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ABSTRACT

Scheduling problems are naturally formulated in terms of Con-
straint Programming (CP), yet the application of CP-based ap-
proaches for job scheduling on High-Performance Computing (HPC)
clusters remains underexplored. This study aims to bridge this gap
by analyzing the scheduling of diverse real workload traces using
IBM ILOG CP Optimizer. The analysis considers not just the ba-
sic metrics Average Bounded Slowdown and Average Response
Time, but also Area-Weighted Average Response Time and Level-2
Priority-Weighted Specific Time, which measure packing efficiency
and fairness. For each workload trace and metric combination,
schedules produced through optimizing the metric with CP Opti-
mizer are compared against schedules generated by the variants of
the list scheduling with backfilling that are most suitable for the met-
ric. The CP-based scheduling improves scheduling quality in most
of the examined cases. The analysis of the metrics that represent
different scheduling goals uncovers several non-trivial insights.
Presently, CP Optimizer still encounters scalability issues with
large wait queues and non-linear objective functions. Nonetheless,
it often demonstrates improvements in packing efficiency, which
make CP techniques attractive, particularly in scenarios where
high-maintenance clusters run a moderate number of large, rigid,
well-characterized jobs.
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1 INTRODUCTION

A High-Performance Computing (HPC) cluster is an assemblage
of many high-end computer servers (called nodes) networked by
a fast interconnect. The purpose of HPC clusters is to handle in-
tensive computations that are not feasible on a single computer. A
core component of the cluster management software is a scheduler,
which decides the order of execution of queued jobs and the dis-
tribution of cluster resources between the running jobs. Since job
throughput on HPC clusters can be very large and the scheduling
problem is NP-hard [10], the schedulers traditionally resort to us-
ing approximate algorithms, usually based on list scheduling with
backfilling [29, 30, 33] (Section 2.4). These algorithms are fast but
produce sub-optimal schedules. Their efficiency is further reduced
when applied to modern HPC clusters, which often feature several
types of resources and heterogeneous nodes [13, 26]. At the same
time, the increasing prevalence of high-intensity computing and its
growing economic and environmental impact call for improving
the utilization of HPC infrastructure and, thus, necessitate more
efficient schedulers [11, 12]. The interest in more elaborate sched-
uling approaches also emerges from the relevant fields of grid and
cloud computing [25, 51, 54].

Constraint Programming (CP) is a paradigm for solving combi-
natorial search problems [43]. It is widely used for scheduling in
Operational Research but is rarely known in the HPC community.
This technique lets one define a set of variables, declare several
constraints that these variables must satisfy simultaneously, and
use a CP solver as a black box to find values for the variables that
satisfy the constraints, aiming to optimize some objective function.
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The recent development of CP solvers has significantly improved
their performance and simplified the process of defining schedul-
ing problems in terms of CP [3]. Therefore, a CP approach could
be a viable alternative to the list scheduling for HPC job sched-
uling. It could be employed in production schedulers or used in
research to generate close-to-optimal schedules to compare them
with the results of other schedulers. Recently, several attempts to
employ CP for HPC job scheduling were reported [4, 6, 18, 19],
but the evaluation of the results was inconclusive, mainly because
the utilized scheduling quality metrics do not measure the accom-
plishments of such scheduling goals as packing efficiency and fair-
ness (Section 3.3). At the same time, recent development suggests
that Area-Weighted Response Time (AWF, also referred to as Area-
Weighted Flow Time) is an accurate metric of packing efficiency
in this scheduling problem [24, 45], while metrics called Priority-
Weighted Specific Response Time (P*SF) combine contributions of
the scheduler’s fairness and packing efficiency [24]. Fairness and
packing efficiency are important aspects of scheduling quality but
are poorly covered by the other metrics (Section 3.1). Thus, AWF
and P%SF create opportunities for more comprehensive comparison
of different scheduling strategies, such as the list scheduling algo-
rithms and the CP approach. Furthermore, these metrics are easy
to calculate but sensitive to minor schedule changes, which makes
them good prototypes of objective functions for CP optimization.
In this publication, we seize upon these emerging opportunities
to impartially compare the traditional list-based schedulers with
the existing readily available CP tools, with the hope of increasing
awareness of these tools.

1.1 Contributions

We present a comprehensive evaluation of CP-based scheduling, uti-
lizing a diverse set of real workload traces from various production
systems. We separately examine the optimization of four scheduling
quality metrics (Section 2.1): Average Bounded Slowdown (BSLD),
Average Response Time (AF), Area-Weighted Average Response
Time (AWF), and Level-2 Priority-Weighted Specific Time (P?SF).
This highly informative set of metrics covers several important
aspects of scheduling: packing efficiency, fairness, and performance
perceived by an individual user [24]. For each metric, we precisely
define the scheduling goal in terms of the metric under considera-
tion and compare the most applicable for the metric list scheduling
algorithms with the CP-based optimization of an objective function
directly based on the metric. This study surpasses the prior research,
which considered limited test cases and assessed the scheduling
quality using metrics that did not align with the objectives of the
CP optimization, or with the design of the stock PBS scheduler
being compared to the CP approach. Our state-of-the-art analysis
provides readers with an accurate understanding of the potential
benefits of applying Constraint Programming to HPC scheduling.

In addition to introducing first CP-based schedulers that ad-
dress AWF and P“SF, and thus, packing efficiency and fairness, the
outcomes of this research make two significant contributions to
job scheduler development. Firstly, our study, by improving the
targeted metrics over the previous best results, uncovers oppor-
tunities for improvement of the scheduling algorithms and offers
other insights to guide further scheduler development. Since we
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User submits job j Job j completes

Figure 1: Diagram of job lifetime showing the notation used
herein.

use IBM ILOG CP Optimizer, a mature out-the-box product for
scheduling-related problems [35], our methodology can serve as a
reference example for future investigations. Secondly, our findings
demonstrate the capabilities of modern CP optimization tools and
help understand the feasibility of employing CP optimization for
practical applications in HPC job scheduling.

