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Abstract

Power management has become important in data centers.
Since data center workloads are often dynamic, it is com-
mon practice to conserve energy by scaling resources up
or down to match the workload. And since data centers
often oversubscribe the power delivery infrastructure, op-
erators can add power capping on top of these workload-
proportional systems to adjust to available power. We find
that this combination leaves performance on the table and
provides only a limited power control range. Instead, we ar-
gue for power-adaptive systems that attempt to make the best
use of the available power budget. To illustrate this approach,
we built PASS, a power-adaptive storage system. PASS con-
siders the interactions between different system components,
including software and hardware, when making its power
management decisions. For example, when under the same
power constraint, PASS achieves 3—25X better throughput
on filebench workloads than Intel’s SPDK storage stack with
Google Thunderbolt, a state of the art power capping system.

CCS Concepts: « Hardware — Enterprise level and data
centers power issues; « Information systems — Storage
power management.
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1 Introduction

Power management has become a critical challenge for data
centers. To reduce both capital costs and operational energy
loss, operators often oversubscribe power to accommodate
higher loads within existing infrastructure [27]. As demand
surges in some parts of the data center, other parts must
quickly scale back so that the overall system remains within
the power system’s physical limits. Additionally, in some
regions, data center operators may be required to participate
in grid demand-response programs, requiring them to reduce
power usage at times of high demand. Disruptions, such as
natural disasters or internal power infrastructure failures,
can further constrain available power. A large power con-
trol dynamic range, with minimal application performance
overhead, is thus desirable.

Today, data center operators typically combine workload-
proportional systems with power capping on top to stay
within power budgets [27]. Workload-proportional hardware
and software allocates resources and, accordingly, draws
power in proportion to workload intensity (load). For in-
stance, the interrupt-based Linux kernel storage stack is
workload-proportional. It puts cores to sleep when there is
no work, while interrupts wake up cores as requests arrive.
Power capping systems, like Google’s Thunderbolt [27] (via
software CPU bandwidth control), and hardware CPU and
device power capping [12, 18, 22], operate on top of these
workload-proportional stacks, limiting resource use to keep
server instantaneous power draw within a specified budget.

Unfortunately, this design limits both achievable perfor-
mance and power control dynamic range. As we will show
in §2.3, workload-proportional stacks introduce inefficien-
cies whenever their mechanisms reallocate resources. As
this happens at the frequency of workload fluctuations, it
degrades performance for typical bursty data center work-
loads. At the same time, power capping systems are not
integrated with the stacks they control and introduce further
overheads when goals are at odds. For example, a workload-
proportional stack may allocate additional threads to handle
a higher load, while the power capping system limits avail-
able CPU cycles to stay within a power budget. This yields
a suboptimal configuration, where many threads may be
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context-switched over just a few cores. Finally, these sys-

tems often do not coordinate power control mechanisms,

leading to a diminished power control dynamic range. For

example, focusing only on CPU power control may leave a

large fraction of other power-hungry devices uncontrolled

(cf. §2.2).

In this paper, we argue that data center systems should
instead be power-adaptive. Rather than drawing power pro-
portional to load and relying on reactive power capping,
power-adaptive systems proactively coordinate their compo-
nents to operate within a dynamic but relatively (compared
to workload variability) stable power budget. Power adap-
tivity leverages some of the same mechanisms as workload-
proportionality, such as disabling cores or throttling band-
width, but does so with the goal of maximizing application
performance under power constraints. Power adaptivity com-
bines goals of prior work on intermittent power [40], which
is budget driven, and coordinated power control [31, 32],
which aims to expand the power control dynamic range by
adjusting resource usage across the system stack.

As a case study of power-adaptive system design, this pa-
per presents PASS, a power-adaptive all-flash storage server
(AFS). Three trends make flash-based storage servers interest-
ing for studying power adaptivity. First, demand for storage
is exploding due to data-intensive Al workloads, making stor-
age systems prime candidates for power adaptivity [5, 38, 59].
Second, flash-based SSDs, which are increasingly replacing
HDDs [55], offer a growing and at least 2X wider power
dynamic range than HDDs [59] (cf. §2.2). Third, storage dis-
aggregation, which is increasingly common [4, 57], allows
us to manage the power drawn for storage separately from
other parts of the data center.

To maximize performance under a power budget, PASS
employs a closed-loop online control system that takes the
server’s current power draw and a power budget as inputs.
It then determines work assignments to CPUs and SSDs
in a coordinated fashion. Specifically, PASS controls four
components across the storage stack: CPU allocation, CPU
power limit, CPU bandwidth, and SSD bandwidth. To do
so, PASS relies on CPU and SSD power models derived of-
fline in a profiling step for the current machine configuration.
Because performance is not a linear function of power, partic-
ularly under tight power constraints, PASS must sometimes
turn away work or reduce service to remain within budget,
highlighting the need for intelligent control strategies that
prioritize bottleneck resources.

We make the following contributions:

e We present a power and performance study of AFS de-
signs. We find that power capped workload proportional
designs deliver limited application performance and a nar-
row power dynamic range.

e Based on our performance study, we design, implement,
and evaluate PASS, a power-adaptive storage server. PASS
maximizes utilization of a given power budget to maximize
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storage system performance, while controlling CPU and
SSD work assignments in concert across the storage stack
to maximize the power control dynamic range.

e On a storage server with 10 SSDs and 8 CPU cores, we
conduct a thorough study of PASS’s performance and
power consumption using microbenchmarks and applica-
tion benchmarks of file systems, databases, and key-value
stores. For example, PASS achieves 3-25x better through-
put, with greater relative performance when power is more
constrained, across several filebench workloads relative
to a power-proportional setup of SPDK [43] capped via
Google Thunderbolt [27], a state of the art power capping
system.

2 Motivation

Power is an increasingly constrained resource in modern
data centers, driven by power infrastructure limitations, par-
ticipation in grid demand-response programs, and the power-
variable nature of emerging workloads such as Al training.
In this section, we examine the implications of these con-
straints for storage systems. We begin by discussing the
growing operational and infrastructural pressures that data
centers face in managing power (§2.1). We then highlight
why storage systems, as major power consumers and in-
creasingly disaggregated components, must become more
power-adaptive to meet data center-wide power goals with-
out sacrificing performance (§2.2). Finally, we present an
empirical study of existing all-flash storage server (AFS) de-
signs, which predominantly follow workload-proportional
principles and rely on power capping mechanisms to enforce
budgets. Our findings show that these approaches introduce
overhead, fail to coordinate control across components, and
ultimately leave performance on the table under tight power
constraints (§2.3). These insights motivate the need for ex-
plicitly power-adaptive storage systems that optimize re-
source usage based on power availability, rather than merely
reacting to workload-driven demand.

