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Abstract

All-flash servers, while being widely popular for their high
performance and large capacity, can incur significant energy
consumption in modern storage systems. Through a motiva-
tional study, we discover that the culprit is the inefficiency in
the software stack, and existing power-savingmethods fail to
deliver comparable performance, especially under workload
bursts. Guided by the lessons learned, we propose Sandman,
a scheduling framework that combines the fast resource scal-
ing mechanism, resource monitoring, and I/O burst detection
policies. Experiments show that Sandman reduces average
power consumption by up to 39.38% and energy consumption
by up to 33.36% while delivering performance comparable
(within 5% in corner cases) to the best performance case (the
busy-polling stack) in both benchmarks and field workloads.

CCS Concepts: • Information systems→ Storage power

management; • Hardware→Memory and dense stor-
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1 Introduction

The recent advancements in hardware and firmware have
enabled the latest SSD models to achieve more than 2,500K
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IOPS and 14GB/s throughput [49, 64], with a capacity reach-
ing more than 120 TB per drive [52, 58, 62, 64]. With such
a performance sheet, users—from enterprise cluster own-
ers to public cloud providers—have favored the adoption of
all-flash servers to serve on-premises storage services and
storage backend of distributed systems to support databases,
big data analytics, and AI/ML training [6, 27, 48, 63].
Despite the popularity, all-flash storage servers can be

notorious for their energy consumption, which causes high
CapEx and subsequently a heavy toll on carbon emissions.
The heavy footprint comes from three aspects. To begin with,
unleashing the performance potential of modern SSDs de-
mands significant processing power (i.e., more cores). For
example, saturating a single NVMe PCIe 5.0 SSD requires
32×, 4×, and 2× more CPU cores compared to a SATA SSD,
an NVMe PCIe 3.0 and 4.0 SSD, respectively. Additionally, to
achieve high performance, the latest SSDs use polling-mode
stacks (e.g., SPDK [54]), which require high CPU utilization
and consequentlymuchmore power consumption (e.g., 1.82×
more than in the idle state). Moreover, increased CPU activ-
ity also drives higher power consumption in other related
components (e.g., fans), causing cascading impacts.
Real-world workloads, including those from Google [29,

56], Meta [25], and Alibaba [46, 50], have all shown that
frequent variances are common in the field. This suggests
that there is no need for the stack to run nonstop polling at
peak frequencies. However, existing solutions may reduce
energy consumption, but they are often at the cost of severe
performance impacts. We compare four approaches: Linux
interrupts [24], Governor [5], Dynamic Scheduling [7], and
Hybrid Polling [32] against the busy-polling stack SPDK [54].
The results confirm that none of them can achieve high
performance and energy efficiency simultaneously. Linux’s
interrupts save power under relaxed workloads but tends to
consume more power and exhibits higher latency. Governor
(scaling CPU frequency) and Dynamic Scheduling (schedul-
ing threads among cores) both reduce power consumption
but suffer latency penalties. Governor’s higher latency stems
from hardware transition overhead, while Dynamic Sched-
uling is affected by software wakeup overhead (e.g., context
switches) and deviations in load estimation. Hybrid Polling
delivers comparable performance but achieves limited power
savings due to frequent transitions between low-power and
high-performance states.
The above lessons motivate us to derive several design

guidelines and subsequently lead us to build Sandman, a
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scheduling framework that achieves both high performance
and energy efficiency. First, scheduling CPU states to energy-
saving modes is necessary, but we should avoid lowering
CPU frequencies or waking up cores with context switches
due to their high overhead. Therefore, Sandman uses a
fast resource scaling mechanism that schedules resources
by putting cores into shallow and fast-waking sleep states.
Second, independent and frequent transitions between low-
power and high-performance states in cores are not efficient.
Therefore, Sandman schedules cores to make them sleep
together and longer based on a resource monitoring policy.
Third, coarse-grained estimation of workload intensity can
lead to ineffective scheduling. Therefore, Sandman detects
I/O bursts at a microsecond scale based on incoming I/O
requests from network queues.

Sandman runs on top of SPDK. We evaluate it on emerg-
ing storage servers equipped with multiple NVMe PCIe 5.0
SSDs and 200Gbps RDMANICs. We compare Sandmanwith
five existing approaches in terms of power consumption and
performance using microbenchmarks and applications. To
assess energy-saving benefits for real workloads, we replay
two block-level field traces from cloud vendors.
The results show that Sandman achieves performance

comparable to SPDK (the best performance case) but with
significantly lower power consumption. Compared to other
approaches, Sandman demonstrates better performance (vs.
Governor and Dynamic Scheduling), lower power consump-
tion (vs. Hybrid Polling), or both (vs. Linux). For real work-
loads from cloud block storage, Sandman achieves 30.23%
and 33.36% less energy consumption compared to Linux and
SPDK, respectively, and achieves comparable latency distri-
bution to SPDK.
We summarize the contributions and novelties of this

paper from observation and solution perspectives as follows.

• We comprehensively evaluate performance and energy
consumption of all-flash servers under various power-
saving solutions. This area is an underestimated issue but
has become pressing recently due to the popularity of
short bursts and much higher IOPS in the latest SSDs.

• We identify the issue of energy inefficiency in the storage
stack, including five major challenges to achieving both
high performance and energy efficiency, and propose four
design guidelines to address these challenges.

• We propose Sandman, a scheduling framework for mod-
ern storage, which achieves high performance and energy
efficiency through a fast resource scaling mechanism and
resource monitoring and I/O burst detection policies.

• The main novelties of Sandman are 1) combining the
cache-coherence mechanism with lightweight threads as
a wakeup method for energy-efficient scheduling and 2)
modeling bursts by analyzing I/Os from NIC queues in-
stead of traditional CPU-cycle counting for microsecond-
level burst detection.
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Figure 1. NVMe SSD performance trends of two repre-

sentative SSD vendors (V-A and V-B) across three PCIe

generations (§2.2). Data are from their official specifications.

2 The Dilemma in Storage Evolution

In this section, we first introduce the recent developments
in all-flash servers, which aim at better performance and
larger capacities. We then, however, reveal that the improved
performance and capacity exact a heavy toll on energy con-
sumption.

2.1 The Evolution of All-Flash Server

Manufacturers have been rolling out high-performance and
high-density all-flash storage servers to cater to the need
for high performance and exponential data growth. For ex-
ample, the latest servers can easily accommodate multiple
(e.g., 16-24) PCIe 5.0 NVMe SSDs, which enable hundreds
of gigabytes per second of bandwidth and tens of millions
of IOPS, with hundreds of terabytes to even petabytes of
capacity per node [10, 48, 57, 60].
These all-flash servers have become popular in various

scenarios. For example, enterprise-level cluster owners have
used them for on-premises storage services, where storage
resources are disaggregated and shared by multiple private
hosts via NVMe-oF over high-speed RDMA networks [16,
39, 48, 57, 63]. In addition, cloud vendors adopt these servers
as their backend (e.g., running chunkservers) for compute-
to-storage disaggregated systems [6, 27].

