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ABSTRACT
Optimizing CUDA code across multiple generations of GPU architectures is challenging, as achieving peak
performance requires an extensive exploration of an increasingly complex, hardware-specific optimization space.
Traditional compilers are constrained by fixed heuristics, whereas finetuning Large Language Models (LLMs) can
be expensive. However, agentic workflows for CUDA code optimization have limited ability to aggregate knowl-
edge from prior exploration, leading to biased sampling and suboptimal solutions. We propose KERNELBLASTER,
a Memory-Augmented In-context Reinforcement Learning (MAIC-RL) framework designed to improve CUDA
optimization search capabilities of LLM-based GPU coding agents. KERNELBLASTER enables agents to learn
from experience and make systematically informed decisions on future tasks by accumulating knowledge into a
retrievable Persistent CUDA Knowledge Base. We propose a novel profile-guided, textual-gradient-based agentic
flow for CUDA generation and optimization to achieve high performance across generations of GPU architec-
tures. KERNELBLASTER guides LLM agents to systematically explore high-potential optimization strategies
beyond naive rewrites. Compared to the PyTorch baseline, our method achieves geometric mean speedups of
1.43x, 2.50%, and 1.50x on KernelBench Levels 1, 2, and 3, respectively. We release KERNELBLASTER as
an open-source agentic framework, accompanied by a test harness, verification components, and a reproducible

evaluation pipeline®.

1 INTRODUCTION

As machine learning workloads evolve, emerging model
architectures and increasingly dynamic workloads intro-
duce new execution patterns that invalidate previously tuned
kernels, posing new challenges to existing software stacks
(Sevilla et al., 2022). To sustain high performance under
this shifting landscape, systems must continually adapt their
optimization strategies. Achieving state-of-the-art efficiency
increasingly depends on maintaining and extending special-
ized kernel libraries tuned for new operator patterns and
hardware targets. This process has traditionally required
substantial engineering effort and deep domain expertise.
As frontier models rapidly evolve, this optimization pro-
cess becomes a scalability bottleneck, preventing full usage
of emerging hardware capabilities and limiting achievable
performance(Sevilla et al., 2022).

The rapid evolution of hardware exposes the limitations
of manual kernel implementation tuning. One example is
FlashAttention: when FlashAttention-2 (Dao, 2023) was ini-
tially ported to NVIDIA’s H100 GPUs (NVIDIA, 2022), per-
formance dropped by roughly 47%, reflecting mismatches
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between prior optimizations and the new architecture. Only
after a redesign effort did FlashAttention-3 (Shah et al.,
2024) introduce architecture-aware optimizations that re-
covered and exceeded prior efficiency. Another example
is DeepSeek-V3, which particularly targets NVIDIA H800
GPUs (NVIDIA, 2023), with training pipelines and com-
munication schedules designed around that platform’s exe-
cution model, including FP8 computation and cluster-level
data movement (DeepSeek-Al, 2025). These optimizations
assume specific hardware characteristics and cluster topol-
ogy, and transferring them to other GPU variants requires
them to be redesigned. As hardware and workload charac-
teristics evolve, platform-specific tuning can quickly lose
relevance, motivating optimization approaches that adapt
across hardware generations instead of relying on fixed,
device-specific engineering.

This manual optimization pipeline increasingly becomes a
scalability bottleneck, limiting how quickly software can
exploit new hardware capabilities and pushing against prac-
tical performance ceilings. As a consequence, a research
domain has recently emerged to investigate LLMs’ capabili-
ties for GPU code generation and optimization (Gim et al.,
2025; Lin et al., 2025; Sharma, 2025; Baronio et al., 2025a;
Cummins et al., 2025; Damani et al., 2024; Taneja et al.,



2025). Initial studies have highlighted the potential for using
LLMs to enhance GPU program performance (Peng et al.,
2025; Gong et al., 2025; Lange et al., 2025). However, there
remain substantial opportunities to improve generalizabil-
ity, learning capability, sample efficiency, and cost when
applying LLMs code optimization.

