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Abstract—Modern data centers feature an extensive array of
cores that handle quite a diverse range of jobs. Recent traces,
shared by leading cloud data center enterprises like Google and
Alibaba, reveal that the constant increase in data center services
and computational power is accompanied by a growing variability
in service demand requirements. The number of cores needed for
a job can vary widely, ranging from one to several thousands, and
the number of seconds a core is held by a job can span more than
five orders of magnitude. In this context of extreme variability, the
policies governing the allocation of cores to jobs play a crucial role
in the performance of data centers. It is widely acknowledged that
the First-In First-Out (FIFO) policy tends to underutilize available
computing capacity due to the varying magnitudes of core requests.
However, the impact of the extreme variability in service demands
on job waiting and response times, that has been deeply investigated
in traditional queuing models, is not as well understood in the
case of data centers, as we will show. To address this issue, we
investigate the dynamics of a data center cluster through analytical
models in simple cases, and discrete event simulations based on
real data. Our findings emphasize the significant impact of service
demand variability, both in terms of requested cores and service
times, and allow us to provide insight for enhancing data center
performance. In particular, we show how data center performance
can be improved thanks to the control of the interplay between
service and waiting times through the assignment of cores to jobs.

Index Terms—Data center, performance, analysis, simulation,
multiserver job queuing model.

I. INTRODUCTION

THE commercial success of cloud computing services, a
market of over half trillion dollars in 2023, has produced

skyrocketing numbers of service requests, resulting in soaring
system workloads that have been matched by a tremendous surge
in computational power. The study of cloud data center work-
loads reveals that service requests increasingly exhibit extreme
variability in terms of the required number of cores and job
execution times. For example, in [1], the authors analyze recent
Google Borg scheduler traces and show that job demands, in
terms of both the number of cores and execution times, vary
over several orders of magnitude. Furthermore, execution times
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often positively correlate with core demands. In such a context
of extreme variability, the policies to schedule jobs over the
available cores are extremely important for the efficient use
of the data center resources, and models (both analytical and
simulation) are needed for the prediction of the performance of
the possible scheduling policies under the expected job work-
load. Unfortunately, simulation is costly due to the very long
simulation runs that are necessary to adequately capture the
(possibly significant) influence of events happening with very
low probability, and analysis is difficult. This is because the
complexities of the data center operations render inadequate the
traditional queuing models often used for the performance eval-
uation of computing systems. Those models are such that service
is provided by a service station comprising one or more servers,
but each service only requires one server to work for a variable
amount of time. This means that service is one-dimensional, and
the only variability in service concerns the time dimension. To
adequately model the data centers of today, we instead need at
least a two-dimensional description of service, thus capturing
the fact that the execution of a task requires a variable number
of cores for a variable amount of time.

This leads to a rather new construct in queuing theory, that is
known under the name multiserver job queuing model (MJQM).
The MJQM, [2], [3], [4], was introduced to study the behavior
of jobs to be executed in a computing facility comprising a large
number of machines, as a function of their service requests in
terms of the number of requested cores and service duration.
The most evident characteristic of the MJQM, which makes it
quite different from traditional queuing models, is the fact that it
is not work-conserving1 under the traditional First-In First-Out
(FIFO) queuing policy. This is because a service request can be
accepted into service only if a sufficient number of service units
is free. Otherwise, the service request waits at the head of the
waiting line, until the required number of service units becomes
free. This generates head of the line (HOL) blocking and forces
some servers to remain idle while the waiting line comprises
customers that could be put in service (see the example in Fig. 1).

Not much is known about the MJQM performance under the
FIFO policy (see, e.g., [4], [6], [7]), because the addition of a
second dimension to service, and the consequent loss of work
conservation makes the model much more difficult to study with
analytical approaches with respect to traditional queues. Inves-
tigating this specific kind of systems under a FIFO scheduling

1A scheduling discipline is said to be work-conserving if no work is created
or wasted within the service room, i.e.: (i) all servers are busy serving jobs
whenever there are jobs waiting, and (ii) the work done serving a job is never
invalidated [5].
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Fig. 1. Example of HOL blocking due to FIFO in the MJQM. In this sketch,
the data center has 5 cores, 3 occupied by jobs 1 and 2. Job 3 is the next to be
served, but cannot find enough free cores. The FIFO policy imposes jobs 4 and
5 to wait in the queue even if one of them could be served.

policy assumption may seem simplistic in comparison to the
complex scheduling algorithms in use in today’s data centers.
However, FIFO remains prevalent in the management of batch
jobs and is integral to specific frameworks such as [8]. Addition-
ally, many real-world schedulers operate in a near-FIFO manner
(e.g., [9], [10], [11]), especially when ensuring fairness among
different classes of jobs is a critical requirement. Therefore, to
effectively study more complex systems, it is essential to first
establish a thorough understanding of the FIFO scenario.

In the literature, there is widespread consensus on the fact that
the variability in resource demands of jobs can potentially lead to
significant underutilization of the data center’s resources (see,
e.g., [1], [4], [6], [12], [13], [14]) when the FIFO scheduling
policy is used, mainly because of HOL blocking. Conversely,
policies allowing smaller jobs to overtake the HOL job can
result in starvation or significant unfairness toward larger jobs.
This effect is undesirable, despite the potential for maximizing
utilization, as larger jobs typically contribute more significantly
to the data center operator’s profitability.

