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Abstract001

Code optimization remains a core objective in002
software development, yet modern compilers003
struggle to navigate the enormous optimization004
spaces. While recent research has looked into005
employing large language models (LLMs) to006
optimize source code directly, these techniques007
can introduce semantic errors and miss fine-008
grained compiler-level optimization opportuni-009
ties. We present HINTPILOT, which bridges010
LLM-based reasoning with traditional com-011
piler infrastructures via synthesizing compiler012
hints—annotations that steer compiler behav-013
ior. HINTPILOT employs retrieval-augmented014
synthesis over compiler documentation and ap-015
plies profiling-guided iterative refinement to016
synthesize semantics-preserving and effective017
hints. Upon PolyBench and HumanEval-CPP018
benchmarks, HINTPILOT achieves up to 6.88×019
geometric mean speedup over -Ofast while020
preserving program correctness.021

1 Introduction022

Code optimization is fundamental to software per-023

formance, directly affecting execution speed, en-024

ergy efficiency, and resource utilization across do-025

mains ranging from embedded systems to large-026

scale cloud computing (Wang and O’Boyle, 2018a;027

Garg et al., 2022a). Traditionally, compilers have028

served as the primary vehicle for optimization, rely-029

ing on expert-crafted heuristics applied during the030

translation from high-level source code to machine031

instructions. As modern software systems grow032

increasingly complex and heterogeneous, however,033

selecting effective optimization strategies has be-034

come both labor-intensive and insufficiently adap-035

tive, motivating a shift from static designs toward036

dynamic, data-driven solutions (Scott, 2025).037

Recent advances in large language models038

(LLMs) have shown promise in generating perfor-039

mant code (Gong et al., 2025; Dong et al., 2025a).040

Nevertheless, ensuring correctness alongside per-041
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Figure 1: The comparison between different paradigms
of LLM-based code optimization

formance remains a fundamental challenge (Wagh- 042

jale et al., 2024; Yang et al., 2024a). Existing LLM- 043

based optimization approaches often operate by 044

directly modifying source code to improve effi- 045

ciency (Shypula et al., 2024; Gao et al., 2024; Zhao 046

et al., 2025) (See Fig. 1(a)). While such methods 047

can yield performance gains, they typically rely 048

on invasive transformations that risk violating pro- 049

gram semantics. Alternative work explores LLM- 050

guided selection of compiler passes or flags without 051

modifying source code (Cummins et al., 2024) (See 052

Fig. 1(b)). Still, they usually apply a single global 053

optimization configuration to the entire program, 054

missing fine-grained opportunities and overlooking 055

the performance impact of functions, variables, and 056

non-loop statements. 057

To fill this gap, we introduce a new paradigm for 058

code optimization by synthesizing compiler hints, 059

which reconciles the flexibility of LLM-based code 060

reasoning with the reliability guarantees of tradi- 061

tional compilers (see Fig. 1(c)). Specifically, com- 062

piler hints are annotations attached to functions, 063

statements, or classes of a program, with common 064

categories summarized in Table 1. Notably, apply- 065

1



Table 1: Examples of compiler hints

Category Representatives

Storage control section

Optimization control used, unused
Memory layout packed

Alignment control aligned(n)

Warning handling warn_unused_result

Visibility control visibility("hidden")

Entry control naked, interrupt
Calling convention cdecl, stdcall
Constructor/Destructor constructor, destructor

ing a small set of such hints to a program can yield066

an optimized version. For example, the program in067

Fig. 2(b) with the compiler hint achieves a 1.47×068

speedup over the one in Fig. 2(a), with correctness069

preserved by construction. Leveraging such com-070

piler hints, we can achieve code optimization with071

two key benefits. First, we optimize via declar-072

ative hints rather than direct code rewriting. Re-073

stricting the model’s output to compiler-validated074

annotations ensures functional correctness. Sec-075

ond, hint-based optimization enables fine-grained,076

location-specific control. Unlike global compiler077

flags, hints can be selectively applied to individual078

program elements, allowing fine-grained, targeted,079

and context-aware performance tuning.080

Despite these advantages, determining where081

and how to apply compiler hints remains chal-082

lenging, as their effects depend on complex, non-083

local interactions among program characteristics084

and compiler behavior. First, synthesized hints085

should preserve program semantics. Incorrect us-086

age can lead to undefined behavior or wrong results.087

Second, hint synthesis should be precise to avoid088

compiler rejections and to produce hints that yield089

measurable performance improvements.090

To address this, we formulate the compiler hint091

synthesis for the first time as a structured prediction092

problem, where LLMs generate structured outputs093

based on external compiler documentation that con-094

tains the semantics and usage constraints of avail-095

able hints. We instantiate this formulation in HINT-096

PILOT, a framework for LLM-based hint synthesis.097

To ensure semantic preservation, we curate a knowl-098

edge base of side-effect-free hints and apply pre-099

processing to filter out unsafe annotations. Build-100

ing on this knowledge base, we integrate retrieval-101

augmented generation with execution-guided feed-102

back to synthesize and iteratively refine contextu-103

ally appropriate hints, thereby improving perfor-104

mance while preserving correctness.105

bool has_close_elems(vector<float> nums, float thd){
int i,j;
for (i=0;i<nums.size();i++)

for (j=i+1;j<nums.size();j++)
if (abs(nums[i]-nums[j])<thd)

return true;
return false;

} (a) The original code before optimization
__attribute__((optimize("unroll-loops"), always_inline)) 
bool has_close_elems(vector<float> nums, float thd){

int i,j;
for (i=0;i<nums.size();i++)

for (j=i+1;j<num.size();j++)
if (abs(nums[i]-nums[j])<thd)

return true;
return false;

}

(b) The optimized code with the compiler hints
Figure 2: An example of code optimization by syn-
thesizing compiler hints. optimize("unroll-loops")
unrolls the loops in the function. always_inline in-
lines the function when it is called

