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Abstract

The focus of this study was to apply state-of-the-art Machine Learning (ML) techniques to

problems in the High Performance Computing (HPC) domain. The ML techniques included

clustering, various types of regression, a recommendor system, and reinforcement learning

using proximal policy optimization. Included are three different advancements applying

these techniques.

The first application used K-means clustering and Gradient Boosted Tree Regression

(GBTR) to predict estimated queue time for jobs submitted to an HPC system. This method

achieved a 96% accuracy when predicting whether or not a job would start prior to a specified

deadline.

The second application focused on optimizing hardware procurement for HPC systems

while remaining under a fixed budget. Vendor quotes for new hardware were used with

a custom Discrete Event Simulator (DES) to simulate the execution of a job workload on

proposed hardware. An Extreme Gradient Boosting (XGBoost) regression model powers a

recommendor system that provides a precision@50 of 92%.

The third application used Proximal Policy Optimization (PPO) with Invalid Action

Masking (IAM) to train a Reinforcement Learning (RL) agent to schedule jobs on a simu-

lated HPC system. The performance of this RL agent was compared to modern scheduling

algorithms. The RL agent performed 18.44% better than the algorithmic baselines for one

metric and comparably to the baselines for another.
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Chapter 1

Introduction

Machine Learning (ML) has been a topic of much recent interest. In general, machine

learning is a sub-field of Artificial Intelligence (AI) that enables machines to mimic human

behavior and solve problems in a similar way. We have seen advancements in self driving cars

with Tesla cars (and others)3, large language models with GPT-34 which power Artificial

Intelligence assistants like Bixby5 or Siri6. In tandem with this trend, and in part because

of it, there has been an increasing need for more and more computational power7.

To meet the demand for increased computational power, High Performance Computing

(HPC) systems have become larger and more powerful. HPC is the practice of combining

computing power from multiple computers to solve large problems in science, engineering,

or business. Numerous challenges exist when configuring these systems. Users of these

systems must write and structure their code to take advantage of these distributed systems.

For heavily utilized systems where jobs must be queued prior to their execution, it is often

unclear to the users how long they must wait before their jobs even begin running. System

administrators must determine the best equipment to procure which will meet the needs

for their user base. Correctly configuring, maintaining, and running the HPC system itself

often requires several full time staff members. Additional technical challenges exist, such as

how to schedule jobs for execution on the HPC machines to maximize their utilization or

1



minimize the jobs’ queue time.

As you can see, there are numerous challenges associated with procuring, configuring,

using, and operating an HPC system. The goal of this work was to see if machine learning

techniques could assist with finding solutions to some of these problems. Succinctly, the

goals of this research are spelled out as follows:

1.1 Problem Statement

Though each of the contributions discussed in Chapters 2, 3, and 4 will have its own specific

problem statement, the overarching problem statement for this work is as follows:

� How can state-of-the-art machine learning techniques be applied to problems in the

HPC domain?

1.2 Contributions

The remainder of this document includes three previously peer-reviewed and published works.

Chapter 2 includes an HPC job queue time prediction strategy that can predict whether or

not a job will start by a specified deadline with an accuracy of 95%. Chapter 3 describes an

HPC procurement optimization recommender system with a precision@50 of 92%. In Chap-

ter 4, a reinforcement learning powered HPC scheduler is described that can learn different

scheduling policies which performed 18% better than state-of-the-art scheduling algorithms

for one metric and on par with scheduling algorithms for another. Finally, Chapter 5 of-

fers some discussion on the expected scalability of these technique, discusses some potential

future problems, and offers some final concluding remarks.
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1.3 Survey of Machine Learning Techniques Utilized

There are many different state-of-the-art machine learning techniques used in different ap-

plications. What follows is a brief introduction to the specific techniques utilized for this

research to provide familiarization prior to them being discussed in later chapters.

Unsupervised K-mean clustering

K-means clustering attempts to partition n observations into k clusters where each observa-

tion belongs to the cluster with the nearest mean. It is unsupervised, as there are no initial

cluster labels for each of the observations. The centers of each of k clusters are initially

randomly created, and all observations are assigned to a cluster based on the closest center.

Then, the centroid (or geometric center) of all clusters is calculated, and the centroid be-

comes the new center. Moving the center may cause observations to shift into a new cluster,

and this process repeats until convergence. Upon termination, the observations are grouped

into k clusters based on the minimum distance to one of the k centers. K-means clustering

is seen as part of the machine learning pipeline described in Chapter 2 which was used to

predict the queue time of a job submitted to an HPC cluster.

Figure 1.1: An illustration1 of the steps of the k-means algorithm with k = 3. Clusters
are represented by colors, observations are squares, and cluster centers are represented by
circles.
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Regression

Regression is seen in all three of the works presented ahead. In general, regression is a

statistical process for estimating the relationships between one or more independent variables

and a dependent variable. A simplified way of thinking about a regression model could be

to picture the model as a “black box” function which maps a set of inputs to an output.

Many different techniques have been developed to improve the accuracy of this function.

During training, using various techniques, the model is refined to minimize the error of the

model. Once the model has been trained, it can be used to predict a dependent variable for

previously unseen independent variables. Thankfully, software libraries, like Scikit Learn8,

exist with implementations of these regression techniques, making it unnecessary to fully

understand the details of the inner workings of the different regression techniques. The

different regression techniques used for these research projects are described below.

Linear Regression

Linear regression, as was used in Chapter 2, assumes a linear relationship between the

independent and the dependent variables. Linear regression, as shown in Figure 1.2, can

accurately represent independent variable with linear relationships to dependent variables.

Linear regression was used in Chapter 2 as part of the process to determine if the queue time

of an HPC system was expected to increase or decrease in the future.

Gradient Boosted Tree Regression

Gradient Boosted Tree Regression (GBTR)9 uses an ensemble of weak prediction models

consisting of decision trees. Optimization during training is achieved by using a differentiable

loss function. Gradient decent on this loss function allows the regression model to optimize

its estimation of the dependent variable given the independent variables. GBTR was used

in Chapter 2 as part of the machine learning pipeline to predict a job’s queue time.
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Figure 1.2: An illustration2 of the steps a 2D linear regression line of best fit.

Extreme Gradient Boosting

Rather than using a differentiable loss function as GBTR does, Extreme Gradient Boosting

(XGBoost)10 uses Taylor approximation11 in the loss function. The XGBoost library aims

to provide a “Scalable, Portable and Distributed Gradient Boosting (GBM, GBRT, GBDT)

Library”. Both GBTR and XGBoost use an ensemble of decision trees to make their esti-

mators, and XGBoost performs well in many different regression tasks. XGBoost is used in

Chapter 3 to develop a regression model which can predict the average job wait time for jobs

for a particular composition of proposed new HPC machines.

Reinforcement Learning

Reinforcement Learning (RL) attempts to learn a policy via rewarding the agent for good

decisions during the training process and punishing it for bad ones. Figure 1.3 illustrates the

general process for training a RL agent. In general, the RL agent observes the current state

of the environment, St. The agent chooses an action, At, from among all the actions that are

available to it in its action space. This action changes the current state of the environment

5



to St+1, and the agent then receives a reward, Rt+1 based off how well the action achieved

the desired policy. The agent adjusts its decision making to maximize the reward it receives

by choosing the best action for a given state of the environment. Reinforcement learning

was used in Chapter 4 when developing an application to schedule HPC jobs in the queue

for execution on HPC resources.

Figure 1.3: The general process for reinforcement learning

Proximal Policy Optimization with Invalid Action Masking

The specific technique utilized ahead in Chapter 4 was Proximal Policy Optimization (PPO)12

with Invalid Action Masking (IAM)13. Proximal Policy is an on-policy technique, meaning

that each update of the policy only uses data collected while acting according to the most

recent version of the policy. The policy maps the states in the environment to actions taken

when in those states. Generally, an objective function in RL returns the expected reward for

an action in a given state. Rather than using gradient ascent on the objective function to op-

timize the policy (a computationally expensive process), PPO employs a surrogate objective

function which gives a conservative estimate for how much the objective function will change

as a result of a policy update. Large policy updates are penalized via clipping, resulting in

quick training convergence and good performance for many tasks. Invalid Action Masking

removes obvious invalid or unproductive actions from consideration during the training pro-

cess. This has been shown to improve training convergence and decrease the time required

for training13.
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1.3.1 Recommender Systems

An example of a recommender system might be a search engine, or a music, or movie

recommendation system. If we are using a search engine to find pictures of cats, for instance,

the search engine returns to us some pictures. Of all the pictures on the internet, only

certain ones are pertinent to our query (i.e. the ones of cats). Only the pictures actually

containing cats would be considered “hits” for our particular search. One of the metrics

used to evaluate the performance of recommender systems is precision@k. Though Section

3.5 goes into greater detail, in general the user wants k recommendations returned to them.

The precision@k represents the percentage of those k results that were returned by the

recommender system which were “hits”. For example, if precision@50 = 92%, then the

recommender system would return 50 results and 92% of those (46 in this case) would be

“hits”. In Chapter 3, our recommender system is returning highly performant server sets

under a given budget that will minimize the average job queue time.

1.3.2 Discrete Event Simulator

A custom Discrete Event Simulator (DES) was utilized for two of the works presented ahead.

Additional details describing it can be found in Section 3.4.4. The DES simulates a HPC

system, and keeps track of the available resources on individual machine in the simulated

cluster. It also tracks the current simulation time step, and has several queues or priority

queues containing the jobs submitted to the simulated HPC system. How jobs are assigned

to the simulated machines is varied and can be done using algorithmic scheduling like the

First Come First Server (FCFS), Shortest Job First (SJF), or the Best Fit Bin Packing

(BFBP) algorithm. It can also use different techniques, such as using a scheduler powered

by a Reinforcement Learning (RL) agent.
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Chapter 2

High Performance Computing Queue

Time Prediction using Clustering and

Regression

2.1 Preface

This research was originally appeared in the proceedings of the First Workshop on Ap-

plications of Machine Learning and Artificial Intelligence in High-Performance Computing

(WAML-HPC 2022)14. This article has been reproduced with permission from Springer

Nature.

2.2 Introduction

When a job is submitted to a High Performance Computing (HPC) cluster, a scheduling

application, like SLURM, PBS, LoadLeveler, etc., handles the allocation of HPC resources in

the future to the job’s requirements as specified by the submitter. If adequate HPC resources

are currently unavailable, the job enters a queue for execution in the future, and future

resources are scheduled for that job’s use. While a job is queued and awaiting execution,

8



the job is making no forward progress toward its eventual completion. Worse still, it is often

unclear to the user how long it will take until the job begins execution. The user knows the

job is waiting to start, but there is often no way for the user to know if the job execution will

begin in three hours, three days, or three weeks. Users with a time-critical application facing

long queue delays may be willing to migrate jobs to commercial cloud infrastructure, like

Amazon’s AWS, Microsoft’s Azure, Google’s Cloud Computing, etc. Various techniques for

predicting job queue times have been implemented in the past with different trade offs and

accuracy. A machine learning pipeline which uses unsupervised K-Means clustering followed

by Gradient Boosted Tree Regression has been used to lower error rates when used in other

applications. This research investigates if this machine learning technique can also be used

to a predict queue times for HPC jobs.

The goal of this research is to answer the following questions: For an HPC system with a

given current utilization, can we provide an accurate queue time prediction for a job which

factors in the future state of the HPC cluster? Can we predict the execution of a job prior

to an assigned deadline?

