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Abstract
Modern storage-intensive server applications such as key-value
stores and relational databases often rely on thread oversubscription
to sustain high throughput in cloud environments. While effective
at hiding I/O stalls, this practice introduces serious challenges, in-
cluding unpredictable query behaviors, instruction-per-query (IPQ)
inflation, and instability in dynamic power management (DPM). Ex-
isting QoS- or energy-centric techniques, developed in isolation at
one of the service layers, fail to holistically optimize resource and en-
ergy efficiency under connection-level QoS constraints. This paper
presents REEF (Resource- and Energy-Efficient user-space schedul-
ing Framework), a non-intrusive, cross-layer approach that coordi-
nates query processing across the network stack, application layer,
and OS resource manager. REEF transforms self-serving threads
into on-call threads activated by near-optimal, proactively batched
scheduling, enabling deep CPU C-state residency and mitigating
CPU and I/O contention. Our extensive evaluation on real server
applications (MongoDB and MySQL) demonstrates that REEF can
substantially improve the energy efficiency of server applications
under different connection-level QoS schemes, by up to 53.45%
for throughput per power, up to 2.18× and 5.33× for coefficient of
P99 and P99.9 tail-latency per power respectively, and significantly
reduce resource consumption, by up to 73.65% in CPU frequency.

CCS Concepts
• Computer systems organization→Multicore architectures;
• Software and its engineering→ Power management; Oper-
ating systems; • Information systems→ Database manage-
ment system engines; • Networks→ Network performance
modeling.
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1 Introduction
Nowadays, increasingly more enterprises move their businesses to
the cloud for agile and cost-effective data services based on vari-
ous storage-intensive server applications (e.g., key-value stores and
relational database systems). This is because modern datacenters
provide elastic compute and storage resources with multi-threaded
models to serve hundreds or even thousands of clients or compo-
nents (e.g., microservices or serverless functions) by network con-
nections. These server applications often have worker threads that
scale with client connections and become idle during disk/network
I/Os, necessitating sufficient thread concurrency beyond hardware
limits to maintain sustainably high performance. This has led to a
practice called thread oversubscription [33], in which more threads
than hardware execution units (e.g., CPU cores or hardware threads)
are created by service providers to exploit elasticity and make full
use of the given resources to maximize total throughput. However,
as a double-edged sword, thread oversubscription also introduces
several critical challenges, as illustrated in Fig. 1.

1) Arbitrary Query Behaviors: Thread oversubscription can am-
plify the impact of arbitrary and highly dynamic connection-level
query patterns, leading to increasingly randomized and unpre-
dictable thread processing behavior. This unpredictability becomes
particularly problematic when operating systems use CPU sched-
ulers such as Linux’s Completely Fair Scheduler (CFS)[12], which
allocate CPU time evenly across threads without considering their
underlying connection-level quality-of-service (QoS) requirements.
Connection-level QoS refers to a server’s ability to meet performance
guarantees, such as query or transaction latency targets, on a per-
connection basis. In environments with hundreds or thousands
of concurrent client connections that are each typically served
by a dedicated or shared worker thread, the mismatch between
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Figure 1: An illustration of the challenges posed by thread oversubscription.

fair scheduling and heterogeneous QoS needs can result in two
major problems. First, CPU core-level idle periods are frequently
and unpredictably interrupted due to merging of diverse query
patterns from multiple threads scheduled on the same core. This
reduces the likelihood idle durations exceed the threshold required
for entering deep CPU C-states (such as C6), which are essential
for energy savings. Second, oversubscription increases contention
and queuing delays, raising the risk of violating service-level ob-
jectives (SLOs), particularly for tail latency metrics that are critical
to latency-sensitive applications. As a result, although thread over-
subscription may improve total throughput, it can degrade both
energy efficiency and QoS under bursty and scalable workloads.

2) Instruction Per Query (IPQ) Inflation: Server applications
such as MongoDB [5] and MySQL [6] heavily rely on concur-
rency control mechanisms and resource partitioning strategies
[28, 41, 48, 58, 62, 67] to optimize multi-core execution and co-
ordinate concurrent accesses to shared resources like buffer caches,
all the while preserving correctness. However, thread oversubscrip-
tion can overwhelm these mechanisms, leading to increased unpro-
ductive processing, e.g., excessive lock contention or repeated wait
cycles, which produce little or no useful work from the perspec-
tive of end users (e.g., successfully completed queries). In parallel,
oversubscription-induced cache conflicts and misses trigger fre-
quent slow-path operations (e.g., fetching data from disk rather
than cache), resulting in inefficient processing. These factors increase
the CPU instructions required per query, a phenomenon known
as IPQ inflation, reducing resource efficiency by consuming more
CPU cycles without commensurate performance gains.

3) Dilemma of Dynamic Power Management (DPM): Thread
oversubscription inherently causes multiple threads or processes
to share underlying hardware execution units. DPM techniques
aim to balance energy efficiency and QoS by using hardware
features such as dynamic voltage and frequency scaling (DVFS)
[15, 17, 19, 35, 39, 47, 50, 54, 57] and CPU C-state management
[13, 22, 52, 53, 55, 71, 72]. These mechanisms depend on the sta-
bility and predictability of the relationship between QoS-relevant
metrics and CPU resource allocation. Metrics such as throughput
and mean latency are typically assumed to respond predictably to
changes in CPU frequency or core assignment. However, under
thread oversubscription, this relationship becomes unstable and
fractured, particularly for metrics sensitive to latency variability.

Resource contention and I/O bottlenecks from over-provisioning
compute resources relative to backend capabilities can distort this
relationship, as demonstrated in Section 2.1. Consequently, DPM
may introduce large and unpredictable control-induced errors when
regulating latency-sensitive QoS metrics such as tail latency SLOs.
This problem becomes even more severe in cloud-scale systems
where many client connections, each with distinct and potentially
conflicting QoS needs, are multiplexed onto oversubscribed threads.
In such scenarios, the ability of DPM to maintain precise QoS con-
trol while minimizing energy use becomes significantly weakened.

Despite growing awareness of these challenges, existing solu-
tions remain insufficient. Most QoS-centric scheduling policies
[8, 34, 42, 43, 60] and resource- or energy-centric DPM schemes
[15, 17, 19, 35, 39, 47, 48, 50, 54, 57, 58, 62] are not well-suited to
address the compounded impact of thread oversubscription on
connection-level QoS, resource utilization, and energy efficiency.
These solutions are typically developed for distinct objectives and
are implemented at different service layers, such as the network
I/O layer, the application layer, or the OS resource management
layer, largely oblivious of other layers. While interactions across
these layers are possible, they are often loosely coordinated and
largely reactive, serving upstream requests in a passive manner.
This separation in design and execution significantly hinders holis-
tic optimization of QoS enforcement and overall system efficiency
in terms of both resource and energy consumption.

In this paper, we present the Resource- and Energy-Efficient
user-space scheduling Framework (REEF), a non-intrusive, cross-
layer solution that coordinates the end-to-end query processing
pipeline across multiple service layers for server applications such
as MongoDB[5] and MySQL[6]. REEF improves overall resource
and energy efficiency while maintaining connection-level QoS guar-
antees. At its core, REEF establishes a resource- and energy-aware
connection-to-thread control path by transforming traditional self-
serving worker threads into on-call threads that remain idle un-
til explicitly scheduled. This architecture synchronizes query ac-
cess patterns with the execution states (running or idle) of worker
threads through proactive, near-optimal query batching. As a result,
REEF extends thread-level idle durations within QoS constraints,
increasing opportunities for deeper CPU C-state residency and en-
hancing energy efficiency. Additionally, REEF mitigates inefficient
thread activity by reducing CPU and I/O contention, improving
both resource- and energy-efficiency while alleviating IPQ inflation.

