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ABSTRACT

Scientific workflows are ubiquitous and key applications in numerous scientific domains. These

applications often have high computational demands and must be executed on High Performance

Computing (HPC) platforms. Most production HPC platforms are managed by batch schedulers

that turn out to be poorly suited to workflows that comprise many dependent tasks. An interesting

question is thus: how can workflows be executed efficiently on batch-scheduled HPC platforms.

Previous work has addressed this question at the resource management level and at the application

level, where both kinds of solutions have their own drawbacks and merits. This thesis proposes

an application-level algorithm that partitions a workflow into a chain of jobs that are submitted

in sequence to the batch scheduler. The novelty is that these jobs are constructed and submitted

so as to explicitly minimize workflow makespan, i.e., overall wall clock time. This is feasible

because production batch scheduler implementations provide queue wait time estimates (albeit not

necessarily accurate). The proposed algorithm is evaluated through simulation, based on production

batch workloads and workflow configurations, and compared to both baseline algorithms and a

recent algorithm proposed by others. Evaluation results show that, in general, our algorithm

performs well against competing algorithms due to the way in which it partitions a workflow into

clustered jobs. Furthermore, we find that performance improvements of well over 30% are achievable

over those previously proposed algorithms in many cases. However, our algorithm relies heavily

on wait time estimates to make clustering decisions. Thus, we also find that our algorithm can

fare poorly on platforms in which the batch scheduler provides very inaccurate wait time estimates

(e.g., due to platform users providing wildly inaccurate job execution time estimates).
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CHAPTER 1
INTRODUCTION

1.1 Context and Motivation

Scientific workflow applications have become mainstream in support of research and development

activities in numerous scientific domains [55]. Many such applications have high computational

demands, mandating the use of High Performance Computing (HPC) platforms such as commodity

clusters. Most production HPC platforms run Resource and Job Management Software (RJMS)

that implements some form of batch scheduling [62, 42, 48, 41, 46]: job execution requests are first

queued and then eventually granted (exclusive) access to hardware resources. A job thus experiences

a period of wait time followed by a period of execution time. RJMS can be configured to enforce

various job scheduling and resource management policies. Regardless of the specifics, this resource

management approach is geared to traditional parallel computing workloads in which users submit

moderate numbers of potentially large, long-running, and, at most, loosely dependent parallel

jobs. It is therefore poorly suited for large workflow applications that can comprise thousands of

dependent tasks. A key question arises: how can workflows be executed efficiently on batch-scheduled

HPC platforms? In this thesis we focus on minimizing workflow makespan, i.e., the time elapsed

between the submission of the workflow’s first task to the batch scheduler and the completion of

the last task. The makespan thus comprises both (queue) wait time and execution time.

The above question can be attacked at either the RJMS level or the application level. At the

RJMS level, one can implement new RJMS that is specifically designed to support workflows [3],

enhance current batch-scheduling RJMS to become workflow-aware [50], or insert an extra workflow-

aware RJMS layer on top of native RJMS [30]. At the application level, one must partition a

workflow application into dependent jobs and submit these jobs judiciously to a non-workflow-

aware RJMS [57, 63, 54, 64]. Both kinds of solutions have drawbacks. RJMS-level solutions

face adoption challenges: The job scheduling literature is rife with promising ideas, but few have

impacted production RJMS (although there are exceptions [46]). Conversely, application-level

solutions are impeded by constraints imposed on job executions by batch schedulers and by non-

deterministic wait times. As a result, the problem of deciding how to partition a workflow into

jobs and when to submit these jobs is non-trivial. Poor solutions to this problem can translate to

vastly sub-optimal workflow makespans.

1.2 Contributions

In this thesis we propose an application-level solution, which requires answering two main questions.

The first is: How should a workflow be partitioned into (dependent) jobs? At one extreme is a
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one-job-per-task approach. This approach is problematic for deep workflows and/or workflows with

long tasks due to cascading wait times, but also because resource management policies typically

throttle the number of jobs that a single user can run at a time. The other extreme is a workflow-as-

a-single-job approach. This approach is also problematic, for it can suffer from high wait times and

high compute resource waste. The second question is: When should subsequent jobs be submitted

so as to overlap wait time and execution time? Too eager a scheme will cause job re-executions due

to expiration of time allocations, but too lazy a scheme will lengthen workflow makespan.

The work in [64] proposes an application-level solution that answers the two aforementioned

questions with heuristics. The main idea is to partition the workflow into sets of consecutive levels,

and to submit each set to the batch scheduler as a job, striving to overlap the job’s execution time

with the next job’s wait time. The partitioning of the workflow levels into jobs is such that each

job’s wait time is not greater than some factor of its execution time. Job wait times are predicted

based on estimations provided by RJMS. In this thesis, we propose another approach that also

partitions the workflow into sets of contiguous levels.

The contributions of this thesis include:

• We identify areas of improvement for the algorithm proposed in [64] and experimentally

evaluate the impact of these improvements.

• The authors in [64] did not compare their approach to a workflow-as-a-single-job approach

where the job specifications are informed by wait time predictions. We find that this simple

competitor can vastly outperform the algorithm in [64] as well as our enhanced version thereof.

• The above finding raises the question of whether partitioning a workflow into sets of contiguous

levels is worthwhile in practice. We answer this question by proposing a new algorithm,

GLUME. The key difference with the algorithm in [64] is that GLUME explicitly attempts

to minimize the workflow makespan.

• Using simulation for production workloads and workflow configurations we find that GLUME

compares favorably to its competitors. However, for workloads in which queue wait time

predictions are very inaccurate, GLUME can be outperformed by a naive one-job-per-task

approach.

1.3 Roadmap

This thesis is organized as follows:

• Chapter 2 provides necessary background for this thesis and defines our target workflow

scheduling problem;

• Chapter 3 reviews relevant related work;

• Chapter 4 details our experimental methodology;

2



• Chapter 5 describes and gives experimental results for the algorithm in [64], as well as for

proposed improvements thereof;

• Chapter 6 presents our proposed algorithm and relevant pseudocode;

• Chapter 7 details and fives evaluation results for our proposed algorithm;

• Chapter 8 concludes this thesis with a summary of our results and directions for future work.
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CHAPTER 2
BACKGROUND AND PROBLEM STATEMENT

In this chapter we first provide necessary background for this thesis. Specifically, we review the

class of applications we target, scientific workflows, and the class of compute platforms on which

we wish to execute these applications, batch-scheduled clusters. Then, we provide the problem

statement of this thesis, detailing our assumptions and our objectives.

2.1 Scientific Workflow Applications

Many scientists today need to perform enormous amounts of computations on enormous amounts of

data. Therefore, they must execute their data-processing applications on high-performance compute

platforms. To do so, they need convenient and powerful abstractions for expressing the data and

computational needs of their applications. One such popular abstraction is Scientific Workflows,

or “Workflows.” Workflows allow scientists to express multi-step computational processes that can

include, for instance, extracting data from databases, transforming the data, running analyses

on it, post-processing the analysis results, and archiving these results into other databases. As

a result, workflows have become mainstream for conducting large-scale scientific research [55].

Astronomers are using workflows to generate science-grade mosaics of the sky [12, 10, 43] and

to search for extra-solar planets using data collected by NASA’s Kepler mission [11, 58]. The

Laser Interferometer Gravitational-Wave Observatory (LIGO) uses workflows to search for binary

inspiral gravitational waves [15]. Earthquake scientists use workflows to develop shake maps of

Southern California [17, 16, 18]. Researchers in bioinformatics have embraced workflows for protein

folding [23], DNA and RNA sequencing [14, 33, 37], and disease-related research [29, 31].

Most workflows are structured as Directed (usually) Acyclic Graphs (DAGs). DAG vertices rep-

resent compute tasks, and DAG edges represent dependencies between the compute tasks. There-

fore, a task may not begin to execute until all its predecessor tasks have completed. The most

common example of a dependency is when one task produces an output file that another task uses

as input. In general, a workflow representation allows for parallelization and scaling of scientific

applications in a view to executing them on large-scale compute platforms. A famous example is

the Montage workflow created by the NASA/IPAC Infrared Science Archive to generate custom

mosaics of the sky by stitching together multiple input images. During the production of the final

mosaic, the geometry of the output is calculated from the geometry of the input images. The

inputs are re-projected to be of the same spatial scale and rotation. The background emissions in

the images are then corrected to be of the same level in all images. The re-projected, corrected

images are co-added to form the final mosaic. Figure 2.1 shows the structure of a typical montage

workflow. The workflow comprises 9 different types of task (each represented by a different color in

the figure). Task dependencies are shown via directed edges, and the dependency structure exhibits
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some parallelism (e.g., the four green tasks can be executed concurrently).