2.3 Background

Improving HPC utilization, decreasing job queue time, and decreasing job turnaround time

are all active areas of research at Kansas State University (KSU). These areas would typi-

cally apply and are of interest to any HPC cluster manager. Developing an accurate queue

time predictor can not only help inform job scheduling, but it can also provide additional

information to users about their expected job start times, and perhaps more importantly,

about the length of time they can expect to wait for their results.

Kumar and Vadhiyar15 performed a similar job queue time prediction by using k-nearest

neighbors followed by support vector machines to classify jobs into time bins of various sizes

with their probabilities. Though this technique showed promise, using regression allows for
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a concrete prediction value for queue time, as opposed to the most likely time bin this job

would fall into.

Jancauskas, et al.16 conducted similar research on queue time prediction using Naive

Bayes to return a list of probability estimates (ti, pi), where pi was the probability that a job

will start before ti. They used similar features and achieved excellent accuracy, precision,

and recall. An advantage of using clustering and regression over Naive Bayes is that a

concrete start time prediction can be generated for the current load on the HPC system for

an individual job with certain requirements. This research not only uses different machine

learning techniques for prediction, but also factors in changes of the future state of the HPC

system and the impact those changes have on job queue times, which Jancauskas, et al.

considered outside the scope of their research.

Brown, et al.17 used a very similar technique as this research, using k-nearest neighbors

followed by gradient boosted tree regression, however they also did not factor in the future

state of the HPC system.

Unsupervised K-Means18 clustering followed by Gradient Boosted Tree Regression9 (GBTR)

has been used by various researchers to improve the accuracy of regression models. For in-

stance, Zheng and Wu19 used this technique to improve on short-term wind forecasting, and

Liu et al.20 used this technique to improve short-term power load forecasting. As this tech-

nique has shown promise in improving prediction accuracy in other areas of research, using

clustering followed by regression could also improve the accuracy of predicting how long a

job will be queued for execution on an HPC system.

2.4 Methodology

2.4.1 Data set

The HPC cluster at KSU is a Beowulf21 HPC cluster called “Beocat”. Beocat currently

consists of 362 compute nodes with a total of 10980 compute cores and 5.57 Terabytes
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of memory, and it uses SLURM22 as the job scheduler. SLURM logs data from all jobs

submitted to Beocat and retains 105 different features about each job. These features include

job submission time, start time, end time, the number of CPUs requested by the user, the

amount of memory and time requested by the user, etc. The data set used for this research

consisted of all jobs submitted in 2018, which totaled approximately 730,000 jobs. Figure

2.1 shows the CPU and memory allocation over time for Beocat for 2018. The calculated

CPU utilization for 2018 was roughly 60%. Jobs can remain queued due to lack of available

CPUs or lack of available memory. This data set was thought to be a good representative

data set with enough data to produce meaningful results.

Figure 2.1: CPU and memory allocation over time for KSU HPC system for 2018

2.4.2 Feature Selection and Calculation

The queue time of a job depends primarily on two factors: the amount of resources available

in the HPC and the amount of resources a job is requesting. Table 2.1 summarizes and

describes the features used for this research.

To calculate BeocatCPUsInUse, the 2018 jobs from the log data were sorted chronolog-

ically by their start and end times. Each time a new job began, the number of CPUs in

use by the cluster was increased by the number of cores allocated to that job. Each time a

job ended, the number of CPUs in use by the cluster was decreased by the number of cores

allocated the that job. The same strategy was employed to calculate BeocatMemoryInUse.

To calculate QueueDepth, jobs were sorted by their submit times and their start times.
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Table 2.1: Features used

Category Feature Description

HPC features
BeocatCPUsInUse Current allocated CPUs
BeocatMemoryInUse Current allocated memory
QueueDepth The queue depth when job was submitted

Job features

ReqCPUs Number of requested cores for a job
ReqMem Amount of memory requested for a job
ReqMinutes Amount of minutes requested for a job
OwnsResources True if user has priority access to compute

nodes; False otherwise
Dependent variable QueueTimeInSec Number of seconds from submit until start

Each time a job is submitted, the queue depth is increased by one. Each time a job starts,

the queue depth is decreased by one.

The requested CPUs, requested memory, and requested time for each job were directly

pulled from the log data to populate the ReqCPUs, ReqMem, and ReqMinutes features.

There are a number of compute nodes which are available for all Beocat users to use.

Certain resources are owned by departments whose members have priority access and who

can preempt running jobs. The OwnsResources feature was set to true if there were dedicated

resources available which could run that job. If the job was submitted to only the queues

common to all, the OwnsResources feature was set to false.

To calculate QueueTimeInSec, the submit time for each job was subtracted from its start

time. This time delta object was converted into an integer that represented the number of

seconds each job sat in the queue awaiting job execution.

2.4.3 Feature Normalization and Model Development

Min-Max scaling was used on Beocat CPU and memory allocation to return a value between

0 and 100 which represents the percentage of Beocat currently allocated.

A vector consisting of ScaledBeocatCPUsInUse, ScaledBeocatMemoryInUse, QueueDepth,

ReqCPUs, ReqMem, and OwnsResources was constructed, and used to predict QueueTimeInSec.

The log data containing roughly 730,000 jobs were randomly split into an 80% training batch
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and a 20% testing batch. The training batch contained roughly 583,000 jobs, and the test

batch contained roughly 146,000 jobs.

A base GBTR model was trained using 5-fold cross validation on the training data, which

was then evaluated using the test data. This base model was used later to predict clusters

that contained fewer than 100 elements. This model will be referred to as the GBTbase in

various figures throughout the remainder of this report.

Since the optimal number of clusters required to group the training data was initially

unclear, iterative K-Means was used to cluster the data using an increasing number of clus-

ters from 2 to 150. The training data was fed into K-Means and n clusters were returned,

where n = 2, 3, 4, . . . , 150. After clustering, a GBTR model was developed using 5-fold cross

validation for each each cluster containing more than 100 elements. A small cluster contain-

ing fewer than 100 elements would use the GBTbase model to make queue time predictions.

These models were developed using the training data, and then evaluated using the test

data. An unseen-before test input would first be classified by the K-means model, and then

the appropriate GBTR model was used to develop a prediction of the job’s queue time. The

machine learning pipeline’s error rate overall on the test data was used to determine an ideal

number of clusters that minimized the error. The number of clusters producing a local min-

imum error rate was identified, and then that pipeline was selected for further evaluation.

This machine learning pipeline is outlined in Figure 2.2.

During actual use, users may have individual and specific deadlines. This information

is not currently solicited or collected on Beocat, so it was unavailable in the log data. An

arbitrary deadline for each job was set to be the average queue time for all jobs in 2018, or

13423 seconds (HH:MM:SS = 03:43:43). A queue time prediction was made for each job,

and it was assessed whether this prediction was met or exceeded the assigned deadline. Since

the actual queue time was known, a confusion matrix was generated to determine the overall

accuracy, precision, recall, and F1 scores for the machine learning pipeline.

The above mentioned queue time prediction represents a snapshot in time given the
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Figure 2.2: The machine learning pipeline used for this research.

overall HPC system resources allocated for a job with specific requirements. The future

state of the HPC may also impact job queue time. For instance, if cluster allocation increases

following a job submission when a large number of higher priority jobs are started, this queue

time estimate may underestimate when a job would actually begin. Alternatively, an HPC

allocation decrease following a job submission due to jobs finishing earlier than expected

may cause a job to begin sooner.

Since the average queue time for Beocat in 2018 was roughly 3 hours and 45 minutes,

a sliding time window of 4 hours was used to assess what impact a change in HPC CPU

allocation would have on the change in queue times for HPC jobs. Figure 2.3 depicts how

average ∆CPUs was calculated. Average ∆queue time was calculated in the same manner. In

2018, there were 1,520 four-hour time windows containing submitted jobs. The time windows

were randomly split into an 80% training batch and 20% testing batch. A linear regression

model was trained using the average ∆CPUs from the training data and used to predict the

average ∆queue time of the test data. Again, the actual change in queue time was known from

the log data, which enabled the calculation of RMSE, accuracy, precision, recall and the F1

Score for this linear regression model.
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Figure 2.3: Depiction of ∆CPUs calculation

2.4.4 Evaluation

Feature correlation was measured using the Pearson Correlation Coefficient23. This statis-

tical measure produces a value between -1 and 1, where correlation coefficient values closer

-1 or 1 indicate a stronger correlation between two features and a value closer to 0 indicates

no or very little correlation.

Each regression model contained some N elements. The machine learning pipeline and

each regression model was evaluated using the Root Mean Squared Error (RMSE) metric,

which is calculated according to the following equation:

RMSE =

√
ΣN

i=0(actual queue timei − predicted queue timei)
2

N

Additionally, the machine learning pipeline was used to compare whether or not the

predicted queue time for each job exceeded the assigned deadline. A confusion matrix, along

with the metrics of accuracy, precision, recall, and the F1 Score were utilized. The metrics

and their descriptions are laid out in Table 2.2:

The metrics used to assess the change in queue time given the change in CPU allocation

are laid out below in Table 2.3:

These metrics were calculated in the following way:
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Table 2.2: Metrics for Deadline Classification

Metric Description
True Positive (TP) Model predicts job will start before deadline, and it does
True Negative (TN) Model predicts job will start after deadline and it does
False Positive (FP) Model predicts job will start before deadline, but job does not
False Negative (FN) Model predicts job will start after deadline, but job does not

Table 2.3: Metrics for Future Queue Time Classification

Metric Description
True Positive (TP) Model predicts average ∆queue time will decrease 4 hours from now,

and it does
True Negative (TN) Model predicts average ∆queue time will increase 4 hours from now,

and it does
False Positive (FP) Model predicts average ∆queue time will decrease 4 hours from now,

and it does not
False Negative (FN) Model predicts average ∆queue time will increase 4 hours from now,

and it does not

Accuracy = TP+TN
TP+TN+FP+FN

Precision = TP
TP+FP

Recall = TN
TP+FN

F1 Score = 2∗TP
2∗TP+FP+FN

2.5 Results

PySpark is an interface for Apache Spark24 for the Python25 programming language. PyS-

park was utilized for data wrangling and analysis. PySpark’s machine learning library,

MLlib26, was utilized for statistical analysis, clustering, and regression tasks. Matplotlib27

was used to generate plots and charts.

2.5.1 Correlation of Features

Table 2.4 lays out the Pearson Correlation Coefficients for the features used. “Slightly

correlated” values in Table 2.4 are displayed using orange text and the stronger “somewhat

correlated” features are displayed using red text. Perhaps unsurprisingly, there is a slight

correlation between the HPC CPUs in use and the HPC memory in use at any given time,

as well as a slight correlation between the amount of CPUs requested by a user and the
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Table 2.4: Correlation of Features

Feature BeocatCPUsInUse BeocatMemoryInUse QueueDepth ReqCPUs ReqMem ReqMinutes QueueTimeInSec
BeocatCPUsInUse 1 0.195 0.008 0.008 -0.010 -0.067 -0.009
BeocatMemoryInUse 0.195 1 0.392 -0.047 -0.020 -0.036 0.131
QueueDepth 0.008 0.392 1 -0.061 -0.028 -0.091 0.326
ReqCPUs 0.007 -0.047 -0.047 1 0.119 0.057 -0.002
ReqMem -0.010 -0.020 -0.027 0.119 1 0.036 0.003
ReqMinutes -0.067 -0.036 -0.091 0.057 0.036 1 0.074
QueueTimeInSec -0.009 0.131 0.326 -0.002 0.003 0.074 1

amount of memory requested by a user. The queue depth and queue time are somewhat

correlated, and the queue depth and the amount of memory allocated on the HPC are

somewhat correlated. This makes sense given the relatively large amount of time Beocat

spends with its allocated memory near or at its maximum (See Figure 2.1).

