity.

In summary, prior work in scheduling on variable capacity resources rely on VM mi-

gration, speed scaling, reputation-based scheduling and intelligent machine termination. In

contrast to existing methods, our approach exploits the characteristics of the underlying

platform to better align jobs to machine intervals.

7.4 Summary

In prior chapters, we demonstrated the possibility of exploiting machine interval character-

istics to drastically reduce the number of job terminations when scheduling under variable

capacity. Although data center flexibility and scheduling for variable capacity have been

studied in various contexts, none of the existing work exploits machine intervals to inform

scheduling decisions.
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CHAPTER 8

CONCLUSION AND FUTURE DIRECTIONS

8.1 Conclusion

In this thesis, we study opportunities to avoid terminations under variable capacity by ex-

ploiting machine interval characteristics for scheduling.

We observed that variable capacity in cloud datacenters leads to significant degradation

in workload performance, with 12–24% and 5–19% goodput loss in Azure and Borg work-

loads, respectively, under increasing change frequency. We determined that machine interval

ends in variable capacity lead to job terminations, resulting in goodput loss. This is espe-

cially evident in the proportionality between the number of job terminations and the number

of machine intervals under the variable capacity profile. Therefore, job terminations are a

crucial performance metric for scheduling under variable capacity. Cloud workloads are espe-

cially susceptible to job terminations, owing to various downstream effects on cloud services.

We advocate for the community to consider job terminations as the primary scheduling ob-

jective for cloud workloads under variable capacity. We further characterized the impact of

workload characteristics on performance under variable capacity and found greater perfor-

mance degradation in heavier-tailed workloads. Analyzing observed variable capacity driven

by variations in power grids’ carbon intensity, we established that grids with higher carbon

variation suffer greater performance degradation under variable capacity.

The underlying capacity variation structure determines the distribution of machine inter-

vals. We characterized machine intervals under synthetic and observed variable capacity, and

identified machine interval characteristics that could predict a machine interval’s potential

end. We proposed a class of scheduling heuristics that exploits machine interval character-

istics to better align jobs to machine interval under variable capacity. We evaluated these

heuristics individually, on their effectiveness in reducing terminations in the targeted job
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population. Considering a combination of heuristics, we propose the Interval-Aware Sched-

uler (IAS) that drastically reduces terminations across a broad range of workloads. IAS

achieves 5% greater goodput than First-Fit, with a 32% reduction in terminations. IAS can

further reduce terminations by up to 98% over First-Fit, if a 1.25% goodput loss is tolerable.

Balancing the trade-off between terminations and goodput depends on the workload’s re-

quirements and cost function. For the extremely heavy-tailed Azure workload, IAS achieves

92% lower terminations under variable capacity, while maintaining similar goodput to First-

Fit (-0.05%). IAS achieves greater goodput in less heavy-tailed workloads, with goodput

gains of up to 3.8% over First-Fit. As the workload becomes heavier-tailed, there is less

opportunity to increase goodput, but the relative reduction in terminations over First-Fit

increases.

8.2 Future Directions

Building on the insights and findings in this work, we outline a few promising research

directions for future exploration in the space of variable capacity data centers.

Workload flexibility can help mitigate the performance implications of variable capacity,

offering means to adapt to capacity changes more effectively. However, promoting work-

load flexibility and motivating developers to build flexible applications remains a challenge.

Future work could explore incentive structures for developing flexible applications by an-

alyzing the financial impact of performance loss costs associated with various workloads,

such as AI training and inference, streaming services, scientific discovery, and digital twin

applications, with the objective of developing pricing models for workload flexibility. Other

studies could investigate the effectiveness and range of tolerable capacity variation provided

by specific methods for enabling workload flexibility, including workload grouping for cost-

effective migration, running at initially lower precision levels and expanding precision based

on subsequent results, and affordable interruptions through checkpointing.
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Coordination is integral for effectively managing variable capacity, particularly between

power grids and data centers. Our work could be expanded by identifying power grid infor-

mation (e.g., day-ahead planning) that could allow accurate forecasting of future capacity in

variable capacity data centers. Coordinating networks of cloud data centers under variable

capacity could exploit geographical carbon intensity and time zone differences. However,

additional studies are required in understanding the challenges and opportunities, especially

in preserving cloud providers’ competitive advantage and fairness. Defining and operating

flexible platforms imposes significant design and operational complexities, requiring further

research in flexibility across the full ecosystem of the data center, including cooling, net-

working, and storage.

Scheduling models and metrics under traditional fixed capacity scheduling are no longer

sufficient to quantify the implications of variable capacity. There is a research gap in perfor-

mance metrics tailored towards cloud workload performance under variable capacity, with

considerations for SLO violations, impact to user experience, and measuring application-

specific performance loss. Moreover, information exchange between the scheduler, workload

and platform, is crucial for preserving performance under variable capacity. Future research

could explore methods for enabling effective real-time information exchange, minimizing the

impact to scheduling decision time.
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