We present KERNELBLASTER, a novel Memory-
Augmented In-context Reinforcement Learning (MAIC-
RL) framework designed to automate the task of CUDA
code optimization. KERNELBLASTER leverages ICRL
techniques to build a Persistent CUDA Knowledge Base
(“Knowledge Base”) to allow LLM agents to learn and ap-
ply code-optimization policies from experience. Figure 1
shows the high-level agentic system.

Our primary contributions are:

1. In-Context Reinforcement Learning (ICRL) Frame-
work for CUDA Optimizations: We formulate the
CUDA code optimization problem as a reinforcement
learning problem with textual gradient updates, cap-
turing rich semantic information from profile data and
enabling inference-time learning, enabling faster and
more directed learning compared to prior RL method-
ologies that directly update model weights.

2. A Comprehensive Knowledge Base: We aggregate ex-
perience from past optimization attempts into a Knowl-
edge Base data structure, enabling efficient traversal of
optimization candidates compared to prior static solu-
tions. We propose a novel hierarchical representation
that categorizes code instances into performance states,
resulting in a scalable representation that efficiently
utilizes model context.

3. A Framework for Long-Term Cross-Task Learn-
ing: KERNELBLASTER simultaneously generates opti-
mized kernels while also aggregating knowledge across
problems, generating a re-usable artifact that enables
faster convergence on new problems and GPU hard-
ware platforms. This artifact is designed for adapt-
ability and can be specialized for distinct application
domains and specific GPU architectures (e.g., NVIDIA
Ampere vs. Hopper), enabling the agent to apply accu-
mulated experience effectively to future unseen prob-
lems.

4. An Open-Source Textual RL Framework: We will
release an open-source implementation of our textu-
ral RL agentic workflow, including baseline CUDA
kernels, initialized databases, and test harnesses."

Our experiments show that KERNELBLASTER guides LLM
agents to systematically explore high-potential optimization
strategies beyond naive rewrites across architectures, result-
ing in a geometric mean performance speedup of 1.43x

YThe repository will be released in a subsequent revision.
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Figure 1. High-level block diagram of the KERNELBLASTER
agentic workflow.

over the PyTorch baseline on KernelBench Level 1, 2.50x
on complex operator compositions in KernelBench Level 2
and 2.50x when accelerating entire models in KernelBench
Level 3.

2 RELATED WORK

Existing agentic systems for CUDA optimization can be
broadly categorized into training-based methods, static
prompt engineering approaches, search-based frameworks,
memory-augmented systems, and in-context reinforcement
learning techniques. While these approaches have demon-
strated the potential of LLM-driven kernel optimization,
they vary significantly in adaptability, sample efficiency,
cost range, and cross-task generalization.

Training-Based Solutions: The mainstream solution of
specializing LLMs for CUDA optimization is via retraining
or fine-tuning the models themselves. Examples include the
Kevin32B Multi-Turn RL solution for kernel generation (Ba-
ronio et al., 2025b), which uses an iterative feedback loop to
generate kernels, calculates a reward, and then uses learned
experience and feedback to train the model. Works such as
CUDA-L1 extend upon RL training methods by also storing
and retrieving a record of past solutions (Li et al., 2025).
While these are promising approaches that learn from ex-
perience and do not require manual prompt engineering,
training a model is often an expensive task and potentially
impossible in the case of closed-weight models.

Static Prompt Engineering Solutions: Early agentic sys-
tems for CUDA optimization rely on fixed prompts aug-
mented with manually engineered heuristics. These ap-
proaches require substantial effort and domain expertise
to construct effective prompts (Opsahl-Ong et al., 2024;
Damani et al., 2024). While they demonstrate that LLMs
can assist in code optimization, their primary limitation
is the inability to learn from experience. The prompt re-
mains unchanged regardless of prior outcomes, often lead-
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Figure 2. Taxonomy of Agentic Flows for LLM-Driven Code Optimization.

ing agents to repeat similar transformations and converge to
locally optimal but globally suboptimal solutions (Ouyang
et al., 2025b). Moreover, adapting to new GPU architectures
or specialized domains frequently necessitates additional
manual prompt design, particularly in low-resource settings
where optimization heuristics are difficult to generalize.

