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Abstract
High Performance Computing (HPC) applications rely heavily
on code optimizations to achieve good performance on modern
CPU and GPU architectures. Traditional Machine Learning auto-
tuning approaches have demonstrated success in exploring high-
dimensional spaces, but they often require expensive compile-run
evaluations and lack adaptability for large HPC applications. The
recent advances in Large Language Models (LLMs) and Agentic
AI systems raise intriguing questions about the potential of these
approaches to address specific optimization methodologies. This
work aims to answer an essential question for the HPC community:
"How Agentic AI Systems Compare to Traditional ML Autotuning
Techniques?" To address this question, we present a comparative
analysis between a traditional ML-based optimization approach and
an Agentic AI system, evaluating their respective capabilities and
limitations for loop-level optimization. In addition, we introduced
a new Agentic AI system named LoopGen-AI using three different
Large Language Models: GPT-4.1, Claude 4.0, and Gemini 2.5.

A key finding is that LoopGen-AI achieves competitive per-
formance with only a few program runs, the reasoning logs
from the agents revealed that their decisions rely heavily on the
combination of semantic understanding of the target kernel with
dynamic feedback from the environment, highlighting a promis-
ing new dimension in performance tuning. In contrast, ML-based
autotuners focus on statistical exploration, and require orders of
magnitude more runs to reach peak performance. Additionally, our
analysis shows that prompt engineering, particularly using Persona
+ Context Manager patterns, significantly impacts the effectiveness
of Agentic AI. Our results indicate that while Agentic AI systems
are not yet a complete replacement for ML-based autotuners, it can
effectively complement traditional methods.

CCS Concepts
• Computing methodologies → Parallel programming lan-
guages; Classification and regression trees; Natural language
generation; Feature selection; • Software and its engineering
→ Software development process management.
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1 Introduction
High Performance Computing (HPC) applications are increasingly
complex, and finding the correct set of optimizations that yields
maximum performance is non-trivial. Achieving optimal perfor-
mance often requires loop-level optimizations, such as loop inter-
change, unrolling, and tiling, which will directly impact cache local-
ity, and parallel scalability [16]. Among these optimizations, loop
reordering is critical because memory access patterns and cache
reuse heavily influence execution time on modern architectures [5].

TraditionalMachine Learning autotuning approaches have demon-
strated success in exploring high-dimensional spaces. Tools such as
GPTune [8], OpenTuner [4], HpBandSter [6] and ytopt [22] utilized
supervised learning, Bayesian Optimization, or nobel strategies to
find good parameter configurations through the use of surrogate
models that relate tuning parameters to performance without the
need to exhaustive exploration. However, these approaches can still
require many runs of the application to achieve good performance.

Meanwhile, Large LanguageModels (LLMs) within an Agentic AI
system offer a new horizon for code optimization. Agentic AI refers
to an LLM-powered system capable of autonomous interaction with
its environment, while iteratively proposing, testing, and refining
new configurations [19]. Recent work illustrates their potential [7,
10–12, 14, 15, 18, 20, 23].

Despite the different advances in agentic AI, no prior work has
compared an agentic AI system and ML-based autotuning approach
for loop reordering optimization on high-performance scientific
applications. ML-based autotuners rely on exploration and exploita-
tion strategies focusing on statistical analysis to navigate unknown
optimization spaces, but they cannot adapt to compilation errors,
runtime anomalies, or unseen loop structures. In contrast, Agentic
AI systems are equipped with semantic reasoning, environment
feedback, and iterative correction, which may explore and optimize
dimensional spaces without extensive offline learning.

In this paper, we make the following contributions:
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• We conduct a comparison of a traditional ML-based autotun-
ing vs an Agentic AI system on a real world case scenario.

• We introduce LoopGen-AI, an Agentic AI system that lever-
ages GPT-4.1, Claude 4.0, and Gemini 2.5 to autonomously
propose, refine, and validate loop reordering transforma-
tions.

• Weprovide insights for integrating LLM-driven agentic strate-
gies into HPC performance engineering pipelines.