A. Contributions

In this paper, we investigate the role of variability in job
service times combined with variability in resource demands.
Note that we use the term variability, intentionally avoiding
terms like variance or standard deviation, because, as we will
see, the impact of variability concerns not only second order
moments. Our findings are very surprising and bear significant
practical relevance. Indeed, traditional queuing theory models
show that the service time variance has an impact on the average
system response time, not on the system stability region. In other
words, traditional models imply that a server’s maximum work
capacity depends solely on its speed and the average service
demand of jobs. Through a simple analytical counter-example
and a simulation study of Google data center traces, we demon-
strate that this property does not hold for the MJQM. Our key
result is that in multiserver job systems, the variability in service
demands influences both system response time and stability
region. This novelty is explained through simple examples and
stated in Remark 1 later in this paper.

The second contribution of this work involves proposing
a method to alleviate the resource waste stemming from the
variability in the job workload. At first glance, this appears

challenging since service times are generally not known in
advance, and controlling their variability is often impractical.
However, we know in advance the service requests in terms
of number of cores. The method we propose entails defining a
limited number of core assignment templates and categorizing
jobs into these templates. Some jobs will receive more cores
than requested, while others will receive fewer. In the former
case, there is a potential waste of resources since a job may not
be designed to exploit a certain level of parallelism. In the latter
case, multiple tasks must share the same core, leading to longer
service times. Despite these seemingly unfavorable aspects,
optimizing core allocation reduces fragmentation in demands
and, consequently, the likelihood of HOL blocking. As a result,
by enhancing data center utilization, we demonstrate that, under
moderate and heavy load conditions, the expected response time
and the expected response time conditional on the aggregated
resource request with our proposed approach are significantly
lower than those measured without core assignment templates.

B. Methodology

We study the impact on performance of the variability in jobs’
resource demands, in terms of both the number of cores and core
holding times. Our study is conducted with analytical models in
simple settings (the only ones for which analytical results are
available) and with simulation models using data derived from
measurements of real cloud data centers.

To begin with, it is important to clarify that the number of
requested cores leads to the job clustering into classes. Thus, a
job belongs to a class that reflects its requested number of cores.
Each job also has its own service time, and the collection of
service times of jobs in a class reflects the probability density
function (pdf) of service time for the job class. The class service
time pdf can be, for example, exponential (but we will explore
other cases as well). The mixing of jobs of different classes into
service leads to an overall service time pdf, that, for example,
in the case of 3 classes, each with its exponential service time
distribution, leads to a Hyperexponential-3 pdf for the overall
service time (since each job service with given probabilities
belongs to one of 3 exponential pdfs). We will explore the
impact on performance of the variability in the number of cores
requested by job classes, of the class service time pdf, and of the
overall service time pdf.

In Section II, we use and extend our analytical models in [4],
to show that the stability region of even simple MJQM settings
depends on the distribution of job service times.

In the rest of the paper, we use a measurement-based sim-
ulation model to first illustrate the impact on performance of
job service times and core allocations and then to propose
approaches to improve performance through counterintuitive
approaches for core allocation.

Our simulations are based on the measurements reported
in [1]. Starting from [1], the authors of [15] extracted the
number of used cores and average core holding times for two
clusters of machines in a Google data center. It is worth noting
that, according to the terminology used in the job management
software in Google data centers (namely, Borg), these clusters
are referred to as cells. The number of used cores defines the job
class, and the existing number of classes is extremely high. We



122 IEEE TRANSACTIONS ON PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 36, NO. 2, FEBRUARY 2025

TABLE I
ORIGINAL GOOGLE DATA FOR CELLS A AND B

limit our study to classes in which jobs fall with reasonably high
probability, also looking at the number of requested cores, so as
not to overlook classes requesting very large numbers of cores.
Thus, for the two cells that we consider, that we call Cell A and
Cell B, we consider the data presented in Table I where T

(X)
i

is the number of cores used by class i in cell X,X ∈ {A,B},
p
(X)
i is the probability of class i in cell X , τ (X)

i is the average
core holding time for class i in cell X .

In the case of Cell A, we consider 29 classes, with numbers
of requested cores from 1 to almost 3,000, and core holding
times spanning four orders of magnitude. In the case of Cell
B, we consider 26 classes, with numbers of requested cores
from 1 to 2,000, and core holding times spanning five orders of
magnitude. In both cases, the least frequent job classes appear
with probabilities of the order of a few units in 10−5, which
calls for simulation runs observing several million jobs to obtain
credible performance estimates.

It should be noted that the average workload generated by
jobs of Cell A with a job arrival rate equal to 1 s−1 is L(A) =∑29

i=1 piTiτi = 5.78, with average and standard deviation of
the requested number of cores T (A) = 1.89, σT (A) = 18.13
and average and standard deviation of the overall service time
S(A) = 2.47 s, σS(A) = 8.32 s. The corresponding numbers
for Cell B are L(B) = 412.87, T (B) = 8.59, σT (B) = 35.1,
S(B) = 8.61 s, σS(B) = 198.23 s. We observe that Cell A is
much less loaded than Cell B, due to both lower average number
of cores and lower overall average service time. In both cases

standard deviations are significantly larger than averages, thus
confirming the high variability present in real data. Notice that,
standard deviations are computed assuming that the measured
average service times for each job class derive from exponential
distributions. If we assume that all jobs in a class have identical
service times (i.e., a deterministic pdf in each class), we get
σS(A) = 5.62 s and σS(B) = 140.04 s. However, we also see
that standard deviations in Cell A are lower than in Cell B. This
hints at a much less problematic workload in Cell A with respect
to Cell B.

