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Abstract: High Performance Computing (HPC) datacenters process thousands of
diverse applications, supporting many scientific and business endeavours. Although
users understand fundamental resource job requirements such as amounts of CPUs and
memory, internal infrastructural utilization data and system dynamics are often visible
only to cluster operators. In addition to that, due to increased complexity, heuristically
tweaking a batch system is even today a very challenging task. When combined with
applications profiling, infrastructure data enables improvements to job scheduling,
and also better support for Quality-of-Service (QoS) metrics such as queue waiting
times and total execution times. Targeting improvements in utilization and throughput,
this paper evaluates and proposes a novel reinforcement learning co-scheduling algo-
rithm that combines capacity utilization with application performance profiling. We
first profile a running application by assessing its resource utilization and progress by
means of a forest of decision trees, enabling our algorithm to understand the applica-
tion’s resource capacity usage. We then use this information to estimate how much
capacity from the current allocation can be used for co-scheduling additional applica-
tions. Our algorithm learns from incorrect actions and evaluates when co-scheduling
decisions results in QoS degradation, such as application slowness. Our co-scheduling
architecture uses handful metrics to help minimizing performance degradation, en-
abling improvements on utilization of up to 25% even when the cluster is experiencing
high demands, with 10% average queue makespan reductions when experiencing low
loads.
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1 Introduction
Today’s dynamic application characteristics demand processing power and capabili-
ties not well supported by large High Performance Computing (HPC) infrastructures.
Some of these demands are barely satisfied by HPC, with long queue waiting times
reported, and societal concerns on energy efficiency [stevens2020ai]. Similarly to
rigid jobs, scientific workflows are characterized by handling large amounts of data,
highly dynamic and adaptable to resource changes, system faults, and also allow ap-
proximate solutions to their problems [Pra+15; Reu+18]. However, the common HPC
policy is space sharing, which by itself does not suffice for today’s demands, mostly
because they will soon outpace datacenter supply budgets, specially for upcoming ex-
ascale applications in the pipeline [stevens2020ai]. These illustrates the need for new
developments in the intelligence and heuristics coded in HPC resource management.
As such, new adaptive solutions that integrate learning strategies into applications’
workflow are needed for accommodating extreme workload demands expected in the
future.

On another spectrum, cloud computing datacenters favors response time over thr-
oughput, deeply contrasting with HPC, which uses a queued batch system environ-
ment and prioritizes throughput or total computation accomplished over-time, ignor-
ing latency entirely. On the one hand, cloud resource managers such as Borg [Bur+16]
and Mesos [Hin+11] assume adaptive workloads with changes in resource usage over-
time, and where managed workflows can scale up, down, or be migrated dynamically
as needed. Their main target is to reduce fragmentation and enable low latency task
scheduling (e.g. first-come-first-served), while improving datacenter capacity uti-
lization. On the other hand, HPC resource managers such as Slurm [JYG] assume
rigid workloads with constant resource demands, limited running times and number
of resources throughout workflows lifespan. Such workloads must acquire resources
before jobs can start execution, and main resource manager targets are predictable
scheduling for parallel allocations (e.g. gang scheduling), at the cost of potential
higher fragmentation and scalability issues.

However, the ever increasing scale, size, and processing capacities of modern
multi-core and heterogeneous servers composing most of upcoming pre-exascale sys-
tems open new opportunities for resource management. With increase concerns in
datacenter density, idle capacity should be utilized as much as possible, although low
effective utilization of compute resources is a major drawback of many modern data-
centers [Yan+13]. In order to guarantee Quality-of-Services (QoS) and other require-
ments on the Service Level Objectives (SLOs) offered users, datacenter operators
implement a worst-case view in resource allocation [Yan+13], specially aggravated
in HPC operations. HPC users expect certain capacity guarantees while developing
and testing scientific workflows, though total execution times commonly are over-
estimated, hurting datacenter efficiency. Guaranteeing runtime SLOs can be achieved
through more efficient job allocation.

In this paper, we propose an algorithm with strong theoretical guarantees for co-
scheduling batch jobs and resource sharing. Considering the problem of a HPC data-
center where jobs needs to be scheduled in order to optimise utilisation, we develop a



Reinforcement Learning (RL) algorithm to model a co-scheduling policy, sufficiently
assertive to minimize idle capacity processing, while observing jobs’ constraints such
as total runtimes. The potential benefit of more assertive schemes is huge as current
practice often leaves computational units in this setting idling for about 40% [Tir+20;
Rei+12]. Our work maps this problem to a stateful reinforcement-learning problem
resulting in a novel co-scheduling architecture, while matching the theoretical optimal
guarantees with a practical algorithm that improves cluster utilization by up to 25%,
with 10% reductions in queue makespan.

The rest of this paper is organized as follows. Section 2 describes the overall HPC
and RL contexts, and illustrates some challenges. Section 3 describes our proposed
architecture, whereas its evaluation follows in Section 4, with discussions in Section 5.
Related work comes in Section 6, and conclusions and future work in Section 7.

