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Abstract

Modern supercomputers increasingly host multiple data-intensive
jobs that compete for shared storage resources, leading to I/O in-
terference and performance degradation. Software-defined storage
(SDS) has emerged as a promising approach to ensuring holistic
storage Quality of Service (QoS), but existing solutions fail to meet
the requirements of today’s exascale supercomputers.

In this work, we empirically examine the limitations of state-
of-the-art SDS control planes. Based on our findings, we intro-
duce SHIO, a novel distributed and dependable hierarchical control
plane design tailored to the scale of modern exascale supercom-
puters. We also introduce a hierarchical proportional sharing algo-
rithm (Prosha), which balances and leverages the computational
resources across multiple controllers, improving scalability and
control latency while providing holistic storage QoS guarantees.

Our large-scale experiments, using up to 2,000 compute nodes
from the Frontera supercomputer, show that SHIO enables the
coordination of up to 100,000 data plane stages, demonstrating that
a scalable control plane is feasible for modern and next-generation
HPC systems. Furthermore, our novel design and algorithm enable
reducing the latency of control cycles from 1 second to 55 ms, a
17× improvement compared to state-of-the-art designs.

CCS Concepts

• Information systems→ Storage management; • Computer

systems organization→ Distributed architectures.
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1 Introduction

We have been witnessing a significant increase in the number
of nodes and the computational power of HPC supercomputers.
LineShine and El Capitan, with 20,480 and 11,520 compute nodes,
can deliver 2.198 and 1.809 exaFLOPS, respectively [24, 29]. Fugaku
stands out for its scale, comprising 158,976 nodes [13]. Operating
infrastructures at such a scale is challenging, especially when ensur-
ing Quality of Service1 (QoS) for up to thousands of simultaneous
user jobs running on these systems [36, 47].

The central problem this paper explores is how to achieve QoS
for storage I/O in exascale clusters. Modern supercomputers rely
on shared Parallel File Systems (PFS), such as Lustre, DAOS, GPFS,
and BeeGFS, which concurrently serve I/O requests from thousands
of jobs [4, 5, 10, 20]. As compute node count grows, the number of
simultaneous jobs accessing the PFS naturally increases, leading to
I/O contention, performance degradation, and even infrastructure
downtime [8, 12, 33]. This problem is intensified by the rise of
data-centric workloads, including deep learning and LLM training,
which stress the PFS’s data and metadata paths [6, 7, 9, 14]. While
numerous works aim to mitigate storage interference and guarantee
QoS for user jobs, they often fall short when faced with the demands
of large-scale HPC deployments.

Cloud computing environments face analogous challenges in
managing storage at scale, which have been addressed through
centralized orchestration platforms, such as Kubernetes and policy-
driven resource management systems [15, 16, 23, 39, 42]. However,
cloud-based control systems target virtualized infrastructures and

1By storage QoS, we refer to ensuring a target latency and/or throughput to jobs
simultaneously accessing shared storage resources, in our case, the PFS.
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assume elastic, on-demand resource provisioning. This does not
hold in HPC environments, where workloads are tightly coupled,
performance-sensitive, and run on bare-metal hardware with fixed
resource allocations [27, 36, 47]. When focusing on HPC require-
ments, we can categorize existing storage QoS solutions as follows.
From intrusive solutions. Systems, including GIFT [34], CAL-
CioM [12], and TBF [36], address storage performance variability
by modifying fundamental components of the HPC I/O stack. These
changes span I/O libraries, job schedulers, and the PFS itself, , which
are components that are complex, performance-critical, and tightly
coupled to the underlying infrastructure. Such intrusive modifi-
cations introduce considerable maintenance burdens and hinder
portability across HPC systems [26].
To static-based and individual control. Techniques such as
OOOPS [19] avoid system-level modifications by intercepting and
throttling POSIX requests at the job level. As these operate inde-
pendently per job, they lack global visibility (i.e., across multiple
jobs) and cannot ensure cluster-wide I/O coordination. Also, they
assume static operating conditions, ignoring the highly dynamic
nature of HPC workloads, where jobs continuously start and finish
with varying I/O patterns. As a result, individualized static-based
approaches lead to suboptimal resource utilization and are unable
to avoid I/O contention under dynamic environments [26].
Towards Software-Defined Storage (SDS). To overcome the
aforementioned limitations, SDS solutions provide non-intrusive,
dynamic, and coordinated control across HPC jobs, ensuring that
storage QoS policies are met at all times [21, 22, 26, 27]. Their design
is based on two decoupled planes of functionality: the data plane
and the control plane, as shown in Fig. 1a. The data plane consists of
middleware stages that run on the compute nodes, sitting between
the job and the PFS client. In this paper, we consider a design where
each compute node has a single stage mediating all I/O requests
from the job instance deployed there. Distributed jobs, with mul-
tiple instances running on different compute nodes, have a stage
managing I/O requests at each node. Stages transparently intercept
and rate-limit I/O requests according to policies defined by the
control plane (e.g., limiting I/O bandwidth and/or the number of
metadata operations submitted to the PFS). The control plane acts as
an independent service with cluster-wide visibility. It orchestrates
all stages by collecting metrics from these (➊), coordinating their
actions (➋) through control algorithms to ensure holistic storage
policies (e.g., I/O priority, fairness) across the HPC infrastructure,
and enforcing configuration rules across the system (➌).

While there is extensive research on how to build data plane
stages [16, 26, 28, 35], current solutions, either targeting cloud
computing or HPC infrastructures, leave the design of the control
plane as a future endeavor, especially in terms of its scalability. This
is an acknowledged challenge but poorly addressed and assessed,
for instance, with simple centralized or hierarchical designs that
are only tested with a small scale of data plane stages, far from real
deployments [16, 21, 22, 26, 42].

The main insight of this work is that the control plane and its control
algorithms must be carefully designed to efficiently and promptly
enforce holistic storage QoS policies for jobs running on large-scale
HPC systems with up to hundreds of thousands of compute nodes.

To achieve such a goal, we make the following contributions.
Limitations of existing control plane designs.We empirically
study the scalability of centralized (Fig. 1b) and hierarchical (Fig. 1c)
designs proposed by prior work [16, 21, 22, 26, 40, 42] on an HPC
supercomputer, revealing important trade-offs (§2.2). Centralized
designs suit only small-to-medium infrastructures (i.e., a few thou-
sand nodes), due to hardware constraints (e.g., a maximum number
of allowed connections) and control latency inflation caused by fun-
neling metric collection, computation, and enforcement through a
single controller. Hierarchical designs support larger infrastructures,
but intermediate network hops and centralized decision-making
introduce substantial delays, as lower-level controllers only act as
relays while the top-level controller remains a bottleneck.
New control plane design and control algorithm.Motivated
by these findings, we introduce SHIO (Scalable and holistic HPC
I/O management), an SDS control plane that decentralizes decision-
making across all levels of the hierarchy while providing global I/O
orchestration (i.e., system-wide storage QoS policies) across jobs
(§3). The key idea is that offloading computation to lower-level con-
trollers enables better usage of their available compute resources
and allows them to make autonomous decisions, without the in-
tervention of a top-level controller, sparing extra network hops
and reducing overall control latency (i.e., improving responsiveness
of the control plane to dynamic HPC workloads). Achieving this,
however, is not trivial and requires redesigning key components
and control algorithms of existing control planes.

