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Abstract

For the last few years, job scheduling in large data centers has
been attracting many research interests, especially because of the
larger scales of these infrastructures and the drastic change in the
workload characteristics introduced by Al jobs. The high variability
in the resource demands (in terms of memory, number of cores,
GPUs, etc.) makes the scheduling design extremely complicated,
and the maximum achievable throughput is limited with respect to
the amount of available resources. This is due to the head-of-line
blocking (HOL), i.e., the scheduler has to wait for the termination of
some jobs to make space for a job demanding many resources. In this
paper, we study a killing policy that serves the jobs in a nearly First-
Come First-Served (FCFS) order, i.e., the scheduler preempts the jobs
in service to make space for a large job. In order to make the analysis
realistic, we assume that the preempted jobs must be restarted
once they enter again in service. Our results are summarized as
follows: (i) we show that we can achieve higher throughput than
standard FCFS beside the waste of computational resources due to
the restart policy, (ii) we study a queueing model that allows us to
understand the trade-off among throughput, fairness and energy
waste in a simplified scenario, (iii) we use discrete event simulation
to show that the killing policy allows for higher throughput and
lower expected response times of jobs with workload characteristics
derived from the traces, released by Google, of the Borg scheduler
with respect to FCFS.
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1 Introduction

Resource allocation in large-scale data centers is a crucial problem
in contemporary computer infrastructures. Recent developments
in artificial intelligence, such as the wide introduction of large
language models, have drastically changed the workload character-
istics of data centers. For example, the analysis of Alibaba traces
performed in [23] reveals four important characteristics of the large-
scale data center workloads: spatial imbalance, i.e., heterogeneous
resource utilization across machines and requests, temporal imbal-
ance, i.e., high differences among the jobs’ service times, imbalanced
proportion of multi-dimensional resources, and, finally, imbalanced
resource demands and runtime statistics (duration and task number)
between online service and offline batch jobs. Similar observations
arise from the analysis of Google data center traces as recently
reported in [7, 33].

The primary consequence of such workload characteristics is
an extremely low achievable utilization of the infrastructure due
to what is known under the name of head of line blocking (HOL):
suppose a job at the head of the line of the waiting jobs requires a
large amount of resources that are currently unavailable. If behind
this job there is a job requiring an amount of resources that are
currently available, the scheduler must face an important decision:
should the smaller job overtake the large job or wait in line? In the
second case, we observe HOL. While the first option seems more
appealing, it can create a very important unfairness with respect to
large jobs[9] which are, usually, those paying higher fees.

In the literature, a scheduler is called throughput optimal if it
can approach asymptotically the maximum resource utilization
while the workload intensity increases. Why is approaching this
property extremely important in practice? Suppose that a data
center implements a throughput-optimal scheduler that can handle
a workload whose maximum intensity is A;4,,;. This means that
no other scheduler can handle traffic with higher intensity, i.e.,
any other scheduler can handle only a traffic intensity Amax <
Aideql- In particular, if the scheduler is not throughput-optimal,
then Amax < Ajgeqr- What can we say about the user experience,
i.e., the system’s average response time? Here, it is important to
note that, in general, it is not true that the average response time
with the throughput optimal scheduler is always not worse than
that with the non-optimal one. However, queueing theory tells us
that any infinite capacity system has an average response time that
tends to diverge as the traffic intensity approaches its maximum,
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i.e., Amax OF Ajgeqr- Since Ajgear > Amax, we can conclude that there
must exist ¥ < Amax < A;geqr such that, for all traffic intensities
higher than 1* (i.e.in (1%, Amax)), the average response time with
the optimal scheduler is lower than that with the non-optimal one.
This reasoning can be extended in the comparison of schedulers:
If the two schedulers, say S and S| have maximum workload
intensities A;,};x < )L;fgx, respectively, then, in heavy traffic (for S(1)
scheduler), the expected response time with S2) s lower than that
with §(1).

In order to achieve throughput optimality or good approxima-
tions, several strategies have been proposed in the literature. A
family of schedulers known as backfilling [24] requires jobs to de-
clare their service times, and overtaking is allowed if it does not
affect the waiting time of the jobs in the head of the waiting line.
This is a widely deployed strategy in nowadays data centers, and
it is implemented in most practical schedulers (e.g., SLURM [34]).
However, knowing the jobs’ service times is not an easy request,
and in many cases, it just moves the problem of the underutiliza-
tion of the resources to the end-users, who now have to estimate
accurately their jobs’ service times.

Several works have also explored relying on system predictions
instead of using user estimates. Tsafrir et al. [31] proposed a back-
filling approach based on runtime predictions inferred automati-
cally from historical execution data. While such prediction-based
methods can reduce the burden on users, their practical deploy-
ment raises several challenges. In particular, inaccurate predic-
tions—especially underestimations—may lead to premature job ter-
mination, which can be unacceptable in production environments.
Moreover, these approaches typically rely on maintaining and pro-
cessing historical user data, which may incur computational and
memory overheads at scale. Interestingly, prior studies [27, 35] have
also observed that inaccurate user estimates might even be benefi-
cial to the system by implicitly smoothing scheduling decisions. As
a result, prediction-based backfilling techniques have seen limited
adoption in practice.

Preemption is another technique that can be used to approach
throughput optimality. This is used, e.g., by the scheduler Server-
Filling [15, 17]. Intuitively, the scheduler can remove running jobs
whenever a better way to fill the servers is discovered, thanks to the
most recent arrivals. One assumption required to reach throughput
optimality is that preemption can be performed in zero time and
without a waste of computation. This can be extremely difficult in
many practical scenarios.

In general, the efficiency of schedulers has been recently stud-
ied within the framework of queueing theory, as recommended
in [19], with the introduction of the multiserver-job queueing model
(MJOM). In this queueing system, jobs belong to a certain class,
which is associated with a deterministic demand of resources (e.g.,
CPUs) and a random service time. Resources are acquired and
released simultaneously. A job can enter service only if all the
demanded resources are available. The model is extremely useful
because it captures the problem of HOL, which appears in real data
centers. HOL makes the queueing model non-work conserving (see
Def. 3.1) and therefore different from traditional queueing models.

Our contribution. In this work, we analytically study for the first
time the preemption-restart policy for multiserver-job systems. In
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simple words, under certain conditions, our scheduler decides that a
better occupation of the resources is possible, and hence it stops the
execution of some jobs in service. These jobs are then rescheduled
for service and restart from the beginning. Two aspects of this pol-
icy should be highlighted: (i) the work performed on a preempted
job is lost and hence must be redone; (ii) the model resembles the
truly preemption-restart policy and not the preemption-resample
policy, which, in general, tends to underestimate the system’s work-
load (see Section 3). The main result of this work is that, differ-
ently from most conventional (work-conserving) queueing models,
preemption-restart can improve the maximum throughput reachable
by multiserver-job queueing models with respect to the First-Come
First-Served policy at the cost of the energy wasted for the restart
operations. We mathematically prove this statement for a simplified
scenario, in which we consider two classes of jobs, one requiring a
single server and the other requiring all servers. But the hypothesis
is also tested by simulation on the real-world dataset.

Structure of the paper. The paper is structured as follows. Sec-
tion 2 discusses some related works, and in Section 3, we introduce
the problem and the notation used throughout the paper. Section 4
introduces the problem in a simplified scenario and provides the
analytical results in saturation. These results will be extended in
Section 5, where we carry out a thoughtful simulation study to
support the insights obtained with the analytical results in the
simplified scenario. Finally, Section 6 concludes the paper.