C. Structure of the paper

The rest of this paper is organized as follows. Section II
discusses the impact of service time variability on MJQM
performance in simple settings through analytical and simu-
lation approaches, comparing results with traditional queuing
system behaviors. Section III presents and discusses simula-
tion results for system workloads based on Google Borg mea-
surements. Section IV discusses the possibility of improving
performance by aggregating service demands with the objec-
tive of reducing the variability in terms of core requests. Sec-
tion V looks at what performance gains would be possible
if the variance of job service times could be reduced. Sec-
tion VI summarizes the key results of the paper. Section VII
discusses related works and finally Section VIII concludes the
paper.

II. HOW SERVICE TIME DISTRIBUTIONS DETERMINE

PERFORMANCE

As a first example of the impact of service demand variability
on data center performance, we present analytical results in a
simple MJQM setting, showing that the stability region depends
on the job service time distribution.

The MJQM (Multiserver Job Queuing Model) is a queue with
N identical servers and one FIFO (First-In First-Out) waiting
line. In this section, we consider a simple MJQM model where
jobs belong to just 2 classes, according to the number of servers
they need. Larger systems, i.e., system with a larger number
of classes, do not lend themselves to exact analysis, only to
approximations, that are inaccurate by a constant error term, so
that results become asymptotically exact for loads approaching
the limit of the stability region [7]. Jobs of class 1 require just
one server and are hence termed small. Jobs of class 2 require all
the available N servers and are hence termed big. Services last
for random times whose average is τ1 = τs s for small jobs and
τ2 = τb s for big jobs. We refer to these delays as service times
or holding times. Jobs arrive according to a Poisson process with
rate λ [s−1]. With probability p1 = ps an arriving job is small,
and with probability p2 = pb = 1− ps an arriving job is big.
Hence, the total workload of the queue is ρ = λpsτs +Nλpbτb.
The queue is not work-conserving because of the HOL blocking
induced by the combination of FIFO and requests for a variable
number of cores. As a result, the queue stability condition is
not just ρ < N as it would be in the case of no HOL blocking,
and as it is for ps = 1, when the MJQM reduces to an M/M/N
queue (instead, when ps = 0 the MJQM reduces to a M/M/1
queue, and the stability condition is ρ < 1). It is worth observing
that whenever the MJQM is stable, ρ corresponds to the system
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utilization, i.e., to the average number of busy servers. Since
HOL blocking in some conditions prevents the full utilization
of servers, the system stability is limited to values of utilization
lower than N .

In [4], we derived the stability condition for this type of MJQM
through the analysis of the behavior of a saturated system, i.e.,
of a system in which jobs are always present in the waiting
line and occupy as many servers as allowed by HOL blocking,
under the assumption of exponential service times for small
jobs, also showing the invariance of the stability condition to
the distribution of service times of big jobs. The analysis of
a saturated MJQM is sufficient to compute several interesting
performance metrics, such as the maximum throughput of each
job class and of the entire queue, from which one can derive the
system stability condition [6], [16]. The analysis in [4] is based
on the study of the time interval Tbb between two consecutive
completions of services of a big job in saturation. Tbb represents
a renewal cycle for the stochastic process underlying the MJQM.
Each renewal cycle comprises a geometrically distributed num-
ber of services of small jobs and one service of a big job.

Given E[Tbb] in seconds, the throughput of big jobs (in big
jobs per second) can be expressed as Xb =

1
E[Tbb]

, and the
throughput of small jobs (in small jobs per second) as Xs =
ps

pb
Xb. The stability condition for the non-saturated MJQM is

λpb < Xb . Hence, λpbE[Tbb] < 1, so that the stability region
of the MJQM is λ ∈ [0, λmax), with

λmax =
1

pb E[Tbb]
, (1)

where λmax, measured in jobs per unit of time, represents the
maximum workload intensity that can be served by the system.

In [4], we proved that the results of the cycle analysis are
insensitive to the distribution of the service times of big jobs,
depending only on τb. In this paper, we consider the cases of
exponentially distributed and deterministic service times for
small jobs and show that the MJQM stability condition does
not only depend on the average service time of small jobs.

A. Exponential Service Times for Small Jobs

The exponential case was discussed in [4], where the average
cycle time was obtained in [4, Eq. (3)] and can be expressed with
a closed-form in terms of Euler’s incomplete Beta function.

B. Deterministic Service Times for Small Jobs

If service times of small jobs are deterministic, hence identical
for all small jobs, at the end of a service of a big job up to N
small jobs enter service and they terminate τs seconds later, all
at the same time. At this point, if more small jobs are in the
waiting line before the next big job, a second batch of up to N
small jobs enters service, and so on.

This means that, under the condition of k small jobs between
two consecutive big jobs, the average cycle time duration can be
expressed as:

E[Tbb|k] = τb +

⌈
k

N

⌉
τs . (2)

Considering that the probability of k small jobs between two
consecutive big jobs is pks pb we obtain:

E[Tbb] = τb +
∞∑

k=0

⌈
k

N

⌉
τs p

k
s pb

= τb + τs pb

⎡
⎣ ∞∑

i=1

iN∑
k=(i−1)N+1

i pks

⎤
⎦

= τb + τs pb

[ ∞∑
i=1

i
p
(i−1)N+1
s − piN+1

s

1− ps

]

= τb + τs ps

∞∑
i=0

piNs ,

so that finally

E[Tbb] = τb +
τsps

1− pNs
. (3)

and the stability region results from (1). It is worth noting that
this is the first exact characterization of the stability region in a
MJQM with no exponential service time assumptions.

C. Comparison of Stability Regions

In Fig. 2(a), we plot the values of the maximum workload
intensity, λmax [s−1], that define the limit of the stability region
versus pb = 1− ps for different values of τb and for either
exponential or deterministic service times of small jobs.