In Section 2 we describe this particular scheduling problem, its
CP representation, the list-based scheduling approach that serves as
an alternative in our study, the scheduling quality metrics used for
the analysis, and key elements of our methodology. In Section 3 we
summarize relevant works that evaluated HPC cluster scheduling
algorithms, identify best known algorithms for each of the four
metrics, discuss metrics excluded from our analysis, and review
previous research of CP-based scheduling. Section 4 covers the
remaining details of our study and is followed by a discussion of
the results in Section 5 and a summary of the findings in Section 6.

2 BACKGROUND AND FUNDAMENTALS OF
OUR METHODOLOGY

HPC systems simultaneously process many jobs from different
users. Formally, job j arrives at submit time s; (also called arrival
time). When more jobs arrive than can be dispatched to the cluster,
they end up in a wait queue. Scheduling algorithms determine the
order of starting such jobs, aiming at best performance according
to an objective determined by the cluster administration. After
spending wait time Q; (sometimes called queue time) in the queue,
the job starts (at time b;) and completes after additional runtime D
at time c;. The lifetime of a job is depicted in Figure 1. The total
time elapsed between the submit time and the completion time
is the job’s response time F; (also called flow time or turnaround
time):
F = Q i+ D j -

Users specify requirements for the jobs, including the number of
nodes r; required and the guaranteed runtime timelimit L; (we do
not consider job preemption). We assume that the number of nodes
is the only resource requirement of the job. We also assume that the
jobs are rigid (that is, r; and D; remains the same regardless of how
the jobs are scheduled), all nodes in the cluster are identical, and
the total number of nodes R in the cluster does not change. HPC
clusters often do not satisfy these assumptions and may impose
other conditions, but we ignore them for the sake of clarity of the
following analysis.

Jobs cannot use more resources than available, which leads to
the following constraint:

Vit Zpulsej(t)SR, (1)
jeg
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where t represents a moment in time, J is the set of jobs in the
schedule and

ri, bi<t<ecj

pulsej(t) =" J ) 7

0, otherwise
Another set of constraints signifies that no job can start before it
was submitted:

Vjisj<bj. 2)

The goal of the scheduler is to identify values of b; that satisfy
these constraints aiming at best performance according to pre-
defined goals. If the achievement of the goals is measurable with a
metric, the scheduling problem becomes an optimization problem,
the objective function of which corresponds to the metric.

2.1 Scheduling Quality Metrics

In this work, we investigate four metrics that represent different
scheduling goals: Average Bounded Slowdown (BSLD), Average Re-
sponse Time (AF), Area-Weighted Average Response Time (AWF),
and Level-2 Priority-Weighted Specific Time (P%SF).

Average Bounded Slowdown (BSLD) reflects the idea that it is
reasonable for jobs with longer runtime to spend more time waiting
in the queue:

1 F b )
BSLD = — max (1, ————|, 3
) T J;,] ( max (D}, k) ®)
where k is some lower bound introduced to reduce the dispropor-
tionately large effect of very small jobs [15]. BSLD becomes the reg-
ular Slowdown metric when k = 0. Typically, k is set to 10 s [21, 50],
and we use this value in our analysis. Although the best value of
k may be an open question, 10 s is comparable to user tolerable
waiting time [39]. The workloads we study herein (Section 4) have
an insignificant number of jobs that trigger this bound. Yet, even
with a reasonable value for k, BSLD is often so strongly influenced
by moderate delays of small jobs that it almost completely ignores
the quality of scheduling of long and resource-demanding jobs, the
very jobs HPC clusters are meant to accommodate. BSLD can be
trivially improved by starting smaller jobs first [24]. Nevertheless,
BSLD is widely used for analysis of HPC job scheduling.
Another, classical scheduling quality metric is Average Response
Time (AF):

AF(J) = |71| > F. (4)
jeg
For rigid jobs, AF can be considered equivalent to several linearly
related metrics, such as Total Wait Time }, Q;. All such metrics
improve when smaller jobs are given priority (although not as
much as BSLD) as they do not recognize that computing a larger
job creates more value.
Average Response Time AWF accounts for job sizes:

2. rjDjF;
2.riDj ’
where the weight equals the job area r;D;. Such weights do not
encourage any preference for jobs based on their size, making
AWF a good unbiased measure of a schedule’s job packing effi-

ciency [24, 45]. Improving packing efficiency is regarded as reduc-
ing resource fragmentation and making the resources available for

AWF(T) = Q)
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use by future jobs [53]. AWF measures precisely this property of
a schedule because it provides no gain in splitting a large job into
several smaller jobs processed in the same time slot but improves
whenever some computation moves to earlier time [44].

Finally, Level-a Priority-Weighted Specific Response Time (P*SF)
reflects both a schedule’s job packing efficiency and fairness without
a job size bias. P*SF originates from splitting jobs into infinitely
small “units of computation” and assuming the weight of a unit is
a power function of the unit’s specific response time [24]:

a+1 Z rj (Fja+2 _ Qja+2)
a+2 er (Fja+1 _ Qjoc+l)'

PSF(J) = (6)

The parameter a controls the determines the balance between fair-
ness and packing efficiency contributions. A higher « increases
the metric’s sensitivity to job fairness. The most practical range is
1 < a < 3 [24]. In the forthcoming analysis, we use P?SF, setting a
to the midpoint of its practical range.

2.2 “On-line” Scheduling Mode

For any of these metrics, if the scheduler has complete information
about every job, it can directly employ the metric as the objective
function and optimize the entire schedule at once. However, the
HPC cluster scheduler has no information about jobs until they are
submitted. It must operate in “on-line” mode [42], meaning that
at any time it must make decisions using only currently available
information, but it can later reevaluate its scheduling decisions for
the jobs that are not yet started. In practice, the scheduler usually
runs at regular intervals. In our analysis, we adhere to the com-
mon practice in scheduling simulation, starting a scheduling round
whenever there is a change in available information, that is, every
time a job arrives or terminates [4, 19, 21, 24, 50]. This approach
removes the dependence of the scheduling quality on the interval
between the scheduling rounds. Furthermore, the scheduler typi-
cally only learns about the job runtime once the jobs have finished.
Consequently, it cannot accurately calculate the metric value of a
prospective schedule; the value of the objective function at a sched-
uling round (local objective function) may differ from the value of
the metric of the resulting schedule (global objective function) even
if the same formula is used.