Workflows in different application domains may have completely different structures and specifi-

cations (e.g., number of tasks, compute- or data-intensive, varying amounts of parallelism, patterns

of task dependencies). Workflow researchers have attempted to characterize typical workflow con-

figurations [13, 35] and tools have been produced that can generate synthetic, but representative,

workflow specifications for various scientific domains [28].

Figure 2.1: Sample Montage workflow (reproduced from [1])

Given the now mainstream use of workflows in science, it is crucial that workflows can be exe-

cuted efficiently on available compute infrastructure, including large-scale parallel and distributed

computing platforms. However, scientists should not have to be concerned with the details and

the logistics of these executions. (After all, computation is only a means to an end for scientific

research.) As a result, software tools known as Workflow Management Systems (WMSs) have

been developed [4, 5, 24, 25, 27, 59, 60] that allow scientists to: (i) describe their applications as

high-level abstractions decoupled from the specifics of workflow execution; and (ii) execute these

applications seamlessly on possibly complex, multi-site distributed platforms that can accommo-

5



date large-scale executions. The work in this thesis provides an algorithm that ultimately is to be

integrated as part of such WMSs.

2.2 HPC Clusters and Batch Scheduling

Given the computational demands of scientific applications and, in particular, of scientific work-

flows, scientists need access to HPC (High Performance Computing) platforms. The most popular

such platforms are large commodity clusters. According to the November 2019 Top500 list of the

500 fasted supercomputers in the world [56], 91.60% of them are commodity clusters. A commodity

cluster is a set of independent commodity computers, or compute nodes, connected with a high-

bandwidth network. Clusters often comprise from hundreds to tens of thousands of nodes. They

are expensive to build and operate (due to power consumption, a large part of which is due to

cooling needs). As a result, they are usually run by an organization or institution. A cluster can

then be managed by a single entity while allowing compute resources to be shared among many

users. Because users compete for use of the cluster’s compute nodes, software mechanisms are

needed to control the access and usage of those compute resources. These mechanisms are typically

implemented as part of a software infrastructure called a RJMS (Resource and Job Management

System). Users must interact with their platform’s RJMS to request access to compute resources

by submitting jobs to it. The vast majority of RJMS deployed on HPC clusters implement a form

of batch scheduling to handle these requests, with the objectives of keeping users happy and the

platform as utilized as possible. We refer to these RMJSs as batch schedulers.

Originally, the term “batch” processing referred to punch cards being processed in a batch.

While batch processing has certainly evolved since the era of the IBM Mainframes, batch schedulers

for HPC clusters still rely on similar methods for scheduling user jobs. Batch schedulers use a batch

queue in to hold pending job requests for compute resources, ordered by time of arrival. A job

request consists of: (i) a number of required compute nodes; and (ii) a duration for usage. For

example, a user may submit a job that requests 5 compute nodes for 10 consecutive hours. Job

requests are placed in the batch queue until they are picked for execution. A scheduling algorithm

decides when a job is picked from the queue. Once picked, the job is granted exclusive access to

its requested compute resources for the requested duration. Therefore, a job’s execution consists

of the time spent in the batch queue, i.e., the wait time, plus the time spent using the compute

resources, i.e., the run time. The combination of wait time and run time is referred to as a the

job’s makespan.

Across different platforms batch schedulers will have unique configurations so as to implement

different scheduling behaviors. Although myriads of configurations exist, most batch schedulers

implement a version of a First Come First Served (FCFS) algorithm to pick jobs from the batch

queue. While the FCFS algorithm is fair and predictable, it causes the platform to suffer from

low system utilization due to fragmentation and high wait times for jobs. With a FCFS scheduler,
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jobs that request more compute resources than available at the time of request will bottleneck the

batch queue and result in idle compute resources. As an extreme example, suppose a platform has

49 currently available nodes, but the job at the front of the batch queue, i.e., the oldest pending

job, requires 50 nodes. If another node does not become available for 10 hours, those 49 nodes

will remain idle for the 10 hours, and all other jobs in the queue can not be picked for execution,

even if some jobs are small and could complete within the 10 hours. Furthermore, when a job does

not complete but has used up its requested execution time, it is immediately killed by the RJMS,

and its compute resources are freed. To avoid their job being killed prematurely, users typically

request more execution time than they expect their job to use [39]. As a result, most jobs complete

well ahead of their requested duration, and compute resources become free ahead of time. This

creates unexpected “holes” in the schedule, which further increases the occurrence of idle compute

resources.

2.2.1 Backfilling

To remedy the problems described above (namely high job wait times and idle compute resources),

batch schedulers implement a feature called backfilling. There are two distinct versions of backfilling.

The first, aggressive backfilling, was developed as part of the EASY (Extensible Argonne Scheduling

system) batch scheduler [44]. Aggressive backfilling allows small jobs to move ahead in the queue

as long as they do not delay the first job in the queue. Allowing smaller jobs to jump ahead solves

the problem of low utilization but can lead to unbounded delays for all other jobs in the queue,

for only the job at the front of the queue is guaranteed to run without delay. This can be bad for

users with large jobs at the back of the queue. The number of jobs that cannot be delayed due

to a backfill operation is sometimes termed the “reservation depth” [3]. The EASY scheduler only

allows backfilling if the first job will not be delayed, so its reservation depth is 1. However, some

RJMS allow the reservation depth to be configured arbitrarily by a system administrator [3]. If the

reservation depth is set to infinity, meaning all jobs in the batch queue, we get the other version

of backfilling: conservative backfilling. With conservative backfilling, small jobs are backfilled only

if they do not delay the execution of any job in the queue. Thus, conservative backfilling has the

same benefits of EASY backfilling without suffering from unbounded delays [44].

Wait time estimates are valuable to platform users, for they allow users to predict how different

job configurations could exhibit different wait times. Suppose a user has a job with 10 tasks, and

each task must run for 1 hour each. They could submit a job that requests 10 nodes for 1 hour

or a job that requests 1 node for 10 hours. Depending on the state of the batch queue and of the

currently running jobs, the wait time for these two possible job configurations could be drastically

different. If the user knows these wait times, then they could pick the best job configuration, i.e.,

the one that would lead to the lowest job makespan. Researchers have studied the “batch queue

wait time prediction problem”. Although some results have been obtained [45, 34, 38] and some
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prediction services have been deployed on particular systems (e.g., Karnak on XSEDE [36]), queue

wait time prediction remains challenging.

Instead of full-fledged wait times predictions, production batch schedulers provide wait time

estimates. These estimates are based on the current state of the queue and the currently running

jobs. Importantly, these estimates are computed assuming that job durations are exactly as re-

quested when they were submitted. Due to this assumption, wait time estimates are typically not

100% accurate. This is because of premature job completions due to users making pessimistic time

requests, as discussed earlier in this section. The planned schedule is thus constantly perturbed,

with jobs completing unexpectedly (from the perspective of the batch scheduler) early. These early

completions create backfilling opportunities, i.e., some jobs can be started earlier than planned, thus

making wait time predictions for these jobs pessimistic. Another source of estimate inaccuracy is

that, depending on the manner in which backfilling is applied, future job arrivals may increase wait

times of pending jobs. Some batch schedulers use aggressive backfilling [40], by which backfilling

one job can delay the start time of other jobs. As a result, wait time predictions for these other jobs

are optimistic, and, in fact, arbitrarily so since wait times are unbounded. By fixing the problem

of unbounded delays, conservative backfilling gives batch schedulers the ability to provide more

accurate wait time estimates. Because a job may only be backfilled if doing so does not delay any

other job in the queue, conservative backfilling guarantees that backfilling a job will not delay the

start time of any pending job. This leads to fairer schedules, possibly at the expense of resource

utilization, but also makes wait time estimates more accurate. Several popular production batch

scheduler implementations allow for conservative backfilling, such as OAR [46] and Slurm [62].