We implement a REEF prototype and evaluate its effectiveness
in enhancing the resource and energy efficiency of server applica-
tions such as MongoDB and MySQL. Our evaluation spans seven
representative kernel- and user-space QoS approaches across ten
diverse test scenarios. Results show that REEF consistently im-
proves both resource- and energy-efficiency without compromis-
ing connection-level QoS. The REEF source code is available at
https://github.com/NingBellWind/REEF_core.

2 Background and Motivation
2.1 Background and Case Studies
In this section, we dive deeper into the multi-layer software stack
(i.e., the network I/O layer, application layer, and the OS resource
management layer) that must be established to support running of
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Figure 2: An illustration of the relationship between C6 power consumption

and residency time for one CPU core.

a server application, as shown in Fig. 1, and further elaborate on
the three challenges imposed by thread oversubscription.

Arbitrary Query Behaviors: Arbitrary and dynamic query
behaviors at the network I/O layer propagate downward, causing
irregular sleep-wake cycles of threads at the application layer. Under
CPU oversubscription, these diverse execution patterns interleave
across threads sharing the same core, fragmenting idle periods and
reducing chance of entering deep CPU C-states for power savings.

C-states, managed at the OS resource management layer (e.g.,
via the Intel CPU idle driver in Linux [68]), allow parts of the
CPU (e.g., PLL, caches, core clock) to be powered down during idle
times. Deeper states like C6 offer greater savings but incur higher
transition latency and require a minimum target residency1. In
practice, cores must remain idle significantly beyond this threshold,
often 2 to 3×, to achieve net energy benefits [10, 71].

To study power-residency tradeoffs, we run a controlled experi-
ment on an Intel® Xeon® E5-2650 v4 CPU. A synthetic workload
repeatedly enters sleep states from 10 𝜇s to 5000 𝜇s, running one
minute per configuration on an isolated core with turbo boost
disabled and all C-states except C6 off. This forces core into C6
upon sleeping. Using RAPL interface [47, 59], we measure power
consumption against C6 residency. As shown in Fig. 2, short C6
residencies (<300 𝜇s) result in power usage exceeding C0 base fre-
quency due to entry overheads like cache flushes, context saves,
and PLL shutdowns. Meaningful savings only emerge after 1000 𝜇s,
when power drops below C0 levels, despite the 400 𝜇s target resi-
dency [3]. These findings align with Intel’s management code [71].

As a result, it remains highly challenging for dynamic and bursty
query patterns, especially under thread oversubscription, to effec-
tively leverage deep C-states such as C6 for energy savings. The
irregular sleep-wake transitions at the application layer, induced
by unpredictable I/O behaviors, tend to fragment core idle periods.
This fragmentation prevents the processor from remaining idle
long enough to surpass the target residency thresholds required to
offset C6’s transition costs. Consequently, while deep C-states offer
significant power-saving potential, their utilization is often under-
mined in oversubscribed server environments. Shallower C-states,
though more readily accessible, suffer from fragmented idle periods
caused by arbitrary query behaviors, limiting their residency and
resulting in modest energy savings.

IPQ Inflation: To support large-scale connection-driven ser-
vices, server applications often use numerous self-serving worker
1Target residency refers to the minimum idle time needed for energy savings to
outweigh transition costs.
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Figure 4: Breakdown of thread states and query throughput under server
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threads, each managing one or more connections. These threads
continuously poll state (e.g., I/O events) and immediately process
incoming queries to minimize latency. However, such behavior can
amplify resource contention, leading to inefficiencies like repeated
lock contention, cache conflicts, and excessive disk I/O. These fac-
tors collectively inflate the number of instructions executed per
query (IPQ), particularly under thread oversubscription.

Figure 3 shows normalized IPQ trends for two systems: Mon-
goDB [5] using a YCSB workload [24], and MySQL [6] running a
sysbench-based OLTP workload [40]. Experimental configurations
are detailed in Section 5. For MongoDB, IPQ grows moderately
from 1.05× to 1.27× as threads scale from 64 to 128, plateauing up
to 512 threads. In contrast, MySQL shows a continual IPQ increase
from 1.11× to 6.14× driven by compounded lock and cache con-
tention [42]. These results underscore the challenge of IPQ inflation
under thread oversubscription, which escalates CPU cycle usage.

DPMDilemma: As discussed in Section 1, dynamic power man-
agement (DPM) aims to reduce energy usage while meeting quality-
of-service (QoS) constraints. A common assumption in DPM is that
QoS metrics, such as throughput or tail latency, exhibit predictable,
often monotonic/linear relationships with power consumption. To
evaluate this assumption for metrics like query throughput and
P99/P99.9 latencies, we apply thread packing [23, 36, 61], running
MongoDB with 512 worker threads under a YCSB workload [24].
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Threads are consolidated onto 2 to 40 CPU cores, with unused cores
entering deep C-states (e.g., C6) via Intel CPU idle driver [68].

This setup enables us to observe QoS and power trends under
varying core allocations. As shown in Fig. 4(a) and 5(a), throughput
increases linearly and mean latency declines (no shown) as core
count grows from 2 to 6. Beyond that, both metrics plateau, while
power consumption continues to rise. Thus, DPM can reliably trade
energy for performance in this low-core range (2-6 in this example).

However, tail latencies diverge from mean latency as core count
increases, with P99.9 latency rising steeply from 2 to 8 cores. This
indicates higher percentile latency variability despite more cores.
As Fig. 4(a) shows, this behavior results from increased I/O con-
tention. While more cores alleviate CPU contention (reflected by
fewer threads in the running state (R)), they increase uncoordinated
I/O activity, leading higher uninterruptible sleep state (D), where
threads await disk/network I/O and cannot be interrupted. In con-
trast, the interruptible sleep state (S) represents idle threads that
can be awakened by signals/events, offering genuine energy-saving
opportunities. As D-state residency increases and encroaches on
S-state time, the system loses chances for voluntary CPU yield-
ing, thereby reducing the likelihood of achieving energy savings
without affecting QoS. Since DPM schemes typically manage only
CPU resources, they fail to jointly address CPU and I/O contention.
Consequently, the presumed linear QoS-power relationship breaks
down, limiting DPM’s ability to balance energy efficiency and QoS.

Motivation: To address the compounded challenges of thread
oversubscription, we propose REEF, a cross-layer, non-intrusive
framework for efficient scheduling and energy management. REEF
mitigates uncoordinated query arrivals via proactive batching, align-
ing inter-batch gaps with optimal CPU C-state residency for im-
proved energy efficiency. To reduce contention and IPQ inflation
from oversubscribed self-serving threads, REEF adopts scheduler-
driven on-call threads that activate only when assigned work. It
further decouples QoS enforcement from power control through
a programmable, connection-aware scheduling interface. Finally,
REEF applies a unified latency-based model to classify and consoli-
date threads, ensuring predictable QoS and enabling fine-grained
coordination between QoS requirements and energy-aware sched-
uling across diverse workloads.

2.2 Related Work
Table 1 summarizes limitations of existing solutions in addressing
core challenges introduced by thread oversubscription: (1) arbitrary
query behaviors, (2) IPQ inflation, and (3) the DPM dilemma.

QoS-centric scheduling frameworks, such as AppleS [42],
Rein [60], and UTSLO [43], target QoS metrics like tail latency and
fairness, but neglect energy efficiency. Kernel-space schedulers like
ghOSt [34] and Cgroups [8] provide thread-level control but lack
coordination with application-layer query behaviors.

