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Abstract Disk bandwidth is a critical resource for
I/O-intensive applications that must transfer large vol-
umes of data to and from persistent storage. Most multi-
tenant infrastructures efficiently allocate CPU and
memory resources to concurrent workloads, but typ-
ically lack mechanisms for allocating I/O bandwidth.
As aresult, users often resort to exclusive node reserva-
tions to avoid disk contention, which can lead to under-
utilisation of other node resources if not fully exploited.
Another common issue is that users do not know
the exact resource requirements of their applications.
Even when this is known, applications rarely maintain
peak resource usage throughout their entire execution,
resulting in wasted resources that could otherwise ben-
efit other users. Today, many users prefer cloud server-
less platforms because of their ease of use and flexible
billing. However, these platforms have inherent limita-
tions and may not be suitable for workloads with spe-
cific requirements. In this paper, we present a server-
less scaling mechanism that dynamically adjusts disk
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I/O bandwidth for containerised applications by scal-
ing their allocation up or down based on real-time usage
and configurable weights. In addition, the system incor-
porates automatic extension management capabilities
for virtual disk devices, such as logical volumes. Our
approach can be integrated with other serverless scaling
mechanisms, such as CPU and memory management,
to provide a comprehensive resource scaling solution.
The experimental results have shown significant perfor-
mance improvements, with overall runtime reductions
of up to 53% for concurrent I/O-intensive workloads
compared to running them without serverless capabil-
ities.

Keywords Serverless computing - Disk I/O scaling -
Containers - Hot-extension

1 Introduction

Clusters and servers are computing resources widely
used by researchers in their daily work, as they usually
need access to infrastructure to develop and run their
applications. Many organisations have moved to cloud
services, particularly serverless platforms [1-3], due
to their ease of use, avoidance of hardware acquisition
and maintenance, and flexible billing models. How-
ever, there are still users with specific needs that require
on-premises infrastructures, for example to comply
with data privacy regulations, in which storage loca-
tion and potential data leakage are critical concerns.
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Both approaches have their benefits and drawbacks.
On-premises infrastructures tend to be more restric-
tive in terms of resource allocation, as they typi-
cally rely on resource managers such as SLURM [4]
and OpenPBS [5], which only support static alloca-
tion mechanisms (e.g., CPU, memory, storage) and/or
exclusive node access [6]. This lack of dynamic allo-
cation or serverless-like management often leads to
resource underutilisation, as most applications rarely
consume all of their allocated resources throughout
the entire execution. In addition, these resource man-
agers typically lack support for I/O bandwidth alloca-
tion, so even if applications reserve significant amounts
of other resources, they may still have to share disk
access equally with other concurrent workloads. This
constraint is particularly critical for I/O-intensive work-
loads, where performance can be severely degraded. As
a result, many users often request exclusive access to
nodes whenever possible. However, this practice not
only exacerbates resource underutilisation when users
do not fully use the requested nodes, but also increases
queue times in highly contended systems because it is
harder to fully release nodes than to partially release
them.

On the other hand, serverless cloud infrastructures
come with their own issues [7, 8], such as regional
restrictions, long-term pricing concerns, compliance
with private data regulations, and the difficulty or
even impossibility of setting up and running appli-
cations with specific requirements. For example, Big
Data workloads often require network communication
between nodes to transfer data, but many serverless
platforms do not support such inter-node communica-
tion because they typically follow the Function-as-a-
Service model (FaaS) [9], which is designed for simple
functions executed within restricted instances. Other
issues include the runtime constraints often imposed by
these platforms, which may be incompatible with the
long-running nature of many workloads. On the posi-
tive side, serverless platforms typically offer dynamic
storage allocation compared to on-premises infrastruc-
tures, but this storage is often network-based, which can
have a negative impact on I/O-intensive workloads.

In this paper, we present a serverless-like scaling
mechanism that dynamically allocates I/O bandwidth
to workloads running in containerised environments.
The allocated bandwidth is scaled up or down based
on actual consumption and configurable weights to
allow prioritising target workloads while maximising
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overall disk usage. Moreover, our mechanism has been
integrated with an existing serverless platform [10]
that manages CPU and memory, further enhancing
serverless capabilities and providing a comprehensive
resource scaling solution for containerised workloads.
In addition, virtual devices (e.g., logical volumes) are
supported, allowing their I/O bandwidth to be trans-
parently managed and scaled, just like regular block
devices. Since virtual devices can typically be resized,
our approach also includes mechanisms for automati-
cally managing their extension, particularly by support-
ing online resizing operations (i.e., hot-extensions).
These operations are designed to minimise interference
with running containers while effectively leveraging
the additional capacity and/or performance provided.
The main contributions of this paper to the state of the
art are as follows:

o A serverless-like and weight-based mechanism that
automatically and dynamically manages and scales
the disk I/O bandwidth allocated to containers.

e An automated system for managing hot-extensions
of virtual disk devices, further enhancing the pro-
vided disk I/O scaling capabilities.

e An experimental evaluation to measure the ben-
efits of disk I/O scaling when executing 1/O-
intensive workloads compared to running them
without serverless capabilities.

The remainder of the paper is organised as follows.
Section 2 introduces key background concepts relevant
to this paper, while Section 3 discusses related work.
The implemented features are detailed in Section 4,
and Section 5 evaluates the performance obtained
when executing both single and concurrent workloads.
Finally, Section 6 concludes the paper.

2 Background

This section introduces the main concepts relevant
to this work, such as container-based virtualisation
(Section 2.1) and an overview of serverless comput-
ing (Section 2.2). Finally, Section 2.3 presents some
key concepts related to disk I/O.

2.1 Container Virtualisation

Containers are isolated virtual environments that rely
on OS-level virtualisation as they share the OS kernel
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in which they are hosted. This means that contain-
ers, unlike virtual machines, are very lightweight to
deploy and have low overhead, making them an attrac-
tive solution for deploying multiple services at scale.
From the OS perspective, containers are basically
groups of processes, which makes them compatible
with cgroups [11], a Linux kernel feature that allows
for limiting, accounting for, and isolating the resource
usage of processes. Therefore, cgroups enables vertical
and dynamic scaling of container resources, potentially
adjusting them based on actual usage, thus laying the
foundation for serverless-like approaches.

2.2 Serverless Computing and FaaS

Serverless computing allows users to run workloads
without managing or configuring the underlying infras-
tructure, delegating maintenance, resource allocation,
and demand-driven scaling to the service provider.
Such scaling is key to the serverless paradigm, as it
allows users to access resources elastically and trans-
parently, getting more resources as they need them
and paying only for what they use. On the provider
side, resources need to be scaled up appropriately to
meet the user demands, and scaled down to ensure
fair billing and reallocate underutilised resources to
other users or applications. Virtualisation is the most
extended approach to allow users to share a physical
infrastructure while providing isolated environments to
ensure privacy and security. The resources allocated to
these environments can also be dynamically adjusted to
meet scaling requirements. For example, Amazon Web
Services (AWS) [12] offers Fargate [13] as a serverless
service to deploy containers via a container orchestra-
tion platform.

Several implementations of the serverless comput-
ing model exist, with FaaS [9] currently being the most
prevalent. Typical FaaS services allow users to run
workloads by simply submitting their code, usually
triggering the actual execution based on specific events
or requests. This makes these services well suited for
simple tasks, processing functions for a data stream,
or stateless services with scaling requirements, such as
web servers. However, this focus on simplicity often
makes them unsuitable for more complex workloads,
such as Big Data or HPC workloads, which require
inter-node communication and exhibit high runtime

and resource consumption, features that are typically
constrained in current serverless platforms.

2.3 Disk I/O Management

Disk I/O is one of the main limiting factors when
executing data-intensive workloads. User-level appli-
cations issue I/O operations via OS system calls (e.g.,
read, write), which are handled by the kernel in the
most optimal way. To do this, queues are used to hold
pending requests, while different algorithms are used to
schedule them efficiently [14]. For example, the most
basic one is First Come First Served (FCFS), where
requests are served in order, while Shortest Seek Time
First (SSTF) prioritises requests closest to the current
disk position to reduce movement between disk sectors.
Different implementations of these scheduling algo-
rithms are integrated into the I/O stack of current oper-
ating systems, often allowing the user to change the
default selection. Common I/O schedulers in Linux sys-
tems include [15]: 1) the ‘noop’ scheduler, which does
not reorder requests and essentially implements FCFS;
2) the ‘deadline’ scheduler, which assigns deadlines
to I/O requests to prevent starvation; and 3) the Com-
pletely Fair Queueing (CFQ) scheduler, which main-
tains per-process queues and allocates time slices to
each queue to promote fairness. Although some of
these schedulers have been deprecated in recent ver-
sions of Linux, newer ones with similar design princi-
ples have emerged [16]. For example, the ‘none’ sched-
uler, despite its simplicity as a replacement for ‘noop’,
is currently widely used for SSD disks due to its low
overhead as these disks lack mechanical arms and have
minimal seek times [17]. Similarly, the Budget Fair
Queueing (BFQ) scheduler was introduced as an alter-
native to CFQ, offering fair sharing based on bandwidth
rather than on time slices.

As mentioned in Section 2.1, Linux cgroups allows
to control and limit the resources allocated to pro-
cesses and, by extension, to containers. To limit disk
I/O usage, cgroups can directly throttle the read and
write bandwidth and/or IOPS that each process can con-
sume from each block device (e.g., physical disk or log-
ical volume). However, the cgroups version determines
how this management is performed. cgroups v1 applies
throttling only to I/O operations performed directly on
disk, i.e., bypassing the Linux buffer cache commonly
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used to speed up I/O operations and avoid slower disk
access. To do this, it uses the block I/O controller,
known as ‘blkio’ [18]. cgroups v2 [19] overcomes this
limitation and also applies throttling to I/O operations
performed on the buffer cache, using the I/O controller
(referred to as ‘i0”).

3 Related Work

On the one hand, it is worth mentioning previous work
related to I/O resource control at the system level.
Many works focused on I/O throttling to prioritise spe-
cific processes or applications. In [20], the authors pro-
posed techniques to address I/O congestion in MapRe-
duce tasks by modifying the Apache Hadoop frame-
work [21] and managing I/O streams, while in [22]
the authors proposed 1I/O throttling to improve MPI-
10 performance. 10 QoS [23] is an I/O scheduler
embedded in the Linux kernel designed to guaran-
tee QoS in cloud environments. More recent work,
such as GIFT [24], aims to ensure fairness between
competing applications in HPC systems through a
coupon-based mechanism and usage pattern analysis.
Authors in [25] proposed a solution to dynamically
provision and control I/O data rate for cluster man-
agers such as YARN [26] and Mesos [27]. FastRe-
sponse [28] is another kernel-level approach to throt-
tle and reduce disk contention on SSD devices and
improve the performance of latency-sensitive work-
loads. Similarly, [29] targets SSD devices by lever-
aging insights from their internal architecture and
machine learning models to predict workload perfor-
mance and allocate applications to disks where their
Service-Level Objectives (SLOs) can be met. It is
also worth noting the Linux built-in command called
IONice [30], which allows setting priorities for pro-
cesses during disk operations, similar to the “nice”
command, although it requires either the CFQ or BFQ
schedulers. Finally, IOCost [31] is a cgroups-based
mechanism integrated into the Linux kernel designed
for containerised environments which enables applica-
tion prioritisation through weights. Unlike approaches
based on simpler metrics such as IOPS or transferred
bytes, IOCost distributes I/O by estimating the device
occupancy of requests. However, in standard kernels,
IOCost only supports cgroups v2, and its effective
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configuration requires careful parameter selection and
tuning to achieve well-balanced results in practice.

On the other hand, some cloud platforms pro-
vide serverless storage capabilities. For example, AWS
offers options such as S3 and EFS [32]. S3 is an object-
based system that provides a scalable and cost-effective
solution, albeit with limited performance, while EFS
is a network file system that automatically scales its
capacity based on actual usage, offering higher per-
formance than S3 in some scenarios. These solutions
are primarily designed for use within cloud instances
such as EC2 [33], Fargate [13] or Lambda [34],
although some options support on-premises deploy-
ments via Storage Gateway [35]. However, both storage
options are network-based, so their I/O performance
can be suboptimal, especially for data-intensive work-
loads [36, 37]. In addition, these cloud services do not
provide I/O bandwidth scaling, so the bandwidth avail-
able per instance is typically limited to prevent con-
tention between users and to ensure QoS, which means
that even during periods of low contention the band-
width cannot be fully exploited. Several approaches
aim to mitigate the I/O bottlenecks of serverless
cloud environments. For example, StarShip [38] and
Pocket [39] leverage different storage backends to dis-
tribute I/O traffic. En4S [40] proposes an object-based
storage system aimed at meeting SLOs across tenants
through a scalable scheduling framework that coordi-
nates multiple storage instances. Glider [41] introduces
stateful near-data computation within cloud storage
services to minimise data transfers. Cloudburst [42]is a
stateful FaaS platform that combines a global database
with local caches to share data between instances with-
out compromising I/O performance.