2.3 Problem Statement

We consider a cluster of homogeneous compute nodes with some globally accessible shared file

system. Access to the cluster is managed by a RJMS that implements batch scheduling, i.e., a

batch scheduler, and provides wait time estimates.

On the cluster we wish to execute a workflow application that consists of tasks with depen-

dencies. Each task executes on a single compute node, and for each task we have an accurate

estimate of its execution time, which includes computation and I/O time (i.e., reading and writing

input and output files to the shared file systems). This is a common assumption in the literature,

justified in production settings in which the same workflow applications are executed repeatedly,

and previous executions can serve as benchmarks for future executions. The work in [57] questions

this assumption and proposes an on-line approach to discover task resource demands as the work-

flow is running, which could also be done in this thesis (and in most previously proposed workflow

scheduling approaches).

The objective is to minimize workflow makespan, i.e., the time between the first task submission

(as part of a job) to the batch scheduler and the last task completion. To minimize makespan one
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must decide how to group workflow tasks into jobs, how many compute nodes should be requested,

how much execution time each such job should request, and when to submit these jobs to the batch

scheduler. We do not consider the use of advance reservation mechanisms [53]. Using advance

reservations would still require to group workflow tasks in individual jobs (so as to be able to start

the execution reasonably early), but would not benefit from backfilling opportunities.

The main contribution of this thesis is an algorithm for achieving the above objective, which

we we evaluate and compare to competing algorithms experimentally in simulation.
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CHAPTER 3
RELATED WORK

The question of scheduling workflow applications has received a large amount of attention. In

this chapter we discuss previous research that has been done in the area of scientific workflow

scheduling on compute platforms managed by RJMSs, and, in particular, by batch schedulers.

We first review works that have proposed RJMS-level solutions. We then discuss application-level

algorithms, which group workflow tasks together and submit those groups to unmodified RJMSs.

We also review previously proposed workflow scheduling algorithms that group tasks together,

albeit for different platform settings.

3.1 RJMS-level Approach

Some authors have proposed RJMS-level solutions, i.e., RJMS designs and implementations that

are well-suited to workloads that comprise, or consist exclusively of, workflow applications. The

work in [3] proposes a RJMS that is designed from the ground up for workflows, advocating for a

hierarchical approach that can support large-scale workflows. In [50], the authors propose to aug-

ment the Slurm RJMS [62] to make it workflow-aware. Although Slurm supports job dependencies

it does not attempt to minimize intermediate wait times between dependent jobs. The approach

in [50] ensures that tasks in workflow jobs are positioned in adjacent positions in the batch queue,

so as to reduce intermediate wait times. Yet another approach is proposed in [30], in which a RJMS

layer is inserted between the application and the platform’s native batch scheduling RJMS. This

layer makes it possible for batch-scheduled resources to be allocated to a workflow application in

an elastic manner and uses application checkpointing to mitigate intermediate wait times.

3.2 Application-level Approach

Application-level approaches may not be able to rival some of the RJMS-level solutions discussed

in the previous section. However, because they require no modification to the RJMS, they can

immediately be used by users on their production HPC platforms with standard RJMS deployments.

The workflow scheduling question has been investigated at the application level for several classes

of distributed computing platforms, often inspired by algorithms for scheduling task graphs [26].

In this thesis we focus on batch-scheduled clusters, for which several application-level scheduling

approaches have been proposed that target workflows. Some authors have proposed to submit each

ready workflow task as an individual job. The work in [57] focuses on picking sizes for one-task

jobs to avoid resource waste and increase throughput. The work in [63] proposes to use wait time

predictions to schedule one-task jobs efficiently in platforms that consist of multiple batch-scheduled

clusters. For these same multi-cluster platforms, the authors of [54] evaluate several algorithms
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that also schedule workflows using one-task jobs. Given known problems with the one-task-per-job

approach in practice with current RJMS implementations [50], other authors have proposed to

group workflow tasks together into batch jobs so as to mitigate wait times. The approach in [64],

which we detail and evaluate in Chapter 5, groups consecutive workflow levels into individual jobs.

Note that application-level approaches, including the one proposed in this thesis, can benefit those

RJMS-level solutions that execute workflows one level at a time [50, 30], making it possible to

decide how to aggregate consecutive levels so as to reduce workflow makespan.

The idea of grouping workflow tasks together, a.k.a., “task clustering”, is not novel. Many task

graph scheduling algorithms perform task clustering for reducing network communication over-

heads [32]. In the context of workflows, authors have proposed clustering workflow tasks together

not only to reduce communication overheads, but also to reduce task execution overheads [51], to

improve load imbalance [22], and to improve fault-tolerance [21]. In this thesis, like in [64], we

cluster tasks together into jobs so as to mitigate wait times on batch-scheduled clusters.
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CHAPTER 4
METHODOLOGY

Like most previous works in this area (i.e., application scheduling and batch scheduling), we

rely on simulation for experimental evaluations. This is because simulation results are reproducible,

thus, making it possible to perform fair comparison of competing algorithms. More specifically, it is

possible to quantify how different algorithms would fare when executing a given workflow under the

exact same cluster workload conditions. In this chapter we detail our experimental methodology.

We first describe the simulator we use for obtaining experimental results. We then detail the

workflow configurations and the cluster workloads we use to drive the simulations.

4.1 Simulator

We have implemented a simulator in C++ using the WRENCH framework [19, 61]. WRENCH is

built on top of SimGrid [20], which provides basic abstractions for distributed platform simulation.

WRENCH also uses Batsched [49, 9], which is a batch scheduler simulator that implements a variety

of popular batch-scheduling algorithms used in production systems. We configure Batsched to use

conservative backfilling [44] (see Section 2.2.1).

Our simulator implements all the algorithms described hereafter and allows us to simulate

arbitrary workloads and workflow configurations. More specifically, our simulator takes as input:

• The application-level workflow scheduling algorithm to employ;

• A workload trace file that defined the “background” load on the cluster throughout time.

The workflow execution competes with this background load for access to compute nodes;

• The number of compute nodes in the cluster;

• A workflow description file that gives workflow task execution times and dependencies;

• The date at which the workflow execution begins (i.e., when the first task can be submitted

for execution).

The simulator outputs the workflow makespan as well as other metrics of interest (e.g., queue

wait times, compute time wasted due to poor parallel efficiency). The source code for our simulator

is available at [2].

4.2 Workflow Configurations

Using the generator in [28], we generate workflow configurations that correspond to various ap-

plication domains. Specifically, we consider workflows for four applications: GENOME (bioinfor-

matics), SIPHT (bioinformatics), CYBERSHAKE (earthquake engineering), and MONTAGE

(astronomy). The generator allows us to vary the number of tasks per workflow as well as the task

execution times. For each of the above applications we generate workflows with 50, 250, 500 ± 5
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tasks. The ±5 is because of constraints imposed by the workflow’s structure, making it impossible

to generate a (realistic) configuration for every arbitrarily specified number of tasks. We generate

these workflow configurations with sequential execution times (i.e., sum of task execution times) of

100, 500, 1000± 3 hours. The ±3 is because the generator draws task execution times from random

distributions. In total, we generate 4 × 3 × 3 = 36 workflow configurations. We use the notation

x-y-z to denote a workflow configuration, where x denotes the workflow as G, S, C, or M (for

GENOME, SIPHT, CYBERSHAKE, and MONTAGE, resp.); y denotes the number of tasks

as 50, 250, or 500; and z denotes the task duration as short, medium, long (for 100, 500, and 1000

hours, resp.). For instance C-250-short denotes a CYBERSHAKE workflow configuration with

∼250 tasks and a sequential execution time of ∼100 hours. Whenever applicable we use regular

expression notations, e.g., ∗-500-[short—medium] denotes all 500-task workflow configurations with

∼100- and ∼500-hour sequential execution times.

4.3 Batch Workloads

We simulate background load on the batch-scheduled cluster based on two job submission/execution

logs from the Parallel Workloads Archive [47]. The first log, KTH, is from a system with 100

compute nodes, ∼28,000 jobs, and utilization of ∼70% over an 11-month period. The second log,

SDSC, is from a system with 128 compute nodes, ∼60,000 jobs, and utilization of ∼83% over a

24-month period. All simulations include a one-day “warm-up” period, after which we simulate

the workflow execution when submitted on the half-hour until the end of the week that follows the

warm-up day, for a total of (48× 6) + 1 = 289 different submission times.