2.1 Data center Power Constraints

Modern data centers increasingly face strict power con-
straints [35]. The rise of Al workloads has led to sharp, rapid
power swings due to the bulk-synchronous parallel nature
of model training. These fluctuations must be buffered to
avoid destabilizing the grid. In some regions, data center
power demand is expected to account for 30% of local grid
capacity [29]. As a result, data centers often participate in
grid demand-response agreements that require temporary
reductions in power usage. To maximize infrastructure uti-
lization and minimize costs, operators also employ power
over-subscription—typically 20-30% above rated capacity—
which necessitates rapid reductions in power draw during
usage spikes to avoid tripping circuit breakers [27]. Other
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sources of power variability include diurnal patterns in re-
newable generation and extreme weather events [35].

To remain operational, data centers must respond to power
availability changes in tens of seconds—a timescale dictated
by the thermal and electrical limits of power infrastructure
such as breakers and transformers [58]. These realities create
aneed for data center components that can finely and quickly
modulate their power draw.

2.2 The Need for Storage Power Adaptivity

Storage systems account for 18-21% of total data center
power consumption [3, 11, 38] and are increasingly built as
disaggregated services [1, 24, 33]. Modern storage servers
frequently consist of high-performance all-flash configura-
tions built from NVMe SSDs. With a typical active power
draw of 25W versus 5W at idle [39, 42] and an announced
active power draw of 75W [16, 41], flash-based SSDs offer
a growing and at least 2X wider per-unit power dynamic
range than HDDs that operate at 12W when active and 3W
when idle [13, 50, 54]. SSDs also use more power than any
other component in an all-flash storage server. For example,
in our AFS setup with 10 SSDs, the SSDs account for 250W
at peak, while the CPUs consume 200W, and the remain-
ing components account for 120W. Together, the CPUs and
SSDs comprise almost 80% of total AFS power (cf. Figure 7)
and they are the only components with meaningful power
dynamic range and controllability. Other components (e.g.,
network interface cards, fans, and motherboard) either con-
sume a constant amount of power or their consumption is
indirectly tied to compute and storage IO activity.

As data centers adopt fine-grained, system-wide power
management, the ability of the storage subsystem to dynam-
ically scale its power thus becomes critical. Without power-
adaptive storage, other systems must absorb the burden of
meeting power caps, often resulting in disproportionate per-
formance degradation. In contrast, a power-adaptive storage
system that can, for example, cut its power consumption by
50% can entirely absorb a 10% data center-wide power re-
duction, allowing other systems to continue operating at full
performance. Because storage availability directly affects the
operability of dependent workloads, any power adaptation
must preserve responsiveness. The wider a power control
dynamic range a storage system can support without degrad-
ing responsiveness, the more effectively it can contribute to
data center-wide power goals.

These constraints and opportunities motivate the need
for explicitly power-adaptive storage systems—systems that
adjust their power draw in response to a specified power
budget rather than passively scaling with workload demand.

2.3 Existing Storage Stacks Fall Short

Today’s AFS storage stacks are workload-proportional, mean-
ing they draw power in proportion to the amount of load
the system handles. This design is widely adopted because it
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Figure 1. Foreground random 4 KiB write tail latency, nor-
malized to static baseline, varying background job intensity.

naturally aligns energy use with system activity, improving
energy efficiency during low-utilization periods. For exam-
ple, the interrupt-based Linux NVMe-oF target is workload-
proportional because the CPU generally only performs work
when there are requests to process, i.e., when an IO request is
submitted to the disk, or a storage device completes work and
sends an interrupt to the kernel. Polling-based frameworks
can also be workload-proportional by consolidating polling
threads onto fewer CPUs when load is low. For example, the
Storage Performance Development Kit (SPDK) NVMe-oF tar-
get has a workload-proportional dynamic scheduler, which
reduces the number of polling cores when load is low [43].

Inefficiencies of workload-proportionality. While ef-
fective for energy savings, workload-proportional systems
introduce inefficiencies when reallocating resources under
fluctuating load, especially in low-utilization scenarios com-
mon in data centers [49].

These systems depend on workload telemetry to guide re-
source allocation, requiring a control interval. If the interval
is too long, rapid workload variation is underestimated; if too
short, frequent reconfiguration incurs high overhead. Bursty
workloads make this tradeoff particularly problematic, since
no single interval fits all burst patterns. Further, interrupt-
based stacks such as Linux incur additional overhead from
frequent context switches as interrupts wake sleeping cores.
Combined, control delays and overheads make workload-
proportional designs inefficient for bursty, variable datacen-
ter loads.

To demonstrate this, we experimentally evaluate (cf. §5
for the experimental setup) the responsiveness of a mixed
storage workload consisting of a constant background load
and a periodic foreground burst across both the Linux and
SPDK workload-proportional targets and compare to a static
baseline that keeps all system resources allocated. The back-
ground workload comprises eight fio [2] jobs issuing 4 KiB
random writes to 9 of the 10 SSDs. The foreground burst
consists of 16 synchronized fio jobs performing 4 KiB ran-
dom writes to the remaining disk for 100 ms every 5 seconds.
The burst duration is similar to the resource reallocation
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Figure 2. Performance of SPDK + Thunderbolt and PASS under different power budgets.

time of the workload-proportional system. We collect the
99th percentile latency of the foreground workload at the
initiator, as well as target server utilization. Each experiment
runs for 3 minutes, and metrics are collected after perfor-
mance stabilizes. Figure 1 shows that workload-proportional
stacks exhibit up to 1.6x higher tail latency for bursty work
compared to a static baseline, at server utilization below
50%. As background workload intensity increases, workload-
proportional systems begin to catch up in performance, as
more resources are provisioned overall, indirectly benefiting
the foreground workload.

Power capping. On top of these storage stacks, power
capping systems are employed to constrain power consump-
tion within a set budget. Current power capping mechanisms
typically cap the power of individual system components,
such as CPUs or SSDs, independently.