We evaluate HINTPILOT upon a diverse bench- 106

mark suite, including PolyBench (Pouchet and 107

Yuki) and HumanEval_CPP (Zheng et al., 2024), 108

which cover both structured numerical kernels and 109

general-purpose C++ programs. Our experiments 110

show that HINTPILOT consistently outperforms 111

standard compiler optimization baselines under dif- 112

ferent prompting strategies. Particularly, it achieves 113

geometric mean speedups of up to 3.53× over 114

-O3 and 6.88× over -Ofast. We further compare 115

against the LLM-Compiler-based optimization- 116

pass selection baseline (Cummins et al., 2024) 117

and show that our method achieves higher perfor- 118

mance. In addition, ablation studies demonstrate 119

that the observed performance gains are attributable 120

to HINTPILOT ’s ability to identify and exploit non- 121

local optimization opportunities, such as interac- 122

tions across functions or program regions, which 123

are difficult for traditional heuristic-driven opti- 124

mization strategies to capture. 125

2 Preliminaries 126

Compiler Hints. Modern compilers, such as GCC, 127

expose hints as lightweight annotations to convey 128

developer intent to the compiler. By attaching hints 129

to functions, loops, or variables, programmers can 130

communicate semantic and performance-related 131

properties that are difficult or costly for the com- 132

piler to infer reliably. Typical examples include 133

performance-oriented hints (e.g., hot), branch- 134

related cues (e.g., likely), and memory-behavior 135

directives (e.g., prefetch). 136

Compiler hints occupy a distinct position in 137

the optimization stack. Unlike source-level code 138

transformations, hints do not alter control flow 139
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Figure 3: The workflow of HINTPILOT

or data flow; instead, they declaratively constrain140

or guide the compiler’s internal optimization de-141

cisions. Compared to global optimization flags,142

hints can be selectively applied to individual pro-143

gram elements, enabling fine-grained, localized,144

and context-sensitive tuning. In this sense, hints de-145

fine a “safe knob surface” for performance tuning.146

Compiler Hint Synthesis. Based on the observa-147

tion of compiler hints, we formulate the problem148

of compiler hint synthesis for code optimization.149

Let P be a program to be optimized and I be a150

set of inputs of P . For an input a ∈ I, let t(P, a)151

denote the execution time of running program P152

on a under a fixed evaluation setting. Let L(P )153

denote the set of valid insertion locations in P , and154

let H denote the set of available compiler hints that155

are intended to preserve program semantics. A hint156

assignment S is modeled as a (partial) mapping157

S : L(P ) → H, which assigns compiler hints to a158

selected subset of program locations. We denote159

by P ⊕ S the program obtained by augmenting160

P with the compiler hints specified by S at their161

corresponding locations.162

Based on these concepts, we formulate the prob-163

lem as follows: Given P and I, the goal is to find164

an assignment S∗ that minimizes the overall execu-165

tion time over the input set I:166

S∗ = argmin
S

∑
a∈I

t(P ⊕ S, a).167

However, effective compiler hint synthesis requires168

more than syntactic correctness; it demands se-169

mantic understanding of both program behavior170

and compiler internals. Fortunately, LLMs of-171

fer a promising foundation for this task, given172

their demonstrated strengths in code summariza-173

tion (Fang et al., 2024), intent inference (Wang174

et al., 2025; Ruan et al., 2024), and edit gener-175

ation (Dong et al., 2025b). Nevertheless, direct176

prompting cannot solve the problem end-to-end. 177

First, inserted hints must preserve program seman- 178

tics. Incorrect annotations, for example, marking 179

a side-effecting function as const, can induce un- 180

defined behavior or miscompilation. Second, com- 181

piler hints constitute long-tail knowledge in LLM 182

training corpora. As a result, models may hallu- 183

cinate hints, apply them incorrectly, or generate 184

annotations that are syntactically valid but semanti- 185

cally vacuous. Such outputs may fail to influence 186

optimization decisions, yielding no performance 187

benefit. To resolve the above challenges, we in- 188

troduce a framework for compiler hint synthesis, 189

named HINTPILOT, detailed in Sec. 3. 190

3 Our Solution: HINTPILOT 191

Figure 3 depicts the workflow of HINTPILOT. Fol- 192

lowing existing studies (Shypula et al., 2024), it 193

takes a target program and a set of test cases as 194

input. Technically, HINTPILOT synthesizes com- 195

piler hints for code optimization through three 196

phases. First, it parses the program to identify 197

valid insertion sites via structured context extrac- 198

tion. Second, during the stage of RAG-based hint 199

synthesis, HINTPILOT retrieves relevant hint de- 200

scriptions and usage examples from the knowledge 201

base, which are incorporated into a prompt that 202

guides the LLM to generate a sequence of candi- 203

date hints. Third, HINTPILOT applies the generated 204

hints, compiles the program, and executes the target 205

code. If compilation or testing fails or performance 206

degrades, HINTPILOT performs execution-guided 207

self-refinement, leveraging the diagnostics to guide 208

iterative regeneration. 209

Notably, HINTPILOT should exclude compiler 210

hints that may potentially alter program seman- 211

tics. Hence, to ensure program correctness, we 212

preprocess compiler documentation and construct 213

a knowledge base of semantic-preserving compiler 214
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hints. In what follows, we first describe the con-215

struction of this knowledge base (Sec. 3.1) and then216

present the technical details of each stage of the217

framework (Sec. 3.2∼Sec. 3.4).218

3.1 Knowledge Base Construction219

Before code optimization, we construct a struc-220

tured knowledge base that maps compiler hints221

to their semantic intent and usage patterns. This222

knowledge base provides the semantic grounding223

required by later components to generate valid,224

context-sensitive hint insertions.225

Selecting Semantics-Preserving Hints. We ex-226

tract hint descriptions from the official documen-227

tation of compilers, such as GCC, which we use228

in the evaluation, specifying each hint’s intended229

use, applicability conditions, and semantic implica-230

tions. From this corpus, we conservatively select a231

curated subset of 46 hints that do not affect a pro-232

gram’s observable behavior. Hints that introduce233

side effects or alter semantics are excluded. The234

retained hints serve solely as declarative guidance235

to the compiler, enabling optimizations without236

compromising functional correctness.237

Notably, our knowledge base is structured238

around a general hint schema and is documentation-239

driven. This design enables straightforward adapta-240

tion to other compilers—such as Clang, ICC, and241

MSVC—and across architectures including x86,242

ARM, and RISC-V.243

Extracting Optimization Patterns. We construct244

an external knowledge base from official compiler245

documentation that maps abstract optimization pat-246

terns to concrete hint usages. For each hint, we247

extract its full description. When descriptions are248

overly long, we use Gemini-2.5 to produce con-249

cise summaries of the key information. We also250

carefully identify and extract the applicable use251

cases and collect official code examples when avail-252

able. For hints without official usage programs, we253

prompt Gemini-2.5 to generate examples and man-254

ually verify their correctness. At inference time, we255

retrieve contextually relevant entries and provide256

them to the model as explicit semantic grounding,257

thereby reducing the risk of generating invalid or258

hallucinated hints.259

3.2 Structured Context Extraction260

To localize the valid program location for com-261

piler hints, HINTPILOT performs structure-aware262

analysis of the input program to identify valid263

and promising locations for hint insertion. Rather264

bool <func>has_close_elements(<var>vector<float> 
numbers, <var>float threshold){