We simulate the execution of jobs in the background workloads with either accurate or actual

job requested execution times. For the former, we set of each job’s requested duration to its actual

(as seen post-mortem) duration. This is unrealistic, as requested execution times are known to

be inaccurate [39], but corresponds to an ideal case for wait time estimates provided by the batch

scheduler when there are no premature job completions. For the latter, we use actual requested

execution times as reported in the logs. When discussing results we specify which method is used

(either “accurate” or “inaccurate” execution time estimates). We include results with the accurate

method because they make it possible to compare workflow scheduling algorithms in ideal conditions

w.r.t. queue wait time predictions.

HPC facilities typically cap the number of batch jobs that a user can run simultaneously in the

system, as supported by production batch scheduler (e.g., by setting the MaxSubmitJobsPerAccount

limit value in Slurm [52]). Although an exhaustive survey of HPC facilities is beyond the scope of

this thesis, we take the Argonne Leadership Computing Facility as an example: the recently decom-

missioned Mira allowed users to have at most 5 running jobs per batch queue [7]; The Cooley and

the Theta systems allow both for up to 10 running jobs [6, 8]. Our inspection of batch scheduling

policies at the Oak Ridge Leadership Computing Facility, the National Energy Research Scientific
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Computing Center, and the Texas Advanced Computing Center yield similar observations, with

most batch queues imposing relatively low caps on per-user numbers of jobs. Since we consider

executions with potentially many number of workflow jobs (e.g., for the one-job-per-task approach),

we present results with different caps on the per-user number of simultaneous running jobs.
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CHAPTER 5
THE ALGORITHM BY ZHANG ET AL.

In this chapter we first provide an overview of the algorithm proposed by Zhang et al. [64],

which we call Zhang. Recall from Chapter 3 that this algorithm is the most relevant previously

proposed algorithm to solve our target problem (as defined in Section 2.3). We then present an

experimental evaluation of this algorithm, which leads us to investigate possible improvements. We

then conclude on the merit of the general approach proposed by Zhang et al.

5.1 Overview

Zhang is invoked repeatedly to decide which group of workflow tasks should be submitted as a

single job to the batch scheduler next. More specifically, when invoked Zhang submits a sequence

of consecutive workflow levels as a single job to the batch scheduler, starting with the next level to

be executed. To decide how many levels should be included in this sequence, the algorithm relies

on a simple heuristic described hereafter.

Assuming that the first yet-to-be-executed level of the workflow is level lstart and that the

workflow’s last level is level lend, the heuristic proceeds as follows. It iteratively considers scheduling

all levels from level lstart to level li, for i = end, start, start+ 1, . . . , end− 1. Note that submitting

all remaining tasks as a single job (i = end) is considered first because it corresponds to a “safe”

baseline option. This iteration stops prematurely if a previously considered i is deemed to be a

better option than the currently considered i. More precisely, at iteration i the algorithm considers

executing all tasks in levels lstart to li as a single job that would request a number of nodes equal to

the maximum width of these levels (in number of tasks) and sufficient run time to execute all tasks

in these levels. A wait time estimate is obtained for this job from the batch scheduler. The ratio of

the wait time to the run time is then computed. If this ratio for the currently considered i is lower

than that for the previously considered i, then the iteration stops and the previously considered i

is selected. Levels lstart to li are then submitted as a single job to the batch scheduler. However, if

i = end and if the estimated wait time is more than twice the duration of the run time, then each

task is submitted as an individual job. This is another heuristic, based on the intuition that if wait

time is much larger than run time, one should default to the one-job-per-task strategy in the hope

that these small jobs will benefit from backfilling.

To improve overall makespan, the algorithm overlaps the run time of one job with the queue

wait time of the following job. Whenever a submitted job begins execution, Zhang is re-invoked

for the yet-to-be-executed workflow levels, leading to a new job submission. However, wait time

estimates are not 100% accurate. Also, the algorithm greedily submits jobs without consideration

of when successive jobs are submitted. As a result, the overlap of one job’s run time with the next

job’s wait time is likely never perfect. In particular, the next job could start “too soon.” This
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leads to unsatisfied task dependencies, causing tasks in this next job to wait idly before executing

and possibly not complete within their job’s requested execution time. In this case, if another job

(following the current job) has already been submitted (it may even be running), it is canceled and

Zhang is invoked again for the yet-to-be-executed workflow levels. The execution of some of these

levels may have been previously attempted (with a subset of their tasks successfully completed).

To reduce the number of occurrences of the above problem, Zhang introduces the concept of

a leeway. A leeway is an extra amount of time that is requested for a job, to ensure that tasks in

the job can complete even if the job starts too early. Consider a job that starts execution at time

0 and will complete at time t. At time 0 Zhang is invoked to submit a new job for execution. Say

that this job has run time r and (estimated) wait time w < t. A naive leeway would be t−w, i.e.,

requesting t− w + r time for this new job, making sure that all its task will complete successfully

in spite of the job starting too early. This leeway is naive because requesting the extra time will

change the wait time. In other words, the leeway both depends on and changes the wait time.

Zhang addresses this issue using a simple iterative approach to compute a sensible leeway. Note

that, given non-determinism in the batch queue behavior, premature job expiration could still occur

in spite of the added leeway. Note that some batch schedulers (e.g., Slurm) make it possible to

declare job dependencies so that jobs cannot start too early, which could be used instead of the

leeway mechanism (but may not allow as efficient overlap of wait times and execution times).

Figure 5.1 shows an example of a workflow execution in which Zhang is repeatedly invoked.

In this example, Zhang splits the workflow execution into four individual jobs. Zhang is first

invoked at time t1 and submits job #1, which executes all the tasks in a first set of consecutive

workflow levels. At t2, this job begins execution, and Zhang is invoked again and submits job #2

(which comprises the tasks in the next set of contiguous levels). In this example, the run time of

job #1 perfectly overlaps with the wait time of job #2; thus, job #2 can begin executing tasks as

soon as it starts. At time t3, Zhang is invoked again and submits job #3. As shown, the wait

time of job #3 is insufficient to completely overlap with the run time of job #2, so Zhang adds

a leeway to job #3’s execution time to ensure that job #3 can complete all its tasks successfully.

Job #3 begins its execution at time t4 but must wait for job #2 to complete. This lost time is

made up with the leeway, and job #3 can actually begin to execute at t5. Although job #3 is idle

until t5, Zhang is still invoked at t4. At t4, Zhang submits job #4 (which in this example is the

last job). As shown in the figure, the wait time of job #4 is longer than the execution time of job

#3, meaning that for some period of time, until t6, no workflow task is executing.

We found two issues with the algorithm as it is described in [64]. First, the algorithm aborts if

the workflow’s width is greater than the number of available compute nodes on the platform, i.e.,

if all tasks in a level cannot be executed in parallel. Since workflows can be very wide in practice,

we have modified the algorithm so that a level can be executed in a job that has fewer allocated

compute nodes than the level’s width. We do this by using list-scheduling to greedily schedule all
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Figure 5.1: Workflow execution as 4 batch jobs using Zhang.

tasks in a job onto an arbitrary number of compute nodes. Second, the pseudo-code in Figure 5

in [64] contains a potentially infinite loop for the leeway computation due to a mistake in the loop

condition. We have modified this loop to ensure that it terminates (and computes the leeway as

intended). From here on, when we refer to Zhang we mean the algorithm in [64] with these two

modifications.

5.2 Evaluation Results

In this section we perform an evaluation of Zhang. We compare Zhang to three competitors:

OneJobPerTask, OneJob, and LevelByLevel. OneJobPerTask is the baseline approach

that consists in submitting each task as a single job. OneJob is the other baseline approach that

consists in submitting the entire workflow as a single job. This algorithm determines how many

compute nodes should be requested. More specifically, it exhaustively considers every possible

number of compute nodes (from 1 to the maximum parallelism of the workflow or the maximum

number of compute nodes in the platform, whichever is smaller). For each, it estimates the workflow

execution time (based on a schedule computed with a list-scheduling algorithm) and obtains an

estimate of the wait time, so as to estimate the workflow makespan as the sum of these two times. It

then submits the workflow as a single job, requesting the number of compute nodes that leads to the

shortest (estimated) makespan. This algorithm was not considered as a competitor in [64]. Instead,

the authors only consider a naive version that always uses the maximum number of compute nodes.