CPU power can be limited using both hardware and soft-
ware mechanisms. Intel’s Running Average Power Limit
(RAPL) enforces socket-level power caps in hardware [18].
It combines dynamic voltage and frequency scaling (DVFS)
with fine-grained feedback control on core scheduling. Un-
like conventional DVFS, which offers limited control levels,
RAPL provides more precise and responsive power regula-
tion. At the software level, CPU bandwidth control limits the
fraction of time a CPU can be active, thereby reducing its
power draw [21]. This mechanism is used in systems such
as Google’s Thunderbolt [27]. Another approach is CPU
jailing, which restricts the number of cores available to an
application, effectively reducing total power consumption.

Many modern SSDs include a power-capping feature in
hardware, as described in the NVMe specification [12]. Such
disks have multiple power states, preset by the manufac-
turer. Each power state caps an SSD’s power draw below
a threshold over a time window, typically 10 seconds [12].
These power states are operational, i.e., the SSD remains re-
sponsive to incoming IO requests. Software disk bandwidth
control is another mechanism for controlling SSD power
draw, since SSD power draw is proportional to load [54].

Power capping further degrades performance. While
existing power capping mechanisms are effective at

enforcing power budgets at the component level, they
operate in isolation and lack coordination with system-wide
workload behavior. These mechanisms often conflict with
workload-proportional strategies, leading to inefficiencies
and degraded performance under constrained conditions.
Critically, they do not reason about which component is
the current performance bottleneck, nor do they adapt
allocations based on end-to-end system impact. This
disconnect limits both the performance and the usable
dynamic power range of AFS systems.

We demonstrate this behavior experimentally by compar-
ing a mixed workload’s background (5 jobs of 32 KiB random
writes) throughput and foreground (16 jobs of 4 KiB random
writes 100 ms bursts every 5 seconds) latency with either
SPDK workload-proportional storage stacks power-capped
with Thunderbolt or PASS, which is power adaptive. Linux
does not support a power capping system and we cannot
compare to it in this configuration.

Figure 2 shows that PASS consistently outperforms
SPDK+Thunderbolt, in particular under lower power
budgets. In terms of tail latency (Figure 2a), PASS out-
performs SPDK+Thunderbolt between 1.2x-2.9X under
active power budgets above 60 W. Thunderbolt fails to
provide adequate tail latency for active power budgets
below 60W. In terms of throughput (Figure 2b), PASS
outperforms SPDK+Thunderbolt between 1.3x under high
power budgets, up to 5.5X under low power budgets.

Conclusion. Our evaluation shows that existing AFS sys-
tems built around workload-proportional designs deliver
sub-optimal performance under constrained power budgets.
When paired with isolated, single-component power con-
trol mechanisms, these systems fail to maintain high perfor-
mance across a wide dynamic power range. In contrast, man-
ually configured, load-agnostic setups are able to meet strin-
gent power constraints while achieving better performance.
These findings underscore the need for cross-layer, power-
adaptive designs that explicitly coordinate power control
across components to maximize performance under power
constraints.
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3 PASS Design

PASS is a power-adaptive all-flash storage (AFS) server with

two design goals:

1. Maximize performance under a dynamic power bud-
get. The system should dynamically allocate resources
to achieve the best possible performance while adhering
to the given power constraints. The adjustment needs to
be fast and accurate to prevent physical damage to the
power infrastructure.

2. Maximize power dynamic range. By extending the
range of power adaptability, PASS can remain operational
across a broader spectrum of power budgets, making it
suitable for utility demand-response.

Based on our observations from Section 2.3, we establish two

key principles to guide the design of PASS:

1. Use the entire power budget. Fully utilizing the avail-
able power budget enables PASS to maximize resource
allocation and improve overall performance.

2. Manage power across multiple storage system com-
ponents. Effective power management requires a cross-
layer approach that incorporates mechanisms at multiple
levels, including the CPU, disk bandwidth, and other hard-
ware and software layers. As shown in our experiments,
relying on a single mechanism, such as CPU hardware
power capping, limits both the power dynamic range and
performance potential under power constraints.

These principles provide a framework for achieving PASS’s

design goals and we employ them in control algorithms

and IO mechanisms. While PASS is designed to attempt to
utilize the full available power budget, even when perfor-
mance gains may be marginal (cf. §5.3 for a discussion of
energy efficiency across scenarios), this choice reflects our
goal of studying a power-adaptive design in its pure form. In
practice, a data center-wide power control plane would set
appropriate storage power budgets, based on broader energy

and performance trade-offs. Integrating PASS with such a

control plane is an important direction for future work.

In this section, we first provide a high-level overview of
PASS’s architecture (§3.1), detailing how it integrates with
the storage system to manage power dynamically. PASS lever-
ages power-performance models of CPUs and SSDs, the two
major power consumers in AFS, created via offline system
profiling (§3.2). An online controller then dynamically adapts
the AFS configuration to maximize performance while meet-
ing constraints, using the power model (§3.3).

3.1 PASS AFS Design Overview

PASS operates within a disaggregated storage architecture.
PASS hosts NVMe SSDs as storage devices and is built on
Intel’s SPDK as the underlying storage driver. Hence, like
SPDK, PASS is polling-based. PASS uses the NVMe-over-
Fabrics (NVMe-oF) protocol with RDMA, enabling PASS to
act as a network storage target (server) for initiators (clients)
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Figure 3. Overview of the PASS controller.

that host virtual machines (VMs). Through NVMe-oF, the
physical SSDs in the storage target are exported as virtual
NVMe devices. These devices are then presented to initiators,
for use by the VMs via the initiator’s hypervisor.

As depicted in Figure 3, PASS receives both power sensor
and budget inputs. Power budgets are set by administrators,
e.g., as a result of grid constraints, power equipment fail-
ures, or the need to allocate power to other systems. PASS
periodically queries the server’s power sensors to monitor
power draw. The system compares the reported power con-
sumption against the budget at a configurable frequency. We
set PASS’s frequency to be once every second, close to the
sensor query latency, so PASS can immediately react to the
server’s current power draw.

PASS manages power across all AFS layers to match the
server’s power draw to the specified budget. When a mis-
match occurs, PASS calculates adjustments to the server
configuration based on its power-performance model, such
as modifying CPU core assignments and disk bandwidth lim-
its, or applying CPU hardware and software power capping
mechanisms (e.g., RAPL [18] and CPU bandwidth control via
user cgroups [21]). If the power usage is below the budget,
PASS increases performance by adjusting the configuration
to maximize the system’s use of the power budget.

3.2 Power-Performance Models

Within a storage server, CPU and SSD are the power pro-
portional components while other components are either
proportional to total power (like cooling fans) or relatively
stable in power consumption (like DRAM and motherboard).
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Thus, to control the total power consumption of a storage
server, we focus on controlling the power of CPUs and SSDs.