2.3 Constraint Programming Approach

The “off-line” scheduling (when the scheduler has all informa-
tion, including the jobs that are yet to arrive) can be implemented
straightforwardly in a CP solver by defining b; as the set of vari-
ables, (1) and (2) as the constraints, and one of (3)—(6) as the objective
function. Implementation of a scheduling round for the “on-line”
scheduling problem is also trivial: the scheduler just must use run-
time estimates (referred to as E;) instead of actual job runtimes D
and take into account only the jobs that are currently running or
waiting in the queue. The resource constraint (1) becomes

Vi: Z pulse;(f) <R, (7)
jEQUR
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where Q is the set of jobs in the queue, R is the set of running jobs,
and, given that job runtime D; is approximated by an estimate E;,
rjs bj <t< bj+Ej

pulsej(t) = {

0, otherwise
Equation (2) transforms into
Yji€Q:bj 2 thow, 3)
where thow is the time of the round. The scheduler solves, with
constraints (7) and (8), the optimization problem
argmin Objective(Q), 9)
{bjlje@}

(where Objective is either BSLD, AF, AWF, or P2SF calculated using
E; in place of D;) and dispatches to the cluster the jobs scheduled
to start immediately (bj = thow). The other waiting jobs remain in
the queue until the next scheduling round.

2.4 List Scheduling Approach

The practical implementations of HPC cluster job scheduling are
usually based on a variant of list scheduling. Algorithm 1 outlines
the majority of the variants of the scheduling round of such algo-
rithms.

Algorithm 1: General list scheduling algorithm

1 Arrange waiting jobs in Queue according to some rule.
2 for j € Queue do
3 if job j can start right away then

4 Start job j.

5 else

6 switch Option

7 case STRICT

8 Stop this scheduling round.

9 case GREEDY

10 Skip job j until the next scheduling round.

1 case BACKFILL

12 bj « earliest time job j can run.

13 Reserve resources r; for interval (bj, bj + Ej).

During the round, the scheduler transforms the job wait queue
into an ordered list (Line 1) and processes the jobs according to
that order. The order of the jobs is one of the two pivotal factors
that determines the behavior of the algorithm. The second factor is
the option chosen when a job being considered cannot start imme-
diately, for example because the job requires more resources than
currently available (Line 6). The strict option (Line 7) terminates
the scheduling round, effectively pausing the scheduler until the
head job can start [20]. This algorithm can be optimal if it is given
an optimal job order. However, in reality it often leads to poor pack-
ing efficiency. The greedy scheduling option (Line 9) skips the job
and tries the next job [52]. It may improve resource utilization in
practice (where the job queue order is often sub-optimal) over the
strict option but can prevent attaining an optimal schedule with
an optimal job order and cause job starvation (where a job with
high resource requirements is indefinitely postponed while other
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jobs are scheduled). Finally, the backfill option (Line 11) reserves
resources at the earliest time the job can run without violating
already existing reservations. The reservation makes the resources
unavailable (for the jobs later in the queue) for the time period
the job is scheduled to run, but another job can start earlier if its
resource requirements can still be satisfied. This technique is called
“backfilling” [38]. If job runtimes are known during the scheduling,
no job is delayed by a later job and the resource utilization may
improve without violating job priorities.! In the real world, job run-
time is often approximated and complying with job priorities is not
guaranteed. This option is also the most computationally intensive
due to the complexity of keeping track of reservations and finding
the earliest time a job can run, but as discussed in Section 3.2, it,
among the three variants, attains best results for all four metrics if
appropriate job queue orders are used [24]. Therefore, we use the
list algorithms with backfill option as a baseline to compare with
the results of the CP approach.

3 RELATED WORK
3.1 Alternative Metrics of Scheduling Quality

Many metrics of “off-line” scheduling, such as Makespan:

Makespan(J) = max (cj) — min (s;
pan(J) jeJ(J) jej(])
and Utilization:
2, rjD;j
jeg

Utilization(J) = ,

max (c;) - min (s;) | x R
are not useful to evaluate the “on-line” scheduling of jobs [15].
Makespan and Utilization are determined by the completion time
of the last job (that is, max c;) and rarely represent HPC cluster
scheduling quality if job submit times are independent of sched-
uling decisions. Use of Utilization to evaluate packing efficiency
of job schedulers in an HPC cluster is considered a pitfall in the
methodology [17]. As an alternative, Boézennec et al. [5] suggested
evaluating the packing efficiency by measuring the variance of
Utilization or by studying the density function of Utilization. How-
ever, these new metrics only measure how the utilization varies
over time and do not reflect the scheduler’s ability to pack the
jobs to earlier times. Even though the variance of Utilization may
correlate with packing efficiency for the existing algorithms, it can
misrepresent the scheduling quality of future, less “common sense”
approaches and is not suitable as an objective function for optimiza-
tion. Leung et al. [37] suggested Loss of Capacity (LOC) as a metric
of packing efficiency. This metric corresponds to the fraction of
processor cycles that are idle when waiting jobs could have used
them:

maxcj
jeg
/min er,R—er dt
migsj J:sj<t<b; J:bj<t<c;
JeJ
Loc(g) =

max (c) — min (s)) X R
(je g jegt
! Also, the scheduler that knows job runtimes will attain an optimal schedule when
given an optimal job order (although no job will be backfilled).
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LOC is a less reliable metric of job packing efficiency than AWF.
While the job wait queue is long, LOC equals Utilization and ignores
local improvements. When the queue is short, LOC may encourage
scheduling shorter jobs earlier. LOC is also more cumbersome to
use as a local objective function.