This paper is organized as follows: Section 2 describes both envi-
ronment, ML-base autotuning and LoopGen-AI. Section 3 evaluates
the capabilities of each environment and explores its limitations, fol-
lowed by a discussion of related work in Section 4 and conclusions
in Section 5.

2 Traditional ML-based Autotuning and Agentic
AI System

This section presents the two optimization frameworks evaluated in
this study: a traditional ML-based autotuning framework GPTune,
and our proposed Agentic AI, LoopGen-AI. Section 2.1 explains
the GPTune architecture and its strategy for exploring the loop
transformation space, whereas Section 2.2 introduces LoopGen-
AI, which leverages Large Language Models (LLMs) to iteratively
generate, evaluate, and refine loop reordering strategies in an au-
tonomous feedback driven system. Both systems 1. Navigate the
search space, then 2. Compile and 3. Execute the code. Their
main difference lies in how they navigate the search space. By de-
scribing their respective workflows and architectures, we establish
the basis for a fair comparative evaluation in the following sections.

2.1 GPTune: ML-based Autotuner
GPTune [8] is a traditional ML-based autotuning framework de-
signed to optimize HPC application performance by exploring high-
dimensional parameter spaces. Its workflow follows a typical ex-
ploration and exploitation strategy through statistical modeling
and its decisions are driven primarily by numeric outcomes (run-
time) rather than semantic meaning. GPTune samples a candidate
parameter configuration, evaluates its performance on the target ap-
plication, and uses a traditional machine learning model (Bayesian
Optimization) to predict promising regions of the search space.

Figure 1: GPTune workflow

In the context of loop reordering optimization, we used GPTune
to treat loop permutations as the tunable space. For each candidate
configuration, GPTune generates the transformed kernel, compiles
and executes it, and records its execution time, see Figure 1. The
measured performance is then fed back into the MLmodel, enabling
GPTune to guide the next subsequent searches toward different

configurations expected to reduce runtime. Although this approach
is effective, it requires a large number of runs, which makes it
unsuitable for large HPC applications.

2.2 LoopGen-AI
LoopGen-AI is an agentic AI system for loop-reordering optimiza-
tion. Unlike traditional autotuners, LoopGen-AI leverages LLMs
such as GPT-4.1, Claude 4.0, and Gemini 2.5 to combine semantic
understanding of the kernel with dynamic feedback from the en-
vironment. Its workflow consist of 4 components: 1. Preparation
Phase, 2. Action Phase, 3. Compilation Phase and 4. Execution
Phase, see Figure 2. These components will be explained in the
following sections.

Figure 2: LoopGen-AI: Workflow.

2.2.1 Preparation Phase. This phase is responsible for construct-
ing the prompt to be sent to each agent. Our prompt incorporates
four state-of-the-art prompt patterns: 1. Context Manager, 2. Per-
sona, 3. Reflection, and 4. Template [21] [7] [11] [17].

These patterns enable each agent to: Focus on the relevant con-
text of the application (Context Manager). Assume a specific role,
in this case the role of a compiler optimization expert (Persona).
Explain the reasoning behind its suggestions (Reflection), and
produce output in a precise JSON format for automated parsing
(Template). These patterns are applied in our prompt, see Figure 3.

The code snippet under evaluation consists of 6 levels of perfectly
nested loops over (is, ib, ms, mb, ns, nb), see Figure 4. Treating
loop reordering as a permutation, the search space is 6! = 720 distinct
loop orders.

Once the prompt has been constructed, we send it to three agents:
GPT-4.1 [3], Gemini-2.5 [2], and Claude-4.0 [1]. Each agent is re-
sponsible for generating a new loop reordering and its respective
reasoning process.