<var>int i,<var>j; 
<stmt>for (i=0;i<numbers.size();i++)

<stmt>for (j=i+1;j<numbers.size();j++)
if (abs(numbers[i]-numbers[j])<threshold)

return true;
return false;

}

Figure 4: Input program format

than treating code as unstructured text, HINTPILOT 265

parses the source into a structured abstraction that 266

exposes functions, variables, and statements along 267

with their locations and types. 268

The abstraction is obtained using the GCC parser, 269

following the representation in (Wu et al.): 270

C = (Fn,t,pos, Vt,pos, Svl,pos), 271

where Fn,t,pos denotes function metadata includ- 272

ing function name n, return type t, and definition 273

location pos; Vt,pos denotes variable types and dec- 274

laration locations; and Svl,pos denotes statements, 275

the variables they reference, and their locations. 276

This abstraction enables HINTPILOT to (i) iden- 277

tify syntactically valid insertion points such as func- 278

tion definitions and loop headers, and (ii) isolate 279

the minimal structural context required for subse- 280

quent retrieval and generation. By constraining the 281

search space to structurally valid regions, this com- 282

ponent reduces noise and improves the reliability 283

of downstream LLM guidance. 284

3.3 RAG-based Hint Synthesis 285

Building on the extracted structural context, the 286

second component uses retrieval-augmented gener- 287

ation (RAG) to guide hint synthesis. HINTPILOT 288

combines code structure analysis with semantic 289

grounding from the knowledge base to produce 290

context-aware optimization hints. We present an 291

example of the retrieved content in Appendix C. 292

Prompt Construction. The LLM is prompted with 293

the structural abstraction C and code to suggest 294

possible hints. The prompt includes: 295

Structural Features: Observations on code struc- 296

ture based on C highlighting their potential impact 297

on program behavior with corresponding markers 298

like <var>, <stmt>, and <func> at the positions 299

given by Fn,t,pos, Vt,pos, and Svl,pos. Figure 4 300

demonstrates an example with the marker applied 301

to source code, where possible insertion positions 302

are marked for LLM. 303

Optimization Recommendations. A set of rele- 304

vant hint information (RAG_CONTEXT in Figure 5) 305

retrieved from the knowledge base, paired with con- 306
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Context: Here are possible attributes to use with usage description and 
examples: 
RAG_CONTEXT [1]
…
Task: You are given input with possible insertion positions marked in 
the source code.
{ "code": {<func>bool right_angle {…<stmt>for(i=0; i<N; i++){…}…}

Figure 5: The prompt template for hint synthesis

cise applicability conditions to encourage correct307

usage in the given structural context.308

Retrieval-Augmented Guidance. To enhance309

LLM’s contextual understanding, a RAG structure310

retrieves examples from a dataset, stored in a vector311

database. Each entry in the database contains:312

• Descriptions: Descriptions of the hints extracted313

from the official document, including their im-314

pact, usage, and conditions.315

• Code pairs (Pp, Pn): Correct use examples of the316

hints and an example without the hints.317

This retrieval mechanism addresses a common318

limitation of pretrained LLMs, which may lack pre-319

cise compiler-specific knowledge and can misapply320

hints even when the intended optimization is rea-321

sonable. To further improve reliability, HINTPILOT322

adopts a parsing-and-planning workflow that first323

determines candidate insertion sites from C and324

then synthesizes hints conditioned on retrieved ev-325

idence, instead of directly generating end-to-end326

hint-annotated code.327

3.4 Execution-Guided Self-Refinement328

We incorporate additional test cases generated by329

LLMs following (Shypula et al., 2024). During330

the profiling phase, we utilize these cases to gather331

runtime information and identify potential perfor-332

mance bottlenecks. The model takes the program333

source code, profiling data, and compilation feed-334

back as input. The iterative refinement process335

follows a three-step feedback loop:336

• Suggestion: The model proposes five candidate337

sets of compiler hints for the target code, result-338

ing in multiple feedback signals.339

• Execution: The code is compiled with the pro-340

posed hints and benchmarked using test cases to341

obtain performance metrics.342

• Feedback: The measured results, together with343

the applied hints, are fed back to the model to344

guide the next iteration. They are bad hint sets345

and bad logs in Figure 6.346

If the refined program passes all test cases and347

achieves a measurable speedup, it is evaluated on348

Given the input with possible insertion positions marked in the source 
code: {<code with markers>}

The following attributes/combinations previously caused performance 
degradation. 
Avoid generating them again, you may use similar but **non-equivalent 
safe alternatives**:
- Bad attribute sets: {bad_attr_sets}
- And the error/compilation message is: {bad_logs}