Several approaches were suggested to measure scheduling fair-
ness. Maximum wait time [8] and similar metrics have limited use
as they depend on a small subset of the jobs and disregards all
other scheduling decisions. L, norm of the response time, that

is, (X Fjp)l/p [42], is similar to P*SF but may encourage prefer-
ential treatment based on job size, while the weights of P*SF are
designed to prevent such bias. Metrics based on the concept of
jobs’ fair start times [37], in addition to other shortcomings [24],
may be computationally intensive for use as objective functions.
Due to the lack of suitable metrics, some publications introduce
ad-hoc techniques to evaluate scheduling fairness, such as measur-
ing performance separately for jobs of various categories (“long”
and “short,” etc.) [19, 31, 41, 47]. Results of such techniques are hard
to interpret and compare because the criteria for job categories
are not well defined and often arbitrary, which also precludes the
development of objective functions based on such approaches.

3.2 Metrics-Focused List Scheduling Variants

BSLD and AF? are the most widely used metrics of HPC job sched-
uling [15, 18, 19, 21, 41, 50]. These metrics can be trivially im-
proved by giving preference to smaller jobs. Multiple publications
report improvement of these metrics by incorporating Shortest
Job First (SJF) order (that is, the wait queue is arranged in ascend-
ing order based on estimated job runtime E;) into list-based algo-
rithms [14, 41, 46, 50]. SJF is an appropriate heuristic when all jobs
require same number of nodes. When jobs require different num-
bers of nodes, additional improvement of BSLD and AF is expected
if some degree of preference is given also to jobs that use less re-
sources. Indeed, Smallest Area First (SAF) order, where the job area
is rjEj, usually outperforms SJF [7, 24]. Quite surprisingly, even
with SAF and SJF orders, the greedy scheduling option often results
in inferior BSLD and AF values than the backfill option, although
few opportunities for backfill may be expected when smaller jobs
are already considered before larger jobs [24].

Ordering the job wait queue by SAF or SJF in list-based algo-
rithms, while improving BSLD and AF, typically results in degrada-
tion of packing efficiency, as indicated by the values of AWF [24].
Bin-packing research suggests that packing efficiency improves
by sorting the wait queue in descending order of the job resource
requirement R; [45]. However, Largest Area First (LAF) order and
the backfill option often attain even better values of AWF (and,
thus, the packing efficiency) [24], probably because this algorithm
increases the chance that small jobs are available to fill the holes
that cannot accommodate the larger jobs.

The use of LAF, SAF, or SJF orders in list scheduling negatively
affects fairness and may cause starvation. While starvation can be
reduced by modifying the job ordering [2, 7, 22, 47], the backfill
option with the original FCFS (that is, earliest submit time first)
order still remains the “gold standard” of fair scheduling and attains
the lowest values of P?SF [24].

2 Including metrics that are equivalent to AF in the case of rigid jobs.
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3.3 Constraint Programming Application in
HPC Job Scheduling

Bartolini et al. [4] evaluated CP Optimizer for HPC cluster job
scheduling on workload traces from the EURORA cluster at the
CINECA center. They measured scheduling quality using Utilization
and Average Wait Time (an equivalent of AF in case of rigid jobs)
and noted that Makespan (with modifications to account for other
objectives) is the local objective function that produced the best
scheduling quality. Although indicating improvements over the
standard algorithm of PBS [40], the conclusions of the evaluation
are uncertain because the study considered only three traces with
1480 jobs in total. Additionally, the large observed improvement
in Utilization suggests that the conditions of the simulation may
be incomparable with the real-world scheduling, as Utilization in
“on-line” scheduling usually measures the offered load with little
influence of the scheduler [15]. Bridi et al. [6] reported a more
elaborate comparison of a CP-based scheduler to the PBS scheduler
on the same EURORA cluster. For workloads that did not result
in long wait queues, the CP scheduler demonstrated improvement
to a variant® of AF when the same metric was used as the local
objective function. The results, although limited to only one metric
and workload traces of 700 jobs or less, established use cases for
CP-based job scheduling and encourage its further development.

Galleguillos et al. [19] used a workload trace of 372321 jobs
from the EURORA cluster to compare a “hybrid” CP-based sched-
uler to list-based algorithms similar to Algorithm 1 with the strict
option. Instead of using CP Optimizer, they employed Google’s
open-source OR-Tools [23]. Although the local objective function
was equivalent to AF, the resulting schedules were compared using
Slowdown. Nevertheless, the CP-based scheduler attained better
values of Slowdown than the list-based algorithm with SJF order.
However, the analysis did not cover the best possible list-based
algorithm. Even when targeting Slowdown and using SJF order, the
backfill option of the list-based algorithm outperforms the strict
option [24]. Therefore, the outcome may differ if the CP approach
is compared to the list-based algorithms with the backfill option.

OR-Tools could be a viable alternative to IBM ILOG CP Opti-
mizer. We use CP Optimizer because it is well maintained and
documented, is often praised for its performance, and likely has a
lower entry barrier. Furthermore, our preliminary evaluations (not
shown), while not sufficient to allow a decisive conclusion, suggest
that CP Optimizer would outperform OR-Tools in our experimental
conditions. Da Col and Teppan [9] also identified that CP Optimizer
was more suitable for scheduling problems compared to OR-Tools.
Thus, we do not consider OR-Tools at this stage. We also do not
consider meta-heuristic-based optimization techniques, although
some of them may be viable alternatives to the CP approach. Some
examples of such promising techniques include slack-based priority
backfilling [48], Tabu search [32], genetic algorithms [1], simulated
annealing [55], and random search [31]. Novel approaches to job
scheduling in Cloud computing [25, 51] may also find applications
in HPC job scheduling. Although comparing these approaches is
outside of the scope of this work, our analysis may serve as an
example for their future evaluations.

