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Abstract: High-performance computing (HPC) systems are becoming increasingly important as
contemporary exascale applications with demand extensive computational and data processing
capability. To optimize these systems, efficient scheduling of HPC applications is important. In
particular, because I/O is a shared resource among applications and is becoming more important due
to the emergence of big data, it is possible to improve performance by considering the architecture of
HPC systems and scheduling jobs based on I/O resource requirements. In this paper, we propose a
scheduling scheme that prioritizes HPC applications based on their I/O requirements. To accomplish
this, our scheme analyzes the IOPS of scheduled applications by examining their execution history.
Then, it schedules the applications at pre-configured intervals based on their expected IOPS to
maximize the available IOPS across the entire system. Compared to the existing first-come first-
served (FCFS) algorithm, experimental results using real-world HPC log data show that our scheme
reduces total execution time by 305 h and decreases costs by USD 53 when scheduling 10,000 jobs
utilizing public cloud resources.
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1. Introduction

As modern applications require more extensive computation and data processing
capabilities, the role of large-scale distributed computing systems is becoming more
important. In particular, high-performance computing (HPC) systems are becoming
common execution environments for modern applications. In HPC systems, millions of
active users run various applications, many of which require substantial computational
resources. For example, applications in HPC systems often involve complex processes such
as training and executing deep learning on large datasets. These tasks require extensive
parallel processing across multiple nodes, and can generate numerous independent jobs
within a single workflow. In such systems, a single application may be distributed across
hundreds of nodes and thousands of computing devices, including central processing
units (CPUs) and graphics processing units (GPUs), as well as across storage devices
such as non-volatile memory express (NVMe) and serial advanced technology attachment
(SATA) SSDs. Thus, efficient job scheduling is a complex yet essential task in HPC systems
that plays a critical role in optimizing resource allocation while minimizing idle time and
balancing system load [1]. Implementing efficient job scheduling can reduce user wait
times and maximize overall throughput. This is accomplished by reducing the time that
each job spends in a waiting queue, which enables more effective resource utilization.
When resources are used to their fullest potential, HPC systems deliver more reliable
performance, thereby enhancing user experience by providing faster and more consistent
response times [2].
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To provide efficient job scheduling, it is important to focus on factors that can cause
bottlenecks and increase latency. One of the biggest contributors to performance bottlenecks
in HPC systems is I/O performance [3]. The performance of many modern applications
depends on efficient data access and storage operations. This includes database transactions,
real-time analytics, and even compute-intensive tasks such as training machine learning
models. For example, training even the basic BERT (Bidirectional Encoder Representations
from Transformers) model [4] includes 110 million parameters. In addition, these models
are often trained on huge datasets such as the Wikipedia corpus and BookCorpus, which
total around 16 GB of uncompressed text data. During training, the model reads the data in
mini-batches of 32,000 tokens for processing, and must also frequently write checkpoint files
and intermediate results ranging from hundreds of megabytes to several gigabytes back to
the disk. Thus, degraded I/O performance can significantly increase overall training times.
For instance, a tenfold increase in read time can bottleneck the entire training process,
leaving expensive computational resources such as GPUs and CPUs idle while waiting for
data [5]. This inefficiency can ultimately extend training times from days to potentially
weeks. Thus, even with powerful computational resources, inadequate I/O performance
can become a critical limiting factor on overall system efficiency [6].

Therefore, in this paper we focus on the I/O characteristics of jobs to develop an
efficient scheduling approach. We present an I/O-focused scheduling scheme for large-
scale systems such as HPC implementations and cloud data centers. The goals of our
scheme are (1) to decrease the total time required for executing jobs by implementing our
scheduling scheme, and (2) to fully increase the utilization of HPC resources in order to
maximize concurrent job execution. The key idea of our scheme is to prioritize the execution
of jobs with the highest IOPS demands at designated time intervals in order to ensure
maximum utilization of the available IOPS. To achieve this, our scheme first identifies the
IOPS of different applications by analyzing their execution history. Then, by assessing the
maximum available IOPS suitable for scheduling, the user sets the maximum IOPS for their
system and defines an interval within which to check for executable applications. Finally,
our scheme schedules those applications with the highest IOPS from the set of currently
available applications while ensuring that the maximum IOPS limit is not exceeded.