2.5.2 K-Means Clustering and GBT Regression

The GBTbase model had a RMSE of 23229.92. This was compared to two naive guessing

strategies of guessing zero queue time for all jobs and guessing the average queue time from

2018 for all jobs. Naively guessing zero seconds produced a RMSE of 42818.2, and naively

guessing the average queue time (13423.21 seconds) produced a RMSE of 40659.8. It is clear

that the base model has a lower RMSE than these two naive guessing strategies.

It was identified by iterating through the number of generated k-means clusters that 57

clusters produced a local minimum RMSE of 18119.23. As the number of clusters increased,

there was not a significant improvement in accuracy, and it is thought that as the number

of clusters continues to increase, the GBTbase model will be used for more and more clusters

as the number of data points in each cluster decreases. Locating this “elbow” in the data28

attempts to prevent overfitting and clustering beyond the point of diminishing returns. The

RMSE of the machine learning pipeline as the number of clusters was varied is depicted in

Figure 2.4.

Using 57 clusters produces 42 GBTR models for clusters containing more than 100 ele-

ments, and the machine learning pipeline uses the base GBTR model for the remaining 15

clusters. Each test data point was clustered, and then the appropriate GBTR model was
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Figure 2.4: RMSE of machine learning pipeline as the number of K-Means clusters was
varied.

Table 2.5: Confusion Matrix for Machine Learning Pipeline with Metrics

Actual
Total Jobs 145,658 Job runs before

Avg Queue
Time

Job runs after
Avg Queue
Time

Predicted
Job runs before
Avg Queue
Time

TP = 107,208 FP = 1,490

Job runs after
Avg Queue
Time

FN = 3,366 TN = 33,594

Metric Value
Accuracy 96.66%
Precision 98.63%
Recall 96.95%
F1 Score 97.79%

used to predict the queue time for a job. Each job’s queue time prediction was compared to

its actual queue time, and it was evaluated if the predicted and actual queue time exceeded

the assigned deadline. The confusion matrix and evaluation metrics can be found in Table

2.5. Overall, the machine learning pipeline was excellent at predicting future queue times,

and its accuracy, precision, recall, and F1 Score were all greater than 96%.
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Figure 2.5: Change in average CPU allocation vs. change in average queue time

Table 2.6: Confusion Matrix for Queue Time Increase with Metrics

Actual
Total Time Windows 1,520 Future aver-

age ∆queue time

decreases

Future aver-
age ∆queue time

increases

Predicted
Future aver-
age ∆queue time

decreases

TP = 702 FP = 26

Future aver-
age ∆queue time

increases

FN = 24 TN = 768

Metric Value
Accuracy 96.71%
Precision 96.43%
Recall 96.69%
F1 Score 96.56%

2.5.3 Future HPC Queue Time Prediction

The (∆CPUs,∆queue time) points and the line-of-best-fit provided by the linear regression

model are depicted in Figure 2.5. The model achieved a RMSE of 14691.17 seconds. The

confusion matrix and evaluation metrics are found in Table 2.6. Overall, the linear regression

model was excellent at predicting future queue times, and its accuracy, precision, recall, and

F1 Score were all greater than 96%.

2.6 Discussion

The correlation between queue depth and the HPC memory in use for Beocat is supported

by the memory in use over time depicted in Figure 2.1. This confirms the observations
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made by Beocat’s system administrators who have determined that more often than not,

Beocat is constrained by its available memory rather than its available CPUs. This alone

has informed the equipment requirements for purchases of new servers for the HPC system

here at KSU. We now procure servers with larger memory to try to better accommodate our

user’s requirements. Doing a similar analysis might allow managers of other HPC systems

to better identify hardware that can support the types of jobs their users often run.

As depicted in Table 2.5, the accuracy, precision, recall, and F1 Score were all greater

than 96%. Although a somewhat arbitrary deadline was used for each user’s deadline, this

data could be provided by the users at submission time. This would give more meaningful

information to the users of Beocat depending on how time sensitive their jobs are. Various

other values for deadlines were used (1 hour, 8 hours, and 12 hours), all of which produced

similar accuracy, precision, recall, and F1 scores exceeding at least 90%. It can only be

concluded that the machine learning pipeline does a good job at predicting a reasonable

start time for most jobs regardless of the pipeline RMSE.

Using clustering and regression as opposed to other techniques provides a concrete queue

time estimate. The pipeline RMSE was roughly 5 hours of error, and the average queue

time for jobs submitted to Beocat in 2018 was approximately 3 hours and 45 minutes. The

HPC at KSU has comparatively low queue times for jobs, and other HPC clusters may have

queue time measured in the range of days, or even weeks. An overall 5 hour error rate for

the prediction for Beocat somewhat overshadows the average queue time in our case, but in

other clusters, it might be more meaningful. In practice, queue times for Beocat are very

left-skewed, and most of the jobs submitted to Beocat are executed after a very short period

of time. Only very large jobs spend any significant amount of time in the queue waiting for

resources.

It was shown that the average allocation of HPC CPUs over a 4 hour window was an

effective predictor for an increase or decrease of future queue time for jobs. This information

could further inform machine learning models attempting to predict queue time for jobs. For
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instance, the linear regression model could be run before the queue time deadline assessment

to determine if this contributes to an increase in the accuracy of the queue time prediction

from the machine learning pipeline.

Finally, this queue time estimation tool could inform a decision to migrate a job to cloud

resources instead of facing a long queue delay. Okanlawon, et al.29 conducted research to

better inform a user’s decision to either resubmit a job with different resources or migrate

that job to commercial cloud infrastructure. An accurate queue time estimation tool could

offer another data point informing a user’s decision.

2.7 Conclusion and Future Work

This research demonstrated that clustering and regression can also be applied to the task

of queue time estimation for HPC systems. The machine learning pipeline described in this

paper was more than 96% accurate at classifying whether a job would start before an assigned

deadline. A simple linear regression model also achieved greater than 96% when attempting

to predict if future queue times will increase or decrease. These pieces of information could

prove vital to a researcher with a time critical application. It is also a meaningful metric for

all HPC users, so they will be better informed about the start times of their jobs.

Additional analysis is needed to determine why certain jobs were grouped together into

the clusters provided by K-Means. This research fed the cluster and job feature vector into

the K-Means algorithm in search of the number of cluster producing a local minimum error

rate. It is thought that additional analysis of clusters might shed light onto what is causing

certain kinds of jobs to queue for longer times. Are there certain characteristics of jobs that

cause them to sit in the queue longer? Are there certain characteristics or limitations of the

HPC cluster itself which is contributing to longer queue times? Could additional HPC user

education or better documentation mitigate queue time in some way? These remain open

questions.
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Our experience has been that users tend to drastically overestimate their job requirements

at submission times. There is very little downside for a user who overestimates their resources

at submission time. However, there is a very large downside if a job is killed before completion

due to a user requesting insufficient resources at submit time. In the aggregate, however,

mass overestimation of required resources leads to longer queue times for all users, which

can negatively impact user experience overall. Tanash, et al.30 have looked to machine

learning to determine how actual allocated resources compared to what users have requested

at submit time. Since this queue time predictor relied upon user submitted requirements

for each job, adding a more accurate estimate of actual resources used would presumably

improve the accuracy of a model predicting queue time.

Finally, informing the machine learning pipeline with the future queue time prediction

may further improve the accuracy of the prediction made by the machine learning pipeline.

It remains to be seen if first applying the future state of the HPC queue time prediction has

measurable impacts on the accuracy of the clustering and regression pipeline.
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Chapter 3

Optimized Hardware Configuration

for High Performance Computing

Systems

3.1 Preface

This research was originally presented at The Seventeenth International Conference on Ad-

vanced Engineering Computing and Applications in Sciences31. The results presented there

have been expanded upon and further clarified and submitted to the International Journal

On Advances in Systems and Measurements for consideration. The International Academy,

Research, and Industry Association (IARIA) has granted royalty-free permission to any in-

dividuals or institutions to make the article available electronically, online, or in print.

3.2 Introduction

When faced with upgrading or expanding a High Performance Computing (HPC) or High

Throughput Computing (HTC) system, administrators of these systems can be overwhelmed

by options. It is a challenging task to get the best performance for a fixed budget. Server
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capabilities (i.e., number and types of processors, amount of memory, and number and types

of Graphics Processing Units (GPU) or other hardware accelerators) greatly affect their

costs, and for a fixed spending ceiling, it is desirable to get the “best bang for your buck.”

For an HPC system, an optimal server package composition is dictated by its typical use.

For instance, if many users rely upon a GPU-accelerated application or library, a higher

GPU count may be desirable, even if this means fewer servers can be purchased. With

many factors to consider, HPC administrators often rely upon their preferences, intuition,

and experience to inform procurement decisions. This research uses historical job data from

an HPC system, a discrete event simulator (DES), and a machine learning model to power

a recommender system, which can help inform a hardware procurement decision. These

techniques provide additional information to HPC system administrators about which set of

budget-constrained hardware minimizes wait time for users’ jobs, and provides quantifiable

support for procurement decisions when upgrading or expanding existing HPC infrastructure.

The contributions of this work can be summarized as follows:

1. A data set consisting of roughly 12,700 HPC scheduling simulations, each with a dif-

ferent HPC server set

2. An optimized XGBoost regression model for predicting average wait time when given

a composition of servers

3. A recommender system with precision@50=92%, which can inform hardware procure-

ment decisions

This paper is laid out as follows: Section 3.3 provides additional background on the

problem and describes similar work done by others, Section 3.4 provides the methodology and

some implementation details, Section 3.5 provides details of formulas for metric calculations,

Section 3.6 provides the results of the experiments, and Section 3.7 provides additional details

on how the recommendations of the system were evaluated across a wider time frame. Section
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3.8 evaluates the performance of a model trained using all available data, and section 3.9

provides our final conclusions.

3.3 Background and Related Works

The Open Science Grid (OSG)32 33 is a worldwide collaboration that offers distributed com-

puting for scientific research. In the central United States, one of the organizations con-

tributing resources to the OSG is the Great Plains Augmented Regional Gateway to the

Open Science Grid (GP-ARGO)34. In part, GP-ARGO receives funding through govern-

mental grants. These grants are often used to procure new equipment to expand or improve

the capabilities of GP-ARGO’s participating organizations. Consequentially, there is a fixed

budget ceiling for HPC equipment procurement, and the administrator’s goal is to purchase

new equipment that will maximize computational performance for our typical applications

while ensuring costs remain under the fixed grant budget. The research question for this

work is as follows: for a planned HPC expansion, can experimental simulation provide an

optimal set of hardware under a given budget that will minimize job wait time?

The challenge of optimal hardware procurement is not exclusive to our organization.

Similar work was done by Evans et al.35. They collected benchmarks for various software

applications on different hardware to optimize the ratio of Central Processing Unit (CPU)

and GPU architectures for HPC jobs. Their work is similar to ours, but we took a different

approach by using a scheduling simulator to evaluate the performance of a set of jobs that

were actually submitted to an HPC system. We are solving a very similar problem as Evans

et al., but using a different approach to arrive at an optimal hardware configuration.

Other researchers have attempted to optimize for a particular application, such as the

work Kutzner et al.36 did to improve the utilization of GPU nodes when using GROMACs.

Although these techniques are not without their merits for HPC systems that run a large

number of homogeneous applications, users of the GP-ARGO HPC systems run a wide
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variety of jobs and applications. A more broad scheduler-based optimization was more

appropriate for our application.