2.2.2 Action Phase. In this phase, each agent (GPT-4.1, Gemini
2.5 and Claude 4.0) analyzes the provided kernel and its context
to propose a new loop reordering strategy. Each agent operates
independently, using the contextual information provided in the
prompt, which includes: 1. The loop structure of the kernel under
evaluation, 2. The History chat including the reasoning of the
respective agent in previous iterations. 3. The execution time
of the previous iteration, and any 4. Feedback or compilation
errors from prior attempts. Each agent produces an output in a
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1. [Context Manager]: Start Over
2. [Persona]: Act as a compiler optimization expert specializing in loop

transformations.
3. [Context Manager]: We are going to have an interactive conversation focused

on optimizing loop ordering. I will provide you with a baseline code
snippet and its execution time. Your task is to suggest a new loop
ordering that reduces the execution time. Once you provide your
suggestion, I will run the updated code and share the new execution time
with you and the code snippet. The code under discussion consists of a
6-level perfectly nested loop with loop variables is, ib, ms, mb, ns,
and nb, each iterating over small, fixed bounds (Ns=6, Nb=4). The
innermost loop updates a scalar variable tot_I using an OpenMP reduction
and includes conditional logic with complex arithmetic. The loop body
accesses three large arrays: G2xxxx and G2xyxy (both 1D vectors of size
Ns^2 x Ns^2 x Nb^2 x Nb^2 = 331,776 complex<double> elements) via idx2 =
IDX_8D(is,js,ib,jb,ns,ms,nb,mb), and array W via idx3 =
IDX_8D(ns,ms,nb,mb,is,ls,ib,lb), where js, jb, ls, lb are outer loop
variables.

#define IDX_8D(x,y,z,t,m,n,q,w) ((x) + (y)*Ns + ((z) + (t)*Nb)*Ns2 +
((m)+(n)*Ns)*Ns2*Nb2 + ((q) + (w)*Nb)*Ns2*Ns2*Nb2)

where Ns2 = Ns*Ns and Nb2 = Nb*Nb. The only data dependency is the reduction on
tot_I; all other iterations are independent. The primary optimization
goal is to maximize cache spatial locality. The target hardware is (CPU
or GPU hardware info......) running under the PrgEnv-(CRAY or
Nvidia....) environment on the Perlmutter system at NERSC

4. [Reflection]: After each suggestion, briefly explain the reasoning and
assumptions behind your recommendation, how you came up with the answer.

5. [Template]: Please respond in strict JSON format with the following keys:
{
'suggested_parallel_loop': 'Your C++ loop goes here',
'reasoning': 'Explain why you chose this loop structure and the approach you

used',
}

Only output valid JSON. Do not include any markdown formatting.

Figure 3: Prompt Strategy

1: #pragma experimental start
2: for(int is = 0; is < Ns; ++is){
3: for(int ib = 0; ib < Nb; ++ib){
4: for(int ms = 0; ms < Ns; ++ms){
5: for(int mb = 0; mb < Nb; ++mb){
6: for(int ns = 0; ns < Ns; ++ns){
7: for(int nb = 0; nb < Nb; ++nb){
8: int idx2 = IDX_8D(is,js,ib,jb,ns,ms,nb,mb);
9: int idx3 = IDX_8D(ns,ms,nb,mb,is,ls,ib,lb);
10: if(is==ls && is==ns && is==ms && ib==lb &&

&& ib==nb && ib==mb){
11: tot_I += -im*G2xyxy[idx2]*W[idx3];
12: else{
13: tot_I += -im*(G2xxxx[idx2]+G2xyxy[idx2])*W[idx3];
14: }
15: }
16: }
17: }
18: }
19: }
20: }
21: }
22: #pragma experimental end

Figure 4: Kernel extracted from an HPC application that cal-
culates the Real Time Dyson Expansion (RT-DE). Paralleliza-
tion relies on OpenMP pragmas on CPU and target offload
on GPU.

strict JSON format. The output will include the new loop ordering
and the reasoning behind its strategy.

2.2.3 Compilation Phase. The compilation Phase is responsible
for validating and compiling the loop transformation produced in

the Action Phase. After each agent generates its corresponding loop
reordering, the code snippet is injected into the application source
code and compiled using one of the two Perlmutter Programming
environments (PrgEnvs) [9].