In summary, I/O bandwidth is a critical resource and
throttling-based mechanisms can help prioritise some
workloads and/or improve overall performance when
running concurrent applications. Low-level I/O control
approaches such as BFQ or IOCost can provide good
performance, but they typically lack higher-level mech-
anisms to assess contention at workload deployment
and therefore cannot fully exploit underutilised storage
devices. Serverless platforms, on the other hand, usu-
ally provide scheduling abstractions to users, but they
are generally limited when it comes to managing disk
bandwidth as another shared resource. To the best of our
knowledge, combining serverless-like I/O bandwidth
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management with infrastructure- and contention-aware
deployment capabilities remains largely unexplored.

4 Implementation

This section outlines the implementation details of this
work. Section 4.1 describes the disk I/O scaling mech-
anism, Section 4.2 addresses the management of hot-
extensions in virtual devices, and Section 4.3 details the
integration of our scaling mechanism into a serverless
platform.

4.1 Disk I/O Scaling

The first step in performing the 1/O scaling is to deter-
mine the available disk bandwidth in the infrastructure.
This is necessary not only for the allocation itself, but
also to assess contention when deploying new contain-
ers and, if possible, to select less congested nodes. To
do so, a lightweight benchmark using FIO [43] is exe-
cuted to measure the maximum read and write band-
width for both sequential and random access on a single
disk (or all disks, if multiple are available). To ensure
measurements closely reflect the underlying hardware
performance, the Linux buffer cache is bypassed dur-
ing these tests using the O_DIRECT hint. However,
the system administrator can arbitrarily configure the
maximum bandwidth values for the disk(s) if desired.

4.1.1 Application Deployment

Users can configure applications to take advantage of
the disk I/O scaling mechanism, optionally specifying
maximum and/or minimum read and write bandwidths.
Applications can then be started on a user-defined num-
ber of containers, which are automatically deployed on
the infrastructure. Each container binds and mounts one
disk on its corresponding node. The I/O bandwidth of
each container is dynamically scaled up or down based
onits actual usage, while respecting the previously con-
figured maximum and minimum limits. When a new
application is launched, its containers are automati-
cally deployed by default on the least congested nodes
to minimise resource contention. If no free nodes are
available, new containers are bound to unused disks if
possible, or to the least congested ones otherwise.

Figure 1 shows an example of container allocation
for two applications considering disk contention. The
initial scenario consists of a single node with one disk,
where a previously deployed application was already
running (App0), which is made up of a single container
thatis allocated 800 MiB/s of disk bandwidth. At a later
time, a second application (Appl) is launched using
two containers and also requesting 800 MiB/s of disk
bandwidth, evenly distributed between both containers
(i.e., 400 MiB/s each). Since there are currently no free
nodes or available disks, both applications and the three
containers must now share the already allocated disk,
resulting in full utilisation of the estimated maximum
bandwidth (1,600 MiB/s in this example). In this sce-
nario, where multiple containers compete for the same
disk, the available I/0O bandwidth is dynamically dis-
tributed in real time based on actual usage. For example,
if two containers share a single disk and one of them is
not performing any I/O operations at a given moment,
its allocated bandwidth is scaled down so that the other
container can take advantage of the full disk band-
width. Additionally, even though the example scenario
illustrates allocation over a physical disk, devices such
as logical volumes that may group several underlying
disks can be used equivalently, provided that they are
exposed as block devices to the host operating system.

4.1.2 I/O Scaling via Cgroups

The cgroups kernel feature provides a pseudo file sys-
tem located at the /sys/fs/cgroups path, where each
process (or container) has its own directory with
its cgroups control files. Our I/O bandwidth scaling
operates by dynamically modifying the correspond-
ing cgroups files responsible for disk I/O throttling
for read and write operations. These files require
the identification of the block device mounted by
the container using its ‘major’ and ‘minor’ num-
bers, along with the allowed bandwidth in terms of
bytes. In cgroups vl, the corresponding I/O band-
width files are blkio.throttle.read_bps_device and blkio.
throttle.write_bps_device for read and write operations,
respectively, with the syntax: <major>:<minor>
<bw limit>. In contrast, cgroups v2 uses a single file
called io.max to control both bandwidth and IOPS
limits for read and write operations, with the syntax:
<major>:<minor> rbps=<read bw> wbps=<write
bw> riops=<read IOPS> wiops=<write IOPS>.
Any parameters not explicitly set are automatically
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App 1 Node 1 Node 1
800 bandwidth 800/1600 consumed bandwidth 1600/1600 consumed bandwidth
Start app
App1-Cont0 l[: App1-Cont1
App1-Cont1 App0-Cont0 App0-Cont0 App1-Cont0
> —

Fig. 1 Example of container allocation under disk contention

treated as unlimited, so that only the required ones need
to be defined (in our case, read and write bandwidth).

In both versions of cgroups, the limits set at any
given moment are applied to the associated processes
in real time. Our scaling mechanism takes advantage
of this feature by continuously monitoring the actual
container I/O usage and dynamically adjusting the
limits accordingly, scaling up when bottlenecks occur
and scaling down when underutilisation is detected.
Figure 2 illustrates the scaling mechanism applied to a
container performing write operations, configured with
a maximum and minimum bandwidth of 500 and 50
MiB/s, respectively. The container is initially allocated
around 350 MiB/s of bandwidth, but as actual usage
decreases, our mechanism scales down to 250 MiB/s to
prevent overprovisioning. Later, when usage increases

L Cont) €«——

Max Bandwidth 4 Allocation

500 MiB/S | «vwnnnnng

Cont0
[~ Usage

Bottleneck
400 MiB/s

Underuse

v

300 MiB/s

/sys/fs/cgroups/blkio/
<cont0_path>/

200 Mig/s bikio.throttle.write_bps_device
:32 M

100 MiB/s — 8:32 500

0 MiB/s

%Monitorised usage metrics

Major: 8
Minor: 32

Fig. 2 Evolution of allocated bandwidth for a single container,
highlighting periods of underutilisation and bottlenecks
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again and the allocated bandwidth becomes a bottle-
neck, the mechanism scales up to the maximum avail-
able bandwidth to accommodate the higher load. Each
scaling operation requires updating the corresponding
cgroups file to enforce the new limit (e.g., the cgroups
v1 write throttle depicted in the figure).

More specifically, our scaling mechanism operates
by classifying the resource state observed within a
given time window as a bottleneck, underutilisation,
or regular utilisation, and then by scaling resources
accordingly based on how many windows exhibit these
conditions. This reactive approach inherently incurs
overhead, as bandwidth is only allocated or released
after a sustained demand is detected. As a result, work-
loads with high bandwidth requirements may experi-
ence slowdowns, particularly bursty workloads issuing
many short I/O requests. Several parameters govern the
allocation policy and the responsiveness of the scaling
mechanism, allowing configurations that range from
aggressive to conservative. The most influential param-
eters include the amount of bandwidth added during
a scale-up operation, the number of windows exhibit-
ing bottleneck or underutilisation conditions required
to trigger scaling actions, and the window delay and
window time lapse, which together define the temporal
characteristics of the observation window. The window
delay specifies how far into the past the analysed win-
dow begins, whereas the window time lapse defines
its length. An aggressive configuration employs larger
bandwidth increments, fewer windows required to trig-
ger scaling actions, and shorter window delays and
durations to react quickly to changes in demand. How-
ever, such configurations increase the risk of hysteresis,
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an undesirable phenomenon in which resources oscil-
late rapidly, leading to system instability. For example,
if resources are scaled immediately without relying on
delayed observation windows, recently increased band-
width allocations may be scaled down again before
the workload has time to adapt, resulting in repeated
and unnecessary scaling operations. Consequently, it
is important to balance the responsiveness of aggres-
sive configurations against the improved stability and
hysteresis mitigation offered by more conservative con-
figurations.

The 1/O scaling approach is straightforward with
sequential I/O operations, but random I/O is more
challenging. Random I/O operations typically achieve
lower throughput than sequential ones, but for the same
amount of data transferred, they impose a higher load
due to requiring a larger number of IOPS, especially
for small block sizes. To address this, our mechanism
relies on two strategies, explained below.

Sequential-to-random factor adjustment The random
read and write bandwidths estimated during the initial
disk benchmarking (Section 4.1) are used to determine
the relative cost of random I/O compared to sequential
access. For example, if a disk provides maximum band-
widths of 450 and 150 MiB/s for sequential and random
reads, respectively, random access can be estimated
to be three times as costly. Accordingly, the effec-
tive bandwidth is scaled by multiplying the random-
access fraction by the corresponding factor (i.e., 3:1
in this example). This factor-based strategy improves
disk occupancy estimation and supports more effective
workload placement on less congested disks or nodes.
In the previous example, a 150 MiB/s sequential read
would be considered to use a third of the disk’s capac-
ity, whereas a 150 MiB/s random read would be treated
as fully saturating it (150 x 3 = 450).

To distinguish between sequential and random I/O,
our approach relies on the observed block size as a
practical heuristic. In most storage workloads, sequen-
tial operations typically employ larger request sizes
(tens of KiB or more), whereas random workloads tend
to issue much smaller blocks. This correlation allows
us to infer access patterns using only readily avail-
able cgroups counters (transferred bytes and IOPS)
without inspecting logical block addresses or maintain-
ing detailed traces, which would add significant over-
head. Our approach does not capture spatial locality
directly: small sequential requests may be misclassified

as random, and large random requests may be classi-
fied as sequential. Nevertheless, for our purpose of esti-
mating the relative cost of random versus sequential
access and scaling bandwidth accordingly, block size
provides a lightweight and sufficiently accurate indica-
tor. The threshold distinguishing “small” from “large”
I/O requests can be tuned empirically to reflect the
characteristics of the underlying hardware and work-
load. A threshold that is too large may classify many
sequential requests as random, whereas a threshold that
is too small may have the opposite effect. By default,
this threshold is configured at 64 KiB. Algorithm 1
presents the pseudocode used to classify I/O in real
time as sequential or random, by estimating the block
size from continuously monitoring the cgroups coun-
ters for issued IOPS and transferred bytes. The block
size for each interval is computed from the difference
between consecutive samples, dividing the change in
transferred bytes by the change in IOPS (see lines 9-
16). For instance, if 10,000 bytes and 1,000 IOPS are
recorded at time 0, and 50,960 bytes and 1,010 IOPS
at time 1, the estimated block size is 4 KiB, as shown
in (1). In this example, I/O will be classified as random
according to lines 20-21. Since the algorithm runs peri-
odically, changes in an I/O workload’s pattern, particu-
larly in block size, are detected and handled by applying
the appropriate scaling rules.

50,960 — 10,000

Block size —
0K SIZE = 7010 — 1,000

=4,096 bytes (1)

The sampling interval determines the trade-off between
responsiveness and accuracy in block size estimation.
An excessively long interval may fail to capture rapid
workload changes and misclassify the current pattern
by mixing recent requests with older ones within the
same sample. Conversely, an excessively short interval
may induce hysteresis in workloads exhibiting mixed
I/O behaviours, causing frequent oscillations between
sequential and random classifications rather than accu-
rately capturing the dominant access pattern. Moreover,
very short sampling intervals may erroneously classify
the workload as null (i.e., indicating an idle disk) if no
I/O operations occur during a given interval.

Fairness enforcement Random I/O typically suffers
from starvation when executed concurrently with se-
quential workloads. This occurs because sequential
I/O efficiently leverages disk resources (e.g., queues,
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Algorithm 1 Block size estimation and I/O classifica-

tion

Require: INTERVAL > Sampling period

Require: THRESHOLD > Block size threshold

Require: read_bytes() > cgroups counter for transferred bytes

Require: read_iops() > cgroups counter for issued IOPS

Ensure: block_size[t] > Estimated average block size for each
sampling interval ¢

Ensure: io_type[t] > Classification of the interval  as NULL,
SEQUENTIAL or RANDOM

1: previous_bytes < read_bytes()
2: previous_iops < read_iops()
3: previous_time <— current_time()

while true do > Loop every INTERVAL seconds
current_bytes < read_bytes()
current_iops < read_iops()
current_time < current_time()

9:  delta_bytes < current_bytes — previous_bytes

10:  delta_iops < current_iops — previous_iops

11:

12:  if delta_iops > O then

A

13: block < delta_bytes/delta_iops
14:  else

15: block <0 > No operations in this interval
16:  endif

17:

18:  if block == 0 then

19: type < NULL

20:  elseif block < THRESHOLD then
21: type < RANDOM

22:  else

23: type < SEQUENTIAL

24:  endif

25:  output (current_time, block, type)
26:

27:  previous_bytes < current_bytes
28:  previous_iops < current_iops

29: previous_time <— current_time

30: end while

buffers) while issuing relatively few operations, whereas
random I/O usually generates a large number of small
requests, each incurring significant per-request over-
head. As a result, when both run concurrently, sequen-
tial I/O continues to utilise disk resources efficiently,
while random I/O now faces even longer waiting times
per request, leading to severe performance degrada-
tion. To mitigate this, a second implemented strategy
ensures that random I/O allocations are never scaled
down below a guaranteed minimum. Without this safe-
guard, sequential streams could otherwise consume
most of the available bandwidth, even in the presence
of random workloads, making the factor-based adjust-
ment insufficient to guarantee fairness. By explicitly
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reserving bandwidth, concurrent sequential and ran-
dom workloads share the disk capacity more equitably.
For example, consider two containers sharing a sin-
gle disk, one executing a sequential workload and the
other a random workload. Each container is initially
allocated half of the available bandwidth, ensuring that
the random workload has a fair share. As the sequen-
tial usage fluctuates, its allocation can be scaled down
or up accordingly, while the random allocation may
also increase or decrease but never below its guaran-
teed minimum (which may be adjusted if the number
of concurrent containers changes), preserving fairness
and preventing starvation. Ideally, in this scenario, both
workloads would achieve an average bandwidth close
to half of the total disk bandwidth. However, this tar-
get is often difficult to attain for random workloads
due to their inherently lower throughput. The result-
ing I/O bandwidth distribution can be further mod-
ulated using the weight-based approach described in
the following section. This enables scenarios in which
sequential workloads are prioritised, achieving higher
throughput at the potential expense of starving random
workloads. Conversely, random workloads may be pri-
oritised to improve fairness, at the cost of reducing the
bandwidth available to sequential workloads.