Various public HPC workloads exist37, and have been used by HPC researchers in the

past. However, as we are attempting to identify and evaluate new hardware for a specific

HPC system, log data from that HPC system was utilized as the workload for this research.

Different scheduling applications like SLURM, HTCondor, or PBS, operate on HPC

systems and perform the function of assigning HPC resources to jobs. This job-to-machine-

assignment task is as an extension of the online bin packing problem38. For the bin packing

problem, the goal is to pack a sequence of items with sizes between 0 and 1 into as few bins

of size 1 as possible. Each job specifies the resources requested (the object sizes), and each

HPC machine has a certain amount of available resources (the bins with their respective

sizes). The scheduler is given the task to meet job requirements by assigning them to HPC

nodes (pack the objects into the available bins) as efficiently as possible. This is an online

problem as new jobs are submitted over time to the scheduler. The best fit bin packing

(BFBP) algorithm has been shown by Dosa and Sgall39 to use at most ⌊1.7OPT ⌋ bins,

ensuring this algorithm will provide a reasonably close to optimal average wait time when

it is used as an HPC job scheduling algorithm. Since scheduling algorithms vary between

applications, most being highly customizable, and others being proprietary, a discrete event

simulator utilizing the BFBP algorithm served as a stand-in for our scheduling application

in an attempt to make it more universally applicable. The BFBP scheduling algorithm is

described in Figure 3.1.

Although various HPC simulators have been used for similar research, such as SimGrid40,

GridSim41, or Alea42, this experiment needed a simple discrete event simulator using the

BFBP scheduler. The simulators mentioned above were either deemed overly complex for

our purposes, or they failed to allow for the three limiting resources (memory, CPUs, and

GPUs) we were interested in investigating. An HPC scheduler simulator was also considered,

such as the Slurm simulator developed at SUNY University in Buffalo43. Although this
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Algorithm 1 Best Fit Bin Packing Scheduling

1: while The simulation is incomplete do
2: if Some job in the queue can be executed on some machine then
3: Find the (job, machine) pairing which results in the fewest remaining resources

for some machine. Begin executing that job on that machine.
4: else
5: Advance simulation time until a new job is submitted or a running job ends,

whichever is sooner.
6: Queue submitted jobs and stop ending jobs.
7: end if
8: end while

Figure 3.1: Pseudocode for the best fit bin packing algorithm

option was investigated further, scaling a job’s actual duration from the log data to the

new machine once it is assigned to a machine was challenging. As such, a custom discrete

event simulator was developed and utilized for this research. The simulator allows for three

resource constraints in each machine: memory, CPUs, and GPUs. It is fairly lightweight,

fast, and easy to understand.

A significant consideration when evaluating new server hardware is the performance in-

crease newer technology or architectures can provide. Using log data, we know how long a

job took on a machine with known hardware. Since the specifications for the new hardware

under consideration are also known, the actual duration of the jobs from the historic log

data was scaled using base performance of the processor as reported by SPEC CPU2017

benchmark, second quarter, 202344.

Knowing how a particular job performed on one set of hardware and estimating how

it will perform on some other hypothetical set of hardware is challenging. Sharkawi et

al.45 successfully used a similar SPEC benchmark to estimate the performance projections

of HPC applications. Other researchers, like Wang et al.46 have pointed out that these

benchmarks fail to account for all the variables affecting job resource utilization and should

be avoided. Although CPU performance is not the only factor by which we could have scaled
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job duration, and perhaps it is not the best factor by which to scale, it worked well for our

purposes. The discrete event simulator was implemented such that the scaling factor could

be easily changed if other researchers should find a different factor more relevant to their

situation.

Various metrics are typically used when evaluating the performance of HPC scheduling

algorithms. Some of these are average wait time, HPC utilization, average turnaround time,

makespan, throughput, etc. Which metric is used depends on the application and function

of the HPC system, and different organizations may value one metric over another. The

metric used for this research was average wait time, or the average number of seconds each

job spent waiting in the job queue for execution on HPC resources. We presume that the

same techniques could be applied by other researchers using a different metric, should they

prefer a different one.

This research relied upon a regression model where: given the total CPUs, total memory,

and the total GPUs for a composition of servers, the regression model will predict the average

jobs wait time for the representative set of jobs. Various regression techniques were tried,

but Extreme Gradient Boosting (XGBoost)10 was the most effective of those tried. XGBoost

is a scalable, distributed, gradient-boosted, decision tree machine learning library. It relies

upon supervised machine learning, decision trees, ensemble learning, and gradient boosting.

Similar to a random forest, multiple decision trees are created for the regression task, and

these trees each make predictions of the average wait time given the three inputs (total server

package CPUs, memory, and GPUs). The results from the multiple trees are combined via

a weighted sum, and they are “boosted” by generatively adding new decision trees. The

error of the objective function is minimized by gradient descent during the training process,

resulting in quick convergence and accurate prediction results.

Recommender systems power a variety of applications like search engines and music

recommendation systems. First, the “hits” for the system must be defined. Hits are the

elements from the data set that are relevant to the user’s search. Next, the user specifies the
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number of recommendations, k, that they would like to receive. If the recommender system

is precise, a large portion of the k items returned will be hits.

3.4 Methodology

The general plan for optimizing a hardware package for our fixed budget can be summarized

as follows:

1. Receive vendor quotes with potential server options.

2. Generate potential server combinations to purchase under the specified budget which

meet our procurement requirements.

3. Identify a typical set of jobs representing the workloads typically submitted to our

HPC system.

4. Conduct simulations using a subset of the server packages to schedule the representative

job set and compute metrics to determine their performances.

5. Use machine learning to train and refine a regression model that can predict the per-

formance of un-simulated server combinations.

6. Develop a recommender system using the machine learning model and quantitatively

evaluate its performance

7. Subjectively evaluate the recommended server packages and make a more informed

procurement decision.

This pipeline is illustrated by Figure 3.2. First, we generate all possible combinations

of servers we can purchase under our budget. Next, we uniformly sample 10% of these by

selecting every tenth server combination and we use the DES to simulate the execution of a

chosen set of jobs. We then use XGBoost to develop and train a regression model which will
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map a sever package’s total CPUs, memory, and GPUs to the predicted average wait time

that these jobs will experience. We use the regression model to predict the average wait time

of the sampled server combinations, sort them by the predicted wait time, and return the

top k recommended server sets to the user. These recommendations can be quantitatively

evaluated, as the actual average wait time has been simulated. Next, we can use the same

regression model and recommender system to make predictions on the entire set of servers,

and we can summarize them and subjectively evaluate them, as 90% of the have not be

simulated and their actual average job wait time is unknown.

Finally, the recommendations of the system were simulated using workloads from 24 days

across a calendar year to determine it the recommended server sets continued to be effective

when faced with the varied workloads the HPC system experienced throughout the year.

Figure 3.2: A pictorial representation of the methodology for this research.

3.4.1 Generate Server Options

To begin, we received several vendor quotes specifying the costs and capabilities of 21 po-

tential servers to purchase. When considering upgrade options, we typically separate servers

into one of three categories: compute nodes, big memory nodes, or GPU nodes. A compute
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Table 3.1: Server capabilities and costs under investigation

Node type Distinct
nodes

considered

Memory
range per
node

CPUs range
per node

GPUs per
node

Cost range
per node

Compute 4 256-512 Gb 24-64 cores 0 GPUs $6k-$10k
Big memory 2 1024 Gb 24-64 cores 0 GPUs $11k-$13k
GPU 15 256-1024 Gb 24-64 cores 1-8 GPUs $14k-$100k

node typically has a large number of processor cores, a moderate amount of memory, and

no GPU. A big memory node will have a large amount of memory with a moderate amount

of CPU cores and no GPU. A GPU node is any node which has a GPU. Table 3.1 lays out

the options we received from several different vendors. The procurement budget was fixed

at $1 million, and all possible server combinations were generated in the following way:

� Separate servers into three categories: compute nodes, big memory nodes, and GPU

nodes.

� Choose all combinations of one node from each category.

� Determine all quantities of the three node types under a given budget such that there is

at least one GPU node and there is not enough funding remaining to purchase another

node.

In our selected job set, many jobs requested GPUs as a resource. These jobs would

automatically fail if at least one GPU node were not included in a potential server package.

Roughly 127,000 different server combinations met these requirements. Table 3.2 provides

an illustrative example of how the server combinations were generated. Many server options

and packages were omitted from the table for the sake of brevity.

3.4.2 Identify a Representative Set of Jobs

One typical days’ worth of submitted jobs (roughly 16,000 jobs) was subjectively pulled from

the log data of the local HPC system. As with most HPC systems, jobs were submitted

31



Table 3.2: Generated Server Combinations

ComputeNode1, $6,960 ea. BigMemNode1, $11,112 ea. GPUNode1, $14,730 ea. . . . Package Cost Funds Remaining
141 0 1 . . . $996,090 $3,910
139 1 1 . . . $993,282 $6,718
138 2 1 . . . $997,434 $2,566
...

...
...

. . .
...

...
0 1 67 . . . $998,022 $1,978

Figure 3.3: The number of jobs submitted over time for the selected day

in a bursty manner, and variety of resources were requested. Figure 3.3 and Table 3.3

display some descriptive statistics and information about the jobs used for this portion of

this research.

3.4.3 Job Duration Scaling

The submitted jobs were scaled using the base performance of the processor on the SPEC

CPU2017 benchmark suite. The requested duration was not modified, but the actual dura-

tion of each job was calculated using the following formula:
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Table 3.3: Descriptive statistics for the pool of selected jobs

Requested
Mem (in Gb)

Requested
CPUs

Requested
GPUs

Requested
Duration (in

hours)

Actual
Duration (in

hours)
Mean 5.12 4.75 0.002 2.82 2.27
Std Dev. 16.73 3.33 0.055 1.02 13.67
Min 1 1 0 0 0
Max 800 64 4 11.20 11.20

New duration = logged duration∗logged processor performance
new processor performance

3.4.4 Discrete Event Simulator

Since there are many different applications for scheduling jobs on HPC systems, the discrete

event simulator using the BFBP scheduling algorithm acted as a generic substitute for the

scheduling application for our HPC system. What was needed was a method for determining

the average job wait time for selected jobs on specified hardware. Other simulators could

have been used, but for this research, a discrete event simulator was implemented in Python

that provides the following functionality:

� A global clock to keep track of simulation time.

� Several queues, priority queues, or lists to track jobs as they progress through the exe-

cution process: future jobs, queued jobs, running jobs, completed jobs, and unrunnable

jobs.

� Jobs and machines are specified using comma separated value (csv) files, which is

loaded prior to the simulation.

� Machines have three limiting resources: available memory, CPUs, and GPUs.

� Jobs are specified with the following attributes: submit time, actual duration, and

requested duration, memory, CPUs, and GPUs. Jobs track their start time and end

time as the simulation progresses to allow for metric calculation.
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� Job end time is set when the job starts running as the job start time plus the job actual

duration.

� When a job starts running on a machine, that machine’s available resources are decre-

mented by the resources requested by the job. Conversely, when a job completes, the

machine executing it has its available resources increased by the amount requested by

the ending job.

� Jobs with a submit time greater than the current global clock reside in the future jobs

priority queue.

� Jobs with a submit time less than or equal to the current global clock, but not yet

assigned to a machine, reside in the job queue.

� Jobs that have begun their execution and have an ending time less than the current

global clock, reside in the running jobs priority queue.

� Jobs with an ending time less than or equal to the current global clock reside in the

completed jobs list.

� If no node in the cluster has adequate resources to run a particular job, that job is

moved to the unrunnable jobs list.