In this work, we used the following two PrgEnvs: 1. PrgEnv-
NVIDIA, it provides access to the Nvidida HPC SDK compilers (nvc,
nvc++, nvfortran) optimized for both CPU and GPU execution.
The other programming environment is 2. PrgEnv-CRAY, it Offers
the Cray Compiling Environment (CCE), which supports both CPU
and GPU execution with OpenMP offloading and OpenACC.

During the compilation phase, any error is automatically cap-
tured and fed back to the preparation phase, see Figure 2. The
prompt is then augmented with a concise history of prior failures,
forming a critical component of the agentic feedback loop that
allows LoopGen-AI to self correct in subsequent iterations.

2.2.4 Execution Phase. Once the kernel has been successfully
compiled, the Execution Phase is initiated. In this phase, the gener-
ated binary is executed either on a CPU node (AMD EPYC 7763) or
in a GPU node (Nvidia A100). Additionally, during the execution
phase the system performs the following tasks: 1. Error monitor-
ing: Any runtime errors or anomalies are automatically captured
and sent back to the Preparation Phase to inform the next iteration
and 2. Performance measurement: If execution completes suc-
cessfully, the kernel execution time is measured and sent back to
the preparation phase.

3 Experimental Setup
To evaluate the performance of our proposed Agentic AI system
(LoopGen-AI) against the traditional ML-based autotuner (GPTune),
we conducted experiments on the Perlmutter Supercomputer at the
National Energy Research Scientific Computing Center (NERSC) [9].
Our experiments target a single real-world scientific application
that computes the Real Time Dyson Expansion (RT-DE) [13], whose
kernel was previously discussed in Section 2.2.1.

The experiments were conducted on Perlmutter’s heterogeneous
nodes using both CPU and GPU configurations. For the CPU, we
used AMD EPYC 7763 (Zen3) with 32 cores and 512 GB of DDR4
memory per node, and for the GPU architecture, we used NVIDIA
A100 (40 GB HBM2e). The compiled binaries were executed under
two different programming environments (PrgEnvs) discussed in
Section 2.2.3.

We evaluated two optimization strategies. For the Agentic AI
(LoopGen-AI), we limited the runs to 10 iterations because further
iterations showed only slight improvements. The best configuration
is usually discoveredwithin 3-7 iterations and the average execution
time over those ten runs was reported. In contrast, the ML-based
autotuning (GPTune) explored 360 candidate configurations, 12 of
the full 6! = 720 search space because further configurations yielded
<1% improvement. The best configuration was typically discovered
within 150-250 iterations.

3.1 Impact of Prompt Pattern
As discussed in Section 2.2.1, the LoopGen-AI Preparation Phase uti-
lizes prompt patterns to guide the reasoning of LLM agents. In our
experiments, we evaluated the impact of the following three prompt
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Figure 5: Prompt Pattern Performance on GPT-4.1, Gemini-2.5, and Claude-4.0.

strategies: 1. Persona, 2. Context Manager, and 3. Persona +
Context Manager (P_C).

To assess the effectiveness of each prompt pattern, we measured
the average kernel execution time across the two programming
environments discussed in Section 2.2.2. The CPU results on the
AMD EPYC 7763 are shown in Figure 5.

From the figure, we observe that the Persona + Context Man-
ager (P_C) pattern often achieves the lowest execution time, indi-
cating that combining expert role guidance with contextual infor-
mation about the kernel and the type of architecture leads to more
effective loop reordering optimizations.

The Persona pattern alone often underperforms, as the lack
of explicit context can lead to suboptimal loop reorderings. The
Context Manager pattern performs better than Persona in isolation,
but benefits significantly from the combination with Persona.

3.2 Speedup evaluation for the ML based
autotuning and Agentic AI system

To evaluate the performance improvement of the two optimization
approaches, we computed the speedup of the optimized kernel
relative to the baseline manually optimized on both CPU and GPU.
The baseline corresponds to the manually optimized of the Real
Time Dyson Expansion (RT-DE) kernel.