2 Related Work

Works on preemption policies have a long history. One of the ear-
liest formal treatments of preemptive service disciplines can be
traced to [14]. This paper introduces analytical models for queues
in which service can be interrupted and later resumed or restarted,
depending on the policy. Gaver establishes foundational results
for systems with priority classes and systems with preemptive-
resume or preemptive-repeat (restart) disciplines. Building on this,
Jaiswal [20] studied the preemptive-resume policy, in which pre-
empted jobs resume service from the interruption point and the
portion of service already completed is preserved. The paper de-
rived the steady-state generating function of the queue length and
the Laplace transform of the busy-period distribution.

Chang [8] extended this line of work to priority queues. In the pa-
per, preemptive policies are classified into three disciplines, depend-
ing on how jobs are treated upon returning to service. Along with
the preemptive-resume policy, the preemptive-repeat discipline has
two variants. The preemptive-repeat-identical policy, also known as
the preemptive-restart policy, assumes that interrupted jobs restart
with the same required service duration as before interruption. The
preemptive-repeat-different policy, or preemptive-resample, restarts
jobs with a new service time sampled from the same distribution.
Chang provided a systematic method to obtain the stationary distri-
butions of queue size, waiting time, and busy period for all priority
classes.

More recent works have provided new perspectives on preemp-
tive policies. Roy et al. [28] showed that resetting a job with a
new service time can significantly affect the average waiting time,
even without priority classes. Fralix et al. [11] studied all three
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disciplines—resume, resample, and restart—under a Last-In—First-
Out (LIFO) service rule. Their work demonstrated how a natural
coupling procedure can establish a recursive approach for cal-
culating the busy period, which can then be expressed via its
Laplace-Stieltjes transform.

So far, these results have considered only single-server systems.
An important early survey of service-interruption models is given
by [22] that reviews queueing systems subject to various types
of interruption and different modeling (resume/restart). The work
identifies major gaps in the literature — notably, the limited study
of preemption disciplines in multiserver settings, as studied in
our work. One modern baseline for preemptive scheduling in mul-
tiserver systems is the ServerFilling policy. Grosof et al. [15, 17]
introduced ServerFilling for the multiserver-job model, where jobs
require multiple servers concurrently. Unlike traditional FCFS or
simple packing policies, ServerFilling seeks to keep all servers busy
whenever possible and provides the first known bounds on mean re-
sponse time in heavy-traffic conditions. The policy uses preemptive-
resume method and assumes that all job classes have server require-
ments that are powers of two, which enables throughput-optimality
under this condition.

Another closely related line of work considers scheduling poli-
cies that uses preemptive-restart mechanisms and operate without
prior knowledge of job service times. Harchol-Balter [18] proposed
TAGS (Task Assignment with unknown duration), a policy designed
for heavy-tailed workloads in distributed systems. In TAGS, arriv-
ing jobs are dispatched to individual servers with increasing limits.
If a job does not complete before the limit at a given server, it
is killed and restarted at another server with a higher limit. This
mechanism effectively implements a preemptive-restart discipline
without requiring service-time information. TAGS prioritizes short
jobs while allowing long jobs to progress gradually, leading to rela-
tively uniform slowdown across different job sizes. However, TAGS
may incur substantial wasted work due to repeated restarts and
can suffer from underutilization of servers with higher limits, with
larger jobs being disproportionately penalized.

Fei et al. [10] extended the TAGS framework in the KOALA-C
resource management system, targeting integrated multicluster
and multicloud environments. KOALA-C introduces two TAGS-
based policies to mitigate the limitations of the original approach.
TAGS-chain organizes servers into chains with increasing runtime
limits, where jobs are restarted along the chain upon exceeding
their current limit. To improve load distribution, jobs are assigned
to chains either uniformly at random or in a round-robin fashion.
Despite this, higher-limit servers within each chain may still remain
underutilized. TAGS-sets further addresses this issue by grouping
servers into sets: early sets contain many servers with low limits,
while later sets contain fewer servers with higher limits. This de-
sign improves utilization balance while preserving the core TAGS
principle.

However, while TAGS operates in a multiserver environment,
each job is executed on a single server at a time, and thus the model
does not consider jobs requiring multiple servers simultaneously,
as in the multiserver-job settings.
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3 Background

In this section, we review the main results for MJQM and introduce
the notation used throughout this work.

We consider a MJQM with infinite buffer capacity and N servers.
Customers arrive according to independent Poisson processes and
belong to a certain class m, where 1 < m < M. The arrival rate of
class m is A, and the aggregated arrival rate is A = Zﬁ\n/le Am. We
use pp, to denote the ratio A, /4, i.e., the proportion of jobs of class
m. Each class requires a deterministic amount of servers n,, for a
random service time with mean ;). The required servers must be
obtained simultaneously and are also released simultaneously. We
assume the servers to be identical and with unitary speed.

Given a certain occupancy of the servers and the buffer, the
scheduler decides at each instant if any change should be applied
to this configuration.

A key property of schedulers that characterizes most well-known
queueing systems is that they are work-conserving.

Definition 3.1 (Work-conserving scheduling policy). A scheduler
is work-conserving if it does not create or destroy work and if there
cannot be jobs in the waiting line while there are idle resources.

MJOM with FCFS scheduler is an example of a non work con-
serving scheduler. In fact, since resources must be allocated simulta-
neously, there are several cases where we have idle servers and jobs
in the buffer that cannot take advantage of these spare resources.
This phenomenon has been deeply investigated in [16, 26].

Therefore, given an arrival rate A, the total work arriving at
the system is A Z%]:l Pmtmiiy!, which must be strictly lower than
N. This allows us to derive the stability condition for an optimal,
work-conserving scheduler:

N

Z%;l Pmlmin

Since for MJQM, schedulers may be not work-conserving (and,
indeed, most are not), the stability condition is more restrictive
than A < Ajgeq1- We use Amax to denote the maximum arrival rate
for a MJQOM. Apax is known explicitly only for a few cases, even
for a simple discipline like FCFS; in general, it is limited to the
case of two classes only. In [26], the authors present an analysis of
the stability region for two-class MJQM systems in the one-or-all
scenario using the saturation technique. This work was extended
in [3], which provides exact closed-form solutions for several key
performance metrics. Moreover, it relaxes the one-or-all assump-
tion by allowing large jobs to require fewer than N servers, instead
specifying a server requirement, T, that is divisible by N. Further
analysis was carried out in [2, 5], extending the stability analysis
to non-exponential service distributions, including heavy-tailed
distributions such as Pareto. Additional extensions were presented
in [4], where the matrix geometric technique was applied to Cox-2
distributions, which have heavier tails than exponential distribu-
tions. This work not only provides stability analysis but also gives
closed-form matrix expressions for several key system performance
measures.

A scheduler is said preemptive if it can remove jobs from the ser-
vice room and put them in the buffer before their natural completion.
In the literature, we have three policies to restore the computation:
(i) resume, i.e., the work done on the job is not wasted and once

A < dideal =
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restored the job continues as if it were not interrupted; (ii) resample,
i.e., the service time is resampled from its distribution; (iii) restart,
i.e., the work on the job must be restarted but it keeps the same
service time that it had the first time it entered the system.