We see that for values of pb close to 1, results for deterministic
and exponential service times of small jobs tend to coincide. This
is obvious, since for pb = 1we haveE[Tbb] = τb, independently
of the service time of small jobs, and thus λmax = 1/τb, inde-
pendently of τs. Similarly, we see that curves come together for
values of pb close to 0. This is again obvious since, for pb = 0,
we have only small jobs, hence no HOL blocking and stability
is driven by the number of available resources (λmax = N [s−1]
since we set τs = 1 s). Instead, for intermediate values of pb
we observe significant differences in the values of λmax, which
result from the amount of resources wasted due to HOL blocking.
Quite interesting (but not unexpected) is the observation that the
stability region is always wider in the case of deterministic ser-
vice times of small jobs, as well as the non-monotonic behavior
of the stability region width for low values of τb.

Fig. 2(b) and (c) report the upper limits of the stability region
of the MJQM in log-log plots. Observe that, for pb → 0 and
pb → 1, the system’s stability is insensitive to the exponential
or deterministic distribution of the small jobs’ service time. This
happens because, in these cases, the system becomes work-
conserving and the stability region is therefore insensitive to
moments higher than the first of the service times.

D. Two More MJQM

To convince the reader that the issue we just discussed is
not a result of the peculiarities of the MJQM studied with the
analytical model (that is constrained to just two job classes, one
of which requires all cores), in Fig. 3(a) we report simulation
results for the average overall response time versus the job arrival
rate in a MJQM with 100 cores and either two or four classes of
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Fig. 2. Maximum values of the arrival rate for stability versus average probability of big jobs pb in MJQM with either N = 256 or N = 64 and τs = 1 s, with
either exponential or deterministic service times of small jobs

Fig. 3. MJQM and M/G/1 expected response time versus the fraction of used
resources ρ, with average service time 1, for different values of service time
variance

jobs. In this case, the largest number of requested cores (50) is
half the total number of cores.

The service time distribution within each job class is assumed
to be of three different types: i) deterministic, ii) negative
exponential, iii) bounded Pareto (see, e.g., [17]) with α = 2
and range from 0.50002 τ to 12000 τ . The number of cores
allocated to classes, the class probabilities, and the average

TABLE II
PARAMETERS OF THE MJQM CONSIDERED IN FIG. 3(A)

class service times are reported in Table II. In the case of
exponential service times, the overall service time distribution is
a hyperexponential in the case of four classes (as we explained
in the introduction) and an exponential in the case of just
two classes (this happens because the average service time is
the same for both classes). The parameters of the MJQM in
the Exponential (E) and Hyperexponential (H) cases produce
the following averages and standard deviations: L(E) = 10.8,
T (E) = 10.8, σT (E) = 19.6,S(E) = 1.0 s, σS(E) = 1.0 s for the
Exponential case and σS(H) = 42.44 s for the Hyperexponential
case (while L(H), T (H), σT (H) , and S(H) remain like in case
(E)). In particular, S(E) = S(H), i.e., the average service time
is the same in the two cases.

We wish to observe that case E is equivalent to case H, except
for the fact that by giving all classes the same average service
time τi = 1 s, the resulting overall service time distribution
is exponential in case E, while the different average service
times of the four classes of case H make the overall service
time distribution hyperexponential with fairly high variance. We
can recognize in both cases a class of jobs requesting 50 cores
with a probability 0.2, and either three or one classes requesting
one core with an overall average service time equal to 1. The
parameters of the MJQM in the deterministic case with two
and four classes (D2 and D4) and bounded Pareto with two and
four classes (P2 and P4) produce the following overall standard
deviations of service times: σS(D2) = 0.0 s, σS(D4) = 30.0 s,
σS(P2) = 2.01 s, σS(P4) = 67.41 s. It is very important to stress
that the standard deviation of the overall service time is strongly
influenced by the number of classes, as well as number of cores
and service time pdf within classes.

From Fig. 3(a), we can see that both the average response time
and the stability region are influenced by the higher moments of
the overall service time distribution, which is the same effect we
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Fig. 4. Average number of servers wasted because of HOL blocking in a
saturated MJQM-FIFO with small and big jobs versus average service time of big
jobs.N = 200, small jobs request 1 server, big jobs request 100 servers, τs = 1,
ps = 0.5. Comparison of simulation predictions against the exact analytical
results of [3], [4]. The y-axis scale is linear.

observed in analytical results. In particular, we see that a lower
standard deviation of the overall service time yields a lower
average response time as well as a wider stability region (again
like in the analytical case). The non-work-conserving nature of
the MJQM is evident due to the observation that the maximum
fraction of usable working power is considerably less than 1.
Quite remarkable is the fact that the stability condition appears
to be influenced more by the number of classes than by the
service time pdf within classes. This is the result of what we
already observed, i.e., of the strong dependence of the standard
deviation of the overall service time on the number of classes.

E. The M/G/1 Case

Finally, in order to emphasize the difference in the impact
of higher moments of the service time on the performance of
different queuing systems, in Fig. 3(b), we report the average
response time for an M/G/1 queue as a function of the load
ρ (that corresponds to the arrival rate, since we assume an
average service time equal to 1 s). The service time variance
takes values 1, 5, and 100. The M/G/1 queuing system, a widely
adopted model, features a single server where jobs require
random service times. Jobs arrive at the system following an
independent Poisson process and are served in FIFO order. The
Pollaczek-Khinchine formula enables us to express the expected
response time as a function of job arrival rate, mean, and variance
of service time. Fig. 3(b) shows that the sensitivity to the variance
of the service time regards only the expected response time,
while the stability region can be observed to be insensitive to
the second moment of the distribution, always coinciding with
the interval [0,1).

