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Abstract

The rise of cloud service models such as serverless computing
and microservices has driven the adoption of fine-grained
resource provisioning and billing, allowing users to request
fractional CPU allocations at sub-core granularity. However,
existing operating system mechanisms for CPU bandwidth
control were designed for much coarser resource allocations.
As a result, they can introduce substantial resource overallo-
cation and performance variability when enforcing the small
CPU shares required by modern cloud workloads.

In this paper, we investigate whether eBPF can bridge
this gap by enabling more precise and responsive CPU band-
width enforcement. We design and implement an eBPF-based
scheduling framework, uslice, that complements existing
kernel mechanisms to improve the accuracy of fine-grained
CPU allocation while maintaining low overhead. Our evalu-
ation demonstrates that the proposed approach significantly
reduces resource overallocation and performance variability
compared to conventional OS resource control mechanisms.
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1 Introduction

Modern cloud platforms offer diverse deployment models,
flexible control knobs for resource allocation, and fine-grained
billing. As a result, running short workloads with low re-
source consumption on multi-tenant infrastructure has be-
come increasingly popular. Many production workloads,
such as serverless functions and microservice stages, are
often configured with small fractional vCPU allocations and
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consist of short CPU bursts that run for only a few millisec-
onds per invocation or request. This trend results in a higher
degree of co-tenancy on servers compared to traditional vir-
tual machine (VM) hosting environments [9, 48].

In such environments, a primary role of the OS kernel
is to ensure resource isolation and fair allocation across co-
tenant workloads. Commodity OS schedulers (e.g., CFS and
EEVDF), together with CPU bandwidth control mechanisms
(e.g., Cgroup), can provide effective long-term fairness in
resource sharing. However, short workloads expose a fun-
damental mismatch between scheduling timescales and fair
resource allocation. These requests may require only a few
milliseconds of CPU time, which is on the same order of
magnitude as, or even smaller than, scheduler tick intervals,
bandwidth control periods, and runtime quotas.

At this timescale, OS scheduling and enforcement gran-
ularity become visible at the request level, which may lead
to overrun and overallocation [37]. For example, when a
request’s CPU demand is smaller than the runtime quota
available in a cgroup period, the request can consume all
the CPU time it needs and complete before bandwidth en-
forcement can pace its execution. While a workload may
remain compliant with its period-level cgroup quota, it can
still receive CPU service faster than the rate implied by its
configured fraction, leading to resource overallocation. Such
overallocation can weaken the resource assumptions used
by scheduling [18, 53], admission control [3, 33], autoscal-
ing [3, 32], isolation [36, 38, 39], and billing [4, 37, 47] in
multi-tenant systems, where many of these mechanisms use
the configured allocation as a proxy for the CPU service
a tenant can receive and the load it can impose on shared
resources.

Prior work has characterized serverless CPU overalloca-
tion and has shown that short functions on public cloud plat-
forms can complete faster than the duration implied by their
configured CPU [37]. Most of the existing scheduling frame-
works for short workloads focus on latency reduction or
work conservation [13, 14, 27, 41-43]. None of them targets
enforcing accurate sub-core CPU allocation and avoiding
overallocation for millisecond-scale workloads with inde-
pendently configured sub-core allocations in multi-tenant
environments.
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To fill this gap, we propose pslice!, an eBPF-based sched-
uling framework that complements existing kernel mecha-
nisms to improve the accuracy of sub-core CPU allocation for
millisecond-scale workloads. yslice runs as a sched_ext
scheduler and applies CPU pacing to managed cgroups. It
tracks delivered CPU and releases a runnable task only when
the next CPU grant keeps the cgroup within the service al-
lowance implied by its configured sub-core allocation. We
evaluate pyslice on isolated and heterogeneous workload
sets and compare it against commodity Linux CPU control
baselines. Our results show that pslice keeps short CPU-
bound requests close to their configured allocation, mitigates
CPU overallocation, narrows request-level service variation
across tenants, and adds small measured overhead.

2 Background and Motivation

Cloud workloads increasingly exhibit millisecond-scale CPU
bursts under fractional allocations. For such workloads, period-
based CPU bandwidth control can overallocate CPU when a
burst fits within the quota. We describe these characteristics
(§2.1 and §2.2), explain the overallocation effect (§2.3), and
motivate accurate sub-core allocation enforcement (§2.4).