Preemption-resume requires the scheduler to save the state of the
job and restore it when needed. This is assumed to be done in a
negligible time so that no work power is wasted. However, for jobs
in the cloud, this operation might be prohibitive [29]. Preemption-
resample is a policy that makes the system tractable in many sce-
narios since the model state must account just for the number (and
possibly order) of the preempted jobs in the buffer and not their
service times. However, even for exponentially distributed service
times, it changes the workload since the jobs that are preempted
are usually the longest ones, and once they return to work, they
are distributed as all other jobs. In fact, preemption-resume and
preemption-resample are indistinguishable for exponentially dis-
tributed service times [32], proving that we are not accounting
for the waste of work done. It is also difficult to motivate the fact
that the same job entering in service twice faces two independent
service times. Preemption-restart is more realistic than preemption-
resample for most systems; however, it poses more difficulties in its
analysis because we must be sure that once a preempted job is put
back in service, its service time must not be lower than the amount
of work we already did on the same job before the preemption.
Therefore, the state of the system must account for this. In this
work, we will focus on this latter policy implemented in the MJQM.

Hereafter, we use the usual acronyms for probabilistic analysis:
random variable (r.v.), probability density function (pdf), cumulative
density function (CDF), independent and identically distributed
(iid.).

4 Understanding the Problem via a Simplified
Scenario: Analytical Results

Let us consider the MJQM with an infinite number of servers (i.e.,
N = o0) and only two classes of jobs: small jobs that require only
one server and big jobs that require all servers. Notice that, differ-
ently from common queueing systems with infinite servers, this
model is not unconditionally stable because of the demand of the
large class [5]. We assume independent service times, exponentially
distributed for small jobs with mean y; !, and arbitrarily distributed
with mean y;l for big jobs. The only assumption we impose on
the arrival process is that each job independently belongs to the
small class with the probability ps, and to the large class with the
probability p; =1 — ps.

If we consider a FCFS scheduler, we can visualize two alternating
phases: (1) big jobs are being served, and we serve a geometrically
distributed sequence of big jobs; (2) small jobs are in service and
when a new small job arrives, it either enters in service immediately
if there is no big job waiting in the buffer, or it waits in the queue
in FCFS order. The sequence of small jobs that we serve is also
geometrically distributed.

4.1 Killing policy

Observe that the loss of computational power in FCES is due to
the HOL. In this simplified scenario, we have that the head of the
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waiting line is occupied by a big job followed by a small one, and
there is at least one small job in service.

A naive killing policy. The easiest way to address the problem of
reducing the waste of resources is to kill all small jobs in service
when their number is less than or equal to a fixed integer v > 0.
These jobs are sent back to the waiting line, and their service will be
restarted once they are back in service. Unfortunately, this policy
does not work in practice. Consider a saturation scenario with
an infinite many waiting jobs and v = 1, i.e., when the system is
serving small jobs, the last one is killed and it will join the next
sequence of small jobs. Since all small jobs in a sequence enter in
service simultaneously, the killed one is the one with the largest
service time. This will enter in service after the departure of the big
job that it created space for. The process repeats, but we can observe
that, according to this naive policy, in saturation, we postpone the
service of the longest job indefinitely. In practice, in heavy-load, this
policy creates an unfairness against small jobs with long service
times that can be preempted many times before being served.

Note that this policy with preemption/restart scenario can, in
principle, be applied in other schedulers, e.g., Server-Filling. But
in the latter case, some small jobs will still suffer from the same
problem, i.e., excessively long delays due to many preemptions.

Our killing policy. In order to avoid the problems of the naive
policy, we introduce a first rule for our policy: never kill the same
Jjob more than once. This avoids the scenario of extreme unfairness
toward small jobs with long service times. However, this is not
enough to design a smart policy. In fact, if we kill a small job, this
must be the longest of its batch, and it has a high probability to be
the longest also of the next batch of small jobs. As a consequence, in
many sequences of small jobs, we will not preempt any job and thus
HOL will still play a major role in wasting computational resources.
Therefore, we introduce a second rule: preempted jobs will be served
together after at most every K big job services. Therefore, we have
a non-preemptable session for the preempted small jobs either
when all servers are idle or after the service of every K big jobs.
After serving the preempted jobs, we reset the counter of the big
jobs. This policy has two advantages. Firstly, it groups together the
longest small jobs. Secondly, all the phases of service of small jobs
(with the exception of those containing only preempted jobs) will
be served by using preemption as a method to limit the impact of
HOL. We will explain the extension of this policy to an arbitrary
number of classes in Section 5.

Example 4.1 (Trace of model with K = 3 and v = 1). Let us
consider the example depicted in Figure 1. We explain the policy
using the idea of a cycle of K = 3 jobs. The cycle begins with the
departure of the last small job of a non-preemptable batch of small
jobs. Therefore, there is no preempted job waiting for service. The
first big job enters in service, followed by the first batch of small
jobs entering service (Phase 1). It consists of 3 jobs among which the
two smallest are completed, while the longest one is preempted and
stored in the orange box (waiting room). In Phase 2, another big job
is in service, and at its completion, the batch with 4 small jobs enters
service. One small job is preempted and stored in the orange box.
Now, we have Phase 3. After the third big job service completion,
the scheduler puts into service all preempted jobs together with
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Waiting line for the
non-preempted jobs  Service room  Cyele begins: Phase 1 with 1 big job Phase 1 with 3 small jobs

H-H g H-HIHA

Wamng line for preempted jobs

Phase 2 with 1 big job

Phase 2 with 4 small jobs Phase 3 with 1 big job

Pl.\ase 3 with 2 small jobs and 2 preempted small jobs New cycle begins

Figure 1: Example of preemption-restart policy with K =3
andv=1

the third batch of small jobs. This phase contains the preempted
jobs; therefore, no further preemption takes place (even for the jobs
that are served for the first time). The new cycle can begin.

4.2 Modeling assumptions and limitations

In this work, we introduce two models for the analysis of the killing
policy: a simulation model used to study systems with arbitrary
number of classes and obtain estimates of the jobs’ waiting times,
and an analytical model used to study the stability region of the
killing policy in an exact manner. First, we introduce the assump-
tions on the simulation model used in Section 5, then we add the
assumption required by the analytical model.

The simulation model relies on the following assumptions: The
model has an arbitrary number of classes and their arrival processes
and service times are independent. Each class is also characterized
by the required number of cores which is deterministic. The service
times are independent but their distributions depend on the class,
while the arrival processes are independent Poisson streams. We
assume that the server has only one resource type, namely the
cores, and jobs’ requests are not elastic, i.e., if a class requires n
cores it can enter in service only if there are at least n available
cores. The killing process employ a preemption-restart policy, i.e.,
the preempted job maintains memory of its original service time
once it returns in service. Moreover, the preemption is assumed to
be instantaneous, i.e., without switching delays.

When we consider the analytical model, we have more assump-
tions with respect to the simulation model. First, we consider only
two classes of jobs: small jobs require 1 server and big jobs require
all servers. The number of server is very large, i.e., we can put in
service any finite amount of small jobs in parallel. Service times are
exponentially distributed for small jobs while they are general for
big jobs. Quite interestingly, since we propose a saturation based
stability analysis, the results are independent of the distributions
of the inter-arrival times, as long as the class of the customers is
chosen according to a Bernoulli trial.

