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Abstract—As high-performance computing and AI workloads
become increasingly dependent on GPUs, maintaining high
performance across rapidly evolving hardware generations has
become a major challenge. Developers often spend months
tuning scientific applications to fully exploit new architectures,
navigating a complex optimization space that spans algorithm
design, source implementation, compiler flags and pass sequences,
and kernel launch parameters. Existing approaches can effec-
tively search parts of this space in isolation, such as launch
configurations or compiler settings, but optimizing across the
full space still requires substantial human expertise and iterative
manual effort. In this paper, we present Record-Remix-Replay
(R?), a hierarchical optimization framework that combines LLM-
driven evolutionary search, Bayesian optimization, and record-
replay compilation techniques to efficiently explore GPU kernel
optimizations from source-level implementation choices down to
compiler pass ordering and runtime configuration. By making
candidate evaluation fast and scalable, our approach enables
practical end-to-end search over optimization dimensions that are
typically treated separately. We show that Record-Remix-Replay
can optimize full scientific applications better than traditional
approaches over kernel parameters and compiler flags, while
also being nearly an order of magnitude faster than modern
evolutionary search approaches.

I. INTRODUCTION

GPUs power much of today’s high-performance computing
and large-scale Al workloads, and their efficiency increasingly
determines the cost, energy consumption, and time-to-solution
of scientific and industrial computing. Small improvements in
GPU utilization can translate into substantial savings at cluster
scale and enable higher-fidelity simulations or faster model
training. Yet finding these small improvements is notoriously
difficult: modern GPU software stacks expose a deep hierarchy
of optimization opportunities ranging from algorithm choices
and implementation to compiler optimizations and launch
parameters. Finding ideal kernels within this space is usually
an arduous and slow trial-and-error task left to computational
scientists and performance engineers.

Despite decades of progress in performance engineering and
auto-tuning, GPU optimization remains a critical bottleneck
in practice because existing methods address only parts of
the problem. Domain experts can reason about algorithmic
and implementation-level changes, while auto-tuners are ef-
fective over structured spaces such as launch parameters,
tiling choices, and selected compiler options. However, large

performance gains often require improvements that span these
layers simultaneously. As GPU systems become more im-
portant to scientific computing and Al, this fragmentation
becomes increasingly costly: it slows optimization cycles,
limits portability across architectures, and leaves substantial
performance untapped in expensive production workloads. A
method that can systematically optimize across the full vertical
stack of GPU kernel decisions would therefore be highly
valuable, both for improving application performance and for
reducing the manual expertise required to obtain it.

Optimizing across the entire range of GPU kernel design
decisions is difficult, however. Algorithmic structure, kernel
implementation, compiler decisions, and launch parameters
all shape the final execution behavior, and their effects are
strongly interdependent. Small source-level changes can alter
register pressure, memory access patterns, or synchronization
structure, which in turn change which compiler transfor-
mations are profitable and which launch configurations are
effective. This creates a search space that is large, hierarchical,
and non-separable: good choices at one layer depend on
choices made at the others. Consequently, approaches that
optimize only launch parameters, only compiler passes, or only
source rewrites leave substantial performance opportunities
unexplored.

At the same time, exploring this space is expensive be-
cause performance feedback is slow to obtain and difficult to
stabilize. For large GPU applications, evaluating a candidate
optimization often requires rerunning a substantial portion of
the application, often several times to account for measure-
ment noise. These long feedback cycles make broad search
impractical. They are especially problematic for methods that
require many evaluations, such as evolutionary optimization,
and for methods that generate diverse source variants, such as
LLM-based coding agents. Classical auto-tuners mitigate this
cost by restricting search to structured parameter spaces, but
that restriction also limits the kinds of transformations they
can discover. What is missing is a way to make evaluation
cheap enough to support rapid search while still covering the
full space of kernel optimizations.

Our paper introduces Record-Remix-Replay (R?) that com-
bines evolutionary optimization using large language models
(LLMs) with Bayesian optimization, enabling us to search
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optimal source code, launch configurations, and compiler
passes. To overcome the massive runtime requirement for
evaluating applications thousands of times, we utilize record-
replay techniques alongside several novel optimizations to
accelerate and scale GPU kernel optimization. We find that R3
is able to accelerate LLM-based evolutionary search by nearly
10x and tune GPU kernels to better speedups than existing
approaches. Using R® we are able to reduce the time spent in
compute in a large, production HPC application by over 28%.
Our paper makes the following important contributions:

« We introduce a novel approach combining LLM evolu-
tionary search and record-replay to rapidly explore an
optimization space including launch parameters, compiler
passes, and implementations/algorithms.

« We introduce novel improvements to existing record-
replay techniques to enable rapid replay of general CUDA
and HIP kernels.

« We introduce several novel optimizations to enable scal-
ing evolutionary optimization to hundreds of GPUs.

« We release our record-replay contributions in the open-
source framework Mneme (https://github.com/Olympus-
HPC/Mneme). R? is planned to be open-sourced in the
coming weeks.

o We conduct evaluations of our approach on several multi-
kernel scientific applications. R® is able to find a 28.4%
reduction in compute time in the QUDA scientific code.

II. BACKGROUND

This section presents background on auto-tuning, record-
replay compiler instrumentation techniques, and evolutionary
optimization powered by LLMs.