System-wide DPM techniques, including Pegasus [47], Time-
Trader [66], and PowerNap [52], optimize energy efficiency under
aggregated metrics but fail to capture connection-level variance and
thread dynamics. While C-state-based methods improve efficiency
globally, they are not tailored to multi-threaded server workloads.

Application-oriented DPM solutions, such as Rubik [39] and
𝜇DPM [21], offer sub-millisecond control but assume low request

Approach
Arbitrary

Qry. Behavior
IPQ

Inflation
DPM

Dilemma
QoS-Centric Scheduling Frameworks

AppleS [42] Median Median ✗

UTSLO [43] Median Median ✗

ghOSt [34] ✗ Low ✗

Cgroups [8] ✗ Low ✗

Fine-grained Sched-
ulers [37, 49]

Median Low ✗

System-wide DPM Techniques

Pegasus [47] Low ✗ ✗

TimeTrader [66] Median ✗ ✗

Carb [73] Low ✗ ✗

Dreamweaver [55] Median ✗ ✗

PowerNap [52] Low ✗ ✗

Application-Oriented DPM Solutions

Rubik [39] Low ✗ ✗

𝜇DPM [21] Median ✗ ✗

Peafowl [13] Low ✗ ✗

Demeter [65] Median Low ✗

This Work

REEF High High High
Table 1: Comparison of prior solutions and REEF in addressing key chal-

lenges under thread oversubscription. For Arbitrary Query Behavior, "Low"

indicates reactive handling, while "Median" denotes proactive handling that

does not span the full query processing pipeline. For IPQ Inflation, "Low"

reflects unstable optimization under thread oversubscription, and "Median"

indicates partial mitigation of I/O contention. "High" represents comprehen-

sive support across the entire query processing pipeline (covering both CPU

and I/O contention), whereas ✗ denotes no effective support.

rates and overlook thread oversubscription. Peafowl [13] adopts
intrusive energy-aware scheduling, requiring tight integration and
fixed thread-core mappings, unsuitable for dynamic environments.

Demeter [65] presents a QoS-aware CPU scheduler that reduces
power consumption for co-located black-box workloads by adjust-
ing core allocations based on latency SLOs. Although conceptually
similar to REEF, Demeter oversimplifies thread behaviors and over-
looks the impact of dynamic query behaviors and IPQ inflation,
limiting its effectiveness in balancing QoS and energy efficiency
under oversubscription, as shown in Section 5.4.

Recent DPM efforts have shifted toward microservices [16],
serverless platforms [46, 63], and large languagemodels (LLMs) [64],
but they fail to address the fundamental challenges of thread over-
subscription. Unlike these approaches, REEF is a cross-layer, energy-
aware scheduling framework that orchestrates the entire query
pipeline, from the network I/O layer to the OS layer, while mitigat-
ing both CPU and I/O contention. By decoupling QoS enforcement
from power management, REEF overcomes the DPM dilemma and
ensures predictable performance with minimal IPQ inflation.

3 The REEF Design
As illustrated in Fig. 6, REEF provides an application-aware sched-
uling framework that coordinates query processing across the net-
work I/O, application, and OS resource management layers using
the Ideal Batch optimization strategy. It achieves both resource and
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Figure 6: The REEF architecture.

energy efficiency while satisfying QoS targets. Unlike conventional
approaches that focus solely on performance or energy, REEF max-
imizes CPU idle time within QoS bounds and mitigates contention
from thread oversubscription, improving both system efficiency
and connection-level QoS. To guide and evaluate REEF’s design,
we define and quantify efficiency metrics aligned with these goals.

3.1 Comprehensive Efficiency Assessment
REEF provides a comprehensive framework for evaluating resource
and energy efficiency along with diverse QoS targets, including
throughput and tail latency metrics such as the 99𝑡ℎ (𝑃99) and
99.9𝑡ℎ (𝑃99.9) percentiles.

Resource efficiency is typically assessed via throughput and
tail latency for different application types (e.g., I/O- or CPU-
intensive) [14, 27, 38, 42, 62, 70]. Accordingly, we define resource
efficiency using normalized performance in throughput, 𝑃99, and
𝑃99.9 tail latency, measured as the geometric mean of the speedups
of co-located applications relative to their isolated baselines, with
harmonic mean as an alternative [20, 26, 69]. To further reflect
CPU resource use, we track the average frequency of cores serving
worker threads under high I/O load (typically exceeding 95%).

Symbols Definition
𝐸𝐸 (𝑇𝑃𝑃 ) Throughput per power (TPP).
𝐸𝐸 (𝑃𝑥 ) 𝑇𝑃𝑃

𝑃𝑥_𝑡𝑎𝑖𝑙/𝑚𝑒𝑎𝑛_𝑙𝑎𝑡𝑒𝑛𝑐𝑦 .
Table 2: The energy efficiency (EE) measures in terms of throughput and tail
latency, where𝑇𝑃𝑃 measures throughput per power unit and 𝐸𝐸 (𝑃𝑥 ) reflects
the tail-latency performance per power unit in terms of the 𝑥𝑡ℎ percentile tail
latency normalized to the mean latency.

Energy efficiency is evaluated using multiple metrics aligned
with different performance goals: 𝐸𝐸 (𝑇𝑃𝑃), 𝐸𝐸 (𝑃99), and
𝐸𝐸 (𝑃99.9), as shown in Table 2. These metrics are computed us-
ing the total power consumed by the CPU, memory, and storage
components necessary for running the applications.

3.2 Ideal Batch Strategy
As illustrated in Fig. 2, deep C-state (C6) residency inversely cor-
relates with power consumption until reaching static C6 power.
However, meaningful power savings occur only if the residency
exceeds a break-even threshold 𝑇 (e.g., 1000 𝜇s for Intel® Xeon®
E5-2650 v4). This underscores the need to maximize uninterrupted
CPU idle time (e.g., Δidle

𝑗
on core 𝑗 ) and ensure that it consistently

exceeds 𝑇 ; otherwise, C6 entry yields no energy benefit.
For example, a single I/O-intensive connection served by a

worker thread on core 𝑗 may exhibit widely varying inter-arrival

times Δ 𝑗 due to arbitrary query behaviors. This unpredictability
introduces randomness in Δidle

𝑗
, potentially reducing core idle du-

rations below 𝑇 . We model Δidle
𝑗

as:

Δidle
𝑗 = max(Δ 𝑗 − 𝛿, 0), (1)

where 𝛿 denotes the per-query overhead, comprising query pro-
cessing time 𝛿𝑝𝑟𝑜𝑐 , CPU scheduling latency 𝛿𝑠𝑐ℎ𝑒𝑑 , and C-state
wake-up delay 𝛿𝑤𝑎𝑘𝑒𝑢𝑝 . For an architecture with𝑀 cores, the po-
tential for power savings through deep C-state (C6), termed C6
Opportunity, is expressed as:

C6 Opportunity(𝑇 ) =
∑𝑀−1

𝑗=0 Δidle
𝑗
· 1(Δidle

𝑗
> 𝑇 )

𝑇total
(2)

where 𝑇total =
∑

𝑗 Δ
idle
𝑗
+ 𝑇proc

𝑀
, 𝑇proc is the accumulated query

processing time, and 1(·) is the indicator function.
To address this, we explore the optimal query batching strategy,

termed Ideal Batch, for a core 𝑗 handling a query stream with mean
inter-arrival time 𝜇 𝑗 . Since only idle periods longer than the break-
even threshold 𝑇 yield real energy savings, the effective idle time
is modeled as Δidle

𝑗
· 1(Δidle

𝑗
> 𝑇 ).