We implemented and evaluated our scheme using large-scale log data obtained from
real HPC systems, allowing us to capture diverse and unpredictable job patterns to demon-
strate the robustness of our scheme. Moreover, our scheme is designed to be highly
customizable, allowing for configuration adjustments based on the system characteristics
and specific scheduling requirements of applications. We evaluated the performance of
our proposed scheme in real-world scenarios while considering the various factors that
different applications may encounter. The experimental results show that our scheme
reduces the total execution time by 305 h, decreases costs by USD 53, and increases I/O
utilization by 8% when scheduling 10,000 jobs utilizing public cloud resources.

Our contributions are as follows:

• We develop a scheme based on large-scale log data obtained from a real HPC system,
ensuring robustness even for unpredictable and diverse job patterns.

• We design our scheme to be customizable, allowing it to be applied to different
scheduling systems to meet varying requirements.

• We evaluate our proposed scheme in real-world scenarios, demonstrating its robust-
ness and reliability for practical applications.

2. Background
2.1. Previous Studies on Scheduling for HPC

Job scheduling is crucial for enhancing the performance of HPC systems; consequently,
many studies have focused on developing effective scheduling methods. However, tradi-
tional scheduling approaches often prioritize CPU and memory resources while neglecting
the significant impact of I/O performance. Table 1 presents previous studies focusing on
CPU scheduling strategies without considering I/O performance, while also emphasizing
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the importance of I/O performance in scheduling. While these studies recognize that I/O
performance must be considered along with CPU resources, they nevertheless focus on
scheduling based on CPU requirements or I/O bandwidth without providing in-depth
consideration of IOPS requirements. While the focus on improving the performance of
HPC applications aligns with our objectives, the scheduling strategies in these papers differ
significantly from ours. Our study specifically aims at job scheduling by prioritizing jobs
according to their IOPS requirements rather than merely allocating I/O resources. Unlike
from previous studies, our approach focuses on improving overall system performance by
prioritizing jobs based on their I/O intensity.

Table 1. Previous scheduling studies.

Study Target and Result Focus

Siregar et al. [7]
Combines round-robin with a genetic algorithm for CPU
scheduling, resulting in lower average waiting times than

traditional methods.
CPU

Kadhim et al. [8]

Applies fuzzy logic in the design and implementation of a
rule-based scheduling algorithm to solve the shortcoming

of well-known scheduling algorithms (FCFS and SJF),
achieving better waiting and turnaround times than
priority scheduling with efficiency close to SJF while

handling task priority.

CPU

Rajput et al. [9]

Analyzes a proposed algorithm with existing round-robin
scheduling algorithm on the basis of varying time

quantum, average waiting time, average turnaround time,
and number of context switches, achieving reduced OS

overhead and dispatch latency.

CPU

Carretero et al. [10]

Proposes a novel bandwidth-aware mapping algorithm for
I/O list-scheduling policies, achieving improved system

stretch and resource utilization while maintaining
throughput. Evaluated strategies show better control of

resource waste, especially with increased I/O nodes,
optimizing performance for both throughput and latency.

I/O
performance

Gainaru et al. [11]

Analyzes the effects of interference on application I/O
bandwidth and proposes a scheduling technique to

mitigate congestion, achieving reduced performance
variability and improved system efficiency.

I/O
performance

Zha et al. [12]

Proposes an adaptively periodic I/O scheduling (APIO)
method by taking the stochastically iterative I/O

periodicity of the applications into account, achieving
improved system efficiency and reduced application

dilation compared to existing methods.

I/O
performance

2.2. Characteristics of Jobs in HPC Systems

HPC systems are designed to handle large-scale computation and data processing
tasks that require substantial computing power and high IOPS [13]. Typical jobs performed
on HPC systems include complex simulations, big data analytics, and AI model training
and serving [14–16]. These workloads often include intensive I/O operations requiring
quick data access, loading, and manipulation. In recent years there has been a significant
increase in the demand for AI training and serving workloads on HPC systems. While AI
models require compute-intensive workloads, efficient computation also requires careful
consideration of I/O performance [17]. The machine learning and deep learning tasks
central to AI models often involve I/O-intensive operations, making it essential to manage
I/O effectively throughout the entire workflow. A notable example is the training of the
GPT series models, such as GPT-3 and GPT-4, which requires extensive computational
resources and high IOPS to handle the vast amounts of data involved [18,19]. These models
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have billions of parameters, and need to rapidly access and update massive datasets during
training. For instance, GPT-3, with 175 billion parameters, processes terabytes of text data,
requiring the system to read and write data at high speeds to meet the computational
demands of GPUs or TPUs [20]. Similarly, other deep learning tasks demand high IOPS
for efficient data access and processing, especially during the training phase when large
datasets are continuously processed. Ensuring high IOPS is crucial to prevent bottlenecks
and optimize the utilization of computational resources [21].

