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Abstract—We present AccelOpt, a self-improving large lan-
guage model (LLM) agentic system that autonomously optimizes
kernels for emerging AI acclerators, eliminating the need for
expert-provided hardware-specific optimization knowledge. Ac-
celOpt explores the kernel optimization space through iterative
generation, informed by an optimization memory that curates
experiences and insights from previously encountered slow-fast
kernel pairs. We build NKIBench, a new benchmark suite of AWS
Trainium accelerator kernels with varying complexity extracted
from real-world LLM workloads to evaluate the effectiveness of
AccelOpt. Our evaluation confirms that AccelOpt’s capability
improves over iterations, boosting the average percentage of
peak throughput from 49% to 61% on Trainium 1 and from
45% to 59% on Trainium 2 for NKIBench kernels. Moreover,
AccelOpt is highly cost-effective: using open-source models, it
matches the kernel improvements of Claude Sonnet 4 while being
26× cheaper. The code is open-sourced at https://github.com/
zhang677/AccelOpt and the full-length paper was published in
MLSys 2026 [26].

I. PROBLEM STATEMENT

Kernel optimization remains challenging even on mature
architectures such as GPUs. After NVIDIA released H100
in 2022, attention kernels reached only ∼37% of peak per-
formance after one year [8], and required another year to
approach 85% [21]. High efficiency depends on a complex
interaction between workload properties, memory hierarchies,
parallelism, and architecture-specific constraints, making em-
pirical tuning and large search spaces unavoidable [12], [25],
[27]. These challenges are amplified for emerging AI accel-
erators, whose architectures diverge from GPUs and lack es-
tablished optimization heuristics or performance intuition [9],
[11], making kernel optimization a recurring challenge for
each new production accelerator [6], [16], [18], [20].

II. RELATED WORK

This work targets kernel optimization for AWS Trainium,
a widely deployed accelerator that exemplifies these chal-
lenges [2]. Trainium is programmed using the Neuron Kernel
Interface (NKI), a Python-embedded kernel language with a
relatively new hardware and software stack [3]. As a result,
developers lack the mature optimization recipes available on
GPUs [22]. This motivates scalable, automated kernel opti-
mization methods as workloads continue to evolve [13].

Prior work shows that LLMs can generate correct, high-
performance kernels across GPUs, TPUs, and NPUs [1],

[7], [10], [14], [15], [17], [19], [23], [24]. Given the lim-
ited Trainium-specific optimization knowledge, our goal is
to evaluate whether an LLM-based system can autonomously
navigate the optimization space without relying on human-
engineered heuristics or preexisting tuning examples.

III. DESIGN

This work makes the following contributions: (1) AccelOpt,
the first self-improving LLM agentic kernel-optimization sys-
tem for emerging AI accelerators that combines search with
memory accumulation. To the best of our knowledge among
open-source systems, it is also the first on emerging accel-
erators that requires neither expert, hardware-specific opti-
mization knowledge nor predefined optimization recipes. (2)
NKIBench, the first benchmark suite for NKI kernel opti-
mization on Amazon Trainium, with kernels derived from
real-world LLM workloads; it evaluates performance against
Trainium’s theoretical peak rather than only relative speedups
(which depend on baseline choice). (3) AccelOpt achieves
substantial optimizations on NKIBench; the current 14-kernel
suite provides a foundation for future NKI optimization
research. We also show open-source LLMs (gpt-oss-120b,
Qwen3-Coder-480B-A35B-Instruct-FP8) can deliver compara-
ble gains at much lower cost than Claude Sonnet 4.

IV. EVALUATIONS

a) Cost effectivness: As shown in fig. 2, using open-
source LLMs, AccelOpt improves the average percentage of
peak throughput from 49% to 61% on Trainium 1, which is on
par with Claude Sonnet 4 (thinking mode) but 26× cheaper,
and from 45% to 59% on Trainium 2 at a similar cost across
all tasks in NKIBench.

b) Ablation study of AccelOpt components: As shown
in fig. 3, beam search is more effective than repeated sam-
pling for inference-time scaling; adding optimization mem-
ories changes cost efficiency in mixed ways, but does not
materially improve the best-found kernels given sufficient
sampling compared to beam search alone.

c) Comparison with human experts: To quantify how
close AccelOpt comes to expert-level results, we tracked
its progress on two kernels with human-optimized reference
versions. (1) Mamba. The NKI tutorial [5] provides three
progressively faster human versions, reaching 28.4%, 30.1%,
and 52.7% of peak throughput. Starting from the same baseline
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Fig. 1. AccelOpt uses beam search to explore the Trainium kernel optimization space through iterative generation of new kernels based on old ones, while
retaining top-performing candidate kernels for consideration. When generating new kernels in each iteration, AccelOpt employs a three-component agentic
workflow—planner, executor, and summarizer—that mimics how human experts approach the problem. Profiles of the generated kernels are obtained through a
distributed profiling service and subsequently used to curate an optimization memory. This memory stores a selection of past exploration experiences, including
key code changes that resulted in slow-to-fast kernel transformations, along with LLM-generated summaries of general optimization insights. The optimization
memory then serves to inspire new optimization strategies in future iterations.

Fig. 2. Compare AccelOpt using open-source LLMs with repeated sampling
of Claude Sonnet 4 on Trainium 1 and 2.

(28.4% of peak), AccelOpt autonomously improved the kernel
to 54.6% of peak, which is 1.04× the best expert result
(52.7%). Moreover, the generated kernel used a different loop
order than the best human. (2) RoPE. The initial RoPE kernel
was adopted from nki-samples [4], which provides one version
of RoPE (21.1% of peak). Starting from this version, AccelOpt
improved performance to 29.6% of peak, a 1.4× speedup over
the human reference.

d) Educational Impact: In Stanford CS149 Fall 2025, a
graduate-level parallel computing course, we used AccelOpt
to optimize a Conv2D kernel outside of NKIBench and
achieved 48.8% of peak throughput starting from last year’s
reference implementation (9.54%). Based on the optimization
proposed by AccelOpt, we designed an extra credit problem.

Fig. 3. Geometric mean of best speedup achieved up to a certain iteration
across all tasks obtained through repeated sampling, beam search, and beam
search + optimization memory. B is the number of candidates, and N is the
number of plans for each candidate.

33.6% of 131 teams of students successfully conquered the
challenge. Throughout the process, the students learned two
principles: (1) transforming sequential temporal iteration to
parallel spatial execution, and (2) specialization for workload
under hardware constraints. This example underscores the
generality of AccelOpt beyond NKIBench and highlights the
educational impact of LLM-assisted kernel optimization.

Together, these results demonstrate that AccelOpt can ex-
ceed expert-level performance. This stems from AccelOpt’s
scalability: human experts optimize a handful of kernels se-
quentially, while AccelOpt can explore many in parallel.
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V. CONCLUSION

This paper presents AccelOpt, the first self-improving LLM
agentic system for kernel optimization on emerging AI ac-
celerators that combines search with memory accumulation.
We demonstrate that combining inference-time scaling with
optimization memory enables LLM agents to autonomously
optimize real-world Trainium kernels in NKIBench, our cu-
rated benchmark suite, without requiring expert optimization
knowledge. Through systematic ablation studies, we confirm
the effectiveness of beam search and optimization memory
in obtaining high-performing kernels with improved cost effi-
ciency. We also find that open-source models achieve higher
cost efficiency than leading proprietary coding models for this
task. Overall, AccelOpt and NKIBench provide a promising
foundation for automated kernel optimization on emerging AI
accelerators.
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