Design-wise, SHIO introduces two abstractions: low-level cluster
controllers and a top-level global controller. Cluster controllers inde-
pendently compute and enforce storage policies for the data plane
stages under their responsibility. The global controller preserves
system-wide I/O orchestration by distributing available resources
across cluster controllers and coordinating stages belonging to the
same distributed job but managed by different cluster controllers.
Our design is fault-tolerant (i.e., failure of one or more controllers)
through a hot-swap primary-backup strategy. Further, we propose
Prosha, a new proportional sharing algorithm fitted for the hi-
erarchical design of SHIO, enabling cross-controller (global and
cluster) computation and coordination. Unlike state-of-the-art al-
gorithms [26], which require centralizing all control logic at the
global controller, Prosha delegates this logic across hierarchy lev-
els, enabling timely enforcement of QoS policies without incurring
the latency overhead of top-level aggregation.
Large-scale experiments and validation.We validate the perfor-
mance, scalability, and dependability of SHIO’s prototype through a
comprehensive experimental evaluation on the Frontera supercom-
puter, using up to 2,000 compute nodes, under both realistic and
synthetic workloads (§4). SHIO is the first storage I/O orchestration
solution validated at the scale of modern exascale HPC systems.
Results show that SHIO can leverage the computational capabilities
of the full hierarchy of controllers, efficiently orchestrating I/O on
a supercomputer and handling dynamic workloads with minimal
impact on job performance and low control latency. Notably, we
show that control latency can be reduced from 1 second (state-of-
the-art hierarchical designs) to 55 ms for a cluster of 100,000 data
plane stages. Under controller failures, SHIO quickly recovers with
minimal impact on QoS compliance.
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Table 1: Supercomputers of the Top500 rank, LINPACK performance

(petaFLOPS), number of nodes, and deployment year.

System Rank Rmax Nodes Year

LineShine [29] 1 2,198.40 20,480 2025
El Capitan [24] 2 1,809.00 11,520 2024
Frontier [30] 3 1,353.00 9,408 2021
Fugaku [13] 9 442.01 158,976 2020

MareNostrum 5 GPP [3] 61 40.10 6,480 2023
Frontera [41] 90 23.52 8,368 2019

2 Background and study

Next, we provide an overview of the HPC infrastructure landscape
and then examine the scalability and performance of state-of-the-
art control plane designs.

2.1 Modern HPC infrastructures

The Top500 [45] list (June 2026) ranks the world’s 500 most power-
ful supercomputers according to their performance on the LINPACK
benchmark [44]. To illustrate the scale of modern supercomputers,
Table 1 highlights some of these HPC systems.

LineShine [29] ranks first in the list, achieving 2.198 exaFLOPS.
Hosted at the National Supercomputing Centre in Shenzhen, it com-
prises 20,480 compute nodes. It is followed by El Capitan [24] (1.809
exaFLOPS) deployed at Lawrence Livermore National Laboratory
with 11,520 compute nodes and Frontier [30] (1.353 exaFLOPS) at
Oak Ridge National Laboratory with 9,408 nodes. Fugaku [13]
stands out for its scale. Despite reaching 442 petaFLOPS on the
LINPACK benchmark, it comprises 158,976 compute nodes, nearly
an order of magnitude more than the previous systems.2 Even petas-
cale systems, like MareNostrum 5 GPP [3] (40.10 petaFLOPS) and
Frontera [41] (23.52 petaFLOPS), operate with thousands of nodes
(6,480 and 8,368 nodes, respectively).

Overall, modern HPC systems commonly integrate thousands of
compute nodes, and this scale is expected to grow further. Interest-
ingly, all these systems provide shared storage resources, usually
through a PFS solution (e.g., Lustre, DAOS, GPFS), accessible by
all compute nodes where user jobs execute. Efficiently managing
and providing QoS for these shared storage resources remains a
pressing concern and an open research challenge [19, 25, 26, 34, 36].

2.2 Scalability issues of HPC controllers

While initially applied to cloud computing infrastructures, SDS
has recently been adapted to HPC systems by different research
works [16, 21, 22, 26, 27, 40, 42, 46]. These address the differences in
terms of infrastructure and software stack between cloud and HPC
(e.g., bare-metal access to servers, specialized hardware, libraries),
focusing on the data plane component and on providing transpar-
ent and general-purpose middleware techniques to intercept and
mediate I/O requests from HPC jobs before these reach the PFS.

As depicted in Fig. 1a, data plane stages, deployed alongside the
corresponding jobs on compute nodes, are oblivious to other jobs
and stages in the system. The control plane enforces global storage
policies (e.g., ensuring that the PFS’s maximum I/O bandwidth is

2Fugaku achieves exascale performance on different benchmarks, such as HPL-AI [37].
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Figure 1: High-level architecture of: (a) typical SDS design applied over

HPC infrastructures, (b) centralized control plane design with a single

controller, and (c) hierarchical control plane design with controllers

organized in a tree-based topology.

never exceeded while fairly sharing its resources among all jobs in
the system) by monitoring and coordinating all data plane stages. It
periodically collects I/O metrics, computes storage policy decisions
using control algorithms, and enforces configuration rules across all
stages. These control cycles are repeatedly executed to ensure that
storage policies are maintained even under workload variations.

Efficiently monitoring and coordinating tens to hundreds of
thousands of data plane stages (i.e., at the scale of modern HPC
infrastructures depicted in Table 1) remains a complex and over-
looked challenge. To better understand the current limitations of
SDS systems and their applicability to large-scale supercomputers,
we conduct an empirical study of control plane designs.
Designs and prototypes. State-of-the-art designs fall into two
categories, centralized and hierarchical. We implemented a repre-
sentative prototype for each, which we describe next.

The Centralized control plane is based on the state-of-the-art
Cheferd solution [26], where a single controller with system-wide
visibility orchestrates I/O workflows (e.g., data and metadata) for
all stages in the HPC system (Fig. 1b), a common design used in
other works [16, 42]. The control logic (i.e., control algorithms) is
implemented in a feedback control loop, where it continuously col-
lects metrics from stages (e.g., I/O bandwidth of the job’s instance),
verifies if QoS policies are being met, and computes and enforces
new storage rules for non-compliant stages.

The Hierarchical control plane extends the centralized prototype
by adding a new layer of sub-controllers (Fig. 1c), deployed across
different nodes (servers) and sitting between the top controller and
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(a) Centralized control plane. (b) Hierarchical control plane.

Figure 2: Average latency of control cycles for: (a) a centralized design

as the number of stages increases, and (b) a hierarchical design man-

aging 10,000 stages with an increasing number of sub-controllers.

the data plane stages. The top controller is responsible for imple-
menting and computing the control logic, while sub-controllers
collect and aggregate metrics from their set of stages, relay them
to the top controller, and then forward rules computed by the top
controller back to the stages. This design is followed by previous
work on hierarchical control planes [21, 22, 26, 40].

At the single controller (centralized design) and the top con-
troller (hierarchical design), a proportional sharing control algo-
rithm (i.e., proportional sharing without false allocation (PSFA)) man-
ages I/O resources among jobs [26]. PSFA allows assigning different
I/O rates (e.g., I/O bandwidth, metadata rate) to jobs, while guaran-
teeing that the maximum aggregated I/O rate supported by shared
storage resources (e.g., the PFS) is never exceeded. Also, the algo-
rithm considers each job’s actual I/O usage and redistributes unused
resources among active jobs to avoid waste.
Study goals.We assess the scalability of state-of-the-art control
plane designs at the scale of a 10,000-node HPC system, a size repre-
sentative of modern supercomputers (Table 1), where each compute
node hosts a single data plane stage. Specifically, we examine both
the hardware constraints that limit scalability and the impact of
design choices on control cycle latency at this scale.
Experimental setup. Experiments run on up to 200 compute nodes
of the Frontera supercomputer (see §4 for hardware specifications).
The deployment supports up to 10,000 data plane stages, matching
the target HPC system size for our study. Since exclusive access
to 10,000 nodes of a production supercomputer is infeasible, we
co-locate 50 stages per physical compute node, each operating
independently as if on a distinct node. To ensure the validity of our
results, we verify that this co-location does not saturate the node’s
resources, avoiding any interference in our results. Controllers are
deployed on dedicated compute nodes of Frontera.