We begin by defining the function:

𝑓 (Δ 𝑗 ) = max(Δ 𝑗 − 𝛿, 0) · 1(Δ 𝑗 > 𝑇 + 𝛿),

which captures the effective idle time after accounting for per-
query overhead 𝛿 . This function is convex for Δ 𝑗 > 𝛿 , making it
suitable for optimization in determining the interarrival time that
maximizes C-state residency opportunities. By Jensen’s inequality:

E[𝑓 (Δ 𝑗 )] ≤ 𝑓 (E[Δ 𝑗 ]) = 𝑓 (𝜇 𝑗 )

Maximum occurs when interarrival times are fixed: Δ 𝑗 = 𝜇 𝑗 . Thus,
we can achieve the core’s optimal idle time Δbatch-idle

𝑗
under N-

query batching:

Δbatch-idle
𝑗 = 𝑁 · 𝜇 𝑗 − 𝑁 · 𝛿𝑝𝑟𝑜𝑐 − 𝛿𝑠𝑐ℎ𝑒𝑑 − 𝛿𝑤𝑎𝑘𝑒𝑢𝑝 , (3)

Based on Eq. 3, the batch size 𝑁 can be adjusted to optimize the
effective idle time Δbatch-idle

𝑗
. This is because 𝛿sched, representing

context switch overhead, is typically a few microseconds [33], and
𝛿wakeup occurs once per batch, amortized across 𝑁 queries. As 𝑁
increases,Δbatch-idle

𝑗
grows, improvingC6Opportunity. However, ex-

cessive inter-batch idleness can hurt tail-latency-related efficiency
(e.g., 𝐸𝐸 (𝑃99) and 𝐸𝐸 (𝑃99.9)), making batch size a constraint to a
practical solution, as discussed in Section 3.4.
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Figure 7: The illustration of on-core Ideal Batching.

3.3 On-Core Ideal Batching
Enforcing the Ideal Batch strategy in oversubscribed servers is chal-
lenging due to shared CPU cores among multiple worker threads
and the need to consolidate heterogeneous client query streams.
Each client connection is typically handled by a dedicated worker
thread, a best practice promoting fine-grained concurrency, deter-
ministic execution, easier debugging, and improved cache local-
ity [32]. However, this model strains OS-level CPU and I/O manage-
ment, particularly under arbitrary query behaviors, due to irregular
multi-threaded contention.

To address this, REEF implements thread-level Ideal Batching
by converting traditional self-serving threads into on-call threads
that remain idle until assigned a query batch (see Section 4). Upon
completing its batch, a thread returns to idle, enabling per-thread
Ideal Batch execution.

Query batches must be fairly distributed across threads sharing
a core. A basic approach (Fig. 7(a)) groups threads by core and
uses fair-sharing (e.g., weighted round-robin [7]). However, this
method has two limitations: 1) It addresses only CPU contention.
As shown in Fig. 4 and Fig. 5, I/O contention in oversubscribed set-
tings severely limits DPM’s ability to balance QoS and energy effi-
ciency, a problem CPU-only policies cannot solve. 2) Strict per-core
scheduling interferes with OS-level CPU schedulers, constraining
optimizations like NUMA balancing and cache locality.

REEF introduces a thread contention mitigator that dynamically
reduces both CPU and I/O contention under the Ideal Batch strat-
egy while remaining cooperative with kernel schedulers. It hides
excessive thread activity from OS resource managers and tunes
the thread concurrency limit 𝐶 to match available CPU and I/O
resources, as shown in Fig. 7(b). To preserve system responsiveness,
𝐶 is set below the total number of physical cores, leaving head-
room for the OS and co-located workloads. In multi-tenant settings,
performance often degrades due to variable I/O loads [29, 31], am-
plifying the impact of CPU over-provisioning on QoS, especially
for compute- and I/O-bound applications, as shown in Fig. 5.

Determining the number of CPU cores dedicated to a server
application, 𝐶avail, is straightforward by excluding allocations for
the OS and co-located services. However, estimating the optimal
number of cores to fully utilize storage I/O under heavy threading,
𝐶optimal, is more challenging. Inspired by AppleS [42], which iden-
tifies the minimum parallelism to saturate I/O, we define𝐶optimal as
the fewest concurrent worker threads, Min𝑁worker, that maximize
throughput. Since worker threads dominate in thread oversubscrip-
tion, we approximate 𝐶optimal ≈ Min𝑁worker, and enforce the con-
currency limit as 𝐶 ≈ min(𝐶avail,Min𝑁worker). This hides many
on-call threads from the OS, enabling scalable performance. As
shown in Fig. 3(b), REEF mitigates IPQ inflation to levels compara-
ble with thread undersubscription for both MongoDB and MySQL.
By easing I/O contention, REEF ensures stable latency variability
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Figure 8: An illustration of the scheduling policy implemented by REEF.

even with varied CPU core counts, as shown in Fig. 5(b), enabling a
balanced trade-off among QoS, resource use, and energy efficiency.

To enforce thread concurrency in on-core Ideal Batching, the
thread contention mitigator adopts a customized token-bucket
scheduler to regulate batch-level admission across worker threads.
Unlike traditional QoS-driven token-bucket schedulers [74–76] that
regulate query rates solely to meet QoS targets, our approach opti-
mizes query patterns at the batch level to achieve near-optimal C6
residency, maximizing energy efficiency without sacrificing QoS.
Under the concurrency cap𝐶 , execution proceeds in discrete sched-
uling rounds, during which only 𝐶 worker threads may dispatch
query batches. In each round, a thread 𝑇𝑖 can submit a batch of 𝑁𝑖

queries, determined by its token allocation, into the system stack,
including both the application and OS layers, provided that 𝑁𝑖 > 0,
as shown in Fig. 6. The value of 𝑁𝑖 is dictated by QoS policies. If
𝑁𝑖 = 0, the thread yields its turn.

3.4 QoS Policies under Ideal Batching
As shown in Fig. 6, REEF implements connection-level QoS sched-
uling through a query batch regulator, which assigns a batch size to
each server application’s worker thread. To maximize inter-batch
idle time and fully utilize CPU and I/O resources, the regulator
adaptively adjusts the interval between scheduling rounds, called
the inter-scheduling-round (ISR) delay, according to a preset load
threshold. This delay translates to core-level idle time, improving
both resource and energy efficiency.

A connection-level QoS policy typically implements a feedback
control loop that dynamically determines "who" (i.e., which thread)
can send "howmany queries" (i.e., the query batch size) at any given
moment according to connection-level QoS objectives [30, 31, 42–
44]. To integrate such a policy into the REEF runtime, as illustrated
in Fig. 8, the query batch regulator partitions the system runtime
into multiple scheduling rounds, which serve as the minimum gran-
ularity for enforcing QoS targets under the Ideal Batch strategy.
At the beginning of each scheduling round, the QoS scheduling
policy determines the batch size for each worker thread based on
connection-specific performance metrics and the scheduling al-
gorithm. The REEF runtime, acting as an intermediary between
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Figure 10: Comparisons in CPU frequency, the energy-efficiency metrics,

as well as the power consumption and its C-state breakdowns under different

query batch size.

the server application and the policy engine, provides the neces-
sary connection-to-thread mappings and access to connection-level
performance metrics such as throughput and tail latencies.

To support this, REEF extracts connection metadata (socket ID,
IP, port) from system calls and links it with the serving thread
ID (TID). It also monitors system call traces to compute runtime
statistics, including throughput, latency, and inter-arrival times.