Figure 6: The prompt sketch for refinement

the official test suite. This feedback-guided loop 349

enables HINTPILOT to explore the hint space adap- 350

tively, correcting invalid insertions and converging 351

toward performance-improving configurations. 352

4 Evaluation 353

We evaluate HINTPILOT upon benchmarks to quan- 354

tify its effectiveness. This section details the exper- 355

imental setup, evaluation results, and case studies. 356

4.1 Experimental Setup 357

Datasets. We select two benchmarks to cover 358

both numerical and general-purpose algorithms. 359

Polybench (Pouchet and Yuki) comprises 34 nu- 360

merical kernels essential to high-performance com- 361

puting. It includes linear algebra operations 362

(e.g., Cholesky decomposition), stencil computa- 363

tions (e.g., Jacobi), and dynamic programming, 364

which is widely used in compiler optimization re- 365

search. HumanEval_CPP is the C++ version of 366

HumanEval-X (Zheng et al., 2024) that extends 367

HumanEval (Chen et al., 2021) to multiple lan- 368

guages and includes 164 tasks. This dataset eval- 369

uates optimization across diverse algorithmic pat- 370

terns, including sorting, searching, string manipu- 371

lation, and graph algorithms. 372

Baselines. We first compare HINTPILOT against 373

two widely adopted compiler optimization flags. 374

The first is -O3, the industry-standard optimization 375

level that applies a comprehensive suite of opti- 376

mizations to maximize performance. The second is 377

-Ofast, a more aggressive optimization mode that in- 378

cludes all -O3 optimizations along with additional 379

transformations that may relax strict language stan- 380

dard compliance. In addition, we compare HINTPI- 381

LOT with LLM-Compiler (Cummins et al., 2024), a 382

state-of-the-art Meta-developed LLM for compiler 383

optimization built on Code Llama. LLM-Compiler 384

is trained on a range of compiler-centric tasks, such 385

as compiler pass prediction and compiler emula- 386

tion. We use the LLM-Compiler-13B variant to 387

predict optimization flags for code optimization. 388

Models. We evaluate a diverse set of models, in- 389

cluding both proprietary APIs and open-weight 390
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architectures. The evaluated models comprise391

Qwen3-Coder-Plus, GPT-5.2, Codestral-22B-v0.1,392

Qwen2.5-Coder-14B-Instruct, GPT-4o-mini, and393

Claude-Sonnet-4.5. To ensure a fair compari-394

son with the baseline llm-compiler, we configure395

HINTPILOT to use the identical backbone model,396

CodeLlama-13B-Instruct, isolating the impact of397

our method from the model capacity.398

Prompting Strategies. We investigate three399

prompting strategies for synthesizing compiler400

hints. In the zero-shot setting, the model is pro-401

vided with the source code and profiling informa-402

tion, and is instructed to generate compiler hints di-403

rectly. To enforce the multi-step reasoning, we also404

adopt a chain-of-thought (CoT) prompting strat-405

egy following prior work (Garg et al., 2025). Fi-406

nally, in the few-shot prompting, we augment the407

prompt with a small number of in-context demon-408

strations (Brown et al., 2020) that exemplify com-409

piler hint insertion. Concretely, we include five410

representative examples from the knowledge base,411

curated using Gemini-3 as few-shot examples.412

Metrics. We use geometric mean speedup to mea-413

sure code performance, defined as:414

Speedupgeo = N

√√√√ N∏
i=1

Tbaseline,i

Tmethod,i
.415

where N means the total number of test cases used416

for a program.417

All experiments are conducted on a 32-core418

AMD EPYC 7543 server with 512 GB of RAM,419

running Ubuntu 22.04 and using GCC 13.3.0. Each420

experiment is repeated ten times to reduce measure-421

ment variance, and runtime results are averaged422

across independent runs.423

4.2 Main Results424

We evaluate the effectiveness of HINTPILOT by425

comparing it against two representative baselines.426

First, we compare with conventional compiler opti-427

mization levels, including -O3 and -Ofast. Second,428

we compare with llm-compiler, a state-of-the-art429

LLM for compiler optimization.430

Overall Effectiveness. Figure 7 compares HINT-431

PILOT with llm-compiler. As shown in the fig-432

ure, HINTPILOT delivers higher speedups on both433

datasets, with its distribution consistently shifted434

upward relative to llm-compiler-13b. And the dis-435

tribution is largely above 1, relative to the llm-436

compiler-13b, which may slow down the program.437

These results suggest that generating compiler hints438

HintPilot llm-compiler
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Figure 7: Boxplot of geometric mean speedup relative to
O3 of HINTPILOT(Codallama-13b-instruct) compared
to the llm-compiler-13b baseline.

is a more effective optimization pathway than di- 439

rectly predicting compiler passes for a whole pro- 440

gram with LLMs. 441

Comparison with Compiler Optimization Lev- 442

els. As shown in Table 4.3, HINTPILOT consis- 443

tently outperforms the standard compiler optimiza- 444

tion levels across different backend LLMs. When 445

equipped with the model Qwen3-Coder-Plus, our 446

framework achieves remarkable geometric mean 447

speedups of 3.53× on HumanEval_CPP and 2.10× 448

on Polybench relative to -O3. Even compared to 449

the aggressive -Ofast optimization level, which re- 450

laxes strict compliance with the standard for speed, 451

HINTPILOT still delivers substantial gains, achiev- 452

ing 6.88× and 1.63× speedups, respectively. This 453

demonstrates that our method effectively identifies 454

fine-grained optimization opportunities that tradi- 455

tional compiler heuristics miss. 456

Comparison with llm-compiler-13b. We further 457

present the comparison results against compare 458

HINTPILOT (using the model CodeLlama-13B- 459

Instruct) against llm-compiler-13b (for predicting 460

compiler flags). Figure 7 reports the distribution of 461

speedup rates and the proportion of programs that 462

exhibit actual performance gains. HINTPILOT con- 463

sistently outperforms llm-compiler-13b, achieving 464

both higher average speedups and greater consis- 465

tency across benchmarks. These results indicate 466

that our method yields not only larger but also more 467

reliable performance improvements. 468

4.3 Ablation Study 469

We conducted an ablation study comparing Zero- 470

shot, Chain-of-Thought (CoT), and CoT + Few- 471

shot strategies, as summarized in Table 3. The 472

results reveal a clear progressive improvement. 473

Impact of Prompting Strategies. Zero-shot yields 474

only modest gains (1.34× on Humaneval_CPP 475

and 1.12× on PolyBench), likely due to limited 476

compiler-specific knowledge. Adding CoT im- 477
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Table 2: Geometric mean speedup compared with O3 and Ofast. T refers to the maximum number of iterations.
Here, T denotes the maximum number of iterations and N denotes the number of candidates. We first report results
for different models with T = 2 and N = 5, and then analyze the impact of varying T and N

