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Abstract
CPU schedulers increasingly serve heterogeneous workloads
with distinct latency, fairness, and resource objectives, yet
existing schedulers expose fixed heuristics or low-level mech-
anisms rather than a way to state the objective itself. Operators
must therefore translate each goal into scheduling logic by
hand, a process that is costly to repeat and offers no guarantees
once workloads shift. We present Learning-Based Flexible
CPU Scheduler (LFS), a framework that synthesizes CPU
scheduling policies directly from a user-specified objective.
LFS formulates scheduling as a two-player game between the
scheduler and an adversarial environment. Because decision-
relevant quantities such as remaining compute and I/O are not
observable from the kernel, LFS learns them as latent state
with explicit error bounds, within which the adversary may
choose any outcome; solving the game yields policies that
are optimal within the induced model and robust to prediction
error and contention. To make this practical, LFS runs infer-
ence asynchronously in sched_ext, off the dispatch path, and
falls back to more conservative policies when runtime error
exceeds the synthesis bound. Across five objectives and six
workloads, LFS matches or exceeds the best heuristic base-
lines, achieving up to 2.5× fewer SLO violations, up to 20%
lower P99 latency, and 3–8% lower mean JCT.

1 Introduction

Modern computing infrastructure increasingly consolidates
heterogeneous applications with different latency targets, fair-
ness requirements, and resource demands on shared machines.
Workload mixes also evolve quickly, driven by services
such as Retrieval-Augmented Generation (RAG) pipelines,
interactive cloud applications, and emerging edge work-
loads [12, 28, 31, 43, 46, 65]. In these settings, CPU schedul-
ing directly affects tail latency, slowdown, and isolation. Yet
scheduler behavior in practice is still largely determined by
fixed heuristics tuned for particular objectives and workload
regimes. When the workload mix or the operator’s objective

changes, these heuristics can become misaligned with the
desired behavior, leading to avoidable performance loss and,
for latency-sensitive services, severe SLO violations [62].

The central challenge is policy derivation: given a target
objective, the system must determine a concrete scheduling
logic that realizes it under workload variability, partial observ-
ability, and shared-resource interference. Existing schedulers
expose either a built-in policy with a small set of tuning knobs
or a low-level substrate for implementing a custom scheduler.
Neither interface directly represents the scheduling objective
itself. Instead, operators and OS developers must translate
goals such as fairness, latency, or composite service objectives
into priorities, tie-breaking rules, and handcrafted heuristics.
That translation is workload-dependent, difficult to validate,
and costly to redo as workload mixes evolve.

Providing guarantees adds another layer of difficulty. A
scheduler that performs well under one workload model may
degrade sharply once arrivals, service times, or resource in-
teractions differ from the assumptions under which it was
designed. This problem is acute for modern workloads, which
are bursty, heterogeneous, and often previously unseen, yet
still require predictable performance. Robust policy design
therefore requires reasoning under uncertainty in future work,
shared-resource interference, and the decision-relevant state
exposed to the scheduler. Each of these is difficult to char-
acterize faithfully: interference is complex and often non-
composable, OS-visible signals are partial, and workload
shifts can invalidate logic tuned to earlier operating regimes.

This paper presents Learning-Based Flexible CPU Sched-
uler (LFS), a framework that automates CPU scheduling pol-
icy design from a user-specified objective. LFS separates what
to optimize from how to schedule: the policy developer speci-
fies the objective as a payoff function over a structured feature
vocabulary, and LFS synthesizes the scheduling logic automat-
ically. It does so by formulating scheduling as a two-player
game between the scheduler and an adversarial environment,
and solving for a policy that is robust to uncertainty in system
state and contention.

A central obstacle is that several quantities needed for good



scheduling decisions—remaining compute, remaining I/O,
and resource sensitivity—are not directly observable from
the kernel. LFS learns these as compact latent state from ob-
servable signals and carries explicit uncertainty bounds on
the predictions into the game: the adversary may realize any
outcome consistent with those bounds. Learned state removes
much of the manual effort of constructing explicit perfor-
mance models, while the game formulation keeps synthesis
robust to prediction error and contention. The result is a frame-
work that turns an objective plus uncertainty assumptions into
deployable policies with well-scoped optimality guarantees.

Making this approach practical requires system support. In-
ference is orders of magnitude too slow for the scheduler’s crit-
ical path, and switching policies as prediction error changes
must not destabilize dispatch. LFS therefore deploys learned
state asynchronously in sched_ext: models are trained of-
fline, compiled into native code, executed off the dispatch path,
and connected to the scheduler through a shared-memory data
plane with constant-time lookups. LFS monitors prediction er-
ror online and switches to conservative policies when runtime
error exceeds the regime assumed during synthesis.

Although LFS is instantiated for CPU scheduling, the un-
derlying approach applies more broadly to systems scheduling
and resource management. Many systems policies share the
same structure: an operator has a high-level objective, the sys-
tem exposes only partial and noisy information, and the policy
must act under uncertainty about future work and resource
interactions. This arises in settings such as I/O scheduling,
cluster scheduling, accelerator scheduling, and RPC priori-
tization, where handcrafted heuristics often compensate for
weak objective abstractions and incomplete models. CPU
scheduling provides a concrete and consequential setting in
which to develop the framework, but the underlying idea –
objective-driven policy synthesis over learned state with ex-
plicit uncertainty – is more general.

We evaluate policies synthesized under 5 objectives across
6 workloads with varying co-locations. LFS consistently
matches or exceeds the best heuristic baseline for each ob-
jective, achieving up to 2.5× lower SLO violations, up to
20% lower P99 latency, and 3–8% lower mean JCT, while
keeping per-callback data-collection overhead below 1 µs. In-
specting the synthesized policies also reveals that they are not
arbitrary: the objective structure determines which signals a
policy prioritizes, and prediction accuracy determines how
much it relies on estimates of future work—for example, as
error grows, an SLO-minimizing policy shifts from a SRTF
variant toward plain EDF.

2 Limitations of Existing CPU Schedulers

Modern CPU schedulers offer either a fixed built-in policy
with a handful of tuning knobs or a low-level substrate for
implementing a custom policy. Neither is a satisfactory inter-
face for today’s settings, where workload mixes are heteroge-
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Figure 1: Impact of choosing various nice values on maximiz-
ing per-workload performance. Performance is normalized to
the best configuration; top right is ideal.

neous, objectives are often multi-dimensional, and operating
conditions evolve over time. This section shows why: current
interfaces make it hard to express scheduling goals directly
(§2.1), hard to obtain policies with guarantees (§2.2), and hard
to model the system interactions they depend on (§2.3).

2.1 Inflexible Scheduler Interfaces

Consider a cluster operator who wants to enforce fairness
across applications co-located on a machine. That goal may
be expressed using standard metrics such as Proportional
Progress (PP) [19], Average Normalized Turnaround Time
(ANTT), or Weighted Speedup [16]. However, commod-
ity CPU schedulers do not let the operator specify any of
these objectives directly. Instead, they expose low-level con-
trols such as task priority (nice) and scheduling granularity
(sched_min_granularity_ns), whose effect on the desired
objective is indirect, nonlinear, and workload-dependent.

Recent frameworks such as sched_ext [51] and
ghOSt [27] make it easier to deploy custom schedulers, but
they do not solve this abstraction problem. They lower the
cost of implementation, not the cost of policy design. A user
who wants to optimize a new objective must still reason from
the objective down to a concrete scheduling rule, profile work-
load behavior, and iteratively tune and validate the resulting
policy. In other words, the burden of translating intent into
mechanism still falls entirely on the user.