3 They used weighted wait time, where weights were determined by the queue to
which the job was submitted [6].
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Table 1: Characteristics of the workload traces used herein.

#CPU #Jobs Utilization Year Duration
KTH-SP2 100 28k 70% 1996 11 months
CTC-SP2 338 77k 85% 1996 11 months
SDSC-5P2 128 54k 83% 2000 24 months
SDSC-BLUE 1152 233 k 77 % 2003 32 months
CEA-CURIE 93312 296 k 62% 2012 8 months
BW201911 22636 92k 68% 2019 1 month

4 TECHNICAL APPROACH

In our study, we utilize simulations rather than experiments on a
real system. This mitigates the influence of noise and variability
unavoidable in real-world HPC clusters. By employing simulations,
we can consistently schedule the same traces of jobs multiple times,
enabling us to isolate cause-and-effect relationships and draw more
accurate conclusions regarding the outcomes of the scheduling
algorithms. We evaluate the algorithms through the scheduling
of a variety of traces of real parallel workloads from production
systems listed in Table 1. We obtained the workload BW201911 from
December 2019 TORQUE logs of the NCSA Blue Waters supercom-
puter [49]. The rest of the traces are the recommended “cleaned”
versions from the Parallel Workload Archive [16]. This set of traces
spans three decades and different machine sizes. Some traces have
been studied in related work [21, 24, 50]. This makes the results
obtained in this paper representative of a large variety of practical
use cases.

We refrain from directly comparing the results of CP optimiza-
tion with those of real-world HPC job schedulers due to the nu-
merous conditions that influence the real-world schedulers but are
omitted from our models for clarity, such as scheduling overheads,
node failures, job placement intricacies, complexity of modern HPC
systems, and an extensive array of features demanded by both users
and administrators. We compare the CP-based algorithm to list-
based algorithms that, as discussed in Section 3.2, are most suited
for the studied metric. All these list-based algorithms employ Al-
gorithm 1 with backfill option (Line 11) but differ by job ordering
within the queue (Line 1). The algorithm that uses the original,
FCFS order is labeled List-REG. The algorithms that use SJF, SAF,
and LAF orders are referred to as List-SF, List-SAF, and List-LAF.
One more algorithm, List-SPF, utilizes Smallest Area-Runtime Prod-
uct First (SPF) order, where area-runtime product is ;D jz. It is
discussed in Section 5.2.

CP-based scheduling algorithms solve optimization problems
expressed by (7)-(9), as described in Section 2.3. The local objective
function is either BSLD (using k = 10s), AF, AWF, or P2SF. The
corresponding algorithms are CP-BSLD, CP-AF, CP-AWF, and CP-
P2SF. We also include an algorithm CP-BSLD+, which, as described
in Section 5.2, makes sure that its “local” value of BSLD at any
scheduling round is not higher than the lowest value attainable by
the alternative list-based algorithms. Similarly, in Section 5.4 we
consider an algorithm CP-P?SF+, which makes sure that its “local”
value of P?SF at any scheduling round is not higher than the value
attainable by List-REG.
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The simulation of the scheduling process was performed by an
expanded version of Predictsim [21, 24], an event-based parallel
job scheduler simulator derived from PYSS [34]. Conceptually, the
simulator replays job arrival events based on the information from
a workload trace it is given. Any job arrival or completion event
triggers a scheduling round (up to one round per a moment of time).
At the end of the scheduling round, the simulator generates a job
start event for each job scheduled to start immediately, which in
turn causes a job completion event delayed by the job’s runtime.
The source code and additional details on simulation are available
at GitHub.* The CP-based schedulers were implemented with the
help of IBM ILOG CPLEX Optimization Studio 20.1. Since CP opti-
mizations are not guaranteed to converge, the optimization time
was limited to 20 s per round. If no solution that satisfies the con-
straints was found, the optimization time was extended to 40 s. If
no solution was found still, the scheduling round was performed by
List-REG algorithm, merely to continue the simulation.’ The exper-
iments ran on a machine with two Intel Xeon processors E5-2683
v4 (16 cores each) and 128 GiB RAM.

To get additional insights, we analyze, for KTH-SP2 only, the “off-
line” scheduling using (1) and (2) as constraints and one of (3)-(6) as
an objective function. The “off-line” schedules are labeled CP-OFF-
BSLD, CP-OFF-AF, CP-OFF-AWF, and CP-OFF-P?SF. The optimiza-
tion time of the “off-line” scheduling roughly equals the cumulative
time of scheduling the same trace with the corresponding“on-line”
CP scheduler.

In order to evaluate the performance of the methods without
interference from runtime prediction error, we assume for most
of the following analysis that job runtimes are known during the
scheduling (Ej = Dj). In Section 5.5 we evaluate how the methods
perform when the runtime is estimated to be the user-requested
timelimit, that is, E; = L;.

5 EXPERIMENTAL RESULTS

In this Section we consider the performance of CP-based sched-
uling separately for each of the studied metrics, discuss insights
our investigation uncovers, and evaluate possibilities of practical
application of CP-based scheduling.

5.1 Area-Weighted Average Response Time

A well-known heuristic for optimizing weighted average response
time with list scheduling is Highest Density First (HDF) [28]. For
HPC cluster job scheduling, job density is the ratio of job weight
to job area. Therefore, AWF is special among weighted average
response time metrics because for AWF, from HDF perspective,
every queue order is equivalent, since every job density in this
case equals 1. However, as Figure 2 demonstrates, List-LAF im-
proves AWF over List-REG by as much as 17% (for SDSC-SP2). This
phenomenon demonstrates that the HDF heuristic does not ac-
count for packing efficiency. CP-AWF improves AWF further, by as
much as 10% over List-LAF (for CTC-SP2). Optimizing the KTH-SP2
schedule with AWF objective function all at once in “off-line” mode
(CP-OFF-AWF) leads to the similar value of AWF than the result of

4 https://github.com/algo74/predictsim/DEBS2024
5 The fraction of scheduling rounds, in which the scheduler fell back to List-REG, is
considered negligible.
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Figure 2: AWF of schedules of different workload traces pro-
duced by CP-OFF-AWF, CP-AWF, List-LAF, and List-REG as-
suming that job runtime is known to the scheduler. Values
are shown as percentage of AWF for List-REG. Lower is bet-
ter.
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Figure 3: BSLD of schedules of different workload traces pro-
duced by CP-OFF-BSLD, CP-BSLD+, CP-BSLD, List-SPF, List-
SAF, List-SJF, and List-REG assuming that job runtime is
known to the scheduler. Values are shown as percentage of
BSLD for List-REG. Lower is better.

the “on-line” optimization. The similar value of AWF may be due to
a combination of a larger problem size in the “off-line” mode and a
limited number of possibilities for improving the packing efficiency
using the knowledge of the future jobs.