2.2 Energy Consumption in All-Flash Servers

Nevertheless, the unpleasant side of high performance and
capacity is high power consumption. This is especially impor-
tant given that it dominates the energy bill and has become
a key focus in reducing operational carbon emissions [31].
Despite recent efforts to improve energy efficiency at both
the hardware and firmware levels [26, 33, 64], we observe
that existing all-flash stacks still leave a considerable energy
footprint due to three aspects of reasons (R1–R3).
R1: High demand for processing power. Flash SSD per-
formance has been improving substantially. As illustrated
in Figure 1, both bandwidth and IOPS per drive have nearly
doubled with each successive PCIe generation. However,
achieving such full potential can exact a heavy toll on CPUs.
From our experiments on the RDMA-based NVMe-oF setup,
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System Idle Light Load Peak Load

Power Pct. Power Pct. Power Pct.
CPU 134 W 33% 244 W 34% 245 W 26%
SSD 74 W 17% 74 W 10% 296 W 32%
Others 204 W 50% 398 W 56% 399 W 42%
System 412 W 100% 716 W 100% 940 W 100%

Table 1. Power consumption breakdown (§2.2): Watts

(left) and percentage of total system power (right). Sys-
tem idle: no services running; Light load: less than 5% of maxi-
mum IOPS; Peak load: at maximum IOPS.

one logical core (i.e., hyper-thread core) on the NVMe-oF
target side can handle around 800K IOPS using SPDK [54].
Consequently, supporting a single PCIe 5.0 NVMe SSD (ca-
pable of 2,500K IOPS [49]) under this setup requires at least
three logical cores on the storage server, despite utilizing the
CPU-efficient SPDK stack. This is 32×, 4×, and 2× higher
than running a SATA SSD, and NVMe PCIe 3.0 and 4.0 SSDs,
respectively.
R2: High power consumption from processing I/Os.

Apart from using more cores, all-flash servers also require
highCPUutilization to achieve high performance. The polling-
mode stack (e.g., SPDK) is widely used in both on-premises
storage systems [39, 53] and the storage backend of disaggre-
gated systems [6, 27, 67]. This means servers need to reserve
CPU cores based on the maximum IOPS and require the CPU
to operate in a busy-polling state (i.e., 100% utilization) at
high frequencies, regardless of workload intensity. There-
fore, this approach, while achieving the best performance,
leads to significant power consumption.
In Table 1, we present the power consumption of a 1U

storage server equipped with 16 NVMe PCIe 5.0 SSDs under
three conditions: system idle (no services running, represent-
ing the lower bound) and two levels of workload intensity
for 4 KB random reads in an NVMe-oF over RDMA setup:
light load (< 5% of maximum IOPS, close to the lower bound)
and peak load (at maximum IOPS, representing the upper
bound). From the table, we can see that while the power
consumption of SSDs adaptively adjusts with workload in-
tensity, the CPU consistently (i.e., regardless of whether the
workloads are light or heavy) consumes 1.82× the power of
the system idle state due to busy polling.
Moreover, we notice that the collateral power consump-

tion from other components (e.g., memory and cooling sys-
tems) follows a similar trend (see others in Table 1). The root
cause is related to CPU activity. For example, as the CPU
begins polling, its temperature rises from 65◦C to 88◦C, and
in response, each of the eight server fans ramps up from
18K to 28K RPM. While intuitive, this finding nevertheless
highlights the cascading impact of polling-mode on overall
energy consumption.
R3: Frequent variances and bursts in the field. Note
that, even with R1 and R2, high power consumption is still
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Figure 2. Reserved, required, and wasted compute ca-

pacity under real cloud workloads (§2.2). The required
compute capacity is derived from performance utilization.

acceptable if the I/O pressure is consistently heavy. Yet, real-
world workloads indicate otherwise [25, 29, 46, 50, 56]. In
addition to variances, recent hardware advancements have
made bursts more severe and short-lived. Many prior works
have reported this trend and highlighted the need for fine-
grained detection [11, 22, 23, 28, 30, 37].
In Figure 2, we quantify the required processing power

(i.e., blue area, equivalent to the actual energy demand) based
on real workload traces from a cloud vendor [14] and the
reserved compute capacity (i.e., black horizontal line, equiv-
alent to the provisioned and consumed energy) for polling-
mode stack based on peak demand. The required compute ca-
pacity (i.e., blue area) fluctuates rapidly and significantly—up
to 82 I/O bursts within a 30-minute window—and often much
lower than the peak level. Yet, to maintain even a light aver-
age load and handle these bursts, the system must reserve
sufficient CPU capacity, resulting in energy consumption at
CPU and related components comparable to the peak level
due to R2 (i.e., the power consumption results of CPU and
others in Table 1). The total wasted energy can amount to
3.4× the required energy (i.e., the ratio of the red area to the
blue area in Figure 2). We analyzed more than 1,000 servers
over 24 hours of trace data, all of which exhibit similar pat-
terns. This presents a substantial opportunity for energy
savings.

3 Limitations of Existing Approaches

Ideally, one would expect an efficient scheduler to be able
to promptly allocate compute capacity to adapt to workload
changes, thereby reducing unnecessary power consumption
without severely impacting performance. Next, we compare
four existing power-saving approaches–Linux interrupts,
Governor, Dynamic Scheduling, and Hybrid Polling—against
SPDK, evaluating performance and power consumption un-
der both stable and burst workloads.

3.1 Overview of Existing Approaches.

We now introduce SPDK and four power-saving approaches.
We highlight why they can potentially save power. An ideal
approach should provide comparable performance to SPDK
but with lower power consumption.
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Figure 3. Power consumption (CPU and system levels) and tail latency under 4KB random read workloads (§3).
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Figure 4. System-level power consumption, tail latency, and IOPS under I/O bursts (§3). GOV, DYN, and HYB represent
Governor, Dynamic Scheduling, and Hybrid Polling, respectively.

SPDK [54] refers to the busy-polling approach with static
CPU core allocation, dedicating specific CPU cores to con-
tinuously poll for I/O requests. This binding remains fixed
without adjustment after initialization. SPDK thus delivers
the best performance at the cost of high power consumption.
Linux [24] represents the traditional interrupt-based ap-
proach, namely allocating CPU resources to process I/O re-
quests only when interrupts are received. Moreover, Linux
allows idle CPU cores to transition into low-power states,
further reducing power consumption [66].
Governor [5] uses CPU P-states, which allow userspace
programs to set specific frequencies. SPDK implements this
approach to scale the frequency of each polling core based
on its actual CPU load. This enables each core to operate at
an optimal frequency to minimize power consumption and
transition back to the maximum frequency when needed.
Dynamic Scheduling [7] reallocates threads among re-
served CPU cores based on actual thread and CPU load.
When a core has no scheduled threads, it stops polling. Once
threads are reassigned, the core resumes polling. This re-
duces power consumption by minimizing the number of
active cores. SPDK implements this approach as an optional
scheduler.
Hybrid Polling [32] alternates polling cores between sleep
and active states. The storage stack adaptively adjusts sleep
time based on request service time at runtime, achieving
power savings while maintaining performance comparable
to static polling. We integrate this adaptive hybrid polling
policy from [32] into SPDK to implement this approach.

3.2 Experimental Setup

We set up the following platform and define two typical
workloads to evaluate existing approaches.

Platform.Weperform ourmotivational study on two servers,
each with 16 NVMe PCIe 5.0 SSDs and RDMA NICs with
a total of two 200Gbps ports. Two servers are directly con-
nected through RDMA NICs. We use SPDK FIO-plugin [8]
to generate workloads and access remote SSDs via NVMe-oF
over RDMA transport. We use powerstat [42] and IPMI [20]
to measure power consumption at the CPU and system levels,
respectively. More details about the hardware are in §5.

