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ABSTRACT

Machine-learning (ML) techniques can optimize core operating
system paths—scheduling, I/O, power, and memory—yet practical
deployments remain rare. Existing prototypes either (i) bake simple
heuristics directly into the kernel or (ii) off-load inference to user
space to exploit discrete accelerators, both of which incur unac-
ceptable engineering or latency cost. We argue that eBPF, the Linux
kernel’s safe, hot-swappable byte-code runtime, is the missing sub-
strate for moderately complex in-kernel ML. We present eBPPML,
a design that (1) extends the eBPF instruction set with matrix—
multiply helpers, (2) leverages upcoming CPU matrix engines such
as Intel Advanced Matrix Extensions (AMX) through the eBPF JIT,
and (3) retains verifier guarantees and CO-RE portability.

CCS CONCEPTS

« Software and its engineering — Operating systems; « Com-
puting methodologies — Machine learning.
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1 INTRODUCTION

Machine learning has transformed user-space systems; the next
frontier is the operating-system (OS) kernel, where microsecond-scale
decisions on CPU scheduling, disks, congestion control, or power
state translate directly into latency and cost savings[1, 7, 9]. Unfor-
tunately, ML-in-kernel prototypes to date remain special-purpose
and fragile: (a) Kernel rewrites. Projects such as SELFTUNE [5]
integrate bespoke ML logic deep in the scheduler, requiring years
of main-line engineering. (b) User-space offload. Systems like
LAKE [2] forward features to a GPU daemon, paying tens of mi-
croseconds in syscall and DMA overhead while competing with
user workloads.
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Figure 1: Per request inference times computed over 400k
requests for the Heimdall [6] inference pipeline, an ML-based
I/0 admission policy for flash storage.

These approaches stall adoption: production kernels demand
(i) minimal code churn, (i) strict timing predictability, and (iii)
architecture portability. We observe that eBPF already provides (i)
and (iii) for non-ML extensions. The missing piece is performance:
today’s eBPF programs are limited to scalar integer/branch code
because the verifier forbids loops and the JIT lacks vector or matrix
primitives.

Key insight. Emerging CPU matrix engines (e.g., Intel AMX,
ARM SME/SMEZ2, RISC-V V) offer GPU-class throughput inside the
CPU pipeline. Coupling these engines with eBPF’s hot-load mecha-
nism enables a sweet-spot: ML models that are richer than decision
trees yet do not require a discrete accelerator or driver gymnastics.
We therefore propose eBPFML, an architectural extension that al-
lows kernel developers to attach pre-verified ML models as eBPF
objects, automatically accelerated where hardware is present, and
safely emulated elsewhere.

2 TO LEARN OR NOT TO LEARN

ML inside the kernel is attractive only when (i) the model’s accu-
racy exceeds a heuristic by a margin that translates into user-visible
gains and (ii) its inference latency does not dilute those gains.
Prior studies illustrate both sides. YAwN [8] improves tail latency
at web-scale only when request rates fall below 8k ops/s; at higher
loads, idle-state exit time dominates. LAKE degrades NVMe through-
put by 4-7% on light workloads because GPU batching fails to amor-
tise PCIe round-trips [2]. These results suggest a moving inference
threshold for general-purpose datacenter workloads. Complicat-
ing the picture is the diversity of ML models themselves. Tech-
niques range from lightweight, single-tree classifiers to deep re-
current networks, each occupying a different spot on the accuracy
vs. latency spectrum. A decision tree might execute in hundreds
of nanoseconds but capture only coarse trends; a small multilayer
perceptron (MLP) improves fidelity yet pushes inference into the
few-microsecond regime; an LSTM or transformer offers still higher
accuracy at the cost of tens of microseconds unless an accelerator
is available. Because workloads, hardware, and latency budgets all
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vary, no single model can serve as the kernel’s default brain. Instead,
any practical framework must let operators choose the simplest
model that stays on the favorable side of the accuracy-latency
tradeoff for their specific deployment, and it must do so without
hard-coding that choice into kernel source.