To make this gap concrete, we run a latency-sensitive
pointer-chasing workload (multichase) alongside a best-
effort Redis-backed YCSB workload on a single-core system
using Linux CFS and EEVDF. Our goal is to achieve fair-
ness by equalizing slowdown across jobs, where slowdown
is defined as completion time under contention normalized
by standalone completion time, following prior notions of
normalized progress [16, 19]. We ask a simple question: can
the exposed scheduler knobs realize this objective in practice?
Our results yield three observations.
Observation #1. Default schedulers do not reliably realize
the intended objective. Even before tuning, the mismatch
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Figure 2: Impact of choosing various nice values on achiev-
ing fair slowdown (ratio of completion time under contention
to completion time in isolation). y = x line is ideal.

between exposed controls and desired behavior is apparent.
Under the default configurations, both CFS and EEVDF leave
substantial performance on the table, yielding up to 2% and
20% worse per-workload performance than the best config-
uration we observed (Figures 1a and 1b). More importantly,
EEVDF fails to realize the fairness objective itself: the result-
ing slowdowns remain far from equalized (Figure 2b).

Observation #2. Knob tuning is an unreliable way to im-
plement objectives. Can the objective be approximated by
carefully tuning the exposed knobs? We test this by sweeping
combinations of 10 possible nice values for each workload.
For the performance objective, only a small fraction of con-
figurations performs well (Figures 1a and 1b), so finding a
good setting already requires a nontrivial search. Worse, the
combinatorial search would need to be repeated as workload
mixes change. For the fairness objective, tuning is also insuf-
ficient: across our sweep, no nice configuration achieves fair
slowdown (Figures 2a and 2b). Exposed knobs can perturb
a fixed policy, but this is not a principled way to realize an
arbitrary objective.

Observation #3. Composite objectives are fundamentally
harder to realize through fixed knobs. Real deployments
rarely optimize a single metric in isolation. In multi-tenant
cloud environments, different stakeholders have different
goals: application owners want to maximize their own per-
formance, while a cluster operator may impose system-level
constraints such as enforcing global fairness across tenants
or meeting a cluster-wide power budget. Current schedulers
offer no way to reconcile these application- and system-level
objectives in a single, cohesive policy. In our experiments,
configurations that maximize application performance induce
significant unfairness across jobs, while configurations that
improve fairness incur substantial performance loss. No sin-
gle setting of nice simultaneously achieves both high per-
formance and fair slowdown, forcing users to prioritize one
objective at the expense of others.
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under Shinjuku [29] variants, with LFS (§5) shown for reference.

2.2 Regime-Dependent Guarantees

Even when users are willing to implement a custom schedul-
ing policy, ensuring that it satisfies a target objective with
meaningful guarantees is difficult. The standard workflow
requires analyzing target workloads, constructing a system
model that captures how workloads interact with the envi-
ronment, and designing an algorithm that provably meets the
desired objective (e.g., bounded slowdown or SLO compli-
ance). This process is labor-intensive and brittle: it depends on
assumptions about workload behavior and system dynamics
that are often only approximately true, and those assumptions
must be revisited whenever workload characteristics change.

This challenge is especially acute for emerging workloads.
Applications such as RAG pipelines and edge services exhibit
dynamic, bursty, and previously unseen behavior, yet they
remain performance-sensitive and often demand latency or
fairness guarantees [20, 52, 61, 62]. In such settings, a sched-
uler designed around a particular workload model or traffic
pattern can perform well in the regime it was tuned for, but
fail once the workload shifts outside that regime.

We illustrate this issue using Shinjuku [29], a carefully
engineered scheduler designed to reduce SLO violations for
latency-critical services. Shinjuku maintains per-type queues
and prioritizes the queue whose head request has the highest
ratio of current queueing delay to SLO target. We implement
two variants in a discrete-event simulator: Shinjuku-head,
which reinserts preempted requests at the head of their queue,
and Shinjuku-tail, which reinserts them at the tail.

We evaluate Shinjuku under a scenario that reflects com-
mon production behavior: asymmetric, bursty arrivals across
request types with heterogeneous SLO targets [28, 63], where
such burstiness is itself a common cause of SLO viola-
tions [60]. We construct a synthetic workload with two request
types, A and B, where type A has both a stricter SLO and a
substantially higher arrival rate.

Under this workload, Shinjuku’s ratio-based prioritization
systematically over-favors type A. The higher arrival rate
inflates A’s queueing delay, while the tighter SLO reduces
the denominator of the priority ratio, causing A to dominate
scheduling decisions even when doing so worsens the overall
P99 latency across request types (Figure 3(b)). Type B is there-
fore persistently deprioritized and suffers disproportionately
high tail latency (Figure 3(a)).

This example illustrates a broader limitation of manual



1 fn calculate_metrics(&self) -> SchedulingMetrics {
2 let mut sum_penalty = 0.0;
3 for job in &self.jobs {
4 let ratio = job.finish_time / job.deadline;
5 let penalty = if ratio <= 1.0 { 0.0 }
6 else if ratio <= 3.0 { 1.0 }
7 else { 2.0 };
8 sum_penalty += job.weight * penalty;
9 }

10 SchedulingMetrics::new([sum_penalty])
11 }

Figure 4: Example payoff function that minimizes SLO viola-
tions with a stepwise penalty based on violation severity.

scheduler design: the resulting guarantees are inherently
regime-dependent. A policy may perform well under the work-
load patterns it was designed around, yet fail once arrivals,
service-time asymmetries, or mixtures of SLO needs change.
As workloads become more heterogeneous and dynamic, ob-
taining guarantees by hand-designing and repeatedly retuning
heuristics becomes increasingly brittle.

2.3 Difficulty of Interference Modeling
Even when workload characteristics are known, obtaining
scheduling guarantees requires reasoning about how co-
running jobs interfere through shared resources such as the
LLC and memory bandwidth. A natural approach is to build
an explicit system model that predicts how such interfer-
ence affects latency and throughput. In practice, this is diffi-
cult. Cross-workload interference is complex and often non-
composable: cache thrashing, bandwidth saturation, and re-
lated effects emerge from interactions among multiple tasks
and resources, so small changes in co-runner mix or execution
phase can cause large performance shifts [5, 21]. OS-level
signals further limit fidelity because they expose aggregate
symptoms of contention rather than root causes. As a result,
even refined interference models [42, 44] remain incomplete.
This creates a tension for scheduler design: strong guarantees
appear to require precise models, yet the interactions most
important to performance are hard to model faithfully. This
motivates approaches that synthesize policies under model
uncertainty rather than on a fully specified system model.

3 LFS Overview

To address the limitations in §2, we propose LFS, an au-
tomated policy synthesis framework for CPU scheduling. In-
stead of exposing low-level knobs (§2.1), it accepts a high-
level objective directly; instead of a policy tuned for one
regime (§2.2), it synthesizes a policy that is optimal within
an uncertainty-aware model; and instead of requiring an ex-
plicit interference model (§2.3), it learns decision-relevant
state with explicit error bounds. LFS then deploys the pol-
icy into the Linux kernel, decoupling user intent from policy
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remaining compute and remaining I/O time.

implementation. All heavy lifting—model training, policy
synthesis, and scheduler compilation—happens offline, pro-
ducing a kernel-loadable scheduler before any scheduling
decision is made.

User interface. (§4) A policy developer interacts with LFS
by writing a payoff function—a short code snippet that scores
execution outcomes over a finite horizon using process-level
metrics such as slowdown, latency, or fairness. Figure 4 shows
one example. LFS then handles telemetry collection, model
training, policy synthesis, and deployment.

From objective to policy. Upon invocation, LFS executes
three offline pipelines in sequence (Figure 5). First, the model
training pipeline (§6.1) collects kernel data structures and
system counters via eBPF and trains an ML model that maps
raw features to higher-level, decision-relevant quantities for
each process, including remaining compute time, remaining
I/O time, and resource affinity. Next, the policy synthesis
pipeline combines the user-defined payoff function with an
environment model—comprising the trained predictor and
a contention-delay model (§5.3)—and solves a two-player
scheduling game over representative execution scenarios via
minimax optimization [47,50] (§5). The resulting state-action
traces are then distilled into a decision-tree policy. Finally,
the distilled policy and prediction models are compiled via
AOTInductor [3] into native C++ code and linked into the
scheduler binary, which is deployed via sched_ext [51]



(§6.2).

