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Abstract
Idle network service cores are treated as wasted compute.
This assumption motivates increasingly sophisticated mech-
anisms that reclaim idle cores at microsecond timescales. We
argue that this view no longer matches modern server hard-
ware. On contemporary multicore processors, active cores
compete for a shared package-level power and thermal bud-
get. Once that budget becomes the limiting resource, an idle
core that waits efficiently returns compute capacity that hard-
ware can redistribute to productive work. Measurements on
a recent AMD EPYC processor show how waiting strategy,
processor topology, and idle duration determine this trade-
off. Our results suggest that reclaiming idle cores often yields
less benefit than commonly assumed while introducing sub-
stantial scheduling complexity. We propose a budget-centric
view of service-core systems in which power, rather than
core occupancy, becomes the fundamental resource and wait-
ing policy becomes a first-class systems design choice.

CCS Concepts
• Software and its engineering → Operating systems; •
Computer systems organization→Multicore architec-
tures.
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1 Introduction
High-performance network stacks increasingly use service-
core architectures: packet processing runs on dedicated cores
as a shared service, and applications communicate via shared-
memory queues rather than system calls [20, 27, 31, 34, 35].
Dedicating cores keeps applications and the stack from com-
peting for caches, branch predictors, and other core-local
state; parallelises processing; removes context switches and
privilege transitions from the data path; and lets one shared
instance multiplex many applications.
But dedicated service cores are rarely busy every cycle.

Load fluctuates at microsecond timescales, and demand does
not align with integer multiples of a core. The community
treats these idle cycles as waste to be eliminated, and has
built sophisticated machinery to do so, such as core realloca-
tion at microsecond granularity, dedicated scheduler cores,
and elaborate handoff protocols [10, 27, 32]. This machin-
ery follows a seemingly obvious mental model: a core-cycle
spent idle is a core-cycle of computation lost. We argue that
this model is wrong on modern servers, leading to systems
more complex and less efficient than doing nothing.

Large multicore processors face fixed power and thermal
budgets [7, 11]. For instance, an AMD EPYC 9655 guarantees
2.6 GHz across its 96 cores but boosts a single core to 4.5 GHz.
This gap shows that 𝑁 cores do not deliver 𝑁 cores’ worth
of peak compute. Production fleets oversubscribe power, so
saturated machines routinely run against their caps [9, 21, 23,
38]. On our EPYC 9655, a cache-resident parallel workload
running on all 96 cores achieves only 47% of the per-core
throughput it achieves alone. Thus cores are not independent
units of compute: performance depends on a shared budget.
Below saturation, reclaiming a service core offers little.

If an application is not fully utilising its current cores, re-
allocation cannot improve performance. If it is saturating
them, the scenario that motivates microsecond core real-
location, the processor is constrained by its power budget.
Elastic allocation therefore only helps workloads for which
this underlying accounting no longer holds. In that regime,
the arithmetic of idleness inverts and an idle core does not
squander its capacity. Instead the processor’s firmware re-
distributes it in microseconds with no software in the loop.
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We quantitatively characterise this regime and measure
how waiting strategy, idle patterns, placement, and realloca-
tion determine how much budget idle service cores return.
Our insights lead us to propose a replacement mental model:
the processor is a fixed compute budget, not a collec-
tion of cores. Below the power cap, cores behave classically;
above it, they compete for a shared budget, and one must con-
sider how much budget they consume instead of how many
cores a service holds. How a corewaits becomes as important
as whether it is allocated: hardware waiting mechanisms—
PAUSE, user-level monitor/wait, halt-class deep idle—return
progressively more budget at higher wakeup latency without
giving up the core. Blocking, by contrast, releases the core to
a scheduler, paying wakeups, cache refills, and engineering
complexity to redistribute a budget the hardware already
redistributes for free. This cost is worthwhile only once idle
periods amortise it; power capping can shift this break-even
point toward longer idle periods.
We distil four lessons for service-core architectures and

related multicore systems. (1) Waiting returns power and
thermal headroom, so idleness is a transfer. (2) The compute
budget is distributed hierarchically across the CPU, so task
placement decides who shares it. (3) Waiting trades wakeup
latency for returned budget, so waiting policies should adapt
to the workload. (4) Core reallocation is worthwhile only af-
ter blocking overheads are amortised, so our systems should
stop paying the cost of complexity to eliminate idle cycles
that were never wasted to begin with.