Remark 1 (Peculiarity of the MJQM stability region): With
this remark, we highlight the distinctive characteristics of the
stability region of the MJQM studied in this paper.

The stability region of the MJQM, as well as several per-
formance metrics, are influenced by higher moments of the
distributions of job service times and of the number of allocated
cores.

This stems from the non work-conserving characteristic of
the MJQM, due to HOL blocking.

Remark 1 is extremely relevant for the MJQM management
since it provides indications on the factors impacting perfor-
mance. If service times are hardly modifiable, the numbers of
allocated cores can be carefully chosen.

III. VARIABILITY IN SERVICE DEMANDS: WHICH

CONSEQUENCES IN REAL SYSTEMS?

In this section, we present and comment on simulation results
obtained by driving the MJQM with the data measured in a
Google Borg cloud data center. The simulation experiments were
built with a custom MJQM simulation package written in C++
that can implement a number of different MJQM workloads and
schedulers. The simulation package will be made available to
researchers at the time of publication of this work.

The simulation software utilizes the mt19937_64 instan-
tiation of the Mersenne-Twister pseudo-random number gen-
erator (RNG). The latter has a period defined by Mersenne
prime 219936·64 − 1, providing an exceptionally long sequence
of pseudo-random numbers before repetition occurs. During
each simulation run, the RNG samples a number of values equal
to the total number of events. Subsequent runs are free from
correlation risks, as they continue sampling from the same RNG
sequence without exhausting the period. This ensures no overlap
or repetition across runs due to the RNG’s extensive cycle length.
The RNG is then reinitialized for each different experiment (i.e.,
set of parameters). Additionally, following the methodology in
[18], we further validated our approach by creating two separate
streams for the stochastic components of our model, i.e., job
arrivals and departures for each class. To achieve this, we used
the same RNG mentioned earlier, configuring two distinct gen-
erator objects. The second generator skips a suitable number of
draws from the RNG to avoid reusing the same random numbers.
This approach produced comparable results, in the sense that
confidence intervals significantly overlap. We run simulation
experiments on a cluster node composed of 20 core Intel(R)
Xeon(R) Gold 6148 CPU @ 2.40 GHz, 200 GB of ECC RAM.
Storage is on a 30TB NAS, and everything is hosted on a Nutanix
hyperconvergent architecture. With exponential service times,
each independent run requires approximately 3 minutes, and for
every set of parameters, we obtained 95% confidence intervals
for the mean system population of the order of a few percent of
the reported values, on average (higher when close to instability
and when the estimated value is very small).

The plot in Fig. 4 presents sample results for the validation
of our simulation package, comparing analytical and simulation
results for a saturated MJQM-FIFO [3], [4]. The close alignment
between simulation results and analytical predictions confirms
the accuracy of our simulation package, validating it against a
reliable baseline.

We simulated the dynamics of Cells A and B, using the param-
eters in Table I, assuming that the service time distribution for
jobs within a class can be of four types: deterministic, uniform
with support equal to the mean (i.e., with support from half
the mean to 1.5 times the mean), negative exponential, bounded
Pareto, in the last case using α = 2, the minimum equal to about
half the mean, and the maximum set to 12 thousand times the
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TABLE III
STANDARD DEVIATION OF OVERALL SERVICE TIME WITH ORIGINAL DEMANDS

AND DIFFERENT PDF OF SERVICE TIMES WITHIN CLASSES (BUT THE SAME

FOR ALL CLASSES)

mean. The average service time within each class, and overall,
remain the same in all cases, so that the system workload does not
change. The resulting overall standard deviations in the different
cases are reported in Table III. It is interesting to observe that the
overall standard deviation is quite high, even with deterministic
service times. This due to the presence of several job classes
with quite different average service times and probabilities. We
let the available number of cores be 3072 in Cell A and 2048 in
Cell B, so as to accommodate jobs with the highest demand in
terms of the number of cores.

In experiments featuring bounded Pareto distributed service
times, we carried out 100 million events across 60 independent
runs. For all other parameter sets, we conducted 40 independent
replications, each comprising 30 million events.

Let us start by looking at the amber curves in Figs. 5 and 9,
that refer to the unmodified data of Cells A and B, assuming an
exponential service time distribution for jobs within each class,
hence a hyperexponential overall service time distribution. In
doing this, we must consider that for both cells an upper bound of
the stability region is given by value λideal that is the maximum
traffic intensity in the ideal case of no resource waste due to
HOL blocking. This can be computed as the ratio between the
total service capacity, i.e., the number of available cores, and the
workload for λ = 1 [s−1]. We thus obtain λ

(A)
ideal = 3072/5.78 =

531.5 [s−1] and λ
(B)
ideal = 2048/412.87 = 4.96 [s−1]. The amber

curves in Fig. 5 report the average response time computed over
all jobs, as well as for the smallest and the biggest classes of jobs
(the smallest class requests 1 core in both cells, while the biggest
class requests 2998 cores in Cell A and 2000 cores in Cell B,
as can be seen in Table I) in terms of the requested number of
cores, as functions of the job arrival rate λ (simulations produce
results for all classes, but in order not to clutter figures with too
many curves, in Fig. 5 we report results only for the smallest
and the biggest classes) The results for the average waiting time
of all classes in the two cells (29 in Cell A and 26 in Cell B) are
reported in Fig. 6. We see that all classes except the biggest one
have very similar performance, while the biggest class suffers
significantly longer waiting times, as expected, due to a greater
difficulty in entering service. The overall average response and
waiting times with different service time distributions within
classes for the two cells are presented in Figs. 7 and 8. We can
see that performance worsens with increasing overall service
time variance, as expected, and that the system stability region
shrinks, coherently with what we previously observed in simpler
settings.