Workloads.We evaluate stable and burst workloads with
4 KB random reads. For stable workloads, we evaluate against
16 SSDs.We limit IOPS rates on the client side, starting at 10K
and scaling to 10240K on a logarithmic scale. Each test case
runs for 2 minutes before advancing to the next IOPS rate.
For burst workloads, we evaluate against a single SSD. The
test begins with a baseline load of 5% of the SSD’s maximum
IOPS for 10 seconds, followed by an instantaneous increase
to the maximum IOPS of the SSD for 1 second. Afterward, the
load drops back to the baseline rate, repeating this pattern.

3.3 Linux: Interrupts

Stable workloads. Figure 3(a) and 3(b) illustrate CPU-level
and system-level power consumption. For light workloads,
Linux consumes less power than SPDK as expected. In ad-
dition, it is also understandable that Linux interrupt-based
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Figure 5. CPU core frequency scaling overhead (§3). The
frequencies are normalized as different CPUs have different
min/max/base frequencies. Base Freq refers to CPU core base
frequency.

processing experiences significantly higher tail latency (Fig-
ure 3(c)) compared to SPDK due to context switch overhead.
However, Linux surprisingly tends to consume more energy
when the IOPS rate exceeds 5120K. This is because Linux
needs more CPU cycles for context switches caused by sys-
tem calls and interrupts, resulting in lower CPU efficiency.
In contrast, SPDK dedicates CPU cores and thus shows a
constant power consumption in both CPU and the whole
system.
Burst workloads. The results of I/O bursts are consistent
with the previous observation—while Linux can save energy
(Figure 4(a)), it still exhibits higher latency (Figure 4(b)) and
lower IOPS (Figure 4(c)), compared to SPDK due to context
switch overhead.

Observation #1: Interrupts show lower performance and
can even consume higher-than-polling energy due to con-
text switches under heavy workloads.

3.4 Governor: Frequency Scaling

To enable Governor to handle I/O bursts effectively, we con-
figure scheduling interval to 10 𝜇s based on prior research
and field practices [11, 22, 23, 28, 30, 37].
Stable workloads. Figure 3(a) and 3(b) demonstrate that
Governor achieves lower power consumption than both
Linux and SPDK under all IOPS rates. However, the tail
latency of Governor is higher than SPDK and even higher
than Linux when the IOPS rate exceeds 5120K (Figure 3(c)).
This is because while scaling frequency can save energy and
manage specific I/O loads, it comes at the cost of increased
latency due to fewer execution cycles within the same time
interval.
Burst workloads. During bursts, Governor is expected to
scale the core frequency up to the maximum, thus match-
ing the performance of SPDK. However, despite achieving
significantly lower power consumption (Figure 4(a)), Gov-
ernor’s tail latency is three times higher than that of SPDK
(Figure 4(b)) with only one-third of the IOPS (Figure 4(c)).

To investigate the root cause, we further measure how
fast the CPU core can adapt its frequency to a workload

change. Although the effective hardware frequency is not
directly visible to users, we can infer it by measuring the
time taken to execute a fixed number of NOP (no operation)
assembly instructions. We first record this time at all avail-
able frequencies before the test, and then we capture changes
in core frequency by observing variations in the execution
time of the same number of NOP instructions. Figure 5 shows
the results of changing the CPU core frequency from the
minimum directly to the maximum on recent AMD and Intel
CPUs. Both require over 450 𝜇s to complete the transition;
even reaching the base frequency takes at least 400 𝜇s. This
result is consistent with prior findings that CPU frequency
changes incur hundreds of microseconds of delays due to un-
derclocking and Phase-Locked Loop (PLL) lock time [12, 40],
which also indicates that, unless with a fundamental over-
haul at microprocessor level, such intervals are unlikely to
be avoided.

Observation #2: Hardware transition overhead. Tran-
sitioning CPU cores from low-power states to high-
performance ones can introduce hundreds of microseconds
of delay, hindering the timely handling of workload bursts.

3.5 Dynamic Scheduling

Similar to Governor, we use a 10 𝜇s scheduling interval for
Dynamic Scheduling to handle I/O bursts effectively.

Stable workloads. The power consumption of Dynamic
Scheduling is lower than that of both SPDK and Linux but
slightly higher than Governor (Figure 3(a) and 3(b)). For tail
latency (Figure 3(c)), Dynamic Scheduling performs better
than Governor when the IOPS is below 160K and closely
matches the performance of SPDK. However, as the IOPS in-
creases beyond 160K, the tail latency of Dynamic Scheduling
begins to deteriorate, surpassing Governor. After reaching
320K IOPS, the tail latency even exceeds that of Linux.

With microsecond-scale intervals, the limited CPU cycles
per thread make it difficult to detect workload variations
using cycle-based metrics. Any function that consumes CPU
cycles can distort thread-load estimation. For example, dur-
ing 60 seconds, Dynamic Scheduling moves threads more
than one million times—constantly shifting them back and
forth across cores—despite a stable workload, resulting in
higher latency.

Observation #3: Detecting bursts at microsecond scale.

Using thread load to detect bursts at microsecond scale is
difficult due to limited CPU cycles, which causes inaccurate
load estimation and more than 800 𝜇s higher latency.

Burstworkloads.Dynamic Scheduling consumes less power
than SPDK and matches Linux and Governor in power effi-
ciency under I/O bursts (Figure 4(a)). However, it suffers from
higher tail latency and lower IOPS than SPDK (Figure 4(b)
and 4(c)). We have identified another issue: waking up cores
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via software-based interrupts incurs 27 𝜇s of overhead due
to context switches from system calls and interrupts.

Observation #4: Software wakeup overhead. Software-
induced overhead, such as context switches, during the
critical path of waking up a sleeping core can reduce the
efficiency of scaling compute resources by more than 25 𝜇s.

3.6 Hybrid Polling

We set the sleep time for each core to half the mean request
service time (same as [32]), with an initial value of 10 𝜇s.

Stable workloads. Hybrid Polling achieves limited power
savings compared to Linux under low-pressure workloads, as
well as Governor and Dynamic Scheduling across all work-
loads (Figure 3(a) and 3(b)), while it shows lower power
consumption and comparable performance (Figure 3(c)) com-
pared to SPDK. This result arises from frequent transitions
between low-power and high-performance states—CPU cores
only sleep for very short periods before waking up again.

Burst workloads. Hybrid Polling shows consistent behav-
ior under I/O bursts, achieving limited power savings (Fig-
ure 4(a)) whilemaintaining comparable performance to SPDK
(Figure 4(b) and 4(c)). Note that Hybrid Polling might save
more power under burst workloads by increasing the sleep
time to several hundred microseconds if the system is com-
pletely idle. However, this is not practical in real deploy-
ments, as workloads are rarely fully idle [3, 25, 29, 38, 56]
and such a tuning would compromise performance during
I/O bursts even if the system is completely idle.

Observation #5: Frequent transitions limit power sav-

ing. Frequent transitions between low-power and high-
performance states prevent CPU cores from staying in
energy-saving mode for longer durations and thus cannot
maximize power savings.

3.7 Other Related Works

We now discuss other related works. While they focus on
different problems or scenarios, they offer valuable insights.