� In the event that no queued jobs can run on available resources, the simulation time

“fast forwards” to the next event: either job submission or job ending.

� Jobs in the job queue are run as soon as there are available resources and are chosen

using the best fit bin packing scheduling algorithm described in Algorithm 3.1.

� Actual job duration from logged job data can be scaled to allow for hardware improve-

ment with newer hardware.
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3.4.5 Machine Learning

Although each simulation completed fairly quickly, requiring no more than 30 minutes each,

this particular combination of server quotes yielded roughly 127,000 combinations that need

to be evaluated. To reduce the computational requirement, every tenth line from the file

with the server combinations was sampled, and roughly 12,700 simulations for these server

packages were completed in parallel using HPC resources. By sampling from the generated

server packages uniformly, various quantities of each server under consideration were included

in the simulated data. Each server package was summarized into the package total memory,

total CPUs, and total GPUs, by summing the resources of every machine comprising the

package. The average wait time for the simulation served as the label for each package.

Using five fold cross validation, an XGBoost regression model was trained using training

data. The regression model was evaluated using root mean squared error (RMSE) on the

test data. An accurate regression model enabled the prediction of the average wait time for

unsimulated server combinations and saved countless hours of additional simulation.

3.4.6 Recommender System

In our case, a hit was defined as a server combination with an average wait time in the

lowest 5% of simulated combinations (or 632 hits out of the ∼12,700 simulated server combi-

nations). The value of k was varied to evaluate the performance of the recommender system.

Then, once confidence was gained that our recommender system was functioning properly,

it was used to recommend systems from the entire server combination pool of 127,000 server

combinations. The recommendations were summarized and evaluated subjectively before

arriving at a final procurement decision.
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3.4.7 Simplifying Assumptions

The current nodes comprising the HPC system were not added to the set of nodes simu-

lating the selected jobs. The benefit current nodes would provide to the new servers under

investigation would be common to all.

Any additional equipment required to install and operate the new servers (e.g., network-

ing hardware, additional cooling equipment, server racks, power infrastructure, etc.) were

not deducted from the total procurement budget. It was thought that these costs would be

a relatively fixed regardless of the server package chosen. The same analysis described in

this research could be done by reducing the total budget by the cost of additional hardware

and then completing the analysis with a reduced budget.

3.5 Evaluation

Pearson’s Correlation Coefficient23 determined the extent of the correlation between the

total memory, CPUs, and GPUs of a package and the average wait time. This coefficient

provides a value between -1 and 1, where values closer to -1 or 1 indicate that the feature

and the label are more strongly correlated. A coefficient of 0 indicates no correlation.

Wait time was calculated by analyzing the completed jobs output from each simulation.

The wait time for each job was the number of seconds from the time the job was submitted

until it began. For N jobs, the average wait time was calculated as follows:

AvgWaitTime =
ΣN

i=0(Start Timei − Submit Timei)

N

Root Mean Squared Error was utilized for regression model evaluation calculated accord-
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ing to the following formula:

RMSE =

√
ΣN

i=0(actual wait timei − predicted wait timei)
2

N

The performance of the final recommender system was evaluated using precision@k, re-

call@k, and F1@k. In general, precision@k is the proportion of recommended items in the

top-k set that are relevant, and recall@k is the proportion of relevant items found in the top-k

recommendations. F1@k is the harmonic mean of precision@k and recall@k, which simplifies

them into a single metric. They were calculated according to the following formulas:

Precision@k =
(# of recommended items @k that are relevant)

(# of recommended items @k)

Recall@k =
(# of recommended items @k that are relevant)

(total # of relevant items)

F1@k =
(2 ∗ precision@k ∗ recall@k)

(precision@k + recall@k)

3.6 Results

The correlation of features, the performance of the regression model and the recommender

system, and some analysis about the recommended server compositions are described below.

3.6.1 Feature Correlation

The correlation between the features and the labels is shown in Table 3.4. For this set of

jobs, the total CPUs in a server package were most strongly correlated to the average wait

time. For the chosen jobs, the more CPUs a package had, the lower its average wait time.

Since we are constrained by our available budget of $1 million, choosing to buy one type

of node over another is a zero-sum game. The more GPU nodes we purchase, and the more

GPUs there are per node, the fewer compute nodes or big memory nodes we are able to

afford. This is indicated by the positive correlation between GPUs and the average wait
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time.

Table 3.4: Pearson Correlation Coefficients

TotalMem TotalCPUs TotalGPUs AvgWaitTime
TotalMem 1.00 0.14 -0.54 -0.23
TotalCPUs 0.14 1.00 -0.42 -0.70
TotalGPUs -0.54 -0.42 1.00 0.44

AvgWaitTime -0.23 -0.70 0.44 1.00

3.6.2 Regression Model

The XGBoost regression model had a RMSE = 150.13 seconds, indicating that the total

memory, CPUs, and GPU features made excellent predictors for the average wait time for

these jobs when simulated with the discrete event simulator. The predicted vs. simulated

wait time is shown in Figure 3.4. If the regression model were perfect, all these points would

lie upon the y = x line, and it is clear that this model does a good job at predicting the

average wait time for a given composition of servers.

3.6.3 Recommender System

The regression model was used to predict the 12,700 labeled simulations, and their preci-

sion@k, recall@k, and F1@k for various values of k are displayed in Table 3.5. The goal

was to reduce the number of possibilities from roughly 127,000 different possible combina-

tions of servers down to a reasonable number which could be evaluated by an HPC system

administrator and have a large percentage of the recommended server combinations be hits

(among the best 5% of server combinations with the lowest average wait times). Although

precision@10 was 100%, it is thought that seeing more server package options would allow

system administrators a wider variety from which to choose. A system administrator could

easily and quickly review up to 50 recommendations (k = 50), and more than 46 out of 50

of these recommendations returned by this system (92%) would be top performing server

combinations, which is excellent. Recall@k when k is less than the number of total hits
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Figure 3.4: The predicted vs. simulated wait times showing the accuracy of our regression
model.

(632 hits total) is unfairly penalized, but the recall@k above 632 is also excellent. When

k = 1, 000, the recall@1000 = 91%, meaning the recommender system successfully retrieved

91% of the top 5% performing server packages when returning less than 1% of the 127,000

different options.

Table 3.5: Precision@k and Recall@k for Test Data

k value Precision@k Recall@k F1@k
10 1.00 0.02 0.03
50 0.92 0.07 0.13
100 0.81 0.13 0.22
500 0.74 0.59 0.66
632 0.72 0.72 0.72
1000 0.58 0.91 0.71
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3.6.4 Recommended Compositions

Beyond looking at the individual server compositions recommended, we wanted to draw some

conclusion about the types and quantity of nodes that the recommender system returned.

The sum of the server quantities for the top 50 recommendations can be found in Table 3.6.

Compute nodes with the larger number of cores were vastly preferred, and the recommender

system did not recommend spending additional funds on more memory for the compute

nodes. Additionally, the recommender system preferred the cheaper big memory node with

fewer cores. Finally, for our typical workload, the recommender system did not recommended

purchasing a large number of GPUs per GPU node, instead recommending servers with 2

GPUs per server most often. As shown in Figure 3.5, the recommender system suggests

spending on average 58% of our total budget on compute nodes, 8% on big memory nodes,

and 34% on GPU nodes.

Table 3.6: Recommendations Drawn from Model Predicted Results

Node Type Node Description Sum of Servers Across Top 50

Compute Nodes

Low Cost CPU w/ 256Gb 232
Low Cost CPU w/ 512Gb 0
High Cost CPU w/ 256Gb 3,467
High Cost CPU w/ 512Gb 0

Big Memory Nodes
Low Cost CPU w/ 1024Gb 232
High Cost CPU w/ 1024Gb 111

GPU Nodes
2 GPUs in one server 732
4 GPUs in one server 267
8 GPUs in one server 0

A boxplot showing the simulated average job wait time of the top 5% of recommended

server sets (or k=638) is shown in Figure 3.6. It is clear that the recommender system was

able to retrieve and recommend server sets which performed well on the representative set

of jobs.
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Figure 3.5: The recommended budget breakdown by node type.

Figure 3.6: The average job wait time for the top 5% recommended server sets vs. the
bottom 95%.
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3.7 Evaluation of the Generalization of the Approach

The previously described regression model was developed using the results when using a

single, representative workload of one days’ worth of jobs from the local HPC system. For

this technique to be viable, it must be demonstrated that the recommended server packages

would perform well not only for the representative day, but also for many different days of

HPC activity. To investigate this further, the following methodology was used:

� Subjectively pull log data an additional 24 days across the year (2 days per month)

� Use the discrete event simulator to simulate the execution of the workloads for the

same subset of 12,700 server packages

� Identify the top 10% of server compositions with the lowest average wait time for each

day

� Evaluate the performance of the initial recommended server sets using the additional

labeled data

This computation was done in parallel using HPC resources and involved over 150,000

CPU hours.

3.7.1 Generalized Results

To begin, 24 different days of HPC log data from throughout the year were chosen subjec-

tively (2 days per month). These days were scheduled using the DES using the roughly 12,700

server combinations which were originally used to train the regression model. See Figure 3.7

for the average wait times for each of the days simulated. Since the job characteristics for

each day were different, this caused a re-ordering of the “hits” for each day. For instance, if

a day had many GPU jobs, server combinations with more GPUs would have lower average

job wait times. Each day’s hits were defined as the server set whose average job wait time
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Figure 3.7: Boxplots of the average wait time for each of the days simulated throughout the
year.

was in the lowest 10% for that day. By counting the number of days across the year for

which that server combination was in the top 10% of performant server combinations, we

were able to determine which server combinations were an overall “hit” for the recommender

system. A hit threshold of num hits> 6 was found to produce good results, meaning that

for 7 or more days of the 25 labeled days throughout the year, the server combination was

in the top 10% of performant server packages. The results can be found in Table 3.7.

If k = 50, the recommender system achieves a precision@50=88%, which is slightly lower

than the precision@50=92% when the day was evaluated on the same day on which it was
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Table 3.7: Precision@k and Recall@k when Hit Threshold >6

Hit Threshold k precision@k recall@k F1@k
>6 10 1.00 0.005 0.01
>6 50 0.88 0.02 0.04
>6 100 0.83 0.04 0.08
>6 500 0.93 0.23 0.36
>6 1000 0.89 0.43 0.58
>6 2046 0.75 0.75 0.75
>6 5000 0.41 1.00 0.58
>6 10000 0.2 1.00 0.34

trained. Again, 50 recommendations is thought the be an easily human parsable amount

which can be compared and evaluated by system administrators for purchase. In other

words, given the top 50 recommendations returned to the user, 88% of them would be in the

top 10% of performant server sets for 7 out of the 15 days throughout the year which were

evaluated.

Increasing the hit threshold reduces the number of total hits that the recommender

system can find, and consequentially lowers the precision@k. For instance, the threshold

mentioned in Table 3.7 required a server set to be among the top 10% for seven or more

days out of the 25 days simulated. In this case, there were 2,046 overall “hits” out of the

1̃2,700 total server sets whose performance was measured. If the hit threshold is raised to

20, meaning 21 or more days found these server combinations in the top 10% of performing

server sets, there are only 70 total hits for the recommender system to find. Figure 3.8 shows

how precision@k degrades when the hit threshold is raised. When the hit threshold is raised

to 20, the recall@500 is 67%, meaning that the top 500 results returned by recommender

system contained 67% of the 70 hits that were found. Table 3.8 shows the results at this hit

threshold. Though these results are less promising, there were relatively few server sets that

performed well for this many days throughout they year. Using the recommender system

trained on days’ worth of representative jobs saved approximately 150,000 hours worth of

computation time conducting the simulations on the various jobs submitted throughout the

year.
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Figure 3.8: The precision@k as the hit threshold is varied.