2.3. Impact of IOPS on HPC Systems

The previous section establishes that jobs performed on HPC systems typically require
high IOPS. The I/O performance of these jobs significantly impacts the overall system
performance, making it a crucial factor in determining the efficiency of HPC systems. En-
suring adequate I/O performance is even more critical in these environments for two key
reasons. First, as Figure 1 shows, the architecture of an HPC system uses a distributed file
system, unlike computational resources such as CPUs and GPUs. As shown in the figure,
App 1 (represented by the green box) uses three CPU nodes, each dedicated to separate
functions, while App 2 (represented by the red box) utilizes four GPU nodes independently
for its computations. However, both applications store their computation results in the
shared OSS. This means that while the applications use different compute nodes (CPU and
GPU) for computation-intensive workloads, the results and intermediate data are stored
in shared storage (OSS), requiring all jobs to be allocated and scheduled for access to the
DFS. This shared nature of DFS makes I/O performance susceptible to interference from
multiple concurrently running applications, potentially causing contention and reduced
performance. As noted by Kim et al. [5], concurrent access to DFS by multiple applications
increases data access variability, leading to contention among applications. Similarly, Be-
hzad et al. [6] highlight that this contention arises due to limited I/O bandwidth, which
becomes overburdened by high-frequency read and write operations from various applica-
tions, resulting in resource bottlenecks and performance variability. Second, efficient I/O
performance is essential for keeping all other resources fully utilized. Computation can
only proceed if the input data are read from distributed storage and delivered to the node
performing the computation in a timely manner. Delays in data transfer can result in data
stalls, leaving nodes and their hardware idle and significantly degrading overall system
efficiency [22,23]. Therefore, in order to schedule jobs without experiencing performance
degradation it is crucial to focus on meeting the IOPS requirements of each job, thereby
ensuring that sufficient I/O resources are allocated.

Figure 1. Architecture of HPC system with a distributed file system (OSS: Object Storage Server).
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2.4. Prioritizing High IOPS Jobs

When scheduling jobs, it is crucial to correctly allocate the IOPS required by each
job, as discussed in the previous section; in HPC systems, multiple jobs are requested
simultaneously, making it inefficient to execute them one at a time [24]. Instead, as shown
in Table 1, various strategies have been proposed to allocate these jobs for faster and more
efficient scheduling. One such strategy is to prioritize those jobs that require the highest
IOPS. By running these high-IOPS jobs first, the system can quickly complete tasks that
need a lot of I/O resources, freeing up capacity for other jobs. High-IOPS jobs often need
intense but short bursts of I/O, and when they are finished the remaining resources can
be more easily allocated to jobs with lower IOPS needs. This approach ensures that high-
IOPS tasks receive resources more quickly, thereby improving overall system efficiency
by reducing I/O bottlenecks and enhancing resource management. By prioritizing high-
IOPS tasks and delaying lower-priority jobs when I/O congestion is predicted, the system
minimizes contention and reduces wait times for high-demand tasks [25]. Additionally,
this prioritization helps to balance resource allocation, enabling smoother throughput and
reducing delays from concurrent I/O-intensive workloads [26]. In contrast, if smaller jobs
with lower IOPS requirements are scheduled first, they may occupy the I/O resources for
a longer time, making it difficult to schedule high-IOPS jobs later. This can cause delays
and lead to inefficient use of system resources, as high-IOPS jobs may have to wait in
line for available I/O capacity. This inefficiency arises because high-IOPS jobs often rely
on quickly accessing and processing large amounts of data to avoid bottlenecks in their
execution. If these jobs are delayed, they can create a ripple effect that slows down the
entire system. Moreover, high-IOPS jobs typically utilize a large portion of available I/O
bandwidth for short periods [27,28]. If this bandwidth is occupied by smaller jobs, it can
lead to resource fragmentation, where small chunks of I/O capacity are left unused but are
insufficient to handle larger and more demanding jobs. This situation not only increases the
overall waiting time but also prevents the system from fully utilizing its resources. Thus,
scheduling high-IOPS jobs first ensures a smoother flow of tasks and minimizes idle times,
thereby maximizing overall system efficiency.

