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Abstract
In the current large-scale computing systems, users from various
scientific backgrounds submit batch jobs with a set of requested
resources. Manual resource selection in HPC facilities leads to early
job terminations and out-of-memory errors due to underestimation
of resources, or compute and memory resources sitting idle because
of overallocation. In this work, we provide a resource recommen-
dation framework based on job grouping and intelligent prediction
methods to provision HPC application resource needs before they
are submitted to the system. Our work achieves less than 2% of
cases experiencing underpredicted resource requests, and results
in fewer overestimations compared to the baseline methods. We
also implement a module to deploy the framework on a real HPC
system, which comprises the future plans of this work.

CCS Concepts
• Computer systems organization→High-performance com-
puting; Resource allocation; • Computing methodologies→
Machine learning; Supervised learning by regression.
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1 Summary
High-Performance Computing (HPC) provides researchers from
many scientific domains with reliable, fast, and efficient solutions.
The performance and efficiency of these large-scale systems are
affected by the resource utilization trends. HPC system users make
use of the available compute and memory resources by submitting
their batch jobs to the corresponding system’s workload manager.
While doing so, they request resources based on their best knowl-
edge. This manual selection of resources leads to two main prob-
lems: under- and over-predictions. In this work, we aim to present
machine learning-based and data-driven solutions to both of these
drawbacks using historical workload manager logs.

Overprediction of Resources. Users often request extra resources
for their batch jobs to prevent them from being killed due to out-
of-time or out-of-memory errors. Unnecessarily allocating nodes
and requesting more hard wallclock time than needed negatively
impacts the scheduling performance. The waiting time and overall
response time for the user increase, and idle nodes lower the overall
throughput of the system [7].

Underprediction of Resources. Requesting fewer resources than a
batch job requires may lead to early job termination, reduced user
satisfaction, and lower efficiency in HPC systems. This problem is
due to the challenging nature of predicting a job’s resource needs,
especially when no prior job submissions exist. This is the second
problemwe aim to solve using a machine learning and job grouping-
based prediction framework.

This recommendation framework leverages machine learning
techniques to make intelligent resource allocation suggestions to
users for their batch job submissions and aims to reduce the above-
mentioned root causes of resource utilization inefficiencies in HPC
systems. The framework consists of two components: (1) an offline
stage for training the prediction model and (2) an online stage for
making recommendations.
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In the offline model training stage, we use the jobs that have
been successfully completed. We use 5 different real-world work-
load manager datasets in our experimental procedure; namely, Na-
tional Renewable Energy Laboratory (NREL) Eagle [4], Fugaku [2],
Marconi100 [1], Sandia, and Boston University Shared Computing
Cluster accounting data. We first label-encode the categorical sub-
mission features (e.g., user, job, or project name) in these datasets.
Next, we group similar jobs according to their submission parame-
ters using K-means clustering from the scikit-learn library [6].
We then train a Random Forest Regressor individually for each of
the data clusters.

In the training stage, we use two strategies to avoid the under-
prediction problem that arises due to regression models. First, we
calculate a buffer value based on the amount of underprediction
observed in the validation dataset. The buffer value is set to 2𝜎 ,
where 𝜎 is the standard deviation of underpredictions. Our goal is
to minimize underpredictions as much as possible in the testing
stage by adding this buffer value. Secondly, we alter the training
dataset distribution through resampling the data. By doing so, we
aim to have a more uniform distribution in the training set by in-
creasing the number of occurrences of less-frequent data points.
We represent these methods as 2𝜎 and resampling in our results.

To test our framework’s performance, we use the following met-
rics, where UR stands for the underprediction ratio and OF refers
to the overestimation factor:

UR) = 100 × Number of Jobs with Underprediction
Total Number of Jobs

, (1)

OF =
Requested Resource of Predicted Utilization

Actual Resource Utilization
. (2)

We determine the number of clusters for each experimental
dataset using the elbow method and perform time-based train-test
splits to identify the most suitable train-to-test ratio for our frame-
work. Applying the resampling and 2𝜎 strategies in the training
stage, we conduct inference experiments on the execution time,
maximum memory usage, and processor requirements using histor-
ical data. We have two baseline methods: (1) User resource requests
if they exist in the corresponding dataset, and (2) applying a single
XGBoost model training as Menear et al. [4] propose.

Our results show a reduction to as low as 1.82% in terms of UR,
along with fewer overpredictions compared to the user-requested
values. Furthermore, we reduce the prediction error in our target
variables compared to the baseline method, where no job grouping
exists. Observing the previous trends in our experimental datasets,
we conclude that this framework can reduce the resource utilization
inefficiencies caused by manual resource selection and potentially
reduce wait times for HPC system users.

We also designed and implemented an Lmod [3] environment
module on BU SCC, enabling users to receive resource recommen-
dations from our framework based on their previous batch job
submissions. This module introduces a low overhead for training
the machine learning models and aims to improve overall cluster
resource utilization. We include the instructions on how to use the
module in this poster as well [5].

As future work, we will focus on deploying this recommendation
framework in collaboration with researchers from various scientific
domains on a real-world HPC system. We also plan to evaluate the
framework’s performance on workload manager simulators using
our experimental datasets. Our overarching goal is to have more
resilient and efficient HPC systems by improving the accuracy of
resource predictions.
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