5.2 Average Bounded Slowdown

BSLD strongly improves when smaller jobs get priority during
scheduling. Therefore, List-SJF significantly improves BSLD com-
pared to List-REG (Figure 3). However, Shortest Job First (SJF) order
does not take into account the resource requirements of the jobs.
Smallest Area First (SAF) order often results in more jobs finishing
earlier [7, 27]. Indeed, List-SAF outperforms List-SJF in terms of
BSLD (Figure 3). Nevertheless, the equivalent of HDF for BSLD®
is Smallest Area-Runtime Product First (SPF), where area-runtime
product is ;D jz. List-SPF does deliver lower than List-SAF values
of BSLD on average.

Surprisingly, CP-BSLD often produces a worse BSLD than List-
SPF and List-SAF are able to attain. At the same time, optimizing

© BSLD may be assumed to be a variant of the weighted average response time if the
clipping related to bound k in (3) has negligible effect.
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KTH-SP2 schedule with BSLD objective function in “off-line” mode
results in an order of magnitude reduction of BSLD (Figure 3). This
could represent a theoretically possible scenario wherein the “on-
line” scheduling algorithm, aimed at optimizing the global objective
function (in our context, the metric value of the final schedule),
achieves better results by employing a local objective function (the
objective function being optimized at a single scheduling round)
that differs from its global counterpart. Rather than replicating
the global objective function by using the same formula limited
to the data available at the scheduling round, the algorithm may
benefit from adopting a different heuristic. In this case, minimizing
BSLD using the information available during the scheduling rounds
appears to be less effective for minimizing BSLD globally than
the heuristics that constitute List-SPF and List-SAF. Possibly, an
objective function that anticipates the arrival of smaller jobs in the
future may lead to a further improvement in BSLD.

One could assume that the poor performance of CP-BSLD might
be a result of an insufficient level of optimization, which causes
many scheduling rounds having higher “local” values of BSLD than
what List-SPF or List-SAF would produce. To check this possibil-
ity, we implemented CP-BSLD+ scheduler that, at each scheduling
round, uses List-SPF, List-SAF, and List-SJF to make three alterna-
tive scheduling plans, then further optimizes these plans using CP
Optimizer, also makes a CP scheduling plan “from scratch”, and
finally selects for the round the plan that has the lowest BSLD. As
seen in Figure 3, the schedules of all traces produced by CP-BSLD+
still have higher BSLD than the schedules produced by List-SPF,
even though CP-BSLD+ is guaranteed to reach or improve at every
scheduling round the value of BSLD that any algorithm evaluated
can achieve with the same conditions. Therefore, List-SPF outper-
forms CP-BSLD, most likely, because CP-BSLD has a less effective
local objective function and not because its optimization process is
incomplete.

5.3 Average Response Time

Similarly to BSLD, AF improves when smaller jobs get priority
during scheduling, but not as dramatically. The HDF order for AF
is equivalent to SAF. However, for some of the workloads, List-
SAF resulted in higher values of AF than List-SJF (Figure 4a). For
SDSC-SP2, List-SAF (and List-SJF) produced less optimal values of
AF than even List-REG. The reason for this unreliable performance
of List-SAF lies in its lower packing efficiency. Indeed, according to
AWF (Figure 4b), List-SAF reduces the packing efficiency (compared
to List-REG) more than List-SJF, while for SDSC-SP2 the value of
AWEF of List-SAF is anomalously high. This anomaly is caused by
the inability to handle the workload, as indicated by the continuous
growth of the wait queue in Figure 5. It is worth noting that, while
AWF clearly signal a problem, Utilization, which is often relied upon
to detect such overload, inconspicuously decreases from 82.5% to
78.8%.

CP-AF better preserves the packing efficiency, prevents overload
in the case of SDSC-SP2, and results in stable improvement of AF
over List-REG for all workloads (Figure 4a). Optimizing KTH-SP2
with the AF objective function in “off-line” mode results in an
AF that is comparable with the value obtained with CP-AF. Thus,
AF appears to be a good local objective function for the “on-line”
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Figure 4: Values of AF and AWF of schedules of different
workload traces produced by CP-OFF-AF, CP-AF, List-SAF,
List-SJF, and List-REG assuming that job runtime is known
to the scheduler. Values are shown as percentage of the value
of the same metric for List-REG. Lower is better.
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Figure 5: Number of jobs in wait queue as a function of sim-
ulation time when SDSC-SP2 scheduled with List-SAF and
CP-AF.

scheduling optimization when the global objective is also AF (in
contrast with what we observed for BSLD).