4.1.3 Weight-based Balancing

Another mechanism implemented is a weight-based
balancing system for distributing disk bandwidth bet-
ween running containers. The read and/or write band-
width of each container can be assigned a custom
weight, with a default value of 1 (the lowest pos-
sible weight). Our balancing system will then allo-
cate I/O bandwidth proportionally according to these
weights. For example, when two containers with equal
weights run concurrently, they receive approximately
the same bandwidth allocation. Conversely, a container
with twice the weight of another receives roughly dou-
ble the bandwidth. The weight-based balancing mech-
anism allows system administrators to assign weights
to users’ containers according to custom policies, and
enables users to specify relative priorities among their
own containers. This mechanism only works under
contention; that is, if a container is not accessing the
disk heavily, others may get most of the available
bandwidth regardless of their assigned weights. It is
important to note that this weight-based management
is implemented externally to the cgroups’ native weight
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system, ensuring broad applicability and not depending
on specific schedulers, as some cgroups weight imple-
mentations rely on underlying schedulers such as BFQ
or CFQ. In practice, we recommend using a simple
scheduler such as ‘none’, since our scaling operates at
a higher level. This avoids potential conflicts and over-
head introduced by weighted schedulers such as BFQ.

Figure 3 illustrates our weighted mechanism with
two containers performing sequential write operations,
configured with a 3:1 ratio in favour of the first con-
tainer (Cont0). Initially, allocated bandwidths are about
275 and 225 MiB/s for Cont0 and Contl, respec-
tively. When Cont0 reaches a bottleneck, the balancer
enforces the weight ratio, scaling up its allocation to
375 MiB/s while reducing Cont!’s to 125 MiB/s. Later,
as Contl underutilises its share, its allocation is scaled
down and the freed bandwidth is reallocated to Cont0.
Finally, when Contl reaches a bottleneck, the weight
ratio is enforced again, scaling ContO down and Contl
up accordingly (i.e., 375:125 MiB/s). The weight-based
balancing mechanism can also be applied to random
I/O by enforcing the weight ratio and preventing the
scaling down of random loads. For example, in Fig. 3,
if ContlI had been performing random writes, the scale
down operation triggered by underutilisation would not
have occurred, thereby preserving the weight ratio for
most of the execution. Similar to the scaling mecha-
nism itself, the balancing system operates over an inde-
pendent time window to monitor the current resource
state and exposes configurable parameters that gov-
ern its behaviour. In particular, the window delay and
time lapse can be adjusted to enable more aggressive
settings, using smaller values to enforce weight ratios
more rapidly, or more conservative settings, with larger
values to mitigate hysteresis.

Algorithm 2 Weight-based
balancing mechanism with containers sharing a disk

Require: WINDOW_TIMELAPSE
Require: THRESHOLD

> Polling period
> Usage threshold

1: while true do> Loop every WINDOW _TIMELAPSE seconds
2: total_allocated_bw < 0

3 weight_sum < 0

4. weight_read_sum < 0

5: weight_write_sum < 0

6:  read_participants < list

7 write_participants < list

8
9

for container in containers do >
Look for containers actively using I/O

10:

11:

12:
13:
14:

15:

16:

17:
18:
19:
20:

21:

22:

23:
24:
25:
26:
27:
28:

29:

30:

31:
32:
33:

34:
35:
36:
37:

39:
40:
41:
42:
43:
44

45:
46:

47:
48:
49:

50:

is_read_consumer < container.read_usage/
container.read_allocation > threshold

is_write_consumer <— container.write_usage/
container.write_allocation > threshold

if is_read_consumer then
total_allocated_bw < total_allocated_bw +
container.read_allocation
weight_sum <— weight_sum+container.read_
weight
weight_read_sum <«
container.read_weight
read_participants.add(container)
end if
if is_write_consumer then
total_allocated_bw < total_allocated_bw +
container.write_allocation
weight_sum <— weight_sum+container.write
_weight
weight_write_sum <« weight_write_sum +
container.write_weight
write_participants.add(container)
end if
end for

weight_read_sum+

if weight_sum > 0 then

read_distribution <«
(weight_read sum/weight_sum)

write_distribution <
(weight_write_sum/weight_sum)

adjust_distributions(read_distribution, write_
distribution) > Adjust to comply with the maximum disk
bandwidths

total_allocated_bw*

total_allocated_bw*

if weight_read_sum > 0 then
read_slice < read_distribution/weight_
read_sum
else
read_slice < 0
end if
if weight_write_sum > 0 then
write_slice <« write_distribution/weight_
write_sum
else
write_slice < 0
end if

slices_adjusted < false
while not slices_adjusted do > Ensure
each container receives an allocation within its maximum
and minimum limits
for container in read_participants do
container.read_new_allocation < adjust_
allocation(container, read_slice, read_distribution,
slices_adjusted)
end for
for container in write_participants do
container.write_new_allocation < adjust_
allocation(container, write_slice, write_distribution,
slices_adjusted)
end for
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51: end while

52:

53: for container in read_participants do

54: read_amount < container.read_new_alloca—
tion — container.read_allocation

55: scale(container, read_amount)

56: end for

57: for container in write_participants do

58: write_amount < container.write_new_allo—
cation — container.write_allocation

59: scale(container, write_amount)

60: end for

61: endif

62: end while

Algorithm 2 presents the pseudocode of the weight-
based balancing mechanism applied to containers shar-
ing the same underlying disk. The algorithm executes
periodically at each observation window, polling the
current bandwidth allocation and the actual read and
write usage of each container. For each container, the
algorithm first determines whether it is actively using
the disk by comparing the observed usage against a
configurable threshold (lines 10-11). Lower threshold
values allow containers with lower usage relative to
their allocated bandwidth to remain active. The band-
width allocations of all active containers are then accu-
mulated into a shared pool (total_allocated_bw) and
divided into separate read and write pools according
to the sum of read and write weights, respectively
(lines 28-29), while ensuring that the maximum read
and write bandwidth limits of the underlying disk are
not exceeded (line 30). Next, the algorithm computes
the per-weight read and write bandwidth allocations

to be assigned to each container (lines 32—41). These
allocations are subsequently adjusted to enforce each
container’s minimum and maximum bandwidth con-
straints (lines 43-51). Enforcing these constraints may
increase or decrease the pool of distributable band-
width, potentially requiring multiple iterations until a
stable distribution is reached. Finally, each container
is scaled based on the difference between its current
bandwidth allocation and the newly computed alloca-
tion (lines 53-60). Positive differences trigger scale-
up operations, whereas negative differences result in
scale-down actions.

The balancing system can benefit not only higher-
priority containers, but also lower-priority ones, while
improving overall completion time. This is because
workloads rarely consume a single resource at full
capacity throughout their entire execution; instead, they
typically alternate between phases that stress differ-
ent resources. To illustrate this idea, consider a data-
intensive workload consisting of three distinct phases:
input reading, data processing, and output writing,
i.e., following the typical Read-Compute-Write (RCW)
workflow pattern commonly used in Big Data and HPC
applications. The first and third phases typically exhibit
high I/O but low CPU utilisation, while the compute
phase generally follows the inverse pattern. When mul-
tiple workloads with similar usage patterns run con-
currently, they tend to compete for the same resources
(e.g., disk when reading or writing data), while other
resources that may be needed at later phases remain

Fig. 3 Evolution of

bandwidth over time for two
containers, illustrating the
impact of weight-based
balancing
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underutilised. Our weighted balancer enables higher-
priority applications to complete I/O-intensive phases
more quickly, releasing the congested disk earlier. This,
in turn, allows lower-priority applications to fully use
the disk while higher-priority ones move on to sub-
sequent execution phases. Figure 4 illustrates a rep-
resentative example, where two workloads running in
separate containers compete for disk access, configured
with a 3:1 weight ratio (i.e., the first container has three
times the weight of the second). In this figure, which
depicts part of the execution, the first workload (blue
line) is nearing the end of its lifecycle and entering
a writing phase, while the second workload (orange
line) remains in a compute phase and will not begin
writing until two minutes later. During this time, the
first container is able to use over 800 MiB/s of band-
width until the second container begins to compete for
its share. At this point, the weighted balancer enforces
the weight ratio and limits the write bandwidth to below
700 MiB/s and 250 MiB/s for the first and second con-
tainers, respectively. As a result, the performance of
the first workload is not significantly affected by disk
contention, and once it finishes at around second 200,
the second workload gains full access to the available
bandwidth.

4.2 Dynamic Bandwidth Extension

Many infrastructures rely on storage virtualisation
rather than on physical disk devices due to its flexibil-
ity, which enables storage capacity and performance to
be scaled up or down in response to demand. However,
such dynamic changes may conflict with our I/O scal-
ing mechanism for two main reasons: variations in
available bandwidth and potential interference with

—~+1/0 usage, workload 1 (weight=3)
1/0 usage, workload 2 (weight=1)

@ 800
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Fig. 4 Disk I/O scaling for applications with different weights

running workloads. To address these challenges, we
introduce two key features that enable the integration
of virtualised storage solutions into our system. First,
we implement an automated and transparent process
for provisioning virtual or logical devices from phys-
ical disks. System administrators only need to select
the disks to be virtualised, and our solution automat-
ically consolidates them and performs benchmarking
to characterise their performance. Second, we design a
dynamic extension mechanism that allows additional
physical disks to be integrated into existing virtual
devices. This mechanism determines the appropriate
timing for the extension based on current device usage
when the operation occurs during active use (i.e., a hot-
extension), manages the extension procedure itself, and
updates the performance profile of the virtual storage
accordingly.

To provision virtual devices, our system relies on
the Logical Volume Manager (LVM). Consequently,
the procedure involves the following stages: 1) the cre-
ation of Physical Volumes (PVs) from the underlying
physical disks; 2) the aggregation of these PVs into Vol-
ume Groups (VGs); and 3) the creation, formatting, and
mounting of the corresponding Logical Volumes (LVs)
from the VGs. A RAID 0 configuration is employed
to maximise performance. This consolidated approach
provides bandwidth close to the aggregated throughput
of the underlying physical disks while simplifying disk
management. It renders the storage layer transparent to
containers and eliminates the need for users to manage
multiple disks manually in order to fully exploit the
available performance. Figure 5 illustrates this process,
showing an example with two containers sharing an LV
created from two physical disks, including a zoomed-
in diagram of the commands required at each stage
ordered from bottom to top. LVs and their available
I/O bandwidth can be managed through cgroups in the
same way as regular block devices, supporting all the
implemented mechanisms (e.g., I/O scaling, weight-
based balancing).

The extension process is also implemented using
LVM, allowing new physical disks to be added to
an existing LV both dynamically and automatically.
Although cold-extensions (i.e., when an LV is not in use
or not mounted) are also supported, this work focuses
on hot-extensions, whose management constitutes the
primary contribution of this process and requires addi-
tional considerations. The timing of a hot-extension is
critical. When performed early, while containers are

@ Springer



18 Page 12 of 35

Journal of Grid Computing (2026) 24:18

Fig. 5 Example of
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actively accessing the LV, it can provide a substantial
and seamless increase in available performance. How-
ever, it may also interfere with running workloads, as
it incurs inherent I/O overhead due to the re-striping of
data across the expanded LV. Conversely, if the exten-
sion is performed late, when containers are completing
execution or have already finished, only future work-
loads may benefit from the increased performance. To
address this trade-off, our system can be configured to
defer the hot-extension process for a specified timeout
period, waiting until the LV’s I/O usage falls below a
configurable threshold. This approach minimises dis-
ruption to running applications during periods of inten-
sive LV activity and allows the extension to be executed
automatically at a potentially more suitable time (e.g.,
during a CPU-bound phase). If the timeout expires
while I/O usage remains high, the system proceeds with
the extension regardless, enforcing strict bandwidth
limits on running containers to expedite the operation.