While the simulation model’s assumptions are rather general,
the analytical models’ ones are much more restrictive to allow the
derivation of mathematically rigorous results. These results play
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two roles: (i) they mathematically support the counter-intuitive re-
sult that preemption-restart improves the system’s stability region
instead of decreasing it and (ii) it helps the intuition behind this
phenomenon.

In practice, real data centers may exhibit more than two job
classes with non-exponential service times, and/or non-negligible
preemption overheads. Furthermore, the one-or-all configuration
is a restrictive workload model, but not without some relevance.
Indeed, in database management systems (DBMS) [13], tasks such
as database updates and queries can be effectively modeled as
big and small jobs, respectively. To achieve the so-called conflict-
serializability, DB updates must not run concurrently with other
updates or read-only queries [1]. This requirement means that
DB updates can be represented as big jobs, that occupy all avail-
able cores to prevent other simultaneous operations. Conversely,
read-only queries, typically more frequent and faster [12], can be
modeled as small jobs that are processed concurrently. Extending
the analysis to more general service time distributions and more
than two classes of jobs is left for future work.

4.3 Analysis of the stability region of the
system with preemption-restart

In order to derive the stability region of the system with two classes,
we resort to the saturation assumption presented in [6]. This method
allows us to explicitly obtain the stability condition, and this will
be insensitive to the distribution of inter-arrival times as long as we
have independent class probabilities. In simple terms, we assume
the system has an infinitely long waiting line and compute the
throughput of the system in this scenario. This will be the maximum
arrival intensity that the system can handle. Recall that the event
that generates the preemption is v small jobs in service with the head
of line occupied by a big job. If, at the departure of a big job, there
are not more than v jobs followed by a big job, these do not enter
in service.

The behavior of the system consists of K phases. We iterate
exactly K — 1 times the service of a big job, followed by a (possibly
empty) batch of small jobs where preemption can occur. Then, we
serve the K-th big job followed by the preempted jobs together with
the last batch of small jobs, and the cycle begins again. The moment
in time when the last job of the last batch leaves the system is a
renewal epoch, i.e., the system loses its history and restarts again.
Therefore, the throughput of one cycle is indeed the throughput of
the entire process, and by [6] it is the maximum arrival rate that
can be handled by the system.

Let S be the r.v. representing the number of small jobs in a
sequence, i.e.:

Pr{S =n} = ppp5 , 1)
where pj, and p; are the frequencies of big and small jobs, respec-
tively, and n > 0. Since we consider that the sequence of small
jobs can have length 0, the sequence of big jobs is deterministically
equal to 1. For example, this means that two consecutive big jobs
are seen as two sequences of big jobs of length 1, with in between
a sequence of small jobs with length 0.

Let Ts be the random variable describing the length of a period
of service of small jobs that have never been preempted. Notice
that, since we have infinite servers, all small jobs enter in service
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simultaneously. We have:

1 ifS<v
S
Pr{Ty <x|S}= S . . 9
j=S—-v
where the expression for the case S > 1 is the CDF of the (S — v)th
order statistics of S ii.d. exponential random variables with param-
eter ys.

By deconditioning, we obtain the following lemma whose proof

is reported in the Appendix.

LEMMA 4.2. The CDF of the duration of service of a batch of small
jobs is:

P v+1
Pr{Ty <x}=1-|———
7'{ s S X} (pbel‘sx +Ps) (3)
and its mean is:
1[&p!
E[T] = ——| Y 2 +1ogpy @
Hs = J

Since each phase of service of big jobs consists of exactly one
job, we clearly have E[T}] = ,ul:l. It remains to compute the length
of the final phase where the preempted jobs are served together
with non-preempted jobs.

Let us now characterize the statistics of the longest preempted
job in a batch. Let J be the r.v. modeling its service time, taking
into account that if we do not preempt any job because S = 0, we
consider this length to be 0. Then we have:

Pr{J < x|S} 1 ifS=0
r{] < x|S} = .
(1—e #X)S ifS>0
By deconditioning, we obtain:
Ps
P <x}=1-——7—.
= eHXpy + ps

Now, let J1, J2, ..., Jx—1 be the i.i.d. random variables modeling the
durations of the batch-longest K — 1 killed jobs. The distribution
of the length of the phase of service of the killed jobs Tj is the
maximum of Ji, ..., Jx—1 and the maximum of the length of the jobs
of the Kth cycle of service of small jobs. Notice that this maximum
is also distributed as J. Therefore, we have:
o )K

etsrpy+ps)
We can now state Lemma 4.3 whose proof is reported in the appen-
dix.

Pr{T; < x} = (1

LEMMA 4.3. The expectation of Tj is:

1 K-1 1-— {7
E[Tj] = — — —log py,
J Hs ; J

At this point, we can obtain the stability condition of the MJQM
system with preemption-restart.

THEOREM 4.4 (STABILITY OF MJQM WITH PREEMPTION-RESTART).
The stability condition of the MJQM system with preemption and

restart is:
1 K
A< —
pp E[Tc]

: ®)
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where:
E[Tc] = (K - 1)E[T;] + IJE +E[Ty].
b

Proor. The expected length of a cycle of the renewal process is
E[Tc] = (K - 1)E[T;] +K,u;1 + E[Ty], since we have K — 1 phases
of service of small jobs with preemption, K services of big jobs,
and, finally, one phase of service for the preempted jobs. During
this renewal cycle, the system has served exactly K big jobs. The
expected number of small jobs is coupled to this quantity by the
properties of the arrival process. Therefore, the throughput of big
jobs is K/E[T¢] and, by [6], this is also the maximum arrival rate
for the big jobs. Therefore

K
GERNTER
which simply brings us to the statement of the theorem. O

4.4 Performance indices
In order to assess the performance of our killing policy, we introduce
some metrics to complement our stability analysis and use the
MJQM system with FCES as a benchmark for comparison. The first
index that we use is clearly the maximum workload intensity that
can be handled by the system, namely A5CFS and MY for FCFS
and our killing policy, respectively. By Theorem 4.3:

Kv _ 1 K

" pp E[Tcl’
where we recall that E[T] depends both on v and K. For FCFS, we
can derive the expression from [26]:

-1
s - L (Lot
max :

Py \Hp Hs
Let WFCFS and WK-V be the rate at which we waste computational
power for FCFS and our killing policy, respectively. We assume, as
a unit of measure, that each unit of time of computation requires

the same amount of energy. Clearly, WJF CFS — 0, and we have:

Wasted computational energy in [0, t)

WY = lim
t—oo t

We can evaluate explicitly WJK’V in saturation during a renewal
cycle and extend it to the whole system.

LEMMA 4.5 (WASTED COMPUTATIONAL POWER). In saturation, the
wasted computational power is given by:
(K - 1)vE[T;]
E[Tc]
The proof is given in the appendix.
Finally, we introduce a fairness index. Consider the expected
amount of time that preempted jobs have to wait before entering
in service with respect to those that are not preempted. We define
E [D§( ] as the ratio between this accumulated delay and the total

wk = (6)

number of small jobs served, i.e.:

DKV _ im Extra delay of preempted jobs in [0, t) .
Js 00 Apst
Similarly to the previous cases, we study the index under the
saturation assumption. The following Lemma gives a closed-form

expression for this index.
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(a) Stability region
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v

(b) Wasted power

Figure 2: Analysis of stability and wasted power with p; =
0.95, us = 0.8, and yp, = 0.1

LEMMA 4.6 (EXTRA DELAY FOR SMALL JOBS). In saturation, the
expected extra delay for the small jobs can be computed as:

kv _K-1 K-2 -1y, 1
D= = (=ps) | 5= ElTsl + 1, ) +

K-1
+ Po

The proof is given in the appendix.