We use a synthetic stress testing workload (Configuration B de-
tailed in §4), in which the control plane executes control cycles
continuously: collecting I/O metrics (i.e., data and metadata), com-
puting the PSFA algorithm, and enforcing rate-limiting rules at
all data plane stages in each cycle. The data plane stages produce
randomly generated metrics without issuing real I/O to the produc-
tion PFS, preventing interference with other users and disruption
to the supercomputer’s normal operation. Despite the synthetic
workload, each control cycle still requires collecting metrics from
all stages, computing the control algorithms, and enforcing rules
across stages, faithfully stressing the control plane designs at scale.
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Figure 3: Average control cycle latency for centralized and hierarchical

(with a single sub-controller node) designs managing 2,500 stages.

Results.We start by discussing results for the centralized control
plane and then analyze the hierarchical design.
A) Centralized. Fig. 2a shows the latency for the different phases of
a control cycle (i.e., metric collection, PSFA computation, and rule
enforcement), for an increasing number of stages: 50, 500, 1,250,
and 2,500. A single controller performs well in small- to medium-
scale infrastructures, achieving a control cycle latency of 40.40 ms
for 2,500 stages, with latency increasing proportionally with the
number of stages. Rule enforcement is the most demanding phase,
followed by computation and metrics collection. A single controller
is inevitably limited by scale, as its capacity is bound by the physical
limits of the underlying hardware on which it is deployed. In our
experiments, the node (server) where the controller is deployed
can handle only 2,500 concurrent network connections, which is
a limitation of Frontera’s networking equipment. This value may
vary, but similar constraints are inherent to other systems as well.

Observation #1. A centralized controller is suitable for small
to medium HPC infrastructures where SDS solutions must react
to I/O workload variations at the tens of milliseconds or larger
time windows. However, it is inherently limited in scale.

B) Hierarchical. Fig. 2b shows the control cycle latency for 10,000
stages, divided into equal-sized subsets assigned across 4, 5, 10, and
20 sub-controllers. For instance, with 4 sub-controllers, each must
manage 2,500 stages, meeting the hardware limit on network con-
nections discussed above. This setup can respond to workload vari-
ations within 102 ms. As the number of sub-controllers increases,
each manages fewer stages. Adding sub-controllers reduces the
number of stages each one manages and parallelizes metric collec-
tion/aggregation and rule enforcement, lowering the latency of the
collect and enforce phases. With 20 sub-controllers, control cycle
latency is kept below 70 ms. However, this comes with a trade-off,
as additional sub-controllers require extra servers and resources.

Observation #2.Hierarchical designs can scale to large systems
(10,000 stages) and respond to I/O changes within hundreds of
milliseconds. Adding more sub-controllers reduces latency, but
it requires extra resources (nodes) for these.

Adding sub-controllers requires an additional network round-
trip, as all aggregated metrics and enforcement rules must be for-
warded to/from the top-level controller. This is needed because, in
state-of-the-art designs, the top-level controller requires metrics
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from all data plane stages to run a centralized control algorithm
(PSFA in our case) to ensure global coordination across the full clus-
ter. Fig. 3 analyzes the latency overhead of having extra network
round-trips by comparing a centralized controller with a two-level
hierarchical design (1 sub-controller and 1 top-level controller),
both managing 2,500 stages. As expected, control cycle latency is
higher in the hierarchical design (≈12 ms, 30% overhead), affect-
ing mostly the collect and enforce phases. Notably, the compute
phase is faster in the hierarchical setup, a consequence of metric
aggregation being done at the sub-controllers.

Observation #3. State-of-the-art hierarchical control planes
rely on centralized control algorithms that run at the top-level
controller, requiring extra network round-trips and increasing
the latency of control cycles. Leveraging the computational
power of sub-controllers (e.g., for metric aggregation) allows
taking advantage of spare resources at these while reducing the
compute time phase at the top-level controller.

3 SHIO control plane

We propose SHIO, a hierarchical SDS control plane for manag-
ing storage QoS in large-scale HPC systems. It follows a two-level
hierarchy of controllers (a global controller and multiple cluster
controllers) where control logic is delegated across all levels, rather
than centralized at a single point. This design allows SHIO to scale
to the size of modern exascale supercomputers, enforcing QoS guar-
antees across thousands of compute nodes while keeping control
latency low. Building on the observations and takeaways of §2,
SHIO’s design is guided by the following core design principles.
Holistic and dynamic QoS control. SHIO maintains a global
view of the HPC infrastructure, enabling coordinated system-wide
storage policies across all jobs regardless of their placement. These
policies are continuously enforced and adjusted as jobs with varying
I/O demands enter and exit the system, ensuring QoS compliance
under the highly dynamic and volatile nature of HPC workloads.
Scalable and dependable design. SHIO adopts a hierarchical
design that scales to systems with tens to hundreds of thousands
of data plane stages. Further, it incorporates fault tolerance and
recovery mechanisms to ensure robustness and high availability in
large-scale deployments, where controller failures must be handled
transparently and with minimal impact on QoS compliance.
Control logic delegation. SHIO’s control logic is delegated across
all levels of the hierarchy, enabling cluster controllers to directly
manage jobs under their responsibility and reducing the burden on
the global controller.
Data plane integration. SHIO’s design and interface are built
to work in tandem with state-of-the-art data plane solutions [26],
ensuring transparent integration with existing HPC I/O stacks.

3.1 Overview and request workflow

Fig. 4 illustrates the high-level design of SHIO. It follows a hierar-
chical design, comprising a top-level global controller and multiple
sub-level cluster controllers, each assigned to a configurable subset
(cluster) of compute nodes at the HPC system. Data plane stages are
placed on each compute node, sitting between the job and the PFS
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controllers (a global controller and multiple cluster controllers).

client, and transparently intercept and mediate I/O requests. To-
gether, controllers and stages enforce storage QoS policies defined
by system administrators: for instance, ensuring that the aggregate
I/O submitted to the PFS never exceeds a global threshold, while
fairly sharing available bandwidth across all jobs. These policies are
translated by controllers into enforcement rules applied at the data
plane stage(s) of each job, such as rate limits on data and metadata
operations. Since a distributed job will span several compute nodes,
their stages must be coordinated coherently by the control plane.
Cluster controllers. Cluster controllers serve a dual role depend-
ing on the scope of the jobs they manage. For jobs whose stages fall
entirely within their assigned compute nodes, cluster controllers
operate autonomously: they collect I/O metrics from the corre-
sponding stages (➐), compute storage rules using local control
algorithms (➑), and enforce them directly (➒), without involving
the global controller. This avoids unnecessary network round-trips
and network hops on the critical path of control cycles and balances
computation evenly across the hierarchy.

For distributed jobs that span compute nodes assigned across
multiple cluster controllers, those controllers act as mediators: they
collect and aggregate I/O metrics from their stages (➋), forward
them to the global controller (➌), and disseminate the enforcement
rules computed by the global controller back to the stages (➏).
Global controller. The global controller assumes two comple-
mentary roles. First, it periodically and asynchronously distributes
resource shares among cluster controllers in a feedback control loop
(➀-➁-➂), ensuring that system-wide storage policies are respected
across the infrastructure. For instance, when enforcing a global I/O
bandwidth with fair sharing, the controller distributes available
bandwidth across all cluster controllers, each of which can then
independently manage its jobs’ stages within the allocated share.

