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Abstract. HPC systems are increasingly being used for big data ana-
lytics and predictive model building that employ many short jobs. In
these application scenarios, HPC job dispatchers need to process large
numbers of short jobs quickly and make decisions on-line while ensuring
high Quality-of-Service (QoS) levels and meet demanding timing require-
ments. Constraint Programming (CP) is an effective approach for tack-
ling job dispatching problems. Yet, the state-of-the-art CP-based job
dispatchers are unable to satisfy the challenges of on-line dispatching
and take advantage of job duration predictions. These limitations jeopar-
dize achieving high QoS levels, and consequently impede the adoption of
CP-based dispatchers in HPC systems. We propose a class of CP-based
dispatchers that are more suitable for HPC systems running modern
applications. The new dispatchers are able to reduce the time required
for generating on-line dispatching decisions significantly, and are able to
make effective use of job duration predictions to decrease waiting times
and job slowdowns, especially for workloads dominated by short jobs.

1 Introduction

Easy access to massive data sets, data analytics tools and High-Performance Com-
puting (HPC) have been fueling the trend towards data-driven computational sci-
entific discovery [3], with big-data processing frameworks such as Hadoop and
Spark increasingly integrated with HPC systems [2,17,31,34]. Workloads of HPC
systems engaged in data-driven analytics tend to be a mix of many short jobs
(<1 h) with fewer longer jobs [32]. Hence, HPC job dispatchers need to rapidly
process a large number of short jobs in making on-line decisions so as to mini-
mize both waiting times and slowdown (the ratio between the total job duration
including waiting time and the actual job duration during runtime). These mea-
sures of Quality-of-Service (QoS) are particularly important when HPC systems
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are used to provide real-time services, such as big-data visualization [29,33,39],
where response times are critical for acceptable user experience.

While the on-line job dispatching problem in HPC systems is NP-hard [6],
it can be formulated as a job scheduling and resource allocation problem for
which Constraint Programming (CP) has produced good results [4]. The first
CP-based HPC dispatcher with job waiting times as a measure of QoS was
introduced in [5] and shown to obtain better solutions compared to a Priority
Rule-Based (PRB) dispatcher [10,21], which is widely adopted in commercial
HPC workload management systems such as Altair PBS Professional [1] and
SLURM Workload Manager [35]. The dispatcher was later embedded as a plug-
in within the software framework of PBS professional [9]. Subsequently, another
CP-based dispatcher with a similar measure of QoS with the additional feature
of limiting system power consumption was presented in [7,8] and proved to
outperform a PRB dispatcher on the instances with tight power capping values.

Despite the potential of these CP-based job dispatchers, certain limitations
hinder their adoption for modern HPC systems. As reported in [9], the first dis-
patcher is not resilient to heavy workloads—workloads where resource requests
greatly exceed available resources. The time spent by this dispatcher in gener-
ating a dispatching decision increases dramatically as more jobs requiring high
system utilization arrive to the system. The second CP-based HPC dispatcher
was initially employed in off-line mode [8], and later also in on-line mode [7] but
on workloads of maximum 1000 jobs submitted in a time window of half an hour.
A more realistic scenario where jobs arrive continuously and many of them end up
waiting in a queue due to unavailable computational resources increases greatly
the difficulty of generating dispatching decisions. Our experimental results con-
firm that both dispatchers are not resilient to heavy workloads that are present
in real datasets, which is undesirable in the quest for fast response times.

Another limitation is related to the actual runtime duration of a job on a
specific HPC system which is not known before it is executed and yet is crucial
for generating dispatching decisions to guarantee high QoS levels. Dispatchers
often use the expected job duration, which is the maximum time a job is allowed
to execute on the system. In the above mentioned dispatchers, the expected
duration is the default value assigned by the system, which is typically the default
wall-time of the queue where the job is submitted, unless the job owner supplied
her own expected duration. Even in the latter case, however, users tend to use the
maximum wall-time and user estimations are acknowledged to be overestimated
in general [13,16,27]. A dispatcher that relies on overestimated durations is likely
to schedule fewer jobs than possible at dispatching time, and consequently, is
likely to cause unnecessary delays. Prediction of actual runtime durations using
simple heuristics or more sophisticated machine learning techniques is an active
area of research [15,19,20,38]. Recent studies show that the use of job duration
predictions when generating dispatching decisions can substantially improve QoS
levels in backfilling-based dispatchers [15,19,20,37].