From Fig. 5 we can also see that the stability region in both
cells only reaches up to about 30% (29.4 % for cell A and 31%
for Cell B) of the λideal values computed above. This is a very
disappointing performance, indicating that about 70% of the
installed computing capacity cannot be exploited by the cell
workload due to the FIFO policy and the induced HOL block-
ing, which is aggravated by the extreme variability in service
demands. In Fig. 9(a), we report for Cell B the average waiting
time computed over all jobs (left plot) and the average fraction of
resources that are allocated to jobs and of those that are actually
used. The latter two quantities coincide in the case of the amber
curves since the allocation of cores to jobs is identical to the job
request. Also in this case, we see that no more than about 30% of
the available computing capacity (and of the number of cores)
can be accessed. The next section will discuss possibilities for
the improvement of this quite disappointing performance.

IV. AGGREGATION OF RESOURCE DEMANDS

The variability in the workload generated by jobs refers to the
job duration and to the number of cores requested by the job.
While the duration of jobs is not known at the time when the
scheduler must operate and asking the job owner for an estimate
(as some popular job schedulers do) can be problematic, since
this leads to overestimates to avoid job killing in case of overruns
and consequent scheduling errors, the number of requested
cores is known. We thus propose to act on core allocation in
order to reduce the variability of the job service demand in this
dimension.

A. The Aggregation Policy

In order to reduce the variability in the job service demand, we
propose to group job classes (remember that all jobs in a class
request the same number of cores) into a small number of groups,
allocating the same number of cores to all jobs in all classes
belonging to one group. By doing so, all jobs in all classes of the
same group are allocated the same number of cores. This implies
that some jobs are allocated more cores than requested, and
other jobs receive fewer than requested. In the former case, the
core overallocation can increase the perceived system workload,
since the scheduler is likely to waste resources, because a job
often is not able to exploit a degree of parallelism higher than that
corresponding to the number of requested cores (this assumption
is analogous to the one made in [19] for inelastic jobs and
coherent with the parallelizability limit defined in [20]). In the
latter case, multiple tasks must share the same core, leading to
longer service times. We assume that service times increase by a
factor NR/NA where NR is the number of requested cores and
NA is the number of allocated cores. We can formally define this
transformation of the service times with the following equation:

τnew =
NR

NA
τold. (4)

Notice that these assumptions create a different and, in some
sense, more challenging setting than that studied in [21], where
the authors assume that when a job receives more cores than it
requests, its service time becomes shorter. It is also important
to note that this aggregation methodology results in varying
behaviours regarding the average and standard deviation of
service times, depending on the original demands. For cell
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Fig. 5. Average response time vs. job arrival rate for cells A and B; (a) and (b) show average overall jobs, (c) and (d) average over jobs of smallest class; (e) and
(f) average over jobs of biggest class.

A, all tested scenarios tend to maintain a similar average and
standard deviation compared to the original demands or show
a slight increase. In contrast, for cell B, the results tend to
differ significantly. This is particularly interesting because, as
seen in Fig. 5, stability conditions and performance indices are
consequently influenced by more than just the first and second
moments.

B. Performance Evaluation

The curves in Figs. 5 and 9 report results for six different
cases of job class grouping. In the first four cases, we use only
two groups for job classes, aggregating in one group all classes
but the last one, which is the biggest class (the class whose jobs
request the largest number of cores). Using Tb and Ts to indicate
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Fig. 6. Average waiting time per each class vs. job arrival rate for cells A and B

Fig. 7. Overall Metrics (Original Demands) Cell A

the number of cores allocated respectively to the biggest class
and to all others, these four cases are:
� Allocation 1: Tb = 1024, Ts = 32 (blue curves)
� Allocation 2: Tb = 512, Ts = 16 (red curves)
� Allocation 3: Tb = 256, Ts = 8 (purple curves)
� Allocation 4: Tb = 256, Ts = 4 (green curves)
We also consider two more groupings, where all job classes

in a group are allocated the same number of cores, equal to a

Fig. 8. Overall Metrics (Original Demands) Cell B

power of two. The power of two is either the one just below the
class request, or the one just above. We call these two groupings:
� Allocation 5: upper power of 2 (light blue dotted curves)
� Allocation 6: lower power of 2 (pink dashed curves)
The only exception to the power of 2 rule is in the case of the

biggest class in Cell A, which requires 2998 cores and should
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Fig. 9. Average waiting time, core allocation, and utilization for cell B.

be allocated 4096; however, the cell only has N = 3072 cores,
and thus it is not possible to allocate more than 3072.

Notice that, in each experimental scenario we maintain the
same number of classes as specified by the original demands.
When referring to grouping, we mean that each class is allocated
a certain amount of cores (e.g., Ts).

The aggregation performed on the job classes brings the
service time of each job to be adjusted using Eq. (4), if the
job receives less cores than requested. We wish to repeat here
that, for example, the allocation of 32 cores to a job requesting
just 1 does not produce a variation of the job execution time and
implies the waste of 31 of the 32 allocated cores. However, the
reduced granularity in the core allocations has the very positive
effect of reducing the impact of HOL blocking.

While the optimization of the class groupings is an obviously
interesting issue, on which we will report in future works, here
we only experiment with simple groupings, to show that this can
be an important element for the improvements of the MJQM
performance.