The speedup 𝑆 is defined as:

𝑆 =
𝑇baseline_manually_optimized
𝑇automatically_optimized

where 𝑇baseline_manually_optimized represents the execution time
of themanually optimized original kernel and𝑇automatically_optimized
represents the average execution time achieved by either Agentic
AI (LoopGen-AI) orML-based autotuning (GPTune).

Figure 6 shows the GPTune speedup distribution on CPU and
GPU under the two programming environments discussed in Sec-
tion 2.2.3. Figure 7–9 show the CPU speedup distribution forLoopGen-
AI using three prompt patterns discussed in Section 2.2.1 with the
respective LLMs (GPT-4.1, Gemini 2.5 and Claude 4.0). The
corresponding GPU results are shown in Figure 10–12.

3.2.1 CPU Speedup Evaluation. Figure 6 shows that GPTune’s
effectiveness is environment-dependent. OnCRAY, the distribution
is centered well above baseline (median ∼1.3–1.5×). On NVIDIA
(CPUmode), gains are smaller andmore variable (median∼1.05–1.15×).
GPTune delivers stable CPU gains on CRAY and smaller gains on
NVIDIA-CPU.
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Figure 6: ML-Based autotuning for CPU and GPU: for two program-
ming environments: CRAY, and NVIDIA

Figure 7 highlights a dependence on both the programming en-
vironment and the prompt pattern on GPT-4.1. On CRAY (left), all
three patterns deliver substantial gains (medians ∼2.6–3.1×), with
Context and Context+Persona outperforming Persona. On NVIDIA
(CPU mode, right) Context and Persona alone are typically below
baseline (< 1×), while Context+Persona is the only variant that
consistently reaches around ∼1.2–1.3×, but with higher variance.
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Figure 7: GPT-4.1-based Tuning: CPU Speedup for the two program-
ming environments: CRAY and NVIDIA.
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Figure 8 shows that Gemini-2.5’s CPU gains are environment and
prompt dependent. On CRAY (left), all three prompts deliver sub-
stantial speedups, with medians around∼2.8–3.3×; Context+Persona
achieves the highest observed speedup (up to ∼3.5×). On NVIDIA
(CPU mode, right), performance is more variable: Persona and
Context alone frequently underperform (medians <1×), whereas
Context+Persona is the only variant that consistently approaches or
exceeds baseline, with median speedups in the ∼0.9–1.3× range.
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Figure 8: Gemini-2.5-based Tuning: CPU Speedup for the two pro-
gramming environments: CRAY and NVIDIA.

Figure 9 shows a clear pattern for Claude 4.0: on CRAY (left),
the Persona pattern obtains the highest speedups (median ∼5–5.5×,
while Context and Context+Persona ranges from ∼2.6–3.0×. On
NVIDIA (CPU mode, right), Persona is the only variant with a
median near or slightly above baseline (∼1.0–1.2×); Context and
Context+Persona underperform (medians < 1×). For Claude-4.0, Per-
sona prompting tends to produce loop orders with a better spatial
locality, which the Cray compiler can exploit via auto-vectorization.
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Figure 9: Claude4.0-based Tuning: CPU Speedup for the two pro-
gramming environments: CRAY and NVIDIA.

3.2.2 GPU Speedup Evaluation. We now evaluated the perfor-
mance of LoopGen-AI and ML-based autotuning (GPTune) on GPU
execution. The kernels were compiled on both environments, Cray
and NVIDIA. As in the CPU experiments, the graphs show the
GPU speedup distribution during the course of auto-tuning.

Figure 10 (GPT-4.1 on GPU) shows a clear environment effect.On
CRAY–GPU (left), all three prompts deliver substantial gains, with
medians in the ∼2.2–3.0× range and best cases reaching ∼3.1×. On
NVIDIA–GPU (right), medians are near baseline (∼0.95–1.10×);
among the patterns, Context+Persona obtains the highest speedup,
up to ∼1.33×.
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Figure 10: GPU GPT-4.1-based Tuning: Speedup for two of the pro-
gramming environments: CRAY and NVIDIA.