2 Background and Challenges
Cloud datacenters are designed to respond in real time to users scattered around the
world and using cell phones, tablets, or PCs. Low latency response is a much different
environment than batch processing. HPC environments are managed by centralized
batch systems [Reu+18; JYG], and commonly require users to describe jobs by the
total run time and amount of resources such as number of CPUs, memory, and accel-
erators such as GPUs [FTK14]. As depicted in Figure 1, there is a resource reservation
model where jobs arrive and wait to be scheduled in a queue until enough resources
to match jobs’ needs are available for use. The emphasis is on keeping CPU cores
allocated, and on total throughput, with little attention to how long any particular job
takes or how long one specific job may be delayed while other jobs finish first. In such
environments, it can be useful to buffer up work and then schedule many jobs together
at once, such as done in gang scheduling.

However, this model assumes the full capacity of allocated compute resources are
used, which is rarely the case [Tir+20], specially at early stages of development. A
way to maximize capacity is through consolidation, where jobs requiring complemen-
tary resources share the same (or parts of) physical servers. In HPC, consolidation
happens mostly at the shared file systems and sometimes also at the network level.
Resource managers such as Slurm allow nodes to be shared among multiple jobs, but
do not dynamically adjust the preemption time slices. Consolidation is usually dis-
abled due to the Service Level Objectives (SLOs) and user expectations on exclusive
access to all allocated resources. Another level of complexity when scheduling regards
heterogeneous requests, where multiple types of resources are allocated to a job, e.g.
CPUs + GPUs. Although allocating heterogeneous resources is common in HPC, in
here we focus on homogeneous allocations.

2.1 Resource Management with Reinforcement Learning
Reinforcement learning is defined as a problem with states, actions, and rewards, with
state transitions that are affected by the current measured state, chosen actions, and
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Figure 1: A normal architecture for a batch system such as Slurm. Green job (upside-
down triangle) waits for resources even though some of them are not being utilized.

environment’s rewards. These are embedded in RL’s definition, which is formulated
as a Markov Decision Process [Mon82]. Generally there are no stateless variants,
but some related stateless problems such as bandit optimization. In resource manage-
ment terms, we basically have a set of resources onto which jobs needs to be assigned
according to an object function. This function can be any anything that can be opti-
mized, such as an strategy to minimize the expected queue waiting time for a given
job geometry (i.e. number of resources and total runtime). The scheduler’s (learner’s)
task is to model the behavior of each available resource and/or application by inter-
acting (exploring) with a system and observing its reactions. This interaction could
mean, for instance, to collocating two jobs in the same server. After execution ends,
the scheduler observes how long it takes to both of them to finish execution, and then
calculates a reward (or alternatively, loss) to that interaction (action). The reward
function describes how the agent (i.e. scheduler) ”ought” to behave, with a ”norma-
tive” evaluation of what an agent has to accomplish. There are no strong restrictions,
but if the reward function describes well an observed behavior, the agent learns more
optimally. This process can go for n jobs in a pool of resources being managed by a
specific queue with a set of constraints, such as deadlines. Once enough learning has
been collected, the learner starts exploiting the system in order to make better choices
(future interactions), such as better co-placements to achieve higher rewards (or lower
losses). In RL, the problem of balancing accuracy with discovery is known as the
exploration-exploitation trade off [Thr92].

Finally, there are usually two scenarios: (i) Stochastic, and (ii) Adversarial. An in-
stance of a stochastic setting (focus of this paper) happens when the scheduler places
two jobs in a same server for a couple of times in the same configuration for all rep-
etitions. There is a high probability that observations will be similar. This does not



happen in an adversarial setting, where in each repetition is different, as jobs would
(hypothetically) compete for resources by learning the behavior of other jobs in order
to adapt against it. The task of the scheduler then is to learn this malicious adversarial
behavior to minimize losses to both jobs simultaneously.

2.2 Challenges
Default HPC resource managers such as Slurm do not profile jobs, nor take job-
specifics into its scheduling decisions. Multiple extensions have been proposed. Some
suggest the use of more flexible policies [Zha+19], commonly motivated by future ex-
ascale applications expected to be highly dynamic [Rod+17], where systems need
to handle the amount of orchestration needed due to thousands of processes being
spawned at runtime [Cas+18]. Jobs come with several constraints as they are tightly
coupled in nature, requiring periodical message passing, synchronization barriers, and
checkpointing for fault-tolerance [Gai+19]. These characteristics and observations
such as idleness in the utilization of resources create a margin to improve resource
efficiency by learning algorithms, which can allocate spare resources – ineffectively
used otherwise – to other applications with similar dynamic characteristics, such as
scientific workflows.

Different extensions to the main scheduling scheme are of direct relevance in prac-
tical scenarios. Server capacity (a resource) can be viewed as single dimensional, but
in practice it is usually defined as a multivariate function depending on CPU, mem-
ory, network, I/O (Input/Output) utilization. All of these have capacity fluctuations
over time, as they may similarly be shared among other datacenter users. As such,
a practical and natural extension to this problem is to generalize its formulation to
multi-dimensional cases since one-dimensional packing algorithms can be extended
to multiple dimensions by vector packing methods [LTC14]. Additionally, placing
one or more jobs together affect their performance as a whole [JR17]. That means
that the actual utilization of capacity of a job depends on the collocated jobs. For ex-
ample, cache misses (and the consequent I/O operations) might depend on all active
jobs.