The naive version is thus a weaker competitor as requesting fewer compute nodes often achieves
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a better trade-off between wait time and execution time. Finally, LevelByLevel is a standard

approach that consists simply in submitting each level of a workflow as a single job [50, 30]. This

algorithm was not considered as a competitor in [64]. Like in OneJob, the best number of nodes

for each job is determined based on wait time predictions. The job for a level is submitted only

after the job for the previous level has completed.

We simulate the execution of the ∗-250-∗ workflow configurations for the KTH batch work-

loads for 289 different submission times, and assuming accurate requested job execution times (see

Section 4.3). We set the bound on the number of workflow jobs that can be in the system at the

same time to 128, which, for these workflow configurations, means that OneJobPerTask is never

limited by this bound. For each workflow submission we compute the percentage improvement

in workflow makespan achieved by OneJobPerTask, OneJob, and LevelByLevel relative to

Zhang. Positives values thus correspond to cases in which Zhang is outperformed by a baseline

competitor.
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Figure 5.2: Average percentage improvement relative to Zhang for ∗-250-∗ workflows on the KTH work-
load, with maximum number of simultaneously running workflow jobs at 128.

Figure 5.2 shows average relative improvements for the 12 workflow configurations. When

comparing Zhang to OneJobPerTask, we find that Zhang leads to better results for only 3

workflow configurations (by 5.1%, 1.39%, and 15.29%). For the other 9 workflow configurations,

OneJobPerTask leads to relative improvements of 11.16% on average and up to 21.06%. Recall

from Section 5.1 that Zhang can default to OneJobPerTask. In these results, Zhang defaults

to OneJobPerTask in 23.79% of the cases. When it does not default to OneJobPerTask, it
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outperforms it in less than 30% of the cases. Overall, we find that although Zhang can outperform

OneJobPerTask, in the vast majority of the cases OneJobPerTask is preferable in practice

(and is trivial to implement to boot). The other baseline competitor, OneJob, is similar to or

outperforms Zhang on average for 6 of the 12 workflow configurations. As expected, OneJob

tends to fare better for workflow configurations with higher total execution times (even though

there are some exceptions, e.g., the C-250-long configuration). This is because for workflows with

long tasks, OneJobPerTask (and Zhang when it defaults to OneJobPerTask) suffers from

cascading task wait times. That is, while a set of (long) one-task jobs are executing (e.g., all tasks

in the same level of the workflow), many other (background workload) jobs arrive to the system,

causing longer queue wait times for the next set of one-task jobs. By contrast, OneJob “locks

in” a slot in the batch queue at submission time and, due to the use of conservative backfilling, is

not delayed by future job arrivals. Finally, LevelByLevel does not perform well. It outperforms

Zhang significantly for only 2 of the 12 workflow configurations, and in both cases it is outperformed

by OneJob. This is because, unlike OneJob, it does not “lock in” a slot in the batch queue for

the entire workflow execution.
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Figure 5.3: Average percentage improvement relative to Zhang for ∗-250-∗ workflows on the KTH work-
load, with maximum number of simultaneously running workflow jobs at 16.

The results in Figure 5.2 correspond to a best case for OneJobPerTask (and thus for Zhang

when it defaults to OneJobPerTask) as the bound on the number of workflow jobs that can be

in the system at a time (128) does not limit workflow job submissions. As discussed in Section 4.3,

many production systems impose low bounds on the number of jobs by a single user. Figure 5.3
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shows results when this bound is set to 16. In these results OneJob outperforms Zhang on

average for 9 of the 12 workflow configurations (losing by 22.45%, 1.21%, and 12.29% in the other 3

workflow configurations). Expectedly, OneJobPerTask leads to the worst results overall, losing

to Zhang for 9 of the 12 workflow configurations. Recall that Zhang can default to OneJob. In

these results, Zhang does so in 48.32% of the cases. When it does not default to OneJob, Zhang

outperforms OneJob in 52.53% of the cases. Here again, LevelByLevel does not perform well.

When it outperforms Zhang significantly it is itself outperformed by OneJob.

We have performed the above experiments for our second workflow, SDSC, with the bound on

the number of workflow jobs that can be in the system at the same time set to 16 and 128. Results

are provided in Appendix A (Figure A.1), and show the same trends as the results for the KTH

workload.

The takeaway from the above is that: (i) when the number of allowed workflow jobs in the

system is not a limiting factor, OneJobPerTask typically outperforms Zhang; and (ii) when the

number of allowed jobs is a limiting factor, OneJob typically outperforms Zhang; (iii) although

used in practice, LevelByLevel does not compare well to its competitors. Importantly, Zhang

does not consistently outperform the baseline competitors. A simple approach that would consist in

choosing OneJobPerTask or OneJob based on the bound on the number of allowed workflow jobs

may be as effective, and much simpler to implement, than Zhang. This leads us to the following

question: is Zhang’s poor performance due to flaws of its fundamental principle, or is it due to

missed opportunities for implementing its principle more efficiently? To answer this question, we

have implemented three improvements to Zhang, as described in the following section.

5.3 Improving Zhang

There are three straightforward ways to enhance the algorithm proposed in [64], while preserving

its fundamental principles.

Enhancement #1: Making the search global – Zhang iteratively considers adding one extra

workflow level to a batch job, greedily stopping when adding this level would worsen (i.e., increase)

the wait time to execution time ratio of the job. The intuition is that shorter jobs are better, for

they experience lower wait times. However, a larger job could have a lower ratio. More generally,

the ratio can have several local minima over the possible numbers of consecutive levels included

in a job. The enhancement, which does not increase the worst case asymptotic complexity of the

algorithm, is simply to examine all options (rather than stopping as soon as the next option is

worse than the previous option) and pick the best one.

Enhancement #2: Picking judicious numbers of requested compute nodes – Zhang

always submits jobs that request as many compute nodes as possible to execute workflow tasks in

parallel. This is almost never the best choice, and judicious job sizing is a well-known opportunity

for striking a good compromise between wait time and execution time. The enhancement to the

20



algorithm is to consider all possible job sizes, between using a single compute node and using as

many compute nodes as the workflow parallelism (bounded by the number of available compute

nodes). For each such option, the wait time and the execution time of the jobs are estimated, and

the option that leads to the earliest job completion time can then be picked. This enhancement

linearly increases the number of wait time estimates that must be obtained.

Enhancement #3: Computing leeway via binary search – Recall that Zhang, when sub-

mitting a job, can ask for more time than needed to ensure that the job does not start too early.

This extra time is called the leeway and is computed as follows. Starting with the maximum

amount of leeway needed to ensure that a job does not start too early (the naive leeway mentioned

in Section 5.1), Zhang adds half this leeway to the run time, requests a wait time estimate, and

estimates the expected job start time. If this expected job start time is within 10 minutes (an

arbitrarily chosen “small” duration) after the completion of its predecessor job, then the process

stops and the augmented run time is used for the job submission. Otherwise, it repeats, adding

half of a newly computed naive leeway to the job run time. This leeway computation is akin to a

one-way binary search as the leeway can only increase. It is unclear why this idiosyncratic search

algorithm is used instead of a standard binary search that could find a more precise leeway value.

The enhancement consists in using a standard binary search to search the range between 0 and

the naive leeway for the smallest possible leeway value that would cause the job to start within 10

minutes after the completion of its predecessor job.

The above enhancements yield 8 versions of Zhang, depending on whether a particular en-

hancement is activated or not. We simulate workflow executions using these 8 algorithms for a

subset of ∗-250-∗ workflow configurations, using our two production workloads (KTH and SDSC),

assuming accurate requested job execution times (see Section 4). We set the bound on the number

of workflow jobs in the system to 8, 16, 32, 64, and 128.

We found no case in which one of our proposed enhancements (or any combination thereof)

leads to a performance degradation. But the only enhancement that leads to any improvement is

Enhancement #2, e.g., the use of queue wait time estimates to determine judicious job sizes. The

use of this enhancement leads to improvements in 88 of the 1068 ∗-250-short workflow executions on

SDSC. When an improvement is achieved, it is on average 3.57%. For the ∗-250-long workflows on

KTH, the enhancement leads to improvements in 222 of the 822 executions. When an improvement

is achieved, it is on average 6.52%. For the ∗-250-long workflows on SDSC, the enhancement leads

to improvements in 425 of the 819 executions. When an improvement is achieved, it is on average

5.36%.