To enable PASS to operate effectively under dynamic
power budgets, we first build a model to quantify how dif-
ferent configurations of CPU and SSDs impact power con-
sumption and performance. These models predict the conse-
quences of controller actions on power and performance in
response to changing power budgets. While SSD power and
throughput have a simple linear relationship that is covered
nicely by existing models (§3.2.1), CPUs require offline profil-
ing to build accurate power-performance models (§3.2.2). By
characterizing the performance and power draw of various
CPU configurations (e.g., number of polling cores, RAPL lim-
its, and bandwidth throttling) and SSD workload behaviors
(e.g., throughput versus power), PASS can optimize system
operation without trying each possible configurations at
runtime.

3.2.1 SSD Model. As found by previous work [54], SSD
power and throughput have a linear relationship: across
different types of SSDs of different vendors, the coefficient of
determination of linear regression is higher than 0.99. We use
this linear relationship as the power model for SSDs. For each
available SSD power capping level, bandwidth is measured
and integrated into the model. For SSDs without a power
capping facility, the vendor’s specification of bandwidth and
power can be used and a linear model created from them.

3.2.2 CPU Model. We design a CPU profiler to find the
relationship between CPU configuration, power, and perfor-
mance. The job of our CPU profiler is to build a model that
predicts the power and performance delivered by a given
CPU configuration and, using the model, to generate a CPU
configuration control policy that maximizes performance
under a given power budget. The total search space of all
possible CPU configurations is large as it has three dimen-
sions: CPU number of cores, RAPL powercap level, and CPU
bandwidth limit.

To accelerate model training, instead of running full end-
to-end performance evaluations of PASS on storage work-
loads, we use the CPU polling interval as a performance
proxy. The polling interval is monotonically related to end-
to-end performance and can be profiled offline. As shown
in Section 5.6, this approach is effective. Thus, our task re-
duces to finding the CPU configuration that minimizes the
polling interval under a given power budget. To build the
CPU model, we employ the following steps:

1. We perform a coarse-grained grid search across the three
configuration axes to identify the CPU configuration that
both satisfies the power budget and minimizes the 99th-
percentile (p99) polling interval. Specifically, we vary
RAPL power budgets in 10 W increments and exponen-
tially increase CPU bandwidth within each budget to find
the best performing configuration.

D. Xie et al.

2. For each CPU configuration, the profiler records both the
average elapsed CPU ticks between I/O polling events (the
polling interval duration) on each CPU and the correspond-
ing power consumption. Because Intel’s RAPL interface
provides stable CPU power measurements within 2 sec-
onds [25], we profile each configuration for 5 seconds to
obtain reliable power results.

3. When multiple configurations under a power budget
achieve performance results within 5% (a tie), we refine
the grid search with finer granularity to break the tie.

4. We repeat this process until all ties are resolved, and then
fit a linear model to the resulting data.

With these techniques used to accelerate the search, we find

that the total profiling time for a CPU with 32 cores, a 280W

TDP with 10W power budget steps, is 8 hours. This is a

one-time cost to calibrate PASS for a machine.

3.3 Online Controller

Using the offline-generated power-performance models for
both the CPU and SSD, we formulate power control as an op-
timization problem constrained by the system’s total power
budget, Ppydget- The objective is to optimally distribute Pyugget
among CPU and SSD such that we avoid reducing power
to the performance-limiting component. In other words, we
reduce power from the non-bottleneck resource whenever
power adjustments are necessary.

Because the actual workload characteristics can shift and
models may not be perfectly accurate, we implement an
online controller instead of solving this optimization problem
statically. The online controller operates in a proportional
control framework to control the power draw of CPUs and
SSDs, where the magnitude of a control action is proportional
to the difference between the current and target system state.
The controller begins with the system running at full power
(i.e., no constrained power budget), and then progressively
reduces CPU and SSD power to fit within the given budget.

Bottleneck-aware power allocation. As discussed in §3.2,
there is a monotonic relationship between CPU performance
and CPU power Pcpy. Likewise, SSD performance is bounded
by its bandwidth, which increases linearly with SSD power
Pssp. Overall performance is constrained by the slower of
the two components:

prass = min(A(Pcpu), B(Pssp))

where A and B are monotonic transformations derived
from the CPU and SSD power-performance models. To max-
imize system performance under a power budget, power
should be reduced only from the component that is not
currently the bottleneck. Our approach leverages the fact
that SSD bandwidth can be directly observed and has a pre-
dictable, linear relationship with power.

The control strategy operates as follows. First, PASS re-
duces CPU power and monitors any resulting changes in
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SSD throughput. Since SSD performance does not respond
instantaneously to power changes, PASS samples through-
put over five polling intervals. If the observed drop in SSD
throughput exceeds the expected drop based on SSD power
scaling, PASS infers that the system is CPU-bound. In this
case, it reallocates power by throttling SSDs instead, using a
proportional factor k derived from marginal power savings.
To prevent excessive performance degradation, the new SSD
bandwidth cap is set between the bandwidths observed be-
fore and after CPU throttling. Once SSD throttling is applied,
the CPU configuration is restored and a new control cycle
begins. PASS continuously monitors power consumption
and performance metrics to determine whether additional
adjustments are necessary.

This decision process is formalized in Algorithm 1.
The function get_CPU_configuration(target_power)
queries the offline CPU power-performance model to return
the CPU configuration that minimizes the 99th percentile
polling interval while satisfying the target power constraint.
By dynamically shifting power between the CPU and SSD
based on real-time performance impact, PASS preserves
headroom for the bottleneck resource, maximizing power
budget utilization and improving overall system throughput.
We study the performance of this approach in §5.7.

Algorithm 1: Bottleneck-aware power allocation.

1 Function adjust_CPU_power(power, target_power):

2 power_margin « power — target_power

3 cpu_configuration « get_CPU_configuration (target)
4 old_bw « get_SSD_bandwidths (past 5 intervals)

5 /* Try to change CPU power budget */

6 set_CPU_configuration (cpu_configuration)

7 new_bw « get_SSD_bandwidths (5 intervals)

8 diff bw « old_bw - new_bw

9 if power_margin < get_SSD_diff_power (diff_bw) then

10 /* Use SSD bandwidth control %/
1 set_SSD_bandwidths (new_bw + k x diff_bw)
12 reset_CPU_configuration ()

Stability. Storage system power draw may be delayed
after applying configuration changes due to delays in 10
completion and slow (on the order of seconds) power sen-
sor readings for system-wide power. To address this, PASS
introduces control stability thresholds to avoid unnecessary
adjustments while ensuring stable performance. PASS ap-
plies different power control policies depending on the cur-
rent power draw p in relation to the power budget and two
thresholds:

1. p > high threshold: In this case, PASS aggressively re-
duces power usage by decreasing CPU core allocations,
applying RAPL power caps, or throttling CPU and disk
bandwidths. Data center power supplies can tolerate over-
load for a limited time. We set the high threshold 2% above
the power budget, according to [27]. This configuration
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provides sufficient stability to keep the system within
the budget, while ensuring convergence to a steady state
within 10 seconds, the typical power endurance period in
many data centers [27, 58].