2.3 The Adaptive Scheduling Architecture
Before digging into our co-scheduler architecture, it is useful to explain its predecessor
algorithm, ASA: The Adaptive Scheduling Algorithm [Sou+20]. ASA is a scheduling
strategy to reduce perceived waiting times as well as to optimize workflows resource
usage. In addition to that, ASA is an architecture that can be used to allocate and
control resources to workflows, vertically and horizontally adjusting it at runtime.
It uses Mesos [Hin+11] to encapsulate stage tasks into cgroup [Men07] containers,
therefore enabling a fine-grain control of assigned resources through the operating
system (OS). Within ASA, there is a unified view layer that bridges the management
of the resources made available in the cluster, or through low level resource manager
layers such as Slurm. Essentially, the application only sees a global pool of resources,
which can be used freely according to application needs. ASA handles scheduling,



fault tolerance, resource isolation and control (among collocated tasks), elasticity, and
other user defined policies.

Moreover, as an algorithm, ASA models the likelihood of a set of actions, each
representing possible environmental outcomes. Assume there are m potentially good
actions {a}, as for example, m different time estimations for possible waiting time in
a Slurm priority queue1, say m = 4. ASA tries then to learn which of the actions in an
arbitrary four dimensional vector – e.g. (1s,10s,100s,1000s) – works best as a waiting
time estimate for a given job geometry request (i.e. user request for total number
of cores and estimated runtime for its job allocation). Rather than focusing on one
specific time such as averaging each observed queue waiting time, ASA distributes the
alternatives following a probability vector. When a particular alternative action works
well, ASA makes this probability pt to tend to such alternative in the vector. Generally,
ASA aims to achieve an acceptable mixture on accuracy and exploration, because it
needs to detect changes in the queue workload and embed them in its estimations.

ASA is a good choice when considering a setting where a sequence of jobs is sub-
mitted in a way to simultaneously maximize overall throughput and minimize overall
resource usage [Sou+20]. These jobs are represented as stages of a scientific work-
flow, where a stage (job) can only start execution once an earlier (associated) stage
is finished. Specifically, resources for upcoming stages are allocated so that a previ-
ous required stage finishes execution as close as possible to the time resources for an
upcoming stage get allocated.

3 A Co-Scheduler Algorithm and Architecture
In this section we introduce a new HPC co-scheduler, and since it has an important
extension in comparison to ASA, in here we are calling it ASAX . ASAX ’s main differ-
ence to ASA concerns its inability to handle states, a crucial aspect needed to enable
the use of dynamic scheduling strategies and an intelligent exploitation of the space
between user requirements and the compute power available in clusters. For example,
a tradeoff can be allowing two or more jobs to simultaneously run in a server (i.e.
time-sharing) and then evaluating this in relation to running the jobs in isolation (i.e.
space-sharing). These tradeoffs have to be monitored and controlled in a way that
mitigate the impacts on current cluster policy. In here, the policy we compare with
are time-sharing, and space-sharing, where resources are not time-shared between
two jobs. As mentioned in the previous section, space-sharing guarantees predictable
performance levels. Hence, a scheduler which learns over time has to minimize the
accumulated losses incurred from the use of alternative policies. Main ASAX end
goals are higher throughput and utilization, with performance degradation controls, in
here measured by time to complete and job slowdowns.

1A priority queue differs from a classical queue in that jobs are primarily served based on priority, and
secondarily on order of arrival. In Slurm this concept is termed as partition.



3.1 Algorithm
In here, we extend ASA to situations where each case has an associated state x ∈ Rd .
That is, at any time t a scheduling decision has to be made, one action a (out of m) is
taken with the system in state x. Action a taken while in state x incurs a loss `(a,x).
The overall idea is represented in Algorithm 1, where we have a double loop: the
inner loop (starting in line 3) iterates over job cases until the collected loss exceeds
a threshold. The outer loop (starting in line 1) initiates and updates the parameters
for each scheduling decision that can be made, as for instance from the job stream.
Now, instead of having the vector p ∈ Rm as in ASA, let p : Rd → Rm be a function
of states x ∈Rd , and learning then means approximating this mathematical functional
relationship. The central quantity is however the risk, defined here as a vector in Rn

where
ri = `(a)pi(a) (1)

We maintain at each scheduling iteration t a vector rt of the total risk accumulated in
that round. At each time t that a scheduling decision has to be taken, we let rt,i denote
the accumulated risk of the ith expert. We then describe a strategy that performs
almost as well as

min
∗

t

∑
s=1

ns

∑
j=1

p∗(xs j)`(as j) . (2)

Note the strategy minimising rt corresponds to the maximum likelihood estimate,
meaning we want to follow the expert that assigns the most probability to an ac-
tion with the lowest loss. However, there may be cases where a scheduling decision
goes wrong, therefore we set a threshold rt to bound the accumulated risk for all bad
scheduling decisions. Finally, we prove that the excess risk Et after t scheduling de-
cisions is bound, meaning the algorithm converges to an optimal point in a finite time
after few iterations (See Appendix).