Optimization Option O3 Ofast

HumanEval_CPP PolyBench HumanEval_CPP PolyBench

Qwen3-Coder-Plus 3.53× 2.10× 6.88× 1.63×
GPT-5.2 1.41× 1.51× 1.55× 1.49×
Codestral-22B-v0.1 1.08× 1.21× 1.23× 2.17×
Qwen2.5-Coder-14B-Instruct 2.04× 1.10× 1.84× 1.25×
GPT-4o-mini 1.27× 1.26× 1.86× 1.23×
Claude-Sonnet-4.5 2.88× 1.34× 3.87× 1.35×

Qwen3-Coder-Plus(T = 2, N = 1) 1.20× 1.06× 1.16× 1.20×
Qwen3-Coder-Plus(T = 3, N = 1) 1.18× 1.04× 1.17× 1.06×
Qwen3-Coder-Plus(T = 2, N = 3) 1.30× 1.30× 1.41× 1.16×

proves Humaneval_CPP by 1.62×, suggesting478

that reasoning helps identify optimization-friendly479

structures, such as dependency-free loops. CoT +480

Few-shot further boosts Humaneval_CPP to 2.10×481

but does not help PolyBench (1.15× vs. 1.17×482

with CoT), implying that fixed examples can add483

bias or noise for diverse numerical kernels.484

In contrast, HINTPILOT achieves a clear leap485

to 3.53× on Humaneval_CPP and 2.10× on Poly-486

Bench. Moreover, CoT alone reduces the Poly-487

Bench compilation rate to 73.52%, while HINT-488

PILOT recovers it to 80.00% and also attains the489

highest speedup rate with few regressions. Over-490

all, these results support that our solution retrieves491

precise, context-aware patterns beyond a static few-492

shot prompting strategy.493

Impact of Selected Models. As shown in Ta-494

ble , we also observe that the choice of backbone495

LLM significantly affects optimization quality. The496

Qwen3-Coder-Plus and Claude-Sonnet-4.5 mod-497

els generally outperform smaller models such as498

Codestral-22B, validating that stronger reasoning499

capabilities in the base model translate into more500

effective compiler hints.501

Selection of Iteration and Candidate Numbers.502

The ablation results in Table 4.3 underscore the ef-503

fectiveness of our execution-guided self-refinement.504

Increasing the candidate pool size N from 1 to505

3 (with T = 2) yields a clear performance gain,506

suggesting that broader exploration of hint com-507

binations for richer execution feedback is key to508

discovering stronger configurations. However, in-509

creasing the number of refinement iterations leads510

to a slight performance drop, likely due to noise511

accumulation in the feedback signals.512

4.4 Failure Case Analysis 513

Though the hints in our knowledge base are de- 514

signed to be semantics-preserving when applied 515

correctly, LLMs may still apply them incorrectly, 516

such as inserting a hint at an inappropriate loca- 517

tion or using an invalid syntax, which can lead 518

to compilation errors. We therefore manually in- 519

spected cases where HINTPILOT failed to improve 520

performance or caused compilation failures, and 521

summarized the primary failure modes as follows: 522

• Syntax Hallucinations: Despite retrieval aug- 523

mentation, the model occasionally generates di- 524

rectives with invalid formats or hints unsupported 525

by the specific compiler version. 526

• Contextual Mismatch: Instances where hints 527

are applied to incompatible scopes. For example, 528

loop pragmas on non-loop statements or require 529

compiler flags that were not active. 530

• Profiling Instability: In rare cases, the feedback 531

loop overfits to measurement noise, selecting can- 532

didates that offer negligible or unstable gains, as 533

shown in Appendix C.3. 534

These observations highlight the need for future 535

improvements in static hint verification and more 536

robust profiling protocols to mitigate system noise. 537

5 Related Work 538

LLM-based Code Optimization. Recent work 539

on LLM-based code optimization falls into two 540

main categories. The first category comprises gen- 541

erative code refactoring approaches (Zhao et al., 542

2025; Acharya et al., 2025; Gao et al., 2024; 543

Wang et al., 2022; Garg et al., 2022b, 2025; Gee 544

et al.), which utilize LLMs to rewrite program struc- 545

tures. While benchmarks like PIE (Shypula et al., 546

2024), ECCO (Waghjale et al., 2024), Mercury (Du 547

et al., 2024), EffiBench (Huang et al.), and Hu- 548
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Table 3: Analysis of compilation rate and efficiency on PolyBench and HumanEval_CPP benchmarks. We use
Qwen3-Coder-Plus. We report compilation rate (Comp.), speedup rate (Spd.), and geometric mean speedup relative
to -O3. Best results among LLM-based methods are highlighted in bold.

Method HumanEval_CPP PolyBench

Comp. (%) Spd. (%) Speedup Comp. (%) Spd. (%) Speedup

Zero-shot 94.51% 87.19% 1.34× 78.04% 78.04% 1.12×
CoT 97.56% 96.34% 1.62× 73.52% 61.76% 1.17×
CoT + Few-shot 97.56% 96.95% 2.10× 70.58% 61.76% 1.15×

HINTPILOT 97.56% 97.56% 3.53× 80.00% 80.00% 2.10×
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Figure 8: Speedup boxplot of different methods across datasets and baselines