2.1 Millisecond-Scale Cloud Workloads

Millisecond-scale workloads running under fractional vCPU
allocations in multi-tenant settings have become common in
the cloud. This pattern appears across diverse cloud deploy-
ment models and applications, such as serverless functions,
request handlers, microservice stages, and edge computing
workloads, where execution is increasingly organized as
short, request-scoped units of work rather than long-running
instances provisioned with dedicated cores.

While these workloads are not uniformly small, a large and
growing fraction consists of millisecond-scale CPU bursts.
Recent serverless traces from Azure [56], Huawei [25, 26],
and IBM [45] show that 40-70% of requests have durations
below 10 ms. Microservices can be short as well; about 37% of
remote procedure calls to microservices in the first-day slice
of Alibaba traces [40] are below 10 ms. Edge workloads can
be even shorter: Cloudflare Workers consume only 2.2 ms of
CPU time per request on average, while heavier tasks typi-
cally use 10-20 ms [8]. The trend is likely to persist, driven
by improved workflow orchestration, continued adoption
of event-driven architectures, and increasingly lightweight
isolation mechanisms (e.g., WebAssembly) [3, 49, 55].

2.2 Fractional vCPUs in the Cloud

Small fractional vCPU allocations have also become common
in production. Public cloud platforms increasingly expose

IThe name pslice refers to scheduling at fine granularity, rather than
microsecond-scale scheduling.
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CPU capacity at sub-core granularity, enabling fractional
vCPU shares as a fine-grained, user-visible resource control
knob. For example, Google Cloud Run supports allocations as
low as 0.08 vCPUs in increments of 0.001 vCPUs [17], while
the default AWS Lambda configuration is 0.072 vCPUs (with
the default memory setting of 128 MB) [1]. In the IBM Code
Engine traces, 44.8% of applications are configured with less
than one vCPU, and 34.2% are configured with 0.25 vCPUs or
below [45]. Huawei serverless traces show a similar pattern:
over 40% of pods are configured with only 0.3 vCPUs [26].

2.3 CPU Bandwidth Control and Resource
Overallocation

Commodity Linux kernels leverage the Completely Fair Sched-
uler (CFS) or, since kernel 6.6, the Earliest Eligible Virtual
Deadline First (EEVDF) scheduler to select a runnable task,
while cgroups provide CPU bandwidth control [10, 29, 52].
The kernel maintains a data structure (cfs_bandwidth) for
bandwidth control through cpu.max, which specifies an en-
forcement period and a runtime quota. While CFS and EEVDF
use different fair-scheduling policies, the bandwidth control
mechanism and interface remain the same. We use P and Q
to denote the bandwidth control period and quota, respec-
tively, for the remainder of the paper. During each period,
runnable tasks in a cgroup may collectively consume at most
Q units of CPU time. Once the quota is exhausted, tasks are
throttled until the budget is replenished in the next period.
A fractional allocation f € (0, 1) is represented as Q = fP.

Consider a single-threaded, CPU-bound workload requir-
ing CPU time C. Ideally, the workload should receive CPU
service at rate f and complete in approximately d* = C/f
wall-clock time. In other words, the resource contract nat-
urally implied by the fractional CPU allocation should fol-
low reciprocal scaling: half the core allocation, double the
execution time. However, cgroup enforces the service rate
contract only at the period level, not at the timescale of short
CPU bursts. This makes resource allocation quantized. Each
cgroup starts with a full quota available. We can calculate
the actual wall-clock execution duration as:

if Cmod Q # 0,

d:{LC/QJP+Cmon, . W
otherwise.

(LC/QI -1 P+Q,

For long-running CPU-bound workloads, execution alter-
nates between running and throttling, and the average CPU
service rate approaches Q/P = f. Millisecond-scale work-
loads with fractional vCPUs interact differently. If a workload
requires CPU time C < Q and sufficient quota is available,
it can consume its entire demand at full-core speed within
one period and complete in roughly C time, even though the
resource contract is d* = C/f. While the workload remains
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Figure 1: Period-level bandwidth control leads to re-
source overallocation for short CPU bursts. Longer pe-
riods let workloads complete much faster than the C/f re-
source contract, especially for small fractional vCPUs.