3.2 Experts
There can be an arbitrary number of experts, and each can be described by anything
which can be easily evaluated (computed), from functions to decision trees (forming
a forest). However, the combination of all experts needs to approximate the current
state of the environment as precisely as possible. To define and compute experts,
in this paper we use metrics such as CPU (CPU%) and memory utilization (Mem%),
workflow stage type (i.e. sequential, where only one core from the allocation is
used, or parallel, where all cores are used), time interval since the job started
execution (e.g. 25%, 50%, 75%). In addition to these metrics, we also define Hp(t),
a happiness metric at time t for a given job as

H p(t) =
|tDeadline− t| ∗#RemainingTasks

#Tasks/s
. (3)

Devised from a similar concept found in [Lak+15], the happiness metric relates the
remaining time to job completion (also called deadline) with its remaining amount of



Algorithm 1 ASAx
Require: Initialise α0i =

1
n for all i = 1, . . . ,n.

1: for t = 1,2, . . . do
2: Initialise the total risk rti = 0 for all i = 1, . . . ,n (all experts).
3: while maxi rt,i ≤ 1.0 do
4: Measure the state x for this case.
5: Compute all n experts pi(x), each one providing a vector in Rm.
6: Form the mixture p = ∑

n
i=1 αt−1,ipi(x) ∈ Rm.

7: Choose action a according to vector p.
8: Score its loss `(a) for the case.
9: Update as rti← rti +pi(a)`(a) for all i = 1, . . . ,n.

10: end while
11: Update as

αt,i =
1
Nt

αt−1,i exp(−γtrti)

for all i = 1, . . . ,n. Here Nt is a normalising factor so that ∑
n
i=1 αt,i = 1.

12: end for

work to complete execution and throughput. It enables a way to assess the resource
capacity sensitivity for a running application. As defined in Equation 3, the happiness
metric is useful in particular when the exploration process is happening in Algorithm
1. Given the remaining time (tDeadline) and performance (#Tasks/s, or throughput),
if Hp(t) is near, or greater than 1.0, then it can be inferred that the job is likely to
complete execution successfully; else (if Hp(t) < 1.0), the job is likely to fail.

Finally, it is reasonable to let states be represented by decision trees (DT) for each
of the above metrics (CPU%, Mem%, type, and interval), all combined with the
happiness metric. This is represented and structured in Figure 2. For instance, a
DT can evaluate if CPU% is high (e.g. > 0.75), and then checking if Hp(t) is near
1.0, in which case one could expect high performance degradation due to job collo-
cation. Conversely in the same DT, when CPU% is low, and Hp(t) is greater than
1.1, then the performance degradation is likely to be small. Rather than describing
these relations explicitly, we work with a mixture of different decision trees (line 5
in Algorithm 1). Hence, pi, j(x) represents how likely an action a j should be taken
given the evaluated state xt , according to the i-th expert in DTi. For instance, if there
are four actions representing the performance degradation likelihood in Hp(t) (i.e.
P(H p(t) ≤ 1.0)), the DT1 may evaluate how a state xt is mapped into a distribution
of performance degradation pi, j(x) for the situation CPU% > 0.75, and Hp(t) =̃
1.0, which could return p1(x) = (0.6,0.3,0.05,0.05), meaning action a0 is likely the
decision to be taken. Another DT2 could evaluate something else related to mem-
ory, or to how a given special resource behaves, etc, returning a different pi, j(x) and
impacting the final p accordingly (line 6 in Algorithm 1).

The loss can then be taken proportionally to the actual runtime a workflow takes
to complete execution. For example, if a user requests a walltime of 100s, and the
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DTi

Figure 2: Decision tree (DT) structure used to evaluate a state expert. An action
strategy is devised by combining four different distributions pi, one among nine
(pi1 , ..., pi9 ) for each DT ’Metric’: CPU%, Mem%, type, and interval.

workflow finishes in 140s, the loss would be proportional to 140-100s. On the other
hand, if finishes in 70s, then the loss is proportional to 100-70s. In here actions
(a1,a2, . . . ,am) now correspond to a discretisation of resource allocation rather than
to waiting times as in ASA, and they can be in terms of CPU% allocations, in 10%
intervals, i.e. 0,10, . . . ,90%. This means fractions of an ongoing allocation are re-
allocated to other jobs, and ASAX then learns the distribution p over those m actions
a through co-scheduling decisions and their collected rewards.

3.3 ASAX: A co-Scheduler Architecture
By leveraging on experts information (see previous subsection), where actions and the
risk history are logged (see line 9 in Algorithm 1), we can combine such capabilities in
a per-job basis to develop an architecture for a co-scheduler aimed at improving dat-
acenter utilization and throughput. This is represented in Figure 3, contrasting with
the architecture presented in Figure 1 mainly by how the cluster policy is assessed and
by how past actions are recorded to improve future ones. Note the cluster ’Policy’
is now analytically described by means of experts, evaluated through decision trees
as explained in the previous subsection. Another difference regards the addition of a
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Figure 3: ASAX Architecture, where rewards are collected after scheduling actions
enabling a fine grain control of the cluster Policy, described analytically by the experts.
Note now the green job (upside down triangle) runs.

feedback loop, where rewards are registered for each scheduling action, therefore en-
abling a job-aware scheduler. This feedback-loop mechanism tracks mistakes, hence
it also minimizes bad scheduling decisions overtime on a per-job basis. ASAX thus
finds out which expert is the best one to maximize the reward for a given scheduling
action.