2 Background
Modern network stacks and processors have evolved consid-
erably over the past decade, changing the trade-offs around
dedicated polling. Many of the assumptions that shaped ear-
lier network stack designs no longer hold on modern servers.

2.1 Managing Service Cores
Service cores isolate operating system services on dedicated
cores to reduce interference with applications. This separa-
tion helps latency-sensitive systems but complicates alloca-
tion. Service demand varies over time, yet cores are often
provisioned for peak load to maintain low latency during
bursts. This leaves reserved capacity idle when demand dips.
Microsecond core reallocation. Recent work treats idle

service cores as stranded resources that should be reclaimed.
These systems dynamically reallocate cores between ap-
plications and services as demand changes, often at mi-
crosecond timescales, to recover otherwise idle polling cy-
cles [10, 28, 32]. These mechanisms incur direct coordination
andmigration costs and indirect costs from disrupting caches
and other microarchitectural state when a core runs different
work. Both must be amortised over the reclaimed work.

Low-overhead core handoffs. A complementary line of
work reduces the latency of handing a core new work. These
systems employ low-overhead preemption, yielding, and
interrupt delivery to shorten the critical path between an idle
core and useful execution [2, 16, 17, 24]. These mechanisms
reduce the cost of scheduling decisions, but they do not
assess if reclaiming idle service cores is beneficial.
Waiting strategies. Service cores use different waiting

strategies for short-term idling. Busy polling does not reduce
core power consumption but resumes immediately. PAUSE
spin-loop hints let the core reduce power and, with multi-
threading, enable the peer thread to use more cycles, while
preserving 10–100 ns-scale wakeups [15, 22]. UMWAIT and
MWAIT save more power by entering deeper idle states [15]
but with increased wakeup latency. Deeper power-saving
states, such as HLT, require slow, interrupt-driven wakeups.
These strategies form a spectrum, trading energy and multi-
threading efficiency against wakeup latency.

2.2 Power and Thermal Management in
Large Multicore Machines

The large multicore processors on which these services run
operate within a package-level power limit. Hardware and
firmware continuously allocate this finite limit across active
cores, reducing their frequency when concurrent activity
exceeds the package’s power or thermal envelope. Thus,
activating another core reduces the frequency and the per-
formance of work running elsewhere on the socket [7, 11].
Processor performance depends on package activity.

We use the AMD EPYC 9655 to illustrate this constraint. The
processor integrates 96 cores within a 400W default TDP
and advertises a maximum single-core boost frequency of
4.5 GHz, but an all-core boost frequency of 4.1 GHz [1]. The
gap between maximum single-core and all-core frequency
exemplifies that the frequency available to each core depends
on activity across the package. Consequently, cores devoted
to polling can consume power headroom even when they
perform no useful network processing.

Topology influences power and thermal management.
The EPYC 9655 organises its cores into twelve eight-core
compute dies. Because each compute die is physically dis-
tinct, its power density, temperature, and available frequency
differ as load is distributed across the package [26, 33]. A
polling thread may therefore interfere differently with ap-
plication threads depending on whether they share a core, a
die, or the socket. Task placement is consequently a power-
management and cache-locality decision. Figure 1 illustrates
power and thermal management in a modern chiplet CPU.
Power constraints have tightened since Dennard scaling

ended and are likely to intensify as core counts grow faster
than power efficiency improves [7, 11].
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Figure 1: Chiplet-based CPU with four compute dies
and four cores per die. The management unit controls
power and frequency across cores by monitoring tem-
perature, voltage, and performance counters in indi-
vidual chiplets and keeps the package under its limits.

3 The Fixed Compute Budget Model
The conventional view of multicore processors treats each
core as an independent unit of compute. Under this model,
an idle polling thread wastes compute because its cycles
could instead execute application instructions. This intuition
holds while the processor has unused power and thermal
headroom. In this section, we evaluate application perfor-
mance under constrained thermal and power regimes with
systematic microbenchmarks and show that this intuition
breaks when the processor reaches its package limits. From
these results, we propose lessons for service-core network
stacks (L1–L4) and a new mental model where the processor
behaves like a unit under a fixed compute budget, rather than
a collection of independent cores. Finally, we use these in-
sights to demonstrate improved end-to-end RPC throughput
with a real service-core network stack.