Online execution. At runtime, the prediction model contin-
uously estimates per-task quantities such as remaining com-
pute time and remaining I/O time, and the distilled policy
uses these estimates to rank runnable tasks at each scheduling
decision point. To avoid placing inference on the scheduler’s
critical path, predictions are computed asynchronously in user
space and written to a shared memory-mapped array (99K).
The BPF scheduler retrieves them via constant-time lookups
(→), keeping model execution off the dispatch path (§6.3).
LFS also monitors online prediction error and, when the ob-
served error exceeds the bound assumed during synthesis,
switches to a more conservative policy synthesized for a larger
bound, keeping the deployed policy’s assumptions consistent
with runtime conditions under workload shifts (§5.8).

4 Policy Design Interface

LFS exposes a policy design interface centered on two ele-
ments: a payoff function specifying the scheduling objective,
and a feature vocabulary defining the observable quantities
available to the objective and synthesis engine.

4.1 Payoff Function and Feature Vocabulary
The payoff function is a user-supplied code snippet that maps
a complete execution trajectory—the sequence of scheduling
decisions and resulting job outcomes over a finite horizon—to
a score vector. This score is the policy developer’s specifica-
tion of the objective. By default, score vectors are compared
lexicographically under minimization, from the first compo-
nent to the last. Objectives that require maximization, such
as throughput, can be expressed by negating the correspond-
ing component.1 Users may also define a custom comparator
when a different ordering is needed.

The policy developer writes the objective using LFS’s fea-
ture vocabulary (Table 1), which provides a structured view
of the system state visible to the synthesis engine and the
deployed policy. The vocabulary includes (a) global system
features shared across jobs, such as clock and runqueue statis-
tics; (b) per-job observables obtained directly from Linux
and perf counters or inferred by the prediction model; and
(c) derived features, such as normalized quantities and ranks,
that make relative notions like urgency, progress, and fairness
easier to express.

4.2 Expressiveness
Using the feature vocabulary, payoff functions can express
a wide range of scheduling objectives spanning both perfor-

1The payoff function is evaluated once at the end of the horizon, over the
entire trajectory, and the resulting value is propagated back through the game
tree during minimax optimization.

Category Features

System-level current_time, num_jobs_in_queue

Per-job observables obs_burst_rem, is_compute_burst, svc_time, qdelay, progress,
deadline, io_rem, in_io, runnable, finish_time

Derived / Relative slack, slack_ratio, rank_slack, rank_progress, rank_qdelay,
rank_obs_burst_rem, rel_progress, rel_qdelay,
is_most_urgent, is_most_progressed, norm_obs_burst_rem

Table 1: Feature vocabulary exposed to the payoff function
and policy synthesis engine.

mance and fairness.

Performance objectives. Objectives targeting latency, SLO
compliance, completion time, and throughput can be ex-
pressed using penalties over features such as deadline and
finish_time at job completion (Figure 4). These penalties
may be binary (deadline miss), tiered, or continuous (e.g.,
proportional to tardiness). Aggregate metrics such as average
or weighted completion time and makespan can likewise be
computed (Figure 18 in §A.2), supporting both tail-sensitive
and throughput-oriented objectives.

Fairness objectives. Fairness objectives can be formulated
in terms of either job progress or allocated service. Progress-
based notions, expressed using features such as progress
and rel_progress, capture how evenly jobs advance to-
ward completion. Service-based notions, expressed using
svc_time, capture how CPU time is distributed across jobs,
optionally with weights reflecting job importance. These for-
mulations support common objectives such as max-min fair-
ness, proportional fairness, and deviation-based fairness (Fig-
ures 19 to 21 in §A.3–A.5).

Multi-objectives and system constraints. LFS supports com-
posite objectives in two forms. First, users may combine mul-
tiple metrics into a single scalar payoff, for example by adding
a fairness penalty to a performance objective. This supports
soft constraints and weighted tradeoffs, such as optimizing
performance while penalizing excessive unfairness (Figure 17
in §A.1). Second, users may specify a vector-valued pay-
off together with an ordering over its components, enabling
priority-ordered objectives such as minimizing tail latency
first and maximizing throughput second. In both cases, the de-
veloper must specify the desired tradeoff or priority explicitly;
LFS does not infer it automatically.

These constructs cover a broad range of CPU scheduling
objectives, but not every possible policy goal; objectives that
require additional observability or hard per-step constraints
fall outside the current interface (§A.6).

5 Automated Policy Design

Given an objective, LFS synthesizes a scheduling policy by
formulating scheduling as a two-player game between the
scheduler and an adversarial environment and solving the



game via minimax optimization. The central challenge is that
several decision-relevant variables are not directly observ-
able and must be inferred from noisy signals. This introduces
uncertainty into the scheduler’s view of system state: the
policy must remain robust to the worst-case realizations con-
sistent with prediction error. LFS addresses this by combin-
ing learned latent state with explicit uncertainty bounds and
solving for a policy that is robust within the resulting game
model. This section presents the game (§5.1), the learned state
and contention models that define the adversary’s uncertainty
(§5.2–5.3), the formal game definition and policy distillation
(§5.4–5.5), the scope of the resulting guarantees and the gap
introduced by approximation (§5.6–5.7), and a guardrail for
when runtime error exceeds the assumed bound (§5.8).

5.1 CPU Scheduling Game
Each game scenario captures the execution of a set of jobs
over a bounded horizon. The game runs in a lightweight simu-
lator of CPU scheduling dynamics that models task execution,
arrivals, and preemption.2

Two players alternate turns. At each turn, the scheduler
(the player) selects the next runnable job to execute so as
to optimize the user-specified objective—latency, makespan,
fairness, or any other metric expressible through the payoff
function. The adversarial environment (the adversary) then re-
solves uncertain aspects of execution in the way that is worst
for that objective: it selects realizations of quantities such
as burst lengths, inter-arrival delays, and contention-induced
delay, subject to the bounds defined by the uncertainty model.
Execution then proceeds until the next scheduling event. Solv-
ing against this adversary yields decisions that are robust to
every realization the model permits.

The game terminates when either a fixed number of sched-
uler decisions have been taken (i.e., a bounded horizon h) or
all jobs complete. Solving the game yields a set of state-action
traces that characterize optimal decisions within this formu-
lation for the specified objective. LFS collects such traces
across many scenarios and distills them into a decision-tree
policy, which serves as the deployable scheduler. The scope
of the resulting optimality guarantee is discussed in §5.6.

5.2 Learned State and Error Bounds
Both players act on a representation of the current system and
job state. From the scheduler’s perspective, however, the sys-
tem is partially observable: the kernel exposes queue state and
system counters, but not several decision-relevant variables
needed to optimize user-defined objectives, such as remaining
compute, remaining I/O, or contention sensitivity. While such
quantities could in principle be estimated using carefully en-
gineered analytical models [42, 44], constructing an accurate

2LFS supports both preemptible and non-preemptible settings; unless
otherwise noted, evaluations use the non-preemptible configuration.

Scope Source Example Features

Per-process task_struct sum execution times, total NUMA
faults, blk/swap delay, . . .

Per-core perf cache references, dTLB/iTLB misses

System-wide sysinfo loads, RAM and swap (e.g.,
total/free/shared/buffered)

Table 2: Input features from Linux used in model training.
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model is difficult in practice because system interactions are
complex and nonlinear (§2.3).

To address this limitation, LFS uses an ML model (§6.1)
that takes observable signals (Table 2) as input and infers
latent, decision-relevant state variables, including remaining
compute, remaining I/O, and resource sensitivity. These quan-
tities are not directly observable from the kernel, but they
compactly summarize process state in a form that is predic-
tive of future execution. Rather than requiring a fully explicit
analytical model of the environment, LFS makes scheduling
decisions over this learned state together with the uncertainty
model described below.

Each inferred variable is accompanied by an explicit er-
ror bound derived from the model’s prediction error. These
bounds quantify uncertainty in the latent state and define the
adversary’s action space. Thus, although the scheduler never
observes the true underlying state, policy synthesis accounts
for every realization consistent with the error bounds.