In HPC, resource reservation is a basic need for rigid jobs which can only start
execution once their resource needs are fulfilled (see Section 2), or gang scheduled
[Fei96]. Although Mesos supports resource negotiation, it does not support gang
scheduling, nor reservation based scheduling2. Therefore, ASAX also works as a
framework to negotiate resource offers coming from Mesos in a way that satisfies
jobs needs. ASAX basically withholds Mesos offers until enough resources fulfill job
requirements, which is a version of the First fit capacity based algorithm [Fei96]. Al-
though many different aspects also influence parallel job scheduling in general, such
as data movement and locality, the present work does not (explicitly) tackle these. Our
focus is on improving cluster throughput and utilization, which have direct impacts on
reducing queue waiting times.

4 Evaluation
In this section we evaluate ASAX with respect to workloads total makespan, cluster
resource usage, and workflows total runtime. We compare ASAX against a default

2Not to confuse with Mesos role-based reservation, which exclusively allocates resources to some jobs



setting of Slurm, and a static setting of ASA.

4.1 Metrics
The total runtime is measured by summing up the execution time of each stage in a
workflow job. Another important metric is the response time, which is defined as the
time elapsed between the submission (time when the job is ready to execute) to the
time when the job finishes its execution. A related metric is the waiting time, which
is the time a job waits in the queue before starting execution. Other metrics relates to
CPU and memory utilization as measured by the Linux kernel, and not by scheduler
allocation. These two last metrics are widely used as indicators for describing the
general behavior of how resources are actually utilized by applications. They also
indicate and help understanding if a workload mostly uses CPU or memory, and enable
finer grained schedulers such as ASAX to model applications more precisely.

4.2 Computing System
The experimental evaluation runs over a NumaScale system [Rus13] comprising 6
nodes with two 24-cores AMD Opteron Processors 6380, with 185 GB memory each.
The NumaConnect forms a single system with a total of 288 cores and 1.11TB of
memory equipped with an on-chip, distributed switch fabric 2D Torus network, sup-
porting sub microsecond latency between nodes. The NumaScale storage uses a XFS
file system, providing 512GB of storage. The system runs a CentOS7 (Kernel 4.18),
with Slurm 18.08 with its default backfill scheduling plugin loaded.

4.3 Applications
Four different scientific workflows were selected for comparing ASAX to default
Slurm and static ASA scheduling strategies, as explained earlier in this section: (i)
Montage, (ii) BLAST, (iii) Statistics, and (iv) Synthetic.

Montage [Ber+04] is a I/O intensive application that constructs the mosaic of a sky
survey. The workflow has nine stages, grouped into two parallel (first two, and fifth)
and two sequential (third and fourth, and last three) stages. All runs of Montage con-
struct an image survey from the 2mass Atlas images.

BLAST [Alt+97] is a compute intensive applications comparing DNA strips against
a large database ( > 6 GB). It maps an input file into many smaller files and then
reduces the tasks to compare the input against the large sequence database. BLAST is
composed of two main stages: one parallel and one sequential.

Statistics is an I/O and network intensive application which calculates various sta-
tistical metrics from a dataset with measurements of electric power consumption in a
household with an one-minute sampling rate over a period of almost 4 years [KJ11].
The statistics workflow is composed mainly of a two sequential and two parallel



stages, intertwined, spending most processing time exchanging messages among par-
allel tasks.

Synthetic is a two stage workflow composed of a basic sequential and a parallel stages.
Synthetic is simultaneously data and compute intensive workload. The data intensive
part consists of filling up the memory with over one billion floating points, prior to
a compute intensive part which calculates the values of these floating points sum and
multiplication. The first and second stages differs only on how they use resources,
sequentially and in parallel, respectively.

4.4 Workloads
In order to demonstrate and compare ASAX ’s co-scheduling and adaptability features,
we run it against a static configuration of ASA and a default space-sharing Slurm con-
figuration and backfilling enabled. We run the same set of workflows three times in
three different cluster sizes: 64, 128, and 256 cores. The workflows have different job
geometry scaling requests ranging from 8 cores to up to 64 cores, consistently to the
minimum cluster size (i.e. 64 cores), totalling 512 cores and 45 job submissions for
each cluster size. The workload is statically set in the three cluster sizes to demon-
strate how the different scheduling strategies work when faced with high (8x), medium
(4x), and low (2x) cluster loads respectively. When comparing ASA static and ASAX
against Slurm, neither of them can access more (and same) cores than the scaling fac-
tor set at the start of experiments. Besides that, Slurm statically allocates resources for
the full job duration, regardless if some stages in a workflow require less resources to
be processed. Moreover, when scheduling jobs with ASA it is allowed a maximum of
two jobs to share a server, and the time-sharing CPU capacity is set at 50% for each
application. Likewise, the same happens when scheduling through ASAX , though the
time-sharing CPU capacity is dynamically changed once rewards are collected. Due
to increased analysis complexity, an allocation offered to a co-schedule job cannot be
created with resources from multiple ongoing allocations, for both ASA and ASAX .
Finally, as mentioned in the previous section, the loss function in place to optimize co-
scheduling decisions is calculated proportionally to the user requested walltime and to
the actual workflow runtime.