Several systems industrialize this idea via explicit multi-
agent workflows. CudaForge, for instance, pairs a Coder
and a Judge agent and uses hardware feedback (e.g., pro-
filer metrics) to guide iterative refinement (Zhang et al.,
2025). However, the overall optimization behavior is still
largely dictated by an engineered workflow specification
rather than an experience-driven policy that improves across
tasks, which constrains adaptability as kernels, domains, and
architectures shift. Finally, systems such as KernelFalcon
operate over higher-level kernel languages (e.g., Triton) to
preserve framework semantics while generating optimized
kernels (Wang et al., 2025b). Although these methods ben-
efit from higher-level abstractions and toolchains, but that
abstraction can limit the degree of low-level control and
fine-grained hardware visibility in low-level CUDA opti-
mization. Besides, they depend on compiler infrastructures,
which limit the adaptivity to other systems.

Search-Based Solutions: More recent systems move be-
yond static prompting toward dynamic, search-driven opti-
mization. Search-based systems generate candidate kernel
variants and leverage iterative sampling and evaluation to
select high-performing variants within a single optimization
task (Chen et al., 2025). Beam search techniques improve
the search efficiency relative to exhaustive enumeration by
pruning weak trajectories (Hong et al., 2025). These sys-
tems enhance agents’ exploration efficiency by performing
a broader search than relying on a fixed heuristic.

Despite these advances, the primary limitation of search-
based methods is that optimization remains largely kernel-
local: each new kernel triggers a fresh, resource-intensive
search, and the system typically does not retain or reuse
lessons learned from prior kernels (Chen et al., 2025). In
practice, many search procedures require extensive sampling

to discover high-performing variants (Hong et al., 2025).
Because they do not track long-term memory (each kernel
optimization is treated independently), the agent must redis-
cover effective strategies for every new task from a default
initial state (Chen et al., 2025). This results in excessive
samples required to rediscover high-performing strategies,
and limits optimization decisions to those originally enu-
merated in the search space.

Iterative Refinement on Prompting Policy: Prompt-
policy refinement treats prompts as mutable parameters and
improves them using downstream metrics without weight
updates. MIPRO optimizes free-form instructions and few-
shot demonstrations across multi-stage language-model pro-
grams under a black-box objective (no module-level labels
or gradients), and reports accuracy gains up to 13% over
baselines on several programs (Opsahl-Ong et al., 2024).
GEPA extends this direction with reflective prompt evolu-
tion and Pareto-based selection: it analyzes rollout traces,
proposes and tests prompt mutations, and achieves large
quality gains with far fewer rollouts than weight-space RL,
including reported benefits as an inference-time search strat-
egy for code optimization (Agrawal et al., 2025). These
optimizers reduce manual prompt engineering, but they typ-
ically require re-optimization when the task distribution,
tools, or constraints (e.g., new hardware targets) change.

Compared to training-based and search-based solutions,
which require significant samples for updating weights,
directly updating prompts is significantly more sample-
efficient. However, the benefits of GEPA mainly apply
to a single task being optimized; although such systems can
refine a particular prompt, this process needs to be repeated
from scratch for new tasks, limiting generalization from a
single training run. In particular, this limitation is due to
storing knowledge directly in a series of prompt candidates.
This prevents additional knowledge that can be used for fur-
ther prompt refinement, which is not directly usable during
task execution.