A. Auto-tuning

Auto-tuning refers to techniques that automatically search
for program configurations to optimize a given performance
objective, such as execution time, energy consumption, or
resource utilization. Rather than relying solely on manual per-
formance engineering, auto-tuners explore a space of possible
implementations or parameter settings that influence program
behavior. These parameters may include algorithmic variants,
compiler optimization flags, tiling factors, memory layouts, or
runtime launch parameters. Most auto-tuning systems operate
iteratively: in each iteration, the tuner generates a candidate
configuration, evaluates it by executing the program (or a
representative kernel), and uses the measured performance
as feedback to guide subsequent choices. The decision pro-
cess may be driven by strategies such as random search,
evolutionary algorithms, or model-based optimization meth-
ods. Through repeated evaluation and feedback, auto-tuning
progressively identifies configurations that improve the target
performance metric.

Many auto-tuning frameworks have been proposed for GPU
and HPC applications, including general-purpose systems such
as OpenTuner [1f], ActiveHarmony [2]], Kernel Launcher [3]],
and CLTune [4]. These frameworks differ in the parameters
they optimize and the search strategies they employ, but all rely

on iterative evaluation of candidate configurations. Because
each candidate typically requires executing the application/k-
ernel, the evaluation cost often becomes a dominant limitation.

B. Record-Replay

Record-and-replay decouples optimization evaluation from
full-application execution by recording a replay unit together
with the recorded execution context needed to reproduce it,
then replaying transformed variants in isolation. A replay-
based evaluation loop therefore consists of: (1) selecting a
replay unit, (2) capturing sufficient state to reconstruct its
execution, and (3) re-executing that unit repeatedly under
modified code, compiler settings, or runtime parameters. Its
key benefit is lower evaluation cost: replay avoids rerun-
ning unrelated application code, enables selective tuning of
hotspots, and exposes parallelism across replay instances.

Prior work instantiated this model at different granularities.
CERE [5[|-[7] uses CPU codelets as replay units, extracting
hotspot regions at LLVM IR level so they can be modified,
recompiled, and replayed independently from the original
program. To keep replay representative while reducing cost,
CERE captures the working set and cache state and selects
representative invocations. In contrast, Parasyris et al. [8] use
the GPU kernel invocation itself as the replay unit. Their
recorded execution context includes kernel launch arguments,
launch configuration, device memory state, relevant globals,
and the kernel image; replay reconstructs this state and
executes the kernel as a standalone artifact. Compared to
codelet replay, kernel replay is a more natural granularity for
GPU tuning because it aligns directly with the unit whose
compiler transformations and launch parameters determine
performance. Because replay instances are self-contained, they
can be tuned selectively, migrated to compatible systems, and
evaluated in parallel, substantially reducing optimization cost.

Our work builds on this replay-based evaluation model,
using GPU-kernel replay as the inner evaluation engine for
hierarchical search across source implementations, compiler
transformations, and launch configurations.

C. Evolutionary Optimization with LLMs

Evolutionary optimization has been a popular optimization
technique for many decades. Consider the task of finding some
a* that minimizes f(x). Evolutionary optimization creates
populations of candidate x values, evaluates each candidate
using f or a proxy fitness function, and then evolves the pop-
ulation to find the next candidate x values. How populations
are evolved can take many forms, but is most often based
on genetic evolutionary algorithms, where selection, mutation,
and/or crossover are used to remove bad candidates, explore
changing good candidates, and migrate candidates between
populations, respectively. This style of optimization has been
very successful at exploring diverse solutions to optimization
problems, particularly non-differentiable ones. We refer the
reader to [9] for a more complete discussion and background
on evolutionary algorithms.
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Fig. 1. Overview of MAP-Elites evolution as in AlphaEvolve/OpenEvolve.
@ Prompts are constructed from the MAP-Elites population database, (2) sent
to an LLM randomly selected from an ensemble of LLMs, and @ evaluated
by compiling and running the code. The population database is then updated
according to the MAP-Elites algorithm. Multiple parallel controllers execute
this loop concurrently to increase throughput.

Up until recently, evolutionary algorithms were only useful
for search spaces where mutation was clearly defined, that is,
where it is clear how to mutate the current population into the
next generation. For example, discrete and continuous spaces
are generally trivial to mutate; we can increment numbers,
negate them, flip bits, choose random subsets of discrete sets,
etc. But other search spaces that are expressed as structured
text, like algorithms and source code, are much harder to
mutate. We could alter, remove, and/or add new characters, but
most mutations would lead to invalid code and the evolutionary
search would never converge. However, the recent increase
in language modeling capabilities via LLMs has made it
possible to use evolutionary search over a text space. Recent
works like FunSearch [[10], AlphaEvolve [11], and ADRS [/12]]
have shown the impressive capabilities of these systems in
discovering new algorithms and systems optimizations.

Many of these works, like AlphaEvolve [11] and its popular
open-source reproduction OpenEvolve [13]], are based on the
MAP-Elites evolutionary algorithm [14]. Figure (1| presents
an overview of the MAP-Elites evolutionary algorithm pow-
ered by LLMs for code optimization. In the MAP-Elites
algorithm, members of the population are mapped to coor-
dinate cells in a cartesian grid based on “feature dimensions”,
i.e. each dimension of the grid corresponds to a feature of
solutions in the search space. Common feature dimensions
are complexity (e.g. lines of code) and diversity (e.g. hamming
distance from other samples). When a new solution is sampled,
it is evaluated and mapped to a coordinate cell based on its
features. If there is already a solution in that cell and it is
worse than the new one, we replace it. The solutions in each
coordinate cell are called “elites”. We keep mutating existing
samples, evaluating the mutations, and adding them back into

the grid until we reach a desirable convergence criterion.
MAP-Elites was first introduced to increase the diversity of
samples explored during evolutionary optimization.

Each island maintains its own MAP-Elites database in
which multiple parallel controllers concurrently execute the
sample, evaluate, and update cycle. When multiple islands
are used we employ migration to move data between them;
migration occurs regularly, e.g. every N iterations, and moves
samples between MAP-Elites databases. One popular migra-
tion implementation is to, whenever migration occurs, replace
the bottom half of samples in every island, with one of the
top samples from the other islands.