4.5 Results
Figures 4(a) and 4(b), and Table 1 and 2 summarize all experimental evaluation.

4.5.1 Makespan and Runtimes

Figures 4(a) and 4(b) show respectively queue workload makespans and workflow
runtimes, both in hours. It is possible to see that the total makespan reduces as the
cluster size is increased. As expected, Slurm experiments are very contained (small
standard deviations) because it uses the space-sharing policy and isolates jobs with
exclusive resources throughout their lifespan. ASA, on the other hand, takes longer to
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Figure 4: Slurm, ASA, and ASAX Results - Total (a) Queue makespan and (b) runtime
for different cluster sizes (64, 128, and 256 cores) and scheduling strategies (Slurm,
ASA, and ASAX ).

complete the workload, because it does not do anything to understand resource usage
by applications. As ASA basically takes deterministic decisions about scheduling
decisions (i.e. allocate half capacity to each collocated application), its results are
contained as well. ASAX however, reduces the overall workload makespan by up
to 12% (64 cores) because it learns overtime which jobs fit well together. Due to the
same reason, its scheduling decisions go wrong in the beginning, explaining the higher
standard deviations shown in Figure 4(a).

In conjunction with Table 1, Figure 4(b) shows the average runtimes for each
workflow, with their respective standard deviations. Notably, the high standard devi-
ations illustrate the scalability of each workflow, i.e. the higher standard deviation,
the more scalable the workflow is (given the same input, as it is the case in the experi-
ments). BLAST and Synthetic are two very scalable, CPU intensive workloads, which
do not depend on I/O and network as Montage and Statistics do. ASA scheduling strat-
egy has the highest standard deviations overall because its workload experiences more
performance degradation when compared to both Slurm and ASAX , and this is due to
its static capacity allocation.

Table 1 also shows the normalized results for each strategy, besides resource con-
sumption (CPU and Memory Utilization (%)). It can be seen that ASAX is near Slurm
in average total runtimes, with overall 10% increase, and as low as 3% for Montage.
A notable achievement for both ASA and ASAX relates to CPU utilization. Because
on both strategies only a specific fraction of resources are actually allocated, the uti-
lization ratio increases considerably. For instance, when a job requests 1 CPU, ASA
allocates 50% of one CPU to the job. The other 50% is allocated to another job.
For non CPU intensive workloads (Montage and Statistics), this strategy results in
higher utilization ratios because such workloads fare less than the upper bound ca-
pacity, which is notable when comparing to Slurm submissions. For CPU intensive
workloads such as BLAST, this strategy hurts performance, slowing down the work-
flow total runtime execution, and this can be seen in ASA results. However, as ASAX
learns overtime that co-scheduling jobs with both BLAST and Synthetic results in low



Table 1: Workflows summary for Slurm, ASA, and ASAX in three different cluster
sizes. CPU Util. and Mem Util. represent resource utilization (%) proportionally
to total allocated capacity. Normalized averages are shown below results for each
workflow. Acronyms: WF (Workflow), Stats (Statistics), and Synth. (Synthetic).

Slurm ASA ASAX

WF Size Runtime
(h)

CPU
Util.
(%)

Mem
Util.
(%)

Runtime
(h)

CPU
Util.
(%)

Mem
Util.
(%)

Runtime
(h)

CPU
Util.
(%)

Mem
Util.
(%)

M
on

ta
ge 64 0.35 ±4% 45 ±5 10 ±5 0.38 ±7% 94 ±5 10 ±5 0.35 ±5 95 ±4 10 ±4

128 0.32 ±4% 33 ±5 7 ±3 0.35 ±6% 73 ±5 7 ±3 0.33 ±5 75 ±5 7 ±3
256 0.29 ±4% 21 ±5 5 ±3 0.32 ±6% 55 ±5 5 ±3 0.30 ±4% 51 ±5 5 ±3

Normalized
Average - - - +10% +230% 0% +3% +227% 0%

B
L

A
ST 64 0.71 ±21% 96 ±4 44 ±5 0.82 +30% 99 ±1 44 ±5 0.75 ±25% 99 ±1 44 ±5

128 0.72 ±22% 95 ±3 45 ±5 0.79 ±29% 99 ±1 44 ±5 0.73 ±24% 99 ±1 44 ±5
256 0.70 ±21% 91 ±3 42 ±6 0.80 ±29% 99 ±1 43 ±6 0.76 ±25% 99 ±1 43 ±6

Normalized
Average - - - +19% +5% 0% +9% +5% 0%

St
at

s 64 0.69 ±10% 26 ±2 5 ±1 0.77 ±30% 51 ±3 6 ±1 0.73 ±11% 61 ±4 5 ±1
128 0.70 ±10% 16 ±2 1 ±1 0.76 ±11% 36 ±6 2 ±1 0.72 ±11% 43 ±7 1 ±1
256 0.72 ±10% 10 ±2 1 ±1 0.76 ±11% 26 ±2 1 ±1 0.73 ±11% 86 ±6 1 ±1

Normalized
Average - - - +10% +36% 0% +5% 50% +1%

Sy
nt

h. 64 0.49 ±15% 99 ±1 95 ±3 0.57 ±21% 99 ±1 95 ±1 0.56 ±18% 99 ±1 95 ±1
128 0.50 ±15% 99 ±1 93 ±4 0.57 ±21% 99 ±1 93 ±3 0.55 ±18% 99 ±1 93 ±4
256 0.48 ±14% 99 ±1 92 ±2 0.53 ±19% 99 ±1 91 ±2 0.52 ±17% 99 ±1 93 ±1

Normalized
Average - - - +18% 0% 0% +13% 0% +1%

rewards, its scheduling decisions become more biased towards allocations running the
Montage and Statistics workflows. It is indeed notable the increase in CPU utilization
for the Statistics workflow, as it is a non CPU intensive workload.