Table 3.8: Precision@k and Recall@k when Hit Threshold >20

Hit Threshold k precision@k recall@k F1@k
>20 10 0.00 0.00 0.00
>20 50 0.14 0.10 0.12
>20 70 0.11 0.11 0.11
>20 100 0.10 0.14 0.12
>20 500 0.10 0.67 0.17
>20 1000 0.07 1.00 0.13
>20 5000 0.01 1.00 0.03
>20 10000 0.01 1.00 0.01

3.7.2 Time Savings for this Technique

Each simulation took around 30 minutes to complete, but they were conducted in parallel

using HPC resources. The roughly 12,700 server compositions simulated to train the re-

gression model took over 6,000 compute hours to complete. Each of the 24 additional days
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took another 6,000+ hours, for a total of over 150,000 compute hours required to validate

the recommendations across a representative sample throughout the year. An exhaustive

search of all 127,000 server combinations for a single representative days’ worth of jobs

would have taken over 60,000 compute hours, and would have yielded a definitive answer on

which server combination would have performed best on a single representative days’ worth

of jobs. Validating this across 24 days across a calendar year would have required over 1.5

million compute hours on HPC resources. The recommender system built using regression

from a subset of the possible servers required a 99.96% decrease in the time required for com-

putation while still achieving a precision@50 of 92%. This model achieved a precision@50

of 88% when using the threshold that for 6 or greater days, the server compositions had the

lowest 10% average job wait time for each day. The additional validation step of computing

24 days across the year could even be omitted, as the results from the original trained model

did quite well across the year.

3.8 Training with All Data

Though we have shown it is sufficient to train using a single day’s worth of representative

jobs, we obtained simulated average wait times for jobs for 25 days throughout the year. We

wanted to explore the performance of a recommender system trained on all data gathered

and compare and contrast its performance with the recommender system described above.

For each of the 25 days simulated, the average wait time varied depending on the jobs

which were submitted on those days. Figure 3.7 shows boxplots of the average wait time

by day depicting the these variations. As such, these values were scaled using min-max

normalization prior to regression using the following formula:

Normalized value = (actual value−min value)
(max value−min value)

Performing this normalization across each day transforms the average wait time values

into a a unitless value between 0 and 1 where values closer to zero represent the best perform-
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Figure 3.9: The predicted vs. simulated normalized average wait time values.

ing server sets with the lowest average wait time. Though the predictions by the regression

model will no longer predict the number of seconds of average wait time a server composi-

tions is expected to to have, predicted lower values still represent server packages with lower

expected average wait time for jobs. The regression model was not as accurate as when

training using a single representative set of jobs, as depicted in Figure 3.9. Again, if the

regression model were perfect, all the predicted vs. actual values would lie upon the y = x

line of the graph. Though this model using normalization does not appear to be as good as

the previous one, some loss of precision is expected when normalizing in this manner. We can

still use the regression model to power a recommender system and evaluate its performance.

Table 3.9 shows the results of the normalized model when the hit threshold is greater

than 16. Using the same k = 50 value from before, we achieve a precision@50 of 94%, which

is thought to be excellent. In other words, 47 out of the top 50 recommendations returned

by this model will be among the top 10% of performant server combinations for 17 or more

days throughout the year. Though this model does slightly better than the model trained
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on one representative days’ worth of jobs, it took 24 times more computation to provide

the data to train it. Though the original model trained using a single day achieved a lower

precision, it was still able to return good results across the year and required substantially

less computation time.

Table 3.9: Precision@k and Recall@k when Hit Threshold >16 for Normalized Model

Hit Threshold k precision@k recall@k F1@k
>16 10 1.00 0.026 0.05
>16 50 0.94 0.12 0.22
>16 100 0.78 0.20 0.32
>16 386 0.61 0.61 0.61
>16 500 0.54 0.70 0.61
>16 1000 0.32 0.83 0.46
>16 5000 0.08 1.00 0.14
>16 10000 0.04 1.00 0.07

The results of summing the top 50 recommended server sets can be found in Table

3.10. These differ slightly from the recommendations of the model trained using a single

representative days’ worth of jobs. In both models, the more expensive compute node with

more cores was preferred, however the model trained on all the days prefers the compute node

with more memory. The model trained on a single day preferred the cheaper big memory

node, and the model trained on all the days preferred the more expensive one. Both models

preferred GPU nodes with fewer GPUs. Though they differ slightly in the nodes types and

quantities they prefer, they are fairly close with their recommendations, and it is thought

that the original model using only a single representative day’s worth of jobs would provide

adequate enough recommendations for a HPC system administrator to evaluate and arrive

at a good server combination to purchase.
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Table 3.10: Recommendations Drawn from Normalized Model Predicted Results

Node Type Node Description Sum of Servers Across Top 50

Compute Nodes

Low Cost CPU w/ 256Gb 0
Low Cost CPU w/ 512Gb 0
High Cost CPU w/ 256Gb 1,667
High Cost CPU w/ 512Gb 1,764

Big Memory Nodes
Low Cost CPU w/ 1024Gb 34
High Cost CPU w/ 1024Gb 751

GPU Nodes
2 GPUs in one server 341
4 GPUs in one server 108
8 GPUs in one server 48

3.9 Conclusions

We began with roughly 127,000 different possible server packages which could have been

purchased under our budget. We uniformly sampled 10% of these, leaving us with roughly

12,700 different server packages. We chose a representative days worth of jobs from local

HPC log data, and simulated the scheduling of these jobs on the 12,700 server packages,

so we could calculate the average jobs wait time for a given composition of servers. By

developing an XGBoost regression model, we were able to predict the average job wait

time for the unsimulated server compositions. Finally, we were able to verify that the

recommender system made good recommendations by choosing different sets of jobs spaced

throughout the year and simulating the scheduling of different job workloads using those

server sets. An administrator considering purchase options has an 88% chance of selecting a

top performing server packaged under their budget if they were to choose one from the top

50 recommendations returned by the recommender system. By simulating the performance

of a small minority of server packages, our recommender system was able to make excellent

recommendations.

The most benefit from using this system comes from the time saved doing simulations.

The roughly 127,000 initial server combinations could be effectively summarized by simu-

lating only 10% of them on a single representative set of jobs, and it proved unnecessary to
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conduct simulations for days spaced throughout the year. This was done for the research

in order to evaluate the performance of the recommender system, and explore its feasibility

when used to optimize hardware procurement for HPC systems.

This recommender system is not intended to replace the expertise of HPC adminis-

trators when it comes to decisions for hardware procurement. It is our hope that this

tool can provide a data-driven technique which will help narrow the search space with

which administrators are confronted when they make procurement decisions. Returning

to the research question: experimental simulation coupled with a regression model enabled

a recommender system to return server compositions under a given budget with low av-

erage wait times with a precision@50 of 92%. Additionally, the discrete event simulator,

job data set, machine learning code, and recommender system code are released under the

GPLv3 license should other researchers find it useful (https://github.com/shutchison/

Optimal-Hardware-Procurement-for-a-HPC-Expansion).
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Chapter 4

Scheduling for High Performance

Computing with Reinforcement

Learning

4.1 Preface

This research was originally presented at 2024 OkIP International Conference on Advances

in Parallel and Distributed Computing (APDC)47. This article has been reproduced with

permission from Oklahoma International Publishing.

4.2 Introduction

Scheduling for High Performance Computing (HPC) systems is typically done using a batch

scheduler. In most HPC systems, users will submit their jobs to a centralized job sched-

uler that will reserve and assign HPC resources according to the resources requested by the

users at submission time. Typically, the system administrators managing the HPC system

will configure the scheduler using an optimization goal, or metric, such as maximizing HPC

resource utilization, minimizing job wait time, maximizing job throughput, etc. The opti-
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mization goal of system administrators may change from one time period to the next, and

different HPC administrators may value one metric over another. Correctly configuring the

batch scheduler to optimize for different metrics is challenging, and optimizing for one met-

ric may adversely affect another. This research shows that reinforcement learning can learn

different scheduling policies to optimize for different goals while remaining competitive with

or performing better than algorithmic scheduling baselines.

Although batch scheduling has been shown to be an NP-Hard problem48, some job sched-

ulers compute job priorities based on attributes of the submitted job. Examples of algorith-

mic scheduling based on job attributes include First Come First Serve (FCFS), Shortest Job

First (SJF), Oracle SJF, and Best Fit Bin Packing (BFBP). More details of these algorithms

are provided in Section II.A. More sophisticated schedulers use advanced techniques such as

utility functions or machine learning to make their scheduling decisions. Recently, researchers

have looked to Reinforcement learning (RL), one of the machine learning paradigms, to learn

scheduling policies for HPC scheduling applications. With RL, we allow a machine learning

agent to make scheduling decisions and provide feedback on its performance using a reward.

When trained iteratively, the agent can learn a scheduling policy to maximize the reward it

receives. When this reward is tied to the desired scheduling optimization goal, the RL agent

makes scheduling decisions to optimize for the chosen goal. The questions this research set

out to answer are as follows:

� Can RL provide a high-quality scheduling policy comparable to or better than algo-

rithmic scheduling baselines?

� Is the learned policy only effective on the workload used for training, or can it generalize

and remain effective on other previously unseen workloads?

The remainder of this paper is structured as follows: Section 4.3 provides details about

the background and related works, as well as further details of the implementation of this

work. Section 4.4 discusses the methodology and a comparison of the performance of a
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RL scheduling agent with algorithmic scheduling baselines. Section 4.5 discusses the results

of the experiment, the statistical analysis done, and the conclusions reached. Section 4.6

expands upon the challenges encountered in the work, as well as prospects for future work.

Finally, section 4.7 offers final concluding remarks.

4.3 Background and Related Works

4.3.1 Algorithmic Scheduling Baselines

The baseline scheduling algorithms to which the RL agent’s performance will be compared

are First Come First Serve (FCFS), Shortest Job First (SJF), Oracle SJF, and the Best

Fit Bin Packing (BFBP) Algorithm. For FCFS, jobs are scheduled strictly in the order in

which they arrive. If no machine in the HPC cluster has sufficient resources to execute the

first chronological job in the queue, the scheduler waits until there are adequate resources to

begin the execution of the first job in the queue. SJF will sort the job queue by requested

job run time and begin running the shortest job that some machine in the cluster has ade-

quate resources to execute. In practice, users of the HPC system tend to overestimate the

amount of time and resources their jobs require, as they do not want their job’s execution to

be halted by exceeding their requested resources. Overestimation of resources by the users,

including requested job time, tends to degrade the performance of scheduling algorithms like

SJF. Oracle SJF behaves like SJF except it sorts the job queue by actual run time instead

of requested run time. This information cannot be known by the scheduler at job submis-

sion time when the scheduler is making its decisions, and scheduling using this information

provides a decent lower bound for the average job waiting time. BFBP is perhaps the most

relevant scheduling algorithm as it powers some scheduling applications in use on actual

HPC systems today, like Slurm22. BFBP considers all jobs in the queue and the available

resources for each machine in the cluster. BFBP selects the (job, machine) pair that will

result in the fewest resources remaining for some machine in the cluster and begins executing
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Figure 4.1: The general framework for reinforcement learning

that job on the chosen machine. This has been shown to take no more than ⌊1.7 ∗ OPT ⌋

machines39, where OPT is the minimum number of machines required for a particular work-

load. Not only does this scheduling algorithm power some modern scheduling applications,

but it also serves to provide a decent upper bound for the HPC cluster utilization metric for

any particular workload.