For GPU kernel optimization, the main limitation of this
approach is evaluation cost. Each iteration still requires com-
piling and running the candidate to measure correctness and
performance. For large GPU applications, where a single eval-
uation may require substantial hardware and long execution
times, this makes LLM-guided MAP-Elites prohibitively ex-
pensive. This evaluation bottleneck is precisely what motivates
our use of record-replay as the inner evaluation engine in R>.

III. RELATED WORK

In this section we present related work on auto-tuning,
record-replay, and evolutionary based GPU kernel optimiza-
tion methods. We focus solely on works used for GPU kernel
optimization as that is the target of our work.

Prior work in GPU kernel optimization typically targets
only one layer of the tuning stack (Table [[). Kernel parameter
auto-tuners (e.g. CLTune) focus on structured template choices
and launch configurations, and therefore achieve low-cost
kernel-scope evaluation [3]], [4], [15]. DSL auto-schedulers
(e.g. TVM) broaden the structured search space, but require
adoption of a DSL or specialized IR and still primarily
optimize at kernel or graph scope [16]—[20]. In contrast,
compiler auto-tuners (e.g. CompilerGym) search compiler
flags or phase orderings, while runtime and system tuners
(e.g. ActiveHarmony) tune execution or platform parameters;
these methods generally operate at application scope and incur
higher evaluation cost [1f], [2], [21]-[27].

Replay and JIT substrates (e.g. CERE) reduce evaluation
cost substantially by isolating codelets or kernels as replay
units, but they do not search unstructured source-level trans-
formations [6], [8]], [28]. Conversely, LLM-based evolutionary
systems (e.g. AlphaEvolve) or kernel optimization agents (e.g.
opt-rl) can explore unstructured rewrites, but typically rely
on full-application compilation and execution and therefore
remain expensive for large GPU applications [10], [11], [13],
[29], [30]. R? combines the strengths of these lines of work:
it uses an outer LLM/MAP-Elites loop to search unstructured
kernel rewrites, while an inner record-replay loop provides
low-cost evaluation and Bayesian optimization over compiler
and launch parameters. Quantitatively, our closest baselines
are OpenEvolve and Kernel RR-style BO.

IV. R3: RECORD-REMIX-REPLAY OVERVIEW

In this section we detail our proposed Record-Remix-Replay
(R®) framework. The framework combines LLM-powered



TABLE I
REPRESENTATIVE RELATED WORK IN GPU KERNEL AUTO-TUNING AND OPTIMIZATION. v' = FIRST-CLASS SUPPORT; © = TECHNICALLY POSSIBLE BUT
INDIRECT / NOT THE PRIMARY DESIGN POINT. EVALUATION COST IS QUALITATIVE AND REFLECTS THE TYPICAL INNER-LOOP TUNING COST: Low =
ISOLATED KERNEL / REPLAY / JIT EVALUATION, Med. = OPERATOR OR GRAPH-LEVEL TUNING, High = FULL-APPLICATION.

Source-level Compiler-level Runtime System Eval.

Work Unstrpct. DSL/ Flags/ Pass Launch  Env./ Requlr.ed Cost

rewrite template params order cfg. resources  Execution
KERNEL PARAMETER AUTO-TUNERS
CLTune; Kernel Tuner [4], [[15] v v o Kernel Low
Kernel Launcher [3] v v Kernel Low
DSL AUTO-SCHEDULERS
TVM / Ansor / MetaSchedule [[16]-[18]] v o v Kernel / Graph Med.
Halide autoschedulers [19] v v Kernel Low
Triton [20] v o o v Kernel Low
COMPILER AUTO-TUNERS
OpenTuner (e.g., GCC flags) [[1] v o App. High
MiCOMP; CompilerGym [21], [22]] v App. High
RUNTIME/SYSTEM TUNERS
ActiveHarmony; Apollo; Artemis [2], [23], [24] o v App. High
HiPerBOt; GPTune; Periscope [25]-[27]] v v App. High
REPLAY / JIT SUBSTRATES
CERE (codelets) [6] o v o v Replay Unit Low
Kernel RR [8]] o v Replay Unit Low
Proteus (LLVM-IR JIT) [28]] o v Kernel Low
LLM EVOLUTIONARY AGENTS
FunSearch; AlphaEvolve [10], [11] v o o o App. High
Record-Remix-Replay (this work) v v v v Replay Unit Low

MAP-Elites evolution to optimize the source code imple-
mentation of GPU kernels with record-replay and Bayesian
optimization (BO) to tune the launch configuration and com-
piler passes for kernel implementations. Figure 2] provides an
overview of the R® framework.

R3 decomposes kernel tuning into two levels to most
naturally fit the hierarchy of kernel tuning decisions: text-based
source level transformations and structured numeric search
over compiler passes and launch configurations. At the outer
level, we use MAP-Elites evolution to search over source-
level kernel implementations. At the inner level, for each
source candidate, we use BO + replay-based auto-tuning to
search over lower-level decisions such as compiler optimiza-
tion pipelines and launch parameters. This structure allows the
framework to explore algorithmic and implementation changes
without giving up the efficiency of structured auto-tuning
where it is most effective. Bayesian optimization has previ-
ously demonstrated strong success in searching over structured
kernel hyperparameters [8], but is not well suited towards
searching new source code implementations. Similarly, MAP-
Elites evolution could be used to guide LLMs to generate
launch configurations, but we experimentally find that standard
BO approaches are much more efficient and effective for this
task than LLMs.