3. Design

In this section, we present our scheme for effectively scheduling jobs in real-world
HPC systems. The goals of the proposed scheme are as follows:

• Customizability for Different Systems: Users should be able to apply our scheme
to any system by adjusting the Maximum IOPS and Check Time parameters (see
Section 3.2).

• Effective Job Scheduling: Jobs should be scheduled with optimized resource alloca-
tion and minimal delay by selecting and executing the job with the highest IOPS that
can be run at each Check Time (see Section 3.3).

3.1. Overall Procedure

Figure 2 shows the overall procedure of the proposed scheme. As shown in the
figure, the overall procedure of our scheme consists of two components: Settings and Job
Scheduling. First, we allow the user to set the max IOPS, which represents the highest
IOPS that the system can offer. During this step, the user can also define a Check Time,
which represents the interval at which the system checks for executable jobs. With this
configuration, when job requests arrive they are schedule using four lists: waiting, working,
excluded, and ended. At each Check Time, jobs are executed according to the states of
these lists. By repeating this process, we ensure that all jobs are completed quickly, thereby
improving the overall performance of the system.
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Figure 2. The overall procedure of our scheme: each box represents a job in the HPC application,
with the x-axis representing time and the y-axis representing the IOPS of each job.

3.2. Defining Maximum IOPS and Check Time

In this step, we allow the user to define the maximum IOPS and check time parameters
according to the performance of their specific system. The maximum IOPS represents the
highest IOPS that the system can offer, and is determined by the storage performance. The
check time represents the interval at which the system checks for executable jobs. In real-world
scenarios, HPC systems have varying performance levels based on the devices that they use
(e.g., CPU, storage). Therefore, to make our scheme adaptable for various HPC scheduling
environments, it is crucial to establish appropriate criteria for the specific HPC system in use.

3.2.1. Set Maximum IOPS

If the maximum IOPS is high, scheduling becomes easier because almost every job can
be executed simultaneously when needed. However, if the maximum IOPS is low, resources
need to be used more efficiently, making scheduling more crucial in determining overall per-
formance. Because HPC systems with high IOPS come with high storage costs, users cannot
always select this setup [29]. Therefore, users may need to choose a more affordable system
based on specific circumstances; as the environment changes, the scheduling logic should be
adapted accordingly. In our scheme, users can configure the maximum IOPS to align with
their specific requirements. Allowing dynamic adjustment of the maximum IOPS makes our
scheme well-suited for dynamic systems, particularly in cloud environments. When schedul-
ing on cloud systems, simply modifying the maximum IOPS parameter ensures adaptability
across various virtual machine environments, such as AWS i4i and t4g instances [30]. Within
our scheme, jobs are managed so as to avoid exceeding the set maximum IOPS while also
maximizing I/O utilization. Therefore, to ensure scalability across diverse environments with
minimal configuration changes and to maximize system utilization, our scheme must be
designed to accommodate varying maximum IOPS levels across different HPC environments.

3.2.2. Set Check Time Interval

If the system checks for the best-fit job (i.e., the job with the highest IOPS) every time a
new job arrives, this frequent checking process can introduce significant overhead, thereby
reducing the overall performance of the system [31]. This issue is particularly critical in
HPC environments, which often handle a massive volume of job requests. In such cases,
setting an optimal check time interval becomes even more crucial. A too-frequent check
time interval can waste computational resources on scheduling rather than job execution,
while an interval that is too long may delay job execution and reduce system efficiency.
Therefore, determining an appropriate check time interval is essential to balance the tradeoff
between the overhead of frequent checking and the need for timely job execution. This
approach ensures that our scheme remains efficient and adaptable across different HPC
scenarios with varying job request volumes.