A final note should be made about the memory utilization. Since we are running
these experiments in a NumaScale system, the whole memory (1.1 TB) is available
to the jobs. The only workload capable of utilizing most of the memory available in
the system is the Synthetic workflow. This property specifically made ASAX avoid
co-placing jobs with the Synthetic job, as memory is one of the key metrics set in our
decision tree expert evaluations (see previous section).

4.5.2 Aggregated Queue and Cluster Metrics

Although total runtime results are important from a user point of view, other aggre-
gated cluster metrics such as queue waiting time are also important. This is summa-
rized in Table 2, which shows average waiting times (h), cluster CPU utilization (%),
and response times (h). The key point in Table 2 related to queue waiting time, which
is reduced by as much as 50% in both ASA and ASAX . Different from ASA, ASAX



Table 2: Slurm, ASA, and ASAX - Average results for three strategies in each cluster
size.

Cluster
Size

Cluster
Load

Waiting
Time (h)

CPU
Util. (%)

Response
Time (h)

Sl
ur

m 64 8x 3.5±1% 53±5 4.4±1%
128 4x 1.5±1% 45±5 2.4±1%
256 2x 0.5±1% 32±6 1.4±1%

A
SA

64 8x 1.7±1% 90±5 4.8±1%
128 4x 0.8±1% 92±3 2.8±1%
256 2x 0.3±1% 89±5 2.0±1%

A
SA

X 64 8x 1.8±5% 82±7 3.5±3%
128 4x 1.0±8% 84±5 2.0±2%
256 2x 0.3±7% 83±4 0.9±2%

has a reduced response time, showing it takes better co-scheduling decisions than
Slurm and ASA simultaneously. Additionally, in order to improve job response times,
ASAX reduces cluster (CPU) utilization, and also improves queue waiting times con-
siderably, even when the cluster load is low (2x). On the other hand, Slurm decreases
utilization as the load decreases, and is neither able to improve response time.

5 Discussion
The evaluation presents how ASAX combines application profiling with an assertive
learning algorithm in order to simultaneously improve resource usage and cluster thr-
oughput, with direct impacts on the workload makespan. By combining an intuitive
yet powerful abstraction through its decision tree experts, together with an agnostic
(happiness) metric describing application performance, ASAX works very efficiently
to co-schedule jobs while improving cluster throughput. The overall performance
degradation experienced by ASAX (10% average runtime slowdown) is negligible
when compared to its benefits, specially when it is often reported that users overesti-
mate walltime requests. When compared to default Slurm, the common system used
in HPC, ASAX achieves reduced average job response times of up to 10%, which can
enable some users to achieve faster time to results in their projects. Similar results
apply even when the cluster is faced with low loads, where the co-schedule actions
save cluster resources that can be used to serve other incoming jobs.

It is important to note that current HPC scheduling strategies, specially the ones
using backfilling, aim to maximize resource allocation at a coarse granularity level.
It is generally assumed this is good policy, as it guarantees high allocation ratios
without interfering in users’ workflow and job performance predictability. However,
such strategies do not take advantage of current dynamic workflows, which are highly



adaptable to changes in resources, faults, and even on input accuracy. Nor it takes
advantage of many Linux capabilities providing userspace and fine-grained control of
process scheduling [Men07]. Even rigid and classical jobs may suffer from traditional
space-share policies, because the reservation based model common in HPC does not
take into consideration how resource capacity is consumed at runtime. This is due
to the way the community evolved overtime and its relation with the CPU scarcity
and the performance and consistency of applications. By precisely taking advantage
of such workflow properties, and by using well established schedule controllers such
as cgroups, ASAX is able to improve the cluster utilization without hurting jobs per-
formance. This can be a useful feature in NumaScale clusters, where vertical ”true”
scaling is the target, enabling applications to scale up without modifications. In these
scenarios though, resource management is key, because the default Linux Completely
Fair Scheduler (CFS) does not understand fine-grained job requirements, such as wall-
times and data locality.

Finally, the proposed happiness metric (Eq. 3) can enable ASAX to use it at run-
time to mitigate and control the possible performance degradation due to bad place-
ment decisions. It is important to note though, that the happiness metric assumes all
tasks in the job are sufficiently homogeneous. This means that each task takes approx-
imately the same amount of time to complete execution, which is the common case in
most stages of a scientific workflow. As such, monitoring H p(t) before and after the
co-placement of a job can also be useful to understand if such a decision actually will
succeed. However, this is outside the scope of this paper and is planned as an natural
extension to our co-scheduling algorithm as such feature can enable it to foresee the
performance degradation on running applications. This can ultimately enable ASAX
to optimize its co-schedule actions already before collocation, respecting jobs even
more efficiently. Another related path towards extensions is to generalize the ASAX
allocation capacity to accommodate more than two jobs simultaneously as long as
they degrade each one’s performance minimally.