compliant with the period-level limit, it receives CPU ser-
vice faster than its configured fractional rate. We refer to the
speedup factor of R = d*/d as the overallocation ratio.
Resource overallocation is not a corner case, but a con-
sequence of period-level bandwidth control for short CPU
bursts. Consider a single-threaded, CPU-bound workload
with C = 5ms. Figure 1(a) compares its completion time un-
der different parameters with C/f, while Figure 1(b) shows
the corresponding overallocation ratio R. With the default
P = 100 ms period, extremely small fractional allocations
can still expose enough upfront quota for the workload to
run at full-core speed. For example, at f = 0.05, the quota is
Q = 5ms, allowing the workload to finish in roughly 5ms
instead of the contract-compliant 100 ms, yielding a 20X over-
allocation. Also, there can be severe performance jitter near
quantization boundaries (e.g., f = 0.25 and P = 20 ms). Re-
ducing the period mitigates but does not eliminate overallo-
cation. Overallocation can still reach 2X-20X across common
period settings (e.g., 10-100 ms [37]), and even fine-grained
2ms and 5 ms periods still permit up to 11-33% overalloca-
tion. Moreover, small periods narrow the usable fractional
vCPU space due to Linux’s 1 ms minimum quota: allocations
with fP < 1ms are invalid (dotted segments in the figure).
Note that, under period-level bandwidth control, over-
allocation can arise whenever a workload’s instantaneous
runnable parallelism exceeds its configured CPU allocation,
including allocations of one core or more. This paper fo-
cuses on sub-core allocations and uses fractional allocation
to denote f € (0, 1), a common resource setting (§2.2) where
overallocation appears even for a single-threaded workload.

2.4 Motivation

The mismatch between period-level CPU bandwidth control
and millisecond-scale workloads is not hypothetical. Recent
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work showed that CPU overallocation and quantization are
widespread on major public serverless platforms, where short
functions can complete substantially faster than the duration
implied by their configured CPU allocation and experience
performance jitter near quantization boundaries [37]. In par-
ticular, the following issues emerge as a result of inaccurate
enforcement of the resource quota for tasks:

(1) Overallocation is inconsistent, as we show later in §4,
where tasks of different durations or arrival times receive
unequal excess resources, even with the same allocation
configuration. The configured allocation therefore does
not provide consistent CPU service across requests or
tenants. This leads to fairness issues in multi-tenant
systems.

(2) Inconsistent overallocation also distorts billing and ca-
pacity planning. Public serverless platforms usually
bill configured allocation multiplied by wall-clock dura-
tion. Unequal effective rates price the same CPU service
differently across tenants and may require corrective
mechanisms (e.g., fixed per-request charges). Similarly,
admission control and placement rely on configured CPU
resources to account for capacity [3, 20, 50, 51, 53], while
period-level enforcement can allow short bursts with
fractional allocations to execute at full-core speed.

(3) Depending on C, a task may incur performance jitter of
up to P — Q due to deferral to the next period. Under
overload, this bound increases with queue contention.
When C is comparable to P — Q, which is the case for our
target workloads, this performance variation becomes a
dominant source of execution time uncertainty (§4).

These motivate a low-overhead, request-scale pacing mecha-
nism that mitigates overallocation and keeps the execution
duration of millisecond-scale workloads close to the C/f
resource contract.

3 System Design

We present uslice, an eBPF-based mechanism for enforcing
accurate sub-core allocation for millisecond-scale workloads.
uslice enforces the C/f resource contract by releasing CPU
grants only when the delivered CPU service remains within
the configured fractional share. Figure 2 shows the system de-
sign of pslice, which is composed of a userspace controller
and an in-kernel CPU pacer.

3.1 Userspace Controller

A privileged controller runs in userspace and serves as the
control path for the CPU pacer (§3.2). It loads the CPU pacer
as a sched_ext scheduler, configures it through BPF maps,
exposes interfaces for configuration and pacing bypass, per-
forms feature gating for individual cgroups, and exports
runtime metrics. When policies or runtime configuration
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Figure 2: yslice System Architecture.