3 HARDWARE CHOICES: CPU, GPU, OR
INTEGRATED ACCELERATORS?

Discrete GPUs offer massive throughput but at DMA latency
and require vendor driver hooks unavailable in the kernel. Scalar
CPUs meet kernel safety requirements but cannot run even mod-
est MLPs within the latency budget. In contrast, for moderately
complex ML tasks, CPU-based accelerators like Intel’s Advanced
Matrix Extensions (AMX) [4] offer competitive performance to
GPUs while avoiding the overhead associated with data transfers
to discrete accelerators. In this context, a model’s complexity can
be defined not by its architecture or parameter count, but by a prac-
tical, system-level metric, its inference latency. If a model cannot
execute within the kernel’s microsecond-scale timing budget on a
standard scalar CPU, we consider it "complex" enough to require
acceleration. For example, we demonstrate in Figure 1 that AMX
offers a promising alternative for fairly complex ML workloads,
leading to 1.5-2.5x gains in inference time over CPU. Unless the
workload is considerably complex, the high overhead of the GPU
typically leads to performance degradation. For instance, in our
measurements, the neural network inference time for LINNOS [3]
was consistently higher on GPUs compared to AMX until the batch
size of the input exceeded 700—a scenario not very relevant for

practical applications.
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Figure 2: In-kernel ML inference decision flow using eBPFML

4 DESIGN VISION: TOWARDS EBPF-NATIVE
ML

Our goal is not to prescribe a full upstream-ready implementation,
but to outline a plausible design envelope that future kernel
hackers can explore. The guiding constraint is to keep the familiar
eBPF lifecycle—load, verify, attach, hot-swap—while making room
for ML kernels whose inner loop is a matrix multiply.

Minimal, Generic Primitives: Rather than hard-code a specific
accelerator or neural network layout, we conjecture that a small set
of generic linear-algebra helpers is enough: matrix—-multiply, bias-
add, and a handful of element-wise activations. These could appear
either as new eBPF opcodes or as helper calls; the exact choice is
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secondary, provided the verifier can ascribe a deterministic upper-
bound on cycles and perform boundary checks on the data vectors
for safety at each stage of the computation.

Hardware Adaptation Path: At load time the kernel identifies
the most capable backend available on the host. If a matrix engine
such as Intel AMX is present, the JIT lowers the generic primitive
to a tiled kernel; otherwise it falls back to SIMD instruction sets like
AVX-512 or even scalar code. This ‘best-effort specialization’ re-
spects eBPF’s CO-RE promise while allowing incremental adoption
as hardware rolls out.

Verifier and Safety Questions: The current verifier approxi-
mates worst-case cycles statically. A matrix helper’s latency, how-
ever, depends on data shape and backend. Can we extend the meta-
data model so that helpers annotate an upper-bound function of
the dimensions of the input elements?

One other key consideration when targeting matrix accelerators
like AMX is the management of its tile configuration and regis-
ter state. The tile state is part of the processor’s extended context
managed via the XSAVE/XRSTOR mechanism, but it is not enabled
by default in the Linux kernel. If AMX instructions are emitted by
the JIT, the kernel must explicitly enable the XSAVE feature set for
AMX and ensure the tile configuration and tile data are properly
saved and restored across task switches within the kernel’s FPU
context. Without this explicit handling, improper context manage-
ment can lead to data corruption, illegal instruction faults or system
instability. Therefore, any AMX-aware JIT extension must either
restrict usage to execution paths where AMX is used exclusively
once across all execution levels and without preemption, or fully
support safe and efficient context state management by enabling
AMX XSAVE support and coordinating tile state during scheduling.
The above sketch purposefully leaves ample room for exploration:
How expressive should the algebra be? Where do we draw the
line between verifier static checks and run-time accounting? What
compiler pipeline emits BPF-friendly kernels? Our workshop sub-
mission aims to seed that discussion rather than settle it.

5 CONCLUSION

As computing systems grow increasingly complex—with on-core
accelerators such as AMX, ever-changing workloads, and a rapid ca-
dence of ML tooling—the kernel must evolve to support intelligent,
real-time decision-making without compromising its reliability or
maintainability. Our vision is a modular, extensible architecture in
which eBPF remains the safe execution substrate while eBPFME sup-
plies just enough linear-algebra primitives to embed learning-based
logic directly inside critical kernel paths. Ultimately, we envision a
kernel that is deeply integrated with modern ML workflows, bridg-
ing the gap between academic systems research and production
deployment without rewriting core kernel logic.

ETHICAL CONSIDERATIONS

This work raises no ethical concerns.
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