Our contribution is a class of novel CP-based dispatchers that are more
suitable for HPC systems running modern applications. We build on [5,8] and
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redesign their main components. First, we revisit their model and search control
mechanism so as to make them resilient to heavy workloads and applicable to
on-line dispatching. Second, we study the use of job duration prediction, instead
of the expected duration, when generating dispatching decisions. We discuss why
naively replacing the expected duration with a predicted duration may be inef-
fective, if not detrimental for QoS. Consequently, we adapt the model and search
algorithm of our dispatchers to the use of job duration predictions to obtain high
QoS levels in terms of job waiting times and slowdown. We conduct a simula-
tion study on a workload trace collected from an HPC system containing large
numbers of short jobs. We use predictions with different accuracy, underestima-
tion and overestimation rates on the dataset. Our results demonstrate that with
our approach, the CP-based dispatchers can: (i) significantly reduce the time
required to generate dispatching decisions; and (ii) benefit from good job dura-
tion predictions and considerably decrease the waiting times and the slowdown
of the jobs, especially for workloads dominated by short to medium jobs.

The rest of the paper is organized as follows. In Sect. 2, we introduce the
on-line job dispatching problem in HPC systems and give an overview of the
CP-based dispatchers introduced in [5,8]. In Sects. 3 and 4, we describe our
approach. In Sects. 5 and 6, we detail our experimental study and present our
results. We discuss the related work in Sect. 7 and conclude in Sect. 8.

2 Formal Background

2.1 On-line Job Dispatching Problem in HPC Systems

A user request in an HPC system consists of the execution of a computational
application over the system resources. Such a request is referred to as job and
the set of all jobs is known as workload. Each job in the workload is associated
to a name, required resources (cores, memory, etc.) to run the corresponding
application, and its expected duration which is the maximum time it is allowed
to execute on the system. An HPC system typically receives multiple jobs simul-
taneously from different users, placing them in a queue together with the other
waiting jobs (if there are any). The time interval during which a job remains
in the queue until its execution time is known as waiting time. At a given dis-
patching time, a job dispatcher decides when the jobs waiting in the queue can
start executing and on which resources they can execute. The goal is to dispatch
in the best possible way according a measure of QoS, such as by reducing the
waiting times or the slowdown of the jobs, which is directly perceived by the
HPC users. During execution, a job exceeding its expected duration is killed.

Formally, on-line dispatching in an HPC system takes place at a specific
time t for (a subset of) the queued jobs Q. A typical HPC system is composed
of N nodes, with each node n ∈ N having a capacity capn,r for each of its
resource type r ∈ R, giving the total amount of available resource. Each job
i ∈ Q has the arrival time qi ≤ t to the queue, which is unknown before the
arrival, and a demand reqi,r giving the amount of resources required from r.
The on-line dispatching problem at time t consists in scheduling each job i by
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assigning it a start time si ≥ t, and allocating i to the requested resources during
its expected duration di, such that the capacity constraints are satisfied: at any
time in the schedule, the capacity capn,r of a resource r is not exceeded by the
total demand reqi,r of the jobs i allocated on it, taking into account the presence
of jobs already in execution. A typical objective is to minimize the sum of the
waiting times si − qi. Once the problem is solved, only the jobs with si = t are
dispatched. The remaining jobs with si > t are queued again with their original
qi. It is the workload management system software that decides the dispatching
time t and the subsequent dispatching times.

A solution to the problem (i.e., a dispatching decision) is obtained according
to a policy using the current system status, such as the queued jobs, the running
jobs and the availability of the resources. A sub-optimal solution could cause
exceptional delays in the queue, hurting the QoS. While a (near-)optimal solution
is a critical requirement in HPC systems, the on-line job dispatching problem
is an NP-hard problem [6] and thus needs to be addressed with a dedicated
approach. In [5,8], the first CP-based dispatchers for HPC systems are developed
and tested on a workload trace collected from the Eurora system [11].

2.2 CP-Based Dispatchers for HPC Systems

In the first dispatcher [5], the entire dispatching problem is modelled and solved
using a CP solver. The second dispatcher [8] instead relies on a hybrid method.
While the scheduling problem is modelled and solved in a CP solver, the allo-
cation problem is solved separately using a heuristic search algorithm. We will
refer to them as PCP and HCP, respectively, to mean the use of a Pure CP and a
Hybrid CP method in their dispatching algorithms.