Algorithm 3 presents the pseudocode that deter-
mines when to trigger an extension, based on periodic
polling of LV usage. A short polling period allows the
algorithm to react more quickly to changes in usage
and potentially trigger the extension sooner, but it intro-
duces lightweight additional overhead from the polling
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process itself. Conversely, a low usage threshold may
prevent the extension from being triggered even under
minor I/O activity, whereas a high threshold may trig-
ger the operation while containers are still perform-
ing moderate I/0. The bandwidth limit applied to run-
ning containers when an extension is forcibly triggered
defaults to 10% of the total disk bandwidth and is
shared among all active containers, but it remains con-
figurable. The system administrator is responsible for
selecting the LVs to be extended with new disks, while
optionally configuring the parameters that govern each
extension.

Additionally, to apply I/O scaling in accordance with
the updated resource configuration and performance
metrics, a new estimate of the maximum attainable
bandwidth is required. If no containers are actively
using the LV, this estimate is obtained by running the
FIO benchmark described in Section 4.1. Otherwise,
the benchmark is deferred until the LV becomes idle
in order to avoid interference with running workloads
and to preserve the accuracy of the measurements. Dur-
ing this contention period, an optimistic estimate is
employed based on the number of newly added disks
and the previously measured LV bandwidth (e.g., a vol-
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Algorithm 3 Determining LV extension timing
> LV to extend
> New disks to add
> Polling period
> Usage threshold
> Timeout period
> Enforced BW limit
> Current LV usage

Require: LV

Require: NEW_DISKS
Require: INTERVAL

Require: THRESHOLD
Require: TIMEOUT

Require: LIMIT

Require: ger_current_usage()

: current_usage <— get_current_usage(LV)
cinitial_time < current_time()

s elapsed_time < 0

2 limit_applied < false

: while  current_usage > THRESHOLD  and
elapsed_time < TIMEOUT do > Loop every INTERVAL
seconds

7: current_usage < get_current_usage(LV)

8: elapsed_time <— current_time() — initial_time

9: end while

10:

11: if current_usage > THRESHOLD then

12: limit_active_containers_allocation(LV, LIMIT)

13: limit_applied < true

14: end if

15:

16: extend_lv(LV, NEW_DISKS)

17:

18: if limit_applied then

needed

19:  remove_containers_limit(LV)

20: end if

> Extend the LV

> Remove previous restriction if

ume delivering 450 MiB/s is assumed to provide 900
MiB/s after the addition of a second disk).

This hot-extension feature is particularly valuable
for workloads deployed on top of complex systems with
their own storage management (e.g., cluster managers,
distributed file systems). In these scenarios, incorpo-
rating new disks into operational nodes, either for stor-
age or bandwidth reasons, typically requires service
reboots to make them available, potentially disrupting
running workloads and degrading overall performance.
Our approach removes this limitation, enabling seam-
less disk expansion with ideally minimal disruption.

4.3 Integration Into a Serverless Platform

To provide a comprehensive resource scaling solution
for containers, the disk I/O scaling mechanism has
been integrated into our serverless platform [10], which
already supports CPU and memory scaling via cgroups.
This platform was selected for its seamless integra-

tion with our cgroups-based approach for scaling I/O
resources and its ability to vertically scale CPU and
memory resources without requiring container restarts
or disrupting active jobs, unlike other serverless sys-
tems such as OpenWhisk [44] or vHive [45], which are
typically more focused on horizontal scaling. Essen-
tially, the platform manages resource allocation fol-
lowing a similar approach to our I/O scaling mecha-
nism, by initially assigning a specific amount of CPU
and memory to containers and modifying the corre-
sponding cgroups files accordingly to enforce the allo-
cation. Real-time usage metrics for CPU and mem-
ory are continuously collected by the serverless plat-
form and stored in a time-series database. Scaling deci-
sions are then made periodically by comparing resource
usage with allocated resources and container-specific
dynamic thresholds. If actual usage approaches the
upper threshold, the platform attempts to increase the
allocation; conversely, if usage is close to the lower
threshold, the allocation is reduced. After each scaling
operation, thresholds are recalculated for subsequent
iterations.

To enable the integration of our I/O scaling mecha-
nisminto the serverless platform, the weighted balancer
has also been extended to include support for CPU
and memory resources, enabling workload prioritisa-
tion not only during I/O-intensive phases, but also dur-
ing compute-bound processing phases. This integrated
approach makes it easier to experiment with more com-
plex workloads, while providing a comprehensive eval-
uation of both the disk I/O scaling mechanism and the
overall effectiveness of the serverless platform.

5 Performance Evaluation

The primary aim of this evaluation is to analyse the
impact of the disk I/O scaling mechanism when exe-
cuting data-intensive workloads. By integrating our
mechanism into the serverless platform described in
Section 4.3, it becomes possible to assess more com-
plex scenarios involving concurrent scaling of multi-
ple resources. All experiments were conducted on sin-
gle, dedicated Linux-based servers to eliminate exter-
nal factors, such as network delays or performance fluc-
tuations, that might otherwise affect the results. Specif-
ically, two separate testbeds were used for different
sets of experiments. Their main characteristics are sum-
marised in Table 1. In particular, the number of phys-
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ical cores (32 and 16, respectively) corresponds to a
total capacity of 3,200 and 1,600 CPU shares. It is also
worth noting that the first testbed is based on cgroups
v1, whereas the second supports cgroups v2, thereby
enabling control over both direct and buffered I/O (see
Section 2.3). The experiments compare two different
scenarios: non-serverless executions running directly
on the server (referred to as the standard scenario),
and executions using our I/O scaling mechanism within
the serverless platform (the serverless scenario). Unless
otherwise specified, all experiments use the ‘none’ disk
scheduler.

Several sets of experiments are presented next.
Section 5.1 focuses on running single workloads to
measure the potential overhead introduced by the I/O
scaling mechanism, while also exploring different disk
layouts. Section 5.2 evaluates the effectiveness of the
/O throttling mechanism for both consecutive and con-
current workloads, while Section 5.3 compares the per-
formance of oversubscribed workloads running at dif-
ferent levels of resource contention. Section 5.4 evalu-
ates the weight-based balancing mechanism presented
in Section 4.1.3. Section 5.5 introduces more com-
plex experiments where mixed computation-1/0 work-
loads are run concurrently to emulate more realistic
usage scenarios. Section 5.6 extends this evaluation
to a larger number of concurrent containers to assess
the scalability of the serverless approach. Section 5.7
evaluates our hot-extension mechanism, measuring the
performance impact of dynamically expanding storage
capacity and bandwidth during active workload execu-
tion. The experiments presented in Sections 5.1 to 5.7
were conducted on the first testbed, where both the
standard and serverless scenarios were evaluated using
synthetic workloads generated with the FIO tool [43],
which allows precise control over I/O load patterns.
Python workloads were also executed in selected exper-
iments to introduce CPU-intensive computations and

Table 1 Testbeds used in the evaluation

Testbed 1 Testbed 2
Processors 2x Intel Xeon Silver 2x Intel Xeon E5-
4216 2650 v2
Physical cores 32 16
Memory 256 GiB 64 GiB
Disks 3x SATA SSD 1x SATA SSD
cgroups vl v2

overlap them with I/O activity. As this testbed is based
on cgroups v1, FIO was configured to use direct /O
and bypass the Linux buffer cache so that I/O throt-
tling could be enforced. This extensive set of experi-
ments enables an evaluation focused strictly on disk I/O
behaviour, avoiding the additional complexity intro-
duced by buffered I/0. Sections 5.1 and 5.7 use the
three available physical disks, either individually or in
LV layouts, whereas Sections 5.2 to 5.6 are limited to
a two-disk LV layout for practical reasons and due to
hardware availability constraints. Finally, Section 5.8
evaluates real, non-synthetic workloads on the second
testbed, which supports cgroups v2. This allows the
assessment of the serverless approach under more real-
istic conditions.

Each experiment was executed at least five times
to ensure the consistency of the observed results.
The reported results correspond to representative runs
whose outcomes are close to the median of the mea-
sured values. As most experiments rely on synthetic
workloads, the variability across runs is relatively low.
Table 2 presents the main configuration parameters
used by the different mechanisms evaluated in this
work, as described in Sections 4.1.2 (I/O scaling and
block size estimation), 4.1.3 (weight-based balancing),
and 4.2 (LV extension). Overall, the selected values
represent a relatively aggressive configuration, target-
ing high performance while limiting excessive hys-

Table 2 Main configuration parameter values for the mecha-
nisms used in the experiments

Function Parameter Value
Scaling Window delay 10s
Window time lapse Ss

50%—75%

Bottleneck windows 1

Scale-up increment

Underutilisation 6
windows

Block size estimation Interval Is
Threshold 100 KiB

Weight-based balancing ~ Window delay 10s
Window time lapse 10s
Threshold 10%

LV extension Interval Ss
Threshold 20%
Limit 10%
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teresis. The most relevant parameters are the scale-up
increment, ranging between 50% and 75%, and the
number of bottleneck events required to trigger scal-
ing actions (1). The scale-up increment specifies the
increase in a container’s bandwidth allocation when
additional bandwidth is required. Across experiments,
the increment varies from 50% of the host disk’s total
bandwidth, a conservative setting suitable for concur-
rent workloads sharing I/O, up to 75%, a more aggres-
sive setting useful for single-workload scenarios. Given
that a single bottleneck event is sufficient to trigger scal-
ing, once a bottleneck is detected within an observation
window, the affected container’s bandwidth allocation
is increased by the configured increment (50-75%), or
by a smaller amount if insufficient bandwidth is avail-
able. The last row in Table 2, which reports the LV
extension parameters, is only relevant for the experi-
ments presented in Section 5.7.

5.1 Overhead of I/O Scaling on Single Workloads

The first set of experiments consists of running a single
FIO workload within a container for a fixed duration
of 10 minutes, comparing the standard and serverless
scenarios on Testbed 1 (see Table 1). In the standard
scenario, this workload is intended to obtain full I/O
bandwidth from the server physical disks, providing
a baseline to accurately measure the overhead intro-
duced by the I/O scaling mechanism. In the server-
less scenario, the container starts with a low bandwidth
allocation that is dynamically scaled up when higher
demand is detected (i.e., the full bandwidth is not ini-
tially allocated). Table 3 reports the average bandwidth
achieved in both scenarios across three storage layouts:
1) a single disk; 2) a two-disk LV; and 3) a three-disk
LV, with LVs configured in RAID 0. Regarding I/O

patterns, read and write operations are evaluated using
both sequential and random access patterns.
Analysing the different disk configurations under the
standard scenario to establish the baselines, the results
show that a single disk provides approximately 520
MiB/s for sequential reads and 430 MiB/s for sequential
writes. The two-disk LV achieves around 910 and 840
MiB/s, respectively, while the three-disk LV reaches
roughly 1,570 and 1,300 MiB/s, demonstrating the ben-
efits of the RAID 0 level implemented via LVM. Ran-
dom read performance scales only modestly, increasing
from 105 MiB/s to 123 MiB/s and then to 176 MiB/s,
while random write decreases from 154 MiB/s to 107
MiB/s before recovering to 139 MiB/s. In the server-
less scenario, the results are very similar overall, with
maximum overhead of up to 9% across all storage lay-
outs and an average overhead of around 4%, validating
the effectiveness of our approach. As the I/O load in
these experiments remains almost constant throughout
the execution, the overhead introduced by our I/O scal-
ing mechanism is minimal, as only a limited number
of scaling operations are actually triggered. Random
write performance showed less stability during experi-
mentation, with recurring fluctuations, but their impact
is mitigated by the factor adjustment strategy described
in Section 4.1.2, which enables random workloads to
allocate more bandwidth than they actually consume.

5.2 Dynamic I/O Throttling Capabilities

The goal of these experiments is to verify that our
serverless scaling approach can enforce the config-
ured I/O limits and to evaluate the associated overhead.
They are conducted on the two-disk LV described pre-
viously (see Table 3 for the single-workload results).
Figure 6 shows the execution of three consecutive FIO
workloads within the same container when different

Table 3 Average bandwidth running a single workload with different disk layouts on Testbed 1

1/0O pattern Scenario Average read / write bandwidth (MiB/s)
Single disk Two-disk LV Three-disk LV
Sequential Standard 524 /429 911/841 157271303
Serverless 498 (-5%) /1 398 (-7%) 864 (-5%) 1 799 (-5%) 1518 (-3%) / 1264 (-3%)
Random Standard 105/ 154 123 /107 176 /139
Serverless 104 (-1%) / 150 (-3%) 123 (0%) / 97 (-9%) 168 (-5%) / 132 (-5%)
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Fig. 6 1/0 usage for multiple workloads executed within the
same container in the serverless scenario

I/O limits are applied. The first and third workloads
perform sequential writes, while the second performs
sequential reads. During the writing phases, the write
bandwidth of the container is limited to 700 and 500
MiB/s, respectively, while the read bandwidth is limited
to 300 MiB/s for the entire execution, affecting only the
reading phase. The blue line represents the I/O band-
width allocated to the container and the orange line
depicts the actual usage. The green and red horizontal
lines show the enforced read and write limits, respec-
tively. Note that the write limit is reduced to 500 MiB/s
around the 400-second mark, just after the start of the
reading phase, to demonstrate the dynamic nature of
our approach. It can be seen that the allocated and used
bandwidth consistently stay below the corresponding
limits: up to 700 MiB/s during the first writing phase
(ending at second 320), up to 300 MiB/s during the
reading phase (between seconds 320 and 620), and
up to 500 MiB/s during the final writing phase (from
second 620 to the end). A small number of scaling oper-
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ations between phases (approximately five per phase)
prevents the bandwidth from reaching the configured
limit immediately at the start of each phase. Conse-
quently, each phase experiences a slight overhead rel-
ative to the set limit, resulting in an average overhead
of approximately 8%.