Second, it directly manages distributed jobs whose stages span
multiple cluster controllers. In such cases, for example job1 in
Fig. 4, cluster controllers act as metric/rule forwarders and ag-
gregators (➌), while the global controller runs the feedback control
loop: collecting I/O metrics (➊-➌-➋-➌-➊), computing enforcement
rules (➍), and enforcing them across those stages (➎-➌-➏).
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Handling dynamic job allocation. In HPC systems, jobs enter
(new) and exit (finished) the system, while their compute node as-
signment is determined at scheduling time by a job scheduler (e.g.,
Slurm [48]). Consequently, SHIO dynamically determines, for each
job, whether its stages fall under the responsibility of a single clus-
ter controller (in which case the cluster controller manages them
independently) or span multiple controllers (requiring the global
controller’s intervention). The impact of this dynamic placement
on control plane performance is evaluated in §4.

3.2 Controller architecture and interfaces

SHIO’s global and cluster controllers share a common internal
architecture. Each controller comprises four main components: a
control center, a connection manager, sessions, and interfaces.
Control center. The control center is the core of each controller. It
maintains storage policy information, including QoS targets, shared
resource limits, and job/user priorities, as well as topology informa-
tion mapping jobs to the compute nodes and data plane stages they
occupy. The global controller additionally tracks the set of cluster
controllers. Finally, the control center hosts control applications,
which implement the logic for collecting I/O metrics and computing
enforcement rules based on the active storage policies.
Connection manager and sessions. The connection manager
serves as the entry point for new connections, both from stages
joining as new jobs and from controllers connecting across hierar-
chy levels (e.g., a cluster controller connecting to the global, or a
backup controller registering with its primary). Once a connection
is established, the controller creates a dedicated session that serves
as the communication channel for all subsequent interactions.
Interfaces. Controllers expose two communication interfaces. The
northbound interface of the global controller receives storage policy
updates from system administrators, such as changes to global I/O
limits or job/user priorities. Its southbound interface connects to
cluster controllers and is used to distribute resource shares, collect
I/O metrics, and forward enforcement rules to jobs managed by
the global controller. Cluster controllers mirror this structure: the
northbound interface communicates with the global controller, while
the southbound interface collects metrics from and enforces rules at
the stages deployed on their assigned compute nodes.

3.3 Control applications

A control application is a component within the control center that
implements a feedback control loop: it continuously collects I/O
metrics from stages, computes compliance against storage policies
using a dedicated algorithm, and enforces the storage rules to satisfy
those policies. SHIO introduces three control applications (Fig. 4)
which together enable holistic QoS across the entire HPC system
while distributing computation across all levels of the hierarchy.
Governor. The governor is the core control application of SHIO,
running on every controller since both global and cluster controllers
may directly manage stages. It implements a feedback control loop
for the stages under its responsibility, and supports pluggable algo-
rithms that can be configured by the system administrator.

SHIO supports two algorithms. The first is a static algorithm
that assigns each job a fixed I/O limit (independently for data and

metadata operations), ensuring that shared storage resources (i.e.,
PFS) are never overloaded regardless of workload or system varia-
tions. The second is a proportional sharing algorithm (PSFA [26]),
which dynamically adapts each job’s I/O share over time based
on actual usage and system load, redistributing unused resources
among active jobs to avoid waste while maintaining a maximum
threshold on the aggregate operations submitted to the PFS.
Relay. The relay is a lightweight control application deployed ex-
clusively on cluster controllers. It acts as a proxy, aggregating I/O
metrics collected from data plane stages, forwarding them to the
global controller, and disseminating enforcement rules (received
from the global controller) back to the corresponding stages. Un-
like the governor, the relay performs no control computation; it is
solely responsible for relaying information on behalf of the global
controller for jobs whose stages span multiple cluster controllers.
Orchestrator. While each controller’s governor can independently
manage the jobs under its responsibility, this alone does not guaran-
tee that system-wide storage policies are respected (e.g., global I/O
at the PFS is not exceeded or jobs managed by different cluster con-
trollers receive a fair share of resources). The orchestrator, deployed
exclusively at the global controller, addresses this by periodically
and asynchronously distributing resource shares (e.g., I/O band-
width, metadata operations) among the governors of all controllers,
including the global controller’s own governor, ensuring compli-
ance with the system-wide orchestration objectives. SHIO supports
static and dynamic distribution strategies. The static approach di-
vides resources equally among all governors, while keeping this
allocation fixed over time (referred to as Uniform). For the dy-
namic approach, SHIO provides two algorithms: the first distributes
resources proportionally to the number of stages each governor
manages (referred to as Proportional_Uniform); the second is
the novel proportional sharing algorithm (Prosha) described next.

3.4 Prosha: Proportional demand-aware

hierarchical resource sharing

PSFA [26] is a proportional sharing algorithm that dynamically dis-
tributes I/O resources among jobs based on their priority, demand,
and actual usage. Each job is assigned a priority level, determined
by factors such as the submitting user or historical behavior, which
governs its share of the available I/O resources. When a job’s ac-
tual I/O usage falls below its allocated demand, unused resources
are redistributed among active jobs following a max-min fairness
strategy, avoiding waste while respecting priority ordering.

While effective at the job level, PSFA, like all algorithms de-
signed for centralized controllers, requires global state (namely,
the demand and usage of every active job in the system) to make
allocation decisions. In SHIO’s hierarchical design, running any
such algorithm centrally at the global controller would require all
metrics to be aggregated at the top level before any decision can
be made, reintroducing the latency overhead and centralization
problem that SHIO is explicitly designed to avoid (§2).

As such, our goal is not to introduce new QoS algorithms, but in-
stead to adapt well-established ones to operate under SHIO. Prosha
(proportional demand-aware hierarchical resource sharing) addresses
this by shifting the granularity of resource distribution from jobs
to controllers. Rather than allocating resources directly to jobs, it
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Algorithm 1 Proportional Demand-aware Hierarchical Resource
Sharing (Prosha)
Require: Max𝑅 = N ; Priority, Active, demand𝑝 > 0;

usage𝑝,𝑖 , nr_stages𝑝,𝑖 ≥ 0; 0 ≤ 𝜀 ≤ 1
1: {usage0,0; ... , usage𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦−1,𝐴𝑐𝑡𝑖𝑣𝑒−1},
2: {nr_stages0,0; ... , nr_stages𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦−1,𝐴𝑐𝑡𝑖𝑣𝑒−1}← collect ()
3: left𝑅 ←Max𝑅
4: for 𝑝 in [0, Priority−1] do
5: for 𝑖 in [0, Active−1] do
6: fair_share← 𝑙𝑒 𝑓 𝑡𝑅

𝐴𝑐𝑡𝑖𝑣𝑒−𝑖
7: demand_share←nr_stages𝑝,𝑖 ∗ demand𝑝
8: if usage𝑝,𝑖 ≤ demand_share then
9: threshold← (demand_share − usage𝑝,𝑖 ) ∗ 𝜀
10: rate←𝑚𝑖𝑛 (usage𝑝,𝑖 + threshold, fair_share)
11: else

12: rate←𝑚𝑖𝑛 (demand_share, fair_share)
13: rate𝑖 ← rate𝑖 + rate
14: left𝑅 ← left𝑅 − rate
15: total_usage← ∑𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦−1

𝑝=0
∑𝐴𝑐𝑡𝑖𝑣𝑒−1

𝑖=0 𝑢𝑠𝑎𝑔𝑒𝑝,𝑖

16: for 𝑖 in [0, Active−1] do

17: usage_proportion←
∑𝑃𝑟𝑖𝑜𝑟𝑖𝑡𝑦−1
𝑝=0 𝑢𝑠𝑎𝑔𝑒𝑝,𝑖

𝑡𝑜𝑡𝑎𝑙_𝑢𝑠𝑎𝑔𝑒
18: rate𝑖 ← rate𝑖 + (usage_proportion ∗ left𝑅 )
19: enforce ({rate0, ... , rate𝐴𝑐𝑡𝑖𝑣𝑒−1})
20: sleep (loop_interval)

distributes resource shares among the governors of all active con-
trollers, based on their aggregated job demands and actual usage.
Each governor can then independently run PSFA for the jobs under
its responsibility, within the share allocated to it, without requiring
further coordination with the global controller. This decomposi-
tion preserves the fairness and efficiency properties of PSFA while
eliminating the need for centralized global state.