change, the controller updates the corresponding BPF maps.
The controller attaches the sched_ext struct_ops map and
keeps the returned BPF link open until the CPU pacer is
detached. A feature-gate configuration determines which
cgroups belong to the yslice managed set. The controller
interacts with the CPU pacer mainly through three BPF maps
(BPF_MAP_TYPE_HASH) with per-cgroup data: cg_policy stores
the fractional CPU allocation policy for yslice-managed
cgroups, cg_runtime stores the corresponding scheduler
state (e.g., task progress and current state), and cg_bypass
records whether temporary bypass is active. For each tar-
get cgroup, the controller reads the configured CPU share
f € (0,1), resolves its cgroupfs path to a kernel cgroup ID,
derives bandwidth parameters with Q = fP, and stores f in
cg_policy with the cgroup ID as the key. Cgroups without
the enabled feature gate are absent from these BPF maps,
and tasks within them will bypass the pacing path (§3.2).
Not every request in an admitted cgroup has to be paced
(e.g., depending on service tiers and performance require-
ments). The controller therefore exposes a Unix SEQPACKET
socket to trusted local data-path components (e.g., provider-
managed gateway and queue proxy), which can issue IPC
commands to efficiently update cg_bypass and enable/disable
pacing bypass for a target cgroup on a per-request level. Ad-
ditionally, the controller exposes configuration interfaces for
system-wide pacing bypass (e.g., disabling pacing under high
server load to reduce queuing delay) and CPU placement to
restrict yslice-managed workloads to a selected CPU set.

3.2 CPU Pacer

pslice is non-work-conserving by design under normal
operation. Runnable tasks in managed cgroups may be de-
ferred until their next grant release time that complies with
the resource contract. The CPU pacer implements this logic
as a sched_ext BPF scheduler. Its pacing path starts from
the sched_ext_ops.enqueue callback and enforces paced
grants through the dispatch, running, stopping, quiescent,
and BPF timer callbacks. For each task, the pacer derives
the cgroup ID and looks up cg_policy, cg_runtime, and
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cg_bypass. Cgroups that are absent from these maps or
marked as bypassed are inserted into an unpaced FIFO dis-
patch queue (e.g., SCX_DSQ_GLOBAL), where runnable tasks
are dispatched whenever an eligible CPU is available. All
other tasks are paced with the per-cgroup state recorded in
cg_runtime, such as the anchor time, accumulated CPU time,
next grant release time, timer state, and the state needed to
determine whether the cgroup is waiting for a grant, eligible
to run, or quiescent.

For a managed cgroup, the enqueue callback starts a new
pacing epoch when the cgroup has no paced work that is
running, queued, or waiting for release (i.e., quiescent state).
The pacer records the current time as the anchor time a and
sets the delivered service S to zero. The C/ f resource contract
requires that, at wall-clock time ¢, the configured share f
allows at most f(t — a) CPU service, and the remaining
service allowance is f(t—a)—S. A grant of size g is compliant
only if the cgroup remains within its share after the grant
completes, namely S + g < f(t + g — a). Therefore, for sub-
core allocation f € (0, 1), the largest grant that remains
compliant with the resource contract is

flt-a)=s
=l

The pacer should never release a grant g that would make
g > g.(t). We use adaptive eligibility quantum g, to deter-
mine when a task becomes eligible for grant release and
a maximum quantum g, to cap the slice. Therefore, for a

target grant quantum g = g¢., the earliest release time is
[S+ge(1—f)
f

g (1) = max (0, { (2)

r=a+ ] In our setting, the base values of g, and
gy are 250 us and 8 ms. Under contention, low-share tenants
(f <0.3) use g = g, = 1 ms when eligible tasks from at least
two cgroups are waiting to run, or no idle CPU is available.
If r is in the future, the pacer inserts the task into a paced
dispatch queue (DSQ), chosen by two-choice load balancing,
with virtual time r and arms a bpf_timer. If r has passed,
the task is eligible for dispatch immediately. When the timer
fires, it marks the paced queue as having eligible work and
kicks a CPU into the dispatch path (scx_bpf_kick_cpu).
The dispatch callback moves the task to the corresponding
CPU-local DSQ only after its r has passed.