Scheduling. In both PCP and HCP, the scheduling problem is modeled with Con-
ditional Interval Variables (CIVs) [25]. A CIV τi ∈ τ represents a job i and
defines the time interval during which i runs. At a certain dispatching time t,
there may already be jobs in execution which were previously scheduled and
allocated. We refer to such jobs as running jobs. The scheduling model considers
in the τ variables both the running jobs and the queued jobs in Q. The proper-
ties s(τi) and d(τi) correspond respectively to the start time and the duration
of the job i. Since the actual runtime duration dr

i of a running or queued job i
is unknown at the modeling time, PCP and HCP rely on an estimation and use
the expected duration di for d(τi). Thus we have d(τi) = di for the queued jobs
and d(τi) = s(τi) + di − t for the running jobs. While the start time of the run-
ning jobs have already been decided, the queued jobs have s(τi) ∈ [t, eoh], where
eoh is the end of the worst-case makespan calculated as t +

∑
τi

d(τi). Expected
durations di are supplied by the users. In the absence of this information, the
dispatchers use the default wall-time of the queue. It is important to note that
even user-supplied values tend to be equal to the wall-time of the queue, which
is indeed the maximum allowed value for di. We will refer to the use of such di

to define d(τi) as the wall-time approach.
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Unlike PCP, HCP searches for a start time for the first m jobs in Q (referred to
as Q̄). The remaining jobs in Q\Q̄ are still in the model, but they are postponed
to the end of the makespan by fixing their start time as s(τi) = eoh− d(τi). The
capacity constraints in PCP are enforced via a cumulative constraint for all
n ∈ N and for all r ∈ R, ensuring that at any given time in the makespan
the total reqi,r of the jobs i using r does not exceed capn,r. In HCP, resources
of the same type across all nodes are considered as a pool of resources, hence
the cumulative constraints are posted for each r ∈ R with the total capacity
CapT

r =
∑

n∈N capn,r. Any infeasibility that may be introduced due to this
modelling choice is fixed during the allocation phase. HCP considers also power
as a resource type, allowing to restrict the total power consumption of the jobs.
We here omit this feature as it is not relevant to our study.

We consider the objective function which minimizes the sum of the waiting
times of the jobs. In PCP it is formalized as

∑
τi

max(0, s(τi)−qi−ewti
ewti

). It is a
weighted sum so as to give priority to the jobs that stay in the queue longer
than their ewti. The ewti value is the average waiting time of the queue where
i is submitted, and is obtained by analyzing the Eurora workload data which
was collected by the PBS dispatcher [22]. In the objective function of HCP, the
weights are slightly different, giving priority to the jobs of the queues with lower
expected waiting times:

∑
τi

max(ewti)
ewti

∗ (s(τi) − qi). We will explain later how
the corresponding scheduling models are solved by PCP and HCP.

Allocation. In PCP, the allocation problem is modelled via an alternative con-
straint [25] for all τi ∈ τ , which ensures that the requested resources reqi,r are
satisfied by selecting a subset of the alternative possibilities for allocating i. An
alternative possibility is an optional CIV, which may or may not be present in the
allocation decision, and represents an individual allocation to the resources of a
given node n. Instead in HCP, it is solved by a PRB algorithm for the jobs which
have s(τi) = t after the scheduling model is solved. This heuristic algorithm iter-
atively tries to allocate each scheduled job using the best-fit allocation strategy.
The jobs are chosen based on their priority. The jobs that have been waiting the
longest at time t have the highest priority. Such a priority is calculated in line
with the priority of the jobs in the objective function: max(ewti)

ewti
∗ (t − qi). As a

tie breaker, job demand is used, which is the job’s resource requirements multi-
plied by job duration d(τi). Hence, among the high priority jobs, those that have
requested fewer resources and have shorter durations have further priority. Since
the scheduling decision may contain some inconsistencies due to considering the
resources of the same type as a pool, a job may not be allocated, in which case
it is postponed to the next dispatching time.

Search. To solve the scheduling and the allocation model altogether, PCP uses
the self-adapting large neighborhood search algorithm [24] which is the default
search available in the solver where PCP is implemented [26]. HCP instead uses a
custom search algorithm derived from the schedule-or-postpone algorithm [30]
to solve the scheduling model. The criteria used to select a job among all the
available ones at each decision node follows the priority rule used in the PRB
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allocation algorithm, thus preferring the jobs that can start first and whose
priority are highest. Note that the priorities are calculated once statically at the
dispatching time t before search starts. Due to problem complexity, search in
both PCP and HCP is bounded by a time limit δ. Thus, the best solution found
within the limit is the dispatching/scheduling decision. If, however, no solution
is found within the limit, the search is restarted with an increased time limit
2 ∗ δ. This procedure continues while no solution is found and δ ≥ δmax, where
δmax is the maximum time available to generate a decision.

3 Resiliency to Heavy Workloads

In this section, we reduce the model size and improve the search control of the
dispatchers in an effort to make the dispatchers resilient to heavy workloads and
applicable to on-line dispatching.

At a dispatching time t, PCP searches for a solution for all the jobs in Q which
can be very time consuming when many jobs are waiting. While this problem is
tackled in HCP by searching for a solution for the jobs in Q̄ and postponing the
remaining jobs in Q \ Q̄ to the end of the makespan, there raises another issue:
when many jobs are postponed in the same way, they are likely to overlap and
create excess demand for the system resources at a given time in the schedule.
It may therefore be not be possible to find a feasible solution that satisfies the
resource constraints, consequently the entire Q may be postponed to the next
dispatching time t + 1. To address this problem, we remove the remaining jobs
in Q \ Q̄ from the model and place them in the queue with their original qi.