In more detail, Prosha operates in three phases, executed at ev-
ery control cycle by the orchestrator at the global controller (Alg. 1).
Initialization. The algorithm begins by collecting, from all ac-
tive controllers, the number of data plane stages per priority level
(nr_stagesp,i) and their aggregate I/O usage (usagep,i) (L.1–2). The
total assignable rate leftR is initialized to MaxR , the maximum rate
that the shared PFS can reliably sustain (L.3).
Priority-aware allocation. Prosha then iterates over priority
levels and active controllers in order (L.4–5), computing for each
controller a fair_share (i.e., an equal slice of the remaining assign-
able rate) and a demand_share (i.e., the aggregate I/O demand of
that controller’s active stages at the current priority level) (L.6–7).

Lower-priority controllers are processed first, ensuring they
have a fair opportunity to claim available resources before higher-
priority demands are applied. For each controller, the algorithm
distinguishes two cases. If the controller’s current usage falls below
its demand_share, it may not yet be fully utilizing its allocation,
which is common given the volatile nature of HPC workloads. To
avoid underallocating in future cycles, the algorithm assigns a rate
slightly above current usage, computed as a fraction 𝜀 of the gap be-
tween demand_share and usage, not exceeding fair_share (L.8–10).
If the controller’s usage meets or exceeds its demand_share, it is
assigned the minimum of demand_share and fair_share, preventing
it from exceeding its demand (L.11–12). In both cases, the assigned
rate is deducted from leftR (L.13–14).

Leftover redistribution. After all priority levels have been pro-
cessed, any remaining rate in leftR is redistributed among all active
controllers proportionally to their aggregate usage (L.15–18). This
usage-proportional redistribution favors controllers that actively
consume resources, ensuring that spare capacity is not wasted but
directed to where it is most needed. Finally, the computed rates are
enforced across all controllers (L.19), and the algorithm sleeps for
loop_interval before beginning a new control cycle (L.20).

3.5 Control plane dependability

SHIO incorporates a fail-stop fault-tolerance model with recovery
mechanisms to ensure sustained QoS despite controller failures.
Importantly, control plane failure does not imply unavailability of
the HPC system; in the worst case, new jobs execute without QoS
enforcement, which is equivalent to most existing HPC systems
that lack storage QoS guarantees altogether. Jobs already running
will continue to follow their last enforced rules until they complete.
Fault model. SHIO considers a distributed system composed of a
global controller and multiple cluster controllers, where any con-
troller may experience a node-level crash fault, causing it to stop
processing requests and issuing orchestration commands. We as-
sume fail-stop behavior, meaning that once a controller crashes, it
ceases operation without producing incorrect outputs or arbitrary
behavior. Failures are detectable by backup controllers and the
model assumes that multiple controllers may fail simultaneously,
though Byzantine faults are outside the scope of this work. During
a failure interval, jobs may continue executing with outdated QoS
guarantees until the backup controller takes over.
Primary-backup design. SHIO adopts a primary-backup design
in which each controller is paired with a dedicated backup that
continuously monitors it via heartbeats. Upon detecting a failure,
the backup promotes itself to primary and resumes operation. To
ensure transparency, the backup assumes the failed primary’s net-
work address, making the failover invisible to the rest of the system.
This design applies uniformly to both the global and cluster con-
trollers. Moreover, given the high-end hardware and stability of
HPC infrastructures, we assume that a simple failure detection
mechanism is sufficient for our fault model, avoiding phenomena
such as split-brain. Nonetheless, handling more complex failure
scenarios is orthogonal to this work, and our design is compatible
with alternative failure detection strategies. For instance, if the
backup replica fails, an external daemon could automatically restart
or replace it. We defer this to future work.
Global controller failures.When the backup for the global con-
troller detects a failure, it faces two challenges. First, it must take
over the failed primary’s network address to maintain transparency
toward the cluster controllers previously connected to it. Second,
it must reconstruct the system state; specifically, which cluster
controllers, jobs, and data plane stages the failed primary was man-
aging. Under normal operation, the primary keeps the backup up
to date by notifying it of every new cluster controller connection,
acknowledged only after the backup registers it. The remaining
state (i.e., the jobs and stages under direct management) is recon-
structed at takeover time through a collection step in which the
backup queries all connected cluster controllers to determine which
jobs are currently executing and fall under its responsibility.
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Cluster controller failures. Failover for cluster controllers fol-
lows the same principles. Each cluster controller is paired with a
backup that monitors it via heartbeats and promotes itself upon
detecting a failure. The backup assumes both the upstream net-
work address (toward the global controller) and the downstream
network address (toward stages) of the failed primary, keeping all
other components unaware of the replacement. System topology is
similarly reconstructed via a collection step at takeover time.

It is important to remark that the recovery of global and cluster
controllers requires synchronizing light state (i.e., direct connec-
tions with other peers maintained by the failed controller). The
remaining, heavier state (i.e., full system topology, policies, jobs,
stages) is recovered from a collection operation to the peers. During
this step, controllers perform regular collect operations, thus pro-
viding the same scalability guarantees as under normal operation.

3.6 Implementation and deployment

We implemented a prototype of SHIO with ≈16K lines of C++ code3.
Communication between controllers and between the control plane
and the data plane stages is established through RPC calls, using
the gRPC framework (v1.67.0) [17].
Data plane integration. SHIO integrates with the PADLL data
plane [26], which deploys stages that transparently intercept POSIX
calls via LD_PRELOAD that enforce rate limiting rules defined by
the control plane before forwarding requests to the PFS.
System deployment and bootstrapping. SHIO controllers are
deployed on dedicated servers co-located with other HPC manage-
ment services such as job schedulers and monitoring systems. Data
plane stages are deployed directly on compute nodes alongside the
jobs they serve, where they intercept and mediate I/O operations.
Operationalworkflow. System administrators configure the global
controller with QoS constraints (such as maximum throughput lim-
its for data and metadata operations at the production PFS), and
control application settings, including resource demands per prior-
ity level. Cluster controllers receive control application settings at
initialization and inherit QoS constraints from the global controller
upon connecting to it. Data plane stages are deployed alongside
each job and assigned to a cluster controller at scheduling time.

4 Evaluation

Our evaluation seeks to assess the following questions:
• Can SHIO ensure QoS for large-scale clusters, with 10,000 nodes,
under realistic HPC I/O workloads (§4.1)?
• How does Prosha compare with other baselines (§4.1)?
• How does SHIO compare with state-of-the-art (SOTA) hierar-
chical designs that fully delegate coordination to the global con-
troller (§4.2)?
• Can SHIO scale to even larger clusters (up to 100,000 nodes)
under stress-testing workloads (§4.2)?
• How quickly can SHIO recover from failures, and what impact
does it have on QoS guarantees (§4.3)?