For the remainder of this paper, when using Zhang, we always activate Enhancement #2.

But given that only marginal performance improvements are achieved, the conclusions from the

previous section still stands: Zhang does not strike a worthwhile compromise between OneJob

and OneJobPerTask. This opens up an interesting question: is it possible to partition workflow
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levels in a way that does strike a worthwhile compromise?

Zhang tries to find a good compromise between wait time and execution time for the next set

of workflow levels to be executed. The hope is that these local decisions will minimize makespan,

without taking a global view of the workflow’s execution, and even though wait time is at least

partially hidden by execution time. We claim that this is the key problem with Zhang: although

intended to minimize makespan, it does not explicitly consider it as the objective function. In the

next chapter, we propose an algorithm that tries to optimize the makespan explicitly.
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CHAPTER 6
THE GLUME ALGORITHM

In this chapter, we describe a new algorithm, Group Levels Using Makespan Estimates (GLUME),

to solve the workflow scheduling problem defined in Section 2.3. This algorithm, by contrast with

Zhang, is designed to group workflow levels into jobs based on estimates of the overall workflow

makespan. In what follows, we give the main intuition behind the algorithm, followed by full details

and pseudocode.

6.1 Intuition and Overview

Like Zhang, GLUME is invoked repeatedly throughout workflow execution to decide on the next

set of consecutive, yet-to-be-executed workflow levels to submit as a single job. While Zhang

greedily optimizes the wait time to execution time ratio of the next job to be submitted, GLUME

explicitly minimizes the makespan. Given a workflow with n levels, GLUME considers all possible

ways to partition the levels into two jobs: a first job to execute levels 0 to i and a second, subsequent,

job to execute levels i + 1 to n − 1, for i = 0, 1, . . . , n − 1 (the second job could be empty). From

here on, we refer to the first job (levels 0 to i) as Ji and to the second job (levels i + 1 to n − 1)

as J ′
i . Figure 6.1 shows an example workflow execution, where J ′

i is submitted as soon as Ji begins

executing, and where J ′
i ’s wait time overlaps with Ji’s execution. Like Zhang, the overlap is

achieved using a leeway mechanism. In the case of a premature job expiration, we use the same

simple approach of canceling any subsequent job that has already been submitted, and invoking

the algorithm again on the yet-to-be-executed workflow tasks.

t

J ′
i

Ji wait

wait run

Estimated makespan︷ ︸︸ ︷
run

Figure 6.1: Example execution of the Ji and J ′
i jobs by GLUME.

For each i = 0, . . . , n− 1, GLUME computes the best job configuration (a number of compute

nodes and a requested execution time) for Ji and J ′
i , i.e., the job configurations that minimize the

estimated makespan (depicted in Figure 6.1). The i that leads to the lowest estimated makespan

is chosen. Ji is then submitted to the batch scheduler, but J ′
i is not. When Ji begins execution,
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GLUME is invoked again on the remaining yet-to-be-executed workflow levels, possibly leading

to partitioning these level into another two groups. In other words, every invocation of GLUME

assumes a two-job execution but only submits the first job; thus, the overall execution of a workflow

with n levels may be split into up to n distinct jobs. Unlike Zhang, GLUME never opts for the

one-job-per-task approach. It is thus never impacted by bounds on per-user numbers of jobs in the

system (since at most two workflow jobs are in the system).

GLUME must estimate the wait times and execution times of Ji and J ′
i , for all possible numbers

of compute nodes, so as to estimate the overall makespan. For a given number of compute notes,

execution time is estimated based on task schedules computed using list-scheduling, and a wait time

estimate is obtained from the batch scheduler. The one difficulty is obtaining wait time estimates

for J ′
i . GLUME obtains this estimate “now”, but J ′

i will be submitted in the future. By then,

the state of the batch queue will have changed and the wait time estimate could be (even more)

inaccurate. Regardless, given no knowledge of the future, GLUME uses this estimate as a best

effort wait time estimate.

6.2 Pseudocode

The pseudocode for GLUME is shown in Algorithm 1. GLUME is invoked at the beginning

of the workflow execution, and repeatedly throughout workflow execution whenever a previously

submitted job begins execution. GLUME takes two input: a workflow to execute (G) and a

duration in seconds (delay). G only contains yet-to-be-executed tasks, and can thus be a subset

of a larger workflow currently being executed. delay corresponds to an amount of time before

the next submitted job, as decided by this invocation of GLUME, should begin executing. It is

used to overlap the execution of a job with the wait time of the next job. Specifically, the first

time GLUME is invoked, delay is zero, as the first job should be submitted immediately. For all

subsequent invocations, which happen each time a previously submitted job begins executing, delay

is this job’s requested execution time. Each invocation of GLUME returns a level (l), a number

of compute nodes (n), and a duration in seconds (t). Based on this allocation, a job is submitted

to the batch scheduler that requests n compute nodes for t seconds to execute all tasks in levels 0

to l (inclusive) of G.

Line 1 of the algorithm sets variable last to the index of the last level of the workflow, for

convenience. Line 2 declares an array A, where A[i] will hold the best computed allocation for

every considered Ji This allocation stores the job’s wait time (A[i].wait), execution time (A[i].run),

leeway to be added to the execution time (A[i].leeway), and number of nodes (A[i].nodes). Line 3

declares an array M , where M [i] holds the estimated workflow makespan for every considered Ji.

As mentioned in Section 5.1, submitting the entire workflow as a single job is often the safest

choice. This is because once this job is submitted its wait time can be bounded (e.g., if the

batch scheduler uses conservative backfilling), and thus also the workflow makespan. Therefore,
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Algorithm 1 GLUME(G, delay)

1: last← number of levels in G− 1
2: let A[0..last] be a new array . Allocations
3: let M [0..last] be a new array . Makespans
4: A[last]← PickBestAllocation(G, delay, 0, last)
5: M [last]← A[last].wait + A[last].leeway + A[last].run
6: for l← 0 to last− 1 do
7: M [l]←∞
8: A[l]← PickBestAllocation(G, delay, 0, l)
9: if A[l].leeway > 0.1×A[l].run then

10: continue
11: end if
12: delay′ ← A[l].leeway + A[l].run
13: a′ ← PickBestAllocation(G, delay′, l + 1, last)
14: if a′.leeway > 0.1× a′.run then
15: continue
16: end if
17: t← A[l].wait + a′.wait + a′.leeway + a′.run
18: if t < M [last]× (1− beat) then
19: M [l]← t
20: end if
21: end for
22: l← argmin(M)
23: return (l, A[l].nodes,A[l].leeway + A[l].run)

Algorithm 2 PickBestAllocation (G, delay, lstart, lend)

1: n← PickBestNumNodes(G, delay, lstart, lend)
2: run← EstimateRuntime(G,n, lstart, lend)
3: leeway,wait← PickBestLeeway(G, delay, n, lstart, lend, run)
4: return (n, run, leeway,wait)

Algorithm 3 PickBestNumNodes (G, delay, lstart, lend)

1: maxnodes← maximum usable number of compute nodes
2: let M [1..maxnodes] be a new array . Putative Makespans
3: for n← 1 to nodes do
4: run← EstimateRuntime(G,n, lstart, lend)
5: wait← queue wait time prediction for a (n, run) job
6: M [n]← max(delay, wait) + run
7: end for
8: return argmin(M)
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we consider executing the entire workflow as a single job as a baseline. This is done at lines 4 and

5. Line 4 computes the best allocation (procedure PickBestAllocation is described later in

this section) for executing the entire workflow, and Line 5 computes the corresponding makespan

(which is just the sum of the wait time, the leeway, and the execution time).

The for loop at lines 6-21 iterates over all i, 0 ≤ i < last, to search for the best way to partition

the workflow levels, i.e., for the best Ji and J ′
i pair. Line 7 sets the workflow makespan for Ji, M [i],

to infinity. At line 8, we calculate the best allocation for Ji, A[i]. This allocation has a certain

leeway, and lines 9-11 are used to remove the current partition from consideration (i.e., leave M [i]

to infinity) if the leeway is more than 10% of the run time. This is a heuristic for avoiding resource

waste (since all compute nodes are idle during the leeway period). Assuming that Ji is submitted

to the batch scheduler, then as soon it begins executing J ′
i will be submitted to the batch scheduler.