2. High threshold > p > power budget: PASS adjusts
power usage by more gradually applying power controls.

3. Power budget > p > no-action threshold: PASS takes
no power control action to avoid unnecessary configura-
tion changes when power draw is close to the budget. We
set this threshold to 1% below the power budget.

4. No-action threshold > p: PASS aggressively allocates
more resources to the system to improve performance by
proportionately increasing the CPU power budget and
lifting the SSD bandwidth limit. The system will then
enter another cycle of feedback control to meet the power

budget.

Priority-aware SSD throttling. Storage clients may be
assigned different priorities to reflect their quality-of-service
requirements. PASS leverages these priorities to apply dif-
ferentiated SSD bandwidth throttling across virtual disks.
When power needs to be reduced, PASS selectively limits
bandwidth for lower-priority clients, freeing up power head-
room for higher-priority workloads. This approach allows
PASS to enforce power budgets while preserving the perfor-
mance of critical applications.

4 Implementation

PASS is implemented on top of Intel’s Storage Performance
Development Kit (SPDK) [43], which offers user-space NVMe
drivers and supports NVMe-over-Fabrics (NVMe-oF) via
RDMA. SPDK adopts a polling-based I/O model with an
adjustable number of cores that continuously poll NVMe de-
vices and network interfaces for requests and completions.

Offline profiler. We implement the PASS offline CPU pro-
filer in 500 lines of C to accurately capture polling behavior
representative of SPDK’s runtime performance. Since the
analysis of the collected data is not performance-critical, we
implement the processing pipeline, including extraction and
control policy generation, in Python and shell scripts with
about 900 lines of code.

For SSD power profiling, we use the methodology out-
lined in Xie et al. [54]. We construct a dedicated testbed
that physically measures SSD power consumption under a
range of synthetic workloads, enabling accurate modeling
of power-to-performance relationships.

Online controller. The online controller integrates with
SPDK’s CPU scheduler to control the number of polling cores.
It uses the thread_set_cpumask RPC call of SPDK to set a
CPU mask on the CPUs to run polling threads. It also uses In-
tel RAPL for CPU power limiting, applies Linux cgroups for
CPU bandwidth control, and utilizes SPDK’s built-in band-
width control of block device for SSD bandwidth throttling. It
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continuously monitors system power consumption through
sensors accessed via the IPMI-DCMI interface [17].

The primary constraint on control reaction time arises
from the latency of power measurements. IPMI-DCMI typi-
cally requires up to 1.3 seconds to respond to a power query,
which limits how frequently PASS can make control deci-
sions. With access to faster and more responsive power sens-
ing hardware, PASS could support higher control frequencies
and finer-grained power management. Since PASS control
reaction time is bounded by the sensor, we implement the
online controller in 350 lines of Python.

5 Evaluation

We evaluate PASS to assess its performance, generality, and

robustness. We address the following key questions:

1. By how much can PASS improve tail latency and through-
put of storage IO microbenchmarks across machine con-
figurations? How much does each PASS mechanism con-
tribute? How is power adjusted across machine compo-
nents? (§5.1)

2. By how much can PASS improve the performance of ap-
plication benchmarks under various power budgets com-
pared to baselines? (§5.2)

. How energy efficient is PASS? (§5.3)

. Can PASS provide performance isolation? (§5.4)

. Can PASS generalize across different machines? (§5.5)

. Isthe IO polling interval a good performance proxy? (§5.6)

. Is PASS’s power control stable? (§5.7)

N NG W

Experimental setup. All systems in our testbed use
NVMe-over-Fabrics (NVMe-oF), with an initiator server
issuing storage I/O requests to a target server over re-
mote direct memory access (RDMA) [10]. The target is a
Supermicro SYS-111C-NR server equipped with an Intel
Xeon Gold 6430 processor, 256 GiB of DDR5 memory, and
running Ubuntu 24.04 with Linux kernel version 6.8.0. It
contains 10 Solidigm D7-P5510 SSDs, each with 3.84 TiB of
capacity, and is outfitted with both 100 GbE and 200 GbE
RDMA NICs. The initiator, a separate machine running
the Linux NVMe-oF client stack, generates all I/O requests.
The generation of requests is multi-process, simulating the
existence of multiple concurrent applications accessing the
target server. Power is measured at the target server using
IPMI-DCMI [17]. We use total system power and budgets
in this section. For reference, the test server’s idle power
consumption is 245W.

Baselines. The workload proportional baselines are 1) the
interrupt-based Linux storage stack with the default NVMe-
oF subsystem driver and 2) polling-based SPDK using its
dynamic scheduler to control the number of cores to match
the workload. SPDK experiments use its default configura-
tion, initially allocating 8 polling cores as that achieves peak
system performance. We run PASS with the performance
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CPU governor enabled to remove workload-proportionality;
Linux and SPDK use the schedutil CPU governor.

Our power-capping baseline is to perform CPU bandwidth
throttling according to Thunderbolt’s RUMD (Random Un-
throttling, Multiplicative Decrease) node-level load shaping
algorithm [27]. In RUMD, we randomly (with a 20% chance
each second) unthrottle the CPU by increasing CPU band-
width by 5% to stabilize control of power. We run SPDK’s dy-
namic scheduler with this mechanism (SPDK+Thunderbolt).

Workloads. We use microbenchmarks with 16 jobs each
with synchronous 128 KiB sequential write or synchronous
4KiB random reads. Our choice of workloads covers two ex-
tremes: latency-critical small reads and throughput-oriented
large writes. We use fio [2] with Linux’s libaio [19] and
psync IO engine on the client to generate these workloads.
We run each experiment long enough to measure the sta-
ble state performance results. For application benchmarks,
we evaluate the system’s performance with a file system
or as a backend for a database system. To do so, we format
the server disks with the ext4 [20] file system and run the
filebench [45] workloads of Varmail, Fileserver, and Web-
server. We also evaluate RocksDB [46] with db_bench [47]
to evaluate a database workload, as well as with YCSB [7] to
evaluate a key value store. For each workload, we test with
different power budgets for the server. Following the design
target set by Flex [58], we consider power budget violations
longer than 10 seconds intolerable. We show empty results
for experiments where the system violates the budget for
longer than 10 seconds. In each case, we run 10 instances of
the workload generator on the initiator machine to simulate
multi-tenancy. We run experiments long enough to yield
stable performance and we evaluate the stable-state results.