The input to R? is an initial implementation of the target

kernel together with a set of recorded executions obtained
from representative application runs (see Section for
record-replay context). This implementation is what we will
be optimizing and becomes the initial MAP-Elites population
(step (0)). At each iteration of the algorithm, the current MAP-
Elites population is used to construct prompts that will be used
to prompt an LLM to generate optimizations (step (1)). These
prompts will contain a candidate kernel implementation that
needs to be optimized, historical good and bad examples from
the database, and necessary context about the current task, so
that the LLM knows to output an optimized kernel. Rather than
forming prompts arbitrarily, R® uses a prefix-aware prompt
sampler that increases reuse of static prompt prefixes across
generations. This reduces generation overhead and improves
throughput when many candidate mutations are produced over
the course of evolution.

Given a formatted prompt, the framework selects an LLM
from an ensemble of available models and uses the selected
model to propose a new kernel implementation (step (2)). The
model choice is runtime-aware: rather than assigning requests
uniformly, R® schedules generations based on estimated la-
tency and current device availability so that inference resources
remain well utilized. Once a model is selected it is used to
generate an optimized version of the kernel in its prompt.

The generated candidate kernel is then evaluated to deter-
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Fig. 2. Overview of our Record-Remix-Replay framework. @ First, the
prefix-aware prompt sampler is used to construct prompts that optimize prefix
cache hits. (2) An LLM is selected intelligently based on estimated generation
time to maximize GPU utilization and is used to optimize the GPU kernel. (3)
LLVM IR is generated for the optimized kernel and sent to the replay server,
which replays kernels and runs parallel Bayesian optimization to find the
best runtime across compiler passes and launch parameters. The population
database is then updated according to the MAP-Elites algorithm.

mine its correctness and efficiency (step (3)). Evaluation begins
by compiling the generated candidate to LLVM IR, which
serves as the interface between source-level evolution and
replay-based evaluation. We note that this itself is a significant
optimization over standard evolution where re-compilation can
be a huge bottleneck, particularly if any changed code is in a
header that many translation units depend on or if there are
many files that need to be linked. By getting the LLVM IR for
only the kernel of interest, we can drastically reduce compile
and linking time during evaluation.

The compiled LLVM IR for the candidate is then sent to
the replay server. The replay server reconstructs a previously
recorded kernel execution, lowers the candidate IR to an
executable kernel, and evaluates it in isolation from the full
application (Section [V] details the record-replay engine). That
is, we “replay” the GPU kernel as a standalone binary using
the same GPU state as in the full application execution. In R?
we replay kernels K times (e.g. 10x) to obtain statistically
significant performance results. When replaying/evaluating a
kernel implementation candidate, the server runs a parallel
Bayesian optimization (BO) search over compiler pass config-
urations and launch parameters to identify the best-performing
realization of that implementation. We discard any compilation
pipelines or launch configurations that lead to the kernel being
incorrect. By utilizing BO, source mutations are not judged by
a single arbitrary compiler setting or launch configuration, but
by the best configuration that can be found for that candidate.
The replay server returns the best found configuration, its
runtime, and the correctness of the kernel (Section has

more details on how R® checks correctness).

Finally, the measured performance and correctness results
are returned to the MAP-Elites controller and used to update
the population database. The resulting elites therefore repre-
sent source implementations paired with their correctness and
near best possible performance after tuning. This optimization
is run in a loop, repeating (1), (2), and (3) until some finishing
criteria is reached. R® supports three different stopping criteria:
maximum number of iterations, maximum wall clock time,
or after a set number of iterations with no improvement.
The above optimization loop runs for a single GPU kernel
and many instances of it are run in parallel for a code with
multiple GPU kernels. In this sense, R is embarrassingly
parallel as we can optimize each GPU kernel in parallel with
no synchronization or communication.

V. RECORD-REPLAY ENGINE

R? utilizes record-replay to rapidly increase the rate at
which candidate GPU kernels can be evaluated. While there
are previous record-replay systems, they lack important ca-
pabilities needed for use in tight evolutionary optimization.
Relative to prior replay systems, our engine contributes four
capabilities that are critical for our setting: 1) a persistent
replay server that amortizes replay initialization across many
evaluations, 2) direct, in-memory operation on recorded LLVM
IR through Proteus and LLVM APIs, enabling low-cost com-
piler and runtime transformations, and 3) correctness checking
that is conservative by default but configurable when numerical
equivalence rather than bitwise equality is desired. 4) the
ability to record and replay arbitrary CUDA and HIP kernels.
Together, these make replay practical for powering evaluation
for large-scale evolutionary optimization.

The engine follows the standard replay workflow of instru-
mentation, recording, and replay, but specializes each stage
for repeated kernel evaluation. Instrumentation prepares the
application so GPU kernels can be intercepted and preserved
as replay units. Recording selects as Replay Units the ex-
ecution context of representative kernel invocations. Replay
reconstructs that context, applies transformations, and evalu-
ates candidate implementations under alternative compiler and
launch settings.

A. Instrumentation and Recording

Instrumentation is implemented by extending the Proteus
JIT infrastructure [28]] to identify GPU kernels, extract each
kernel together with its transitive dependency closure as
LLVM IR, and embed the resulting IR in the application
binary. Kernel launches are redirected through the Proteus
runtime so they can later be intercepted and replayed. We
preserve kernels as LLVM IR because it is the representation
that both minimizes re-evaluation cost (by reducing compile
time) and enables transformation during replay (via LLVM
passes).

Recording is performed during representative application
runs through a preload library that intercepts kernel launches
and device memory operations. For each recorded kernel



invocation, the engine stores: 1) the kernel LLVM IR module,
2) launch configuration, 3) kernel arguments, 4) the pre-
execution device state, and 5) the post-execution device state.
Using the terminology of section the pre-execution state
forms the prologue snapshot used to reconstruct the replay
context, while the post-execution state forms the epilogue
snapshot used for correctness checking. Because the replay
unit is captured independently from the full application, later
experiments can be run without rebuilding or re-executing the
original code.