Experimental testbed. All experiments were conducted on mul-
tiple compute nodes of the Frontera supercomputer [41], each
equipped with two 28-core Intel Xeon processors, 192 GiB of RAM,

3SHIO is publicly available at https://github.com/dsrhaslab/shio.

a single 240 GiB SSD, and a Mellanox InfiniBand HDR-100 network
card, running CentOS 7.9 with the Linux kernel v3.10.
Collected metrics and workloads. Resource utilization metrics,
including CPU, memory, and network usage, are collected using
Remora [38]. Experiments run under two workload configurations.
Configuration A. Evaluates SHIO under settings representative of
a production environment. Governors execute control cycles (i.e.,
collect, compute, and enforce phases) every 1 second, and the or-
chestrator runs every 5 seconds, using one of the three supported
algorithms (i.e., Uniform, Proportional_Uniform, Prosha).

We consider two I/O workloads. The first workload (A1) models
a realistic HPC environment by reproducing the jobs and workload
patterns commonly found in production supercomputers. To devise
such a workload, we conducted three main steps. First, we analyzed
job traces collected over 1 year from Frontera and characterized
them by job size (number of compute nodes) and job duration. Sec-
ond, we collected I/O traces from four applications representative
of supercomputer workloads, namely two scientific (GROMACS [2]
and OpenFOAM [31]) and two AI training workloads (PyTorch [32]
training ResNet [18] and TensorFlow [1] training ShuffleNet [49]
on the ImageNet dataset [11]). Finally, we combined the job and I/O
traces to construct a workload that emulates Frontera’s production
environment, covering both single-node and multi-node workloads
(up to 1,024 nodes per job). The second workload (A2) comprises
jobs that continuously issue I/O operations at a fixed user-defined
rate, emulating persistent PFS saturation.

In both cases, I/O operations are replayed through a modified
version of PADLL [26] that accurately simulates I/O operation fre-
quency without issuing actual requests to the PFS. Since prior work
has shown that PADLL incurs low performance overhead, we do not
re-evaluate it. This approach ensures deterministic and reproducible
experimental runs across all setups, while accurately capturing the
I/O metrics (i.e., data and metadata IOPS) observed by the control
plane. More importantly, it avoids issuing real I/O requests to the
production PFS, preventing interference with other users and en-
suring that our experiments do not disrupt the supercomputer’s
normal operation.
Configuration B. Evaluates the performance and scalability of SHIO
under a stress-testing scenario. The control plane continuously
executes control cycles without interruption, while the data plane
stages generate randomly produced metrics. Despite the synthetic
nature of the metrics, each control cycle still requires collecting
metrics from all data plane stages (i.e., data and metadata IOPS),
computing the control algorithms, and enforcing rules across stages,
faithfully stressing the control plane at scale.
Deployment. The global and cluster controllers are deployed on
dedicated compute nodes of Frontera. Since exclusive access to a
supercomputer at the scale of tens to hundreds of thousands of
compute nodes is not feasible, we simulate larger deployments by
co-locating multiple data plane stages on each physical compute
node (i.e., 50 stages per node). Each stage instance operates inde-
pendently, as if deployed on a distinct compute node, reproducing
the logical behavior of a large-scale infrastructure. For instance,
our experiments simulating 100,000 nodes allocate 2,000 physical
compute nodes from Frontera, each hosting 50 stages. To ensure
the validity of our results, we verified that this co-location does not

https://github.com/dsrhaslab/shio
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Table 2: Average delay per job type (GROMACS, OpenFOAM, ResNet,

and ShuffleNet) across the evaluated setups: Static, Uniform, Propor-
tional_Uniform, Prosha, and Priority_Prosha. Results compare ex-

pected job execution times with measured runtimes.

Job Type Static Uniform
Prop.

Uniform
Prosha

Priority
Prosha

GROMACS [2] 73.75% 8.17% 3.60% 1.80% 1.55%

OpenFOAM [31] 31.21% 4.83% 4.47% 4.02% 0.43%

ResNet [18] 109.70% 6.15% 5.09% 1.45% 1.29%

ShuffleNet [49] 242.35% 111.01% 69.61% 34.88% 19.51%

saturate the node’s resources, thus avoiding interference with the
control plane measurements and the overall experimental results.

4.1 Large-scale QoS policy comparison

We start by showing SHIO’s ability to enforce global QoS storage
policies under realistic HPC workloads using Configuration A (A1)
on a cluster with 10,000 stages. We focus on managing storage
data requests (i.e., read(), write()) and set Max𝑅 to 190 GiB/s,
representing the system-wide limit for data operations that the PFS
can sustainably handle across concurrent jobs, which we define as
our QoS goal.
Experimental setup. Experiments are conducted on a system
simulating 10,000 nodes, with stages deployed across 200 physical
compute nodes. These are managed by a global controller and four
cluster controllers, each of the latter connected to 2,500 stages. We
consider six setups. In Baseline, jobs execute without any QoS en-
forcement, reflecting the default behavior of most supercomputers.
In Static, all governors assign each stage a fixed rate of 19.5 MiB/s
(derived from evenly splitting Max𝑅 across all stages) without the
orchestrator intervention. This represents a decentralized approach
to QoS enforcement that requires no global controller.

For the remaining four setups, governors use PSFA, while the
orchestrator applies different resource distribution algorithms, al-
lowing us to isolate the impact of each approach on overall QoS.

For Uniform, the orchestrator distributes Max𝑅 among the five
governors, assigning each a fixed rate of 38 GiB/s. In Proportional_
Uniform, each governor receives a share proportional to the number
of stages it manages (i.e., 19.5 MiB/s × nr_stages). In Prosha, the
orchestrator applies Prosha with uniform job priorities, assigning
each stage a demand of 19.5 MiB/s, but dynamically redistributes
unused I/O resources over time (§3.4). Finally, Priority_Prosha
also applies Prosha but assigns higher priority to ShuffleNet jobs
(specifically, a 5× demand boost to 97.5 MiB/s). We prioritize Shuf-
fleNet workloads because, as shown in Table 2, it is the most heavily
throttled job type, a consequence of producing a considerably larger
volume of data operations in the replayed traces.
Results. Fig. 5 depicts the aggregate I/O bandwidth usage for each
setup over a 90-minute experiment, while Table 2 reports the aver-
age runtime delay per job type relative to Baseline.

In Baseline, throughput exhibits significant variability and fre-
quent peaks exceeding the established 190 GiB/s system-wide PFS
limit, resulting in periods of both high throughput and underutiliza-
tion, and confirming the need for storage QoS guarantees. Static
eliminates these bursts and enforces a stable utilization pattern,
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Figure 5: I/O throughput collected at each controller’s governor over

a 90-minute experiment for the evaluated setups: Baseline, Static,
Uniform, Proportional_Uniform, Prosha, and Priority_Prosha. The
red line indicates the system-wide limit (190 GiB/s).

but at the cost of over-throttling jobs whose actual demand is well
below their assigned limit, resulting in average runtime delays
ranging from ≈31% to ≈242% across job types. Uniform reduces
these delays but still throttles jobs more aggressively than needed,
keeping system-wide utilization below the configured threshold.
Proportional_Uniform improves resource utilization further, yet
jobs remain unnecessarily constrained at times, as observed be-
tween the 80 and 90 minute marks, where active jobs are throttled
despite having available bandwidth in the system. In both cases,
the lack of demand-aware allocation leads to suboptimal resource
use, delaying job execution by up to ≈111%.