During the typical operation of an HPC system, job submission by users
has a stochastic nature and actual runtime durations are known only when jobs
terminate. Additionally, at a dispatching time t, only the jobs with s(τi) = t
are dispatched. Thus, it is not fruitful to generate a dispatching decision for the
entire schedule makespan [t, eoh]. We therefore remove from the model all the
jobs requiring more amount of resources than available at time t and queue them
again with their original qi. In addition to reducing the model size in terms of
decision variables, we also eliminate the unnecessary variables and constraints
in the model of a given problem instance. Specifically, for a given resource type
r (in a node n), if none of the jobs in the model require it, we remove the
corresponding cumulative constraint from the model. Moreover, in PCP, if there
is no availability to allocate i in the system resources, we remove i and its
corresponding alternative constraint from the model, and queue it again with
its original qi. Note that removing jobs from the model and putting them back
in the queue does not cause any starvation problem. As we will argue in Sect. 4
and confirm experimentally in Sect. 6, their priority grow with their slowdown
and eventually they are all dispatched.

During search for a solution, both solvers of PCP and HCP use a time limit
δ to interrupt the search and return the best solution found. If, no solution is
found within the limit, the search is restarted with an increased time limit 2 ∗ δ.
In the latter case, the dispatchers cannot distinguish an unsatisfiable problem
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instance from a difficult instance that is not solved yet. This has the consequence
of searching for a solution again and again for an instance known to be unsat-
isfiable. To address this problem, we add the solver state to the search control.
Consequently, if the solver proved unsatisfiability, this will be known when the
search is interrupted by the time limit, and the subsequent restart will be avoided
by placing the jobs in the queue for the next dispatching time. Finally, we avoid
a restart if the solution quality did not change after k consecutive restarts.

In the following, we refer to the versions of PCP and HCP whose model and
search control are built as described here as PCP1 and HCP1.

4 Incorporation of Job Duration Prediction

A straightforward way to incorporate the duration prediction dd
i of a job i into

our dispatchers is to use it for defining the duration d(τi) as d(τi) = dd
i for the

queued jobs and d(τi) = s(τi) + dd
i − t for the running jobs, without any other

changes to the dispatchers. In this section, we argue that this naive use may be
ineffective, if not worsen the QoS, thus we adapt the model and search algorithm
of both dispatchers to the use of job duration predictions in order to obtain high
QoS levels in terms of job waiting times and slowdown.

A duration prediction dd
i of a job i may be perfectly accurate (dd

i = dr
i ),

underestimated (dd
i < dr

i ), or overestimated (dd
i > dr

i ). If a running job i is
underestimated, at a certain dispatching time t, we will have s(τi) + dd

i < t
and thus d(τi) = s(τi) + dd

i − t < 0. That is, the duration of a running job
will have a negative value even if the job is still running. A negative d(τi) for
a running job directly affects the calculation of the makespan

∑
τi

d(τi) of the
queued jobs. With a reduced makespan, it may not be possible to find a schedule
and/or allocation for the queued jobs, consequently they may all be postponed
to the next dispatching time t + 1, worsening the QoS. If instead, a running job
is overestimated at t, we will surely have s(τi) + dd

i > t and d(τi) > 0, thus the
makespan will not be shorter than necessary.

To address the problem of duration prediction underestimation, we extend
the duration d(τi) of a running job i which has d(τi) < 0 at time t. Specifically,
we redefine it as d(τi) = 1, assuming that the job i needs at least one more
unit of time as of t. This value is necessary and sufficient. It is the minimum
value necessary to prevent a feasible problem instance from turning into an
unfeasible one, as the makespan will be large enough to fit all the queued jobs
in a schedule. To show that it is sufficient, we remind that at t, only the jobs for
which the dispatcher decides that s(τi) = t are dispatched (the remaining are
queued again). The allocation decision made for such jobs is valid until the next
dispatching time t+1 and is not affected by the actual runtime durations of the
running jobs even if they are underestimated. By using the minimum possible
value for the duration of the underestimated running jobs, we keep the search
space size compact. Our initial experiments confirm that higher values of d(τi)
make the problem more difficult. In the following, we refer to this version of PCP1
and HCP1 as PCP2 and HCP2.
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Table 1. Dispatcher versions.