Energy saving in infrastructure. Many prior works have
aimed to reduce energy consumption in infrastructure [17,
26, 33, 65], yet little attention has been paid to the energy
consumption from CPU cores supporting high-performance
storage. Our work seeks to address this gap. Nair et al. reduce
SSD energy consumption by minimizing write amplification
in firmware [33]. Hunt et al. utilize user-wait instructions
to lower power in polling workloads [17], while Wu et al.
tune thread sleep durations in DPDK to save power [65] for
network processing. These two techniques, which rely on
sleep-active modes (similar to Hybrid Polling), offer limited
savings due to frequent transitions. In contrast, our approach
seeks deeper power reductions beyond these limitations.

CPU States CPU Power Sys. Power Exit Lat.

P-0 (3.65 GHz) 244 W 716 W N/A
P-N (400 MHz) 144 W 460 W 450 𝜇s
C-1 (shallow sleep) 134 W 412 W 3 𝜇s
C-N (deep sleep) 52 W 252 W 800 𝜇s

Table 2. Comparison of different CPU states (§4.1). All
cases are conducted using 48 polling cores to launch SPDK (see
§5 for hardware details) and then enter the certain CPU state.
The "exit latency" refers to the hardware overhead required to
transition back to the highest-performance state (i.e., P-0).

Scheduling. ZygOS [43], Arachne [44], Shenango [37], and
Caladan [11] extend scheduling granularity to microsecond
scales for network processing. Shinjuku [23] optimizes con-
text switches overhead for microsecond-scale scheduling.
Tiny Quanta [30] uses coroutine-based forced multitasking
to avoid system calls. Skyloft [22] and uProcess [28] further
enhance scheduling efficiency using user-space interrupts to
avoid system calls during core rescheduling. These primarily
focus on resource utilization and preemptive scheduling sce-
narios. By contrast, our work focuses on energy efficiency.

4 Sandman

Sandman is a scheduling framework designed for modern
storage, providing both high performance and energy effi-
ciency. To save energy, Sandman monitors resource wasting,
consolidates tasks into fewer cores, and allows more cores
to enter a sleep state. To achieve high performance, Sand-
man detects I/O bursts and rapidly scales compute resources
to tasks at the microsecond level. In this section, we begin
with our design guidelines. Then, we present a high-level
overview, followed by a detailed description of the design
mechanism, policy, and implementation.

4.1 Design Guidelines

The observations (O1-O5) in §3 lead to the following design
guidelines.
D1: Sleep cores not lower frequency (to O2). Hardware
transition overhead depends on the exit latency. Table 2
summarizes the power consumption and the exit latency
to transition back to the high-performance state (P-0) from
different CPU states. This indicates an efficient design shall
prioritize the shallow sleep and avoid low-frequency state.
D2: No system calls and interrupts (to O4). Waking up a
sleeping core can be expensive due to system calls and inter-
rupts (see Figure 8(a), totaling 27 𝜇s for Dynamic Scheduling).
We should manage to avoid system calls and interrupts in
the critical path during the scheduling process.
D3: Schedule cores together for longer sleep (to O5).

Energy saving is underexploited in Hybrid Polling due to
independent and short-term sleep of cores. We should pri-
oritize migrating tasks to fewer cores and try to schedule
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Figure 6. Sandman system diagram (§4.2).

sibling logical cores in pairs (i.e., two logical cores on the
same physical core) and to ensure they sleep together for
longer durations.
D4: Measure bursts from network queues (to O3). In-
stead of using thread load (i.e., CPU cycles) as a metric,
we identify workload bursts from the source, i.e., count-
ing incoming I/O requests from network queues, enabling
microsecond-level detection.

4.2 System Overview

At a high level, Sandman categorizes CPU cores into two
types: one main core and several worker cores. As shown in
Figure 6, they both run in polling mode to process network-
ing and storage I/O requests, and can communicate via event
queues. Except for this, the main core is responsible for an
additional task. It maintains a scheduler that gathers metrics
and makes decisions to redistribute I/O threads among cores
to save power.

Following our design guidelines, Sandman develops two
key mechanisms. First, we propose a fast resource scaling
mechanism (§4.3). Specifically, Sandman implements I/O
threads as lightweight threads that can quickly migrate be-
tween cores to scale compute resources rapidly on demand.
This relies on two aspects of efforts. One is to allow idle
CPU cores to enter a shallow sleep state in order to minimize
expensive hardware exit latency (i.e., D1). The other is to
eliminate context switches during the scheduling process by
enabling CPU cores to await scheduling events by monitor-
ing CPU cache behavior. In this way, the target core wakes
up automatically and resumes execution, without system
calls or interrupts involved during the scheduling process
(i.e., D2).

Second, Sandman monitors both resource wasting and
workload variations but at different granularities (§4.4). To
maximize power savings, Sandman collects CPU statistics
at second-scale intervals and always tends to consolidate
I/O threads into fewer CPU cores while prioritizing the use
of sibling cores (i.e., under the same physical core) during
scheduling (i.e., D3). Moreover, Sandman detects I/O bursts

I/O Thread Task

Task

function(context) {
check queues;
process;
…
return;

}

Task

Ring ListExecution Flow

CoreCoreCore I/O Thread

I/O Thread

Busy Polling

Figure 7. Sandman thread model (§4.3).

at 𝜇s-scale intervals by building a burst detection model
based on incoming requests from network queues (i.e., D4).

4.3 Fast Resource Scaling

One key lesson learned from previous systems is that putting
cores to sleep is essential for energy saving. To avoid sac-
rificing performance, especially during bursts, compute re-
sources must be scaled rapidly, minimizing hardware and
software delays. In Sandman, this translates to two tech-
niques: lightweight I/O threads and shallow sleep.
Lightweight I/O threads. Sandman follows a common
practice and implements I/O threads as user-level lightweight
threads, as in previous works [4, 54, 55], where an I/O thread
is an abstraction of a set of tasks. As shown in Figure 7, a
core can maintain one or multiple I/O threads, each con-
taining several tasks that are described via predefined C
functions. I/O threads are organized in a ring list and exe-
cuted in a round-robinmanner. Specifically, the polling-mode
core takes an I/O thread from the head of the ring, executes
its tasks sequentially, and then places the I/O thread back
at the tail of the ring, during each polling loop. I/O threads
can be scheduled across cores by being removed from the
original core’s ring list and inserted into the target core’s
ring list. Sandman reuses SPDK’s reactor/thread framework
to implement the thread model (see §4.5 for details).
Thread binding. In Sandman, the task of each I/O thread
is to poll network receiving queues to process incoming re-
quests and storage completion queues to handle completed
requests. Initially, Sandman creates one thread on each
polling core, and for each NVMe SSD, one queue is cre-
ated per thread. When a new network client connects to
the NVMe-oF target, Sandman uses a round-robin policy to
assign a thread to handle that client’s requests.
Shallow sleep with instant transition. To rapidly sched-
ule an I/O thread to a sleeping core, Sandman leverages
unprivileged user wait instructions provided by modern pro-
cessors [2, 19] as a synchronization method between active
and sleeping cores. The user wait instructions, monitorx
and mwaitx, provide an architectural monitoringmechanism
based on the cache-coherence protocol [68]: allowing cores
to enter a shallow sleep state (C-1 in Table 2) and monitoring
a specified memory range (e.g., the address of a queue entry).
If a store (e.g., from other cores) matches the address of
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the specified memory range (i.e., the cache line is changed
to the modified state), the sleeping core wakes up instantly.
Compared to Dynamic Scheduling’s method, which relies
on kernel-provided power management and interrupts (see
Figure 8(a)), Sandman requires no system calls or interrupts
during the scheduling process (see Figure 8(b)).
Specifically, after Sandman moves all I/O threads of one

core to another core, an event monitor is set up for the mem-
ory address of the next available entry in the event queue via
monitorx before putting the idle core into a shallow sleep
state with mwaitx. The idle core then sleeps while monitor-
ing the next available entry in the event queue. Therefore,
when Sandman schedules I/O threads to the core in shallow
sleep, the original core only needs to send a schedule event
to the event queue of the target core by modifying the next
available entry of the event queue and inserting an event.
This behavior will be directly detected by the processor via
the cache-coherence protocol, which wakes up the target
core to poll for scheduling events and insert the I/O thread
into its ring list.