Memory-Augmented Solutions: A more sophisticated performing elites, negative outcomes (e.g., slowdowns) may
line of work incorporates long-term memory to learn from be less systematically represented than they could be for
experience across multiple tasks to guide future decisionkarning robust optimization principles. Finally, retrieval
The Al CUDA Engineer implemented this idea in a stagedpolicies are commonly driven by stored metadata or sim-
pipeline to archive correctness-veri ed kernels and perforilarity signals, which can miss opportunities to transfer
mance data to seed embedding-based retrieval (Lange et digttleneck-level insights across kernels whose surface forms
2025). KernelEvolve maintains a hierarchical knowledgediffer.

base of past kernels with runtime-conditioned search (Lia

etal., 2025). While these methods support broad exploration and strategy

diversity, their cost scales with evaluator throughput and
While these methods represent a signi cant step forwardthe robustness of correctness and performance measurement
their effectiveness depends on what is retained and how render noisy runtime conditions. Another recent work, Evo-
trieval is targeted. Most work leverages explicit knowledgeEngineer, partitions its memory into solution techniques and
distillation. For example, Al CUDA Engineer's released population management to handle performant and under-
archive focuses on veri ed kernels and uses embeddingerforming approaches (Guo et al., 2025). However, this
based retrieval to select in-context exemplars, while Kerapproach does not manage long-term memory; instead man-
nelEvolve explicitly uses runtime-conditioned retrieval andaging per-problem data structures, which do not exploit

a structured knowledge-base hierarchy to avoid irrelevantross-problem learning.

context and preserve context-window ef ciency (Lange
et al., 2025; Liao et al., 2025). More generally, many

memory-augmented approaches siill rely on the LLM toni cant milestone in enabling learning in agentic systems

Lr;ferttra?_sf?rable O?.t'm'zf‘t'or_‘ prmmpletifrom ret'grlevefdhar-is to model updates to prompts as approximations of gra-
acts at interence time, leaving open the question ot NOWy;q i i1y 5 textual/semantic space. Instead of applying gra-
to represent and retrieve bottleneck-level knowledge th

X a(!ﬁents during backpropagation to model weights, semantic
transfers across kernels whose surface structure differs. feedback can be propagated back to system prompts using
natural language, approximating numerical gradients. This
Evolutionary Algorithms. Evolutionary coding agents concept, introduced by TextGrad (Yao et al., 2024), enables
maintain a population of candidate programs and iterativel\signi cantly faster traversal over the parameter space, as
improve them using LLM-driven variation operators and natural language feedback contains far denser feedback sig-
evaluator feedback (tests, metrics, or veri ers). Comparechals compared to numerical updates. However, TextGrad
to memory-based solutions that explicitly store learnings inhas not been applied to code optimization domains, which
a separate data structure, evolutionary approaches implicitlsequire nuanced hardware-aware feedback. Furthermore,
store a past history by curating a population of candidatalthough TextGrad provides a method for textual gradient
solutions. AlphaEvolve implements this pattern with anapproximation, it leaves the methodologies of building agen-
explicit evolutionary loop: sampled “parent” programs andtic learning systems that utilize this methodology as an open
inspirations are drawn from a program database to build rictproblem (Yao et al., 2024).
prompts; proposed code differences are evaluated by task-
speci ¢ evaluators; and.pro_mlsm_g s_olut|ons are added .baClI(n—Context Reinforcement Learning (ICRL): As agen-
into the database to drive iterative improvement (Novikov,. .
et al., 2025). CodeEvolve provides an open-source reaﬁ'—c systems evolved beyond static prompts and search-based

ization of this design space, coupling an islands-based gén_ethodolongs, solutions diverged into memory-augmented

netic algorithm with modular LLM orchestration and selec-methOdS and learning-based methods. However, both meth-

tion guided by execution feedback and task-specic met-OdS are limited by their drawbacks: memory-augmented

rics (Assumpao et al., 2025). OpenEvolve extends MAP_methods reach scalability bottlenecks, and prior learning-