Figure 11 (Gemini-2.5 on GPU) again shows a significant en-
vironment impact. On CRAY–GPU (left), loop reordering deliv-
ers large gains: medians lie around ∼2.6–3.3×, with Context and
Context+Persona achieving the highest speedup, up to 3.3×. On
NVIDIA–GPU (right), Context and Context+Persona have medians
near ∼1.2–1.3× achieving speedups up to 1.3×, whereas Persona is
more variable and includes occasional regressions (below 1×).
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Figure 11: GPU Gemini-2.5-based Tuning: Speedup for two of the
programming environments: CRAY and NVIDIA.
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Figure 12 (Claude-4.0 on GPU) shows a pronounced prompt de-
pendence. On CRAY–GPU (left), Context and Context+Persona
deliver the highest gains (medians ∼2.6–3.2×, obtaining a maxi-
mum speedup up to 3.2×), whereas Persona alone underperforms
(median ∼1.0–1.2×). On NVIDIA–GPU (right), Context yields a
tight distribution near ∼1.1–1.2×; Context+Persona is slightly higher
on average, obtaining a speedup up to 1.3×; Persona is the most
variable and includes regressions (<1×).
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Figure 12: GPU Claude-4.0-based Tuning: Speedup for two of the
programming environments: CRAY and NVIDIA.

4 Related work
Traditional Machine Learning autotuning approaches have de-
mostrated success in exploring high-dimensional spaces [8] [4] [6] [22],
but they often require many attempts of compile and run evalua-
tions dealing with performance optimization as black box evaulated
based on observed performance. In contrast, with the emergence
of Agentic-AI systems, recent studies have evaluated the perfor-
mance of autonomous agents to work on specific logical tasks,
assigning various roles and responsibilities in multi-agent sys-
tems [7] [11] [17].

Another significant contribution on this domain is the incor-
poration of feedback obtained from the objective world or virtual
environment. For instance, Voyager [18] incorporates three types
of environment feedback; program execution, the execution error,
and self verification results. The feedback from the environment
help the agent to make better plans for its next action.

Other studies have incorporated varios LLMs to accomplish a
wide range of task such as generating code. For instance, Chat-
Dev [11], different agents discuss the software development process
and take decisions on their own behavior.

To the best of our knowledge, no other study has compared an
ML-based autotuner strategy with and Agentic AI System for code
refactoring and optimization. Our study provides an evaluation
methodology and several insights for future HPC performance
engineering frameworks.

5 Conclusions
This paper addresses an existential question for the HPC commu-
nity: "How Agentic AI Systems Compare to Traditional ML

Autotuning Techniques?" To this end, we presented a compara-
tive study between a ML-based autotuning (GPTune) and Agentic
AI system (LoopGen-AI) for loop reordering optimization in a real-
world case scenario. We evaluated the two approaches on the Real
Time Dyson Expansion (RT-DE) kernel using the Perlmutter su-
percomputer at NERSC, targeting both AMD EPYC 7763 CPU and
NVIDIA-A100 GPU, across two different programming environ-
ments: PrgEnv-CRAY and PrgEnv-NVIDIA.

Our main findings are that LoopGen-AI achieves competitive
speedups with significantly fewer runs, whileML-based approaches,
such as GPTune, require between 150-250 evaluations to identify the
optimal loop reordering. The reasoning logs from the LLMs revealed
that their decisions rely heavily on the combination of semantic
understanding of the kernel with dynamic feedback from
the environment, highlighting a promising new dimension in
performance tuning. Additionally, our analysis of different prompt
patterns showed that combining the Persona and Context Man-
ager patterns leads to better loop reorderings. This emphasizes the
importance of prompt engineering in Agentic AI systems.

Finally, addressing the main question asked in the introduction,
we find that, with their current capabilities, the Agentic AI system
is not yet a full replacement for ML-based autotuners, they offer
compelling complementary strengths.

Future autotuning systems should aim to integrate AI-driven
semantic reasoning with statistical learning methods, lever-
aging the best of both worlds. In future work, we plan to extend
LoopGen-AI with multi-agent collaboration and explore its applica-
bility to more diverse computational kernels.
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