B. Replay, Transformation, and Auto-Tuning

During replay, the engine restores the recorded execution
context, recompiles the recorded LLVM IR, and executes the
replay unit either with the recorded launch configuration or
with alternative settings sampled by the optimizer. Replay
operates directly in memory on LLVM IR through Proteus
rather than through a file-based recompilation workflow like
in other works [8]]. This enables low-cost exploration of
transformations such as argument specialization by constant
propagation, specialization of thread and block dimensions, in-
sertion of launch bounds, standard LLVM optimization levels,
and custom compiler pipelines. The transformed kernel is then
lowered to a device binary and executed on the reconstructed
state.

Built on top of replay, the engine exposes a programmatic
auto-tuning interface over compiler and runtime parameters.
A sampled point in the search space corresponds to a replay
experiment: compile the candidate with a selected transforma-
tion pipeline, execute it under a selected launch configuration,
and return its measured runtime if correct. In R? this interface
is used with Bayesian optimization inside the replay server,
but the mechanism itself is agnostic to the search strategy.

C. Correctness Checking

Correctness is defined relative to the recorded execution
context. Given a replay instance, the engine restores the pro-
logue snapshot, executes the candidate kernel, and compares
the resulting state against the recorded epilogue snapshot. By
default, this comparison is bitwise exact: the GPU memory
state after replaying the kernel must match the memory state
from the full program run exactly. This conservative policy
ensures that accepted transformations preserve the observed
kernel behavior on the recorded state.

Some optimizations, however, are numerically valid while
not bitwise identical, especially for floating-point code. A
common example we encounter in this work is replacing an
expression suchasa / sqrtf (b) witha » rsqgrtf(b).
To support such cases, the engine also provides an optional
relaxed mode in which selected output variables may be
checked with user-provided numerical predicates, such as
absolute or relative tolerances. Such memory addresses are
marked in source code with an annotate function. We
emphasize that bitwise correctness checking is the default in
our engine; checking correctness with relaxed error tolerances
requires users to explicitly annotate what variables can have

relaxed constraints and what the strictness of those constraints
are. Candidates that fail to compile, crash, or violate the
correctness criterion are classified as incorrect and rejected.

To balance speed and robustness, correctness is checked
at two granularities. During search, candidates are typically
validated against a single recorded prologue/epilogue pair to
keep the inner loop fast. Promising final candidates are then
validated against additional recorded instances of the same
kernel when available. This preserves low evaluation cost
during search while ensuring the candidate kernel is correct
for all available recorded code paths.

D. Persistent Replay Server

A major systems contribution and optimization within our
replay engine is a persistent replay server designed for re-
peated evaluation. Prior replay systems are effective for of-
fline tuning, but repeated kernel evaluation still suffers from
overheads such as re-initializing device memory, reloading
replay state, materializing intermediate files, and transferring
correctness checks back to the host. These costs are a major
bottleneck when in the inner loop of evolutionary search.

To address this, R® uses a replay server that keeps replay
state resident across many evaluations and serves replay re-
quests over a lightweight interface. On startup, the server
loads a database of recorded kernels, maps replay units
across available GPU resources, and pre-allocates prologue
and epilogue buffers to amortize allocation and data movement
costs. The server then exposes replay and tuning endpoints
that accept candidate LLVM IR, reconstruct the appropriate
replay context, execute the requested experiment, and return
runtime and correctness results. Because replay workers persist
across requests, initialization overheads are paid once rather
than once per candidate.

This design is necessary for replay to be suitable for
R3. It increases throughput enough that candidate generation,
rather than replay, becomes the dominant bottleneck in many
settings, which in turn motivates the candidate generation
optimizations introduced in Section

E. Deployment

After tuning, the engine exports the best-performing config-
uration for each kernel as a JSON specification describing the
selected transformations, compiler settings, and launch param-
eters. This specification is consumable by the Proteus runtime,
which applies the prescribed optimizations when the original
application is executed. As a result, tuning can be performed
offline on representative replay instances, while deployment
remains transparent to the application source code.

VI. SCALING EVOLUTIONARY OPTIMIZATION

The use of record-replay and our many optimizations in
R rapidly increases the rate of evaluation (see Section &])
and makes evolution inference-bound. Thus, in this section
we present optimizations in R® that accelerate inference via
prompting strategies and runtime-aware inference scheduling.



A. Prefix-cache Aware Prompting

Most modern LLM inference engines employ prefix
caching, which reuses intermediate computations when suc-
cessive generations share a common prompt prefix. Prefix
caching is most beneficial when the prefill phase is non-
negligible compared to decode time, i.e. for large input
prompts and small/moderate outputs. This matches our setting
well: evolutionary prompts contain several large code samples
from the database, while the model only needs to generate a
diff for a single GPU kernel. However, we find that prompting
strategies used in open-source AlphaEvolve-style frameworks
are not prefix-cache friendly and place dynamic information
early in the prompt, leading to frequent cache misses.

To address this, we propose a prefix-cache aware prompt
sampling algorithm for MAP-Elites-style evolution. First, we
place all static prompt content at the beginning and move
dynamic content, such as sampled code examples, to the end.
This ensures that the static portion of the prompt can be reused
across generations.