Elites-style quality-diversity evolution with an explicit pro- based approaches specialize in particular problems rather
yieq Y y plcttp than cross-task learning. This paper introduces the emerging

gram database and an artifact side-channel that pr(_)pagat%?d of ICRL to CUDA code optimization. ICRL addresses
?ﬁese bottlenecks by enabling reinforcement learning at in-
Ference time: the agent conditions on past interactions (i.e.,
a latent space of states, actions, and rewards) and adapts its
Storing full code artifacts (e.g., OpenEvolve-style programbehavior without changing any model parameters. All adap-
archives) can incur nontrivial storage overhead and intation happens in the forward pass by reasoning over the
ate the amount of context needed to condition generatiorprovided history, treating the recent transcript as working
(Sharma, 2025; Lange et al., 2025). Moreover, becausmemory to infer the task and perform exploration, credit
these systems often emphasize retaining and sampling higassignment, and policy improvement purely through context
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ducing repeated failure modes during exploration (Sharm
2025).



processing (Monea et al., 2025). Mechanically, the contextesenting the performance signature of a given CUDA kernel
is a structured log ofs;; a;; rt) tuples, goals, and episode (e.g., memory-bound, compute-bound, etc.); Time, repre-
rollouts. The agent parses this history to (i) infer task strucsenting the progression of optimization attempts; and Task,
ture and reward-relevant features, (ii) balance exploratiomepresenting distinct and unrelated optimization problems.

versus exploitation, and_ (il att_rlbute _credlt t.)y connectlngAS the agent undertakes a series of tasks (Task 0 through
delayed rewards to earlier choices. Lightweight tools suc - LT . .
ask N), it generates optimization trajectories, or past roll-

as tables’ advgntgge summaries, natur.a!-languag_e_ranor_malga,[s’ on the State-Time plane for each task. Each point on
and rolling statistics can make this explicit, synergizing with

policy iteration in context (Brooks et al., 2023; Demircan thes_e trajectories corresponds to an opymlzat.lqn attempt
etal., 2024: Wang et al., 2025a) and its measured actual performance. This empirical data is

continuously distilled and integrated into the central Knowl-

edge Base, represented by the upward arrows.

3 METHODOLOGY .
The Knowledge Base, acting as the agent's long-term mem-

To address the limitations mentioned above in section Zry and policy, aggregates the learned knowledge. When
KERNELBLASTER leverages ICRL, combining the bene ts faced with a new, unseen task, the agent queries the Knowl-
of dynamic search and learning from experience withoutedge Base (downward arrow) to generate future rollouts.
requiring model training. KERNELBLASTER learns from These future attempts are guided by predicted performance
both successes and failures across different optimizatiomalues derived from accumulated experience across past
problems and can discover both individual optimizationstasks. This process illustrates the system's core capability:
and implicitly encode probabilistic sequences of optimizait does not solve each problem in isolation but learns gener-
tions via sequences of state transitions. Additionally, wealizable optimization principles that allow it to make more
propose a compact, domain-speci ¢ long-term memory datanformed, ef cient decisions on future, unseen problems.
structure to store, update, and retrieve distilled knowledge

accumulated from previous attempts. KERNELBLASTER'

ability to consolidate learnings across multiple optimization

attempts enables more ef cient GPU resource utilization

and faster code execution compared to conventional GPU

code optimization systems.

Figure 4. Knowledge Base Construction.

Our agentic work ow, shown in Figure 6, consists of the
following components.

« A Persistent CUDA Knowledge Base that stores entries
of the form hstate; hoptimization; scoreii.

* An LLM-powered State Extractor that derives a perfor-
mance signature from runtime pro ling information.

« A State Selector that retrieves relevant
(state; optimization) pairs from the Knowledge
Base.

« An Optimization Selector that identi es candidate
transformations and performs a weighted search to
select the top-k optimizations for sampling.

» A Lowering Agent that implements and validates the
Figure 3. Conceptual Model of Memory-Augmented In-context selected optimization.

Reinforcement Learning (MAIC-RL) Across Tasks and Time. « A Policy Evaluation module that analyzes the perfor-

mance of the generated code and updates the Knowl-

Figure 3 provides a conceptual visualization of how KER- edge Base accordingly.