5.4 Level-2 Priority-Weighted Specific Time

While the other studied metrics can be considered linear, PSF is
neither linear nor polynomial. This is possibly a reason why CP
Optimizer performs worse with PZSF as an objective function than
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Figure 6: P’SF of schedules of different workload traces pro-
duced by CP-OFF-P?SF, CP-P?SF+, CP-P*SF, and List-REG as-
suming that job runtime is known to the scheduler. Values
are shown as percentage of P’SF for List-REG. Lower is better.
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Figure 7: Cumulative distribution of queue size in scheduling
rounds of CP-P?SF.

with other metrics. CP-P?SF manages to improve P%SF (over List-
REG) only for KTH-SP2 but not for the other workloads (Figure 6).
Most likely, the heuristics that CP Optimizer uses internally do not
work well for non-linear objective functions, which forces CP Opti-
mizer to fall back to searching through all possible combinations.
As Figure 7 demonstrates, in the case of KTH-SP2, the size of the
wait queue mostly stays below 30 jobs, but for the other workloads
it often gets larger. The brute force approach is unlikely to succeed
for such long queues. However, in case of KTH-SP2, the CP-P%sF
improves P?SF by 8% over List-REG.

To further investigate the causes of the CP approach’s under-
performance in optimizing PZSF, we implemented, similarly to CP-
BSLD+ (Section 5.2), CP-P?SF+ scheduler that, at each scheduling
round, makes and refines through optimization with CP Optimizer
a scheduling plan using List-REG, generates another scheduling
plan “from scratch” with CP Optimizer, and selects for the round the
plan that has yields the lowest P?SF value. As seen in Figure 6, CP-
P?SF+ attains lower P?SF values than CP-P?SF for all traces except
BW201911. CP-P?SF+ also improves P?SF over List-REG by approx.
10% for KTH-SP2, 3% for SDSC-SP2, and less than 0.5% for SDSC-
BLUE. However, P?SF of the schedules produced by CP-P?SF+ for
the other traces (CTC-SP2, CEA-CURIE, and BW201911) is higher
than of the schedules produced by List-REG. Therefore, the inferior
performance of CP-P?SF to a great extent stems from the challenges
that CP Optimizer faces in dealing with the non-linear objective
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functions. Additionally, several workloads present scenarios, analo-
gous to those described for BSLD in Section 5.2, where minimizing
P?SF using the information available during the scheduling rounds
is less effective for minimizing P?SF globally than the heuristics
that constitute List-REG. List-REG finds for each jobs an earliest
opportunity the job can run without delaying the jobs with higher
priority and ensures this opportunity through resource reservation.
This approach is efficient regardless of any knowledge about fu-
ture jobs. On the other hand, CP-P?SF (as well as CP-P%SF+) may
deviate from this strategy in pursuit of a temporary enhancement
of P%SF, although such deviation may turn out unwarranted when
considering jobs arriving in the future.

5.5 Assessing Real-World Applications

Up to this point, our analysis has assumed that every job runtime is
known at the time of scheduling (before job completion time), that is,
our schedulers have used Ej = D; in Algorithm 1 and in (7)-(9). In
real-world HPC scheduling, a job’s runtime becomes known only af-
ter the job terminates. Thus, at the time of scheduling, the scheduler
must make decisions based on estimated runtimes of the unfinished
jobs. The error in job runtime estimation may unpredictably impact
the scheduling efficiency. To evaluate the performance of the algo-
rithms in conditions that closer represent practical applications, we
performed scheduling of the studied workloads approximating job
runtimes by user-provided timelimits L; (that is, E; = L;). In this
evaluation, the CP-based schedulers demonstrate the same or better
robustness to such errors than the list-based approach. The left part
of Table 2 contains the values of the metrics of the schedules pro-
duced using actual job runtimes Dj (the values are relative to the
values produced by the related List-REG that also used D), while
the right part shows results obtained with user-provided timelimits
Lj (correspondingly, the values in the right part are relative to the
values produced by List-REG using L;). The correlation between
the left and the right parts of the table is very good for AF, AWF,
and P?SF (meaning that the performance degradation due to run-
time estimation inaccuracy is similar between CP and list-based
schedulers), while for BSLD the performance of CP-BSLD is better
than the performance of List-SPF, List-SAF, and List-SFF when all
algorithms use L; (although CP-BSLD is not the best when using
Dj).

Therefore, the CP approach may provide a noticeable improve-
ment of HPC job scheduling, especially in scenarios where the
scheduling objective emphasizes packing efficiency and is well rep-
resented by metrics that resemble AF or AWF. Because one of the
goals of this study is to evaluate the potential for improvement of
job scheduling algorithms, our analysis employs simulations that de-
viate from real-world scenarios by not accounting for the time and
resources utilized by the scheduling algorithms. Proper assessment
of the real-world benefits of resource-intensive approaches, such as
CP scheduling, must factor in the cost of running the scheduler. Nev-
ertheless, the results presented herein demonstrate that the CP ap-
proach for HPC job scheduling warrants a thorough evaluation and
may prove cost-effective, particularly for high-maintenance clusters
predominantly used to execute large, rigid, and well-characterized
jobs. The CP approaches are anticipated to become more advanta-
geous in systems with multiple resources, as the packing efficiency
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of list-based algorithms is projected to decline under such circum-
stances. However, investigating the multiple resources problem is
beyond the scope of our current analysis.

While discussing the CP optimization scalability, it is worth not-
ing that the list algorithm with backfill option we utilize in our
analysis also does not scale well with the number of jobs in the
queue. Due to this limitation, real-world schedulers often employ
EASY backfilling [38], which reserves resources for only the first job
delayed due to resources shortage, then switches to greedy mode.
To contrast our investigation’s results with this common real-world
approach, Table 2 lists the metric values of the schedules produced
by EASY in our simulations (a detailed evaluation of EASY with
list-based algorithms is presented in [24]). As EASY typically prior-
itizes smaller jobs by starting them earlier than List-REG does, it
often improves the values of BSLD and AF over List-REG. However,
EASY is not designed to optimize any of the considered metrics
and, therefore, is outperformed for each metric by more suitable al-
gorithms when the algorithms are allowed to use actual runtime D;.
For instance, List-REG outperforms EASY in optimizing P’SF. When
the schedulers have no access to D; and must use the timelimit
Lj, the performance becomes more uncertain, and the difference
between EASY and the other algorithms becomes less pronounced.
Occasionally, EASY can achieve better metric values by accident.