5.3 Contention Delay Bounds
One latent variable inferred by LFS is a process resource pro-
file Pi, which summarizes how a process interacts with shared
resources such as the LLC and memory bandwidth. When
co-scheduled processes place pressure on the same shared
resource, they can interfere with one another, increasing exe-
cution time through cache thrashing, bandwidth contention,
and related effects [18,36,42,44]. Rather than predicting exact
interference online, LFS models contention as additional exe-
cution delay, bounded by a function of the process’s resource
profile and the current system state.

Workload-aware Delay Bound. At each scheduling step,
the adversary may impose an additional execution delay dt

i ∈
[0,Dt

max], where the bound Dt
max = f (Pt

i ,S
t) depends on the



process’s predicted resource profile Pt
i and the current system

state St . Here, Dt
max denotes the maximum additional wall-

clock time that process i may incur from contention during a
single scheduling interval.

We obtain f empirically through stress experiments that
induce contention on specific shared resources and measure
worst-case slowdown relative to isolated execution over fixed
intervals. These measurements yield a calibrated mapping
from resource profile and system condition to a per-interval
delay bound. Figure 6 shows representative slowdown curves
used to derive these bounds.

We assume that the cluster operator specifies an operat-
ing regime—through operational policies such as admission
control or target utilization—that bounds the contention ap-
plications can experience;3 the measured f then gives the
corresponding worst-case slowdown. These bounds cap in-
terference under the operator’s policy and constrain the ad-
versary in the game, so that it models worst-case interference
while remaining grounded in the actual operating conditions.

5.4 Formal Game Definition

We now formalize the scheduling game that translates the user-
specified payoff function into a robust policy. The scheduler
acts on estimates provided by the prediction model, while the
adversary resolves uncertain quantities within the bounds of
the uncertainty model. LFS thus optimizes not for a single
predicted future but for the worst case those bounds permit.

State Definition. Each job i is represented as an alternating se-
quence of compute and I/O bursts, Bi = (bi,1, bi,2, . . . , bi,Mi),
where each burst bi,k = (kindi,k, ℓi,k) specifies whether the
burst is compute or I/O and its length. At scheduling step
t, the system state is Xt =

{(
B̂ t

i , kt
i , r̂ t

i , Pt
i , in_iot

i
)
| i ∈

{1, . . . ,N}
}
, where kt

i is the index of job i’s current burst,
r̂ t

i is the estimated remaining length of that burst, Pt
i is a re-

source profile, and in_iot
i indicates whether job i is currently

in I/O. The estimate r̂t
i is produced by the prediction model

(§6.1) and may differ from the ground truth by error margins
εc and εio for compute and I/O, respectively. The error bounds
εc and εio are independently configurable. We use ε generi-
cally for the applicable bound. When a policy is indexed by a
single ε, it uses εc = εio = ε, as in all our evaluations.

Scheduler’s Action. At scheduler turn t, the scheduler selects
a job i to dispatch:

at ∈
{

i
∣∣∣ ¬donet

i ∧ ¬in_iot
i ∧ kind(bi,kt

i
) = COMPUTE

}
.

That is, a job is runnable if it has not finished, is not in I/O,
and its current burst is a compute burst. If no job is runnable,
time advances implicitly until one becomes available.

3For example, if admission control limits the number of runnable jobs
per core or caps memory-intensive jobs, these constraints bound contention.

Adversary’s Action. After the scheduler selects a job j to
dispatch at turn t, the adversary chooses three quantities. First,
it selects the realized compute progress of job j during the
current scheduling interval: ŵt

j ∈
[
r̂t

j(1−εc), r̂t
j(1+εc)

]
. The

scheduler observes only the predicted remaining compute r̂t
j,

while the adversary instantiates an actual realization within
the uncertainty set induced by εc. The adversary thus does
not alter the workload arbitrarily; it chooses only among out-
comes consistent with the prediction-error bound.

Second, the adversary chooses a contention delay dt
j ∈

[0,Dt
max] for the scheduled job, representing additional wall-

clock time incurred due to interference on shared resources
(§5.3). The total elapsed wall-clock time of the interval is
therefore wt

j = ŵt
j +dt

j.
Third, the adversary determines I/O progress for all jobs

with outstanding or pending I/O as v̂t
k ∈

[
max{0, r̂t

k(1 −
εio)}, r̂t

k(1+ εio)
]
. For each job k ̸= j, let

pt
k =

{
min(v̂t

k,w
t
j), in_iot

k ∨ kind(bk,kt
k
) = I/O,

0, otherwise.

This determines when background jobs complete I/O and be-
come runnable again, allowing the game to model unfavorable
task-arrival patterns during execution. The adversary’s action
is thus

(
ŵt

j, dt
j, {pt

k}k ̸= j
)
.4

State Transition and Termination. After the scheduler dis-
patches job j and the adversary selects its action, the state
updates as follows. For the scheduled job, remaining compute
decreases by realized progress: r̂t+1

j = max(0, r̂t
j − ŵt

j). The
contention delay dt

j advances wall-clock time but is not useful
compute progress, so it does not reduce the burst’s remaining
compute. For each non-scheduled job k ̸= j with an active
I/O burst, remaining I/O decreases by its realized progress:
r̂t+1

k = max(0, r̂t
k − pt

k). The global clock advances by the full
wall-clock duration: T t+1 = T t +wt

j. When a burst completes
(r̂t+1

i = 0), the job advances to its next burst, reinitializing the
remaining length and updating the I/O flag accordingly. The
game terminates after at most 2h plies: h scheduler decisions
interleaved with h adversary turns.5

Across the sequence of player and adversary actions, we
do not assume a particular error distribution or independence
across jobs and scheduling steps. Real errors may arise from
complex, highly correlated phenomena that violate such as-
sumptions and would invalidate guarantees built on them.
LFS therefore makes no such assumptions: the adversary may
choose any sequence permitted by the error bounds and the

4Motivated by practical scheduling granularity [34], we define a minimum
positive progress increment for each compute or I/O burst.

5Evaluating payoffs is complicated when jobs remain unfinished at the
end of the horizon. To address this, we introduce a warmup phase before
the game; across multiple timesteps, randomly selected jobs make partial
progress. At h = 0, each job starts with such progress accumulated during
warmup; we set the warmup phase long enough such that all jobs complete
within the game horizon.



scheduling dynamics, so the resulting decisions are robust
within the induced game model.

5.5 Policy Distillation

To deploy a minimax-derived policy in sched_ext, we distill
the game traces—state-action pairs (Xt ,at)—into a deploy-
able scheduling policy via imitation learning. The key chal-
lenge is that the runqueue is a variable-sized set of runnable
jobs, so the deployed policy must act as a permutation-
invariant ranking rule rather than a classifier over a fixed-
length input. We therefore represent the state as a set of per-
job feature vectors rather than one fixed-length vector.

For each trace step, we construct one training instance per
runnable job, using its feature vector as input and labeling the
minimax-selected job as positive and the others as negative.
We then train a per-job scoring model in the form of a deci-
sion tree so that the minimax-selected job receives the highest
score among runnable jobs. At inference time, the learned
model scores all runnable jobs independently and dispatches
the argmax. This formulation is permutation-invariant, natu-
rally supports variable-sized runqueues, and yields a compact
ranking policy that captures job-level decision structure rather
than memorizing job identities. This synthesis provides a
systematic way to discover new scheduling policies, uncover-
ing decision structures that differ from established heuristics
which we will discuss in §7.2.

5.6 Scope of Optimality

The synthesized policy is optimal within the induced schedul-
ing game: no alternative policy operating under the same state
representation and uncertainty model can achieve a better
worst-case payoff for the specified objective. This guarantee
is relative to the model; it does not formally imply superiority
over heuristics such as CFS, EEVDF, or round-robin, which
operate outside it (e.g., without learned state). We therefore
compare against such baselines empirically (§7.1).