Enhancement PCP1 HCP1 PCP2 HCP2 PCP3 HCP3

Reduced model size, improved search control � � � � � �
Addressing duration prediction underestimation � � � �
Job durations in the obj. function and search � �

Even if the job duration prediction is accurate, resulting in dd
i ∼ dr

i for all
jobs, the dispatchers may still not be able to exploit them fruitfully for targeting
low job waiting time s(τi) − qi and slowdown (s(τi) − qi + dr

i )/dr
i . As we saw

in Sect. 2.2, both dispatchers assign a priority to the jobs that should not wait
long. Then the jobs with higher priority are forced to be scheduled first via the
objective function, as well as in the custom search of the scheduling problem and
in the heuristic search of the allocation problem of the HCP dispatcher. However,
job duration d(τi) is ignored in the priority. It is used only as a tie breaker among
the jobs having the same priority during the search of the scheduling and the
allocation problems of HCP. The priority instead focuses on a relation between
the current waiting time t − qi of the job i and its expected waiting time ewti.
The problem is that ewti is not a job specific feature that can be decided on-line
at the time of dispatching. It is a feature of the queue where the job is submitted
and is calculated offline. Such a value may not be informative on the current job
submission status so as to generate a dispatching decision of high quality.

We tackle this limitation by involving job durations in the objective function
and in the search of the scheduling and allocation, via the use of job slowdown
as job priority. Thus, the new objective function and the priority of a job i

at a dispatching time t become
∑

τi

s(τi)−qi+d(τi)
d(τi)

and (t − qi + d(τi))/d(τi),
respectively. This is the normalization of the job waiting time, which has a higher
value for jobs waiting more than their duration than for jobs waiting less than
their duration. We foresee the following benefits. First, since it gives priority
to short jobs, the dispatcher will aim at lowering both the total job waiting
times and the total job slowdown, as required by modern HPC applications.
Our experimental results in Sect. 6 show that by giving priority to short jobs, we
never penalize the medium and long jobs. Second, it prioritizes the jobs based
on a job specific feature d(τi) which can be calculated on-line and which can
reflect better the current job submission status. Finally, integrating d(τi) in the
objective function and search of the dispatchers paves the way to exploit job
duration predictions.

In the following, we refer to the versions of PCP2 and HCP2 whose model
and search algorithms are adapted as described here as PCP3 and HCP3. Table 1
summarizes all the dispatcher versions. We note that, similar to HCP, the
HCP3 dispatcher uses the job priorities in the custom search of the schedul-
ing problem and in the heuristic search of the allocation problem, and calcu-
lates the priorities once statically at the dispatching time t before search starts.
Our initial experiments revealed that updating them dynamically during search
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is not beneficial. As we described in Sect. 2.2, the search of PCP relies on the
default search of the underlying solver and does not exploit priorities. We
observed in our initial experiments that the custom search of the scheduling
model in HCP is valuable also for PCP to solve the entire scheduling and allo-
cation problem, hence we adopt that kind of search and exploit priorities also
in PCP3.

5 Experimental Study

To evaluate the significance of our approach, we conducted an experimental
study, by simulating on-line job submission to an HPC system.

HPC System and its Workload Dataset. Our study is based on a workload trace
collected from the Eurora system [11], with (the portions of) which the original
CP-based dispatchers were tested. [5,7–9]. We repeated the same study using
another workload trace collected from the Gaia system [14] and obtained similar
results which we omit in the paper due to space restrictions. The Eurora system
was hosted by CINECA [12], the largest Italian datacenter. Eurora occupied the
first place in the Green500 list of June 2013, and was in production until August
2015. It consisted of 64 nodes, each equipped with 2 8-core GPUs, 16 GB of
RAM memory, and 2 accelerators: GPUs and MICs. The workload, collected by
the PBS dispatcher between March 2014 and August 2015, consists of logs for
over 400,000 jobs submitted to one of its four queues, including job duration
and detailed resource usage. The workload is dominated by short jobs (under
1 h), making up 93.14% of all jobs, while the remaining 6.10% are medium jobs
(between 1 and 5 h) and 0.75% are long jobs (over 5 h).

Job Duration Prediction. To derive job durations, we used three prediction meth-
ods with varying accuracy levels, and underestimation and overestimation rates:
(i) the wall-time approach, (ii) a data-driven prediction heuristic [19] which is
simple to implement and has a low overhead, and as a baseline (iii) the actual
runtime (real) durations. In [19], the authors have applied the heuristic pre-
diction to the Eurora dataset. The mean absolute error (MAE) of the heuris-
tic and the wall-time approach with respect to the real duration were shown
to be 40 mins and 225 mins, respectively. The heuristic prediction shows thus
an improvement of 82% over the wall-time approach. In Fig. 1, we show the
empirical cumulative distribution function (ECDF) of the prediction accuracy
A = dr

i /d(τi), the ratio between the real and the predicted duration of a job, of
all the three methods. The empirical ECDF shows the proportion of scores that
are less than or equal to each score of A on Eurora. When A = 1, the duration
d(τi) matches the real duration dr

i . We have underestimation when A > 1, over-
estimation when A < 1. In theory, we should not have underestimation with the
wall-time approach because in a real system a job is killed if it takes longer than
its di. However, a system requires extra time after a job is killed or completed to
bring the resources on-line again and this extra time is reflected to the dataset.
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Fig. 1. The distribution of the accuracy of the three prediction methods.