ISR delay optimization: To maximize the ISR delay 𝐷 while
fully utilizing server capacity, the query batch regulator dynam-
ically adjusts 𝐷 based on a load limit 𝜆, aiming for high energy
efficiency. The limit 𝜆 is set according to the average query through-
put 𝜆 observed under high I/O utilization (e.g., above 95%), which
can be estimated from system configurations. Setting 𝜆 > 𝜆 may
leverage transient over-provisioning for higher throughput but
risks I/O congestion during resource contention, degrading tail la-
tency and energy-efficiencymetrics such as 𝐸𝐸 (𝑃99) and 𝐸𝐸 (𝑃99.9).
As expected, increasing 𝜆 or reducing batch size 𝑁 shortens the ISR
delay. By default, the minimum delay is based on the C6 break-even
threshold (see Fig. 2), ensuring even the core with the shortest idle
window can benefit from deep C-states for energy savings.

Figure 9 shows a case study on tuning the load limit 𝜆𝑝 = 𝜆

𝜆
×

100% for a MongoDB key-value store with 512 worker threads (see
Section 5.1 for details). As 𝜆𝑝 increases from 100% to 150%, 𝐸𝐸 (𝑇𝑃𝑃)
initially improves but plateaus around 𝜆𝑝 = 105%, where through-
put saturates. Beyond this point, both 𝐸𝐸 (𝑃99) and 𝐸𝐸 (𝑃99.9) de-
cline, making 𝜆𝑝 = 105% an optimal trade-off. A smaller batch size
𝑁 improves 𝐸𝐸 (𝑃99) and 𝐸𝐸 (𝑃99.9), albeit with a slight reduction
in 𝐸𝐸 (𝑇𝑃𝑃). In practice, REEF can automatically optimize 𝜆 for a
given server application before deployment.

Batch size optimization: The batch size 𝑁 can be tuned to opti-
mize energy-efficiencymetrics, particularly 𝐸𝐸 (𝑃99) and 𝐸𝐸 (𝑃99.9).
As shown in Fig. 10, using a small batch size (e.g., 𝑁 = 2) signifi-
cantly improves tail-latency efficiency, by 3.75× for 𝐸𝐸 (𝑃99) and
3.64× for 𝐸𝐸 (𝑃99.9), at the cost of a modest 7% drop in 𝐸𝐸 (𝑇𝑃𝑃).
This gain results from shorter inter-batch intervals, which increase
thread activation frequency and reduce delay between batches.
However, smaller 𝑁 limits connection-level locality (e.g., cache

reuse) [42], slightly lowering throughput. As shown in the right-
most subfigure of Fig. 9, it also increases power usage by up to 5.6
watts (4.61%). To balance these trade-offs, REEF dynamically caps
batch size per thread based on optimization goals. For throughput-
centric use, it allows larger batches (e.g., 𝑁 ≤ 8) to exploit locality;
for tail-latency-sensitive workloads, it enforces smaller 𝑁 (e.g.,
𝑁 = 2) when ISR delays exceed the C6 break-even threshold.

3.5 DPM under Ideal Batching
REEF decouples QoS enforcement from dynamic power manage-
ment (DPM) at the OS resource management layer, addressing the
DPM dilemma of balancing QoS and energy efficiency. By proac-
tively reshaping connection-level query patterns via the Ideal Batch
strategy and mitigating CPU and disk I/O contention, REEF ensures
more stable and predictable performance. This design allows REEF-
based DPM to avoid reacting to transient SLO violations or sudden
load spikes. Meanwhile, connection-level QoS policies are enforced
independently through REEF, enabling precise per-connection tar-
geting. As a result, the REEF-based DPM scheme focuses on pro-
viding near-isolated execution environments for connections with
stringent SLOs (e.g., high-percentile tail latency targets), enabling
stable, efficient QoS enforcement with minimal resource and energy
overhead through QoS-centric workload consolidation.

To do this, we begin by unifying various QoS metrics, including
query throughput, P99 and P99.9 tail latency, and user disengage-
ment ratios (UDRs) [43], into a standardized target: mean query
latency SLO. Throughput SLOs are translated using Little’s Law [45],
while tail latencies and UDRs are mapped to mean latency based
on observed latency variance [43, 56]. As shown in Fig. 5(b), REEF
stabilizes latency variability under thread packing, enabling accu-
rate conversion of high-percentile or UDR constraints into mean
latency using short-term variance measurements.

Each worker thread, typically bound to a client connection, is
thus associated with a unified mean latency target. Assuming CPU
cores are divided into 𝑅 core areas, the REEF-based DPM scheme
manages groups of threads with similar QoS targets per area. Clus-
tering methods like K-means [51] group threads by QoS similarity.
Once clustered, REEF’s thread-to-core distributor assigns threads
to core areas, dynamically resizing each area based on real-time
QoS status. It expands areas experiencing violations and reallocates
cores from regions with relaxed targets when all constraints are met
(see Section 4). Benefiting from near-optimal C6 residency through
on-core Ideal Batching (Section 3.3), REEF supports QoS-centric
workload consolidation for enhanced energy efficiency.

4 Implementation and Overhead Analysis
REEF is implemented with 10K LOC in user-space without mod-
ifying server applications or the OS kernel. It uses lightweight
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techniques like syscall interception and Linux signal handling to
non-intrusively enforce Ideal Batching and QoS-centric workload
consolidation within the application runtime. The following over-
head analysis highlights REEF’s practicality and efficiency.

On-call worker threads: To support connection-level QoS
enforcement under the Ideal Batching strategy, REEF delegates
thread-level control to the query batch regulator by injecting its run-
time service thread into the application using the syscall_intercept
library [2]. This enables REEF to operate as an internal thread
within the application process and manage worker-thread ex-
ecution directly. REEF then hotpatches two key control rou-
tines in each worker thread’s runtime context: on_call_init() and
on_call_handler(). The former, invoked once per thread, registers a
Linux signal handler [9] and sets up syscall interception for inter-
thread communication. The latter transitions a thread to an idle
state after it completes a query batch.

All worker threads are initially placed into the idle state. REEF
uses the connection-to-thread mapping to emulate a QoS policy,
directing threads to run or sleep via Linux signals and the on-call
handler. This enables Ideal Batch enforcement without modifying
server application code. Crucially, REEF only intercepts syscalls and
uses standard Linux signals; it does not alter application logic or
internal data, ensuring compatibility and preserving the functional
and security integrity of the server application.

QoS-CentricWorkload Consolidation: To prioritize CPU allo-
cation for threads with stricter service-level objectives (SLOs) under
the Ideal Batch strategy, REEF supports a QoS-aware consolidation
scheme, outlined in Algorithm 1. Worker threads are partitioned
into 𝑅 core areas, 𝐴0 through 𝐴𝑅−1, ranked from strictest to most
relaxed SLOs. Each area’s SLO is defined by the total throughput
budget, computed as the sum of per-thread throughput targets.

REEF first transforms each connection-level SLO, expressed in
mean latency, into a per-thread throughput budget using Little’s
Law [45]. It then applies K-means clustering [51] to group threads
by their mean latency targets and assigns them to corresponding
core areas. Once grouped, the total throughput budget for each
core area is determined. To validate feasibility, REEF ensures the
sum of area budgets does not exceed the application’s sustainable
throughput. If it does, a warning is issued, indicating the current
system cannot meet the specified QoS requirements.

Next, we empirically profile application throughput across vary-
ing core counts. For each area (except the strictest), REEF allocates
the minimal cores needed to satisfy its throughput budget. The
strictest area receives remaining cores to prioritize its SLOs.