Second, we reorder sampled inspiration codes to maximize
reuse of previously cached prompt prefixes. Given a sampled
set of inspiration codes E = [ey,...,ex], let H denote the
set of recent prompt orderings. For each H € H, we find
the longest prefix H[l : ] that is an ordered subset of E
and select the ordering with the largest such ¢. If a match
is found, we place that shared prefix first and append the
remaining sampled codes in their original sampled order;
otherwise, we keep E unchanged. The final prompt is then
formed as a fixed static prefix followed by this reordered list
of inspirations. Because this procedure changes only the order
in which sampled codes are presented, and not which codes are
sampled, it preserves the underlying MAP-Elites convergence
behavior while increasing the likelihood of prefix-cache hits.

B. Runtime Aware Scheduling

After record-replay reduces candidate evaluation time, the
main bottleneck in R® shifts from execution to generation. A
naive way to increase throughput is to issue more parallel LLM
requests, but this also increases staleness: prompts are con-
structed from a population snapshot while many generations
and evaluations are still in flight. Some staleness is tolerable,
but too much reduces sample quality and wastes inference
and evaluation resources on candidates proposed from already
superseded elites.

A straightforward way to control staleness is to increase
the number of islands together with the number of parallel
controllers. This mitigates contention on any single database,
but it is not ideal. With too many islands, each island receives
fewer updates and will require more iterations to converge.
Previous works [10], [11] find ~ 5 islands to be ideal and
frameworks like OpenEvolve [[13]] set recommended defaults
between 3 and 5 islands. In practice, we would like to keep
the number of islands relatively small for good convergence
behavior while still scaling candidate throughput across many
inference and evaluation devices.

To do this, R® uses a runtime-aware scheduling policy for
heterogeneous LLMs. We alter the LLM sampling method
(step (2) in Figure to sample LLMs based on expected
generation latency, the current set of in-flight requests, and ex-
pected evaluation availability. Intuitively, the scheduler prefers
to issue a slower request only when doing so will not leave
evaluation resources idle, and otherwise fills short gaps with
faster models that can complete generation and replay before
the slower request returns. For example, if a slow model (e.g.
gpt-5) is generating a new optimization and the GPU it is
scheduled to evaluate on is currently sitting idle, then we can
try to backfill this bubble by running a quick model (e.g. gpt-
5-mini) and evaluate its output before the slow model is done
generating. This is similar to backfilling in HPC schedulers:
short jobs are used opportunistically to improve utilization
without delaying longer jobs.

Concretely, let 7,,, denote the estimated generation time for
model m, and let fyy, denote the current estimate of replay
plus autotuning time for a candidate. When a controller is
ready to issue a new generation request, the LLM sampler
examines the outstanding generations and the expected times
at which replay workers will become available. If a fast model
can complete generation and have its candidate evaluated
within slack time that would otherwise be lost while waiting
for a slower model, the fast model is selected. Otherwise, the
scheduler may issue a slower, higher-quality model request.
This policy increases overlap between inference and replay,
keeps GPUs busier, and improves end-to-end throughput.

An important design point of this policy is that it increases
utilization given a fixed number of parallel controllers and
GPUs available. We do not need to increase the number
of parallel controllers and, thus, can improve both inference
and replay devices utilization while limiting the number of
in-flight samples drawn from stale database state. As we
show in Section once replay has made evaluation cheap,
this scheduling layer becomes necessary to continue scaling
evolution. We also highlight the simplicity of this approach:
it can be implemented directly on top of OpenEvolve or
AlphaEvolve without major evaluation infrastructure changes.
Only the LLM selection mechanism needs to be replaced,
which can be trivially done in Python without altering the
existing frameworks via monkey patching.

VII. EXPERIMENTAL SETUP
In this section we detail the applications used for evaluation,
baselines for comparison, and the settings used to run R3.
A. Computing Environment

All AMD experiments are executed on a cluster with
MI300A GPUs using the ROCm 7.0.2 software stack. NVIDIA
experiments are executed on a cluster with H100 GPUs and
CUDA 12. When gpt-oss is locally hosted for an experiment,
we utilize vLLM [31] to serve the model.

B. Applications

We run experiments across four different scientific applica-
tions to evaluate different approaches on how well they can



optimize GPU kernels. Applications are selected to cover a
variety of common HPC and scientific computing domains.
We compare optimization results on Lulesh [32]], miniFE [33]],
S3D [34]], and miniWeather [35] as they all have CUDA and
HIP implementations available as well as many GPU kernels in
them. Implementations are taken from HeCBench [36], which
has full CUDA and HIP implementations of each application.
LULESH is a shock hydrodynamics proxy application for ex-
plicit Lagrangian methods on unstructured hexahedral meshes.
It has 15 GPU kernels.

MiniFE is an implicit finite-element proxy application that
models matrix generation, assembly, and iterative solution for
sparse linear systems. It has 7 GPU kernels.

S3D is a turbulent combustion DNS code with detailed chem-
istry and molecular transport. It has 54 GPU kernels.
miniWeather is a weather mini-app for dry compressible non-
hydrostatic flow. It has 9 GPU kernels, but only 7 on the data
path we evaluate.

C. Baselines and R*® Configuration

We compare R® against two baselines: kernel parameter
tuning with Bayesian optimization (BO) based on [8] and
OpenEvolve [13]. We select these as they represent state-of-
the-art in kernel parameter tuning (passes, launch parameters)
and implementation.

Record-Replay + BO. Many works have previously used
variations of BO to optimize GPU kernel launch parameters.
We compare with [8], a recent state-of-the-art work that
combines BO with record-replay to tune launch parameters
and compiler configurations rapidly. Since [8]] can only handle
OpenMP-offload kernels and not arbitrary GPU code, we re-
implement the same BO search in our record-replay engine.
We search over the same configuration (launch and compiler
parameters) for 200 iterations and keep the best runtime at
the end. Runtimes are obtained by running each kernel seven
times: the first two as a warmup and the latter five for
recording. We note that, while we recreate the search and
replay functionality of [8]], our implementation will actually
be faster due to its many optimizations (see Section [V).
OpenEvolve. To compare with recent LLM-powered evolu-
tionary optimization works we run OpenEvolve [13] (an open-
source reproduction of the closed-source AlphaEvolve [11]).
OpenEvolve implements a MAP-Elites based evolutionary
search process as shown in Figure [I] We run OpenEvolve
for 200 iterations with four islands, a population size of 20,
and migrations every 20 iterations; these settings are based on
findings in [10], [11].