The error bound ε parameterizes a family of policies
with different robustness and performance profiles. The op-
timal policy derived under an oracle model (ε = 0), denoted
minimax-0, represents the best achievable performance when
predictions are perfect. Incorporating bounded prediction
error (ε > 0) yields minimax-ε, which is optimal against
a stronger adversary that can exploit prediction inaccuracy
within the ε bound. As ε increases, the adversary gains more
freedom and the guaranteed payoff degrades, but the policy
remains the best possible within that uncertainty class. Thus,
LFS guarantees that either the induced game is true, and hence
those guarantees hold or the predictions are incorrect, which
is easily detectable and repairable with guardrails.

5.7 Bounded-Depth Approximation
minimax-ε corresponds to the full-horizon formulation: the
game proceeds from the initial state until all jobs complete,
and the scheduler optimizes a global objective over the full ex-
ecution under worst-case dynamics. Solving this game exactly
is computationally intractable. We therefore approximate it
with a bounded-depth search over a d-step lookahead, denoted
alg-d-ε. By construction, alg-d-ε is only locally optimal—
optimal with respect to the truncated lookahead—and may
deviate from the global optimum of minimax-ε; as d → ∞,
the two converge. We empirically evaluate the effect of search
depth on policy quality in §7.4–7.5 and find that the approxi-
mation gap is negligible in practice.

5.8 Error-Bound Guardrail
The guarantees of LFS rely on the predictor satisfying the er-
ror bound ε assumed during policy synthesis. Under workload
distribution shift, this assumption may be violated, and the
guarantee of the policy synthesized for that bound no longer
applies. LFS therefore employs a guardrail that monitors pre-
diction error online and switches to a more conservative pol-
icy when needed. The scheduler calculates error as the mean
absolute percentage error (MAPE) between predicted and ob-
served burst lengths over a sliding window of the most recent
W decisions (we use W = 500). When the rolling MAPE
exceeds the assumed ε, the scheduler transitions to a policy
synthesized with a larger error bound, or to a fallback policy
if the observed error exceeds the maximum supported error
bound (e.g., MAPE > 50%). This restores consistency be-
tween the deployed policy and the uncertainty level observed
at runtime. When the rolling MAPE falls back below the orig-
inal bound ε, the scheduler reverts to the original policy; to
avoid oscillation, it requires the error to remain below the
bound for K consecutive windows before reverting (we use
K = 5).6

6 Learned Scheduler Deployment

This section describes the systems mechanisms that make
learned-state scheduling practical: data collection and train-
ing, model packaging, asynchronous inference over a shared-
memory data plane, and policy hot-swapping.

6.1 Training Predictive Models
Training data. We train models to infer the latent state vari-
ables introduced in §5.2, including remaining compute and re-
maining I/O, from kernel-observable signals. Inputs combine
per-task fields from task_struct with system-level coun-
ters from perf and sysinfo (Table 2). We collect training
traces on the target platform using an eBPF-based telemetry

6System support for policy hot-swapping is discussed in §6.4.
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Figure 7: Scheduling handlers overhead. For CFS/EEVDF, we
measured runtime of enqueue_task_fair() for enqueue and
pick_next_task() for dispatch.

pipeline that shares the same observability substrate as the
deployed scheduler. During collection, inference is disabled
and per-event traces are exported for offline preprocessing and
labeling.7 Labels for remaining compute and remaining I/O
are derived offline from execution traces, and model training
is performed entirely in user space.
Model architecture. CPU scheduling is inherently temporal:
future behavior depends not only on the current snapshot
but also on recent execution history. We therefore evaluate
sequence models—LSTM, Transformer, and state space mod-
els (SSMs)—rather than relying only on the snapshot-based
MLPs common in prior ML-for-systems work [10, 25]. Un-
der a fixed model-size and training budget, the Transformer
provides the best accuracy–latency tradeoff among sequence
models (§7.7), so we use it in the final system.8

6.2 Model Compilation and Loading
For flexible model development, we implement prediction
models in PyTorch. To deploy them in a non-Python schedul-
ing environment, we use torch.export with AOTInduc-
tor [3] to compile all artifacts into a single package, which
the sched_ext userspace scheduler loads to run inference di-
rectly in C++, eliminating interprocess communication with a
Python runtime. This design consolidates the scheduler logic
into a single userspace process, retaining Python’s develop-
ment convenience while reducing inference latency relative
to native Python (§7.7).

6.3 Asynchronous Inference
ML inference is fundamentally incompatible with the schedul-
ing critical path: scheduling handlers run in hundreds to thou-
sands of nanoseconds (Figure 7), whereas even a modest
3-layer MLP with hidden size 128 takes 1–2.8 ms per forward
pass—a gap of three to four orders of magnitude. We there-
fore run inference asynchronously in a background thread.
The scheduler reads the latest predictions at decision time,
so model execution never blocks scheduling operations. To

7Although the data plane is shared and CSV export overhead is minimal,
inference is disabled during collection, so data collection runs on a separate
machine rather than on the deployed scheduler.

8Training details are in §C.
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enable this decoupling, we introduce input and output feature
stores that hold model inputs and predictions, respectively.

Scheduler’s Critical Path. Figure 8 shows the data path of
the scheduling pipeline. When a task yields the CPU, either
by preemption or completion ( 1 ), its latest task_struct-
derived features are written to the input feature store ( 2 ) and
the task re-enters the runqueue ( 3 ). The prediction model
runs asynchronously over this shared input state and writes up-
dated outputs to the output feature store. At dispatch time, the
scheduler reads the runqueue ( 4 ) and the latest per-task pre-
dictions via constant-time lookups ( 5 ), so inference remains
entirely off the dispatch path.

Kernel-Userspace Data Transfer. 2 and 5 involve kernel-
user space data transfer that may cause timeliness problems:
prediction should reflect recent process state, or stale values
will mislead scheduling decisions. Timeliness is determined
by how quickly kernel-observable signals flow to the model
( 2 ) and how quickly predictions flow back to the scheduler
( 5 ). Delayed updates increase prediction error and degrade
scheduling performance. Moreover, the policy’s robustness
guarantee applies only if the predictions used at dispatch sat-
isfy the error bound assumed during synthesis. The data plane
must therefore provide low-latency access while avoiding
excessive copying and syscall overhead.

To meet these requirements, we design a shared-memory
data plane using memory-mapped BPF_MAP_TYPE_ARRAY
structures for both feature export and prediction import. Com-
pared to alternatives such as ring buffers and hash maps, array-
based storage provides predictable O(1) access, avoids hash-
ing and pointer indirection, and enables zero-copy sharing via
mmap; we evaluate these trade-offs in §7.6.

Array Reindexing. A key challenge in array-based designs is
indexing. A naive approach would index entries by pid, but
this is unsuitable: the PID space is large and sparse, leading
to poor memory efficiency and increased cache and TLB
pressure. Hash maps avoid sparsity but introduce hashing
overhead and pointer indirection, which are undesirable on
the critical path and incompatible with mmap-based sharing.

Instead, we reindex active tasks into a dense identifier space
[0,N) and use these identifiers as offsets into the shared arrays.
The mapping is maintained out of band: a free slot is assigned
when a task becomes active and reclaimed upon exit. This
enables compact memory layout and ensures that each lookup



requires a single array access, providing predictable, low-
latency performance suitable for scheduler-critical operations.

6.4 Policy Hot-Swap
Delayed or missing prediction updates can leave the scheduler
using stale predictions. The guardrail (§5.8) monitors rolling
MAPE and switches to a policy synthesized for a larger er-
ror bound when the current policy’s bound is exceeded, or
to a fallback policy when the error exceeds the maximum
supported bound. A key systems challenge is performing
policy transitions without disrupting the scheduler’s critical
path. Because policies are learned ranking functions, a policy
change invalidates the ordering of tasks in the dispatch queue
(DSQ). Recomputing all priorities eagerly would introduce
prohibitive overhead. Instead, LFS adopts a lazy transition:
tasks already in the queue retain their previous scores, while
newly arriving tasks are evaluated under the new policy. All
scores are normalized to [0,1], avoiding cross-policy scaling
inconsistencies. The resulting inconsistency is transient and
bounded: it affects only tasks already enqueued at the time
of the switch; as tasks dispatch, yield, and re-enter the DSQ,
the queue naturally converges to the new policy without a
bulk reordering pass. This preserves hot-swap responsiveness
while keeping the transition off the critical path.