When a task in a managed cgroup with bypass disabled
starts running (running callback), the pacer computes the
slice g = min(g.(t),g,) using the service rule defined in
Eq. 2. If dispatch is delayed by 7 beyond the eligibility time
r, the task can still catch up by receiving a potentially larger

grant g.(r + 1) = V(r+_f“)_sJ ~ ge + %T. If g.(t) < ge,
the task is reparked instead of being overallocated. Other-
wise, the pacer arms a deadline timer for the slice end. On
stopping, the pacer computes the elapsed CPU time from

se.sum_exec_runtime and updates the runtime state (e.g.,
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S) in cg_runtime. The pacer invalidates pending timers and
clears transient runtime state on the quiescent callback.
High-density deployments can enter a region where pac-
ing adds queuing delay: many cgroups are parked waiting
for future release times while new work continues to arrive.
Therefore, the pacer maintains an event-driven count of
active managed workloads, updated on scheduler-observed
transitions to and from quiescence. An overload bypass mech-
anism is implemented. When the count exceeds a bypass ac-
tivation threshold, the controller places admitted cgroups on
the work-conserving path. It restores pacing only after the
count remains below a recovery threshold for a hold-down
window. We use thresholds of 500 and 400 active workloads
and a 30 ms window in our setting. This count is not intended
to model total server load. It is a local pressure signal that
helps identify when paced work is accumulating, and the
userspace controller can combine it with external metrics to
enable system-wide pacing bypass under heavy load.

4 FEvaluation

We compare pslice with baselines that vary the cgroup
enforcement period, push the quota to the finest granularity,
and apply proportional weight, in terms of overallocation,
fairness across tenants, and performance jitter.
Experimental Setup. We run experiments on a KVM-based
VM with 16 dedicated cores (Intel Xeon CPU E5-2673 v4)
and Linux kernel 6.17 with EEVDF and cgroup v2. Each ten-
ant is represented by one cgroup and one worker that runs
one workload at a time, matching the single-concurrency
execution model (i.e., no intra-runtime concurrency) used by
AWS Lambda [2], Google Cloud Run functions (1st gen) [16],
Huawei FunctionGraph (default setting) [7], and edge com-
puting [12]. To perform controlled experiments, avoid request-
level variation in CPU demand, and isolate the effect of CPU
pacing, each request consumes a predefined, precise amount
of CPU time (C ms) by spinning in calibrated compute chunks
until CLOCK_THREAD_CPUTIME_ID reaches C.

Baselines. We use five baselines with different CPU band-
width control configurations/policies from the commodity
Linux kernel: P=100 ms and P=20 ms fix the period P at 100 ms
(the Linux default, used by Google Cloud) and 20 ms (used by
AWS Lambda), with quota Q = fP.Q=1ms and Q=2 ms instead
fix the quota Q at 1 (minimum quota supported by Linux) and
2ms and set the period to P = Q/f, pushing period control
to the finest granularity. CPU Weight is a work-conserving
baseline, which sets cpu.weight proportional to f and does
not enforce a hard CPU bandwidth cap.

We additionally use MicroQuanta [42, 54], a microsecond-
scale scheduling class for efficient CPU sharing. We set P to
100 us and Q = fP and pin a filler task. MicroQuanta can-
not enforce distinct fractional allocations across co-located
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Figure 3: Overallocation Ratio versus CPU allocation.

tenants on a CPU and lacks cgroup support. Therefore, we
include it only in the overallocation mitigation experiment.
Overallocation Mitigation. To quantify how effectively
uslice mitigates CPU overallocation, we run a single work-
load with C = 5ms and sweep the fractional allocation f
from 0.05 to 1.0. As shown in Figure 3, across all f, uslice
keeps the overallocation ratio close to one, between 0.983
and 0.993, a significant mitigation. In contrast, the strongest
baseline from the commodity kernel, Q=1 ms, remains near
1.25 for f < 0.75, meaning that the workload receives 25%
more CPU service than its configured allocation implies.
P=100 ms shows similar results to the work-conserving base-
line CPU weight without a hard CPU cap, because such a
long period allows a 5 ms request to finish before quota en-
forcement takes effect. Finer-grained baselines (P=20 ms and
Q=2 ms) show step-like patterns (e.g., f = 0.25 and P = 20 ms),
suggesting performance jitter near quantization boundaries,
while pslice eliminates such jitter. The results for P=20 ms
and P=100 ms also conform to the theoretical analysis pre-
sented in Figure 1. MicroQuanta reduces overallocation with
microsecond-scale runtime and period enforcement, achiev-
ing R = 1.012-1.233 for f < 1, where the remaining overal-
location is mainly due to timer latency. While MicroQuanta
outperforms commodity baselines, it cannot enforce inde-
pendent sub-core allocations across tenants (i.e., co-located
tenants with different f), requires a new scheduling class,
and lacks cgroup support.