5.1 Microbenchmarks

We begin by analyzing PASS’s performance improvements
using microbenchmarks designed to stress specific aspects of
storage performance under varying power budgets: latency-
critical small random reads and throughput-intensive large
sequential writes. We examine multiple hardware configura-
tions to further evaluate the generality of PASS’s cross-layer
power control mechanisms.

Latency-critical workload. Figure 4 presents the tail la-
tency for a 4 KiB random read workload. At the highest
power budget, PASS achieves a 12% reduction in the p99
tail latency compared to SPDK+Thunderbolt. As the power
budget tightens, the performance gap widens: PASS exhibits
between 28% and 56% lower tail latency. Only PASS makes
the most constrained condition practical, delivering up to
413x lower latency.

When the system is configured with only half the number
of SSDs, PASS continues to outperform SPDK+Thunderbolt.
In this setup, PASS achieves between 14% and 64% lower
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Figure 4. Average P99 latency of sync random 4 KiB reads
with 16 jobs under different power budgets and server con-
figurations.

tail latency at higher power budgets, and a 189X improve-
ment at the lowest power budget tested—just 20 W above
the system’s idle power of 245 W.

In the configuration with a single CPU core, where PASS
cannot employ CPU jailing for power control, its power
management capability is limited. Nevertheless, PASS still
outperforms SPDK+Thunderbolt under the same power cap,
achieving 17% to 55% lower tail latency.

Throughput-intensive workload. Figure 5 shows that
PASS consistently outperforms SPDK+Thunderbolt for the
128 KiB sequential write workload, where PASS achieves
2.9% to 6.9% higher throughput.

The impact of the CPU-to-disk ratio on system perfor-
mance is also evident. When fewer disks are available, the
CPU accounts for a larger proportion of the system’s power,
requiring more aggressive power capping to meet budgets.
This leads to earlier performance degradation with Thun-
derbolt. For example, at a 360W power budget, Thunderbolt
suffers a 2.42x throughput reduction compared to PASS in
the 5-disk setup. In the single-core configuration, the CPU
accounts for a smaller share of total system power. As a re-
sult, SPDK+Thunderbolt must similarly throttle more aggres-
sively to stay within the power budget. In contrast, PASS,
which also manages SSD power, achieves 3.54X to 4.41x
higher throughput than SPDK+Thunderbolt.

PASS performance ablation study. To demonstrate the
importance of coordinated power control in achieving PASS’s
performance and power efficiency, we perform an ablation
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Figure 5. Throughput of sync sequential 128 KiB writes with
16 jobs under different power budgets and server configura-
tions.

study. We compare PASS’s full coordinated power control
approach to individual control mechanisms used in isolation:
RAPL power limits, CPU bandwidth control, CPU jailing,
and SSD bandwidth control.

We evaluate each configuration using a synchronized
4 KiB random write workload with 16 jobs, measuring the
99th percentile (p99) tail latency. The results are shown in
Figure 6. Among the individual mechanisms, CPU jailing pro-
vides the narrowest power control range and cannot reduce
system power below 450 W. SSD bandwidth control achieves
a lower budget of 440 W but, since it throttles only the SSDs,
it results in extremely high tail latency—230.7Xx worse than
PASS at that power level, with SSDs capped at just 10 MiB/s
per disk. CPU bandwidth control offers a wider power range
but underperforms RAPL in terms of latency. While RAPL
matches PASS’s latency at a 350 W budget, CPU bandwidth
control incurs 38.9% higher p99 latency. RAPL provides the
best performance and widest power range among the single-
mechanism configurations, maintaining latency comparable
to PASS at most budgets. However, it cannot reduce power
below 290 W, and at that level, its tail latency still increases
by 31.19% compared to PASS.

In summary, while individual mechanisms can partially
manage power or performance, none alone achieves both the
broad dynamic power range and performance of PASS. Coor-
dinated control across CPU and SSD components is essential
to fully realize the benefits of power-adaptive storage.

PASS power adjustment breakdown. We analyze how
PASS adjusts power consumption across system components
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under varying power budgets, focusing on the contribu-
tions of different hardware components—CPU, disks, and
others—to the overall power savings. Using a 128 KiB sequen-
tial write workload, we evaluate power consumption at five
distinct power budgets. Our analysis reveals the impact of
PASS’s cross-layer power management strategies, dynam-
ically redistributing power among CPUs, disks, and other
components to remain within budget. Disk power usage at
each budget level is not measured but projected based on the
percentage of disk bandwidth utilized. Our projection builds
on prior findings that the SSDs used in our experiments are
power proportional within their operational range [54] and
we assume disk power scales linearly between 5W (idle) and
15W (maximum operational). Figure 7 presents the break-
down of power usage across system components. PASS sees
most of its power reduction from the CPU at higher power,
while at lower power the benefits come from reduction in
disk power.

Figure 7 also shows that PASS achieves substantial power
savings across all components: The CPU contributes about
110W to the total savings. The disks contribute about 100W,
demonstrating a similar magnitude of reduction as the CPU.
Other system components, such as the power needed by
colling fans, contribute 55W to the overall savings.
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Figure 8. Throughput of Filebench benchmarks.

5.2 Application Benchmarks

We evaluate PASS across several storage-intensive applica-
tion benchmarks to assess its performance under real-world
workloads, comparing it against baseline systems.

File system benchmarks. To evaluate file system perfor-
mance, we use Filebench with three representative work-
loads: Varmail, simulating an email server; Fileserver, rep-
resenting file-serving operations with average file sizes in-
creased to 1.31 MiB to reflect modern file serving trends [8];
and Webserver, modeling a lightweight web-serving work-
load. Each benchmark builds a file system with 200,000 files
with different average directory depth, file size distribution,
and file operations. Each benchmark runs for 3 minutes.