7 Evaluation

Evaluation Setup. We conduct experiments on Dell EMC
PowerEdge C6525 machines (CloudLab c6525-25g nodes)
equipped with a 16-core AMD EPYC 7302P CPU, 128 GB
of memory, and 25 Gbps networking via Mellanox ConnectX-
5 adapters with PCIe Gen 4.0. We compare LFS against
CFS (v5.15), EEVDF (v6.14) as general-purpose Linux base-
lines, EDF as a representative deadline-based scheduler, and
Shinjuku [29] as a specialized tail-latency scheduler. Our
latency-critical workloads are Redis, Nginx, and DBBench
(RocksDB), covering in-memory data services, web serv-
ing, and storage; our throughput-oriented workloads are mcf,
x264, and xz from SPEC2017 [53], batch workloads for eval-
uating completion efficiency and fairness. We use application
deadlines of 10 ms, 5 ms, and 2.5 ms for DBBench, Redis, and
Nginx, respectively [11, 12, 17, 29]. All experiments use 8
logical CPU cores. The end-to-end cost of producing a policy
is approximately 10 hours for data collection on the target
machine, 4 hours for model training on a single NVIDIA A10
24GB GPU, 3 hours for synthesis, and less than 1 minute for
policy distillation.

7.1 Performance Across Objectives
We evaluate whether policies synthesized under worst-case
assumptions also achieve competitive empirical performance
across different scheduling objectives. Figure 9 compares
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Figure 9: Performance of policies synthesized under objec-
tives that minimize (a) SLO violation rate (top) and (b) P99
latency (bottom), compared with EDF and Shinjuku.
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Figure 10: Performance of policies synthesized under objectives
that minimize (a) mean JCT, (b) makespan, and (c) progress variance
(fairness), compared with CFS and EEVDF. (c) shows the resulting
per-job slowdown distribution.

LFS with EDF and Shinjuku; its top row shows the SLO vio-
lation rate. The heuristic schedulers are workload-sensitive:
EDF is strong on DBBench but degrades on Nginx, while
Shinjuku shows the opposite trend. Because Shinjuku prior-
itizes requests with a high ratio of queueing delay to SLO
target (§2.2), our per-application deadlines (10, 5, and 2.5 ms
for DBBench, Redis, and Nginx) lead it to favor Nginx, the
workload on which it performs best. LFS avoids these failures
by synthesizing a policy for the objective itself, matching or
outperforming the best baseline on every workload.

The bottom row of Figure 9 evaluates P99 latency across
load levels. As load increases, EDF and Shinjuku exhibit
sharp latency spikes, whereas LFS maintains a flatter curve.
Gains are most pronounced for Nginx and DBBench; Redis
performs similarly under all schedulers.

Figure 10 compares LFS policies for system-level
objectives—(a) mean JCT, (b) makespan, and (c) fairness—
against CFS and EEVDF on the SPEC workloads. LFS out-
performs both baselines on mean JCT and makespan (Fig-
ure 10(a)–(b)). For fairness (Figure 10(c)), CFS and EEVDF
show wide slowdown distributions with long tails, while LFS
concentrates slowdown tightly near 1.0, i.e., it enforces more
uniform progress across co-located jobs.

Together, these results demonstrate that LFS translates dif-
ferent scheduling objectives into policies with strong em-
pirical performance. Policies synthesized under worst-case
assumptions achieve competitive SLO violation rates and tail
latency, lower mean JCT and makespan, and more uniform
slowdowns across the evaluated workloads.



Prediction error bound ε

Variant Reliable (0–0.2) Moderate (0.2–0.5) High (≥0.5)

Minimize SLO violations (penalty shape)
Binary Triage-SRTF* Triage-LLF* EDF
Stepwise LLF EDF EDF
Continuous EDF/SRTF hybrid EDF EDF

Optimize performance (target metric)
Mean JCT Overlap-aware† SRIF‡ RR/LAS
Queuing delay SRIF‡ SRIF‡ RR/LAS
Makespan LRTF-MPF§ LRTF-MPF§ RR/LAS

Maximize fairness (definition)
Max-min LRJF LRTF-MPF§ RR/LAS
Proportional SRIF‡ SRIF‡ MPF
Deviational SRTF-MPF SRTF-MPF MPF

* Triage: identifies and deprioritizes jobs that cannot meet their deadlines.
† Overlap-aware: prioritizes jobs with both pending compute and I/O to

maximize overlap.
‡ SRIF: Shortest Remaining I/O First.
§ LRTF-MPF: Longest Remaining Time First, ties broken by Minimal

Progress First.

Table 3: Policies synthesized with LFS, projected onto the
nearest known heuristic, by objective and prediction error
bound ε (high includes no oracle).

7.2 Structure of Synthesized Policies

We examine how the scheduling objective and prediction
uncertainty shape the structure of synthesized policies, as
summarized in Table 3. Each synthesized policy is a deci-
sion tree that does not exactly match any existing heuristic.
To understand how policy structure changes with the objec-
tive and uncertainty, we project each one onto the nearest
known heuristic from the literature: we implemented over 44
heuristics and manually compared the trees against them.

Our key finding is that synthesized policies are not arbi-
trary: they organize into a small number of behavioral regimes.
First, prediction accuracy determines whether the scheduler
can safely exploit estimates of future work or must rely on
non-predictive signals. Consider the binary SLO-violation
objective. We use triage as a descriptive label for the learned
behavior of deprioritizing jobs predicted to miss their dead-
lines, directing resources toward jobs whose deadlines remain
achievable. When predictions are reliable (ε= 0–0.2), the syn-
thesized policy most closely matches a triage-based variant
of SRTF (Triage-SRTF) that deprioritizes jobs with negative
laxity.9 Because laxity depends on estimates of remaining
work, this regime requires high prediction accuracy. As ε

increases, the policy shifts to Triage-LLF (ε = 0.2–0.5) and
then to EDF (ε ≥ 0.5).10 This progression gradually drops
features that depend on predicted remaining work: Triage-
SRTF uses it for both triage and ordering, Triage-LLF only

9Laxity is defined as the remaining time margin before a job becomes
infeasible, computed as deadline− current time−Cremaining [9, 35].

10LLF is Least Laxity First; Triage-LLF additionally skips jobs whose
laxity is hopelessly low.
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Figure 11: SLO violation rate of policies synthesized under
different error bounds ε (LFS-ε) as the runtime prediction
error δ varies. ⋆ marks ε = δ.

for triage, and EDF not at all.
Second, the objective structure determines the policies’

scheduling priorities, while prediction uncertainty determines
their reliance on estimates of future work. Objectives that
minimize SLO violations consistently yield urgency-driven
policies, with the penalty shape determining which urgency
signal dominates. A binary penalty [1, 59, 65] charges a flat
cost per miss, letting the scheduler abandon infeasible jobs to
greedily save the most deadlines (Triage-SRTF); a stepwise
penalty [2, 22] introduces discrete tiers beyond the deadline,
making tier containment the goal, and LLF emerges as opti-
mal; and a continuous penalty [39] eliminates tiers, making
total tardiness the objective and producing an EDF/SRTF
hybrid that orders by deadline while using remaining-time
predictions to clear short jobs first. For performance and fair-
ness objectives, policies shift from urgency toward work effi-
ciency and equity: they become SRTF- or SRIF-like variants
that exploit compute–I/O overlap, or rely on progress- and
service-based signals to equalize allocation across jobs.

7.3 Robustness to Prediction Error

We examine whether LFS synthesizes worst-case optimal poli-
cies under the specified prediction-error bounds. Figure 11
evaluates policies synthesized with explicit error bounds (§5)
against the actual runtime prediction error δ. We sweep δ from
0 to 1.0 and evaluate four policies synthesized under different
assumed bounds (ε ∈ {0,0.2,0.3,0.5}). To control prediction
error precisely, we run this experiment in a simulator, using
synthetic traffic with asymmetric arrival rates and heteroge-
neous SLOs.11 At each error level, the best policy is the one
whose synthesis bound matches the true error (ε = δ, marked
by ⋆). Naively trusting predictions (LFS-0) yields near-zero
violations under perfect accuracy but degrades sharply as
error grows. Conversely, overly conservative policies (e.g.,
LFS-0.5) avoid catastrophic failure at high error but ignore
useful predictive signal, leaving performance on the table
when error is low. By calibrating the policy to the actual er-
ror, LFS safely exploits imperfect models and consistently
outperforms prediction-agnostic CFS and EEVDF.