Therefore, in some cases we have A > 1 in Fig. 1. We have 0.75 ≤ A ≤ 1.25 for
about 50% of the workload with the heuristic, and for less than 10% with the
wall-time approach. On the other hand, the heuristic introduces considerable
underestimation. The exact under and overestimation rates are 3.6% and 96.3%
for the wall-time and 25.8% and 53.7% for the heuristic, respectively.

Experimental Setup. We used the open-source discrete event simulator
AccaSim [18] to simulate the Eurora system with its workload dataset. Each
job submission is simulated by using its available data, for instance, the owner,
the requested resources, and the real duration, the execution command or the
name of the application executed. AccaSim uses the real duration to simulate the
job execution during its entire duration. Therefore job duration prediction errors
do not affect the running time of the jobs with respect to the real workload data.
The dispatchers under study are implemented using the AccaSim directives to
allow them to generate the dispatching decisions during the system simulation.

With the heuristic prediction, as opposed to calculating the predictions off-
line as in [19], we calculate them on-line during the simulation and update
the knowledge base upon job terminations. The accuracy of the heuristic thus
depends on the generated dispatching decisions. As a CP modelling and solving
toolkit, we used Google OR-Tools1 version 6.7 and ported it to Python 3.6 to
implement the dispatchers in AccaSim. The PCP, PCP1, and PCP2 dispatchers use
the default search algorithm of OR-Tools for CIVs, which is the schedule-or-
postpone algorithm. As explained in Sects. 2.2 and 4, all the other dispatchers
use the custom search derived from schedule-or-postpone. In terms of the dis-
patcher parameters, we set δ = 1s, k = 2, and δmax = 16s to small values to keep
the dispatcher overhead low. We keep m = 100 as in HCP. Both dispatchers need
in some of their versions the estimated waiting time ewtQ = 1

|Q|
∑

i∈Q si − qi of
each queue Q in the system. These values were calculated for the Eurora work-
load in [5,8] and reused here. All experiments were performed on a dedicated
server with a 16-core Intel Xeon CPU and 8 GB of RAM, running Linux Ubuntu
16.04. The source code of the CP-based dispatchers is available at https://git.
io/fjia1.

1 https://developers.google.com/optimization/.

https://git.io/fjia1
https://git.io/fjia1
https://developers.google.com/optimization/
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6 Experimental Results

In this section, we report our experimental results. While the best and the final
versions of the dispatchers are PCP3 and HCP3, all the previous versions (PCP,
PCP1, PCP2, HCP, HCP1, HCP2) appear in the experiments in order to evaluate
each of our contributions. To refer to a dispatcher using a certain job duration
prediction method, we append -W, -D or -R to the name of the dispatcher for
the Wall-time approach, the Data-driven heuristic and the Real duration, resp.

Table 2. Times and problem sizes.

Dispatcher PCP PCP1-W PCP3-R PCP3-D HCP HCP1-W HCP3-R HCP3-D

Avg. disp. time [ms] ∞ 743 692 701 1,014 703 523 575

Total pred. time [s] - - - 289 - - - 308

Total sim. time [s] ∞ 262,436 261,985 262,764 374,788 245,663 201,223 215,814

Avg. # of intervals - 145 94 115 379 100 51 63

Avg. # of req. res - 853 142 584 6,267 1,292 258 571

Avg. # of avl. res - 1,476 1,471 1,473 1,487 1,477 1,473 1,474

6.1 Dispatcher Performance and Problem Size

We first assess the impact of reducing the model size and improving the search
control of the dispatchers for resiliency to heavy workloads. Following the origi-
nal dispatchers PCP and HCP, we use the wall-time approach in PCP1 and HCP1 for
job duration prediction, and compare the performance of and the problem size in
PCP and PCP1-W, as well as HCP and HCP1-W. We report in Table 2 the mean CPU
time spent in generating a dispatching decision over all dispatcher invocations,
including the time for modeling the dispatching problem instance and searching
for a solution. We also report the total simulation time from the first job sub-
mission until the last job completion, and the average problem size: number of
intervals, number of requested resources, number of available resources.