As shown in Figure 8, PASS consistently achieves the best
throughput. At thermal design power (TDP), PASS outper-
forms Linux by 10.9%, 2%, and 14.7% respectively. PASS out-
performs SPDK by 1.4%, 0.2%, and 6.3%. This highlights the
superior performance of a power-adaptive stack. PASS also
has superior performance under tighter power budgets. For
Varmail, PASS outperforms SPDK+Thunderbolt by 3.3x at
350W and by 11.2x at 300W. For Webserver, PASS achieves
5.6x the throughput of SPDK+Thunderbolt at 350W bud-
get and 25% at 265W budget. Even for the most demanding
workload, Fileserver, PASS outperforms Thunderbolt 3% at
350W and 7x at 265W.

Database. We assess PASS in database workloads using
RocksDB and four db_bench scenarios: fillseq (sequential
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Figure 9. Throughput of db_bench benchmarks

writes to a new database), fillsync (synchronized writes re-
quiring high durability), and overwrite (updates to existing
data). Each benchmark operates on a database with 4 million
entries. The results in Figure 9 highlight PASS’s superior per-
formance, regardless of power constraints. For fillseq, PASS
achieves up to 2.71x the throughput of Thunderbolt at 265W.
In fillsync, where durability demands are stringent, PASS
outperforms Linux by 2.87x and SPDK dynamic scheduler by
23.1% at TDP, while it outperforms Thunderbolt with 14.95x
the throughput at 280W. Similar trends are observed in over-
write, where PASS consistently delivers better performance
compared to baseline systems with 24.7% higher throughput
than Linux at TDP and up to 2.88x higher throughput than
SPDK+Thunderbolt at 280W power budget.

Key-value store (YCSB). The YCSB benchmarks, run on
RocksDB, provide insight into PASS’s performance under
common key-value store access patterns. Workloads A
through D and F, covering read-heavy, write-heavy, and
mixed scenarios, are evaluated on a database with 100
million records and 200 million operations. Workload E is
excluded as it focuses on small-scale updates that do not
stress storage.

Figure 10 shows that PASS achieves higher performance
than baselines. At TDP, PASS achieves 19.2%, 15.9%, 6.3%,
6.4%, 10.1% lower p99 tail latency than Linux and 9.1%, 3.4%,
1.2%, 6.1%, 5.5% lower than SPDK dynamic. Under power
cap, for read-intensive workloads such as Workload C, PASS
achieves 432.35X lower p99 tail latency than Thunderbolt at
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Figure 10. Average P99 latency of read in YCSB workloads.

280W. In mixed workloads like Workload B, PASS provides
391.95% smaller tail latency than Thunderbolt at 280W.

Summary. Overall, these application benchmarks con-
firm that PASS effectively maximizes performance under
power budgets across a diverse set of workloads by dynami-
cally adapting its resource usage.

5.3 Energy Efficiency

Although not directly targeting energy reduction, PASS often
achieves better energy efficiency than competing techniques
due to its fine-grained and stable power reallocation between
CPU and SSD, guided by offline profiling and online feed-
back. Energy per operation can be derived from our reported
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Figure 11. Performance of latency-critical job in a mix with
throughput-intensive background load.

results in Figure 8. For example, at a budget of 300W on the
Varmail workload, PASS (299.134 uJ/op) achieves 6.3% bet-
ter energy efficiency than Linux (319.896 uJ/op) and is over
12x more energy efficient than SPDK+Thunderbolt (3655.772
uJ/op). For Webserver at 300W, PASS (653.386 uJ/op) oper-
ates within 4% of the energy efficiency of Linux (625.951
uJ/op). At 350W, PASS (666.717 uJ/op) is over 5X more en-
ergy efficient than SPDK+Thunderbolt (3751.3 uJ/op). These
results show that PASS achieves strong energy efficiency at
constrained budgets—its intended use case.

Unconstrained scenarios are also possible operating
points. For example, during certain periods, power may be
free or overprovisioned (e.g., due to excess renewables).
In such unconstrained scenarios (e.g., 500W in Figure 8),
PASS (722.506 uJ/op) consumes about 20% more energy per
operation than Linux (592.008 uJ/op) and 9.3% more than
SPDK+Thunderbolt (660.818 uJ/op). This is expected since
performance saturates at high power. It is also acceptable in
such overprovisioned scenarios.

5.4 Performance Isolation

To evaluate how well PASS can isolate the performance
of workloads while operating under power budget, we
evaluate a scenario with a mixture of latency-sensitive
and throughput-oriented clients. Specifically, our scenario
comprises: (1) a latency-critical workload with 4KiB
synchronous random reads with 1 job, and (2) a background
workload with 128 KiB sequential writes on 9 additional jobs.
This setup reflects a realistic scenario where data centers
must maintain the performance of critical applications (e.g.,
transactional systems) while reducing power consumption
for less critical background tasks.

The results are shown in Figure 11. Without any power
cap, PASS achieves 32.5% less 99th percentile latency than
baselines using SPDK default dynamic scheduler, as PASS
uses more cores and separates the critical from background
load. This performance separation is more significant when
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the system is power capped. At a 300W power budget, sig-
nificant differences emerge: PASS enforces a disk bandwidth
control of 10 MiB/s for the background workloads, effectively
isolating the latency-critical workload. With this adjustment,
the 4KiB random read workload achieves performance met-
rics comparable to the high-budget scenario. By contrast,
the baselines struggle under the same 300W power budget:
RAPL’s tail latency increased to 742 pus and Thunderbolt’s in-
creased to 12ms while PASS stays at 262 ps, 64.7% and 97.8%
lower than each baseline, respectively. At a power budget of
260W, although PASS’s tail latency also increases by 2.74x
to 717 us due to the application of CPU bandwidth control,
SPDK+Thunderbolt exercises CPU bandwidth control much
more aggressively. PASS achieves about 140X lower 99th
percentile latency than SPDK+Thunderbolt.

These results highlight PASS’s ability to reduce interfer-
ence from background workloads and preserve critical work-
load performance under strict power budgets. PASS achieves
this via its cross-layer power management, which employs
fine-grained CPU attribution control and differential disk
bandwidth control, allowing it to prioritize critical workloads
even during power-constrained conditions.

5.5 Cross-Platform Validation

We validate that PASS generalizes across different server
platforms, demonstrating that power control policies must
be tailored to each system’s characteristics. To this end, we
use PASS profiling results from two servers: our in-house
testbed (Server A) and a CloudLab [9] ¢6620 server (Server
B) equipped with an Intel Xeon Gold 5512U processor. For
each server, we select the CPU configuration that achieves
approximately 50% of the processor’s thermal design power
(TDP), denoted as Configuration A (from Server A) and Con-
figuration B (from Server B), respectively.