4.4 Resource Monitoring and Burst Detection

While the fast resource scaling mechanism enables rapid
scaling of compute resources with low overhead, Sandman
still requires prompt inputs to decide the timing and targets
for scheduling. Specifically, this relates to two aspects: mon-
itoring resource wasting (§4.4.1) and detecting I/O bursts
(§4.4.2). The former determines when and which cores to
put to sleep for power saving, while the latter decides when
to wake up cores and schedule threads to handle bursts.

4.4.1 Monitoring Resource Wasting. Sandman adopts
a coarse-grained scheduling interval (1 second) to monitor
resource wasting for power saving. Note that power con-
sumption is not sensitive to scheduling granularity (e.g.,
microsecond- vs. second-level), and such an interval allows
Sandman to collect sufficient statistics (see §5.4 for sensi-
tivity analysis). We next describe how Sandman monitors
resource wasting and performs scheduling under this coarse-
grained interval as shown in Figure 9.
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Figure 9. Overview of scheduling flow (§4.4).

Metric. Sandman uses the core load in the polling-mode
stack as the basic metric. The core load is the same as that in
SPDK [54], calculated as the ratio of busy cycles to total cy-
cles over a period of time (e.g., a scheduling interval), which
indicates how many CPU cycles on the core are effectively
used for performing specific tasks.
Besides, we define an idle threshold 𝑇𝑖𝑑𝑙𝑒 and a healthy

threshold 𝑇ℎ𝑒𝑎𝑙𝑡ℎ𝑦 . We mark a core as idle when the core
load is lower than𝑇𝑖𝑑𝑙𝑒 , as busy when the core load is higher
than 𝑇ℎ𝑒𝑎𝑙𝑡ℎ𝑦 , and as healthy otherwise. Sandman aims to
consolidate threads owned by idle cores to other healthy
ones, and avoid cores entering a busy state. In default, we
reserve 20% CPU cycles (i.e., setting 𝑇ℎ𝑒𝑎𝑙𝑡ℎ𝑦 as 80%) as CPU
buffer for I/O bursts and the 𝑇𝑖𝑑𝑙𝑒 is half of 𝑇ℎ𝑒𝑎𝑙𝑡ℎ𝑦 (see §5.4
for sensitivity analysis).

Monitoring. During runtime, Sandman periodically checks
the status of all worker cores and I/O threads at every coarse-
grained scheduling interval. First, Sandman iterates every
I/O thread and if there are no I/O requests processed (mea-
sured by incoming requests from network queues) by the
thread during current interval, Sandman moves the thread
back to the main core which accommodates all idle threads
( 1○ in Figure 9). Second, the main core gathers the core-load
statistics from every worker core. Then, if a core’s load is
lower than the idle threshold, Sandman tries to consolidate
all active threads of this core into other cores and puts the
idle core into sleep ( 2○ in Figure 9).

Core selection. When consolidating I/O threads, Sandman
needs to decide which core to migrate threads onto and
which core to put to sleep to maximize power saving. First,
Sandman checks all healthy cores and selects a target core if
it can accommodate the thread. Specifically, if the target core
is still considered healthy (i.e., core load ≤ 𝑇ℎ𝑒𝑎𝑙𝑡ℎ𝑦) when the
core’s current busy cycles are combined with the thread’s
busy cycles, then the target core can accommodate the thread.
Second, Sandman tries to make sibling pairs sleep together
(i.e., following D3) by moving all threads of the active sibling
core to another free core if Sandman puts an idle core to
sleep while its hyper-thread sibling core remains active.
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Figure 10 describes an example of core selection policy.
Core B and D are considered as idle cores as the core loads
are lower than idle threshold and thus their threads should
be consolidated. Sandman first consolidates threads of core
B and C onto core A and C. However, putting core B and D
to sleep cannot save power since their sibling cores are still
active (i.e., core A and C). Then, Sandman moves all threads
of core A to core D and put core A and B sleep together.

4.4.2 Detecting I/O Bursts. In contrast to monitoring
resource wasting, Sandman uses a fine-grained scheduling
interval (i.e., 10 𝜇s) to detect bursts. Such a short interval
enables Sandman to promptly scale compute resources to
handle sudden bursts (see §5.4 for sensitivity analysis) and
is also adopted in prior research [11, 15, 22, 23, 28, 30, 37],
where microsecond-scale intervals (e.g., 10 𝜇s or even less)
are shown to be necessary for timely response to bursts.
We now explain how Sandman detects bursts and scales
resources under this fine-grained interval.
Metric. To achieve fast detection of I/O bursts, we use in-
coming I/O requests from network queues as the metric (i.e.
following D4) since using thread load (i.e., CPU cycles) to
estimate bursts is difficult due to limited cycles available at
microsecond scale. During fined-grained scheduling inter-
vals, Sandman iterates every thread and checks the count
of its incoming I/Os. Intuitively, we should allocate more re-
sources (i.e., a new core with more available CPU cycles) to a
thread with an increased incoming I/O count. However, even
with a rather stable workload, the incoming I/O count might
still vary (to a point) during every scheduling period. There-
fore, a dilemma is that a sensitive threshold might cause
frequent thread migration, while a relaxed one might lead
to under-provisioning.
Sandman addresses this challenge through building a

Workload Variation Detection Model based on a confidence
interval. First, Sandman calculates theMoving Average (MA)
and Standard Error (SE) of the incoming I/O count from
network queues at the current scheduling event based on
previous scheduling events. Second, Sandman builds the
Confidence Interval (CI) at the current scheduling event as
CI = MA ± 𝑍 · SE, where 𝑍 represents the critical value
corresponding to the confidence level (we use 𝑍 ≈ 1.96 for a
95% confidence level). Sandman considers a thread whose

polled I/O count during a scheduling interval exceeds the
Confidence Interval as a thread whose workload has surged
(see §5.3 for accuracy evaluation).

Detection. During every fined-grained scheduling event,
Sandman iterates all I/O threads maintained by both main
core and worker cores. If a thread’s polled I/O count during
this scheduling time is higher than the upper bound of the
Confidence Interval, Sandman will reschedule this thread
to a new CPU core ( 3○ in Figure 9). Note that during fined-
grained scheduling events, we only consider upper bound of
Confidence Interval to detect whether the load of workloads
is increased. If the load is decreased, Sandman will consoli-
date the thread during coarse-grained scheduling event as
previous described in §4.4.1.