Figure 7 presents the execution of three concurrent
sequential write workloads, each running in a sepa-
rate container and configured with different I/O lim-
its: 400, 250, and 100 MiB/s, respectively. The blue
and orange lines represent the allocated bandwidth and
actual usage, while the enforced I/O limit is shown in
green. Compared to the scaling configuration shown in
Table 2, this experiment adopts a slightly more conser-
vative setting, with the scale-up increment set to one
third of the total available bandwidth. As observed,
the I/O limits are correctly enforced across all contain-
ers. However, as expected, concurrent execution intro-
duces more overhead. This is mainly due to increased
contention for disk access, which makes individual
workloads less stable, especially compared to the
single-container scenario shown in Fig. 6. As a result,
each container achieves lower effective bandwidth and
undergoes more frequent I/O scaling operations, con-
tributing to an overall overhead of around 15%.

5.3 Evaluation of Oversubscribed I/O Workloads

These experiments compare the performance of the
standard and serverless scenarios when running two
concurrent sequential workloads in separate contain-
ers on the two-disk LV (see Table 3). Each workload
is configured to run for 10 minutes. Here, disk band-
width is oversubscribed, i.e., the combined bandwidth
requested by both containers exceeds the available
capacity and must therefore be shared and allocated
accordingly. To reflect more realistic conditions, dif-
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Table 4 Average

Average bandwidth (MiB/s)

bandwidth running two
concurrent workloads with

High-contention (60s delay)

Low-contention (420s delay)

different delays Scenario Contl Cont2 Contl Cont2
Standard 477 451 717 712
Serverless 452 (-5%) 445 (-1%) 713 (-1%) 701 (-2%)

ferent startup delays were applied to the second con-
tainer, as different applications rarely start at exactly
the same time. This delay effectively modulates the
degree of disk contention during I/O access. Two dif-
ferent cases were analysed: a high-contention scenario
characterised by a short delay (60 seconds), resulting
in resource sharing for most of the runtime, and a low-
contention scenario with a longer delay (420 seconds),
where containers compete for disk access only for short
periods.

The results for both contention scenarios, where
each container can potentially use the full available
bandwidth, are summarised in Table 4. The server-
less execution continues to introduce very low over-
heads compared to the standard, non-serverless execu-
tion, with values reaching only up to 5%. As expected,
the average overhead is slightly lower when resource
contention is reduced with a longer delay. Overall,
these results further demonstrate that I/O bandwidth
is effectively and evenly distributed between contain-
ers under both contention levels, even though one con-
tainer starts execution earlier and allocates resources
first. Figure 8 shows bandwidth usage over time for
the high-contention serverless scenario. The blue and
orange lines represent the allocated and consumed
I/O bandwidth for the first container, while the green

and red lines correspond to the second container. As
expected, the first container initially gets most of the
available bandwidth. However, as soon as the second
container starts at around second 60, the bandwidth is
evenly shared between them. After the first container
completes its workload at around second 600, the sec-
ond container takes advantage of the full bandwidth for
the remainder of its execution.

Table 5 presents the results of the serverless execu-
tion when conducting the same experiments as before,
but now with an I/O limit of 250 MiB/s enforced
on only one container at a time, across two sepa-
rate runs (i.e., first applied to one container, then to
the other). In the high-contention case, the aggre-
gated bandwidths for both containers in the server-
less execution (612+241=853 and 243+616=859) are
comparable to those observed in the standard scenario
(477+451=928), with overheads of 8% and 7%, respec-
tively. In addition, the container without limits achieves
up to 37% more bandwidth in the serverless scenario,
highlighting the benefits of workload prioritisation.
The limited container, by contrast, experiences the
expected bandwidth reduction as a result of the imposed
constraint. In the low-contention case, the container
without limits continues to benefit from higher priority,
but to a lesser extent. Both the aggregated bandwidths

—~ Allocated 1/0, container 1 -<Allocated I/O, container 2
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Fig. 8 1/0 usage for two concurrent workloads executed in the high-contention serverless scenario
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Table S Average bandwidth running two concurrent workloads with different delays and bandwidth limits

Average bandwidth (MiB/s)

High-contention (60s delay)

Low-contention (420s delay)

Scenario Contl Cont2 Contl Cont2
Standard 477 451 717 712
Serverless 612 (+28%) 241 [max=250] (-47%) 765 (+7%) 245 [max=250] (-66%)

Serverless 243 [max=250] (-49%) 616 (+37% )

242 [max=250] (-66%) 765 (+7%)

and the bandwidth obtained by the second container
suffer a significant reduction, which is again expected
given the enforced limit. These results suggest that
workload prioritisation can be beneficial under high
contention by mitigating interference from co-located
workloads, particularly when there is significant over-
lap. In contrast, lower overlap (e.g., due to long startup
delays) tends to reduce aggregated bandwidth when
limits are imposed. Under low contention, while it may
still alleviate penalties during short contention periods,
it may not be optimal overall. A weighted approach,
introduced in Section 4.1.3 and evaluated in the fol-
lowing section, could provide better performance and
resource efficiency.

Finally, Fig. 9 illustrates the high-contention exe-
cution in the serverless scenario when the I/O limit
(250 MiB/s) is applied to the second container. The
colour scheme follows that of Fig. 8, with a new purple
line indicating the limit imposed on the second con-
tainer. This figure shows that the first container can use
almost 900 MiB/s until the second container starts and
claims its bandwidth share. Despite disk contention,
the first container maintains a significant share of the
available bandwidth (around 610 MiB/s), experiencing
considerably less performance degradation due to con-

currency compared to the results shown in Fig. 8§,
thereby reinforcing the findings presented in Table 5.

5.4 Evaluation of Weight-based Balancing

In this section, our weight-based balancing system
described in Section 4.1.3 is evaluated under concur-
rent sequential and random I/O workloads. For com-
parison, we evaluate a third scenario that mirrors the
standard setup, except that the ‘none’ scheduler used
in previous experiments is replaced by a weight-based
scheduler, BFQ. Storage is provided by the two-disk
LV (see Table 3), and workloads are configured to run
for 10 minutes. Table 6 presents baseline results for sin-
gle workloads in terms of average bandwidth, reporting
both the overhead introduced by BFQ and the overhead
of our serverless scaling approach. For sequential I/O,
both impacts are negligible. However, for random 1/O,
BFQ degrades performance by up to 74%, whereas the
serverless mechanism maintains low overhead.

Table 7 reports the results obtained when running
two concurrent containers executing sequential read
and write workloads. A useful objective metric for
evaluating how effectively weights are enforced is the
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Fig. 9 1/0 usage for two concurrent workloads executed in the high-contention serverless scenario with a limit
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Table 6 Average bandwidth running a single workload to com-
pare the serverless scenario with different disk schedulers

I/O pattern Scenario Average read/write bandwidth
(MiB/s)

Sequential Standard 911/ 841
BFQ 893 (-2%) / 837 (0%)
Serverless 864 (-5%) 1 799 (-5%)

Random Standard 123 /107
BFQ 39 (-68%) / 28 (-74%)
Serverless 123 (0%) 1 97 (-9%)

Notes: The bolded values are used to visually highlight the most
relevant results in each experiment and to facilitate the interpre-
tation of the evaluation results

percentage accuracy with which the achieved average
bandwidths approximate the target weight ratio. This
metric is computed using (2), where A and B denote
the workloads, b represents the achieved average band-
width, and w the configured weight:

min(gh, 44
1)

Weight ratio accuracy.p =

2

max(é’—;},

With equal weights (or no explicit weights in the stan-
dard scenario, as the none scheduler does not sup-
port weighting), all scenarios achieve an even distribu-
tion of bandwidth for both read and write operations,

approaching the ideal 1:1 ratio with accuracies between
94% and 99%. BFQ introduces negligible overhead
only for writes (-3%), while the serverless scenario
adds slight overhead to both reads (-7%) and writes
(-3%). When using a 4:1 ratio, BFQ enforces weights
very accurately, providing ratios of 700/180=3.9 (98%
accuracy) for reads and 658/190=3.5 (88% accu-
racy) for writes. The serverless mechanism achieves
slightly less precision: 649/189=3.4 (85% accuracy)
and 607/193=3.2 (80% accuracy). In both scenarios,
overall performance is mostly preserved relative to the
standard scenario.

Table 8 presents the results for two concurrent con-
tainers executing mixed sequential and random read
and write workloads, with the first container perform-
ing sequential I/O and the second performing random
I/0O. In these experiments, the performance disparity
between the workloads becomes more pronounced. For
mixed reads, the random workload is nearly starved
in the standard scenario (around 5 MiB/s). BFQ does
not alleviate this issue when using equal weights and
can even further reduce random bandwidth, although
it slightly increases aggregated throughput. The server-
less mechanism, by contrast, enforces fairness: sequen-
tial bandwidth is reduced by 33%, lowering total
throughput by 30%, but random read performance
increases from 5 to 23 MiB/s (+360%). This demon-
strates that our fairness enforcement effectively mit-
igates starvation, albeit at the cost of overall perfor-

Table 7 Average bandwidth running two concurrent sequential workloads to compare the serverless scenario with different disk

schedulers
Average bandwidth (MiB/s)
1/0 Scenario Weight ratio Contl Cont2 Total I/O (MiB/s)
Read Standard - 422 420 842
BFQ 1:1 421 423 844 (0%)
4:1 700 180 880 (+5%)
Serverless 1:1 392 388 780 (-7%)
4:1 649 189 838 (0%)
Write Standard — 430 405 835
BFQ 1:1 401 405 806 (-3%)
4:1 658 190 848 (+2%)
Serverless 1:1 414 397 811 (-3%)
4:1 607 193 800 (-4%)

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results
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Table 8 Average bandwidth running two concurrent sequential and random workloads to compare the serverless scenario with different

disk schedulers

Average bandwidth (MiB/s)

/0 Scenario Weight ratio (Seq:Rnd) Contl Cont2 Total I/O (MiB/s)
Read Standard - 667 5 672
BFQ 1:1 768 4 772 (+15%)
4:1 773 4 777 (+16%)
1:4 416 19 435 (-35%)
Serverless 1:1 450 23 473 (-30%)
4:1 644 5 649 (-3%)
1:4 193 54 247 (-63%)
Write Standard — 250 1 251
BFQ 1:1 372 2 374 (+49%)
4:1 400 2 402 (+60%)
1:4 294 4 298 (+19%)
Serverless 1:1 237 11 248 (-1%)
4:1 203 6 209 (-17%)
1:4 182 28 210 (-16%)

Weight ratio: Seq=sequential; Rnd=random

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results

mance. Since random I/O typically achieves signifi-
cantly lower bandwidth than a concurrent sequential
workload, weight ratios are not meaningfully respected
in this set of experiments. A more suitable metric for
assessing fairness is the closeness of the achieved band-
width to the ideal fair allocation. With two concur-
rent containers, the ideal bandwidth corresponds to
half of the maximum attainable throughput. Using the
results from Table 6 as a baseline, the ideal band-
width for the sequential workload is approximately
911/2 =456 MiB/s for reads and 421 MiB/s for writes,
while for the random workload it is around 62 MiB/s
for reads and 54 MiB/s for writes. Under equal weights,
the resulting fairness values for the sequential and ran-
dom workloads are 146% and 8% in the standard sce-
nario, 168% and 6% with BFQ, and 99% and 37%
with the serverless approach. When using a 4:1 ratio
favouring sequential /0, BFQ behaves similarly to
the equal-weight case, while the serverless mechanism
more closely resembles the standard scenario. When
reversing the ratio to favour random I/O, both BFQ
and serverless reduce sequential performance accord-
ingly to benefit the random workload. In this case, the
serverless mechanism nearly triples random bandwidth

@ Springer

compared to BFQ, achieving fairness values of 42%
and 87% for the sequential and random workloads,
respectively, whereas BFQ attains 91% and 31%. This
improvement comes at the cost of a sharper drop in total
throughput (-35% for BFQ and —63% for serverless),
reflecting the fairness trade-off.

Mixed writes are the most challenging case, exhibit-
ing high instability and steep performance drops. In
the standard scenario, sequential writes average 250
MiB/s, whereas random writes reach only 1 MiB/s.
BFQ increases sequential throughput while slightly
improving random performance. The serverless mech-
anism maintains sequential throughput very close to
the standard case but increases random performance
significantly to 11 MiB/s. With a 4:1 ratio, BFQ results
remain similar, whereas the serverless mechanism loses
performance in both workloads. With a 1:4 ratio, BFQ
modestly improves random throughput to 4 MiB/s and
raises sequential by 18% (fairness of 70% and 7%,
respectively), whereas the serverless scenario reduces
sequential throughput by 27% but significantly boosts
random to 28 MiB/s (fairness of 43% and 52%). Over-
all, prioritising sequential writes yields limited benefits
due to the inherent performance drop, while prioritis-
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ing random writes provides substantial improvements
with the serverless mechanism.