Prosha achieves a better balance, maintaining high overall uti-
lization while substantially reducing variability (compared to Base-
line) through dynamic allocation adaptation based on demand and
actual I/O usage, reducing both over- and under-provisioning in
most cases. However, ShuffleNet still experiences significant delays
(≈35%), as its demand is not differentiated from that of less intensive
jobs. Priority_Prosha addresses this directly: by assigning higher
priority to ShuffleNet, the I/O backlog visible in the 80-90 minute
window is reduced, and overall job delays decrease across all job
types, with ShuffleNet delays dropping to ≈20%.

Overall, these results show a clear progression: Static and
Uniform achieve stable throughput at the cost of excessive, demand-
-agnostic throttling (delays up to ≈242%). Proportional_Uniform



Middleware ’26, December 14–18, 2026, Tarragona, Spain Miranda et al.

improves utilization but still throttles jobs unnecessarily, whereas
Prosha substantially reduces these inefficiencies through demand-
aware allocation, though intensive workloads like ShuffleNet re-
main underserved (≈35% delay). Priority_Prosha resolves this
by prioritizing such workloads, cutting ShuffleNet’s delay to ≈20%.
Together, these results confirm that SHIO’s hierarchical design,
combined with Prosha and priority-aware resource distribution,
achieves effective and adaptive QoS enforcement at scale.

4.2 Scalability and job placement

We now evaluate SHIO’s scalability under stress-testing (Configura-
tion B), evaluating the effect of progressively delegating control re-
sponsibility from the global controller to the cluster controllers, and
the impact of increasing system scale up to 100,000 nodes.Governors
and the orchestrator use the PSFA and Prosha control algorithms,
respectively. Moreover, control cycle latency is the primary metric,
measuring the time a controller takes to collect metrics, compute
adjustments, and enforce rules (i.e., how quickly the control plane
can react to workload variations). We report latency for all con-
trol applications: orchestrator and governor at the global controller
(Fig. 6) and governor and relay at the cluster controllers (Fig. 7).
Experimental setup. We evaluate SHIO under 2 axes: control
responsibility distribution and system size, as depicted in Table 3.
For control responsibility distribution, we consider 5 setups. SOTA
corresponds to the state-of-the-art design of hierarchical control
planes, where all stages are coordinated by the global controller and
cluster controllers serve only as relays [26]. We then progressively
transfer stage management responsibility to the cluster controllers
(for instance, in 75-25, 75% of stages are managed by the global
controller and 25% are evenly handled by cluster controllers) up
to 0-100, where all stages are managed exclusively by cluster con-
trollers. These experiments allow validating scenarios in which
cross-cluster jobs are more or less prominent: in 0-100, each job’s
stages are contained within the compute nodes of a single cluster
controller, eliminating the need for global controller intervention.

We evaluate these distributions for system sizes ranging from
10,000 to 100,000 stages (each compute node runs 50 stages, result-
ing in 200 to 2,000 physical nodes). As the system grows, so does
the number of cluster controllers, with each fixed at 2,500 stages.
Results. Fig. 6 and Fig. 7 illustrate how the different setups and
system sizes affect the average control cycle latency, broken down
by control phase (i.e., collect, compute, enforce).
SOTA. When all stages are coordinated by the global controller,
control latency is dominated by the global controller’s governor
(Fig. 6b), which includes the time it takes cluster controllers to
forward metrics and enforcement rules through their relay appli-
cations (Fig. 7b). As expected, governor latency increases with the
number of coordinated stages, driven by the growing volume of
collected metrics and the higher computational complexity of the
control algorithm. Control latency ranges from 111.4 ms with 10,000
nodes to 952 ms with 100,000 nodes. Since each cluster controller
is always connected to 2,500 stages, regardless of system size, relay
latency remains stable at ≈42 ms across all configurations.
0-100.When control logic is fully delegated to cluster controllers,
latency is measurable at the orchestrator at the global controller
(Fig. 6a) and the cluster governors (Fig. 7a). As the system grows,

Table 3: Number of stages assigned to global and cluster controllers

across systems of 10K, 20K, 50K, and 100K stages, under five control

responsibility distribution setups (SOTA, 75-25, 50-50, 25-75, 0-100).

#Stages

(#Physical Nodes)

Control

Layer

Control Responsibility Setup

SOTA 75-25 50-50 25-75 0-100

10K
(200)

global 10K 7.5K 5K 2.5K 0
clusters (×4) 0 2.5K 5K 7.5K 10K
per cluster 0 625 1250 1875 2.5K

20K
(400)

global 20K 15K 10K 5K 0
clusters (×8) 0 5K 10K 15K 20K
per cluster 0 625 1250 1875 2.5K

50K
(1000)

global 50K 37.5K 25K 12.5K 0
clusters (×20) 0 12.5K 25K 37.5K 50K
per cluster 0 625 1250 1875 2.5K

100K
(2000)

global 100K 75K 50K 25K 0
clusters (×40) 0 25K 50K 75K 100K
per cluster 0 625 1250 1875 2.5K

the orchestrator manages more cluster controllers (i.e., collects and
computes more metrics), and its latency increases slightly, reaching
8.5 ms at 100,000 stages. Governor latency at the cluster controllers
remains stable at ≈55 ms across all system sizes, since each clus-
ter controller always manages the same number of stages (2,500).
Importantly, in this setup, the control cycle latency is determined
solely by the cluster controller governor, as the orchestrator op-
erates asynchronously and does not lie on the critical path. This
yields a control latency of 55.4 ms for a system of 100,000 stages.
Intermediate setups. In the 75-25, 50-50, and 25-75 configurations,
control cycle latency is jointly determined by the governors at both
the global and cluster controllers. The orchestrator maintains its
asynchronous behavior, and relay latency is subsumed within the
global controller’s governor control cycle. As more stages are dele-
gated to cluster controllers, the global’s governor latency decreases,
from 733.5 ms (75-25) to 205.6 ms (25-75) at 100,000 stages, while
cluster governors take on more responsibility and their latency in-
creases accordingly, from 13.3 ms (75-25) to 41 ms (25-75). Relay
latency decreases as fewer metrics and rules are forwarded to and
from the global controller, from 42.1 ms (75-25) to 20 ms (25-75).

A trend worth noting is that, for intermediate setups, governor
latency at cluster controllers slightly decreases as system size in-
creases. In 75-25, it drops from 17.9 ms at 10,000 stages to 13.3 ms
at 100,000 stages. This is a consequence of the orchestrator polling
behavior: as the system grows and control cycles become longer,
the orchestrator polls cluster controllers less frequently, reducing
synchronization overhead at those controllers. This effect dimin-
ishes as more control logic is delegated to cluster controllers, since
the orchestrator’s polling represents a smaller fraction of the overall
control cycle. In the 0-100 setup, where the orchestrator never
intervenes in stage management, this trend disappears entirely.
Takeaway.When all control logic is centralized at the global con-
troller, as in state-of-the-art designs, SHIO can intervene across
100,000 stages under 1 second. When control logic is fully delegated
to cluster controllers, SHIO reduces this to 55.4 ms, a 17× improve-
ment. In intermediate configurations, control latency for 100,000
stages ranges from 205.6 ms (25-75) to 733.5 ms (75-25), reflecting
the trade-off between the degree of delegation and the prevalence
of cross-cluster jobs in the workload.
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Figure 6: Average control cycle latency at the global controller for 10,000, 20,000, 50,000, and 100,000 stages under five control responsibility

distribution setups (SOTA, 75–25, 50–50, 25–75, 0–100). Results are reported for (a) orchestrator and (b) governor control applications.
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Figure 7: Average control cycle latency at a cluster controller for 10,000, 20,000, 50,000, and 100,000 stages under five control responsibility

distribution setups (SOTA, 75–25, 50–50, 25–75, 0–100). Results are reported for (a) governor and (b) relay control applications.