4.3.2 Reinforcement Learning for Policy Optimization

In general, a RL agent is attempting to choose the best action to maximize its reward given

the current state of the environment. The agent has knowledge of the environment through

its observation space, and it sees the environment in state S at time t. The agent has

certain actions available to it through its action space. The agent chooses action A at time

t. This action will change the environment to a new state S at time t + 1. The agent then

receives some reward R at time t+1 for its action. Based on the reward, the weights for the

neural network powering the agent’s decision-making process are updated and the process

repeats until the reward converges to a maximum. The policy the agent learns over time

will maximize the expected reward for a particular action given the current state of the

observation space. The general framework for RL is shown in Fig. 4.1.

In the context of using RL to schedule for HPC systems, the observation space consists of

the jobs in the job queue and the resources available on each machine. The actions available

to the agent are selecting a particular job from the job queue and a machine from the cluster

on which to run it. When the reward is tied to the optimization goal (job wait time or HPC
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utilization), the agent will learn to select the best job from the job queue and the machine on

which to run it that will optimize for the desired metric. Metrics may be maximized (as with

HPC system utilization) or minimized (as with job wait time). It was the goal of this research

to ascertain if RL could learn multiple scheduling policies to optimize for different metrics,

and if those policies could compete with algorithmic scheduling baselines on new, never-

before-seen workloads. Additional details about the implementation used for this research

can be found in Section II.E. Proximal Policy Optimization (PPO)12 is an RL technique

developed to improve upon and address some shortcomings in previous RL techniques. PPO

is an on-policy technique, meaning that each update of the policy only uses data collected

while acting according to the most recent version of the policy. The policy maps the states in

the environment to actions taken when in those states. Generally, an objective function in RL

returns the expected reward for an action in a given state. Rather than using gradient ascent

on the objective function to optimize the policy (a computationally expensive process), PPO

employs a surrogate objective function which gives a conservative estimate for how much the

objective function will change as a result of a policy update. Large policy updates are

penalized via clipping, resulting in quick training convergence and good performance for

many tasks.

4.3.3 HPC Scheduling using Machine Learning

Scheduling for HPC systems using RL techniques has been a topic of much research interest

recently. One of the first attempts to do HPC scheduling with RL was accomplished with

DeepRM49. Mao et al. showed that RL can learn multiple scheduling policies to compete

with state-of-the-art heuristics when scheduling HPC jobs. Their RL agent uses gradient

decent on policy parameters to maximize the expected cumulative discounted reward. It

was shown to adapt to different conditions, converge quickly, and learn sensible scheduling

strategies. RLSchert50 was a more recent project using RL to perform HPC scheduling. This

project included a remaining time predictor to better estimate how long a job will take in
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order to make better scheduling decisions. RLSchert incorporated requested memory and

requested CPUs as resource constraints and learns a policy to select or kill jobs according

to their status and estimated remaining time using the PPO technique. Another RL HPC

scheduler is A2cScheduler51. This technique uses the actor-critic deep-RL technique to

perform scheduling and resource management for HPC systems. A2cScheduler also considers

two job resources constraints, requested memory and requested CPUs. The research most

closely related this work is RLScheduler52. Zhang et al. showed the viability of using RL

and PPO to learn multiple scheduling policies for both real and constructed HPC workloads.

However, the neural network powering RLScheduler only selects the next job to be started

from the job queue. The machine on which the job is run is not selected by the agent, and

the job is handed off to the cluster for execution on some machine. Also, each machine in

the cluster is limited to running only one job at a time, which is a technique employed by

some HPC systems. However, many HPC systems allow the allocation of multiple jobs to a

single HPC node as resources allow, resulting in increased job throughput and higher HPC

utilization. Additionally, RLScheduler only considers two resource constraints for each job,

the job’s requested memory and number of requested CPUs. It was the goal of this research

to build upon what was accomplished with RLScheduler by including the following:

� Increase the number of constraints each job can request from two to three by allowing

jobs to request memory, CPUs, and GPUs.

� Allow multiple jobs to execute on a single HPC machine while still respecting the

machine’s total resource constraints.

� Allow the RL agent to select not only a job from the queue, but also the machine in

the cluster on which to run it.

Accomplishing these should bring HPC scheduling with RL one step closer to implemen-

tation on an actual HPC system.
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4.3.4 Workload Specification with Three Resource Constraints

The jobs given to the scheduler to be scheduled comprise the workload. There are numerous

HPC workloads available for use, and we have access to the log data of a local university

HPC system to construct workloads for our use. A trend with HPC scheduling research

thus far seems to be the consideration of only two resource constraints per job: the amount

of requested memory and the number of requested CPUs. We believe this stems from a

limitation of the Standard Workload Format (SWF)53 method of specifying workloads for

HPC systems. The SWF has become the de facto standard for HPC scheduling research and

is used extensively in this space. Although the resource constraints included in the SWF

are certainly important, analysis of our local HPC system has shown that jobs requesting

GPU resources have become increasingly prevalent. This trend will likely continue as future

AI researchers and others capitalize on GPUs and other hardware accelerators. In fact, on

our HPC system, we have frequently observed low GPU availability being a key factor in

extending job wait time. Alternatives to the SWF have been proposed, such as the Modular

Workload Format (MWF) (Corbalan and D’Amico, 2021). The MWF incorporates not only

non-classical computing resources (like GPUs), but also additional new job profiles as well.

For this reason, consideration of a third resource constraint, requested GPUs, was seen as

important for this work, as it is often overlooked in prior HPC scheduling research. Work-

loads were specified using a simple comma separated value (CSV) format, which included

the following information about each job: JobName, RequestedMemory, RequestedCPUs,

RequestedGPUs, RequestedDuration, ActualDuration, and SubmitTime. The characteristics

of the machines comprising the simulated HPC cluster were specified using another CSV file

with the following attributes: MachineName, TotalMemory, TotalCPUs, and TotalGPUs.

4.3.5 OpenAI Gym Environment

OpenAI Gym54 is an open-source Python library and Application Programming Interface

(API) for developing and comparing RL algorithms. OpenAI Gym specifies methods for
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implementing a custom environment to explore machine learning tasks. Within the custom

environment, the observation space, action space, step function, and various others are de-

fined. The RL agent’s neural network provides a mapping from the observation space to the

action space and allows the agent to maximize the expected return for its available actions.

Invalid action masking13 eliminates any impossible or clearly unproductive actions. In the

context of our HPC Scheduling problem, invalid action masking removes any (job, machine)

actions for which the machine does not have adequate available resources to run the job. In-

valid action masking reduces the number of possible actions the agent must consider and has

been shown to improve convergence time during training, as the agent will not attempt to

schedule a job on a machine that cannot run it. If the agent were to choose an invalid action,

the state of the observation space would not change, and the workload would not move any

closer towards completion. Stable Baselines355 (SB3) is a Python library that provides a set

of reliable implementations of RL algorithms, and this research implemented a custom Ope-

nAI Gym environment using a self-implemented discrete event simulator (DES) representing

the HPC scheduling problem. The SB3 PPO with invalid action masking algorithm was

used to train a RL agent, and then its performance was compared to algorithmic scheduling

algorithms implemented in the DES. The DES keeps track of the current simulation time

step and maintains lists for future jobs, queued jobs, running jobs, and completed jobs. As

the simulation progresses and simulation time advances, jobs move through the lists in the

DES, machines track their currently available resources. Upon simulation termination, the

desired metrics can be calculated and compared to one another depending on the algorithm

used to schedule the jobs to the simulated HPC.

The custom OpenAI Gym environment provides the definitions of the observation space

and the action space. The observation space consisted of the first n schedulable jobs in

the job queue. A job was considered schedulable if at least one machine in the cluster had

adequate resources to schedule it. Many scheduling applications limit a maximum queue

depth to search for jobs to schedule, and the code for this research was written to allow
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Figure 4.2: The observation space and action space of the custom OpenAI Gym environment

adjustment of the queue depth easily. The action space selects an individual schedulable job

from the job queue and a machine on which to run it. This structure is depicted in Fig. 4.2.

This was initially implemented as a multi-discrete action space, however, many scheduling

algorithms require a discrete action space. This 2D action space was converted to a 1D

action space similar to converting a 2D array into a 1D array using the following formula:

1D action = (machine index ∗ num machines) + job index (4.1)

The reward returned at each training step is tied to the desired policy. As implemented,

the SB3 algorithm will maximize this episodic reward, so when minimizing job queue time,

the reward per step was reward = 0 - avg. job wait time. When maximizing system uti-

lization, reward = HPC System utilization. An episode consists of scheduling every job in

a workload, and the cumulative reward across the entire episode is used to update the RL

agent’s learned scheduling policy.

4.4 Methodology

To evaluate the efficacy and the performance of using PPO with invalid action masking when

scheduling jobs for HPC systems, the follow steps were taken:

� Construct 20 sets of jobs consisting of high utilization jobs (jobs requesting more than
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20 CPUs) and modify the job’s submission times to be the same. Add 2% of jobs

requesting any number of GPU resources to the set.

� For each set of constructed jobs, train an agent using PPO with invalid action masking

to minimize job wait time and another agent to maximize system utilization.

� Select 23 days’ worth of jobs from HPC log data of days with approximately the same

number of submitted jobs (1000 +/- 100 jobs).

� Schedule these 23 days using the algorithmic baselines.

� Use the trained agent to schedule these 23 days and compare its performance to the

algorithmic scheduling baselines.

� Conduct analysis of variance (ANOVA) to determine if the differences of the means of

the scheduling methods is statistically significant.

� For agents trained to minimize average job wait time, conduct pairwise t-tests between

the agent’s performance and the algorithmic baseline’s average job wait time for the

23 days.

� For agents trained to maximize HPC system utilization, conduct pairwise t-tests be-

tween the agent’s performance and the algorithmic baseline’s average HPC system

utilization for the 23 days.

4.4.1 Training Workload Construction

To construct the training workload, jobs from log data for the local HPC systems were

sampled. Zhang et al. noted that the workload trajectory was important for productive

training, and they utilized trajectory filtering to select only job traces that were productive

for training their RL agent. Various training workloads from local HPC log data were tested

for training, and the most productive and consistent training came from selecting “large
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jobs” that requested more than 20 CPUs. Training workloads were constructed by randomly

selecting 2000 jobs requesting more than 20 CPUs from HPC log data, and randomly adding

40 jobs requesting any number of GPUs. This 2% addition of jobs requesting GPUs aligns

with the historic level of such jobs from our HPC system. Then the jobs were shuffled, and

modifying the submission time for all jobs such that they were submitted simultaneously.

Essentially, we wanted challenging workloads for the scheduler, which would reward good

scheduling decisions and punish poor ones. Each of the 20 workloads constructed was used

to train a RL agent using two metrics: minimizing the average job wait time and maximizing

HPC system utilization.

4.4.2 Evaluation on Actual Workloads

Again, log data was used to find days which had roughly the same number of submitted

jobs. We sought days with enough jobs that scheduling would be a non-trivial activity

for our simulated cluster of nine machines. Searching log data for days with 1000 +/-

100 submitted jobs yielded 23 different days from the log data considered. The resources

requested, the submission time, and the actual run time for these jobs remained unchanged

from the log data, and the 40 different agents were used to schedule the 23 days using the

metric on which they were trained. The algorithmic baselines also scheduled the 23 days to

provide a basis for comparison of the performance of the RL agent’s scheduling.