The reasons that motivated our choice of groupings 1 to 4
are the following: i) the biggest class is given a larger number
of cores in order to avoid extending too much the execution
time of jobs in this class; ii) all other classes are given the
same small number of cores to reduce as much as possible the
service demand variability; iii) the number of cores allocated to
the biggest class is set to be a multiple of the number of cores
allocated to all other classes in order to be able to fully utilize

the cores freed by the end of service of a big class job, using
jobs of any class. Instead, groupings 5 and 6 were considered
to experiment with larger numbers of groups (13in Cell A and
12 in Cell B), while still maintaining a constant factor between
group sizes, in order to facilitate the utilization of cores upon
completion of a job.

The results of job class grouping can be observed in the curves
in Figs. 5 and 9. First of all, we can observe that the upper
power of 2 grouping (Allocation 5) yields poor performance,
since many cores are wasted, and this waste is not compensated
by the ease of core utilization at the end of a service. On the
contrary, the lower power of 2 grouping (Allocation 6) yields
extremely good performance, since only few cores are wasted
on average, and core utilization at the end of a service is made
easier by the fact that jobs are allocated cores in multiples of 2.

Coming to the simpler class groupings that just use 2 groups,
in some cases we see very good performance. In Cell A, with
Allocation 1 we are limited to just 7% of the theoretical MJQM
capacity, with a significant loss with respect to the amber curve
that corresponds to no grouping of classes and reaches 29.4%.
However, with Allocation 4 we reach 48.8%, which is much
higher than the 29.4% achieved by the amber curve. Results are
much more favorable in the case of Cell B, since now Allocation
1 achieves 68.2% of the theoretical capacity, and Allocation 4
obtains 98.5%. In addition, we see that, for a wide range of
job arrival rates, the considered allocations yield much lower
average overall response time with respect to the case of no
grouping. For example, Allocation 1 performs better than the
case of no grouping with job arrival rates higher than about
0.05. With job arrival rate equal to 1, Allocation 3 reduces of
about two orders of magnitude the average response time with
respect to the case of no grouping at an arrival rate equal to 1
job/s. Quite interesting is the fact that this gain is not obtained at
the expense of some of the job classes. As we can see in Fig. 5,
both the classes with the largest and the smallest request in terms
of number of cores benefit from grouping. Similar benefits are
achieved by other classes, but results are not reported for the
sake of brevity.

The comparison between Allocation 6 (lower powers of 2)
and Allocations 1-4 shows that the latter always perform worse
in Cell A, while in Cell B they improve performance at medium-
high loads, thanks to the result for smaller job classes.

We repeat once more that this excellent result is obtained in
spite of the extra allocation of cores to some job classes.

We wish to conclude this discussion by reporting that ad-
ditional simulations, with an allocation of 1 core to all job
requests, that call for rescaling all service times except those of
the smallest class, reach 100% of the theoretical capacity. This
is obvious, since by allocating 1 core to all jobs we go back to
a traditional M/M/N queue behavior, with no extra allocation of
cores and no HOL blocking. However, this result is an indication
on the one hand of the correct behavior of our simulator, and on
the other of the drastic impact on performance of variability in
job demands.

V. REDUCTION OF THE SERVICE TIME VARIANCE

Although we are well aware that what we investigate in
this section is hardly doable in practice, we now look at the
performance of Cell B assuming we are able to reduce the
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Fig. 10. Cell B, comparison among original data without grouping, job class
grouping, and service time variance reduction.

variance of job service times. The reason for this investigation
is to understand whether the variability in job service times and
cores requests have similar impacts on the MJQM performance.

In Fig. 10, we plot the average response time in three cases:
i) original Cell B data (amber curve); ii) job class grouping
with core allocation Tb = 1024 and Ts = 32 (blue curve); iii)
reduced service time variance (red curve). While the first two
cases correspond to curves we have already included in Figs. 5
and 9, the third curve is obtained by letting the first 25 job classes
share the same average service time, which is set equal to the
overall average service time of the same 25 classes in the original
data. This corresponds to forcing the first 25 job classes to share
the same exponential service time distribution, thus reducing the
overall service time variance while keeping the same workload
as in the original Cell B data. It is quite interesting to observe
that the effect of this reduction of the service time variance
is not far from the one obtained with job class grouping, that
reduces the variance in core allocation. This tells us that the
service demand variability impacts performance on both service
dimensions defined by core demands and service time demands.

VI. MAJOR TAKEAWAYS

In this section, we summarize the major takeaways of the
combination of analytical and simulation results that we have
presented.
� Variability in jobs’ demands matters: In the realm of

work-conserving systems, the moments of the service de-
mand higher than the first may have an impact on some
performance measures such as the expected job response
time, not on system stability. On the contrary, we have
analytically shown that in the context of MJQM (that
are not work-conserving), these moments play a pivotal
role also in defining the system’s stability region, i.e., the
maximum workload intensity that can be served before
reaching saturation. This phenomenon arises from the in-
efficient utilization of resources caused by the granularity
in jobs’ resource demands that causes HOL blocking and

is aggravated by high service time variability. This effect
on the one side has significant theoretical importance, and
on the other heavily impacts the performance of real-world
data center workloads. A careful investigation of the impact
of moments of different orders is left for future work.
Our preliminary results indicate an impact of moments
of order two and higher, as shown also in [22], where
the the intuition that higher variances of the service time
distribution for small jobs would lead to more restrictive
stability conditions is shown to be not always true with a
counterexample.