manEval (Chen et al., 2021) have demonstrated549

the potential of these models, they are primarily550

in Python, and such invasive changes often risk551

semantic drift. More recently, learning-based align-552

ment strategies, such as EffiCoder (Huang et al.,553

2025), PerfCodeGen (Peng et al., 2024), and ACE-554

Code (Yang et al., 2024b), employ fine-tuning or555

reinforcement learning to align models with effi-556

ciency metrics, but incur high training costs.557

The second category consists of compiler-centric558

techniques (Cummins et al., 2024; Merouani et al.,559

2025; Lamouri et al., 2025; Baghdadi et al.), which560

integrate LLMs with internal compiler representa-561

tions or cost models to guide transformations such562

as pass selection. While these methods offer a prin-563

cipled interface to the compiler, they typically lack564

fine-grained control at the source level. In contrast,565

we introduce a lightweight, holistic paradigm span-566

ning multiple granularities. Unlike heavy-weight,567

training-based, or invasive rewriting methods, we568

combine RAG with execution feedback to achieve569

significant performance gains while maintaining570

semantic correctness.571

Machine Learning for Compilers. Compiler op-572

timization involves navigating a high-dimensional573

transformation space to improve program perfor-574

mance. Traditionally, this process has relied on575

hand-crafted heuristics of compiler engineers. Re-576

cent work has explored machine learning (ML) to577

automate heuristic design. ML-based approaches578

have been applied to a range of compiler tasks, in-579

cluding vectorization (Mendis et al., 2019), loop580

transformations such as unrolling and distribu-581

tion (Stephenson and Amarasinghe, 2005; Jain 582

et al., 2022), function inlining (Trofin et al., 2021), 583

and register allocation (Das et al., 2020). These 584

methods typically train predictive models offline to 585

replace fixed heuristics or to guide search-based 586

optimization. Reinforcement learning has also 587

been used to dynamically explore optimization 588

sequences. Surveys such as (Allamanis et al., 589

2018; Wang and O’Boyle, 2018b) provide a broad 590

overview of these techniques. Prior work has pri- 591

marily focused on selecting global compiler flags or 592

tuning specific phases, such as register allocation. 593

In contrast, our approach enables fine-grained syn- 594

thesis of optimization hints, tailored to individual 595

program components and capable of influencing 596

multiple compiler phases. 597

6 Conclusion 598

Software systems are increasingly complex and 599

performance-critical, yet achieving effective opti- 600

mization remains challenging. This work identifies 601

an exciting, principled role for LLMs in addressing 602

this challenge by synthesizing compiler hints—an 603

interpretable and constrained interface between de- 604

velopers and compilers. We introduce HINTPILOT, 605

a system that leverages LLMs to generate such 606

hints, enabling compilers to uncover and exploit 607

optimization opportunities without compromising 608

correctness. Our results suggest that LLM-guided 609

hint synthesis is a promising direction for improv- 610

ing code performance and making advanced com- 611

piler optimizations more accessible. 612
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7 Limitations613

While HINTPILOT demonstrates strong empirical614

performance across diverse benchmarks, several615

limitations remain.616

Scope of Optimization. HINTPILOT focuses on617

source-code–level compiler hints that can be at-618

tached to localized program elements, such as619

functions, variables, and statements. As a result,620

it primarily targets fine-grained, local optimiza-621

tion opportunities exposed through compiler hints.622

More global optimization decisions, such as whole-623

program memory layout, interprocedural register624

allocation, or cross-module code placement, are625

outside the scope of the current framework because626

they are not directly controllable via localized hints.627

Extending HINTPILOT to reason about such global628

optimizations would require richer interfaces to629

the compiler and new forms of feedback beyond630

per-input runtime profiling.631

Reliance on Underlying LLMs. The effective-632

ness of HINTPILOT depends on the reasoning and633

generalization capabilities of the underlying lan-634

guage model. Stronger models consistently pro-635

duce higher-quality hint plans, particularly for non-636

local or uncommon optimization patterns, while637

smaller models are more prone to invalid or inef-638

fective suggestions. Although retrieval-augmented639

grounding mitigates hallucinations and syntactic640

errors, it cannot fully compensate for limited model641

capacity. As LLMs continue to evolve, we expect642

HINTPILOT to benefit directly from improvements643

in model reasoning, code understanding, and long-644

context handling.645

Benchmark Coverage and Generalization. Our646

evaluation spans numerical kernels, algorithmic647

programming tasks, and competitive programming648

benchmarks, providing a broad view of HINTPI-649

LOT ’s effectiveness. Nevertheless, these datasets650

do not fully capture all real-world optimization651

scenarios, such as large-scale industrial codebases,652

highly concurrent systems, or performance-critical653

I/O-intensive applications. Moreover, the input sets654

used for profiling and evaluation may not reflect655

the full diversity of production workloads. Expand-656

ing evaluation to additional datasets, architectures,657

and workload distributions is necessary to further658

assess robustness and generalization.659
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A Algorithm of HINTPILOT857

The algorithm of our approach is illustrated in Algo-858

rithm 1, which is an iterative, retrieval-augmented859

code optimization framework driven by large lan-860

guage models (LLMs). Given an input program861

Psrc, a domain-specific knowledge base K, and a862

test suite TLLM , HINTPILOT searches for a seman-863

tically equivalent but higher-performing variant by864

automatically inserting optimization attributes (or865

hints) into the source code.866

Initialization. The algorithm begins by profiling867

the original program Psrc on TLLM to establish868

a baseline performance metric Mbest. The best-869

known program Pbest is initialized to Psrc. In addi-870

tion, HINTPILOT constructs a structural represen-871

tation Sstruct of the source code using a compiler-872

based parser, extracting salient program elements873

Algorithm 1 HINTPILOT

Require: Source Code Psrc, Knowledge Base K, Test Suite
TLLM , Max Iterations T , Candidate Size N

Ensure: Optimized Code Pbest

Initialize: Pbest ← Psrc, Mbest ←
PROFILE(Psrc, TLLM )
Hfeedback ← ∅ ▷ Initialize interaction history
Sstruct ← GCCPARSER(Psrc) ▷ Extract functions, loops,
variables
for t = 1 to T do

// Phase 1: Retrieval-Augmented Prompting
Drag ← RETRIEVE(Sstruct,K) ▷ Fetch relevant

attribute docs & examples
Promptt ←

CONSTRUCTPROMPT(Psrc, Sstruct, Drag, Hfeedback)
// Phase 2: Batch Generation of Plans
Splans ← LLMπ(Promptt, samples = N) ▷