Core selection. For performance goal, since it is hard to
predict how much CPU cycles are needed for the new load,
Sandman wakes up an unused sleeping core and allocate
entire core to the thread to be scheduled. This guarantees the
most CPU cycle Sandman can allocate for a thread, which
is same as static allocation standing for best performance.
Sandman relies on scheduler to consolidate threads during
next coarse-grained scheduling event if Sandman allocates
more CPU cycles than the current scheduled thread needs.
When selecting an unused core, we prioritize hyper-thread
siblings (i.e., first considering a core whose sibling core is
already active) in order to avoid waking up more physical
cores (i.e., consistent with D3).

4.5 Implementation

We leverage SPDK [54] to implement Sandman. Below, we
describe the implementation of the data plane and the control
plane, respectively.

Data plane.We build Sandman’s data plane on the SPDK
NVMe-oF layer to support remote NVMe access. For storage,
we use SPDK’s user-space NVMe driver to communicate
directly with NVMe SSDs. For networking, we employ the
RDMA InfiniBand user-space library [45] to interact with
RDMA NICs. Both storage and network operations run in
polling mode to ensure high-performance access.

Control plane. We leverage the SPDK scheduling frame-
work to implement Sandman’s control plane in three as-
pects. First, we reuse SPDK’s core components—including
reactors, threads, pollers, and event queues—along with their
runtime statistics (e.g., used cycles, empty cycles, and core
load). Building on this foundation, we further extend the
SPDK scheduling framework to support new mechanisms
and policies. This includes: 1) enabling both fine-grained and
coarse-grained scheduling events with corresponding statis-
tics collection (282 LoC); 2) modifying I/O-related pollers to
report incoming requests from RDMA RX queues (192 LoC);
and 3) enhancing the reactor’s event queues to support our
new scheduling mechanism (234 LoC).
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In addition to these extensions, we add several new com-
ponents to SPDK to achieve Sandman. These include: 1) an
abstraction layer using unprivileged user-level wait instruc-
tions as a new sleep–wake mechanism to replace SPDK’s
kernel-based mechanisms (128 LoC); 2) a new module that
builds a burst detection model based on incoming requests
from network queues to estimate thread load (192 LoC); and
3) a new scheduler that makes decisions based on core load,
the burst detectionmodel, and the core selection policy under
both fine-grained and coarse-grained scheduling intervals
(884 LoC).

5 Evaluation

We evaluate Sandman using micro and application bench-
marks, and real workloads on emerging storage servers. Our
evaluation aims to answer the following questions:
• How effectively does Sandman perform in terms of per-
formance and power consumption (§5.1)?

• How well does Sandman handle sudden I/O bursts (§5.2)?
• What are the contributions and overheads of each design
decision in Sandman to its observed performance (§5.3)?

• Is Sandman sensitive to its parameters (§5.4)?
• What benefits do applications gain from Sandman in terms
of performance and energy savings (§5.5)?

• How well does Sandman achieve in real cloud workloads
in terms of performance and energy savings (§5.6)?

Experimental setup. We configure two servers, each with
an AMD EPYC 9454P 48-core processor (single socket, 4
NUMA nodes, 3.65 GHz max and 400 MHz min frequency),
756 GB DRAM, 16 Samsung PM1743 3.84 TB SSDs (PCIe 5.0),
and Mellanox ConnectX-6 RDMA NICs with two 200 Gbps
ports. The servers are directly connected via RDMA. Both
run Ubuntu 22.04.3 LTS (Linux 6.8.7) with SMT enabled. One
acts as the storage node, running an RDMA-based NVMe-oF
target, while the other serves as the compute node, accessing
remote storage via the NVMe-oF client.
Candidates.We compare Sandman against SPDK, Linux,
Governor, Dynamic Scheduling, and Hybrid Polling. For
polling-mode candidates (all except Linux), we reserve 48
logical cores on the storage server to serve 16 SSDs and
configure 16GB memory as huge pages. For Linux, no limits
are set on CPU (up to 96 logical cores available) or memory
(up to 756GB available). Note that SPDK uses static core
allocation, which achieves the best performance and thus
can be used as the performance baseline in our experiments.
Methodology.We use powerstat [42] and IPMI [20] to mea-
sure power at the CPU and system levels, respectively, with
1 s granularity. Powerstat and IPMI are launched before and
after each test case, and the average power during the test
is computed as the final result. For energy consumption in
cloud workloads (§5.6) we collect system-level power and
compute consumed energy by integrating power over time.

5.1 Latency and Power Consumption

We rerun the stable workloads same as §3 to evaluate power
consumption and latency achieved by Sandman.
Configuration. We test raw block devices on the compute
node using the SPDK FIO plugin [8], evaluating 16 SSDs with
4 KB random reads. The client generates IOPS ranging from
10K to 10240K on a logarithmic scale using throttling. Each
test runs for 2 minutes before moving to the next rate.
Power consumption. Figures 3(a) and 3(b) compare CPU
and system power. Sandman matches Dynamic Scheduling
and Governor, and outperforms Linux, Hybrid Polling, and
SPDK. It minimizes power by enabling more cores to sleep
together and longer. In contrast, Hybrid Polling yields lim-
ited savings due to short, uncoordinated sleep, while Linux
consumes more power due to low CPU efficiency.
Latency. Figure 3(c) compares tail latency under stable work-
loads. SPDK, Hybrid Polling, and Sandman show compa-
rable tail latency across all IOPS rates. Governor incurs up
to 161.5% higher latency than SPDK at 5210K IOPS, while
Linux shows consistently high latency. Dynamic Scheduling
matches Governor initially, but latency rises sharply beyond
80K IOPS. Sandman remains closest to SPDK, with only 4.8%
difference.

Sandman’s advantage stems from accurately identifying
workload changes and avoiding unnecessary thread migra-
tion under stable conditions. In contrast, Dynamic Schedul-
ing frequently migrates threads, especially after 640K IOPS,
resulting in higher latency due to unnecessary thread migra-
tion and increased jitter. Linux and Governor suffer higher
latency from software overhead and reduced CPU frequency,
respectively.

5.2 Resilience to Handle I/O Bursts

We rerun the burst workloads same as §3 to evaluate how
well Sandman can detect and handle sudden I/O bursts.
Configuration.We evaluate against a single SSD. The test
begins with a baseline load of 5% of the SSD’s maximum
IOPS for 10 seconds, followed by an instantaneous increase
to the maximum IOPS of the SSD for 1 second. Afterward, the
load drops back to the baseline rate, repeating this pattern.
Power consumption. Figures 4(a) compares system power
consumption. Sandman, Governor, and Dynamic Scheduling
achieve lower power consumption than SPDK, Linux and
Hybrid Polling. Sandman achieves such power consumption
reduction (up to 39.38% at system level) thanks to the longer
sleep of multiple cores.
Latency and IOPS. Figures 4(b) and 4(c) compare tail latency
and IOPS under I/O bursts. Governor performs the worst
result due to inefficient CPU frequency scaling caused by
hardware transition overhead. Linux shows the second-worst
result, hindered by context switches and software overhead.
Dynamic Scheduling improves on both but still lags SPDK
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Figure 11. Attribution of benefits (§5.3). The results are
measured using the same burst workloads described in §3.

due to context switches introduced by system calls and inter-
rupts, and inaccurate load estimation. In contrast, Sandman
and Hybrid Polling match SPDK in both metrics. Sandman’s
superior performance is because of its fast resources scaling
mechanism and microsecond-level burst detection.