3.3. Scheduling

In this step, using the configured settings, we schedule jobs according to their IOPS.
To achieve this, we create four lists to manage jobs based on their status.
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3.3.1. Status Lists

Jobs do not arrive at regular intervals, and their arrival times often do not align with the
check time. To ensure efficient scheduling, incoming jobs must be held until the next check
time, when each job can be allocated the necessary resources for processing. This approach
allows us to process jobs in batches, thereby minimizing the overhead associated with
constantly checking for new arrivals. After a job begins processing, it is essential to monitor
its status continuously in order to determine whether it has successfully completed or is
still running. This ensures that resources are not wasted on jobs that have failed or stalled
and that they can be reallocated to other pending tasks. Furthermore, jobs that are not
suitable for the current HPC system due to insufficient resources or lower IOPS need to be
promptly identified and excluded. By doing this, such jobs can be redirected to alternative
environments that offer the required higher IOPS, preventing resource bottlenecks and
improving overall system performance. To achieve this level of efficient scheduling, we
categorize jobs into four statuses:

• Waiting List: Jobs that are waiting for the necessary resources to become available so
they can begin execution.

• Working List: Jobs that are currently being executed using the assigned resources.
• Excluded List: Jobs that cannot be processed at the moment due to insufficient re-

sources or other constraints.
• Ended List: Jobs that have successfully completed their execution.

When a job arrives, if its IOPS requirement does not exceed the maximum IOPS of the
system, it is placed in the waiting list. If the IOPS of job requirement exceeds the maximum
IOPS, then it is moved to the excluded list. Jobs that are currently allocated resources and
are in the process of execution are placed in the Working list. After a job completes its
execution, it is moved to the ended list. Based on the status of the jobs in the working and
ended lists, we calculate the remaining IOPS that the system can offer. When a job starts
execution and is added to the working list, we reduce the available IOPS by the amount
required by that job, as those resources are now allocated; conversely, when a job completes
and moves to the ended list, the IOPS initially assigned to it are released and added back to
the pool of available IOPS, increasing the remaining IOPS for other jobs. Managing jobs
based on these statuses can optimize resource allocation, reduce processing delays, and
maintain high overall system efficiency.

3.3.2. Scheduling Method Based on IOPS Using Status Lists

At the specified check time, jobs from the waiting list are allocated utilizing the status
lists, as explained above. In our scheme, all job requests except for those that exceed the
maximum IOPS of the provided storage are placed in the waiting list, regardless of whether
or not they can be executed immediately. Therefore, we only need to focus on the waiting
list for scheduling. Jobs in the waiting list are sorted in descending order of IOPS; at check
time, they are executed in that order until the maximum IOPS of the system is reached
or there are no more jobs that can be allocated within the remaining IOPS. Executed jobs
are then moved to the working list. When jobs in the working list are completed, they
are immediately transferred to the ended list and the resources they used are released,
increasing the available IOPS. In this way, the remaining resources available for use can be
assessed at the next check time. By repeating this process at each check time until all job
requests have been moved to the ended list, job scheduling can be managed efficiently.

3.3.3. Comparison of Job Scheduling Methods

As can be seen by examining the structural design plot of our scheme, scheduling
jobs in this way is more efficient than using the basic scheduling model with the first-come
first-served (FCFS) algorithm.

Figure 3 represents ten job requests that arrive in time order. In the figure, each
box represents a job, the width of the box corresponds to the runtime of the job, and the
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height corresponds to the required IOPS. By representing job requests as boxes, we can
intuitively understand the time and resource allocation each job occupies. As can be seen
from the figure, in this assumed environment there is no limitation on IOPS; thus, jobs can
be executed immediately as they arrive. However, supporting such an environment is very
expensive. To maximize resource utilization and optimize costs, scheduling is necessary.
Figure 4 shows the scheduled job requests from Figure 3 using two methods: Graph A
represents scheduling based on the FCFS approach, while Graph B represents scheduling
based on our scheme. In the figure, each time interval represents a check time and the red
dotted line indicates the maximum IOPS.

Figure 3. Without any IOPS limitations, jobs start working immediately upon arrival. Here, jobs are
represented as boxes; the width corresponds to the runtime of the job, while the height represents the
required IOPS. Thus, a wider box indicates a longer runtime, while a taller box signifies a job with
high IOPS demands, requiring prompt assignment.

Figure 4. Here, jobs are scheduled with limitations on IOPS. Both graphs use the same jobs as those
in Figure 3, with the original request times for each job also matching those in Figure 3. The upper
graph shows the job execution simulation using the FCFS method, while the lower graph illustrates
the simulation when using our scheme to prioritize jobs with higher IOPS requirements.