4.4.3 Statistical Analysis

ANOVA56 was utilized to determine if there was a statistically significant difference between

the means of the models and the algorithmic scheduling baselines. Next, pairwise t-tests57

were conducted between each algorithmic scheduling baseline and the model to determine

if difference between the means of the models and the algorithmic baseline was statistically

significant. A significance level of 95% (α = 0.05) was used for all statistical tests.
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Figure 4.3: The training curve of two RL agents on a selected day when trained for 300,000
steps on each of the two metrics

4.5 Results

4.5.1 Training Convergence

Figure Fig. 4.3 shows the training curves for two agents trained on one set of constructed

jobs. One agent was trained to minimize average job queue time, and the other was trained

to maximize HPC system utilization. The training for the depicted day converges quickly

to some maximal value, indicating that the agent has learned how to optimally schedule a

chosen day for its given metric. Training was accomplished using HPC resources in parallel,

and training each agent took no more than a few hours.

4.5.2 Minimizing Average Job Wait Time

Each of the 20 models trained to minimize average job wait time was used to schedule 23

days of jobs, and the performance of the model was compared to the algorithmic baselines

of FCFS, Oracle SJF, SJF, and BFBP. Conducting ANOVA on the results showed there

was a statistically significant difference between the average job wait times for the different
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Figure 4.4: Boxplot of average job wait times for the different scheudling techniques (lower
is better).

scheduling algorithms (p-value =1.395∗10−15). Doing pairwise t-tests comparing the different

scheduling methods to the model showed significance between the model and Oracle, BFBP,

and FCFS. When using the metric of minimizing average job wait time, both SJF and

Oracle scheduling performed better than the model. This is unsurprising as these scheduling

algorithms are designed to minimize this metric. The model was able to schedule jobs such

that the average job wait time was 18.44% lower than if they were scheduled using the

BFBP algorithm. Table 4.1 shows the mean average job wait time when scheduling all

23 days using the various scheduling techniques with statistically significant paired t-test

p-values highlighted. A boxplot of the average job queue time can be found in Fig. 4.4.

Table 4.1: Results for Minimizing Average Job Wait Time

Scheduling Method Avg. Job Wait Time in Minutes
(Lower is Better)

T-test P-value vs. the Model

Oracle SJF 308.55 3.125 ∗ 10−10

SJF 454.05 0.9238
RL Model 456.79 n/a
BFBP 549.59 0.003718
FCFS 2779.20 2.2 * 10−16
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4.5.3 Maximizing HPC System Utilization

Next, each of the 20 models trained to maximize HPC system utilization was used to schedule

23 days of jobs, and the performance of the model was compared to the same algorithmic

baselines. Conducting ANOVA on the results showed there was a significant difference

between the HPC system utilization for the different scheduling algorithms (p-value =2.2 ∗

10−16). Doing pairwise t-test comparisons between the different scheduling methods showed

significance between the performance of the model and FCFS. In terms of maximizing cluster

utilization, BFBP did the best with the cluster utilization of 45.63% compared to the model’s

cluster utilization of 45.61%. The BFBP algorithm was designed to maximize this metric by

maximizing the utilization of each of the machines in the cluster, so this is also unsurprising.

Additionally, the inconclusive t-test indicates that we cannot reject the null hypothesis that

the difference in the means of BFBP and the model is due to random chance. We cannot

conclude that the model does better, but it is at least able to perform comparably to the

algorithmic baselines when trained to maximize this metric. Table 4.2 shows the mean HPC

system utilization when scheduling all 23 days using the various scheduling techniques with

statistically significant paired t-tests highlighted. A boxplot of the average HPC system

utilization can be found in Fig. 4.5.

Table 4.2: Results for Maximizing HPC System Utilization

Scheduling Method Cluster Utilization (Higher is
Better)

T-test P-value vs. the Model

FCFS 41.26% 2.2 ∗ 10−16

SJF 44.73% 0.05552
Oracle SJF 45.18% 0.3567
RL Model 45.61% n/a
BFBP 45.63% 0.9671
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Figure 4.5: Boxplot of cluster utilization for the different scheduling techniques (higher is
better).

4.5.4 Interpretation

The RL agent trained using PPO with invalid action masking was able to beat or at least

perform comparably to the algorithmic scheduling baselines. The agent’s performance when

minimizing average job queue time was 18.44% better than the performance of BFBP, a

scheduling algorithm used to power modern scheduling applications. When maximizing

HPC system utilization, there was no difference between the agent’s performance and that

of the algorithmic baselines, including BFBP. Returning to the research questions, it was

demonstrated that RL can provide a high-quality scheduling policy comparable to or better

than algorithmic scheduling baselines. Additionally, since the RL agent was trained on

constructed workloads, and then evaluated using different workloads actually submitted to

our local HPC system, it was able to successfully apply the scheduling policy it learned on one

workload to another. Additionally, RL was able to accommodate three resource constraints

per job (requested memory, requested CPUs, and requested GPUs), and successfully schedule

on par with algorithmic scheduling baselines. Furthermore, the RL agent was able to schedule

multiple jobs per machine and respect the resource constraints on each machine. The RL
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agent was able to select not only the job from the queue to schedule next, but also the

machine on which to run it, similar to modern scheduling applications. Finally, this RL

technique could learn different scheduling policies, one which was minimized average job

queue time and one which was maximized HPC system utilization, showing its flexibility

and applicability to the needs of different HPC system administrators.

4.6 Challenges and Future Work

Curiously, increasing the queue depth available to the RL agent beyond a certain point did

not improve training convergence or the agent’s performance. Queue depths of 10, 60, 100,

200, and 500 were investigated, and degradation of training value began when queue depth

was greater than 100. One would think that being able to look deeper in the queue would

allow for better scheduling performance. It is thought that size of the observation space was

causing difficulty with the SB3 implementation of PPO with invalid action masking. The

size of the observation space for our implementation was as follows:

observation space =queue depth ∗ num HPC machines (4.2)

As the queue depth, or the number of HPC machines increased, so did the size of the

observation space. Beyond a certain point queue depth of HPC size, the sum of the proba-

bilities of actions exceeded a threshold set in SB3. This challenge might be overcome with

another implementation of PPO with invalid action masking, but it bears further investi-

gation. To build the observation space also requires maintaining a list of schedulable jobs.

This requires iterating through each machine in the cluster for every job in the job queue

to see if any machine currently has adequate resources to schedule a particular job. This

operation has O(n*m) time complexity, where n was the queue depth and m was the number

of machines in the cluster, significantly slowed down the speed of scheduling using RL. This

operation could be sped up significantly if the RL agent were first trained to choose only
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schedulable jobs from the queue and then given the task to choose a schedulable job from the

queue and machine on which to run it. Scheduling using BFBP requires the same O(n*m)

operations to make its decisions, but with further algorithmic refinement, scheduling using

RL could not only perform comparably to scheduling with algorithmic baselines in terms

of HPC metrics, but it also would be faster and more performant. The speed of making

scheduling decisions was outside the scope of what was investigated with this research, but

it’s likely that with some algorithmic optimizations, scheduling with RL could be faster than

these algorithmic baselines as well.

Some scheduling applications, like Slurm, allow for custom user-provided plugins for

scheduling. It would be of great interest to explore how a RL powered scheduling plugin for

Slurm would perform on an actual or simulated HPC system. Much integration work would

be required, but we believe this work demonstrates the viability of HPC scheduling with RL

and moves it one step closer to an actual implementation on an HPC system.

4.7 Conclusions

This work showed PPO with invalid action masking can perform better than or comparable

to algorithmic scheduling baselines when scheduling for HPC systems. The RL agent was

able to select not only the next job from the job queue, but also the machine on which to run

it all while accommodating multiple resource constraints on each machine. Also, within the

discrete event simulator, multiple jobs could execute simultaneously on any machine in the

simulated cluster while still respecting the machine’s resource constraints. The code used

to conduct this research has been released under the GPL v3.0 license should others find it

useful.
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Chapter 5

Final Conclusions

Returning to the original problem statement, machine learning techniques were critical in

finding solutions for the presented problems in the HPC domain.

5.1 Scalability/Transferability of Methods

Chapter 2 described a method for the prediction of predicting queue time for jobs submitted

to an HPC system, as well as a method for predicting whether or not the queue time for

an HPC system will increase or decrease in the near future. It is thought that this method

could be applied successfully to any other HPC system. More than 730,000 jobs were used

to develop the regression machine learning pipeline as described. The speed and robustness

of modern ML software libraries mean that training the pipeline and multiple GBTR models

would not take a prohibitively long time.

For the optimal hardware procurement recommender system described in Chapter 3,

it is thought that this method would also be easily scalable to larger budgets and HPC

systems. The limiting and most time consuming portion of this research was conducting the

simulations using DES. It was shown that a using only 10% of the potential server package

options was sufficient to build a regression model to power the recommender system. An

ablation study could be conducted to determine how few representative server packages would
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be necessary to make a regression model with sufficient accuracy to still obtain adequate

precision@k. An advantage of this method is that the simulations with the DES can be

conducted in parallel. If more simulations were needed and adequate HPC resources were

available for the simulations, the time required would not scale linearly as the difficulty of

the problem increased.

The final contribution described in Chapter 4 would be more difficult to scale up. As

discuss, as the size of the observation space the RL agent had visibility on increased beyond a

certain point, the SB3 implementation of PPO with IAM began having errors and warnings.

Further work would be required to track down the issues encountered. The SB3 library was

sufficient for the size of the problem discussed, however, as the size of the problem increased,

so too did the corresponding observation space.

5.2 Future Work

There are several extensions possible from the contributions mentioned. In Chapter 2, two

different regression models were developed: one which predicts whether of not the queue

time of an HPC system will increase in the future and one which predicts the expected

queue time of submitted jobs. It does not take a great intuitive leap to see that the first

could feed into the second. If average job queue time for the system is expected to increase,

this could be an additional input into the second regression model predicting the job queue

time which might increase the accuracy of the second regression model. Though this was

not explored in the research as presented, it is expected that the prediction accuracy of the

job time would increase with this additional input. It was beyond the scope of what was

explored, however, it would be an interesting next step.

An additional possible future work can be derived from the RL powered scheduling agent

described in Chapter 4. The scheduling application used at KSU is Slurm, and Slurm

supporting using user provided plugins for scheduling. The research presented shows that
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RL scheduling does work when scheduling with the self-developed DES, but in the presented

work, it was not implemented using a production quality scheduling application. It would

be of great interest if a RL agent powered scheduling agent could be implemented as a plug

in for either a Slurm simulator or an actual production system to see if the benefits could

be maintained closer to live HPC systems.

An area of research not previously mentioned in this work but showed great promise

was High Performance Computing Scheduler Parameter Optimization using Simulation and

Regression58. This contribution attempted to use machine learning to assist with discover-

ing an optimal configuration of a scheduling application for HPC systems. This led to an

international collaboration with the Federal University of Rio Grande do Norte in Brazil.

Though this work failed to produce any results beyond the initial research poster stage, it

was a promising area which would merit further investigation.

5.3 Final Remarks

Finally, the robustness and completeness of the modern machine learning libraries discussed

throughout this work is nothing short of remarkable. The authors and maintainers of these

libraries have provided well-documented and high-quality implementations of many different

machine learning algorithms. These can be quickly applied and tested when determining the

most effective technique to solve a problem regardless of the problem’s domain. This work

focused on solving problems for HPC systems and HPC system administrators, however,

assisted by these ML libraries, anyone is able to quickly test the state-of-the-art ML tech-

niques to accomplish whatever problem they are trying to solve. The author of this work is

indebted to the authors, contributors, and maintainers of these ML libraries.
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