Table 4: Resource utilization (min–max) for CPU, memory, and net-

work at the global and cluster controllers.

Type Size CPU (%) Mem (MB) Tx (MB/s) Rx (MB/s)

Global

10K 0.05–1.50 40.9–92.1 0.06–1.13 0.05–0.86
20K 1.52–2.05 51.2–143.3 0.24–1.41 0.19–1.08
50K 1.83–2.37 60.7–296.9 0.06–1.46 0.05–1.12
100K 1.92–2.48 122.8–542.7 0.24–1.26 0.20–0.96

Cluster

10K 7.45–19.21 286.7–337.9 3.26–6.08 2.20–4.91
20K 4.64–17.98 133.1–358.4 1.50–5.51 1.33–4.70
50K 1.91–15.60 296.9–399.3 0.97–4.79 0.68–4.22
100K 0.92–12.19 276.4–440.3 0.32–3.27 0.32–2.97

Resource usage. Table 4 summarizes CPU, memory, and network
bandwidth usage of SHIO’s controllers across different system sizes,
reporting the minimum and maximum values observed during the
scalability and job placement experiments. Overall, SHIO imposes a
modest resource footprint, with CPU utilization peaking at ≈19% at
cluster controllers, memory consumption remaining below 600 MB
across all configurations, and network bandwidth staying under
7 MB/s and 5 MB/s for transmitted and received data, respectively.

Moreover, a notable trend is that CPU and network usage at
cluster controllers counterintuitively decrease as system size grows.
This is because larger systems have longer control cycles, so con-
trollers run fewer cycles within the same time frame, reducing the
frequency of metric collection, computation, and rule enforcement.

At cluster controllers, this effect is primarily driven by the orches-
trator’s polling behavior: although each cluster controller manages
a fixed number of stages and its control cycle is largely unaffected
by system scaling, the orchestrator polls them less frequently as the
system grows, reducing the associated communication overhead.

4.3 Controller failure recovery

When a controller fails, jobs continue to execute under potentially
outdated storage rules, which can compromise QoS compliance. We
evaluate the resilience of SHIO’s primary-backup design by assess-
ing the impact of one or more controller failures on QoS compliance
under realistic job workloads (A1) and sustained PFS saturation
(A2), using Configuration A. Experiments are conducted on a large-
scale cluster of 10,000 stages, enforcing a system-wide throughput
limit of 190 GiB/s (Max𝑅), with PSFA and Prosha running at the
governors and orchestrator, respectively.
Experimental setup. For each scenario, we compare two setups:
Baseline and With Faults, representing fault-free and faulty con-
ditions. We test multiple combinations of controller failures, termi-
nating a set of controllers every 3 minutes in the following progres-
sive sequence: (1) a single cluster controller, (2) the global controller,
(3) all cluster controllers, (4) the global controller together with a
single cluster controller, and (5) all controllers simultaneously. Each
primary controller is paired with a dedicated backup, and upon
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Figure 8: Throughput for workloads A1 and A2 under fault-free

(Baseline) and faulty scenarios (With Faults). Failure events are

represented by a number and marked with a red vertical line.

each promotion (i.e., fault of the primary), a new backup is launched
to maintain continuous dependability throughout the experiment.
Results. Fig. 8 depicts the throughput under each failure combi-
nation, marked with ➀ through ➄. Across all testing scenarios,
SHIO recovers quickly with minimal impact on QoS requirements,
as backup controllers resume normal operation within 1 to 2 sec-
onds of detecting a primary failure. During this short recovery
window, data plane stages continue enforcing the last rules issued
by the failed controller, preventing abrupt throughput disruption
and maintaining the system within a safe operating region until
the backup assumes control. Isolated failures of a single cluster (➀)
or the global controller (➁) have a negligible impact on through-
put, remaining virtually undetectable in the traces. Performance
deviations become more apparent when all cluster controllers fail
simultaneously (➂), and are further compounded when the global
controller fails alongside a cluster controller (➃). In the most ex-
treme case, where all controllers are terminated at once (➄), concur-
rent recovery processes introduce transient coordination overhead
before normal operation fully resumes, resulting in the most visible
(yet still short-lived) disruption to QoS compliance. Overall, work-
loadA2 is always reaching its QoS limit (190 GiB/s), making injected
faults almost imperceptible, resulting in the workload’s throughput
appearing as a nearly continuous line on the plot. For workload A1,
since it has more headroom below the QoS limit, small throughput
drops are noticeable but the impact remains almost negligible.

5 Related work

SHIO targets the scalability and dependability of SDS control planes
that enforce dynamic storage QoS across large-scale infrastructures.
We position it against prior work along four dimensions.
Centralized designs. IOFlow [42] introduces a centralized control
plane designed for small-to-medium data centers (i.e., tens to hun-
dreds of nodes), deferring the exploration of scaling for larger data
centers as orthogonal work. Crystal [16] implements a flat design
in which the control plane comprises multiple controllers, each
responsible for a distinct set of applications and storage policies.
Controllers can be dynamically provisioned or removed as new
applications and policies enter or leave the infrastructure. Since

each controller manages independent storage policies, none require
system-wide visibility or coordination among themselves. Further,
Crystal’s control plane is only evaluated with tens of stages. In con-
trast, SHIO provides system-wide, holistic control across all jobs
and controllers, while scaling to hundreds of thousands of stages.
Hierarchical designs. Prior systems, including CLARISSE [21],
SIREN [22], and Cheferd [26], propose hierarchical control planes
specifically designed for HPC infrastructures, but none are validated
beyond 1,024 stages. Across all these designs, control computation is
centralized at the top-level controller, which becomes a bottleneck
as the system grows. SHIO differs from these by distributing control
computation across all levels of the hierarchy, reducing control
latency and enabling scalability to hundreds of thousands of stages.
Dependable designs. Existing works largely treat controller de-
pendability as an afterthought; some propose a conservative de-
fault policy when a controller becomes unavailable [42], while
others suggest replicating the controller using coordination proto-
cols [40], but none actually implement or evaluate these mech-
anisms [16, 22, 40, 42]. SHIO introduces a simple yet effective
primary-backup design that is fully implemented and evaluated
under multiple simultaneous failure scenarios, demonstrating rapid
recovery with minimal impact on QoS compliance.
Cluster-level management. SHIO complements cluster sched-
ulers such as Borg [43] and Slurm [48]. These schedulers allocate
resources once, at admission time, deciding which jobs run on
which nodes. SHIO, instead, runs continuously post-scheduling,
dynamically controlling jobs’ I/O rate to a shared storage backend.

6 Conclusion

We presented SHIO, a hierarchical storage control middleware that
delivers system-wide QoS for large-scale HPC systems. By dis-
tributing control logic across all levels of the hierarchy, it enables
decentralized decision-making to improve scalability and control
latency, reducing reliance on a central controller and improving
responsiveness to the dynamic, bursty nature of HPC workloads.
SHIO is the first SDS control plane to enable and validate storage
QoS enforcement at the scale of modern exascale supercomputers.
Our large-scale evaluation, conducted on a real HPC system, shows
that SHIO successfully coordinates up to 100,000 data plane stages,
reducing control cycle latency from ≈1 second to ≈55 ms, a 17×
improvement over state-of-the-art designs. These results establish
that a scalable, dependable SDS control plane is not only feasible
but practical for modern and next-generation HPC infrastructures.
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