Record-Remix-Replay (R®). We run R® with the same MAP-
Elites settings as OpenEvolve: 200 iterations, four islands,
population of 20, and migrations every 20 iterations. Within
the replay server we tune kernels across compiler pass order
and launch parameters using parallel Tree Parzen Estima-
tion [37] for 30 iterations as the BO search implementation.
We utilize the annotate feature in R® (see Section
to implement correctness constraints for each application (we

have further manually verified the correctness of all final op-
timized kernels by checking they yield the expected scientific
result in the full application).

For both OpenEvolve and R® we utilize an LLM ensemble
of gpt-0ss-120b [38]], gpt-5-mini, and gpt-5 [39]]. OpenEvolve
randomly samples these with probabilities 0.6, 0.3, and 0.1,
respectively. We choose these values based on the 90-10 split
in [11] where a large, frontier LLM is used 10% of the time
(Gemini-Pro) and a small, fast LLM is used 90% of the time
(Gemini-flash); this mixture blends fast iteration with high
quality optimizations while keeping costs low. We further split
the cheap, fast LLM category into a commercial model and
local model to increase output diversity and minimize API
costs. R? begins with the same sampling probabilities for LLM
selection, but then implements runtime-aware selection on top.
To make fair time-to-solution comparisons we run all methods
(record-replay + BO, OpenEvolve, and RS) with 4 - K GPUs,
where K is the number of kernels in the application. That is,
four GPUs are assigned to optimizing each GPU kernel and
each optimization loop runs in parallel. Thus, the smallest run
is 28 GPUs for MiniFE and the largest is 216 GPUs for S3D.
We note that each of these frameworks can be run with less
or more GPUs (e.g. R® can be run on a single GPU); we
choose these settings to facilitate fair comparison between the
frameworks as each approach can trivially parallelize search
across different GPU kernels.

VIII. SCALING EVOLUTIONARY OPTIMIZATION RESULTS

In this section we present our scaling results across our
optimizations. We first show how record-replay turns sin-
gle thread, sequential evolution from evaluation-bound to
inference-bound. We then show the inference via prefix-cache
aware prompting and runtime-aware LLM selection results.

Figure [3] shows the breakdown of times for a single
evolution iteration when optimizing the LQCD application
QUDA [40] (see Section [X). We run the evolution five times
and average iteration timings from the 10th to 20th iteration
across those five evolution runs; this is to control for the fact
that evaluation will vary throughout the course of evolution
as the kernels are optimized. Limiting to the 10th to 20th
iterations gives us a glimpse across consistent kernel timings,
but the trends hold throughout evolution.

We see that replacing standard OpenEvolve evaluation with
record-replay drastically reduces compile and evaluation time.
QUDA compile time is reduced by ~ 86% and eval time
by ~ 88%. Note that the OpenEvolve baseline uses partial
compilation; we re-use existing compiled binaries and only
recompile source files with changes. If you wanted to build
from scratch, each OpenEvolve evaluation would be signifi-
cantly slower, as compiling from scratch took ~ 30 minutes
on our test system. In R® we only need to generate IR for
the changed code and can avoid compiler lowering costs and
linking costs. Most notably we have transitioned the evolution
iteration from evaluation-bound in OpenEvolve to inference-
bound in R>.
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aware prompts across a 250 iteration evolution run. We see a reduction in
median generation time for both a commercial (gpt-5-mini) and local (gpt-
0ss-120b) model. Notably, most commercial model providers offer discounts
for prefix-cache hits, leading to lower overall costs during evolution.

Now that we have successfully reduced the evaluation time
and are inference-bound, we focus on optimizing time spent
in LLM generation. Figure [] shows the distribution of time
spent generating outputs across LLMs between OpenEvolve
and R? in a long 250 iteration run (we exclude gpt-5 from
this experiment due to cost). We see a reduction in generation
time for both models when using R® prefix-aware prompts.
Notably, many LLM providers provide discounts for tokens
that hit the prefill cache leading to reduced inference costs
when using R®. It is possible for inference times to go down
due to the reformatting of the prompts in R?® leading to LLMs
generating shorter reasoning traces or final outputs. To confirm
that cache hits are actually what is aiding here, we re-run
the experiment, but manually turn off prefix caching in gpt-
0ss-120b’s VLLM server. The resulting distribution for gpt-
0ss-120b is the same as OpenEvolve’s, confirming that R is
actually benefiting from prefix cache optimizations.

Figure [5| further shows how R®’s runtime-aware LLM
selection algorithm improves throughput over OpenEvolve’s
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Fig. 5. Comparison of OpenEvolve’s LLM selection algorithm to R3’s
runtime-aware LLM selection. Whereas increasing the number of parallel
evolution processes w.r.t. the number of GPUs can increase utilization and
throughput, it comes at the cost of increasing stale MAP-Elites database
reads and slowing convergence. R®’s runtime-aware LLM selection increases
utilization and throughput over OpenEvolve for the same number of processes.