3.1 Experimental Setup
The microbenchmarks are run on a machine with Linux
kernel version 6.12.86 and a single-socket AMD EPYC 9655
processor with 12 dies, 8 physical cores per die, 96 physical
cores in total, and 192 threads with SMT enabled. We sample
package power with Linux RAPL counters and per-workload
CPU frequency with per-core frequency counters.
Benchmarks. Across experiments, we use a matrix mul-

tiplication benchmark as the compute baseline and several
polling microbenchmarks as waiting baselines. The matrix
multiplication workload operates on 16 × 16 matrices with
either scalar or 512-bit vector AVX instructions. Matrices
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Figure 2: Aggregate compute throughput as the work-
load increases the number of cores. Throughput briefly
flattens near the package’s power and thermal knee,
after which each additional core contributes less work.

fit in the L1 cache to avoid cache and memory contention.
The polling baseline runs in different modes that represent
different waiting strategies (Busy, Pause, Block) and pseudo-
packet processing tasks (Work). Busy repeatedly spins on a
shared value, Pause performs the same spin loop but inserts
the PAUSE instruction in the poll loop, and Block sleeps be-
tween polls. Work combines polling with simulated IP/TCP
header accesses and checksum computation. We pin work-
loads to specific cores and average results over three 60-
second runs, unless otherwise stated.

3.2 The Power and Thermal Knee
Core count is a poor proxy for compute capacity once a
processor approaches its package limits. To expose this effect,
we run a matrix multiplication workload on an increasing
number of physical cores. Figure 2 reports the throughput
for scalar and AVX baselines. Initially, each additional core
contributes substantial useful work. The curve then reaches
a knee in which throughput is nearly flat while more cores
are activated, before increasing again at a lower rate.
Package-level power and thermal limits reduce per-

core performance. Activating another core increases poten-
tial parallelism, but also forces the processor to divide finite
electrical and thermal headroom. Dynamic voltage and fre-
quency scaling responds by reducing core frequency. Around
the knee, where the processor starts to more aggressively
downclock, the loss on already-active cores can nearly can-
cel the work provided by a newly activated core. Beyond it,
throughput still grows, but the incremental contribution of
each core is smaller. Before the knee, each additional core
contributes an average of 4.24 million operations per second
for scalar matrix multiplication. Beyond the knee plateau,
that falls to 2.79 million operations per second. For AVX, the
contribution drops from 22.6 to 12.6 million operations per
second per additional core.
SMT threads provide little additional compute. Fig-

ure 3 shows that once the processor exhausts its physical
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Figure 3: Aggregate compute throughput flattens once
the workload scales beyond physical cores to SMT.

cores, SMT threads contribute even less additional compute.
For compute-intensive workloads, such as AVX, aggregate
throughput nearly plateaus despite activating more hard-
ware threads, while scalar workloads see minimal through-
put increase. Here adding cores provides diminishing returns
because they compete for the same package budget.

Fixed-Budget Model. Below the processor package limit,
additional active cores increase compute. Above this limit,
additional cores yield marginal performance gains. Activity
on one core reduces the budget available to others. Idling
offers that budget back for redistribution.

3.3 The Waiting Spectrum
In the fixed-budget regime, a thread that enters hardware
idle states returns compute budget that the processor can re-
distribute to productive work. We isolate this redistribution
with an eight-thread matrix multiplication foreground work-
load. We then place an increasing number of background
threads on otherwise unused physical cores. The background
either performs matrix multiplication or polls queues, akin
to a low-latency network stack, with different waiting strate-
gies. Figure 4 reports foreground throughput, while Figure 5
reports core frequency and total power.
Waiting strategy determines foreground application

performance. Scalar compute-heavy background work re-
duces foreground throughput from 26.8 to 20.5 Mops/s, and
busy polling reduces it to 22.5 Mops/s. In both cases, pack-
age activity consumes headroom and the processor down-
clocks the foreground. By contrast, Pause polling retains
foreground throughput and frequency while using much less
power than Busy, leaving headroom for the foreground.

AVX workloads magnify the cost of budget contention.
AVX instructions amplify the effects of the fixed budget as
the chip reaches its limits. Throughput drops from 155.9 to
130.9 Mops/s with background busy polling and falls fur-
ther to 98.9 Mops/s with vectorised matrix multiplication.
Pause polling again preserves foreground throughput with
the same eight-core allocation as more cores are added.
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Figure 4: Foreground matrix multiplication through-
put as increasing core counts perform background
work (Matmul, Busy, or Pause). Pause preserves fore-
ground capacity, whereas compute and busy polling
consume the shared package budget.
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Figure 5: Foreground core frequency (top) and package
power (bottom) as cores are assigned to background
work (Matmul, Busy, or Pause). Pause polling preserves
foreground frequency and uses less package power
than busy polling.