REEF continuously monitors per-thread SLOs at 100ms intervals.
Upon detecting a violation in area 𝐴𝑟 , it triggers reactive realloca-
tion by scanning areas with looser SLOs (from 𝐴𝑅−1 to 𝐴𝑟+1) to
identify a donor core that can be reassigned without compromising
that area’s QoS. Specifically, for a candidate donor area 𝐴𝑘 , if all its
threads currently meet their SLOs with Cores[𝑘] allocated cores,
we reference the pre-measured throughput 𝑇𝑃 [Cores[𝑘]−1], cor-
responding to one fewer core. We then compare this value against
the throughput budget 𝐵𝑘 for 𝐴𝑘 , adjusted by an empirical correc-
tion factor 𝛼 , defined as the ratio of 𝑇𝑃 [Cores[𝑘]] to the current
measured total throughput in 𝐴𝑘 . If the condition

𝑇𝑃 [Cores[𝑘]−1] > 𝛼 · 𝐵𝑘

Algorithm 1: QoS-Centric Workload Consolidation
Input: Total cores 𝐶 , core areas 𝐴0, . . . , 𝐴𝑅−1 (ordered from

strictest to loosest SLO), threads T with
connection-level SLOs

Output: Core allocation Cores[0 . . . 𝑅−1]
// Initialization based on throughput budget

1 Convert each thread’s SLO to its throughput budget;
2 Cluster threads into 𝑅 areas via K-means on their mean

latency SLOs;
3 foreach area 𝐴𝑟 do
4 Compute total throughput budget 𝐵𝑟 from threads in𝐴𝑟 ;
5 Measure throughput TP[1 . . .𝐶] under varying core counts;
6 for 𝑟 ← 𝑅−1 down to 1 do

// Assign minimum cores to meet 𝐵𝑟
7 for 𝑐 ← 1 to 𝐶 do
8 if TP[𝑐] ≥ 𝐵𝑟 then
9 Cores[𝑟 ] ← 𝑐;

10 𝐶 ← 𝐶 − 𝑐;
11 break;

// Assign remaining cores to the strictest SLO area
12 Cores[0] ← 𝐶;
13 while application is running do

// Reactive core reallocation on SLO violations
14 for 𝑟 ← 0 to 𝑅−1 do
15 Monitor SLO compliance in 𝐴𝑟 ;
16 if any thread in 𝐴𝑟 violates its SLO then
17 for 𝑘 ← 𝑅−1 down to 𝑟 + 1 do
18 if threads in 𝐴𝑘 meet SLOs and a core is

transferable then
19 Cores[𝑟 ] ← Cores[𝑟 ] + 1;
20 Cores[𝑘] ← Cores[𝑘] − 1;
21 break;

// Proactive core consolidation if all SLOs are met
22 if all threads meet their SLOs then
23 for 𝑟 ← 0 to 𝑅−2 do
24 for 𝑘 ← 𝑅−1 down to 𝑟 + 1 do
25 if a core in 𝐴𝑘 can be moved while keeping

𝐴𝑘 compliant then
26 Cores[𝑟 ] ← Cores[𝑟 ] + 1;
27 Cores[𝑘] ← Cores[𝑘] − 1;

28 Wait for next monitoring interval (e.g., 1s);

holds, then one core from 𝐴𝑘 is considered transferable, and reallo-
cation proceeds accordingly.

To further improve resource efficiency when all SLOs are satis-
fied, REEF initiates a proactive core consolidation phase. If no SLO
violations are detected, it will reallocate CPU cores from lower-
priority areas to stricter ones. This is done by scanning core areas
from 𝐴𝑅−1 to 𝐴𝑟+1 and reassigning cores to higher-priority areas
(from 𝐴0 to 𝐴𝑅−2), as long as the donor area 𝐴𝑘 can still meet
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Figure 11: Ideal Batching overhead observed as a function of the inter-batch

interval limit.

its SLOs. This rebalancing enhances latency-sensitive workload
isolation and stability without compromising QoS.

Overhead Analysis: We evaluate REEF’s overhead from two
perspectives: (1) the Ideal Batching cost and (2) syscall interception
overhead. For the former, we examine cumulative costs from CPU
scheduling, C-state transitions, and Linux signals, which vary with
inter-batch idle duration. To assess these factors, we conduct exper-
iments on REEF-assisted MongoDB [5] using 512 worker threads
serving a YCSB workload [24] (see Section 5.1). To control batching,
REEF uses an inter-batch interval limit, manually setting idle dura-
tions between 0.2ms and 1000ms, with a fixed small batch size (2
queries). This setup allows us to observe the overhead induced by
varying degrees of inter-batch idleness. As shown in Fig. 11, when
the interval is below 500 𝜇s, most threads remain active, and CPU
scheduling dominates latency, reaching up to 40 𝜇s. For intervals
exceeding 40ms, deep C-state residency increases, and scheduling
latency becomes significantly lower than the C-state transition
overhead. Overall, batching overhead converges to approximately
16 𝜇s, which is negligible compared to the millisecond-scale laten-
cies typical of storage-bound queries. Linux signal handling adds
just 2.35 𝜇s of overhead and imposes virtually no energy cost, as
signals are only used to wake threads via empty handlers.

Syscall interception adds about 100 ns overhead, acceptable even
for soft real-time systems [25]. When MongoDB runs with 512
I/O-bound threads, REEF’s syscall interception increases power by
just 0.87W (0.68% of total consumption), confirming its efficiency
under thread oversubscription.

5 Performance Evaluation
Test Environment: All REEF evaluation experiments are con-
ducted on a dedicated rack of PowerEdge R630 servers. The applica-
tion server, which hosts server and co-located applications, features
2×12-core Intel Xeon E5-2650 CPUs, 64 GB RAM, a Broadcom NetX-
treme II BCM57810 10Gb NIC, and 4×1 TB SATAHDDs.Workloads
are generated from another server. The server applications are sup-
ported by a RAID-0 SSD array comprising five 800GB SATA MLC
SSDs, consolidating all logical volumes. Servers are interconnected
via a Dell N4032F switch with 10Gb peak bandwidth. To evaluate
application power usage, we adopt a two-step method. First, CPU
and memory power are measured using Model-Specific Registers
(MSRs) via the RAPL interface [47, 59]. Second, since the storage
I/O capacity is saturated (typically above 95% utilization), we esti-
mate SSD array power using the sum of individual SSD nameplate
values [11]. This setup enables accurate assessment of resource and
energy efficiency under multi-client, query-intensive workloads, as
outlined in Section 3.1.

5.1 Baselines and Methodology
We adopt two representative multi-threaded server applications:
the key-value store MongoDB 4.4.3 [5] and the relational database
MySQL 8.0.15 [6], driven by a multi-client cloud service workload
and an online transaction processing (OLTP) workload, respectively.
These applications operate under different user- and kernel-space
scheduling policies across the three service layers.

The multi-client cloud workload is generated by Yahoo Cloud
Serving Benchmark (YCSB) [24], with each client issuing a Zipf-
distributed key-value query stream composed of GET and SET
operations (default 50% each), targeting a 150GB MongoDB dataset.
The OLTP workload uses Sysbench [40] with 512 clients accessing a
MySQL database of 48 tables, each with 10 million rows (480 million
rows total), simulating large-scale mixed read/write OLTP access.
To assess resource and energy efficiency under workload consolida-
tion, we also run three compute-intensive PARSEC benchmarks [18]
alongside MongoDB or MySQL: frecmine (frequent itemset min-
ing), fluidanimate (fluid dynamics simulation), and streamcluster
(streaming clustering).

We evaluate seven widely used or state-of-the-art scheduling
strategies spanning QoS-aware, resource-efficient, and DPM-driven
approaches, along with some of their reasonable combinations,
using MongoDB and MySQL as test platforms.

AppleS [42] is a connection-level QoS scheduler that mitigates
excessive client-side I/O parallelism to ensure fair and stable I/O
sharing. It improves high-percentile tail latency performance (e.g.,
P99, P99.9) while maintaining high I/O utilization.