11Representative workloads include RocksDB and Memcached [17, 45].
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7.4 Sensitivity to Synthesis Parameters

Because policies are synthesized in simulation, their quality
depends on the simulation configuration. We study three pa-
rameters: (1) the number of jobs, (2) the planning depth, and
(3) the number of simulation traces used to build the decision
tree. For each, we measure rank agreement (Top-1 and Top-5)
with a policy synthesized under a high-cost reference setting.
Figure 12(a)–(c) shows the results.
Num. jobs. Increasing the number of jobs exposes richer
global features (e.g., runqueue statistics), but also increases
the branching factor and simulation cost. Since the policy
is a ranking function, its structure should not depend on the
absolute number of jobs once sufficient context is present.
We vary the number of jobs from 2 to 15, using 15 as the
reference. Agreement improves quickly and saturates at 7
jobs, which we use.
Planning depth. Depth determines the lookahead horizon
of the minimax search. Larger depths capture longer-term
interactions between jobs, while shallow depths emphasize
immediate payoff and lead to myopic decisions. We compare
against a deep reference (depth 26). Agreement increases with
depth and saturates at 18 (Top-5: 100%, Top-1: 85.5%), with
little further gain beyond depth 20. We use depth 18.
Number of simulation traces. More traces improve data
coverage but add cost. Using 150 traces as the reference,
agreement plateaus beyond 60 (Top-1 >90%), so we use 60.
All three parameters show clear saturation; we select the small-
est saturating value of each to balance quality and cost.

7.5 Bounded-Depth Optimality Gap

We examine whether the optimality gap introduced by
bounded-depth search is small in practice. With the synthetic
traffic of §7.3, we measure P99 latency in a discrete-event
simulator. Figure 12(d) shows that alg-18-ε closely tracks
minimax-ε across the full load range, with no statistically
significant gap at any measured load point. This confirms that
depth-18 search incurs minimal optimality loss in practice,
consistent with the agreement saturation in §7.4.
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Figure 13: Per-callback latency of the uninstrumented
sched_ext scheduler (baseline) and with feature collection
via a ring buffer or an eBPF map.
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Figure 14: Model prediction error (%) over time.

7.6 Data-Plane Overhead

LFS maintains per-task state for prediction and updates it
at each sched_ext callback, adding work to the scheduling
path. We examine which data structure minimizes data collec-
tion overhead on the scheduling path. We measure callback
latency with feature collection via a ring buffer and via an
internal eBPF map, and compare both against an uninstru-
mented sched_ext baseline. As shown in Figure 13, the ring-
buffer design incurs substantial overhead, increasing latency
by 5–8× for enqueue, running, and stopping (up to ∼1.7 µs
per callback). The map-based design consistently reduces this
overhead, cutting latency by up to 2.4× relative to the ring
buffer. These results show that map-based collection supports
per-task feature updates with lower callback latency than the
ring-buffer design, keeping per-callback costs below 1µs.

7.7 Prediction Accuracy and Inference Cost

The prediction model supplies the latent state on which
scheduling decisions depend, and its accuracy determines
the error bound under which policies can be synthesized. We
examine how model choice affects prediction quality and in-
ference cost. We evaluate four architectures: MLP, LSTM,
Transformer, and SSM. Figure 14 shows that the sequence
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Figure 16: Effect of guardrail on LFS under prediction error:
MAE-triggered policy switching and P99 latency over time.

models improve as execution progresses, benefiting from ac-
cumulated history, while the MLP, which relies solely on in-
stantaneous features, remains largely unchanged. Models with
historical context thus achieve consistently lower error, while
differences among the sequence architectures are marginal.

Figure 15 shows inference latency for three deployment
options: native Python, PyTorch’s AOTInductor loaded from
Python, and LibTorch’s AOTInductor loaded from C++. With
batch size 1024, the C++ AOTInductor deployment reduces
average inference latency by up to 3.1× relative to native
Python, confirming that ahead-of-time compilation and C++
integration are critical for embedding ML models in the sched-
uler. Given its stable accuracy over time and low inference
cost, we adopt the Transformer in our final system.

7.8 Guardrail Under Error Drift

We examine whether the guardrail can recover tail-latency
performance when prediction error exceeds the current pol-
icy’s bound (Figure 16). We run Nginx (8 workers) under a
policy synthesized for tail latency with a 30% error bound
(alg-18-0.3). At T=200 s, we perturb the predictions to
raise MAPE to ∼35%, which triggers a switch to a more con-
servative policy (alg-18-0.5). P99 latency briefly spikes but
stabilizes quickly after the switch. Once the error stays within
the original bound for five consecutive windows (∼200 s), the
system reverts to the original policy at T=500 s to recover
performance. These results show that the guardrail adapts
policy selection to prediction accuracy, restoring stable tail
latency after a brief transition.

8 Related Work

General-purpose OS schedulers encode fixed tradeoffs
among responsiveness, fairness, and throughput through hand-
designed heuristics rather than explicit objectives [55]. Linux
CFS approximates fairness via virtual runtime [49], while
newer designs such as EEVDF revisit deadline-based schedul-
ing for latency [40, 54]. However, these interfaces expose
coarse knobs, forcing operators to indirectly realize objec-
tives through tuning, which is brittle under contention and
heterogeneous workloads [7, 37, 38].

Systems for microsecond-scale tail latency use fine-grained
preemption and core specialization [18,29, 33, 48], or enforce
isolation under heavy-tailed arrivals [13, 36]. These systems
rely on hand-designed policies tuned for specific regimes, and
often require dedicated runtimes, kernel bypass, or special-
ized hardware. Frameworks such as ghOSt and sched_ext
improve programmability but leave policy design to the de-
veloper [15, 27, 51]; LFS builds on the latter.

Learning-based approaches attempt to automate schedul-
ing via trained policies or knob tuning [10, 14, 32, 58, 64],
but primarily optimize empirical performance under a fixed
workload distribution and provide no guarantees under dis-
tribution shift or unmodeled interference. Objective-driven
resource allocation has been explored in cluster schedul-
ing [20, 23, 41, 57], highlighting the value of explicit objec-
tives; these systems operate at coarser timescales and do not
address fine-grained CPU scheduling or the challenges of
integrating learned state into it.

Syntra [50] synthesizes video-streaming controllers from a
symbolic environment model, deriving feasible environment
actions from observed history. LFS currently uses per-step
bounds on prediction errors and contention delays. A Syntra-
style extension could model latent CPU state and constraints
across jobs and time, using offline quantifier elimination or
solver-based projection to restrict adversarial actions to those
consistent with the model and observed history. We leave this
extension to future work.

9 Conclusion

LFS casts CPU scheduling as an objective-driven synthesis
problem, replacing fixed heuristics with policies derived auto-
matically from high-level goals. By combining learned latent
state with explicit uncertainty bounds, it produces policies
that are robust to prediction error and contention, and its game-
theoretic formulation ensures that each synthesized policy is
optimal within the induced model. Asynchronous inference
over a shared-memory data plane keeps ML off the sched-
uler’s critical path. Across five objectives and six workloads,
synthesized policies match or exceed the best heuristic base-
lines, and their structure shifts predictably with the objective
and with prediction accuracy.
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A Example Objective Implementation

This section presents example objectives expressed through
LFS’s interface.

A.1 Composite Objective
Figure 17 introduces an unfairness ratio (max slowdown

over min slowdown) and applies a penalty only when it ex-
ceeds a threshold κ, effectively constraining the system to
operate within a bounded fairness regime. The penalty weight
λ controls the strength of this constraint relative to the primary
performance objective.