NELBLASTER accumulates experience and generalizes
knowledge across different optimization tasks over timeFor each new task, we rst extract program state from the
The framework operates across three dimensions: State, reépput program code based on performance characteristics.
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ters, we instead treat the prompt to an LLM-agent as our
mutable model parameters, In this case, is a Knowl-
edge Base consisting of a set of performance optimization
strategies coupled with their expected performance gains.
We propose a novel approach in which, instead of directly
back-propagating the loss function through the policy to
compute the gradient, we use an LLM agent to reason about
the policy's performance discrepancy on new samples.

We approximate the policy gradient with two agems)i-
cyEvaluation andPerfGapAnalysis , as depicted
in Figure 6. After we collect new samples (consisting of
tuples of optimized code, optimization actions, and pro I-
ing metrics) into a replay buffeRolicyEvaluation
compares the achieved performance of optimizations com-
pared to their expected behavior, and summarizes the key
differences in natural languageerfGapAnalysis  then
reasons about why the performance results differ and what
Figure 5. A sample of the Knowledge Base data structure, Specmﬁssumptions were incorrect. Next, we approximate policy
ing discovered states. update by integrating these changes into the Knowledge
Base, using another ageRarameterUpdate . Figure 6
shows this process in greater detail.

We provide an example of states within the Knowledge Bas&ssentially, by leveraging LLM agents, we can extract dense
in Figure 5. Next, the state-matcher analyzes the perfoperformance information in natural language and perform
mance and code signatures of a kernel and classi es it asigni cant analysis during each gradient approximation up-
a known or discovered state; this comparison uses the pefate. The reward, for a sample will include both high-
formance information for every executed kernels from theleye| performance gains, as well as low-level performance
“Details” section of an Nsight Compute (NCU) report, and breakdowns from GPU pro ling tooling. Furthermore, by
compares it against the previously documented primary anthtegrating a reinforcement-learning-based approach, we
secondary bottlenecks of the selected performance state. éhsure that subsequent optimizations are informed by real

itis a discovered state, the agent appends the new state §¢o ling metrics rather than the priors used to generate the
the Knowledge Base. Otherwise, it uses the state as thgitial prompt, o.

key to retrieve a set of candidate optimizations from the
Knowledge Base. If no optimizations exist yet, it proposes,
and adds a new set of candidate optimizations to the state
in the Knowledge Base. From the set of candidate optimizaa/e evaluate four representative optimization systems: Our
tions, the optimization selection agent performs a randonk erNELBLASTER, the Al CUDA Engineer, Kernelsseum
weighted selection based on predicted performance gaiuyang et al., 2024), and the IREE compiler (IREE, 2019)
from the Knowledge Base to select the top-k optimizationsacross diverse GPU architectures and benchmark levels. The
The random search ensures that the agent does not always gerall con guration, including used models, hardware tar-
lect the best past performer and explores new optimizationgets, datasets, initialization methods, and evaluation metrics,
Next, we iteratively explore each of the chosen optimizais summarized in Table 2. The comparison of compiler-
tions by applying them to the initial program and testing andand agent-driven optimization pipelines is under equivalent
pro ling to ensure correctness and performance. Furtherexecution and pro ling conditions.

more, this process implicitly discovers successful sequences

of optimizations, as different optimization candidates are4 1  Evaluation Setup

discovered as the program instances traverse performance

states. Finally, we update the Knowledge Base with thdVe evaluate KERNELBLASTER against a suite of represen-

performance feedback of the optimized kernel. tative optimization systems, including compiler and agent-
based solutions, across diverse GPU architectures and bench-