5.3 Internal Mechanisms and Policies

In this section, we evaluate the contributions of individual
mechanisms and policies in Sandman, along with the over-
heads incurred by Sandman.
Attribution of performance.We conduct an ablation study
to examine how each technique contributes to performance,
using the burst workloads introduced in §3. We begin with
the scaling frequency approach and incrementally apply the
proposed techniques. As shown in Figure 11(a), replacing
scaling frequency with sleeping cores (i.e., +SC in the fig-
ure) reduces tail latency by 41.34%. Adding burst detection
from network queues (i.e., +DQ) yields an additional 25.13%
reduction. Finally, replacing interrupts with user-level wait
instructions (i.e., +NI) further reduces latency by 17.69%,
approaching the optimal static polling case (i.e., SPDK).
Attribution of power consumption.We analyze how each
technique contributes to power consumption using the same
burst workloads.We begin with static polling (i.e., SPDK) and
incrementally apply the proposed techniques. As shown in
Figure 11(b), employing hybrid polling (i.e., +HP in the figure)
lowers power consumption by 22.41% compared to static
polling. Replacing hybrid polling with sleeping cores (i.e.,
+SC) brings an additional 15.25% reduction. Finally, applying
scheduling siblings (i.e., +SS) yields a further 16.03% decrease,
achieving the most substantial savings
Accuracy of burst detection. We evaluate Sandman’s ac-
curacy of I/O burst detection from two perspectives. First,
it should avoid unnecessary resource scaling under stable
workloads, as this may cause performance fluctuation and
degradation as Dynamic Scheduling. Second, it must accu-
rately detect bursts to ensure timely scaling. We repeat sta-
ble and burst workloads for 100 iterations. Results show
that Sandman achieves 93.45%-95.78% accuracy under stable
workloads by avoiding unnecessary thread migrations across
all IOPS rates, and detects I/O bursts with 97.84% accuracy
measured by thread movement.

Action Time Consumed CPU Overhead

Filling Statistics 79.03 ns 0.78%
Running Algorithm 1.99 𝜇s 16.60%
Thread Movement 106.52 ns 1.05%

Table 3. Time consumed and CPU overhead of each ac-

tion executed during scheduling processes (§5.3). CPU
overhead refers to the percentage of CPU cycles used to exe-
cute the action during every scheduling event. We suppose the
schedule interval is 10 𝜇s.

Contextualizing improvements. To clarify the signifi-
cance of individual techniques and burst detection accuracy,
we analyze their impact in end-to-end contexts under real
workloads with runtime data. In particular, we quantify how
frequently these events occur and how much they affect
overall performance and energy savings. We present this
analysis in §5.6, using Alibaba’s workloads as an example.
Overhead of running the algorithm. The scheduling al-
gorithm involves two steps. First, the main core collects
runtime statistics from all cores and threads. Then, it makes
scheduling decisions based on the collected data. Table 3
reports the overhead of both steps under 48 cores running
48 threads. Each worker core spends 79 ns filling statistics,
while the main core takes another 1.99 𝜇s to run the algo-
rithm—totaling 2.07 𝜇s per interval for the main core.

At the scheduling interval of 10 𝜇s, the main core spends
16.6% of its CPU time on the scheduling algorithm. Typically,
it only runs the algorithm and maintains idle threads. In the
worst case—if it runs an active thread—its IOPS is reduced
by 16.6%. To prevent this, Sandman’s core selection policy
prioritizes worker cores for active threads, assigning them
to the main core only as a last resort. Note that such cases
only occur when all users are at peak load simultaneously,
which has been reported to be rare in the field [25, 46, 50].
Overhead of thread movement. We evaluate the over-
head of moving a thread between two polling cores, which
involves three steps: 1) the source core removes the thread
from its list; 2) a scheduling event is sent to the target core’s
event queue; 3) the target core polls the event and inserts the
thread into its list. This process takes 106.5 ns (see Table 3).

5.4 Sensitivity Analysis

Sandman has two software parameters: core load thresholds
and scheduling intervals. The default settings aim to achieve
optimal performance. Tuning them can further reduce power
consumption butmay degrade performance.We use the same
burst workloads from §5.2 to illustrate Sandman’s sensitivity
to these parameters.
Core load thresholds. These thresholds control how many
threads can be consolidated onto active cores. Increasing the
thresholds ([45, 90] and [50, 100] in Figure 12(a)) enables
more consolidation, reducing power consumption but in-
creasing latency due to a smaller CPU burst buffer. Lowering
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Figure 12. Sensitivity analysis of Sandman under burst workloads (§5.4). All results are normalized to the default setting
(indicated by the red line). CPU overhead refers to the overhead of running the scheduling algorithm, as analyzed in §5.3.
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Figure 13. Comparison of power consumption and performance on flash array with RAID-5 (§5.5).Workloads are
five typical RAID-5 operations: normal-state read (Nor-R), degraded-state read (Deg-R), full-stripe write (Full-W), reconstruct write
(Rec-W), and read-modify-write (R-M-W).

the thresholds ([30, 60] and [35, 70]) provides no latency
benefit (since 20% of CPU cycles as a buffer are already suf-
ficient to handle bursts) and increases power usage. Note
that Sandman keeps the idle threshold as half of the healthy
threshold, and we adjust idle and healthy thresholds together
(i.e., modifying only the idle threshold yields no benefit).

Scheduling intervals. Sandman uses a coarse-grained in-
terval to trigger thread consolidation and a fine-grained in-
terval to detect I/O bursts. For coarse-grained scheduling,
more aggressive consolidation (e.g., intervals of 0.25/0.5 s
in Figure 12(b)) does not yield additional power savings
and introduces performance fluctuations due to short time
windows for collecting CPU cycles, which lead to deviations
when making decisions. For fine-grained scheduling, increas-
ing the interval (e.g., 20/40/80 𝜇s in Figure 12(c)) reduces the
CPU overhead of running the algorithm, but increases tail
latency under bursts. However, lowering it to 5 𝜇s offers
no latency gain, as the I/O stack takes 4-6 𝜇s to complete
one polling loop, and thus Sandman cannot obtain useful
statistics under a 5 𝜇s interval.

5.5 Application Benefits

To evaluate the benefits of Sandman for applications, we
measure the performance and power consumption of a flash
array configured with RAID-5 [41] and RocksDB [47].

Flash array with RAID-5. On the storage node, we con-
figure 16 SSDs into a flash array using SPDK RAID-5 [41].

The strip (i.e., chunk) size is set to 64 KB, thus a stripe spans
1024KB (960KB data and 64KB parity) across the 16 SSDs.
On top of RAID-5, we create 64 logical partitions with equal
capacity and expose them as virtualized NVMe devices using
the SPDK RDMA-based NVMe-oF target.

On the compute node, we connect to the 64 partitions and
execute five typical RAID-5 workloads using the SPDK FIO
plugin [8]: normal-state read (64 KB random read), degraded-
state read (64 KB random read with one SSD failed), full-
stripe write (960 KB randomwrite), reconstruct write (640 KB
random write), and read-modify-write (64 KB random write).
Figure 13(a) shows the power consumption under these

workloads. Linux consistently consumes more power than
other approaches due to frequent context switches caused by
interrupts and system calls. Hybrid Polling reduces power
consumption under normal-state reads, but provides no sav-
ings under other workloads, since write amplification and
parity calculations leave fewer opportunities for the CPU
cores to enter sleep states. Governor and Dynamic Sched-
uling achieve power reductions similar to Sandman, but
both exhibit higher tail latency (Figure 13(b)), for the reasons
analyzed in §5.1. In terms of throughput, all polling-based ap-
proaches achieve similar results, while Linux delivers much
lower throughput in all workloads except normal-state reads
(Figure 13(c)) due to internal implementation overhead [51].