We conduct a cross-validation study by running a
4 KiB random write workload using both configura-
tions on both servers. To ensure fair comparison, we
scale the configurations according to each server’s CPU
specifications—specifically, the number of cores and the
TDP. Table 1 summarizes the results. Each configuration
performs the best on the server it was profiled for, validating
that PASS successfully generalizes across platforms.

Table 1. P99 latency (in microseconds) of 4 KiB random
write workloads using cross-platform CPU configurations.
Configuration A and B correspond to the best 50%-max CPU
power configurations for Server A and B, respectively.

Configuration A Configuration B

Server A 400 611
Server B 76 52
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5.6 10 Polling Interval as Performance Proxy

To evaluate whether the IO polling interval is a suitable proxy
for overall system performance in PASS, we examine its
correlation with VM storage latency. Specifically, we analyze
the relationship between the 99th percentile polling interval,
as measured from SPDK pollers, and the end-to-end 99th
percentile latency observed by VMs under a 16-job, 4 KiB
random write workload.

We vary CPU power control settings using three mecha-
nisms that impact the duration of the IO polling interval:
e CPU core count: 1, 2, 3, 4, 6, and 8 cores
e RAPL power limits: 100W (minimum achievable), 110W,

120W, 130W, 140W, and 160W
e CPU bandwidth caps: 1%, 5%, 10%, 15%, 25%, and 50%
Figure 12 shows that, across all control mechanisms, there
is a strong monotonic relationship: as the polling interval
increases, so does 99th percentile workload latency. This
trend also holds for system throughput.

To validate the generality of the IO polling interval as
a performance proxy beyond I0-bound workloads, we ex-
amine a typical CPU-bound storage task: compression. In
particular, we evaluate the relationship between 99th per-
centile polling interval and IO throughput across different
CPU power control mechanisms and levels of data compress-
ibility. Data compressibility varies CPU to IO intensity. As
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Figure 14. 64 KiB random read, varying power budget.

shown in Figure 13, across all power control mechanisms
and compressibility levels, there is a monotonic relation-
ship: as the IO polling interval increases due to CPU power
control, the throughput of compression decreases. These ob-
servations validate that the IO polling interval can serve as a
reliable proxy for system performance, particularly for eval-
uating the relative impact of different CPU configurations.

5.7 Power Control Stability and Performance

We evaluate how PASS and SPDK+Thunderbolt respond to
dynamically changing power budgets. In this experiment,
a sustained 64 KiB random read workload is issued from
the client. The power budget begins at 400 W and is then
changed according to Figure 14. The experiment runs for a
total of 10 minutes, capturing steady-state behavior across
dynamic budget transitions.

As shown in Figure 14, PASS adapts quickly and accu-
rately to each budget transition, maintaining system power
consumption within 2% of the budget. PASS’s maximum
continuous power budget violation is for 5 seconds, with a
magnitude of 1.5%. We can see that PASS undershoots each
budget initially when reducing power and overshoots when
increasing power. However, in both cases, PASS can correct
within 5 seconds, showing the effect of PASS’s two-stage
proportional power control. For the power capping down to
300 W, PASS incorporates SSD throttling, which leads to a
slightly longer period of underpower than that for 350 W. In
contrast, the baseline system exhibits high variability. At the
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lowest budget level of 300 W, Thunderbolt also repeatedly
violates the power cap due to CPU bandwidth being reduced
to its minimum value of 0.2%, which impairs Thunderbolt’s
ability to maintain system power effectively.

6 Related Work

Server power management systems. Prior work on
server power management has largely focused on protecting
power infrastructure from overload. Such systems typically
throttle processors via RAPL or CPU bandwidth control
to keep power consumption within server, rack, or data
center-wide limits [25-28, 37, 53, 58].

Beyond node-local CPU controls, several efforts have ex-
plored cross-layer and multi-node power coordination. For
example, Raghavendra, et al. [36] propose a hierarchical
scheme spanning VMs, servers, and clusters, assuming per-
fectly power-proportional servers. Meisner, et al. [32] co-
ordinate CPUs, DRAM, and HDD power management for
energy savings under low utilization, while PowerNap [31]
transitions servers between high and low-power states to ex-
ploit idle periods. Finally, BlinkFS [40] addresses large-scale
variability from renewable energy or utility disruptions by
coordinating file systems with external power availability
by powering up and down servers in a cluster.

PASS complements these approaches by performing
dynamic, bottleneck-aware power reallocation between
CPUs and SSDs, guided by offline profiling and online
feedback. This enables fine-grained control across the
power-performance curve, as opposed to coarse-grained,
binary, or server-level schemes. This allows PASS to achieve
higher performance and a broader dynamic range than prior
techniques on server power management.

Storage power proportionality and efficiency. Prior
work explored power proportionality in ensembles of hard
disk-based storage servers [48, 51, 52]. Because HDDs lack
power proportionality, these systems employ specialized
replication schemes to power down some disks while main-
taining acceptable availability. Khatib et al. [23] propose
I/O queue resizing to limit HDD power consumption, but
their approach offers limited power scaling, as it focuses
solely on HDDs without addressing cross-layer opportuni-
ties to reduce total server power. Recent studies address SSD
power efficiency [5, 15], aiming to reduce SSD power draw.
In contrast, PASS advocates for power adaptivity, rather than
proportionality or efficiency, and is designed to meet strict
server-level power budgets and leverages the available bud-
get to improve performance.

Storage system power studies. The power and energy
characteristics of storage systems have received considerable
attention [6, 13, 14, 30, 34, 44, 50, 56]. For instance, Cao et
al. [5] analyze how CPU power control mechanisms affect
storage system performance, while Xie et al. [54] develop
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a power-performance model across different power control
strategies. These efforts provide valuable insights, and their
SSD characterization techniques can be integrated into our
SSD power model. Our work complements these studies by
focusing on the broader system-level relationship between
power management and storage performance, offering new
opportunities for cross-layer optimization.

7 Conclusion

PASS is a power-adaptive storage system that maximizes
performance within a given power budget, as well as maxi-
mizing power dynamic range. PASS integrates control mech-
anisms across CPU and SSD layers to dynamically adjust re-
source utilization in response to changing power constraints.
PASS outperforms existing capped power-proportional sys-
tems, achieving broader power adaptivity, higher throughput,
and lower latency across diverse workloads. By prioritizing
power adaptivity, PASS offers a robust solution to the grow-
ing power management challenges in modern data centers.
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