Our ICRL algorithm is depicted in Algorithm 2. Our ap- mark Jevels. To ensure a fair comparison, we provide a table
proach adapts Algorithm 1. REINFORCE (Williams, 1992), yyith a comprehensive summary of the evaluation con gura-

a foundational policy-gradient approach in reinforcementjon provided in Table 2. For our results and IREE, we use

learning, to in-context learning. Fundamentally, insteade sym of elapsed cycles of all kernels using the NCU pro-
of applying a policy gradient to a set of model parame-
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Figure 6. Architectural Diagram of KERNELBLASTER. The sub-diagram on the left demonstrates the outer loop of the ICRL Rrocess:
denotes the optimizations generated by the KERNELBLASTER's MAIC-RL poficdenotes unoptimized code priorde, andsi1
represents the optimized code afteiis applied to stats;. The sub-diagram on the right demonstrates the inner loop of KERNELBLASTER,
which runs a single optimization rollout.

Algorithm 1. REINFORCE Algorithm 2. LLM-Based Policy Opt. via Strategy-Guided Rollouts

1: Input: Initial policy params g, env. E, policy 1: Input: Initial Knowledge Base o, env. E, LLM policy

2: Initialize replay bufferD ; 2: Initialize replay bufferD

3: foriterationk = 0;1;2;:::do 3: foriterationk = 0;1;2;:::do

4. Sample initial stateds E 4: Sample code tasks E . Initial code
5 Initialize trajectory ] 5 Initialize rollout trajectory  []

6: S So 6: S So

7 forstept=0to T do 7 forstept=0to T do

8: Sample action a (@t jst) 8: Generate optimized code a , (at j St)

9: Append (s; a;) to trajectory 9: Append (s; a;) to trajectory
10: Sets+1  EnvStep(s +;at) 10: Setsi  a ¢ . Set new code as state
11: Setr = R(S¢;at) 11: Setrh = R(S t+1 ) . Pro le-based reward
12: end for =3 12: end for
13: Evaluate returnR() =,y 13: Evaluate total reward R( )
14: Store ( ; R()) in buffer D 14: Store (; R()) in buffer D
15: Estimate pollcy g,radlenF3 15: ok PolicyEvaluation(D; k)
16: r J( «) ij (R) I log (atjs)R() 16: p« PerfGapAnalysis(g k)
17:  Update policy: k1 k+r  J(«) 17f k1 ParameterUpdate( i Pi)
18: end for 18: end for

ler for both optimized kernels and the PyTorch baselinesestablished baselines, including the original PyTorch imple-
For Al CUDA Engineer, we use the test harness providednentation and related work. We de ned Valid Rate as the
with the released kernels, which uses application-level timpercentage of optimization problems that successfully pass
ing for both optimized kernels and PyTorch. Our method isboth functionality and LLM-based soft veri cation checks.
compared against several baselines: PyTorch's default eagBaseline (1.0x) is measured as the best performance among
execution modetorch.compile , a JIT compiler inte- PyTorch Eager antbrch.compile . To provide a holis-
grated into PyTorch (PyTorch Team, 2025); the IREE MLtic view of performance improvements, the mean speedup
compiler (IREE, 2019); The primary agentic comparison isacross all successful runs is reported with baseline (1.0x)
against the Al CUDA Engineer, a state-of-the-art solutionmeasured as the best performance among PyTorch Eager
in CUDA code generation. and torch.compile.

Given that comparison groups may generate the same num-
ber of correct kernels at different rates, inducing different
The target metrics include kernel performance and systerystem costs. We evaluate tfast, metric to characterize
performance. The ef cacy of each optimization system isthe distribution of high-impact optimizationfast, is de-
assessed using a comprehensive set of metrics that captuf€d the percentage of kernels that are at leatsnes faster

both the performance of the generated code and the efthan the baseline withik attempts (Ouyang et al., 2024),
Ciency of the optimization process. Code performance |§VhICh de nes as the fraction of tasks that both produce cor-
the primary focus, quanti ed by the speedup achieved overect outputs and achieve a speedup—de ned as the ratio of

4.2 Evaluation Metrics
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Table 1. Comparison of Classical Policy Gradient and the IN15,,nches KERNELBLASTER'S optimized CUDA implemen-

Context KERNELBLASTER Approach tation, which consists of one or more innovations to CUDA
Component In-Context KERNELBLASTER kernels. First, if compilation errors occur, the solution is
Analogue discarded, and the compilation feedback is returned to the

code-lowering agent. Second, we run the code without
pro ling and return the numerical veri cation. Incorrect
solutions are also re-attempted. Finally, we execute the
optimized code, using NCU to pro le kernels used in the
optimized code. NCU results, including elapsed cycles and

Policy ( (atjst)) An LLM agent () that, given
states;, generates a distribution
of optimized coded;) based on
its context ().