LeEmMmA 4.7 (EXTRA DELAY FOR PREEMPTED JOBS). In saturation,
the expected extra delay for the preempted jobs can be computed as:
- - )2
(E[Ts] + py ") + iyt + —————VE[T]. (8)
SRR BN T R
The proof follows the lines of Lemma 4.6.
Clearly, for FCFS, there is no extra delay.

Ky _ K-2
D]P 9

4.5 Illustrative example

Let us consider a system under heavy load that we study with the
saturation assumptions presented in this section. The arrival pro-
cess has 95% of small jobs (ps = 0.95, pp, = 0.05) and y; ! = 1.25 and
Hy 1 = 10. Figure 2a shows the relation between v and the maximum
workload intensity for various values of K. We observe that higher
values of K and v give larger stability regions. Figure 2b shows the
power cost of preemption-restart. First, notice that when v is very
small or very big, the wasted power is limited because either we
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(b) Extra Delay for small jobs

Figure 3: Delay analysis with ps = 0.95, yg = 0.8, and p;, = 0.1

preempt only a few jobs or because we preempt so many jobs that
the duration of a preemptable service batch is very small. Further-
more, we observe that higher values of K increase the fraction of
sequences of small jobs that suffer preemption, and hence we have
higher power waste. The (wrong) conclusion one may be tempted to
draw from these figures is: do not start the service for any small job
(v — o0) for K — 1 sequences and let K be as big as possible. In this
way, one does not waste power and obtains the maximum stability
region. Actually, for the saturated scenario with two classes, this
policy would be an approximation of the scheduling discipline MSF
and, in practice, may not be a good idea. In fact, MSF in heavy-load
leads the system to behave in a bimodal manner, i.e., serving long
sequences of big jobs followed by long sequences of small jobs.
This intuition is formally captured by Figure 3a that reports
the extra delay experienced by preempted jobs under our killing
policy for different values of K and v. We observe that increasing K
leads to a larger average extra delay, which corresponds to reduced
fairness: preempted jobs must wait through more service cycles
before restarting. In contrast, increasing v generally reduces the
average extra delay per preempted job. A larger v increases the
likelihood that the sequence of small jobs in service is shorter
than v, reducing the chance that a preempted small job has to
wait longer for the non-preempted jobs to finish service, even in
its own batch. In extreme cases where v is very high, small jobs
may be preempted almost immediately upon entering service (i.e.,
Pr{S > v} becomes small), thereby minimizing wasted power and
reducing the extra delay. Figure 3b shows a different behavior when



ICPE 26, May 04-08, 2026, Florence, Italy

examining the extra delay for all small jobs, including the non-
preempted ones. While preempted jobs individually wait less, their
waiting time becomes a larger fraction of the cycle because the
number of preempted jobs grows as we increase v, which reflects
a trade-off in fairness: reducing absolute delay per job may still
increase the relative impact they collectively have on the system.

In conclusion, this analysis shows a clear trade-off that the system
administrator can face: on the one hand, a more aggressive preemption
policy toward small jobs can lead to better performance at a relatively
low energy cost; on the other hand, the unfairness toward jobs requir-
ing a small amount of resources can soon become intolerable.

4.6 Simulation experiments for the
non-saturated scenario

To complement the analytical results, we also perform a simulation-
based! analysis—particularly to evaluate performance metrics that
cannot be obtained analytically, such as the response time. We
use the same parameter configuration as in Figure 2 and 3. We
set the number of servers to a sufficiently large value so that the
simulation closely approximates the analytical results when the
workload intensity is high. In all experiments, we use N = 2048.

One thing to notice is that under low-load conditions, preempted
jobs will experience longer waiting times before being restarted.
This occurs because the low arrival rate of large jobs extends the
duration required to complete K cycles of large-job service phases.
Consequently, the waiting time for preempted jobs may become
excessively long. To mitigate this effect, we have a secondary con-
dition that allows the restart of preempted jobs: when the system
becomes completely idle (i.e., no jobs remain in either the buffer or
the service area), the service of preempted jobs can begin.

Figure 4a shows that the response time under our proposed
policy is consistently lower than that of FCFS. The asymptotic
line follows the stability region illustrated in Figure 2a. The same
figure also compares the performance when varying the parameters
K and v. Increasing v generally yields a greater improvement in
response time than increasing K. However, when v exceeds the
average sequence length of small jobs, i.e., ps/pp, the improvement
diminishes. For instance, if the average small-job sequence length
is 19, setting v = 100 provides little benefit, since only about 19
small jobs are likely to be preempted in one sequence.

Figure 4a also provides intuition for selecting optimal parameters:
the best performance is achieved when the total number of jobs
killed within a cycle of length K is approximately equal to the
total number of servers, i.e., v(K — 1) ~ N. Furthermore, Figure 4i
demonstrates that our policy continues to outperform FCFS even
when job service times follow longer-tailed distributions, such as
the Bounded Pareto distribution. The only drawback occurs under
low-load conditions, where FCFS performs slightly better—although
it becomes unstable more quickly than our killing policy as the load
increases.

Figure 4b compares response times under low and medium-load
conditions. We observe that FCFS slightly outperforms our killing
policy when the load is low; a similar trend is visible in the medium
load. This occurs because infrequent job arrivals increase the wait-
ing time for preempted jobs, as the system takes longer to complete

Thttps://github.com/UniVe-NeDS-Lab/mjqm-simulator
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K large-job service cycles (i.e., K — 1 preemption cycles). However,
as the load increases (see the right-hand side of Figure 4b), FCFS
becomes unstable more quickly than our policy. This behavior is
confirmed in Figure 4c, which shows that at high loads, our killing
policy clearly outperforms FCFS.

In addition to overall response time, we also measure the re-
sponse times of small and large jobs separately. Since the mean
service times differ between classes, Figure 4g focuses on their re-
spective waiting times. Our policy reduces the waiting time of large
jobs while slightly increasing that of small jobs. When v(K — 1)
is large—close to N—we observe that at medium loads, small jobs
experience higher waiting times under our policy than under FCFS.

The gap between the waiting times of small and large jobs widens
as either K or v increases. At first glance, this might suggest that our
policy is unfair to small jobs. However, under FCFS, especially at
medium load, lower overall response times are achieved by allowing
large jobs to suffer from HOL blocking. Since large jobs contribute
a significantly larger fraction of the total system load, FCFS can
actually be considered less fair overall.

To capture both performance and fairness, we introduce the
weighted overall response time, defined as:

MmPm

where pp, = is the system load contributed by class-m jobs,
derived from the product of the server need, average service time,
and the probability of that class, and p = Z]r\n'l:l pm is the total
system load of all M classes. Here, the weight assigned to each class
corresponds to its contribution to the total system load. A policy
achieves a better weighted response time if it prevents large jobs,
which contribute most to the load, from excessive HOL blocking.

Figure 4h compares the weighted overall response times of our
policy (under various parameter settings) with those of FCFS. As
shown in the figure, under medium load conditions, all configu-
rations of our policy outperform FCFS. This consistent advantage
persists as we increase K and v, demonstrating improved weighted
response times across a range of load levels.