Generate N independent insertion plans
Rbatch ← ∅
for each plan sk ∈ Splans do

P ′
k ← INSERTHINTS(Psrc, sk) ▷

Deterministically apply attributes
statusk,metrick ← PROFILE(P ′

k, TLLM ) ▷
Compile and benchmark

Rbatch.add({sk, statusk,metrick})
if statusk == PASS ∧metrick > Mbest then

Pbest ← P ′
k

Mbest ← metrick
end if

end for
// Phase 3: Feedback Aggregation
Hfeedback ← UPDATEFEEDBACK(Rbatch) ▷

Summarize errors and perf gains
end for
return Pbest

such as functions, loops, and variables. An initially 874

empty feedback history Hfeedback is maintained 875

to accumulate information from prior optimization 876

attempts. 877

Retrieval-Augmented Prompting. In each 878

iteration, HINTPILOT first performs retrieval- 879

augmented prompting. Using the structural sum- 880

mary Sstruct as a query, the retriever selects a set 881

of relevant documents Drag from the knowledge 882

base K, including attribute specifications and us- 883

age examples. These retrieved artifacts, together 884

with the source code and aggregated feedback from 885

previous iterations, are used to construct a prompt 886

Promptt that contextualizes the optimization task 887

for the LLM. 888

Batch Plan Generation and Evaluation. Given 889

Promptt, the LLM generates a batch of N candi- 890

date insertion plans, each specifying a structured 891

set of attribute insertions. Rather than directly 892

emitting modified code, HINTPILOT determinis- 893

tically applies each plan to the original program 894

via INSERTHINTS, yielding a candidate program 895

P ′k. Each candidate is then compiled and executed 896

against TLLM to assess both correctness and perfor- 897

11

https://doi.org/10.1145/3497776.3517769
https://doi.org/10.1145/3497776.3517769
https://doi.org/10.1145/3497776.3517769
https://doi.org/10.1109/JPROC.2018.2817118
https://doi.org/10.1109/JPROC.2018.2817118
https://doi.org/10.1109/JPROC.2018.2817118
https://doi.org/10.1109/JPROC.2018.2817118
https://doi.org/10.1109/JPROC.2018.2817118
https://doi.org/10.1109/JPROC.2018.2817118
https://doi.org/10.48550/arXiv.2412.17264
https://doi.org/10.48550/arXiv.2412.17264
https://doi.org/10.48550/arXiv.2412.17264
https://doi.org/10.48550/arXiv.2412.17264
https://doi.org/10.48550/arXiv.2412.17264
https://arxiv.org/abs/2412.17264
https://arxiv.org/abs/2412.17264
https://arxiv.org/abs/2412.17264
https://arxiv.org/abs/2412.17264
https://arxiv.org/abs/2412.17264
https://doi.org/10.48550/arXiv.2510.16384
https://doi.org/10.48550/arXiv.2510.16384
https://doi.org/10.48550/arXiv.2510.16384
https://arxiv.org/abs/2303.17568
https://arxiv.org/abs/2303.17568
https://arxiv.org/abs/2303.17568


Attribute name: __attribute__((pure))
Description: The function has no observable side effects except 
through its return value. It may read non-volatile objects, and may 
modify data only if this does not affect the return value or program-
visible state.
Optimization impact: Enables optimizations such as common-
subexpression elimination.

Figure 9: Case I. HINTPILOT retrieves the usage pat-
tern for the pure attribute and inserts it, enabling the
compiler to optimize the call.

mance. Candidates that pass all tests and improve898

upon the current best metric are used to update899

Pbest and Mbest.900

Feedback Aggregation. After evaluating all can-901

didates in the batch, HINTPILOT summarizes902

the observed outcomes—including compilation903

failures, runtime errors, and performance im-904

provements—into an updated feedback history905

Hfeedback. This feedback is fed into subsequent906

iterations, enabling the LLM to avoid previously907

unsuccessful patterns and refine future insertion908

plans.909

Termination. The algorithm repeats this three-910

phase process for a fixed number of iterations T911

and finally returns the best-performing program912

variant Pbest discovered during the search.913

B Implementation Details914

We implement HINTPILOT using915

LangChain (Chase, 2022) and vLLM (Kwon916

et al., 2023). To reduce hallucinations and917

guarantee syntactic correctness, we adopt a918

two-stage generation pipeline. Instead of emitting919

annotated code directly, the model first generates920

a structured insertion plan, which we then apply921

deterministically to the source code.922

To encourage diversity among candidates, we923

use sampling with temperature = 1.0 and top-924

p = 1.0. To ensure these plans are reliably925

parsable, we enforce a strict JSON schema using926

the structured output mechanisms provided by the927

underlying frameworks. For the RAG component,928

we configure the retriever to return the top k = 4929

relevant documents as context.930

C Case Study931

As discussed in Section 3, HINTPILOT significantly932

mitigates hallucinations in compiler hint generation933

by grounding decisions in retrieved documentation.934

We illustrate this process with several representa-935

tive examples.936

#include <stdio.h>
#include <math.h>
#include <vector>
#include <string>
using namespace std;
#include <algorithm>
#include <stdlib.h>
__attribute__((pure)) 
int skjkasdkd(vector<int> lst){

int largest=0;
for (int i=0;i<lst.size();i++)
if (lst[i]>largest)
{

bool prime=true;
for (int j=2;j*j<=lst[i];j++)
if (lst[i]%j==0) prime=false;
if (prime) largest=lst[i];

}
int sum=0;
string s;
s=to_string(largest);
for (int i=0;i<s.length();i++)

sum+=s[i]-48;
return sum;

}
Figure 10: Case I. The original code is dominated by
a deeply-nested loop nest in the dynamic programming
kernel.

C.1 Case I 937

Consider the source program in Figure 10, which 938

contains a computationally intensive function 939

called within a loop. HINTPILOT first parses the 940

code structure and queries the knowledge base. Fig- 941

ure 9 displays one retrieved result: a canonical us- 942

age example of the pure attribute, explicitly stating 943

that it applies to functions with no side effects. 944

Grounded by this context, the LLM correctly in- 945

fers that the target function depends solely on its 946

arguments and modifies no global state. It then gen- 947

erates a plan to insert __attribute__((pure)). 948

This annotation explicitly informs the compiler 949

that the function is side-effect-free, enabling ag- 950

gressive optimizations such as loop-invariant code 951

motion (hoisting the function call out of the loop) 952

and common subexpression elimination, thereby 953

significantly reducing runtime overhead. Remark- 954

ably, this single attribute injection results in a 325× 955

speedup, primarily by eliminating redundant com- 956

putations inside the hot loop. 957

C.2 Case II 958

Consider the source program in Figure 11, whose 959

computation is dominated by two consecutive ma- 960

trix multiplications in the 2mm kernel. HINTPI- 961

LOT first parses the program and then queries the 962

knowledge base for relevant compiler attributes. 963

Figure 12 displays retrieved knowledge including 964
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__attribute__((optimize("O3"), hot)) static void init_array(...)) {
for (i = 0; i < ni; i++)

for (j = 0; j < nk; j++)
A[i][j] = (DATA_TYPE) ((i*j+1) % ni) / ni;