L1: Idleness transfers power and thermal headroom.
An idle service core does not necessarily waste compute.
Efficient waiting returns power and thermal headroom that
hardware redistributes to productive work.

3.4 Placement Determines Budget Sharing
We investigate the effect of CPU topology on the fixed bud-
get (Figure 6). Each run uses 16 threads for scalar matrix
multiplication and 16 threads for polling. We place polling
threads in three topologies: applications share dies while
using different cores (Die), share the same socket but use
disjoint dies (Socket), or share a physical core with sibling
hyperthreads (SMT). For each placement, we measure how
Busy and Pause affect matrix multiplication throughput, fre-
quency, and package power.



Idle Cycles Are Not Wasted Cycles HotNets ’26, November 16–17, 2026, Salt Lake City, UT, USA

0
100
200
300
400
500

Busy Pause

SMT Die Socket

(K
op

s/
s)
/T
hr
ea
d

0
1
2
3
4

Busy Pause

SMT Die Socket

G
H
z

0

100

200

300

Busy Pause

SMT Die Socket

W

Figure 6: Per-thread scalar matrix multiplication
throughput, matrix multiplication core frequency, and
package power when co-located on the same CPU with
16 polling threads. Each group compares waiting strat-
egy (Busy, Pause) with different placement strategies
(Die, Socket, SMT).

Waiting strategy reduces interference on SMT cores.
When two compute-intensive applications share a physical
core, performance degrades when they compete for the same
execution units. The correct waiting strategy mitigates the
slowdown from polling by freeing the CPU power budget
during idle periods. With SMT placement, Pause reduces
package power by 18.7% compared to Busy and improves
matrix multiplication throughput by 19.2%.
Thread placement can dissipate hotspots. Individual

chiplets can become hotspots, and DVFS can downclock their
cores. The right waiting strategy can dissipate these hotspots
so applications can run at higher clock frequencies. For ex-
ample, when Pause polling is co-located on the same die as
matrix multiplication, the reduced power consumption on
that chiplet allows the cores running matrix multiplication
to boost from 4.28GHz with Busy polling to 4.47GHz. This
yields a modest 2.8% performance improvement, but the ef-
fect is likely to be more pronounced in thermally constrained
systems, where localised thermal hotspots more readily limit
boost frequency due to less aggressive cooling solutions or
sustained high ambient temperatures [25].

L2: Placement decides who shares the budget. The
compute budget is distributed hierarchically across cores,
chiplets, and sockets. Service placement therefore deter-
mines which applications compete for power, frequency,
and thermal headroom, not just cache locality.

3.5 Idle Pattern Dictates Waiting Strategy
Figure 7 and Figure 8 show the trade-offs between polling
strategies across burst scales (𝜇s, ms, s) and busy:idle ratios
(1:9, 5:5, 9:1). We dedicate 96 threads to matrix multiplication,
while the remaining threads run a polling application that
processes headers and computes a pseudo-checksum during
busy periods, similar to network packet processing.
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Figure 7: Normalised scalar matrix multiplication
throughput with co-located bursty polling workloads
using different waiting strategies (Busy, Pause, and
Block). Results are grouped by burst timescale (𝜇s, ms,
and s) and busy:idle ratios (1:9, 5:5, and 9:1). Blocking
frees the most application capacity when idle periods
are long enough to amortise scheduler overhead, but
Pause helps application capacity at short timescales.
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Figure 8: Throughput of a bursty polling application us-
ing different waiting strategies, co-located with matrix
multiplication. Results are grouped by burst timescale
and busy:idle ratios. Blocking loses polling throughput
at the microsecond timescale but becomes competitive
at longer timescales. Pause achieves performance com-
parable to Busy at small timescales.

We report both applications’ aggregate throughput for
each strategy. With Block, polling threads run with real-
time priority and share logical cores with additional matrix
multiplication threads. Sleeping polling threads yield to ma-
trix multiplication, and waking polling threads immediately
preempt them. Figure 7 normalises throughput to matrix
multiplication running alone on all 192 threads.
Waiting strategy impacts application performance.