PSLO [44] enforces any-percentile latency SLOs for latency-
sensitive (LS) connections while maximizing throughput for best-
effort (BE) connections.

UTSLO [44] targets user disengagement ratio (UDR) SLOs for
UDR-sensitive (US) connections by regulating per-connection la-
tency distributions. It maximizes BE throughput while meeting
UDR targets cost-effectively.

ghOSt(sol) [34] is a kernel-space scheduler that assigns each
worker thread a default 1ms time quantum. It performs preemptive
scheduling with low-latency responsiveness.

Cgroup(cpu) [1] is a Cgroup-v2 kernel scheduler ensuring fair
CPU sharing among threads based on configurable weights. Equal
weights are used by default for all threads.

Demeter [65] is a dynamic power management (DPM) scheme
implemented as a workload consolidation and DVFS approach. It
enables frequency-blind isolation (FBI) for the server application’s
worker threads at the CPU-core level (referred to as Demeter(SA)).
Specifically, Demeter’s FBI mechanism partitions CPU cores into
three zones: hot, warm, and cold. Cores in the cold zone remain
at the lowest frequency, while hot-zone cores are assigned to key
server threads serving latency-sensitive (LS) connections and op-
erate at the highest frequency. Warm-zone cores are managed by
DVFS techniques [65] to meet the minimum total throughput target
for best-effort (BE) connections. Demeter aims to minimize hot and
warm cores to maximize energy savings under SLO constraints.
To evaluate compatibility, we also run Demeter under the REEF
runtime (i.e., 𝐷𝑒𝑚𝑒𝑡𝑒𝑟+𝑅𝐸𝐸𝐹 ), demonstrating REEF’s ability to in-
tegrate with existing DPM strategies. Our QoS-centric workload
consolidation approach (𝑅𝐸𝐸𝐹+𝑄𝑜𝑆-𝑊𝐶) dynamically groups all
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Figure 12: Energy-efficiency (EE) and performance of AppleS- and REEF-

controlled MongoDB, normalized to those of MongoDB without AppleS- and

REEF-control.
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Figure 13: Energy-efficiency (EE) and performance of AppleS- and REEF-

controlled MySQL, normalized to those of MySQL without AppleS- and REEF-

control.
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Figure 14: C-state breakdowns, power consumption, and CPU frequency

under different numbers of worker threads.

worker threads into hot and warm zones based on their individual
connection SLOs (e.g., tail latency and throughput). Leveraging
REEF’s Ideal Batching strategy, the QoS-centric consolidation aims
to enhance stringent latency SLO enforcement while maintaining
overall QoS and maximizing resource and energy efficiency.

SATORI [62] is an OS-level resource scheduler using Bayesian
Optimization to maximize throughput and fairness across co-
located applications.

We evaluate REEF’s effectiveness in optimizing oversubscribed
server applications (MongoDB [5] and MySQL [6]) when coexisting
with various scheduling and DPM policies. Our goal is to enhance
resource and energy efficiency without compromising QoS targets.

5.2 Connection-Level Scheduling Policies
In this section, we compare REEF against three connection-level
QoS scheduling policies: AppleS, PSLO, and UTSLO.

As shown in Fig. 13 and Fig. 12 , for both MySQL and MongoDB,
REEF significantly improves all three energy-efficiency (EE) metrics
over AppleS, particularly at high thread counts, without degrading
performance. For MongoDB, REEF not only enhances throughput
and EE, but also gains substantially in tail-latency-related metrics.
These improvements result from increased core idle time, reduced
oversubscription inefficiencies, and lower kernel scheduling and
I/O overhead. Fig. 14 shows that, even with I/O utilization above
95%, MongoDB experiences an average power reduction of 12.10%,
a 42.25% drop in CPU frequency, and a 28.86% rise in deep C-state
(C6) residency, similar for MySQL under REEF.

PSLO and UTSLO are SLO-centric scheduling policies. PSLO tar-
gets maximum throughput for 496 best-effort (BE) connections
while enforcing tail-latency SLOs on 16 latency-sensitive (LS)
connections: 4 with P95=20ms, 4 with P99=40ms, and 8 with
P99.9=60ms. UTSLO seeks to maintain a 0.1% user disengagement
ratio (UDR) for 16 UDR-sensitive (US) connections while allocating
remaining throughput to 496 BE connections.

We evaluate REEF against and with both PSLO and UTSLO,
including some combinations with the OS-level Cgroup (cpu)
resource manager. As shown in Fig. 15, PSLO+REEF improves
PSLO in 𝐸𝐸 (TPP), 𝐸𝐸 (P99), and 𝐸𝐸 (P99.9) by 29.39%, 2.18×, and
2.99×, respectively, with a 2.99% throughput gain and P99/P99.9
latency reductions of 42.20% and 56.33%. With Cgroup(cpu),
PSLO+REEF+Cgroup(cpu) still achieves EE gains, over PSLO, of
19.68%, 76.15%, and 55.30%, and tail latency reductions of 28.06%
(P99) and 18.03% (P99.9), with a slight throughput drop of 5.2%,
while maintaining all SLOs.

Similarly, UTSLO+REEF improves UTSLO in 𝐸𝐸 (TPP), 𝐸𝐸 (P99),
and 𝐸𝐸 (P99.9) by 33.94%, 1.87×, and 5.33×, respectively, with a
4.98% throughput boost and P99 and P99.9 latency reductions of
30.31% and 75.10%, respectively.When paired with Cgroup(cpu), UT-
SLO+REEF+Cgroup(cpu) achieves EE improvements, over UTSLO,
of 29.39%, 57.22%, and 77.11%, a 3.41% throughput gain, and P99 and
P99.9 latency reductions of 20.00% and 29.08% respectively, while
keeping all US connections within or near the 0.1% UDR thresh-
old. To compare the efficiency of UTSLO and PSLO in meeting tail
latency SLOs and UDR targets, we analyze throughput allocation
between US/LS and BE connections. Higher efficiency means less
throughput to US/LS and more to BE. As shown in Fig. 16, UTSLO
and UTSLO+Cgroup(cpu) allocate 1.99K and 2.21K QPS to US con-
nections, respectively. With the REEF control, US throughput drops
to 1.16K and 1.10K QPS, while BE throughput rises by 11.16% and
9.26%. Similar trends appear in PSLO: the REEF control reduces
LS throughput by up to 51.47% and boosts BE throughput by up
to 31.17%. Additionally, REEF significantly lowers CPU frequency
and power consumption. PSLO+REEF reduces them by 18.08% and
66.09%, while PSLO+REEF+Cgroup(cpu) achieves 18.53% and 67.54%
savings. UTSLO+REEF shows comparable benefits.

5.3 Thread-Level Scheduling Policies
Both ghOSt(sol) and Cgroup(cpu) perform kernel-space thread-level
scheduling with distinct goals: ghOSt(sol) focuses on preemptive
scheduling to reduce tail latency of short queries (e.g., reads), while
Cgroup(cpu) ensures fair CPU time allocation. Since REEF uses the
Ideal Batch strategy for fair and energy-efficient query regulation,
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Figure 16: Throughput breakdowns, CPU frequency and power consump-

tion under different schemes.
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Figure 17: Energy-efficiency (EE) and performance, normalized to the server

application without the REEF control, and C-state breakdowns, power con-

sumption, and CPU frequency across the four schemes.

we use AppleS+ghOSt(sol) and AppleS+Cgroup(cpu) as baselines
for evaluating REEF’s optimizations.