6 Related Work
Batch schedulers such as Slurm [JYG] and Torque [Sta06] are the main resource man-
agers in HPC datacenters. Most of them use resource reservation with backfilling
strategies, and rely on users to provide application resource and walltime needs. Ad-
ditionally, the granularity of resource allocation to jobs is set at the level of a full
compute server. This entails that jobs fully utilize the allocated capacity constantly
throughout their lifespan. However, more often than not, jobs utilize less than this
upper capacity [Tir+20]. Some proposals have been vowing to extend this traditional
model, with impacts to be studied [Ahn+14] in more depth. Public cloud datacenters,
on the other hand, offer alternatives for running HPC workloads, such as Kubernetes
[Bur+16], and Mesos [Hin+11]. Their internal policy assume low latency scheduling,
offering fairness and resource negotiation. However, these systems lag on capabili-
ties such as resource reservation, and still assume applications fully utilize allocated
resources [Tir+20].



On another spectrum, stochastic schedulers have been proposed as solutions to
overcome the highly overestimated user provided resource needs [Gai+19]. ASAX
can be used as an extension to such schedulers, because it offers a new scheduling
abstraction through its experts, which can model stochastic applications well. Simi-
larly to ASAX , Deep RL schedulers have been proposed [Zha+19; LSL20; Mao+19],
though they focus either on dynamic applications, or on rigid-jobs. As noted, a mix of
a diverse set of applications are flooding new HPC infrastructure realizations. Some
Machine Learning (ML) models have been proposed [CD17] that take advantage of
the large dataset already available in current datacenters. Differently from ML, RL
methods such as the one used in ASAX and in [Zha+19] do not need any previous
data to be fed into its logic to optimize scheduling. As mentioned in the previous
sections, ASAX is a stateful extension of authors’ previous work [Sou+20], where the
main difference is that ASAX now supports past actions to be taken into consideration
by taking a full scope of a RL approach. Finally, in regards to policy optimization,
[Zha+19] selects among several of them to adapt the scheduling decisions. It is a sim-
ilar approach to ours, although it does not consider co-scheduling for achieving queue
waiting time minimization together with improved cluster utilization.

7 Conclusion
Since mainframes, batch scheduling has been an area of research, and even more since
time-sharing schedulers were first proposed. However, HPC systems today face a very
diverse set of workloads with very dynamic requirements, such as low latency and
streaming workflows coming from AI applications. These workflows are character-
ized by supporting many different features, such as system faults, approximate output,
and resource adaptability. Additionally, current HPC workloads do not fully utilize
the capacity provided by these high end infrastructures, impacting datacenter opera-
tional costs, besides hurting user experience due do long waiting times. In this paper,
we proposed a HPC co-scheduler by using a novel, convergence proven, reinforce-
ment learning algorithm. By analytically describing a co-scheduler policy through
decision trees, ASAX is able to optimize job collocation by profiling applications so
to understand how much of an ongoing allocation can be safely reallocated to other
jobs. By conducting real cluster experiments, we show that ASAX is able to improve
cluster utilization by as much as 30%, while also reducing queue waiting times, and
hence improving overall datacenter throughput. Together with the architecture, our al-
gorithm forms the base of an application-aware co-scheduler for improved datacenter
utilization with minimal performance degradation.



Appendix A Convergence of ASAX
The excess risk is defined here as

Et =
t

∑
s=1

ns

∑
j=1

(
n

∑
i=1

αs−1,ipi(xs j)`(as j)

)
−

min
∗

t

∑
s=1

ns

∑
j=1

p∗(xs j)`(as j) ,

(4)

where xs j denotes the states of the jth case in the sth round, and where as j is the action
taken at this case.

The excess risk of this algorithm is then bound as follows.

Theorem 1 Let {γt > 0}t be a non-increasing sequence. The excess risk Et after t
rounds is then bound by

Et ≤ γ
−1
t

(
lnn+

1
2

t

∑
s=1

γ
2
s

)
. (5)

Proof: Let at j denote the action taken in round t at the jth case, and let nt denote
the number of cases in round t. Similarly, let xt j denote the state for this case, and
let pi(xt j) denote the distribution over the a actions as proposed by the ith expert. Let
`t j(a) denote the (not necessarily observed) loss of action a as achieved on the t jth
case.

Define the variable Zt as

Zt =
n

∑
i=1

exp

(
−

t

∑
s=1
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j=1
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)
. (6)

Then
t

∑
s=1

ln
Zs

Zs−1
= lnZt − lnZ0. (7)

Moreover
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(8)

for any expert ∗ ∈ {1, . . . ,n}. Conversely, we have

ln
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Application of Hoeffding’s lemma gives then

ln
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8
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using the construction that maxi ∑
nt
j=1 pi(xs j)`s j (as j) ≤ 1. Reshuffling terms gives

then
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(11)

Application of Abel’s second inequality gives the result.
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