� Increase the service time to reduce the response time in
moderate/heavy load conditions: When a job is allocated
more resources than it actually demands, it might not fully
utilize them, resulting in a minimal reduction in its service
time (in our simulations we assume that the service time
does not change). On the contrary, if a job receives fewer
resources than it requires, its service time is likely to be
prolonged in direct proportion to the shortfall. Neverthe-
less, our findings reveal that allocating additional resources
to smaller jobs has a minimal impact on overall system
utilization when just two groups are used. In fact, they
usually have short service times and the surplus resources
they receive would be left unused by the HOL blocking.
Conversely, decreasing resources allocated to larger jobs
diminishes the likelihood of HOL blocking. The combined
effects of these two strategies can substantially expand
the system’s stability region, consequently reducing the
average response times under moderate to heavy load
conditions.

� System performance can be improved using only a few core
allocations: In order to increase the maximum reachable
system throughput, it is sufficient to cluster jobs in a very
limited number of class groups and allocate a fixed number
of cores to all classes in a group. This is particularly evident
in Fig. 9(a) where the gain in stability region is significantly
greater for the aggregation Ts = 8, Tb = 256 compared to
the power of 2 aggregations. In our simulations based on
the Google Borg traces, we used different settings for the
aggregation of classes and showed that even for relatively
low-intensity workloads, it is possible to reduce the ex-
pected response time both for large and small jobs thanks
to the mitigation of HOL blocking effects achieved by
grouping. This remains true until the point where resource
waste becomes excessive due to overallocation, which is
the case of the upper power of two allocation.

VII. RELATED WORK

The analysis of the MJQM with FIFO scheduling holds a
crucial role for the enhancement of contemporary data center
performance evaluation [23], [24], [25].

As highlighted in [2], [26] the availability of results on the
analysis of the FIFO-MJQM is limited. In [4], [6] the au-
thors investigated the system, giving some valuable insight on
this specific model. Notably, these works establish a stability
condition for the MJQM with class-dependent service rates for
the first time, considering systems with two classes of jobs
under a saturation assumption. Following the same methodology
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as in [4], we defined the stability region for the two class
saturated MJQM with deterministically distributed service time
in Section II-B. Apart from these investigations, researchers
have primarily focused their attention on analyzing different
scheduling policies, as exemplified in [12], [27], [28], [29], [30],
on studying predecessors of this model [31], [32], [33] or on
looking into this very same system but under various and strict
constraints and assumptions, as in [34], [35], [36].

In an attempt to enhance both theoretical and practical ad-
vancements into the efficient management and optimization
of the performance of modern computational systems, major
companies such as Google [37], [38], Azure [39], [40], and Al-
ibaba [41] have chosen to release comprehensive job-scheduling
traces extracted from their cluster management systems. A sig-
nificant contribution in this domain can be found in the work
presented in [1], where the authors conducted detailed com-
parisons and analyzes of traces provided by Google through its
Borg [38] cluster management system. This research highlighted
the intricate dynamics of these systems, particularly emphasiz-
ing the remarkable variability in the distribution of requested
CPUs within the Borg framework.

Other studies, such as [42] and [43], have provided similar
insights into this challenge by analyzing the priority mecha-
nisms of the Google Cloud public dataset. The characterization
of machines and jobs is then further explored in [44]. There,
the authors observe a prevalence of single-task jobs, with the
majority containing less than 100 tasks and a very small fraction
having up to 2000 tasks. Furthermore, in terms of job catego-
rization, short-duration jobs emerge as both the most frequent
and resource-efficient, contrasting with medium jobs, which are
frequent and exhibit a memory-intensive nature, and the least
common but very resource-demanding, long-duration jobs are
identified as CPU-intensive. Building upon this research direc-
tion, [14] also offers insights into job resource usage patterns.
The study observes again the highly diverse resource requests
per task, and the authors reveal that the overall memory usage is
reported to be only 53% of the memory allocation, while CPU
usage corresponds to a mere 40% of the allocated CPU resources,
emphasizing one more time the high diversity and often ineffi-
cient utilization of resources in modern computation systems.

With the purpose of understanding and addressing the chal-
lenges posed by the above-mentioned counter-intuitive features,
we propose what, to the best of our knowledge, is the first
study focused on clarifying how and how much service demand
variability, in terms of resource allocation and service duration,
impacts data centers performance. We employ a combination
of simple analytical models and detailed simulations based on
real-world data to delve into this complex domain.

VIII. CONCLUSION

This paper showed that the stability region of multiserver
job queuing models depends not only on the average service
demand of jobs, but also on higher moments of both the number
of requested cores, and service duration. This was proved with
analytical models in simple cases for which analysis is possible,
and observed with simulation experiments in controlled condi-
tions, as well as with simulations that use data extracted from
publicly available measurements of Google Borg data centers.

The results we presented are relevant from the theoretical
viewpoint, since the stability region in queuing systems quite
often only depends on averages, and originates from the non
work-conserving nature of the multiserver job queuing model.
Our results are also relevant from a practical viewpoint, since
they unveil the possibility of disappointingly low resource uti-
lization levels in data centers.

However, the insight generated by our analysis paves the way
to the design of approaches to improve resource utilization.
They suggest that the aggregation of jobs requesting different
numbers of cores in few groups where all jobs are allocated
the same number of cores, can be quite beneficial in terms of
performance, succeeding in reducing the average response time
of jobs, even if their execution time is increased whenever the
number of allocated cores is less than what requested. It is worth
noting that the fact that only few class groups are sufficient to
significantly improve the cluster’s performance corresponds also
to a simplification of the implementation of this strategy.

As future work, we leave the problem of determining the
optimal job class grouping for the minimization of the expected
response time or the maximization of some reward function.
This function could encompass fees paid by jobs for the services
rendered or energy efficiency.
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