A.2 Minimizing Makespan
In Figure 18, we compute makespan as the maximum

finish_time across jobs (L3–L5) and return it for the opti-
mizer to minimize (L6).

A.3 Max-min Fairness
Figure 19 implements max-min fairness by lexicographi-

cally prioritizing the least-served jobs. We first collect each
job’s attained service svc_time (L3–L7) and sort the values
in ascending order (L9–L10), so that the smallest values cor-
respond to the most under-served jobs. The objective is then
constructed lexicographically by maximizing the minimum
service, followed by the second minimum as a tie-breaker
(L12–L18). Since the synthesis engine minimizes, we negate
these values.

A.4 Proportional Fairness
Figure 20 implements proportional fairness (PF) in the

CPU scheduling context. We model PF for CPU scheduling
by treating each job’s effective CPU share as its allocation
variable. For a job i, we define xi = si/(qi + si), where si
denotes the cumulative CPU service received and qi + si is
the job’s observed residency in the system. Intuitively, xi
captures the fraction of time the job has spent executing rather
than waiting, and thus serves as a normalized long-term CPU
share under time multiplexing. We then maximize ∑i logxi,
the standard proportional-fair objective [30, 56].

A.5 Deviation-based Fairness
Figure 21 implements deviation-based fairness by penaliz-

ing dispersion in attained service across jobs. We first collect
the cumulative service time svc_time of active or completed
jobs (L4–L7) and compute the mean service level (L8). The
objective then accumulates the squared deviation of each job’s
service from this mean (L9–L14) and returns it (L15), driv-
ing the optimizer toward policies that equalize CPU service
across jobs.

1 fn calculate_metrics(&self) -> SchedulingMetrics {
2 let (lambda, kappa) = (100.0, 3.0); // fairness penalty,

unfairness bound
3

4 // --- Performance term (SLO penalty) ---
5 let mut sum_penalty = 0.0;
6 for job in &self.jobs {
7 sum_penalty += if job.finish_time <= job.deadline {

0.0 } else { 1.0 };
8 }
9

10 // --- Fairness constraint (slowdown imbalance) ---
11 let max_slowdown = self.jobs.iter()
12 .map(|j| j.slowdown).fold(0.0, f32::max);
13 let min_slowdown = self.jobs.iter()
14 .map(|j| j.slowdown).fold(f32::MAX, f32::min);
15

16 let unfairness = max_slowdown / (min_slowdown + 1e-5);
17 let fairness_penalty = lambda * (unfairness - kappa).

max(0.0);
18

19 let total = sum_penalty + fairness_penalty;
20 SchedulingMetrics::new([total])
21 }

Figure 17: Composite objective with a soft fairness constraint.

1 fn calculate_metrics(&self) -> SchedulingMetrics {
2 // Makespan = completion time of the last finished job.
3 let makespan = self.jobs.iter()
4 .map(|j| j.finish_time)
5 .fold(0.0, f32::max);
6 SchedulingMetrics::new([makespan])
7 }

Figure 18: Objective that minimizes makespan.

A.6 Interface Limitations
Not all scheduling objectives are expressible under the current
feature set and payoff interface. We discuss a few classes of
objectives that fall outside our scope.

Missing features. While the current feature set captures sig-
nals for many common objectives, it does not support those
requiring additional abstractions or finer-grained measure-
ments. For example, tenant-level fairness requires grouping
primitives (e.g., group_id) to aggregate across related jobs,
and power-aware objectives require energy or power telemetry,
which is not currently exposed. Supporting such objectives
requires extending the feature vocabulary and building the
needed accounting and instrumentation.

Per-step constraints. Because our framework optimizes a
global payoff over a horizon, it cannot enforce strict per-step
constraints. A representative example is instantaneous fair-
ness, which requires a constraint to hold at every scheduling
step [4, 8, 26]. While proxy objectives—such as minimizing
the number of fairness violations over a horizon—can be in-
troduced, they only approximate the instantaneous constraint.



1 fn calculate_metrics(&self) -> SchedulingMetrics {
2 // Max-min fairness over attained service.
3 // 1. collect attained service of active/completed jobs.

4 let mut services: Vec<f32> = self.jobs.iter()
5 .filter(|j| j.runnable || j.in_io || j.finish_time >

0.0)
6 .map(|j| j.svc_time)
7 .collect();
8

9 // 2. sort in ascending order (smallest first).
10 services.sort_by(|a, b| a.partial_cmp(b).unwrap());
11

12 // 3. lexicographic objective:
13 // maximize minimum service, then second minimum, etc.
14 // Since the engine minimizes, negate values.
15 SchedulingMetrics::new([
16 -services[0], // maximize min service
17 -services.get(1).copied().unwrap_or(0.0), // tie-

breaker
18 ])
19 }

Figure 19: Max-min fairness objective written lexicographi-
cally over attained service.

1 fn calculate_metrics(&self) -> SchedulingMetrics {
2 // Proportional-fair utility over each job’s CPU share.
3 let eps = 1e-9_f32;
4 let mut utility = 0.0_f32;
5 for job in &self.jobs {
6 let svc = job.svc_time.max(0.0);
7 let residency = (job.qdelay + job.svc_time).max(eps)

;
8 let cpu_share = (svc / residency).max(eps);
9 utility += cpu_share.ln();

10 }
11 // Negate because the synthesis engine minimizes.
12 SchedulingMetrics::new([-utility])
13 }

Figure 20: Proportional fairness objective example for CPU
allocation.

B System Data Characteristics

Input features from the OS span very different ranges: event
counters are typically 103–104, whereas cumulative execution-
time fields are in nanoseconds (109–1012). Fields also differ in
their dynamics: most counters increase monotonically, some
are roughly stationary (e.g., working set size), and others are
event timestamps (e.g., sleep_start, io_start). The pre-
diction targets (remaining burst time) also vary in scale across
applications: Nginx bursts are always below 1 ms, stress-ng
bursts exceed 5 ms, and DBBench and Redis fall in between.

C Prediction Models

To ensure a fair comparison, we constrain all models to have
comparable parameter counts. All models are capped at 150K

1 fn calculate_metrics(&self) -> SchedulingMetrics {
2 // minimize dispersion in attained service.
3 // Here we use squared deviation from the mean.
4 let services: Vec<f32> = self.jobs.iter()
5 .filter(|j| j.runnable || j.in_io || j.finish_time >

0.0)
6 .map(|j| j.svc_time)
7 .collect();
8 let mean = services.iter().sum::<f32>() / services.len

() as f32;
9 let deviation = services.iter()

10 .map(|x| {
11 let d = x - mean;
12 d * d
13 })
14 .sum::<f32>();
15 SchedulingMetrics::new([deviation])
16 }

Figure 21: Deviation-based fairness objective that minimizes
variance in attained service.

parameters. Each model is trained for 50 epochs on data
collected from 142 runs spanning diverse application mixes
(dbbench, nginx, redis). We minimize mean absolute error
(MAE) loss using a cosine-annealing learning-rate sched-
ule (initial learning rate 10−3) and batch size 16384 on 4
GPUs. To stabilize training across workloads with differing
burst-length distributions, we apply log(1+ x) normalization
followed by min–max scaling to map the targets to [0,1].

D Broader Use Cases

LFS’s approach of combining user-defined objectives, learned
state, and policy synthesis under bounded uncertainty could
extend to other scheduling settings. For edge scheduling [62],
the payoff could measure end-to-end SLO violations, with the
model accounting for uplink and downlink delays alongside
computation. For LLM serving [52], the payoff could cap-
ture fairness in service measured by input and output token
costs, while the model accounts for unknown output lengths,
batching, and GPU memory limits. Cloud resource manage-
ment [6, 24] could use placement and allocation actions to
optimize SLO satisfaction, utilization, or cost. Each extension
requires observable signals for estimating the relevant state,
valid uncertainty bounds, and an execution model and action
space that permit tractable synthesis; the predictors, schedul-
ing model, and runtime integration would need to be adapted
to each setting. We leave these extensions to future work.
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