LLM selection algorithm by up to 13.5%. From Figure [3] it
is clear to see that increasing the ratio of parallel evolution
processes P to number of evaluation GPUs G will increase
GPU utilization and throughput. For example, consider the
points (4,16) and (8,16) in Figure El With the same number
of GPUs for evaluation (16) the throughput and utilization
are nearly doubled by increasing P from 4 to 8. However,
as P increases past the number of islands and/or closer to
G we get more stale reads from the MAP-Elites database and
potentially worse/slower convergence. If the number of islands
is fixed at 4, as in our experiments, changing P from 4 to 8
will nearly double the number of stale database reads and hurt
convergence. Thus, it is important to improve utilization and
throughput without increasing P. We see that R*’s runtime-
aware selection algorithm increases utilization and throughput
over OpenEvolve with the same P. In some instances R®
achieves up to an 11% increase in GPU utilization or 13.5%
more evaluations per hour.

IX. RESULTS

In this section we present results comparing R? with record-
replay + BO and OpenEvolve on the four applications.

Figure [6] shows the distribution of kernel speedups on
MI300A from each method over the baseline implementation;
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results are shown as a distribution over the kernels within an
application, e.g. Lulesh has 15 kernels. For all applications
R? has a higher median and max speedup than OpenEvolve
and record-replay + BO. Both R® and OpenEvolve tend to
perform stronger than record-replay + BO demonstrating the
impact of including source code rewrites in kernel tuning. The
same results are shown on an H100 GPU in Figure [7] where we
see the same trends as with AMD: R? yields better optimized
kernels than the two baseline approaches.
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Not only do the distributions of kernel speedups improve

from OpenEvolve to R3, but so do the individual kernel times.
Figure [§] shows the absolute time of the miniWeather kernels
as reported by ROCTr for all three approaches. We see that for
every kernel R? yields a faster optimized kernel than record-
replay + BO or OpenEvolve.

End-to-End Speedup vs. Time-to-Solution
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Fig. 9. Comparison of final achieved speedup versus the time-to-solution. The
vertical axis shows speedup over the original application and the horizontal
axis shows time-to-solution in minutes (note log scale). While R3 is slower
than BO with record-replay, it produces consistently better tuning results.
Furthermore, R3 is both faster and yields better speedups than OpenEvolve.

Finally, Figure [9] shows the speedup of the final application
with the optimized kernels from each approach compared
with the time-to-solution. We immediately see two things: (1)
R? achieves the best overall speedups by combining source
level and pass/launch parameter tuning, and (2) R*’s record-
replay engine drastically speeds up evolutionary LLM code
optimization. R? is both faster and yields better results than
OpenEvolve, while it is slower than record-replay + BO but
still yields better speedups. This is expected as introducing
LLMs and another axis of search to tuning will increase time-
to-solution. However, without its optimizations R? would take
nearly a day to run for a single application. For MiniFE, R?
was 8.5 hours faster than OpenEvolve, enabling us to find
solutions faster or try more samples in the same allotted time.

X. CASE StuDY: LQCD

We present a case study using R® to optimize an expensive
kernel in QUDA [40], a lattice QCD library, achieving a 28.4%
reduction in compute time on AMD MI300A GPUs.

A. Kernel Description

QUDA [40] is a library for lattice quantum chromody-
namics (QCD) calculations. It employs iterative solvers with
adaptive multigrid preconditioning to solve the large sparse
linear systems that dominate these simulations. It is an ideal
candidate for stress testing R® as it is a full, production HPC
application with hundreds of files, tens of thousands of lines
of code, long build times, and big workloads. AlphaEvolve
style optimization on this repository would take days making
it infeasible for practical use.

Our optimization target is the CoarseDslash kernel,
which applies the coarse-level Dirac operator within QUDA’s
multigrid preconditioner. Each thread operates on a single



lattice site, computing output spinor values via gauge-covariant
nearest-neighbor hopping and local clover contributions. Dur-
ing profiling, we find it to be the most expensive kernel in the
codebase. The kernel itself, plus all inline device functions it
calls, is large spanning several hundred lines of code.

B. R® Optimization Results

We run R® with the same setup as the previous experiments
to find optimizations for the CoarseDslash kernel. In the
final optimized kernel, R® reorganizes the kernel inner loops
so that each input spinor or halo value is loaded once for a
given spin/color-column pair and then reused across the output
color rows handled by the thread. The optimized code also
hoists repeatedly used invariants, including references to the
gauge and clover fields, halo buffers, source spinors, and row-
base indices, out of the hottest loops. This reduces redundant
field accesses, repeated address arithmetic, and other indexing
overhead. These changes are from LLM source rewrites.

We also observe several optimizations enabled due to the
hierarchical nature of R3. Several parts of the kernel are
refactored to extract compile-time constants and conditionals,
e.g. the dslash/clover selection, warp-fission index calculation,
etc.; this enables the record-replay engine’s compiler constant
specialization optimizations. Finding such optimizations would
not be possible without a hierarchical search as in R>.

The final kernel speedup on an MI300A is 1.33x. When
placed into the whole QUDA application we see a 28.4% re-
duction in time spent in compute when run on a representative
workload on 64 GPUs (we omit data loading and tear-down
time in our profiling). Due to the time and cost associated with
it, we do not run OpenEvolve on the same problem, but based
on standalone evaluation times we project it would take just
under 2 days (42 hours), while R? finished in 108 minutes.

XI. CONCLUSION

We presented Record-Remix-Replay (R®), a hierarchical
GPU kernel optimization framework that combines LLM-
guided evolution for source-level rewrites with replay-based
Bayesian optimization for compiler passes and launch config-
urations. By making candidate evaluation fast through record-
replay and related systems optimizations, R® makes broad
search over implementation, compiler, and launch decisions
practical. Across four scientific applications, R® achieves
better kernel and application-level performance than record-
replay + BO alone, better final results than OpenEvolve, and
substantially lower time-to-solution than evolutionary search.
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