In summary, two key insights emerge from this set of
experiments. First, the serverless approach distributes
bandwidth proportionally to weights without incur-
ring significant overhead, although specialised disk
schedulers such as BFQ can achieve more precise and
efficient distributions. Second, the serverless fairness
strategy for random I/O effectively mitigates starvation
and significantly improves random performance, but at
the cost of overall performance. Finally, it is worth not-
ing that configuring a disk scheduler such as BFQ for
an LV composed of multiple disks is less straightfor-
ward, as the scheduler cannot be directly set via the
device-mapper interface. It must instead be configured
for each underlying physical disk, which increases the
risk of misconfiguration.

5.5 Evaluation of Mixed Workloads

These experiments involve running containers with
mixed workloads that combine both CPU and I/O activ-
ity on the two-disk LV (see Table 3). These workloads
follow the RCW pattern mentioned in Section 4.1.3,
where FIO is used to implement the reading and writ-
ing phases, while the compute phase executes a Python
workload that performs CPU-intensive computations
on a mathematical function, specifically the factorial.
Unlike previous tests that measured average bandwidth
over a fixed duration, these experiments execute a fixed
amount of work. Therefore, the results allow us to
analyse the impact of the serverless scenario on the
total runtime of mixed workloads. In the standard sce-
nario, containers are allocated CPU resources based
on the number of concurrent workloads. For example,
if a single container is running, it can potentially use
all available CPU cores on the server (32), but if two
containers run concurrently, each is limited to half of
the available cores. This is because standard execu-
tions are conducted on a multi-user shared infrastruc-
ture, where resources must be requested by users via
the SLURM scheduler. As a result, concurrent work-
loads cannot share CPU resources and must be stati-
cally partitioned. This setup is typical in infrastructures
shared by multiple users (e.g., clusters and supercom-
puters) and orchestrated by resource managers such
as SLURM. Furthermore, as mentioned in Section 1,

SLURM does not support disk I/O bandwidth splitting
and throttling, or dynamic CPU allocation. In contrast,
our I/O scaling mechanism, integrated with the server-
less platform (see Section 4.3), overcomes these lim-
itations by dynamically allocating both CPU and disk
bandwidth to each container in real time according to
actual demand. This thereby allows each container to
potentially use full capacity.

Three types of mixed workloads were evaluated: 1)
“regular”, which implements the RCW pattern using
sequential I/O for both reading and writing phases;
2) “bursty”, which is composed of multiple shorter
instances of the regular workload and is intended to
evaluate performance under highly variable resource
consumption; and 3) “random”, which implements the
RCW pattern like “regular” but uses random I/O oper-
ations instead. Table 9 summarises the workload con-
figuration for the different phases of the three workload
types. The regular and random workloads execute a sin-
gle iteration of the specified load, whereas the bursty
workload executes three consecutive iterations. Each
workload reads from and writes to multiple files, gener-
ating a total I/O load corresponding to the sizes reported
in the table. During the compute phase, all workloads
spawn 64 parallel processes, each calculating the spec-
ified factorial, thereby saturating the CPU resources.

Table 10 presents the results obtained by running
these workloads in isolation, each within a single
container, to assess the overhead introduced by our
approach. The results are reported separately for each
phase, along with the aggregated I/O time (i.e., read-
ing + writing phases) and total workload runtime. As
shown, the regular workload incurs the lowest over-
heads, with a 10% increase in CPU, aggregated /O,
and total runtimes. In contrast, the bursty workload has
the worst results, with a higher increase in both CPU

Table 9 Configuration of mixed workloads

Workload

Regular Bursty Random
Iterations 1 3 1
Read 150 GiB 54 GiB 18 GiB
Compute (factorial) 5 x 10° 2.5 x 100 5 x 100
Write 150 GiB 60 GiB 16 GiB
1/0 block size 1 MiB 1 MiB 4 KiB
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Table 10 Runtimes for mixed workloads executed separately

Runtime (seconds)

Workload Scenario Read Compute Write Total I/O (R+W) Total
Regular Standard 192 273 198 390 663
Serverless 214 (+11%) 299 (+10%) 215 (+9%) 429 (+10%) 728 (+10%)
Bursty Standard 209 252 243 452 704
Serverless 256 (+22%) 315 (+25%) 301 (+24%) 557 (+23%) 872 (+24%)
Random Standard 217 278 187 404 682
Serverless 228 (+5%) 307 (+10%) 228 (+22%) 456 (+13%) 763 (+12%)

and I/O metrics, as more frequent scaling operations
have a negative impact on performance, as expected.
Finally, the random workload exhibits intermediate
results between the regular and bursty cases. In sum-
mary, serverless executions show reduced performance
compared to their non-serverless counterparts, due to
the overheads introduced by dynamic scaling. This
effect is amplified by the shorter phase durations in
these experiments, which increase the relative impact
of scaling operations, particularly for random write
operations. However, as shown in the following sub-
sections, these overheads can potentially be mitigated
and performance improved in concurrent workload sce-
narios where resource reallocation across containers
becomes possible. Nevertheless, our results suggest
that such overheads are generally not a significant con-
cern, except for burstier workloads, which represent
the worst-case scenario for dynamic resource scaling.
This limitation is common to scaling mechanisms in
general, where the only practical solution is to rely on
resource overprovisioning.

In the remainder of this section, we present exper-
iments that combine and concurrently execute mixed
workloads in both standard and serverless scenarios.
We also analyse the performance impact of applying
our weighted balancer to both CPU and I/O resources
in the serverless scenario.

5.5.1 Concurrent Regular Workloads

Table 11 shows the results obtained when running two
regular workloads concurrently in separate containers
with different startup delays and weights. More specifi-
cally, delays of 0 and 180 seconds are used to represent
high- and low-contention cases, respectively. The first
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conclusion that can be drawn is that serverless exe-
cution consistently reduces total runtimes compared
to the standard scenario in almost all experiments,
demonstrating its ability to efficiently manage CPU and
disk resources for concurrent mixed workloads. Under
high contention (i.e., 0-second delay) and equal weight
assignment to both containers, the serverless execu-
tion essentially mirrors the standard scenario, where
workloads synchronously compete for resources. In
this case, the serverless approach yields slight improve-
ments for the first container: 6% for both aggregated
I/O and total runtime, while the second container expe-
riences a negligible overhead in total runtime (only
1%). This is because the first container always starts
earlier, even in the O-delay experiment, allowing it to
allocate bandwidth before the second container starts,
after which the balancing system reallocates resources
to ensure a fair distribution. This small advantage for
the first workload allows it to complete the reading
phase and start the compute phase just a little earlier,
further benefiting from being allocated CPU cores first.
Increasing the weight assigned to the first container
under high contention (weight ratios of 2:1 and 4:1)
significantly benefits its performance, reducing read-
ing, compute, and writing times by up to 24%, 40%,
and 36%, respectively. These improvements lead to
total runtime reductions of up to 34%. The second con-
tainer, by contrast, experiences a degradation in read
performance, which is expected due to the uneven disk
bandwidth allocation. However, it still shows improve-
ments in the subsequent compute and writing phases,
as well as in aggregated I/O and total runtime, albeit to
a lesser extent (total runtime is reduced by up to 13%
for the 4:1 weight ratio). These improvements, despite
the unbalanced distribution introduced by the assigned
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Table 11 Runtimes for concurrent execution of two regular mixed workloads with different delays

Runtime (seconds)

Delay  Scenario Workload ~ Weightratio  Read Compute Write Total I/O (R+W)  Total
0Os Standard Regular1  — 369 554 345 714 1268
Regular 2 391 538 364 755 1293
Serverless  Regular1  1:1 369 (0%) 523 (-6%) 299 (-13%) 668 (-6%) 1191 (-6%)
Regular 2 410 (+5%) 565 (+5%) 329 (-10%) 739 (-2%) 1304 (+1%)
Regular 1 2:1 334 (-9%) 400 (-28%) 221 (-36%) 555 (-22%) 955 (-25%)
Regular 2 420 (+7%) 541 (+1%) 234 (-36%) 654 (-13%) 1195 (-8%)
Regular 1 4:1 279 (-24%) 333 (-40%) 222 (-36%) 501 (-30%) 834 (-34%)
Regular 2 462 (+18%) 435 (-19%) 224 (-38%) 686 (-9%) 1121 (-13%)
180s Standard Regular 1 — 197 554 220 417 971
Regular 2 201 538 266 467 1005
Serverless  Regular1  1:1 231 (+17%) 423 (-24%) 211 (-4%) 442 (+6%) 865 (-11%)
Regular 2 253 (+26%) 414 (-23%) 224 (-16%) 477 (+2%) 891 (-11%)
Regular 1 2:1 220 (+12%) 346 (-38%) 216 (-2%) 436 (+5%) 782 (-19%)
Regular 2 269 (+34%) 406 (-25%) 217 (-18%) 486 (+4%) 892 (-11%)
Regular 1 4:1 233 (+18%) 342 (-38%) 215 (-2%) 448 (+7%) 790 (-19%)
Regular 2 279 (+39%) 408 (-24%) 221 (-17%) 500 (+7%) 908 (-10%)

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results

weights, are attributed to reduced contention and more
efficient resource usage, as discussed in Section 4.1.3.
In low-contention cases (i.e., 180-second delay), disk
contention is already minimal in the standard sce-
nario, so some overhead is expected when introducing
resource scaling. However, containers in the standard
scenario are limited to allocating half of the total avail-
able cores due to the static allocation policy enforced
by SLURM, regardless of the actual contention level.
In contrast, the serverless scenario is not subject to this
constraint, allowing for a more flexible and efficient use
of resources overall, especially during compute phases.
When containers run with equal priority (i.e., identical
weights), the low-contention results show that, despite
an overhead when reading, improvements during the
compute and writing phases result in an overall perfor-
mance gain of 11% for both containers. The unexpected
improvement when writing is again due to the inher-
ent advantage of the first container, which allocates
resources earlier, thereby desynchronising the writing
phases of the workloads. Increasing the weight for the
first container further benefits its workload, achieving
up to a 19% reduction in total runtime, while the per-

formance of the second container remains largely unaf-
fected. This more modest improvement compared to
the high-contention executions is reasonable, as the bal-
ancer only affects those scenarios where workloads are
actively competing for shared resources.

To illustrate a representative example from this set
of experiments, Fig. 10 shows the I/O and CPU usage
over time for two regular mixed workloads executed
in the serverless scenario with no startup delay and a
2:1 weight ratio. The blue and orange lines represent
the allocation and usage, respectively, of I/O bandwidth
(subfigure a) and CPU (subfigure b) for the first con-
tainer, while the green and red lines show the same
metrics for the second container. As shown in the I/O
usage plot, the first container receives more I/O band-
width until second 370 (600 MiB/s vs. 300 MiB/s) due
to the assigned weights, even though both start simul-
taneously. As a result, the first workload completes its
reading phase faster and starts to compute around sec-
ond 330 (see the CPU usage plot). From this point,
the second container fully uses the available I/O band-
width and completes its reading phase much faster. By
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Fig. 10 Resource usage of two concurrent regular workloads in the serverless scenario without delay and a 2:1 weight ratio

the time the second container enters its compute phase
(around second 430), the first has already made signifi-
cant progress in processing. The 2:1 ratio (around 2,100
CPU shares vs. 1,100 between seconds 450 and 800)

allows the first container to finish faster, subsequently
freeing up CPU resources. Similarly, when the second
container starts its writing phase, the first container has
already finished, allowing both to write to disk with-

Table 12 Runtimes for concurrent execution of a regular and a bursty workload without delay

Runtime (seconds)

Scenario Workload Weight ratio Read Compute Write Total I/0 (R+W) Total

Standard Regular — 265 551 261 526 1077
Bursty 278 495 291 569 1064

Serverless Regular 1:1 303 (+14%) 365 (-34%) 355 (+36%) 658 (+25%) 1023 (-5%)
Bursty 428 (+54%) 389 (-21%) 417 (+43%) 845 (+49%) 1234 (+16 %)
Regular 2:1 292 (+10%) 351 (-36%) 310 (+19%) 602 (+14%) 953 (-12%)
Bursty 427 (+54%) 421 (-15%) 428 (+47%) 855 (+50%) 1276 (+20%)
Regular 4:1 296 (+12%) 340 (-38%) 319 (+22%) 615 (+17%) 955 (-11%)
Bursty 371 (+33%) 421 (-15%) 458 (+57%) 829 (+46%) 1250 (+17%)

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results
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out contention due to the resource desynchronisation
caused by the uneven weighted approach.