The algorithm now calculates the allocation for J ′
i . The delay for J ′

i , delay
′ is computed at line 12

to Ji’s total execution time (the sum of its leeway and its run time). The best allocation for J ′
i is

computed at line 13. As explained in the previous section, this allocation is computed using a wait

time estimate obtained “now”, even though the job will only be submitted in the future. Lines 14-

16 apply again the heuristic to ensure that the leeway for J ′
i is not more than 10% of the run time.

Finally, the overall workflow makespan can be estimated at Line 17. This estimation account for

the overlap of Ji’s run time with J ′
i ’s wait time. Lines 18-21 simply update the workflow makespan

for this considered partition, but only if it is some fraction shorter than that of the baseline one-job

option. The parameter beat (0 < beat ≤ 1) defines this fraction. The reason for this parameter is

that since using multiple jobs is more “risky,” one should prefer it to using a single job only if the

expected performance gain is substantial.

Finally, at Line 22 the algorithm computes the index of the considered partition, l, that leads to

the shortest makespan. The argmin notation denotes the index of the minimum element in an array,

but this index can be computed easily as part of the loop using an extra variable. The algorithm

then returns, its decision being that workflow levels 0 to l should be submitted for execution to

the batch scheduler as a job that requests A[l].nodes compute nodes and A[l].leeway + A[l].run

seconds of execution times.

The pseudocode for PickBestAllocation in shown in Algorithm 2. PickBestAllocation

takes four input: a workflow (G), a duration in seconds (delay), a start level (lstart), and an

end level (lend). It returns a number of nodes (n), a run time (run), a leeway (leeway), and a

wait time (wait). These are computed so that executing levels lstart to lend as a single job that

requests n compute nodes for run + leeway seconds would lead to the earliest completion time,

incurring a wait time of wait seconds. n is computed at Line 1 via a call to PickBestNumNodes

(described hereafter). run is computed at Line 2 by invoking helper function EstimateRuntime

(pseudocode not shown), which estimate the overall execution time for executing all tasks in levels

lstart to lend on n compute nodes. This is done simply based on a list-scheduling heuristic (which
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greedily schedules the ready tasks that can complete the earliest). At Line 3, another helper

function, PickBestLeeway (pseudocode not shown), is called that returns leeway and wait.

PickBestLeeway computes the best leeway (and the resulting wait time) in the interval [0, delay]

using a binary search (as described for Enhancement #3 in Section 5.3).

The pseudocode for PickBestNumNodes is shown in Algorithm 3. PickBestNumNodes

takes four input: a workflow (G), a duration in seconds (delay), a start level (lstart), and an end

level (lend). PickBestNumNodes returns the best number of nodes that should be requested

for a job that executes levels lstart to lend of G. At line 1, we compute the maximum number of

nodes that can be used, maxnodes. It is simply the minimum of the number of available compute

nodes in the platform and of the maximum width of levels lstart to lend in G. At line 2, we declare

an array M , where M [n] will be the estimated makespan when using n (n = 0, . . . ,maxnodes)

compute nodes. These makespans are computed in the loop at Lines 3-7. The run time (run) is

computed at Line 4, using the previously described EstimateRuntime helper function. The wait

time (wait) is estimated at Line 5 based on a wait time estimate obtained from the batch scheduler

for a job that requests n compute nodes for run seconds. M [n] is then computed at Line 6. The

first term accounts for the overlap of the execution of the currently running job (which will last

delay seconds) with the wait time of the job that is to be submitted (which will last wait seconds).

Finally, at Line 8 we return the index of the shortest makespan, which is also the best number of

compute nodes to use.

Note that the pseudocode in this section is written for best readability rather than for best

complexity. For instance, although EstimateRuntime is invoked redundantly by PickBestAl-

location and PickBestNumNodes, our actual implementation avoids such redundant calls.

In the next chapter, we evaluate GLUME’s performance experimentally and compare it to its

competitors, that include a number of baseline algorithms as well as Zhang.
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CHAPTER 7
EVALUATION RESULTS

In this chapter we compare GLUME to Zhang and to the baseline algorithms (OneJobPerTask,

OneJob, and LevelByLevel) for both the KTH and SDSC workloads. In all experiments we

fix the cap on the per-user number of simultaneous running jobs to 16, based on real-world config-

uration discussed in Section 4.3.

We do not describe in detail all results for all workflow configurations. Instead, we first describe

detailed results for the ∗-∗-medium configurations. We then present summary results for drawing

a clear comparison between GLUME to Zhang across all workflow configurations. In all our

discussion hereafter we say that an algorithm “beats” another algorithm for a particular workflow

configuration if the average improvement in makespan is 5% or higher. Otherwise we say that the

algorithms are equivalent.

7.1 Results for ∗-∗-medium Workflow Configurations

7.1.1 Results with Accurate Job Durations

We first discuss results obtained when assuming accurate requested job durations (see Section 4.3).

Figure 7.1 shows results for ∗-∗-medium workflow configurations for the KTH workload, and Fig-

ure 7.2 shows results for the same workflow configurations for the SDSC workload. Positive results

correspond to cases in which a particular algorithm outperforms Zhang. The main observation

is that GLUME is equivalent or beats Zhang across the board. In these results, Zhang never

beats GLUME, and GLUME beats Zhang for 5, resp. 7, of the 12 configurations for the KTH,

resp. SDSC, workload. For several workflow configurations, improvements are above 30%. Among

the baseline algorithms, OneJobPerTask and LevelByLevel overall fare poorly, while One-

Job fares well, especially for the SDSC workload, but not as well as GLUME. Both GLUME and

OneJob tend to fare better, relatively to Zhang, for larger workflow configurations (i.e., workflows

with more tasks).

We have also performed the above experiments for ∗-∗-short and ∗-∗-long workflow configura-

tions on the KTH and SDSC workloads with accurate job requested durations. Additional results

are provided in Appendix B: Figure B.1 shows results for ∗-∗-short workflow configurations, and

Figure B.2 shows results for ∗-∗-long configurations. Results in these figures are summarized and

discussed further in Section 7.2.

7.1.2 Results with Realistic Job Durations

The results discussed in Section 7.1.1 are with the optimistic assumption that job durations, when

submitted to the batch scheduler, are accurate. As discussed in Section 4.3, this is not the case
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Figure 7.1: Average percentage improvement relative to Zhang for ∗-∗-medium workflow configu-
rations on the KTH workload, with maximum number of simultaneously running workflow jobs at
16 and accurate job requested durations.

in practice. As a result, wait time estimates provided by the batch scheduler are necessarily less

accurate. Since GLUME relies heavily on these estimates, it could then be at a disadvantage.

Figure 7.3 and Figure 7.4 are similar to Figure 7.1 and Figure 7.2, but the results are obtained with

job requested durations taken directly from the batch logs of our two workloads. For the KTH

workload, results are actually improved: GLUME beats Zhang for 6 of the workflow considerations

and is never beaten by it. However, results are drastically different for the SDSC workload: Zhang

beats GLUME for 10 of the 12 workflow configurations (by up to 55.3 % and by 24.6% on average).

It turns out, that the jobs in the SDSC workload have very inaccurate durations. On average, jobs

in the KTH workload request 1.01 hours more than they actually need. By contrast, in the SDSC

workload, jobs request on average 3.34 hours more than needed! As a result, wait time estimates

provided by the batch scheduler, which are heavily used by GLUME, are less accurate due to very

large number of premature job completions. It is striking in Figure 7.4 that the OneJobPerTask

baseline algorithm performs almost equivalently to Zhang, which often defaults to it, for 250-

and 500-task workflows. In the face of a workloads with difficult to estimate wait times, the

OneJobPerTask approach works well for these workflow configurations.

We have also performed the above experiments for ∗-∗-short and ∗-∗-long workflow configu-

rations on the KTH and SDSC workloads with realistic job requested durations. Results are

provided in Appendix B: Figure B.3 shows results for ∗-∗-short workflow configurations, and Fig-
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Figure 7.2: Average percentage improvement relative to Zhang for ∗-∗-medium workflow config-
urations on the SDSC workload, with maximum number of simultaneously running workflow jobs
at 16 and accurate job requested durations.

ure B.4 shows results for ∗-∗-long configurations. Results in these figures are summarized and

discussed further in Section 7.2.