As shown in Figure 3, jobs (a,b,c,d,e) arrive in that order. In Graph A, jobs (a,b,c,d,e)
are executed in the order they arrive at each check time. However, in Graph B they are
executed in the order (a,c,e,d,b). Although jobs b and c both arrive after the first check time,
job a is executed first in both graphs. At the second check time, the difference becomes
apparent; in Graph B, job c is executed before job b because it has a higher IOPS, while
in Graph A job b is executed first. This then affects the third check time; in Graph A,
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jobs d and e cannot be executed due to insufficient remaining IOPS after job c. In Graph
B, however, because job b, which has a lower IOPS, was executed earlier, enough IOPS
remains to simultaneously execute jobs d and e. Therefore, the jobs are completed more
quickly in Graph B, as demonstrated by the shorter end times shown in Figure 4. Even
though this example uses only ten jobs, there is still a noticeable difference. As the number
of jobs increases, the efficiency of our scheduling method becomes even more apparent.

4. Evaluation
4.1. Evaluation Setup

For the target system, we used logs from a real HPC system that operates a DFS
with over 25,000 TB of capacity. The dataset comprised system logs that represent I/O
behavior and resources for large-scale computational clusters, providing insights into
I/O operations, bandwidth usage, and metadata activity, all of which care key factors
for understanding and optimizing the performance of HPC applications. In large-scale
systems, these logs are continuously collected to ensure correct operation, allowing us to
analyze real-world applications. The dataset included logs spanning from 1 October 2017
to 31 January 2018. We processed these logs and generated graphs on a single compute
node equipped with an AMD EPYC 7763 64-core CPU and four NVIDIA A100 GPUs. For
software, we utilized Python 3.9.19 and TensorFlow 2.9.0. To test our scheme, we selected
10,000 logs in chronological order and set the check time to 20 s. We then compared our
scheme with the FCFS algorithm, which is the standard method for scheduling jobs.

4.2. Evaluation Scenario

For evaluation, we set the check time to 20 s and conducted experiments by varying
the maximum IOPS. By selecting 10,000 logs in chronological order, we aimed to simulate
the scheduling process as realistically as possible. We used the start and end times to
define the execution time of each job, simulating the scheduling process as if jobs were
arriving in real time. When job requests arrived, they were marked as waiting jobs eligible
for execution at any moment. At each check time, we executed the waiting jobs with the
highest IOPS first, ensuring that the total IOPS did not exceed the set maximum IOPS limit.
Additionally, if the required IOPS of a job exceeded the configured limit, we excluded it by
adding it to an excluded list for further processing. When all 10,000 jobs were completed,
we recorded the final end time as the scheduling end time.

4.3. Completion Time Difference

Effective scheduling ensures that all jobs are executed promptly, minimizing delays in
delivering results to users. Therefore, we measured the completion time of all 10,000 jobs.
Figure 5 illustrates the end time of all tasks at different IOPS levels. Figure 5a illustrates the
specific time at which all jobs were completed. The x-axis represents the maximum IOPS,
while the y-axis shows the completion time. As shown in Figure 5b, as the available IOPS
increases, the gap in completion time between the FCFS algorithm and our scheme narrows.
As the maximum IOPS increases, jobs can be allocated immediately without constraints,
reducing the need for a scheduling scheme; however, in the smallest system configuration
with a maximum IOPS of 234 GB, this difference amounts to 305 h. We only considered
10,000 jobs in this evaluation; however, in a real-world scenario the workload would be
significantly larger, leading to an even greater difference in performance between the two
scheduling methods. With higher IOPS availability, jobs can be processed more quickly
upon arrival, reducing the need for complex scheduling based on IOPS requirements.
This highlights the importance of an effective scheduling strategy when maximum IOPS
is limited due to cost or availability constraints, especially in HPC systems. In practical
scenarios, it is common to deal with lower IOPS capacity, making the choice of scheduling
method even more crucial. Thus, our proposed scheme effectively reduces the overall
completion time of jobs, particularly in environments with limited IOPS resources.
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(a) (b)
Figure 5. Graphs representing the comparison of completion times. In (a), the completion times for
the two cases (FCFS and our scheme) vary depending on the maximum IOPS; in (b), the difference
in completion times (in minutes) between the two cases (FCFS and our scheme) varies depending
on the maximum IOPS. In both graphs, the x-axis represents the configured maximum IOPS of the
system. In (a), the y-axis indicates processing time in hours, while in (b) the y-axis shows the time
difference in hours.