5.5.2 Concurrent Regular and Bursty Workloads

The results of running a regular and a bursty work-
load concurrently in separate containers are shown in
Table 12. Unlike the previous experiments, only exe-
cutions with no delay are evaluated, as this represents
the worst-case scenario for our serverless approach.
The inherent resource fluctuations of the bursty work-
load create an overall low-contention scenario, So intro-
ducing a startup delay simply modulates the overlap
between the phases of the workloads. While this may
affect specific results, it does not significantly alter the
overall findings of these experiments. In the standard
scenario, I/O times are not greatly affected by concur-
rency compared to isolated execution (see Table 10),
due to the low disk contention in these experiments.
However, compute times remain constrained by the
static CPU allocation. At first glance, the results in the
serverless scenario show that the total runtime of the
first container (the regular workload) always decreases,
while that of the second container (bursty) increases.
Conversely, I/O times tend to increase for both contain-
ers, reflecting the limited benefit of I/O scaling under
low disk contention. Without prioritising one container
over the other, the first workload experiences some per-

formance loss in I/O, but this is offset by a significant
reduction in compute time, resulting in a total runtime
reduction of 5%. In contrast, the second workload expe-
riences a more pronounced degradation in I/O perfor-
mance; despite a reduction in compute time, the total
runtime increases by 16%. In fact, this is the worst-
case scenario for the serverless approach, as it faces
constant scaling up and down due to the bursty work-
load, along with continuous adjustments of the balanc-
ing system to redistribute resources evenly. As a result,
the second workload incurs significant overhead while
the first benefits only marginally. Increasing the weight
assigned to the first container improves its I/O perfor-
mance, as it no longer has to share bandwidth equally
with the second container. Combined with a reduction
in compute time, this results in a total runtime reduction
of up to 12%. As expected, due to its lower priority, the
overall performance of the second container degrades
further. Nevertheless, its total runtime only increases
from 16% up to 20% compared to the equally weighted
case. This higher penalty is offset by the greater gain
achieved by the first container.

In summary, these results show that bursty work-
loads are still a challenge for serverless environments,
as overheads increase significantly. Nevertheless, a
serverless approach can still offer advantages over the
standard scenario, mainly due to resource underutilisa-
tion caused by static CPU allocation.

Table 13 Runtimes for concurrent execution of a regular and a random workload without delay

Runtime (seconds)

Scenario Workload Weight ratio Read Compute Write Total I/O (R+W) Total

Standard Regular — 238 554 195 433 987
Random 441 554 181 622 1176

Serverless Regular 1:1 359 (+51%) 475 (-14%) 230 (+18%) 589 (+36%) 1064 (+8%)
Random 490 (+11%) 502 (-9%) 283 (+56%) 773 (+24%) 1275 (+8%)
Regular 4:1 279 (+17%) 353 (-36%) 216 (+11%) 495 (+14%) 848 (-14%)
Random 476 (+8%) 446 (-19%) 196 (+8%) 672 (+8%) 1118 (-5%)
Regular 10:1 271 (+14%) 329 (-41%) 235 (+21%) 506 (+17%) 835 (-15%)
Random 471 (+7%) 450 (-19%) 242 (+34%) 713 (+15%) 1163 (-1%)
Regular 1:4 606 (+155%) 516 (-7%) 213 (+9%) 819 (+89%) 1335 (+35%)
Random 474 (+7%) 373 (-33%) 240 (+33%) 714 (+15%) 1087 (-8%)
Regular 1:10 625 (+163%) 465 (-16%) 224 (+15%) 849 (+96%) 1314 (+33%)
Random 429 (-3%) 336 (-39%) 203 (+12%) 632 (+2%) 968 (-18%)

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results

@ Springer



18 Page 26 of 35

Journal of Grid Computing (2026) 24:18

5.5.3 Concurrent Regular and Random Workloads

These experiments, summarised in Table 13, involve
running a regular and a random workload concurrently
in separate containers. These workloads are executed
without delay to simulate a high-contention scenario,
while different weight ratios are evaluated to compare
prioritisation of sequential versus random I/O. Com-
pared to isolated execution (see Table 10), sequential
read performance in the standard scenario is largely
unaffected by concurrency, whereas random perfor-
mance drops sharply. This outcome is expected, as
sequential requests dominate disk usage and starve ran-
dom I/O. As a result, the regular workload finishes its
reading phase much earlier, causing desynchronisation,
and both workloads complete their writing phases with-
out contention, explaining the absence of overhead in
writing times. Compute times mirror those reported in
Table 11, where CPU usage is limited to half the allo-
cation due to the lack of dynamic scaling.

In contrast, the serverless scenario with equal
weights introduces a significant overhead for the reg-
ular workload during reads (+51%), while slightly
increasing the random read overhead (+11%). This
is consistent with the findings of Section 5.4: fair-
ness enforcement can boost random bandwidth during
contention and prevent starvation, but at the cost of
overall performance. As a result, both reading phases
take longer, as the slowed sequential progress extends
the contention period. From a runtime perspective, it
may be preferable to let the random workload ini-

tially starve, allowing the sequential workload to finish
quickly and release the disk. However, this approach
is unfair to shorter random jobs or interactive tasks
that require a stable amount of bandwidth. The server-
less mechanism instead offers a way to mitigate such
random I/O starvation by enforcing fairness. Com-
pute times are slightly improved under serverless due
to better CPU usage, but writing times increase for
both workloads because fairness keeps them synchro-
nised, causing contention during writes. Increasing the
weight of the regular workload progressively (4:1 and
10:1) reproduces the prioritisation effect of the stan-
dard scenario, albeit with some I/O overhead from
scaling. Compute times decrease significantly, up to
41% for the prioritised container, and overall runtime
reductions are achieved (up to 15%), mainly due to
improved CPU usage. Reversing the weights (1:4 and
1:10) to prioritise the random workload has the oppo-
site effect. Sequential reading times increase sharply
(+155% and +163%), while random reads increase
slightly with 1:4 (+7%) and decrease with 1:10 (-3%).
Consequently, the random workload completes its read-
ing phase before the regular workload at the cost of
severely degrading sequential read performance. This
creates desynchronisation, exacerbated by the uneven
CPU distribution. Ultimately, the random workload
achieves a runtime reduction of up to 18%, while the
regular workload experiences an increase of up to 35%.

To sum up, these experiments highlight the trade-
offs between fairness and performance in concur-
rent sequential and random I/O. Sequential streams

Table 14 Average runtimes for concurrent execution of regular mixed workloads across an increasing number of containers, each

starting with a 30-second delay

Average runtime (seconds)

# Cont Scenario Read Compute Write Total I/O (R+W) Total

1 Standard 85 147 87 172 319
Serverless 92 168 102 194 362 (+13%)

2 Standard 124 293 121 245 538
Serverless 148 289 121 269 558 (+4%)

4 Standard 226 586 177 403 989
Serverless 243 469 169 412 881 (-11%)

8 Standard 441 1176 283 724 1900
Serverless 434 892 212 646 1538 (-19%)

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results
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naturally starve random workloads, which can opti-
mise overall runtimes by desynchronising resource
usage, but can lead to unfair scenarios for shorter
or interactive random I/O jobs. The weighted server-
less approach provides greater flexibility: prioritising
sequential workloads reproduces the efficient beha-
viour of the standard scenario, while prioritising ran-
dom workloads sacrifices overall bandwidth but pre-
vents starvation of random I/O and enhances fairness
during contention.

5.6 Scalability Evaluation

The goal of the following experiments is to assess the
scalability of the serverless approach as the number of
concurrent workloads (i.e., containers) increases, since
previous experiments were limited to at most three con-
tainers. To this end, both the standard and serverless
scenarios are evaluated while progressively increasing
the number of concurrent containers up to eight. In
both scenarios, each container executes a regular RCW
workload with a 30-second staggered start delay. To
simplify the analysis, all containers in the serverless
scenario are configured with equal weights. Storage is
provided by the same two-disk LV used throughout the

evaluation (see Table 3). To keep execution times within
reasonable bounds, the regular workload configuration
(see Table 9) is reduced to 60 GiB of read I/0, 60 GiB
of write I/O, and a factorial computation of 3.5 x 100.

The results obtained are summarised in Table 14,
which reports the average runtime of each phase across
all concurrent containers using the standard scenario
as the baseline. With a single container, the server-
less scenario incurs some minor overhead, amplified by
the relatively short workload phases for these experi-
ments compared to previous ones. Specifically, aggre-
gated 1/O, compute, and total runtime each show an
overhead of around 13%. When increasing the number
of concurrent containers, average reading times ini-
tially rise, but later tend to decrease, while compute
and writing times consistently improve. This reflects
a desynchronisation effect, where the first containers
benefit from earlier resource allocation, combined with
improved CPU utilisation. The effect becomes more
pronounced as the number of containers grows: in the
eight-container case, compute and writing times are
reduced by about 25% on average, resulting in a 19%
total runtime reduction.

Figure 11 shows a heatmap of the eight-container
executions, illustrating the duration of individual phases
for each container. It also reports the start time (in sec-
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Fig. 11 Phase durations for the regular workload across eight concurrently running containers
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onds) of every container, highlighting that even when
the last container begins execution (r = 210), the first
is still in its reading phase, although only for a few
seconds in the serverless scenario. Overall, the stan-
dard scenario exhibits irregular I/O times: the first three
containers achieve better read and significantly better
write performance than later ones, as they start ear-
lier and face less contention during reads. In contrast,
later containers must compete with both earlier starters
and delayed arrivals. Container 4 is the most penalised,
positioned in the middle. The advantage of the first
three containers allows them to write with reduced con-
tention (or none at all for container 3), while later con-
tainers suffer from intense contention during writes. In
the serverless scenario, the first container substantially
reduces reading and compute times, but this comes at
the cost of a significant increase in writing time, as now
it partially overlaps with the reading phases of delayed
containers. Even so, it achieves a significant 53%
reduction in total runtime. For subsequent containers,
reading times remain close to the standard scenario,
but all reduce their compute times since the first con-
tainer is no longer competing for CPU resources. Write
performance also improves for most containers (up
to 72%), with some exceptions: the second container,
which faces minor scaling overheads despite no con-
tention, and the third, which now experiences some
contention compared to the standard scenario. Overall,
all containers reduce their total runtimes by 7% to 53%,
yielding the average reduction of 19% reported in the
last row of Table 14.

In summary, these experiments demonstrate that the
combined serverless approach (CPU and 1I/O) scales
effectively to larger numbers of concurrent containers.
Moreover, performance can sometimes improve due to
better CPU utilisation and desynchronisation effects,
where early starters gain a temporary resource advan-
tage.

Table 15 Hot-extension results in different scenarios

5.7 Evaluation of Hot-extension

The hot-extension mechanism described in Section 4.2
is evaluated by running a single regular workload
within a container that initially relies on a single-disk
LV as underlying storage. During execution, the LV is
dynamically extended by adding two new disks dur-
ing the reading phase, resulting in a three-disk LV (see
Table 3 for the expected performance). Three differ-
ent cases of hot-extension are tested: 1) early immedi-
ate extension, performed during the reading phase at
approximately second 120; 2) late immediate exten-
sion, also during the reading phase, but at around sec-
ond 300; and 3) deferred extension, triggered at around
second 120 but automatically postponed until our sys-
tem detects a drop in I/O usage (i.e., after the reading
phase is complete, thus potentially overlapping with the
compute phase). The regular workload was also exe-
cuted under the standard scenario, where hot-extension
is not available, using the initial single-disk LV to
establish a baseline. The configuration parameters for
the serverless approach, including those specifically
related to LV extension, are reported in Table 2. For
these experiments, the regular workload I/O configura-
tion is increased to 294 GiB of read I/O and 171 GiB
of write I/O, while the factorial computation remains
at5 x 10°.

Table 15 shows the results obtained. In the early
immediate case, the LV extension finishes during the
reading phase, temporarily limiting its performance but
increasing the available bandwidth for the remainder of
the phase, resulting in a modest 8% reduction in read-
ing time. Compute time is unaffected, aside from a 12%
scaling overhead, and writing time decreases signifi-
cantly by 60%, yielding a 29% reduction in aggregated
I/O and a 21% reduction in total runtime. In the late
immediate case, the extension is also completed dur-
ing the reading phase, but too late to provide any ben-

Runtime (seconds)

Scenario Read Compute Write Total I/O (R+W) Total
Standard 612 268 414 1026 1294
Serverless (early immediate) 562 (-8%) 299 (+12%) 167 (-60%) 729 (-29%) 1028 (-21%)
Serverless (late immediate) 700 (+14%) 306 (+14%) 177 (-57%) 877 (-15%) 1183 (-9%)
Serverless (deferred) 634 (+4%) 301 (+12%) 172 (-58%) 806 (-21%) 1107 (-14%)

Notes: The bolded values are used to visually highlight the most relevant results in each experiment and to facilitate the interpretation

of the evaluation results
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Fig. 12 1/0 usage running a single regular workload in different scenarios while hot-extending the underlying LV

efit, and instead causes a 14% degradation in read per-
formance. Compute and writing times remain largely
unchanged compared to the early extension case, result-
ing in a total runtime reduction of around 9%. In con-
trast, in the deferred case, reading and compute times
are only affected by scaling overheads compared to the
standard scenario, while writing time improves simi-
larly to the immediate cases, resulting in a 21% and
14% reduction in aggregated I/O and total runtime,
respectively. In other words, by avoiding interference
with the reading phase, the extension overlaps with
the compute phase, significantly benefiting the writ-
ing phase and providing a balanced trade-off between
the two immediate cases.