We now turn to the impact on the preempted jobs themselves. Fig-
ure 4d shows their extra delay, exhibiting the same trends observed
analytically in Figure 3a: lower v increases delay since preemptions
occur later in the small-job sequence, while higher K increases
delay by extending the number of service phases before restarts.
However, Figure 4e shows that the normalized delay (per all small
jobs) increases with v, emphasizing the trade-off between choosing
the right value of v, which has a different impact both ways.

Finally, Figure 4f shows the wasted power resulting from our
policy. Consistent with the analytical results in Figure 2b, increas-
ing K leads to a slight rise in wasted power due to the additional
preemption cycles before restarts occur. In contrast, increasing v
does not necessarily increase wasted power. In fact, higher wasted
power tends to occur when v lies between 1 and ps/p;, (the average
length of a small-job sequence). When v is very large, nearly all
small jobs in a batch are killed immediately, resulting in less power
wasted on partially served preempted jobs. Conversely, for inter-
mediate v, more service time is expended on small jobs before they
are terminated, increasing the overall power wasted in the system.
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Figure 4: Analysis of the system through simulation with ps = 0.95, us = 0.8, y, = 0.1 and N = 2048

5 Extension to systems with an arbitrary
number of classes

In this section, we aim to define a general killing policy applicable
to systems with more than two job classes. Since we now consider
a finite number of servers, the total number of servers occupied by
the jobs terminated within a working cycle must not exceed the
total number of available servers, i.e., N > K - v. This ensures that
all preempted jobs can be restarted simultaneously. We continue
with identifying the conditions under which job termination (or
“killing”) can be initiated:

(i) The number of servers occupied by the job(s) selected for ter-
mination must be not greater than v. In one-or-all scenarios, this
corresponds to the number of small jobs currently in service.

(ii) The size of the job at the head of the line (HOL) must be big-
ger than the total number of servers currently occupied. In other
words, we kill some jobs in service only if, as a consequence of
this operation, the job at the head of the line can enter in service

and the utilization of the resources is improved. We use the job
size—or equivalently, server occupancy—as the reference metric in
determining the value or priority of killing.

After a killing operation is performed, the servers are expected
to be idle, allowing the HOL job to enter service. Additional sub-
sequent jobs may also be admitted, provided they fit within the
available server capacity. This relaxes the strict one-or-all assump-
tion, as the HOL job may not necessarily occupy all servers. Once
we have executed K — 1 killing operations, all previously termi-
nated jobs can be restarted. We first reintroduce the killed jobs into
service, followed by any subsequent jobs that can fit within the
remaining server capacity. All these jobs begin service simultane-
ously. Importantly, the restarted jobs—and any additional jobs that
start together with them—cannot be terminated. We also use the
idle-system condition previously explained to mitigate the poten-
tially longer waiting time that the preempted jobs could receive
due to the longer time needed to reach K — 1 killing phases.
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After this restart phase, the system once again permits killing
operations, effectively resetting the process with zero preempted
jobs. The pseudo-code can be seen in Algorithm 1.

Algorithm 1 Extended Policy for Multi-Class Systems

1: while event < n_events do

2 if event = arrival then

3 add job to buffer

4 else if event = departure then

5 busy_servers < busy_servers — job.size

6: if job is in non_preemptable_jobs then

7 non_preemptable « non_preemptable — 1
8 end if

9 end if

10: if jobs_can_enter then

1 put jobs from buffer into service

12: end if

13: if killing_permitted and busy_servers < v and

kill_cycle < K — 1 and HOL_job_size > idle_servers and
HOL_job_size > busy_servers then

14: preempt all jobs in service

15: put HOL_job into service

16: kill_cycle « kill_cycle + 1

17: end if

18: if kill_cycle = K — 1 or idle_system then

19: jobs_can_enter « false

20: killing_permitted « false

21: if idle_servers < preempted_jobs_size then
22: continue

23: end if

24: for each job in preempted_jobs do

25: put the job into service

26: non_preemptable « non_preemptable + 1
27: end for

28: while idle_servers > 0 and buffer not empty do
29: put the job from buffer into service

30: non_preemptable « non_preemptable + 1
31 end while

32: kill_cycle < 0

33: jobs_can_enter « true

34: end if

35: if non_preemptable = 0 then

36: killing_permitted « true

37: end if

38: event « event + 1

39: end while

5.1 Simulation study with Google Borg dataset

To evaluate the effectiveness of our extended policy, we use real
workload traces from Cell B and Cell E of the Google Borg dataset
[30, 33] and compare its performance against FCFS. The experiment
setup and the explaination of the Google Borg cells used fpr the
simulation can be seen in the Appendix.

Figure 5a presents the overall response times obtained for Cell
B. We observe consistent improvements in three out of the four
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configurations tested. The greatest gains occur when K is set to a
moderate value; however, when K becomes too large, the perfor-
mance of our policy deteriorates and eventually falls below that
of FCFS. This suggests that excessively large K values—especially
when combined with relatively small v—reduce the benefits of pre-
emption and increase system overhead. Figure 6a however shows
that all tested configurations in Cell E gains improvement over
FCFS. The consistent feature is that the configuration with high
value of K always perform the worst among all the other configu-
rations. Furthermore, Figure 5f and 6f indicates that the extended
policy remains effective even under workloads with long-tailed
service time distributions, such as those modeled by the Bounded
Pareto distribution. In these experiments, we find that these settings
still yield clear performance improvements over FCFS, despite the
increased variability in service times. This suggests that the advan-
tages of our approach are not limited to light-tailed or synthetic
settings but extend to more realistic, highly variable workloads as
well.

Examining the waiting times for the smallest and largest job
classes (in terms of server demand) in Figure 5d and 6d, we note that
our policy does not achieve the same improvements for large jobs
as observed earlier in Figure 4g. This difference can be explained by
the relatively low number of preemptions occurring in the Google
Borg trace simulations compared to the synthetic two-class “one-
or-all” scenarios. In fact, when looking at the experiment’s results,
jobs from the smallest class—those requesting a single server—are
preempted less than 1% of the time. In both cells, the class that
experienced the highest number of preemptions are those that
has a very low service rate. For example, in cell E, the class that
experienced the most preemptions are class-180 jobs that has an
average service time of almost 20000 seconds. Nevertheless, the
result shows that even for those classes, the waiting times under
our policy are not significantly worse than under FCFS.

These findings are summarized in Figure 5e and 6e, which reports
the weighted response times. The trends observed here align closely
with those in Figure 5a and 6a, indicating that the configurations
performing best in terms of raw response time are also the best
under the weighted response time. We believe that the job class
distributions play a major role in determining the performance of
our policy. This observation highlights opportunities for further
improvement through the design of more adaptive or class-aware
preemption conditions in systems with more than two job classes.

Finally, Figure 5b illustrates the wasted power observed in our
Cell B simulations. Notably, the three configurations that outper-
form FCFS also exhibit higher levels of wasted power. Similarly for
Cell E, 6b shows that the two configurations that has the higher
values of v exhibit higher wasted power than the two configura-
tions with lower values of v. This shows that higher v means that
some jobs that ended up being preempted has already received
so much work that the waste due to getting killed become pretty
high. This also suggests a clear trade-off between achieving better
performance—both in response time and stability—and incurring
higher wasted power due to the need to restart jobs that had already
received partial service prior to preemption.