State (s) The unoptimized code prior to ap- a pro led report of kernels' detailed characteristics (e.g.,
plying an optimization. memory- vs. compute-dominated behavior and major stall
Action (a;) The optimizations generated by Sources). Allinstances of kernels are pro led and indepen-
LLM. dently reported to the agent in the order they were executed,
o ) to account for cases where the same kernel is used multiple
Next State (S+1 ) The optimized code after action {jpes during program execution.

a; is applied to state;s

Reward (R) The reward is a function of the 4.4 Validation Harness

discrepancy between predicted _. _— .
performance and actual perfor- Given the emergent challenge. of reward hacking in agentic
mance, where actual performance §yst¢ms, a _strong emphasis is placed on Correctne_ss Ver-
is measured from running the - i ca_t|on. This phenomeppn, where an Al agent achleves
nal generated code on the GPU. a high _reward_by exploiting unintended Iqophole_s in the
evaluation environment rather than by solving the intended
Parameters () The natural language context (the task, poses a signi cant threat to the validity of automated
Knowledge Base) that guides the gptimization. As reported by Al CUDA Engineer (Lange
LLM. et al., 2025), which was found to achieve illusory speedups
Gradient Calculation An LLM summarizes the effec- DY exploiting a memory bug in the evaluation code to bypass
tiveness of different optimizations Correctness checks. To guard against such failure modes,
from a replay buffer by calculat- 9enerated code is numerically validated against the origi-
ing the discrepancy. Another ~ Nal PyTorch implementation. Additionally, we employ an
LLM agent then generates the per- LLM-based soft-veri cation pass that validates the structure

formance gap analysisy p of the nal kernel against the initial KernelBench PyTorch
i _ implementation. Critically, this detects scenarios where the
Gradient Update An LLM rewrites the context doc- o qimization agent eliminates functionality from the original
ument () based on the summary e, |eading to incorrect speedups. Additionally, to pre-
to favor better strategies. vent shortcut behaviors such as calling optimized external

libraries, our soft-veri cation agent ensures that generated

_ _ ~ kernels only use native CUDA functionality.
PyTorch wall-clock time to generated kernel time-exceeding

a threshold p: 4.5 Comparison against PyTorch
Our primary baseline is a comparison against a PyTorch
fast, = N 1(correct " fspeedup > pg); baseline, running the original KernelBench baseline code.
=1 As described in Section 4.2, we use flast, metrics to

System performance is also evaluated using cost, measurg&monstrate what percentage of kernel_s improve by the de-
in the total number of tokens consumed to optimize theS|red performance target over our baseline. On both Level 1

kernel. In our evaluation, we compare the tokens consumefind Level 2 benchmarks, over 50% of optimized solutions

by KERNELBLASTER'S MAIC-RL agent compared to a improve upon the best-performing result between native
baseline minimal agentic iteration loop Eager PyTorch and PyTorch Compile. This effect is particu-

larly pronounced in Level-2 benchmarks, as seen in Figure 8.
The reason we observe more signi cant bene ts for Level 2
code is that these kernels typically have multiple composed
To evaluate our implemented kernels, we use a C++ baseaperators, providing a larger search space for optimizations
test harness, which includes driver code and a referendfat the agentic ow can exploit. In comparison, Level 1
Torch implementation of the kernel. The driver also kernels are much simpler, limiting the scope of optimization
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4.3 Execution Harness