Evaluation with Heterogeneous Workloads. We then
evaluate uslice’s effectiveness in mitigating overallocation
across heterogeneous workload sets under substantial server
load. We define a tenant-class grid G = C X ¥, where
C =1{1,2,...,10} ms is the set of workload CPU demands
and F = {0.05,0.10,...,1.00} is the set of fractional CPU
allocations. Each set contains one tenant from every one of
the 200 classes (C, f) € G and adds extra tenants according
to a set-specific weighting over G. Specifically, Balanced
adds the remaining tenants by uniformly sampling the grid.
Short samples f € # uniformly and samples C € C with
weights (10,9,8,7,6,4,3,2,1,1) for C = 1,..., 10, favoring
short workloads. Low Share uniformly samples C and favors
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smaller fractional allocations. Edge favors both smaller C and
f. Each tenant runs one workload at a time. After a work-
load completes, the worker idles for 100 ms before running
the next request. We choose the number of tenants in each
workload set so that, under this fixed release rule, all four
sets impose a comparable aggregate CPU load of about 12
cores, or 75% of the experiment VM capacity. The workload
sets contain 276, 304, 275, and 306 tenants, respectively. Each
run uses a 5 s warmup period, a 30 s measurement window,
and a 5s cooldown period, and we repeat runs 10 times and
report results only from the measurement window.

Figure 4 reports the mean overallocation ratio R for the
four heterogeneous workload sets. Across all sets, yslice
keeps mean R close to one (geometric mean 0.974), while the
strongest baseline Q=1 ms achieves mean R between 1.067 and
1.15. The period-based baselines are further from the target:
P=20 ms and P=100 ms have mean R between 1.258 and 1.602.
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Figure 7: High-Density Behavior of pyslice.

The gap is largest on the Edge workload set, which contains
more tenants with short C and low f, leading to more over-
allocation under the period-level bandwidth control mech-
anism. The request-level overallocation ratio distribution
(Figure 5) shows that this effect is not uniform across tenants.
Across the four workload sets, pgslice produces a narrow
distribution close to R = 1 (p5 = 0.924 and p95 = 0.994),
meaning that most tenants receive CPU service close to their
configured fractional allocation. In contrast, the baselines
have longer tails on both sides. Even the strongest baseline
Q=1ms has a wide 5-95th percentile range of 0.803-2.070.
Thus, baselines overallocate on average and give different
tenants substantially different effective CPU rates.

Figure 6 further shows how this imbalance appears as
performance jitter, which reports the coefficient of variation
(CV) of request execution duration for each (C, f) class in the
Edge workload set. The baselines show high CVs for short C
and low f. Since all requests in a class execute the same mea-
sured CPU demand, this suggests such variation comes from
the CPU-control mechanism rather than application-level
variation. yslice removes most of this jitter by accurately
pacing CPU service: its geometric mean CV is 0.023, com-
pared with 0.210 for Q=1ms and 0.315 for P=20 ms.

These results expose a practical fairness problem for com-
modity baselines. A tenant with R > 1 receives more CPU
service per unit of wall-clock time than its configured frac-
tional allocation implies, while a tenant with R < 1 receives
less. Under allocation- and wall-clock-duration-based billing
models that are widely used by cloud providers [6, 47], this
directly shifts cost and performance across tenants: some
tenants obtain faster completion for the same configured
allocation, while others pay longer wall-clock time for the
same CPU demand and may experience performance jit-
ter. uslice effectively reduces performance variations and
makes effective CPU service consistent across tenants.
High-Density Behavior and Overheads. We perform stress
tests for pslice by varying the number of homogeneous ten-
ants (K) with C = 5ms and f = 0.05. As shown in Figure 7,
for K < 500, uslice keeps mean R tightly bounded between
0.987 and 0.990. At K = 600, mean R decreases slightly to
0.962, while the overload bypass remains inactive. Beyond
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this point, the density approaches the practical dispatch ca-
pacity of the server. At K > 700, yslice converges towards
the commodity scheduler. At K = 800, overload bypass is
used for 48% of requests and 99% at K > 900. This suggests
that overload does not create an unbounded pacing backlog
for uslice. When local pressure exceeds overload thresholds
(§3.2), scheduling falls back to the work-conserving path.
We measure the overhead of pslice at K = 500. The
timer, dispatch, and handoff paths add 50.3 us per request
on average (p99 = 78.6 us). Relative to the Q=1 ms EEVDF
baseline, yslice increases the workload-level and system-
wide context-switch rates by 6.77% and 20.53%, respectively,
and incurs 207.33 ps of additional kernel time per request on
average. The path-level measurement captures wall-clock
latency within pslice, whereas the kernel time increase also
includes scheduling and context switch overhead incurred by
pacing. Most of the remaining gap from the ideal completion
time stems from platform wakeup and scheduling latency
due to contention under high load (e.g., an average dispatch
queue delay of 0.90 ms at K = 500). In addition, the BPF maps
require around 0.43 MB for 1000 managed workloads.