With REEF, as shown in Fig. 17, ghOSt(sol)+REEF boosts
𝐸𝐸 (TPP) and throughput by 53.45% and 17.10%, and improves
𝐸𝐸 (P99) and 𝐸𝐸 (P99.9) by 99.08% and 4.86×. P99 and P99.9 tail
latencies are reduced by 33.77% and 77.32%, respectively. Similarly,
Cgroup(cpu)+REEF increases 𝐸𝐸 (TPP), 𝐸𝐸 (P99), and 𝐸𝐸 (P99.9) by
27.79%, 45.28%, and 2.01×, while increasing throughput by 2.5% and
reducing tail latencies by 13.78% and 38.88%, all the while without
compromising AppleS fairness. Additionally, REEF enhances CPU
frequency, C6 residency, and power efficiency. In the ghOSt(sol)
case, CPU frequency and power drop by 73.65% and 21.18%, while
C6 residency rises by 15.29%. Comparable improvements are ob-
served with Cgroup(cpu).

5.4 OS-Level Scheduling Policies
We evaluate REEF’s compatibility with two advanced scheduling
policies, Demeter(SA) and SATORI, focused on dynamic power
management (DPM) and resource efficiency. For Demeter(SA), we
configure MongoDB with 16 latency-sensitive (LS) connections,

each with the same tail latency SLOs as in Section 5.2, and 496
best-effort (BE) connections with a minimum throughput require-
ment of 12.5 KQPS. We compare three setups: PSLO+Demeter(SA),
PSLO+REEF+Demeter(SA), and PSLO+REEF+QoS-WC, by assess-
ing energy and resource efficiency. As shown in Fig. 18, REEF
transforms self-serving threads (94% of all threads) into on-call
threads activated solely via Ideal Batch scheduling under PSLO.
This shift cuts kernel scheduling overhead and thread contention,
reducing latency variability and improving SLO enforcement. The
impact is visible in the throughput allocated to LS connections in
Fig. 18(a). Fig. 18(c) and (d) highlight that REEF enhances Deme-
ter(SA)’s efficiency: EE(TPP), EE(P99), and EE(P99.9) improve by
20.43%, 75.16%, and 43.46%, while P99 and P99.9 latencies drop
by 27.91% and 11.99% with stable average latency. Additionally,
PSLO+REEF+Demeter(SA) reduces CPU frequency and power by
43.02% and 18.24%, respectively, and raises C6 residency by 20.65%
over PSLO+Demeter(SA).

Next, we further validate the effectiveness of REEF-enabled QoS-
centric workload consolidation (𝑅𝐸𝐸𝐹+𝑄𝑜𝑆-𝑊𝐶) in dynamically
isolating LS and BE workloads at the core level. Specifically, we
tighten the tail latency SLOs by reducing the P99 targets of 4 LS
connections from 40ms to 30ms, and the P99.9 targets of another
8 LS connections from 60ms to 50ms. To visualize real-time SLO
compliance, we normalize tail latency SLOs as Max

1≤𝑖≤𝑛
𝑥𝑖

1−𝑝𝑖 , where
𝑛 is the number of LS connections, 𝑥𝑖 is the observed violation
ratio, and 𝑝𝑖 is the SLO-allowed ratio of tail latency SLO viola-
tions. Compliance is guaranteed if this value remains at or below
1. For best-effort (BE) connections, throughput SLO compliance is
defined as the actual throughput divided by the target, satisfied
when the value is greater than or equal to 1. As shown in Fig. 19,
both 𝑃𝑆𝐿𝑂+𝐷𝑒𝑚𝑒𝑡𝑒𝑟+𝑅𝐸𝐸𝐹 and 𝑃𝑆𝐿𝑂+𝐷𝑒𝑚𝑒𝑡𝑒𝑟 expand the cold
core area under SLO constraints, enabling more cores to operate at
minimal frequencies for energy savings. However, after tightening
SLOs, both schemes see a sharp reduction in the cold area, although
𝑃𝑆𝐿𝑂+𝐷𝑒𝑚𝑒𝑡𝑒𝑟+𝑅𝐸𝐸𝐹 maintains a significantly larger cold area
due to REEF’s high thread-level processing efficiency enabled by the
Ideal Batch strategy. In contrast, 𝑃𝑆𝐿𝑂+𝑅𝐸𝐸𝐹+𝑄𝑜𝑆-𝑊𝐶 maintains
stable hot and warm areas by proactively expanding the hot area to
isolate LS-serving threads from BE interference, thereby ensuring
consistent tail latency enforcement (see Section 4). Moreover, by de-
coupling QoS enforcement from power management, REEF resolves
the DPM dilemma and ensures predictable performance across vary-
ing levels of resource provisioning in oversubscribed server envi-
ronments. Consequently, as shown in Fig. 20, 𝑃𝑆𝐿𝑂+𝑅𝐸𝐸𝐹+𝑄𝑜𝑆-
𝑊𝐶 exhibits minimal SLO violation spikes compared to the other
schemes while delivering 7.60% higher BE throughput. Importantly,
the power consumption of 𝑃𝑆𝐿𝑂+𝑅𝐸𝐸𝐹+𝑄𝑜𝑆-𝑊𝐶 remains close to
that of 𝑃𝑆𝐿𝑂+𝐷𝑒𝑚𝑒𝑡𝑒𝑟+𝑅𝐸𝐸𝐹 and significantly lower than stan-
dalone 𝐷𝑒𝑚𝑒𝑡𝑒𝑟 (see Fig. 18)(b), as REEF’s Ideal Batch strategy
effectively exploits core-level idleness, allowing cores to enter sleep
states or operate at lower frequencies with high probability.

To further assess REEF’s ability to improve resource effi-
ciency and energy savings in a consolidated environment, we co-
locate MySQL with three compute-intensive applications: frecmine,
streamcluster, and fluidanimate. We compare REEF with SATORI,
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Figure 21: Performance of MySQL and three collocated applications, includ-

ing normalized total throughput, instructions per query (IPQ), CPU frequency,

power consumption, and C-state breakdowns across different schemes.

which optimizes system-wide throughput across co-located work-
loads, and AppleS, which focuses on application-level performance
under fixed resources.

As shown in Fig. 21, AppleS improves MySQL’s throughput
and reduces P99 and P99.9 latencies relative to SATORI, but REEF
achieves the best results across all metrics. Specifically, REEF in-
creases MySQL throughput by 57.38% and lowers P99 and P99.9
latencies by 81.64% and 83.00%, respectively, compared to SATORI.
By eliminating inefficient processing, REEF also reduces MySQL’s
average instructions per query (IPQ) by 61.09%, allowing better
CPU sharing among co-located apps. This leads to higher through-
put for the three co-runners than AppleS, though slightly below
SATORI (by 3.54% on average).

While REEF consumes 0.7 W (0.46%) more power than SATORI,
its 9% higher normalized total throughput yields better overall
energy and resource efficiency. Moreover, combining REEF with
SATORI boosts co-runner throughput by an additional 2.78% on
average, with minimal impact on server performance. Experiments
with MongoDB show similar results, though the corresponding
data is not shown here due to space limit.

6 Conclusion
In this paper, we present REEF, a cross-layer, energy-aware sched-
uling framework that addresses the complex challenges of thread
oversubscription in modern server applications. REEF combines
Ideal Batch scheduling with lightweight syscall interception and
signal-based thread control to reshape execution patterns, achiev-
ing near-optimal C6 residency and enhancing both resource and
energy efficiency without compromising connection-level QoS. It
also supports fine-grained strategies like QoS-centric workload con-
solidation and offers an extensible foundation for holistic resource
and power management. Evaluations on representative platforms,
including MongoDB and MySQL, show that REEF improves energy-
efficiency metrics by up to 5.33×, reduces tail latencies by up to
83%, and lowers CPU power consumption by up to 73.65%, while
maintaining or boosting throughput.
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