Figure 5c and 6c further examines the extra delay experienced
by preempted jobs. As expected, increasing K causes these delays
to grow, since preempted jobs must wait through more large-job
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Figure 5: Analysis of the system through simulation with real traces from Cell B

service phases before resuming execution. Importantly, the config-
urations that achieve the strongest improvements in response time
and stability do not correspond to the ones producing the largest
penalties for preempted jobs. For example, parameter settings with
very high K and small v result in significantly worse extra delay,
yet do not provide the best performance. These results introduce
an additional nuance to the policy trade-off: not only between per-
formance and wasted power, but also in terms of fairness to the
preempted jobs.

6 Conclusion

Policies based on preemption-restart have been known for quite a
long time in the context of priority systems. Their key advantage is
that they are simple to implement, both from the hardware and soft-
ware points of view. In these systems, preemption-restart is used to
satisfy priority requirements, but the restart mechanism negatively
affects the maximum throughput reachable by the system.

To the best of our knowledge, in this paper, we have proposed
for the first time a preemption-restart policy for multiserver-job
systems, and we have surprisingly observed that we can improve
the maximum throughput with respect to FCFS as long as the
work wasted on preempted jobs does not exceed the service waste
caused by HOL blocking. This has been shown both mathematically
in a simple scenario and by discrete event simulation on a real
dataset. Furthermore, we observed that energy waste is tolerable
and is always bounded. As a directed consequence of preemption,
in the heavy-load scenarios, the user’s experience, measured by
the average response time, is also improved compared with the
FCFS scheduling. The general explanation of these counterintuitive

results lies in the non-work-conserving nature of the multiserver-
job systems.

While FCEFS is still widely used in high-performance computing
for batch job scheduling, many data centers employ more sophis-
ticated policies. For instance, SLURM, a widely used scheduler in
large clusters, relies on backfilling policy and requires users to de-
clare job runtimes [21, 34]. Thanks to this knowledge, they can
reorder the jobs to maximize the system utilization. In this work,
we aimed to study the impact of preemption-restart when service
times are unknown, and we compared its performance with FCFS
that shares the same knowledge on the workload.

In this way, we have been able to prove the benefits of preemption-
restart rigorously, although for a simplified scenario (two classes
with exponentially distributed service time and an arbitrary arrival
process). Clearly, it could be interesting to understand if policies
belonging to the family of backfilling can find the same benefits of
FCFS from preemption-restart. One interesting future work is a cost-
based analysis contrasting preemptive scheduling with backfilling,
particularly in terms of the value of runtime estimates.

We think that this paper also opens other future research di-
rections. Firstly, the analytical results should be generalized for
general distributions of the service processes, e.g., for deterministic
service times or some other tractable distribution. Then it would be
of interest to devise more sophisticated heuristics for the extended
policy in systems with an arbitrary number of classes. The proposed
killing policy may also be relevant for latency-sensitive service en-
vironments where long tasks can block shorter ones. For instance,
in GPU-based inference systems such as in Large Language Model
(LLM), long-running requests can create head-of-line blocking for



ICPE 26, May 04-08, 2026, Florence, Italy

Adityo Anggraito, Rostislav Razumchik, & Andrea Marin

. SO — Kk=3v=-su 175000, __
10 —
g 0 2150000 ——
= = o
21 g & 125000
2 5 o
g &30 £ 100000
2
& 10° 2 S, 73000
= @20 &
E S g
g g 50000
=1 <
o 10 25000
10! 0 0
02 04 06 08 10 12 14 02 04 06 08 10 12 14 02 04 06 08 10 12 T4
Arrival Rate Arrival Rate Arrival Rate
(a) Response Time (b) Wasted power (c) Extra Delay; preempted jobs
100
10° 2 .
s iglof"
guot 2105 g
= —e— [FCFS] Class-1000 jobs & g
o e [FCPS] Class1jobs 2 &
S10% —— [K =3;v = 512| Class-
E10 [K = 3;v = 512] Class-1000 jobs 3
=5 —— [K = 3 = 512 Class-1 jobs % o~ 10*
3 —e— [K = 5; v = 256] Class-1000 jobs j:g ?E
10? .%0 g
551000 jobs = 103
10 —— [K=17;v = 64] Class-1 jobs. 104
02 04 06 08 10 12 14 02 04 06 08 10 12 14 02 04 06 08 10 12 14 16
Arrival Rate Arrival Rate Arrival Rate

(d) Waiting Time for smallest/biggest class

(e) Weighted Response Time

(f) Response Time; Bounded Pareto

Figure 6: Analysis of the system through simulation with real traces from Cell E

smaller requests when preemption is not available or is limited.
While our model does not explicitly capture these type of systems,
the underlying motivation of reducing HOL blocking under limited
job-size information is still relevant. A detailed evaluation in LLM
settings is left for future work.

Finally, in the proposed “killing” policy, it is tempting to inter-
change the role of small and big jobs, i.e., to consider the dual policy:
when a small job arrives, it preempts a big job, and once K big jobs
are accumulated, they are served without preemption. In this way,
we expect to improve the response time of the large majority of
jobs, although the stability region may suffer a reduction.
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m [T | pF [P [ 1) [ o [P [s]
1 1 9.3e-1 | 3.8e+0 1 8.4e-1 | 6.7e+0
2 2 6.3e-2 | 3.5e+0 2 5.0e-2 | 2.2e-1
3 3 8.2e-3 | 2.0e+1 3 6.5e-3 | 5.2e+0
4 4 3.2e-4 | 5.4e+1 4 2.4e-2 | 3.2e+0
5 5 5.6e-4 | 4.9e+1 5 8.8e-4 | 1.0e+2
6 6 1.2e-4 | 1.4e+1 6 1.5e-3 | 1.2e+2
7 7 1.2e-3 | 1.6e+0 9 8.6e-5 | 5.9e+0
8 10 3.2e-4 | 3.le+1 10 5.7e-3 | l.4e+1
9 11 1.4e-4 | 4.5e+1 11 3.4e-5 | 3.9e+3
10 12 6.7e-5 | 1l.le+1 14 4.0e-5 | 2.3e+2
11 15 2.2e-4 | 2.8e+2 15 3.9e-4 | 1.3e+1
12 20 6.3e-4 | 8.5e+1 16 7.8e-5 | 1l.4e+4
13 25 4.9e-4 | 1.1e+2 20 6.9e-4 | 1.0e+2
14 30 3.4e-5 | 2.2e+0 30 2.4e-4 | 7.4e-1
15 40 1.2e-4 | 9.9e+3 35 2.2e-4 | 2.1e-1
16 43 8.9e-5 | 3.1e+0 38 5.8e-5 | 7.3e+1
17 48 3.5e-4 | 2.6e+0 50 7.2e-4 | 5.3e+1
18 50 1.0e-4 | 1.4e+1 98 8.8e-5 | 8.le-1
19 | 100 | 1.6e-4 | 3.8e+2 99 7.6e-4 | 5.2e+0
20 | 180 | 3.4e-5 | 1.8e+4 100 | 6.9e-2 | 3.1e+0
21| 200 | 3.7e-5 | 1l.6e+1 120 | 3.6e-5 | 2.8e-1
22 | 400 | 3.1e-4 | 5.2e+1 200 | 8.0e-5 | 5.2e+3
23 | 457 | 5.2e-5 | 7.5e-1 256 | 1.4e-4 | 3.6e+3
24 | 500 | 5.0e-4 | 1.1e+1 500 | 2.1e-4 | 5.2e+1
25 | 929 | 3.9e-5 | 1.7e+1 795 | 3.8e-5 | 3.3e+0
26 | 1000 | 4.2e-5 | 2.0e+2 | 2000 | 1.3e-4 | 5.7e+2

Table 1: Original Google Data for Cell B and Cell E. n,, is the
numbers of cores used by class m. py, is the probability of
class m. yi;)! is the average core holding time in seconds for
class m.
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Appendices

A Simulation

The simulation study was conducted using an ad-hoc C++ simu-
lator. Input parameters were read from TOML files, and output
results were stored in CSV format. Experiments were executed on
a cluster node equipped with an Intel Xeon Gold 6148 CPU (20
cores) running at 2.40 GHz and 200 GB of ECC RAM. Storage was
provided by a 30 TB NAS, and the system ran on a Nutanix hyper-
converged architecture. Each configuration was simulated for 30
million events and repeated 30 times to compute the mean values
and 95% confidence intervals. The values reported in the figures
correspond to the mean of each metric over the repetitions. The
code can be made available online upon publication.