Matrix multiplication benefits from blocking polling dur-
ing idle periods. At the second timescale, blocking reduces
throughput by only 5.7% from the baseline when the polling
application is busy for one second and idle for nine. At the
microsecond timescale, the overheads are not amortised and
blocking incurs a 28.1% slowdown relative to the baseline. In
comparison, we measure a 47.7% slowdown for busy polling
at the microsecond timescale. Pause polling does slightly
better, at 44.2% slowdown.
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Wakeup overheads impact polling performance. The
overheads and wakeup latencies of the different strategies
influence polling performance. At the microsecond timescale,
blocking processes 0.9 million pseudo-packets per second
for a 1:9 busy:idle ratio. Polling with Pause, in contrast,
processes 1.46 million pseudo-packets per second, a 62.2%
speedup. At the second timescale, scheduler overheads are
amortised and blocking achieves performance comparable
to busy and Pause polling.

L3: Waiting policy should be adaptive.Waiting spans
a spectrum between busy polling and blocking. Different
points trade wakeup latency for returned compute budget.
Network stacks should adapt their waiting mechanism
to expected idle duration instead of treating polling and
blocking as fixed alternatives.

L4: Avoid complexity at small timescales. Core reallo-
cation is worthwhile only after scheduler overheads, mi-
gration costs, and cache disruption can be amortised. At
microsecond timescales, retaining ownership and selecting
a better waiting policy to redistribute the fixed budget is
often more effective than moving work between cores.

3.6 Downclocking Network Stack Cores
Boosts RPC Throughput

The preceding microbenchmarks show how waiting policies
and thread placement affect the budget available to produc-
tive work. We now test whether the same model explains
end-to-end RPC performance with a real service-core net-
work stack. We also examine a second way to redistribute the
budget: explicitly reducing network-core frequency, rather
than changing how those cores wait.
Figure 9 illustrates this on two AWS c8a.metal-24xl

bare-metal instances, each with 96 cores (AMD EPYC 9R45).
Each host runs Chamelio [35] as its service-core network
stack with 48 fast-path cores, and an RPC server application
on 48 separate cores. These bare-metal AWS instances are
capped at 320W, so the effects observed here reflect redistri-
bution of power headroom. The client sends fixed 64-byte
UDP RPC requests at a constant configured rate.
These AWS instances limit software frequency control

to two groups of 48 cores. We therefore place the network
datapath and application workers in separate groups to vary
datapath frequency independently. This restriction comes
from the AWS host control interface; AMD documents per-
core boost limits through HSMP, which is unavailable here.
Slowing down network cores increases throughput.

In the graph to the left, the server performs 20,000 arith-
metic operations per request to model a compute-intensive
service. Reducing the server’s fast-path frequency from 4.5

0

1

2

2 2.5 3 3.5 4 4.5

Tp
ut

[M
re
q/
s]

Frequency [GHz]

0

5

10

15

0 5 10 15 20

Tp
ut

G
ai
n
[%
]

Kop/req

Figure 9: RPC throughput vs. network stack service
core frequency (left) and gains from reducing service
core frequency with varying work per request (right).
Slowing the network stack releases package budget
to application cores and improves throughput. More
application work per request increases the benefit.

to 2.12GHz increases throughput from 1.60 to 1.84 million
requests per second, a 14.6% improvement. Throughput re-
mains near 1.60 million requests per second between 3.71
and 4.5 GHz, then rises as fast-path frequency decreases fur-
ther. The management unit downclocks the whole pack-
age when the CPU hits its power cap. Selectively reducing
the frequency of the networking stack gives power head-
room to application cores and prevents them from being
excessively downclocked. This result is consistent with the
fixed-budget model: reducing the fast path’s demand for the
processor’s budget leaves more budget for application work-
ers. The throughput measurements show that maximising
fast-path frequency can reduce end-to-end performance.
Throughput gains grow with operations per request.

In the graph to the right, we vary the amount of work per re-
quest.Wemeasure the throughput gain from running Chame-
lio’s fast-path cores at 2.12GHz instead of 4.5 GHz. The
gain from reducing fast-path frequency grows with server
work per request. At 1 Kop/req, lower frequencies improve
throughput by 4.4%. At 5 Kop/req, the improvement is 9.0%.
It reaches 13.5% at 10 Kop/req and about 14% at 15 and 20
Kop/req. As work per request grows, the application benefits
more from the headroom released by the network stack.

These results extend the fixed-budget model to a real net-
work stack: reducing the service cores’ budget consumption
can improve end-to-end throughput. Explicit frequency con-
trol therefore provides another way to return headroom to
application cores while retaining the service-core allocation.