5 Discussion

pslice is designed to enforce accurate sub-core allocation
for millisecond-scale workloads, rather than to minimize
workload latency by exploiting excess CPU resources outside
the resource contract. Period-level bandwidth control allows
a short request to run at full-core speed until its quota is con-
sumed, so the configured share no longer bounds per-request
service. uslice fixes this mismatch without changing the
cgroup interface: it preserves the share but paces workloads
so that transient quota availability does not implicitly create
a full-core service class. Removing this excess service can in-
crease latency relative to an overallocating baseline, but this
increase is the expected consequence of complying with the
fractional allocation. In return, pslice makes delivered CPU
service more predictable, narrows variability, and improves
inter-tenant fairness.

The degree of this excess service depends on the workload
and sets the boundary of where pyslice helps. pslice tar-
gets short, CPU-bound requests under sub-core allocations,
where period-level quota availability creates the largest gap.
It does not target long jobs or I/O-dominant requests, and
the current evaluation does not cover requests with CPU
bursts interleaved with substantial I/O. It assumes single-
concurrency execution, where an instance serves one re-
quest at a time, as in major serverless platforms such as AWS
Lambda [2] and Google Cloud Run [16]. Pacing concurrent
requests and parallel threads within a single cgroup would
require attributing CPU time to individual requests and coor-
dinating across threads and CPUs, which the current design
does not support. We leave this extension to future work.
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6 Related Work

Fine-grained CPU Scheduling. A wide range of work

makes CPU scheduling flexible rather than fixed in the ker-
nel or designs schedulers for short, latency-sensitive work.
ghOSt delegates scheduling decisions to userspace agents [22],
sched_ext enables verified policies as eBPF programs with-
out a kernel fork [30], and many systems extend scheduler

frameworks that separate policy from mechanism [28, 34, 44,

57]. Prior systems have also explored fine-grained schedulers

for microsecond-scale tasks with core reallocation, request

preemption, core reservation, queuing, and scheduling poli-
cies [11, 14, 23, 27, 41, 43, 46]. Junction uses a dedicated

polling core to dynamically allocate cores among userspace

instances for low-latency execution, rather than enforce frac-
tional CPU allocations [13]. Snap proposes MicroQuanta

for microsecond-scale CPU sharing through runtime/period

control, but does not independently enforce fractional allo-
cations among tasks sharing a CPU [42, 54]. Also, these sys-
tems mainly optimize latency or work conservation. yslice

instead targets resource contract compliance for millisecond-
scale workloads and paces each admitted cgroup according

to its own configured sub-core allocation, while preserving

the existing cgroup CPU allocation interface.

eBPF for Kernel Resource Management. eBPF has grown

from observability, packet processing, and security [19, 21,

24] into a widely used in-kernel extension mechanism for var-
ious optimizations, including storage [35, 58, 59], caching [15],
memory prefetching [5], application acceleration [31, 60],

and scheduling [30]. Inspired by these works, we leverage

eBPF to implement a pacing mechanism in the scheduler fast

path for resource contract compliance.

7 Conclusion

This work presents uslice, an eBPF-based scheduling frame-
work for enforcing accurate sub-core allocation for millisecond-
scale workloads in multi-tenant environments. Our results
show pslice substantially mitigates CPU overallocation, re-
duces performance variations, and improves fairness across
tenants over commodity baselines.
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