A hybrid of EASY and List-REG, which improves EASY’s fairness
but maintains scalability, involves reserving resources for a limited
number of jobs and then switching to the greedy mode once this
limit is reached [8, 29]. Such an algorithm is implemented, for
example, in Slurm. Similarly, the CP approach can be part of a
hybrid scheduling strategy that schedules a limited number of jobs
using CP and switches to an alternative approach for the rest of
the job queue.

6 CONCLUSIONS

We compared schedules generated by IBM ILOG CP Optimizer us-
ing objective functions based on each of the four metrics (BSLD,
AF, AWF, and P%F) with schedules produced by the most suitable
for each respective metric variants of the list scheduling algorithm.
We demonstrate significant improvements in AF and AWF with the
CP-based algorithms, regardless of whether the scheduler utilizes
job runtimes D; or user-requested timelimits L;. For instance, in
the case of CTC-SP2, CP-AWF improves over the AWF value ob-
tained by List-LAF by as much as 10% when both utilize D; and
by up to 13% when both utilize L;. In the case of optimizing AF,
the enhancement is particularly noteworthy, given the instability
of List-SAF’s performance (which is considered the best list-based
algorithm for AF according to the HDF heuristic). This improve-
ment can be attributed to high packing efficiency of CP Optimizer’s
internal heuristics, whereas the packing efficiency of algorithms
like List-SF and List-SAF is substandard.

For P?SF and BSLD, the CP approach demonstrated limited im-
provements for two underlying reasons. In case of BSLD, the heuris-
tics SPF (the analogue of HDF for BSLD) and SAF are, apparently,
so powerful in improving the metric that deviations from it to-
wards optimizing “local” BSLD value often lead to a worse outcome
globally because the local minimum does not account for the jobs
arriving in the future. Results of optimizing P?SF also suggest that

987

988

989

990

991

992

993

994

995

996

997

998

999

1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025
1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043

1044



1045
1046
1047
1048

1049

1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101

1102

Conference’17, July 2017, Washington, DC, USA

Alexander V. Goponenko, Kenneth Lamar, Benjamin A. Allan, James M. Brandt, and Damian Dechev

Table 2: BSLD, AF, AWF, and P?SF of scheduling algorithms using job runtime or user-requested timelimit. Values are shown as
percentage of the value of the corresponding List-REG schedule. Lower is better.

Using actual runtime D;

Using requested time-limit L;

KTH-SP2  CTC-SP2  SDSC-SP2 SDSC-BLUE CEA-CURIE BW201911 KTH-SP2 ~ CTC-SP2  SDSC-SP2 SDSC-BLUE CEA-CURIE BW201911
BSLD CP-BSLD 32% 18% 27% 15% 23% 8% 38% 2% 45% 25% 6% 2%
List-SPF 29% 15% 2% 13% 16% 8% 43% 57% 97% 82% 8% 33%
List-SAF 31% 17% 23% 12% 16% 8% 44% 58% [109% 98% 7% 2%
List-SJF 33% 17% 27% 15% 23% 9% 44% 43% 77% 43% 28% 33%
EASY  [107% 129% 106% 77% [125% 177% 91% 76% 86% 69% 19% 59%
AF  CP-AF 76% 54% 70% 48% 78% 53% 74% 49% 91% 52% 71% 47%
List-SAF 83% 67% [ii2% 62% 79% 53% 94% 86% [240% 89% 72% 47%
List-SJF 82% 77% [114% 56% 83% 62% 81% 67% [149% 69% 81% 74%
EASY 96% 90% 9% 87% 93% 87% 93% 76% 88% 85% 80% 7%
AWF  CP-AWF 9% 86% 78% 89% 97% 98% 91% 81% 73% 87% 95% 9%6%
List-LAF 94% 94% 83% 92% 100% 98% 94% 94% 75% 91% 98% 99%
EASY  [101% 101% 100% 100% 100% 100%  [101% 9% 94% 100% 99% [102%
PISF  CP-PESF 929, [138% 151% 125% 107% 103% 949 [[130% 122% 130% 110% 17%
List-REG 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100% 100%
EASY  [104% 106% 109% 104% 101% 101% 106% 100% 997 [110% 102% 104%
in certain situations attempts to minimize “local” P’SF may be less ACKNOWLEDGMENTS

efficient than using List-REG strategy. Additionally, P?SF, being a
non-linear function, presents challenges for CP Optimizer when
dealing with large problem instances.

Our investigation highlights the significance of metrics such as
AWF and P?SF in evaluating scheduling quality. AWF offers insights
into packing efficiency, showcasing CP Optimizer’s capabilities
in this aspect. P?SF assesses both packing efficiency and fairness,
revealing improvements attained in the case of KTH-SP2.

CP Optimizer can offer HPC scheduling superior packing effi-
ciency compared to list-based algorithms, particularly evident in
the results for AWF and AF. If the schedulers use L; instead of
Dj, the CP approach also consistently outperforms the list-based
algorithms in the case of BSLD. This also could be attributed to CP
Optimizer’s ability to achieve higher packing efficiency, leading
to earlier completion of all jobs. In contrast, the most appropriate
for BSLD list-based algorithms focus only on completing smaller
jobs earlier, thus depending more on the accuracy of job runtime
estimates. Therefore, CP-based scheduling offer advantages for
high-maintenance clusters primarily running a moderate number
of large, rigid, and well-characterized jobs if high packing efficiency
is a priority. However, practical implementation requires further
research and, possibly, adjustments to CP Optimizer to better ac-
commodate HPC scheduling needs. CP-based approaches could
prove even more beneficial for scheduling in multi-resource envi-
ronments, where the packing efficiency of list-based algorithms is
expected to decline [13, 36]. However, such cases fall beyond the
scope of this investigation. A comprehensive evaluation of schedul-
ing costs and time, essential for accurately assessing the benefits of
the CP approach, along with an analysis of alternative scheduling
approaches mentioned in Section 3.3, are also subjects of future
research. This research may build upon the methodology presented
in this work.
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