A.1 Google Borg Dataset

The Google Borg data used in our simulations follows the processing
described in [25]. The raw traces originate from [30] and were
further refined in [33], where the number of cores used and the
average holding times for each job were extracted. In our work, we
treat the number of cores requested by a job as its class. Since the
original trace contains a very large number of classes, we restrict
our analysis to those with a frequency of at least 107>, Among

the many clusters (cells) in the dataset, we use cell B and cell E.
After filtering, the resulting both cells contains 26 classes, with core

requirements ranging from 1 to 2000 for cell B, and 1 to 1000 for
cell E. The holding times, meanwhile, span five orders of magnitude
for both cells. Table 1 summarizes the characteristics of these job
classes.

B Proof of results
B.1 Proof of Lemma 4.2

Proor. It is straightforward to check that for any 0 < a,b < 1,
k > 2and 0 < m < k — 1 the following identity holds:

>a- a)a”( " )b"""(l —pym =
=k n—m

_ (1-a)[a(1- )™ 1-p\" S n
_W—(l—a)(T) r;n(ab) (n_m). )
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From (2), the geometric progression ercl:() rk = (1-r™1y/(1-7),
0 < r < 1, and the law of total probability, we have:

v (o]
Pr{Ts < x} = ZPr{S:n}+ Z Pr{S=n}P(Ty<x|S=n) =
n=0 n=v+1

oo n
n . ;
=(1=-p™+ ), pepf (.)(1 — e I ()M
n:Zv;l-l j:nz— v\
By using (9), the second term of the right-hand side can be rewritten
as:

ZV: polpse™ ¥
L4 (1= py(1 — e hex)) T

_ZPb( e:s,,s ) ;(Ps(l—e#sx))n(nrii).

By changing the order of summations in the second term, remem-
bering the sum of geometric progression, we arrive at Eq. (3). Now,

note that the mean of the (n—v)th order statistics of S i.i.d. exponen-
n-v 1
j=1 n—j+1°
Therefore, the mean of T; can be obtained from the law of total

expectation E[T;] = E[E[T;|S]], by observing that

tial random variables with parameter y is equal to #_

E[E[T:]S]] ZPr{S =n}-0+ Z Pr{s = n}—(H,, Hy),
n=v+1

where H denotes the kth harmonic number. By breaking the second

term into two sums and performing the summation, remembering

that the generating function for the harmonic numbers is equal to

Yy Z"Hp = —(1 - z)"llog(1 - z), we arrive at Eq. (4). O

B.2 Proof of Lemma 4.3

Proor. By applying the binomial theorem to E[T}] = fow(l -
Pr{T; < x})dx and invoking the result of the Lemma 3.2, we get

K

E[Ty] = Z (If)(—l)i+1 /OOOPr{Ts > x}dx =
i=1
Z( )( D' Z&Hogpb .

We obtain the two terms, which are further simplified to yield
the statement of the lemma. Indeed, note that Zfi 1 (Ii()(—l)i =
(1 - 1)K — 1 = —1 and thus the second term is simply _pls log pp.-
For the first term, the change of the order of summations and the
binomial theorem gives:

Jj=1 i=j+1
K-1 j J K-1 j—1
1 J K\, | 1 —ps)i~1 (K1
_Llyes (1—1)K—Z(.)(—1> ) (1)
Hs = J o \! Hs = J J
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The latter expression can be simplified by noting that according to
the hockey-stick identity (K;l) =k ;1 (:~1), and therefore

j-1

Z(pswl(K 1)_ 1S (- )lez:l(l—l)z

J s = = vl
1 S]_1K1 LKy d

z“’ z(‘.)_-— DNCAE

SV o g il
__ilil (1-ps)i-1 _ilil 1- pyi
- Hs % i _ﬂS- i

i=

B.3 Proof of Lemma 4.5

ProoF. Let us consider a single sequence of small jobs of length
S in the queue, with the pdf of S defined by Eq. (1). If S < v, then
Ts = 0 and we do not waste any computational power because
such batch of S jobs does not enter in service from the queue.
Now, assume that the sequence of small jobs has more than v jobs.
The conditioned distribution of T is given by Eq. (2). Recall that
each time K big jobs leave the system, the preempted jobs enter in
service (and their service does not get preempted). Therefore, the
total number of preempted batches of small jobs entering in service
each time is K — 1. Therefore, in saturation, on average, the wasted
computational power is equal to:

K-1 =
wkv=__"o0.Pr{S<v}+ Z v-E[Ts|S=n]Pr{S = n}
E[TC] n=v+1

which can be simplified to Eq. (6).

B.4 Proof of Lemma 4.6

We reason on the cycles consisting of K phases, as before. Consider
the i-th batch of small jobs with 1 < i < K. The total extra delay
accumulated by the preempted jobs is given by the sum of two
terms:
e by the product of the preempted jobs and the processing
time of the other shorter jobs in the same batch;
o by the product of the preempted jobs and the service of other
K — 1 — i sequence of a big job and a batch of small jobs.
Let us condition on the sequence of small jobs S. If S < v, then the
first term is 0 and we have only the second term, which is:
14

Z nps pp ((K -1-1)(E[Ts] +y;1) +y;1)

n=1
pS v . — —
= Pl (rop) (K= 1= DT+ ") + 15

If S > v, we preempt exactly v jobs, hence the second term is simply
v ((K —1-i)(E[Ts] + y;l) +py )ps“ As for the first term, we

have to compute:

00

. vps"poEITIS = n] = vELE[TIS]] = vE[T;],

n=v+1
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as observed in the proof of Lemma 4.2. Summing up, we have:

K-1

EDX®VKE[S] = &(1— Y(1+0pp))
; ;L% py(1+opy

S =1- D@ i) +157)

v (K= 1= DEITT+ ") + i) pE 4 vEIT|
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This can be rewritten as:

K

Df’VKE[S] =

-1
- (K -1- l)) (;;_ls)(l_p:(l+vpb))(E[TS]+[—ll:l)

#V(ELT] + pE ) + (=28 (1= ps™ (1 )

+ (K = Dvpdt 1+ (K = DVE[TL],
and further simplified to:

v K-DK-2)ps ]
D KELS] = S 2 (= pD) (LT + )
# =) (1= plpy + (K= DVEIE],

that easily leads to Eq. (7).
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