PCP crashes before the completion of the entire workload, demonstrating that
it is not resilient to heavy workloads. We therefore underline the improvement
reached by the PCP1-W dispatcher which is now able to process the workload.
Compared to HCP, the HCP1-W dispatcher reduces the total time by around 34%
and reduces the problem size and time required for dispatching significantly.
These results demonstrate that our approach has significantly better perfor-
mance, making the dispatchers applicable to heavy workloads and paving the
way to the use of CP-based dispatchers for HPC on-line dispatching.

6.2 Quality of the Dispatching Decisions

Next, we evaluate the value of adapting the model and search algorithm of the
dispatchers to the use of job duration predictions by comparing the quality of
the decisions made by PCP, PCP1, PCP2, PCP3, as well as by HCP, HCP1, HCP2, HCP3.
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Since we are aiming at reducing both the slowdown and waiting time of jobs,
we consider both of these metrics. We first study the effectiveness of PCP, PCP1,
PCP2, and PCP3 with each job duration prediction method. Then, we analyze HCP,
HCP1, HCP2, and HCP3. We show the results of PCP2 and HCP2 only in conjunction
with the data-driven heuristic. This is because on our workload the heuristic has
a considerable underestimation rate while the other prediction methods have
negligible or no underestimation, so the behaviour was very similar to PCP1 and
HCP1. We also compare the various dispatchers with the performance of PBS
in the original system, by calculating the slowdown and waiting time from the
workload data.

Fig. 2. Average and error bars showing one standard deviation of slowdown and waiting
times [s] using the PCP dispatchers.

PCP Results. Fig. 2 shows the slowdown and waiting times obtained by various
versions of the dispatchers, compared to PBS. PCP is missing from the plot due
to the fact that it is not able to process the workload, hence we consider PCP1-W
as a baseline, which is the enhancement most similar to the original algorithm.
Additionally, we do not report the results of PCP1-D because the simulation was
too heavy and did not terminate in more than two weeks, so we interrupted it.
We believe the long simulation time is due to the fact that PCP1-D does not
deal with underestimation, so it tends to use the maximum time limit for the
instances in which jobs are underestimated, generating long queues.

A first observation is that, our best dispatcher coupled with the best duration
predictor (PCP3-R) and the heuristic predictor (PCP3-D) always outperform PBS.
PCP3-W has lower performance compared to PCP1-W. This is probably because the
wall-time approach has a high overestimation rate, which is not beneficial when
the dispatcher involves job durations in dispatching decisions. However, if we
look at the dispatchers using real durations, we observe a significant increase in
performance compared to PCP1-W but also when moving from PCP1-R to PCP3-R.
The reduction in the slowdown and waiting time from PCP1-R to PCP3-R reach
up to 58% and 13%. This is due to the accuracy of the prediction method which
does not present any underestimation nor overestimation. This proves that our
approach is essential when a good quality prediction is available.

On a more realistic prediction, the results confirm that great care needs
to be taken when integrating predictions. A straightforward integration of the
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predictions in previous algorithms is not helpful at all: PCP1-D takes too long.
By handling underestimation as in PCP2-D, we are able to improve the results
compared to PCP1-W. Further improvement is observed when moving to PCP3-D,
demonstrating again the benefits of including predictions, albeit imperfect, into
the model and search algorithm. Specifically, we observe 37% and 29% reduction
in the average slowdown and the average waiting time.

HCP Results. Figure 3 shows the performance of HCP, HCP1, HCP2 and HCP3 com-
pared to PBS. Unlike the PCP case, here the original dispatcher HCP is able to
process the entire workload so we can compare our results directly with the
state-of-the-art method, besides PBS. We observe that in general, if we include
predictions with good accuracy and take into account also the underestimation
problem, our algorithms can improve the quality of the dispatching decisions
significantly (see HCP3-D and HCP3-R compared to HCP and PBS).

Fig. 3. Average and error bars showing one standard deviation of slowdown and waiting
times [s] using the HCP dispatchers.

In more detail, we observe that simply moving from HCP to HCP1-W, with
an approach aimed at reducing the CPU time for dispatching, we also improve
the quality of the solutions. HCP3-W does not improve HCP1-W, since the accu-
racy of predictions using wall-time is rather low. We observe the most significant
improvements over HCP with HCP3-R, proving again the importance of our app-
roach when a good quality prediction is available. The decreased performance of
HCP1-D compared to all other algorithms confirms again that naively including
predictions can be detrimental. The gains obtained by HCP2-D with respect to
HCP1-D support again the need of dealing with underestimated jobs. We note
that, while HCP1-D performs worse than the original HCP, HCP2-D becomes better
than HCP and HCP3-D further improves HCP2-D, demonstrating again the benefits
of including predictions, albeit imperfect, into the model and search algorithm.