4.4. Cost Difference

One of primary purposes of scheduling is to utilize limited resources efficiently in
order to reduce costs while optimizing performance. Therefore, comparing costs is a crucial
aspect of this evaluation. In this study, we used the cost of AWS instances as a reference.
AWS is one of the largest cloud providers and offers a variety of instances tailored for
different use cases, including AI, machine learning, storage-optimized applications, and
compute-optimized applications. The infrastructure supporting these requirements is
essentially an HPC system that provides multiple compute nodes and high-performance
storage. Figure 6a shows the cost of AWS i4i instances optimized for storage performance.
In this figure, the x-axis indicates the hourly cost of each instance and the y-axis represents
the maximum IOPS provided by each instance. As depicted, the cost increases with higher
IOPS availability. In Section 4.3, we measured the completion time of 10,000 jobs. Based on
this dataset, where the start time of the first job was 2017-10-01 1:48:42, we calculated the
cost associated with different instances according to the provided IOPS. Figure 6b presents
the cost information for executing 10,000 jobs on three different instances, illustrating the
impact of IOPS on the total execution cost. As shown in the figure, the cost of using the
FCFS algorithm is consistently higher than using our scheme across all IOPS levels. It is
important to note that this evaluation is based on only 10,000 jobs. The cost difference
would be even more pronounced in a real-world scenario with a significantly larger number
of jobs, further highlighting the efficiency of our scheduling scheme.

(a) (b)
Figure 6. Graphs representing the comparison of cost: (a) the hourly cost per IOPS for optimized
i4i instances offered by AWS and (b) the cost of running 10,000 jobs on i4i instances using the two
different scheduling methods (FCFS and our scheme) at the available maximum IOPS for the i4i
instances. In (a), the graph represents the system cost, which was assumed for evaluation purposes.
We then used this cost to calculate the total expense required to execute all 10,000 jobs, with the
results shown in (b).
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4.5. I/O Throughput

Scheduling is essential for efficient resource utilization, as it enables us to determine
the amount of resources such as IOPS that are needed at specific times. This information
enables effective resource management and planning. When the resource requirements
of a job exceed the available capacity, the system must take actions such as redistribut-
ing the workload across other resources by employing auto-scaling mechanisms. While
such strategies ensure that the job is completed, they can also lead to additional costs if
extra resources are used beyond what was initially allocated. Therefore, maximizing the
utilization of existing resources is essential to avoid unnecessary expenses and maintain
cost efficiency. By optimizing scheduling and effectively managing available resources, it
is possible to prevent overprovisioning and reduce the need for costly scaling, ultimately
resulting in better performance and cost savings. This opportunity underscores the impor-
tance of evaluating the effectiveness of different scheduling methods in resource utilization.
Figure 7 shows the I/O throughput for each scheduling method. The x-axis represents the
max IOPS, while the y-axis indicates the I/O throughput, calculated by averaging the I/O
throughput across each check time. As illustrated in the figure, our scheduling scheme
consistently achieves a higher resource utilization ratio compared to the FCFS algorithm
across all maximum IOPS settings. The I/O throughput varies depending on how well the
IOPS requirements of the jobs align with the maximum IOPS capacity. Therefore, it does
not simply increase or decrease with higher maximum IOPS; rather, it depends largely on
the method used to allocate jobs at each check time. By prioritizing jobs with higher IOPS
requirements, we can achieve better resource utilization compared to scheduling jobs in
the order of their arrival, as demonstrated in Section 3.3.3.

Figure 7. Graph showing the average I/O throughput at each check time for two scenarios measured
at different maximum IOPS values. The x-axis represents the configured maximum IOPS, while the
y-axis indicates the percentage of resource utilization.