4 Outlook and Discussion
The fixed-budget model makes managing power and thermal
headroom a central concern for service-core systems. We
now consider how this perspective should shape network-
stack policies and hardware interfaces, and where its benefits
depend on workload and platform constraints.
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Toward budget-aware network stacks. Service-core de-
signs should decide howmuch power and thermal budget net-
working should consume while meeting latency objectives.
These decisions become more consequential as core counts
grow faster than package power. Waiting policy, placement,
and efficient core reallocation [10, 17, 32] can balance ap-
plication throughput against network responsiveness, with
reallocation particularly useful for longer-term workload or
locality changes. On chiplet processors, these policies must
account for headroom at both die and package levels. A key
challenge is deciding when to retain, idle, slow, or reallocate
service cores as workload demand and package headroom
change. This reasoning extends to other systems, such as
NFV, where polling and compute-intensive applications can
compete for package headroom even on separate cores.
Power-management interactions. Established power-

management techniques determine when and how our find-
ings apply. A tighter package power cap can induce con-
tention at lower concurrency; relaxing it can increase the
benefit of additional active cores if thermal headroom per-
mits. Selective DVFS can release headroom while preserving
core ownership, as our RPC experiment illustrates (Figure 9),
but excessive frequency reduction can make networking the
bottleneck. Idle-state selection similarly trades power sav-
ings against wakeup latency. Released headroom improves
throughput only if productive cores can use it; frequency
ceilings or memory bottlenecks can limit the gain. Reallo-
cation should be evaluated against an efficiently waiting,
power-managed baseline under the same power cap and
service-latency target. Comparisons should report applica-
tion throughput and service latency.
The interface gap. Hardware controls vary by platform.

On our EPYC 9655, the interfaces we tested did not let us ex-
plicitly clock selected busy cores lower than others, although
a single runtime parameter sufficed on our older AMD and
Intel systems. Our AWS experiment instead uses frequency
control over groups of 48 cores. Such differences constrain
software’s allocation of the shared budget.

Waiting poses a related challenge. Network stacks largely
rely on busy polling that retains the core, or blocking that
relinquishes it to the scheduler. Modern processors provide
intermediate hardware mechanisms that return increasing
amounts of compute budget while preserving ownership of
the core, but these are coarse, difficult to use from userspace
and lack adequate portability. Service-core network stacks
would benefit from a standard “halt-in-place” primitive that
separates waiting from core ownership. It should let a service
wait for a queue update or deadline while retaining its core,
with a predictable wakeup cost.

Limitations. Our conclusions apply to processors oper-
ating near their package power and thermal limits. Outside
this regime, the classical model of independent cores remains

appropriate. Our evaluation covers recent AMD platforms
and focuses on throughput. Evaluating other processor fami-
lies, designing an adaptive policy, and validating it against
tail-latency targets under changing load remain future work.

5 Related Work
Waiting while retaining ownership. Prior work analysed
spinning versus blocking for locks [5, 18], and the energy-
throughput trade-offs among spinning, PAUSE, MWAIT, and
blocking [8]. Others reduce blocking and wakeup costs [14],
exploit MWAIT for idle cores [4], or examine how virtualiza-
tion hides hardware idleness [37]. We examine how these
waiting choices affect the benefit of reclaiming idle service
cores under a shared power budget.
Trading frequency for latency and energy. A large

body of work adapts frequency to workload needs, from
sub-request DVFS for latency-critical services [13, 19] to
application-controlled scaling [6, 12, 30]. Other work uses
feedback to control C-states [39]. The TURBO Diaries [36]
explicitly studies slowing or halting some cores to let others
boost. Race-to-idle designs such as PowerNap [29] pursue
energy proportionality [3]. Our model shows that frequency
reduction improves throughput without core reallocation.
Reclaiming and harvesting idle capacity. Microsec-

ond schedulers reclaim idle service cores by reallocation [10,
17, 32], supported by low-overhead handoffs [2, 16, 24] and
policies for microsecond tasks [28]. We qualify their shared
premise that an idle core represents an independent unit
of compute. At the power cap, a reclaimed core runs at re-
duced frequency, so recovered work is worth less than its
core count implies. An efficiently waiting core can already
return much of its budget without a software handoff. Reallo-
cation is worthwhile for long idle periods or below the power
cap, but not by default for workloads with microsecond idle
periods under a binding package power limit.

6 Conclusion
Modern processors increasingly behave as a shared compute
budget rather than a collection of independent cores. In this
regime, idle service cores are not necessarily wasted, and
reclaiming them at microsecond timescales can add complex-
ity without recovering meaningful compute. We hope this
perspective guides budget-aware network stacks on large
multicore systems.
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