Figure 12 depicts two hot-extension executions:
early immediate extension (subfigure a) and deferred
extension (subfigure b). It shows the I/O usage for
the standard scenario (blue line) alongside the band-
width allocation and I/O usage for the serverless sce-
nario (green and red lines). In the standard scenario,
the workload is constrained by the maximum read and
write bandwidth of the single-disk LV: around 520 and
430 MiB/s, respectively (see Table 3), resulting in the
slowest execution due to the inability to hot-extend the

LV in this scenario. In the early immediate case (subfig-
ure a), the container initially reads from the single-disk
LV at maximum speed (520 MiB/s). At around second
120, the extension process begins, during which our
scaling mechanism temporarily limits the bandwidth
of the container. Once the extension is complete at
around second 380, the restriction is lifted and the con-
tainer benefits from the increased available read band-
width (up to 1,600 MiB/s), speeding up the reading
phase, which finishes at around second 560. After the
compute phase, the writing phase takes advantage of
the increased write bandwidth available (up to 1,300
MiB/s). In the deferred case (subfigure b), the reading
phase is limited to the single-disk LV, as in the standard
scenario, because the extension is delayed until a drop
in I/O usage is detected, which occurs at around sec-
ond 630 when the compute phase begins. As a result,
the extension process overlaps without affecting the
workload, allowing the writing phase to be significantly
accelerated, similar to the early immediate case.

In summary, these results show that the hot-extension
mechanism provides significant improvements when
workloads exploit the increased bandwidth for signif-
icant portions of their I/O time. Immediate extension,
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Fig. 13 Resource usage of the TSBS benchmark in the standard scenario without concurrency

despite its temporary interference, can be beneficial
when applied early in I/O stages, but may lead to perfor-
mance degradation when applied later. Deferred exten-
sion, by waiting for a more opportune moment, pro-
vides a safer and more consistent strategy, especially
when workload duration is uncertain. Consequently,
the decision-making algorithm presented in Section 4.2
adds flexibility and robustness by automatically consid-
ering LV usage together with configurable thresholds
and timeouts to determine when the extension should
be performed.

5.8 Evaluation with Real Workloads

This section concludes the evaluation by executing real-
world workloads instead of synthetic ones, in order to
assess the I/O scaling mechanism under real conditions.
Since these applications typically rely on buffered I/O
rather than direct I/O, cgroups v2 support is required for
our mechanism to effectively control their I/O activity.
Therefore, this evaluation is conducted on Testbed 2

(see Table 1), which provides cgroups v2 support. The
SSD disk available in this node delivers approximately
700 MiB/s of sequential read bandwidth, 400 MiB/s
of sequential write bandwidth, 120 MiB/s of random
read bandwidth, and 50 MiB/s of random write band-
width. The configuration parameters used for the scal-
ing mechanism and its related components are largely
consistent with those presented in Table 2, with cer-
tain adjustments aimed at making the scaling behaviour
more conservative and reducing hysteresis effects. In
particular, smaller scale-up increments (approximately
20%) were employed, together with an increased num-
ber of underutilisation windows (12) required to trigger
scale-down operations.

The applications evaluated are the Time Series Bench-
mark Suite (TSBS) [46] and the TeraSort benchmark.
TSBS evaluates the performance of a MongoDB
database [47] by performing data insertion opera-
tions followed by query execution. TeraSort measures
system performance through a large-scale data sort-
ing benchmark, executed using Apache Spark [48] as
the data processing engine. Both workloads are 1/O-
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Fig. 14 Resource usage of the TeraSort benchmark in the standard scenario without concurrency
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intensive: TSBS inserts an input dataset of approx-
imately 30 GiB and subsequently executes a set of
queries, whereas TeraSort operates on an input dataset
of 25 GiB. TSBS exhibits a two-phase execution pat-
tern: an initial insertion phase with moderate to high
CPU utilisation, moderate read activity, and high write
activity, followed by a query phase characterised by
high CPU utilisation and negligible I/O activity. In con-
trast, TeraSort typically comprises three phases: a short
initial phase with high read activity, followed by a sec-
ond phase with moderate CPU usage and high write
activity, and a final phase with moderate CPU usage,
high write activity, and low read activity.

Figures 13 and 14 illustrate the non-concurrent exe-
cutions under the standard scenario, highlighting on
the Y-axis the CPU usage (blue lines) and I/O activ-
ity (orange and green lines) exhibited by both appli-
cations. Figure 13 shows that the insertion phase of
TSBS accounts for roughly half of the total runtime
(around 250 seconds), with the query phase occupy-
ing the remainder. Figure 14 indicates that the first and
second phases of TeraSort each last around 50-60 sec-
onds, whereas the third phase dominates the overall
execution time.

Table 16 reports the total runtimes of the bench-
marks executed in isolated containers (i.e., without
concurrency) under the standard and serverless sce-
narios. A third scenario, using BFQ, is included as
a weighted baseline for comparison with the server-
less approach. The results indicate that the overhead
remains limited for TSBS under both weight-based
approaches. For TeraSort, BFQ reduces the runtime by
17%, whereas the serverless configuration increases it
by 9%. To complement these results, Fig. 15 presents a

Table 16 Runtimes for real workloads executed separately

Workload Scenario Runtime (seconds)
TSBS Standard 561
BFQ 573 (+2%)
Serverless 592 (+6%)
TeraSort Standard 622
BFQ 515 (-17%)
Serverless 678 (+9%)
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Fig. 15 Runtime distribution for real workloads executed sepa-
rately

box plot illustrating the distribution of runtimes across
repeated runs for each workload and scenario. Consis-
tent with the tabulated results, the observed overheads
for TSBS relative to the standard scenario remain lim-
ited across repetitions. For TeraSort, BFQ generally
achieves improved runtimes, whereas the serverless
configuration represents the worst-case outcome. Over-
all, performance remains relatively stable, with only
minor variability between runs and no substantial dis-
persion across scenarios.

Table 17 presents the results obtained when both
benchmarks run concurrently, without start-time delays,
in separate containers. Under equal-weight configu-
rations, both BFQ and serverless introduce moder-
ate overhead for TSBS (36% and 25%, respectively),
whereas TeraSort remains close to the standard sce-
nario and even exhibits a slight improvement for BFQ.

Table 17 Runtimes for concurrent execution of real workloads
without delay

Scenario Workload ~ Weightratio  Runtime (seconds)

Standard TSBS - 1325
TeraSort 1411

BFQ TSBS 1:1 1805 (+36%)
TeraSort 1297 (-8%)
TSBS 8:1 1528 (+15%)
TeraSort 1425 (+1%)

Serverless TSBS 1:1 1654 (+25%)
TeraSort 1522 (+8%)
TSBS 8:1 658 (-50%)
TeraSort 1598 (+13%)

Notes: The bolded values are used to visually highlight the most
relevant results in each experiment and to facilitate the interpre-
tation of the evaluation results

Notes: The bolded values are used to visually highlight the most
relevant results in each experiment and to facilitate the interpre-
tation of the evaluation results
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Fig. 16 Runtime distribution for real workloads executed con-
currently without prioritisation

This behaviour is explained by the more demanding I/O
profile of TSBS, which continuously consumes both
read and write bandwidth during its insertion phase.
In contrast, TeraSort primarily issues write operations
during its longest phase, resulting in a less balanced
and more sequential I/O demand profile. BFQ and the
serverless approach were also evaluated using a weight
ratio of 8:1 in favour of TSBS. This aggressive prioriti-
sation aims to complete the insertion phase of TSBS as
early as possible, thereby freeing disk resources. It also
allows its CPU-bound query phase to overlap with the
largely I/O-bound execution of TeraSort. Under this 8:1
configuration, BFQ mitigates the previously observed
overhead for TSBS while maintaining performance for
TeraSort comparable to the standard scenario. How-
ever, despite the applied weight ratio, BFQ does not
yield a noticeable performance advantage for TSBS as
one might expect, likely due to its complex and mixed
I/O profile. In contrast, our serverless approach signifi-
cantly reduces the TSBS runtime by 50%, while intro-
ducing only a minor overhead for TeraSort (13%). The
limited impact on TeraSort, despite its lower priority,
is consistent with its execution profile: although its I/O
bandwidth is constrained during the insertion phase
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Fig. 17 Runtime distribution for real workloads executed con-
currently with a 8:1 weight ratio favouring TSBS
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of TSBS, it can proceed without disk contention once
TSBS transitions to its CPU-bound query phase. These
improvements under the serverless scenario stem from
stricter I/O prioritisation through dynamic bandwidth
allocation, combined with aggressive CPU prioritisa-
tion aligned with the specified weight ratio.

Figures 16 and 17 present the box plots of the
runtime distributions for the concurrent experiments
under the equal-weight and 8:1 configurations, respec-
tively. Overall, the results appear more dispersed and
exhibit greater variability around their median values
compared with the isolated experiments. Under equal
weights (see Fig. 16), the standard scenario generally
yields the lowest runtimes for TSBS, while maintain-
ing completion times similar to those of TeraSort. BFQ
delivers strong performance for TeraSort, occasionally
surpassing the standard scenario, albeit at the cost of
increased runtime for TSBS. The serverless scenario
introduces some overhead for both workloads, yet it
results in a more balanced performance distribution,
with TSBS and TeraSort exhibiting closer runtimes
and thus more accurately resembling the proportional
balance observed in the standard scenario. Under the
8:1 ratio (Fig. 17), BFQ maintains similar runtimes for
both workloads despite the prioritisation. In contrast,
the serverless configuration consistently delivers sub-
stantially better performance for TSBS, while avoiding
severe performance degradation for TeraSort.

In summary, these results demonstrate that the
serverless mechanism effectively manages the exe-
cution of real-world workloads, including those with
complex I/O profiles and dependence on buffered
I/O. The observed overheads are comparable to those
recorded for synthetic workloads using direct I/O, indi-
cating consistent behaviour across diverse evaluation
scenarios. Furthermore, the weighted approach, which
combines CPU and I/O prioritisation, achieves sub-
stantial performance improvements over I/O-exclusive
mechanisms such as BFQ.

6 Conclusions

I/O bandwidth scaling can be a valuable feature for
user-shared infrastructures to mitigate disk contention
when data-intensive applications are executed concur-
rently. However, existing cluster resource managers do
not support this capability. In addition, many users
have moved to cloud serverless infrastructures for their
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ease of use, to avoid the costs and maintenance associ-
ated with on-premises hardware, and to benefit from
the pay-as-you-go billing model. Nevertheless, cur-
rent FaaS-based serverless offerings may not be well
suited for long-running, complex distributed work-
loads. While cloud providers typically offer server-
less storage solutions that can scale on demand, disk
I/O remains a limitation because such storage is often
provided over the network. Moreover, I/O bandwidth
is usually limited per cloud instance to prevent con-
tention, rather than being dynamically scaled to meet
demand.

In this paper, we have presented a serverless-like
scaling mechanism for disk I/O bandwidth alloca-
tion that dynamically adjusts the bandwidth avail-
able to containers based on their actual usage. Our
approach not only enables monitoring of actual usage
—potentially allowing users to be charged solely for
the bandwidth they consume— but also ensures that
containers receive the required allocation according to
their disk usage. In addition, read and/or write limits
can be set to throttle certain workloads and ensure QoS
for others. Dedicated strategies for managing random
I/O are also included to enhance fairness and prevent
starvation when random and sequential workloads exe-
cute concurrently. A weighted balancer has been imple-
mented to prioritise specific workloads, thereby reduc-
ing contention on shared disks and increasing overall
resource usage. A related feature is the ability to auto-
matically manage extensions of virtual devices, partic-
ularly hot-extensions, enabling running containers to
seamlessly benefit from increased storage performance
while minimising the performance impact of the exten-
sion process. Finally, our I/O scaling mechanism has
been integrated into an existing serverless platform that
also supports CPU and memory scaling, thus provid-
ing a comprehensive resource scaling solution. Accord-
ingly, the weighted balancer has been extended to sup-
port CPU and memory as well.

An extensive experimental evaluation was con-
ducted by running I/O-intensive workloads across var-
ious scenarios to assess the capabilities of our I/O
scaling approach and compare the average bandwidth
and runtime with those of non-serverless executions.
The results have revealed four main conclusions: 1)
the overhead introduced by the serverless execution
is minimal for relatively stable workloads, but can
degrade performance for burstier loads, as expected
due to the scaling operations; 2) the resource deconges-

tion achieved by the scaling, particularly when assign-
ing different weights to containers, is key to improv-
ing runtimes in highly contended scenarios; 3) fair-
ness enforcement for workloads performing random
I/O mitigates starvation when running concurrently
with sequential ones, with the trade-off of overall per-
formance; and 4) the hot-extension mechanism is a
powerful feature that can significantly enhance the per-
formance of running workloads with minimal interfer-
ence. Experimental results show runtime reductions of
up to 53% for concurrent workloads, and fairness levels
of up to 87% for random workloads.

Future work includes exploring oversubscription
techniques for scaling, enabling containers to temporar-
ily exceed their configured maximum or fall below
their minimum bandwidth limits, thereby improving
overall disk usage. Another promising direction is to
enhance the weighted balancer by adding automatic
and dynamic weight adjustment based on workload
consumption patterns. For example, bursty workloads
could be temporarily penalised to mitigate the overhead
introduced by frequent scaling operations.
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