7.2 Overview of All Results

Table 7.1 presents summary results over all workflow configurations, where each cell in the table

shows the number of “wins” (i.e., more than 5% better) for GLUME and Zhang. For ∗-∗-long

workflow configurations, GLUME outperforms Zhang for both workloads regardless of whether

job requested durations are accurate or realistic. When the workflow’s computational load is large,

GLUME is able to make good decisions (or at least better than Zhang) in spite of inaccurate

wait times. For ∗-∗-short workflow configurations, GLUME beats Zhang for the KTH workload,

but less significantly than for ∗-∗-medium configurations (i.e., Zhang beats GLUME for 1 or 2

workflow configurations). For the SDSC workload, instead, GLUME is beaten by Zhang. It is

beaten only by up to 8% when assuming accurate job requested durations, but by on average a

factor 2 when using real-world such durations. The reason is similar to that for the ∗-∗-medium

workflow configurations (i.e., inaccurate wait time estimates), but its effect is more pronounced for

shorter workflows. Here again, the OneJobPerTask baseline algorithm, to which Zhang often

defaults, works well (since tasks are short and/or wait time estimates are poor).
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Figure 7.3: Average percentage improvement relative to Zhang for ∗-∗-medium workflow configu-
rations on the KTH workload, with maximum number of simultaneously running workflow jobs at
16 and realistic job requested durations.

7.3 Conclusion

The overall conclusion from the results presented in this chapter is that, in general, GLUME out-

performs all other baseline algorithms regardless of workflow structure, task numbers, and task

durations. However, GLUME relies heavily on accurate wait time predictions. Therefore, large

disruptions to the batch scheduler, due to other users overestimating their job durations, detri-

mentally impact the effectiveness of GLUME and result in OneJobPerTask and Zhang (when

defaulting to OneJobPerTask) performing well. While on the KTH workload GLUME outper-

accurate req. durations real-world req. durations
workflow configurations workflow configurations
short medium long short medium long

KTH 3/1 5/0 2/0 5/2 6/0 2/0
SDSC 0/6 7/0 4/0 0/12 0/10 4/0

Table 7.1: Comparison of GLUME and Zhang for both the KTH and SDSC workloads, assuming
either accurate requested job durations (left side) or real-world requested job durations (right side)
for ∗-∗-short, ∗-∗-medium, and ∗-∗-long workflow configurations. Each cell is formatted as x/y,
where x, resp. y, is the number of workflow configurations for which GLUME, resp. Zhang, beats
Zhang, resp. GLUME. Results in bold are those for which x ≥ y (i.e., GLUME beats Zhang).
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Figure 7.4: Average percentage improvement relative to Zhang for ∗-∗-medium workflow config-
urations on the SDSC workload, with maximum number of simultaneously running workflow jobs
at 16 and realistic job requested durations.

forms its competitors consistently, the same is not ture on the SDSC workload for which requested

job durations are significantly less accurate.
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CHAPTER 8
CONCLUSION

The research described in this thesis has produced propose a novel algorithm for executing the

scientific workflows on batch-scheduled clusters, with the objective of minimizing the makespan.

In this chapter we first summarize the findings and contributions of this thesis, and then outline

directions for future work.

8.1 Summary of Findings and Contributions

In this thesis we have proposed an application-level approach for executing workflows efficiently

on batch-scheduled resources. The main relevant previous work is the algorithm in [64], that uses

several heuristics to partition workflow levels into batch jobs and overlap wait times with execution

times. The algorithm proposed in this thesis, GLUME, operates in a similar manner, but its key

contribution is that it explicitly optimizes workflow makespan. More precisely, at each decision

point, GLUME considers that the yet-to-be-executed workflow levels will be split into two batch

jobs. GLUME then considers all possible numbers of levels in the first job and estimates the

overall makespan to pick the best such number. Importantly, this estimate relies on a estimate

of the wait time for the second job “now”, even though this job will be submitted at a later date

(and which point the state of the batch queue will have changed). This estimate may thus be

completely inaccurate, but allows GLUME to directly optimize for the makespan. A key question,

that we answer experimentally, is whether GLUME can thus outperform its competitors. Another

design decision for GLUME is that, unlike Zhang, it never defaults to a one-job-per-task mode of

execution. Therefore, GLUME is not susceptible to caps on per-user numbers of jobs enforced on

production HPC platforms.

Simulation results obtained with production HPC workloads and various workflow configura-

tions show that our proposed algorithm can vastly outperform the Zhang algorithm in [64], as

well as baseline OneJob, OneJobPerTask, and LevelByLevel algorithms. In particular, the

way in which GLUME groups workflow levels into jobs is superior to the only (to the best of our

knowledge) previously proposed method for doing so, namely, the Zhang algorithm. Although the

results are overall positive, we have found GLUME to not perform well for workloads in which

user-provided job duration estimates are very inaccurate. This is because GLUME relies heavily

on wait time predictions. For such workloads, unless workflows are really large and/or with very

long tasks, one is better off using the baseline OneJobPerTask approach.

8.2 Future Work

There are three broad future directions for building on the work in this thesis.
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The first future direction is for GLUME to no longer prohibit a one-job-per-task execution

mode. This was a key design decision of the algorithm, motivate by the fact that production

HPC platforms impose caps on the number of jobs a single user can have in the system at a time.

However, our results have showed that for some workloads, queue wait time estimates can be so poor

that GLUME can be outperformed by OneJobPerTask (at least for the workflow configurations

considered in this thesis). This is not only because GLUME’s makespan estimates are inaccurate,

but also because OneJobPerTask can benefit greatly from backfilling opportunities created by

premature job completions. Therefore, an enhancement to GLUME would be to allow it to, at

some point during the workflow execution, default to OneJobPerTask. The Zhang algorithm

uses a particular heuristic for defaulting to OneJobPerTask, and a similar heuristic would likely

be effective for GLUME as well.

The second future direction is to augment GLUME so that it partitions workflows vertically

as well as horizontally. In other words, a single workflow level could be split into multiple jobs, or,

more generally, the workflow could be split into arbitrary, and dependent, sub-workflow structures

(possibly allowing for task duplication so as to allow for simpler partitioning algorithms). This

enhancement would be useful for workflows with parallelism that is relatively large when compared

to the platform’s parallelism. This would occur when a single workflow level would already be

considered a very large job on the target platform. The design space for an algorithm that performs

both vertical and horizontal partitioning of the workload is enormous, and the challenge will be to

design relatively simple and yet effective heuristics.

The third future direction for this thesis is to implement the GLUME algorithm as part of

a Workflow Management System (WMS) or as a stand-alone light-weight software framework.

This framework would use standard interfaces to popular batch schedulers, e.g., Slurm, to submit

appropriate jobs given a user-specified workflow specification. Users could then simply install this

framework on their cluster to automate all their workflow executions.
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APPENDIX A
ADDITIONAL FIGURES FOR CHAPTER 5
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Figure A.1: Average percentage improvement relative to Zhang for ∗-∗-medium workflow config-
urations on the SDSC workload, with maximum number of simultaneously running workflow jobs
at 16 (left-hand side) and 128 (right-hand side) and accurate job requested durations.
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ADDITIONAL FIGURES FOR CHAPTER 6
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Figure B.1: Average percentage improvement relative to Zhang for ∗-∗-short workflow configura-
tions on the KTH (left-hand side) and SDSC (right-hand side) workloads, with maximum number
of simultaneously running workflow jobs at 16 and accurate job requested durations.
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Figure B.2: Average percentage improvement relative to Zhang for ∗-∗-long workflow configura-
tions on the KTH (left-hand side) and SDSC (right-hand side) workloads, with maximum number
of simultaneously running workflow jobs at 16 and accurate job requested durations.
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Figure B.3: Average percentage improvement relative to Zhang for ∗-∗-short workflow configura-
tions on the KTH (left-hand side) and SDSC (right-hand side) workloads, with maximum number
of simultaneously running workflow jobs at 16 and realistic job requested durations.
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Figure B.4: Average percentage improvement relative to Zhang for ∗-∗-long workflow configura-
tions on the KTH (left-hand side) and SDSC (right-hand side) workloads, with maximum number
of simultaneously running workflow jobs at 16 and realistic job requested durations.
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