4.6. Overhead

For practical use in real-time scenarios, it is essential to evaluate the overhead of our
scheduling scheme. To analyze this, we measured the time required to schedule 10,000 jobs
with a fixed check interval of 20 s under different maximum IOPS settings. With a maximum
IOPS of 234 GB, the scheduling time was 362.33 s, while at 468 GB it was 306.31 s. As the
maximum IOPS increased to 937 GB, the scheduling time decreased significantly to 161.63 s.
Further increasing the maximum IOPS to 1875 GB reduced the scheduling time even more
to 84.27 s. The variation in scheduling times across different maximum IOPS settings is due
to the increased need for resource checks and allocations when the IOPS capacity is lower.
With lower maximum IOPS, the system must perform more frequent checks and allocation
operations over a longer period to efficiently manage all jobs. Most HPC systems provide
more than 1000 GB of IOPS, enabling them to schedule at least 63 jobs per second, which is
sufficient for real-time scheduling.
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5. Related Work
5.1. CPU Scheduling

Numerous studies have sought to optimize the performance of HPC applications in
large-scale systems through efficient scheduling techniques, with many focusing on CPU
scheduling. For example, Siregar et al. [7] combined the round-robin method with a genetic
algorithm to improve CPU scheduling, while Kadhim et al. [8] employed fuzzy logic to
design and implement a rule-based scheduling algorithm to address the limitations of well-
known algorithms such as FCFS and SJF. Similarly, Rajput et al. [9] analyzed a proposed
scheduling algorithm in comparison to the traditional round-robin algorithm, considering
factors such as varying time quantum, average waiting time, average turnaround time,
and the number of context switches and demonstrating how their proposed method can
overcome the shortcomings of round-robin scheduling for real-time applications. In contrast
to these studies, our research focuses on I/O for job scheduling rather than on CPU.

5.2. I/O Scheduling

Similar to our focus, several previous studies have aimed to improve the performance
of HPC applications through effective I/O scheduling. For example, Carretero et al. [10] pro-
posed a bandwidth-aware mapping algorithm for I/O scheduling, while Gainaru et al. [11]
investigated the impact of interference on application I/O bandwidth and suggested a
scheduling technique to alleviate congestion. Zha et al. [12] developed an adaptively
periodic I/O scheduling (APIO) method that considers the stochastically iterative I/O
periodicity of applications. In our study, however, we focus on IOPS as a key metric for
scheduling decisions. Instead of concentrating on managing I/O resources, we design an
I/O scheduling algorithm that prioritizes jobs with higher IOPS requirements, ensuring
that tasks with high I/O demand are scheduled first.

6. Future Work

While this study successfully introduces a new scheme that can schedule jobs based
on IOPS, there are still several aspects that require further exploration to make this scheme
more practical. Although we simulated job scheduling using the IOPS levels typically
offered by AWS, we were unable to fully integrate our scheme into real-world scheduling
algorithms. This gap suggests that our scheme, while promising, has not yet been tested
against the dynamic and complex requirements of actual cloud environments. To realize
the full potential of this scheme, it is crucial to incorporate it into existing scheduling
frameworks such as those used by AWS. Real-world scheduling involves a range of factors
that can significantly influence scheduling decisions, such as varying workloads, resource
availability, and system performance fluctuations. By adapting our scheme to these real-
world scenarios, it could be refined and strengthened in terms of both robustness and
effectiveness. Addressing these remaining challenges would help to validate our scheme
under realistic conditions as well as to enhance its applicability and impact in practical
cloud operations.

7. Conclusions

In this paper, we have proposed a scheduling scheme for HPC jobs based on high
IOPS demands. Through the presented approach, we developed a scheduling mechanism
that effectively achieves our primary goals, namely, reducing total execution time and
increasing resource utilization. First, our evaluation shows that our scheme reduces the
total execution time for 10,000 jobs with a maximum IOPS of 234 GB by 305 h compared to
the FCFS algorithm, aligning with our goal of decreasing overall execution time. Second,
our scheme achieves a resource utilization rate of 98.77% under the same IOPS conditions,
representing an 8% improvement over FCFS and meeting our objective of maximizing
resource utilization. Moreover, in addition to saving time and resources, our scheme’s
emphasis on flexibility sets it apart from other algorithms. Unlike traditional approaches,
we have focused on creating a model that is adaptable to various HPC systems. To enable
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this, our scheme allows users to configure the check time interval and maximum IOPS
parameters according to their specific requirements, making it both adaptable and robust
across diverse HPC environments. This flexibility ensures that our scheme can effectively
manage varying workloads and dynamically changing conditions, offering a significant
boost in scheduling efficiency and performance. By prioritizing high-IOPS jobs in this
way, our scheme successfully enhances scheduling performance in terms of both time and
resource efficiency while also increasing adaptability for a range of applications.
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