RocksDB.We evaluate RocksDB with YCSB workloads [9].
On the compute node, we first connect to 16 remote SSDs via
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Figure 14. Comparison of power consumption and performance on RocksDB under YCSB workloads (§5.5). Latency
in workloads A, B, C, D, F refers to the latency of reads. In E, latency refers to the latency of inserts as YCSB-E does not involve reads.

Linux RDMA-based NVMe-oF initiator. Then, we mount an
EXT4 filesystem on each device and run 16 YCSB processes (6
threads each), each targeting one device. The key and value
sizes are 16 B and 1KB, and the database is prepopulated
with 100 million key-value pairs. We measure 50 million
operations per YCSB workload.

Figure 14(a) shows system-level power consumption, while
Figures 14(b) and 14(c) present tail latency and through-
put across 6 YCSB workloads. Results align with our micro-
benchmarks: Dynamic Scheduling and Governor can reduce
power consumption compared to Linux and SPDK but incur
higher tail latency and lower throughput. Hybrid Polling
matches SPDK performance but saves less power. Sandman
achieves both high performance and energy efficiency.
Note that, for application benchmarks, the performance

differences among all approaches are less pronounced than
those observed with raw block devices. This is due to the
low utilization of the bandwidth of each remote SSD and the
CPU. These findings suggest that Sandman could deliver
even greater benefits if applications can further exploit the
capabilities of emerging high-performance storage servers.

5.6 Energy Consumption in Cloud Workloads

To evaluate Sandman under real cloud workloads, we replay
two block-level I/O traces from Alibaba[13] and Tencent [61].

Trace preparation. Due to the small and varied volume
sizes in the traces, we split remote SSDs into 128 logical
partitions of 480GB each. For each vendor, we select 128
high-load volumes closest to 480 GB to stress-test Sand-
man. We transform I/O traces into a uniform format and
extend FIO to replay requests by timestamp, offset, block
size, and I/O type (read/write). The workloads are replayed
continuously over 24 hours to collect per-request latency and
per-second system-level power. We use per-second power
data to compute daily energy usage and use the daily result
to project monthly usage.

Client configuration. We aim to reproduce configurations
similar to those of the vendors who provided the field traces
by emulating multiple compute nodes and sharing a storage
node through multiple logical devices, according to their

description [50, 69]. We divide the 96 logical cores in our
NVMe-oF client into 12 sets to emulate 12 compute nodes.
The 128 volumes are also divided into 12 sets by evenly
distributing I/O traffic (consistent with vendors for load bal-
ancing). Each set uses 8 logical cores as 8 FIO threads, serving
8-12 volumes with the same overall load as other sets.

Alibaba trace. Figure 15(a) shows the latency distribution
under Alibaba’s trace, and Figure 15(c) compares energy
consumption. Among all approaches, Sandman achieves the
closest latency distribution to SPDK while reducing energy
by 30.23% vs. Linux and 33.36% vs. SPDK. Governor and
Dynamic Scheduling offer similar energy savings but suffer
significant latency penalties. Hybrid Polling achieves latency
comparable to Sandman but consumes more energy due to
frequent transitions.

To contextualize the improvements of the proposed tech-
niques, we analyze the first three hours of runtime data,
focusing on SSD performance utilization and the scheduled
compute capacity on the storage node. Since the required
compute capacity mainly depends on the number of requests,
we use IOPS utilization as performance utilization. Scheduled
compute capacity is normalized by the number of active cores
and their operating frequencies. During the runtime, we ob-
serve how each approach reacts to the workload changes.

As shown in Figure 16(a), workloads fluctuate frequently
and exhibit many bursts during the three-hour period. Fig-
ure 16(b) shows the scheduled compute capacity of the three
approaches. An increase in compute capacity means that
more cores are woken up by Dynamic Scheduling and Sand-
man, or that CPU frequencies are adjusted by Governor.
Sandman schedules compute capacity in a pattern closely
aligned with performance utilization. Governor follows a
similar trend but sometimes lags behind Sandman because
of inefficiency of frequency scaling. Dynamic Scheduling
also follows the pattern under low utilization but shows
large spikes under high utilization, as threads are repeatedly
migrated in the background. These spikes result in much
higher tail latency than the other approaches, consistent with
the analysis of Observation #3 in §3.5. We omit the results
of other approaches (SPDK, Linux, and Hybrid Polling) in
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Figure 15. Latency distribution and energy consumption under block-level traces from cloud data centers (§5.6).

GOV, DYN, and HYB represent Governor, Dynamic Scheduling, and Hybrid Polling, respectively.
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Figure 16. Performance utilization and scheduled com-

pute capacity under Alibaba’s workloads (§5.6). The com-
pute capacity is normalized by the number of utilized cores
and their operating frequencies.

the figure since they consistently schedule higher compute
capacity than these three approaches.
Tencent trace. Figure 15(b) shows the latency distribution
under Tencent’s trace, and Figure 15(c) compares energy
consumption. Despite slight differences from Alibaba’s trace,
the conclusions remain consistent: Sandman closelymatches
SPDK in terms of latency while achieving significant energy
reduction.
The differences in results between Alibaba and Tencent

traces are primarily due to their distinct I/O characteristics
(e.g., read-write ratio, distribution of request sizes). Reads
in Alibaba and Tencent traces account for 35.4% and 39.6%,
respectively; 75% of the read and write sizes in Alibaba trace
are below 36.8 KB and 24.0 KB, respectively, while 75% of
the read and write sizes in Tencent’s trace are less than 47.0
KB and 16.8 KB, respectively.

6 Discussion

Hardware dependency. Starting with Intel 4th Gen Xeon
Processor [34] and AMD 3rd Gen EPYC Processor [1], unpriv-
ileged user wait instructions have been widely supported,
covering CPU platforms paired with PCIe 5.0 and newer
SSDs. On older platforms without this capability, Sandman
falls back to software-based interrupts to wake up sleeping
cores, which incurs additional latency, as explained in §5.3.
Compatibility with specialized network stacks. Sand-
man remains effective with specialized network stacks (e.g.,
mTCP [21], LUNA [70]), since Sandman does not directly
manipulate network queues or packets for burst detection.
As long as the network stack provides incoming requests
from the transport layer, Sandman can leverage this infor-
mation to build its model and detect bursts.
Applicability to DPU scenarios. DPUs offload storage
stacks to reduce server CPU usage, thereby lowering power
consumption, but they still require CPU cores in their SoCs
to run software stacks. For example, NVIDIA BlueField [35]
and Intel IPU [18] rely on SPDK to handle complex storage
functions [36, 59], since hardware offloading covers a limited
subset of such functions. Thus, Sandman remains applicable
for reducing power consumption in DPU scenarios.

7 Conclusion

In this paper, we address the energy consumption problem in
storage stacks and identify key challenges in achieving high
performance and energy efficiency. Guided by the insights,
we propose Sandman, which significantly reduces energy
consumption while delivering near-optimal performance.
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