Discussion. We conclude that suitable incorporation of job duration predictions
in PCP and HCP, such as PCP3 and HCP3, can lead to significantly higher levels
of QoS especially for workloads dominated by short jobs. To benefit from this
potential, durations should rely on predictions with acceptable levels of accuracy,
going beyond the standard wall-time approach. The quality of the decisions
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generated by PCP1-W and HCP1-W is much worse than PCP3-R and HCP3-R. On
the other hand, PCP3-D and HCP3-D offer valid alternatives to PCP1-W and HCP1-W
with further reductions in problem size (as reported in Table 2) and with QoS
measures closer to those of PCP3-R and HCP3-R. Table 2 shows also the time cost
of this gain. While PCP3-D and HCP3-D come each with a cost of prediction, the
total simulation times of PCP3-D and PCP1-W are similar, and HCP3-D reduces
notably the time with respect to HCP1-W. The fact that the new dispatchers give
priority to short jobs does not penalize the medium and long jobs, as can be
witnessed in Fig. 4. Finally, our approach does not affect the system utilization.
We did not observe any major differences between the various dispatchers (results
not shown due to space limitations). This is probably because all the dispatchers
are using the best-fit allocation strategy.

Fig. 4. Average and error bars showing one standard deviation of slowdown and waiting
times [s] on medium and long jobs using all the dispatchers.

7 Related Work

Job duration prediction has been used to optimize job dispatchers. In [20], a
simple linear model can improve the slowdown of backfilling techniques by 28%.
On an IBM Blue Gene/P machine, adjusted user estimates were able to improve
up to 20% the performance of the dispatchers favoring short jobs [37], while
a predictive heuristic was shown to double the performance of a backfilling-
based dispatcher [38]. The heuristic prediction that we employ here is similar
to [38], however it considers more complex job profiles. When the prediction
underestimates the job duration, [38] apply a correction step, to keep the job
alive, similar to the adjustment that we make. However, they adjust the duration
to define a new backfilling window whereas in our approach it is intended for
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defining valid CP models. Recently, machine learning methods were applied to
predict job duration [23,36], including metadata such as job names as features.
In fact, the heuristic method we employ also relies on job metadata, however it
is much simpler, being an heuristic that does not require model training. Neither
of the methods is integrated within a dispatcher for testing. An adaptive on-line
machine learning method based on state space models is used in [28] to predict
job duration. The authors show that their predictions allow for reducing waiting
times by 25% in backfilling-based dispatchers.

Underestimation of job duration is a problem that appears often in the liter-
ature, since it negatively affects dispatcher performance, more than overestima-
tion. Recently, [15] proposed a predictive method based on a censored regression
model, which could minimize underestimation. Although promising, it requires
heavier computations compared to the heuristic prediction we adopted here.

None of these works combine job duration prediction with a CP-based job
dispatcher. Recently, [19] attempted to do that with HCP. However, it was done
naively by replacing the expected durations with predicted durations, without
adapting the model and search to deal with duration underestimation and to
the use of predictions, as we did here. Moreover, the predictions were calcu-
lated off-line, as opposed to on-line, as we did here. Indeed, the results were not
satisfactory, leading to worse performance compared to the wall-time approach.

8 Conclusions

We have argued that, while Constraint Programming (CP) is an effective app-
roach in tackling the job dispatching problem, the-state-of-the-art CP-based dis-
patchers [5,8] are unable to satisfy the challenges of on-line dispatching and they
are unable to take advantage of job duration predictions, which impede their
adoption in HPC systems. We have introduced a class of novel CP-based dis-
patchers by building on [5,8] and redesigning their main components. We made
them resilient to heavy workloads and applicable to on-line dispatching, as well
as adapted them to the use of job duration predictions to obtain high QoS levels
in terms of job waiting times and slowdown. We evaluated the significance of
our approach on a workload trace collected from an HPC system, using predic-
tions with different accuracy and underestimation and overestimation rates on
the dataset. The experimental results are excellent. Compared to the original
dispatchers, the time spent by the new dispatchers in generating decisions on a
heavy workload is significantly reduced. Moreover, the new dispatchers can ben-
efit from job duration predictions and generate decisions of higher QoS levels on
a workload dominated by short jobs. The new dispatchers are thus more suitable
for HPC systems running modern applications that employ short jobs. To bene-
fit from this potential, the durations should rely on predictions with acceptable
levels of accuracy, going beyond the standard wall-time approach. While the
heuristic prediction considered in the paper is not the best, we have shown that
it is a valid alternative to the wall-time approach, despite its simplicity.

In future work, we will include the allocation problem in the search of the
new PCP dispatcher, which currently focuses only on the scheduling problem.
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We also plan to test the dispatchers with other, more sophisticated, duration
prediction methods, as well as to integrate dedicated allocation strategies in the
dispatchers so as to enhance system utilization.
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