/*Other initialization loops omitted*/
}
__attribute__((optimize("O3"))) static void print_array(...) {

for (i = 0; i < ni; i++)
for (j = 0; j < nl; j++) {

if ((i * ni + j) % 20 == 0) fprintf (POLYBENCH_DUMP_TARGET, "\n");
fprintf (POLYBENCH_DUMP_TARGET, DATA_PRINTF_MODIFIER, D[i][j]);
}

}
__attribute__((optimize("O3"), hot, pure)) static void kernel_2mm(...) {

int i, j, k;
#pragma scop
for (i = 0; i < _PB_NI; i++)

for (j = 0; j < _PB_NJ; j++) {
tmp[i][j] = SCALAR_VAL(0.0);
for (k = 0; k < _PB_NK; ++k)

tmp[i][j] += alpha * A[i][k] * B[k][j];
}

/*Second matrix multiplication omitted*/
#pragma endscop

}
__attribute__((optimize("O3"), hot)) int main(int argc, char** argv) {

/*Calls omitted*/
}

Figure 11: Case II. The original code contains a redundant function call inside a loop.

Attribute name: __attribute__((optimize))
Description: Specifies that a function is compiled with optimization 
options different from those provided on the command line. The 
specified options are treated as if appended to the compiler’s command-
line flags for that function.
Optimization impact: Enables per-function control of optimization 
settings, overriding the global compilation level.

Attribute name: __attribute__((hot))
Description: Indicates that the execution path following the annotated 
label is more likely than alternative paths. The compiler assumes that 
this labeled path is frequently executed when making optimization 
decisions.
Optimization impact: Encourages allocating more optimization effort 
along the hot path.

Figure 12: Case II. HINTPILOT retrieves compiler op-
timization attributes for compute-intensive kernels and
applies them to prioritize optimization of the main exe-
cution path.

optimize("O3") and hot, which convey optimiza-965

tion priority in compute-intensive regions.966

Grounded by this context, the967

LLM synthesizes a plan that assigns968

__attribute__((optimize("O3"), hot))969

to the kernel as well as other routines on the970

main execution path. These annotations in-971

form the compiler that the functions lie on the972

performance-critical execution path, enabling973

aggressive optimizations and prioritizing code974

generation. The kernel is additionally marked as975

pure, which reduces side-effect-related constraints976

and allows more effective instruction scheduling977

and register allocation. The attributed version 978

achieves an 89× speedup by reducing computation 979

and memory-access overhead in the core kernel. 980

C.3 Case III 981

Consider the program in Figure 13, which consists 982

of a compute-intensive initialization routine fol- 983

lowed by the factorization kernel. HINTPILOT pro- 984

files the execution to identify performance-critical 985

regions, determines that the LU kernel is the main 986

bottleneck, and queries the knowledge base. Fig- 987

ure 14 displays the retrieved cold attribute, indicat- 988

ing expected execution frequency and allowing the 989

compiler to adjust optimization effort accordingly. 990

Grounded in this context, the LLM marks 991

kernel_lu as __attribute__((hot)) and as- 992

signs __attribute__((cold)) to the initializa- 993

tion routine. However, in this case, the initial- 994

ization phase performs substantial computation 995

and accounts for a significant portion of the to- 996

tal runtime, even though it is executed only once. 997

The cold attribute, therefore, biases the compiler 998

toward more conservative code generation in a 999

compute-intensive region, leading to increased ex- 1000

ecution time, while the hot attribute on the LU 1001

kernel provides little benefit due to inherent loop 1002

dependences. 1003

Moreover, this case reveals instability in the feed- 1004

back loop. Since performance is evaluated only at 1005
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__attribute__((cold)) 
static void init_array (int n, DATA_TYPE POLYBENCH_2D(A,N,N,n,n)) {
 /* Matrix initialization omitted */

int r,s,t;
POLYBENCH_2D_ARRAY_DECL(B, DATA_TYPE, N, N, n, n);
for (r = 0; r < n; ++r)

for (s = 0; s < n; ++s)
(POLYBENCH_ARRAY(B))[r][s] = 0;

for (t = 0; t < n; ++t)
for (r = 0; r < n; ++r)

for (s = 0; s < n; ++s)
(POLYBENCH_ARRAY(B))[r][s] += A[r][t] * A[s][t];

for (r = 0; r < n; ++r)
for (s = 0; s < n; ++s)

A[r][s] = (POLYBENCH_ARRAY(B))[r][s];
POLYBENCH_FREE_ARRAY(B);

}
__attribute__((hot)) 
static void kernel_lu (int n, DATA_TYPE POLYBENCH_2D(A,N,N,n,n)) {

int i, j, k;
#pragma scop
for (i = 0; i < _PB_N; i++) {

for (j = 0; j <i; j++) {
for (k = 0; k < j; k++) {

A[i][j] -= A[i][k] * A[k][j];
}
A[i][j] /= A[j][j];

}
for (j = i; j < _PB_N; j++) {

for (k = 0; k < i; k++) {
A[i][j] -= A[i][k] * A[k][j];

}
}

}
#pragma endscop

}

Figure 13: Case III.The original program includes a compute-intensive initialization phase followed by an LU
factorization kernel

Attribute name: __attribute__((cold))
Description: Indicates that the execution path following the annotated 
label is unlikely to be executed. The compiler treats the labeled path as 
rarely executed when generating code.
Optimization impact: Allows deprioritizing optimization effort for 
cold paths.

Figure 14: Case III. HINTPILOT retrieves the cold
attribute and applies it to the initialization routine, de-
prioritizing optimization in a compute-intensive region.

the program level, the feedback is dominated by1006

coarse-grained runtime noise, making it impossi-1007

ble to attribute the slowdown to the initialization1008

phase and preventing effective refinement in sub-1009

sequent optimization attempts. As a result, it fails1010

to complete within the time limit because it incor-1011

rectly marks the performance-critical routine as1012

non-critical.1013
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