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Abstract

Recent LLM-based GPU code generation meth-
ods have shown promising results on CUDA
and Triton kernels, but they typically operate
on pre-isolated operators. Such a pre-isolated
setting falls short in real-world CPU-GPU het-
erogeneous optimization, where the target com-
putation is embedded in a larger repository
and must be discovered, contextualized, selec-
tively offloaded, and integrated. Such optimiza-
tion requires repository-level context including
data structure definitions, caller patterns, build
configurations, and profiling signals, which is
largely absent from operator-level tasks and
benchmarks. In this work, we propose GLARE,
a profiling-guided framework for repository-
level code optimization targeting at heteroge-
neous CPU-GPU systems. GLARE anchors
repository context in dynamic profiling signals,
builds a multi-granular code dependency graph,
extracts hotspot-centered active subgraphs, and
uses an agentic loop to decide CPU-GPU parti-
tioning and refine heterogeneous patches with
execution feedback. On a GPU-acceleration
subset of GSO with 63 tasks, GLARE im-
proves OPT@1 from 74.6% to 87.3% over the
strongest baseline under GPT-5.2, and achieves
an 11.6% average end-to-end speedup. Abla-
tion studies confirm that profiling-guided con-
text construction is the primary driver of these
gains.

1 Introduction

Recent advancements in LLM-based GPU code
generation show significant promise in synthesiz-
ing CUDA and Triton kernels. As benchmarks
like KernelBench and TritonBench evaluate the
correctness and efficiency of these generated ker-
nels (Ouyang et al., 2025; Li et al., 2025a), recent
systems are pushing the boundaries of kernel syn-
thesis through model specialization, reinforcement
learning, and automated refinement (Zaeed et al.,
2025; Lei et al., 2025; Fisches et al., 2025; Woo

et al., 2025; Li et al., 2025b). These methods typ-
ically operate in an operator-level setting, where
the target computation is already separated from
the surrounding program and the task is to gener-
ate a correct and efficient CUDA or Triton kernel.
However, this pre-isolated setting abstracts away
the repository-level challenges of real-world CPU-
GPU heterogeneous optimization. In a production
codebase, the computation to accelerate is often
embedded in a larger software system. Hence, the
agent must first discover performance hotspots, re-
cover the data structures and caller patterns that
determine input shapes and memory layout, reason
about whether GPU offloading is worthwhile un-
der data-transfer overhead, and integrate the gener-
ated kernel with host-side code, build scripts, tests,
and fallback paths. These requirements depend
on execution-driven repository context rather than
merely on the local operators.

Existing work has studied parts of this problem
in isolation, but does not bridge repository-level
context construction with GPU kernel generation.
Kernel-level methods such as Opal, PRAGMA,
KernelLLM, and AutoTriton focus on generating
CUDA or Triton code for pre-isolated hotspots,
and therefore do not address hotspot localization,
cross-file dependency recovery, or project-level
integration (Zaeed et al., 2025; Lei et al., 2025;
Ouyang et al., 2025; Fisches et al., 2025; Woo
et al., 2025; Li et al., 2025b; Gong et al., 2026).
In parallel, recent repository-level code agents and
optimization benchmarks have enabled progress
on realistic software engineering and performance
tasks (Jimenez et al., 2024; Wang et al., 2025a; Xia
et al., 2025; Yang et al., 2024; Shetty et al., 2025;
He et al., 2025; Bai et al., 2025; Peng et al., 2026;
Garg et al., 2025; Zhang et al., 2024), but they
mainly target CPU-side rewrites or general perfor-
mance fixes. Their context construction strategies
largely rely on semantic retrieval or dependency-
based expansion (Zhang et al., 2023; Shrivastava
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et al., 2023; Liu et al., 2024; Phan et al., 2025),
which work well when relevant code is textually
or structurally close to the target location. In het-
erogeneous optimization, however, relevant con-
text is determined by many factors such as runtime
cost, hot functions, upstream callers, data loaders,
memory layout, build configurations, and input
characteristics, which may be scattered across the
repository without textual similarity. As a result,
repository-level CPU-GPU optimization remains
an open challenge and it requires profiling-guided
context construction, GPU offloading decisions,
kernel generation, and execution-grounded integra-
tion in a single loop (Gong et al., 2025).

To this end, we propose GLARE , a profiling-
guided framework for repository-level code op-
timization on heterogeneous CPU-GPU systems.
GLARE’s core insight is that runtime profiling
signals anchor optimization context more effec-
tively than semantic similarity. Given a repository,
GLARE builds a multi-granular code dependency
graph (MCDG), identifies hotspot seeds from profil-
ing traces, and performs bidirectional graph expan-
sion with heuristic scoring and pruning to extract a
compact performance-aware active subgraph that
serves as the optimization context for LLM reason-
ing. Using this context, GLARE performs agentic
CPU-GPU partitioning, generates CUDA or Tri-
ton kernels, and iteratively refines patches through
compilation, correctness testing, and performance
evaluation. Our contributions are summarized as
follows:

* We empirically show that runtime-cost-
aware context construction better captures
optimization-relevant dependencies than file-
level, function-only, and whole-repo context
strategies.

* We propose GLARE, a profiling-guided
optimization framework that achieves
performance-aware repository understanding
via multi-granular dependency graphs and
active subgraph extraction, agentic CPU-
GPU partitioning, kernel generation, and
execution-grounded iterative refinement.

* We evaluate on 63 GPU-acceleration tasks
from GSO, showing that GLARE outperforms
existing baselines and that profiling-guided
context construction is the key driver of the
improvement.

2 Related Work

Repository-Level Code Agents. Recent LLM-
based software engineering systems have moved
from isolated code generation to repository-level
modification. SWE-bench (Jimenez et al., 2024)
evaluates whether models can resolve real GitHub
issues, while agentic systems such as SWE-
agent (Yang et al., 2024), AutoCodeRover (Zhang
et al., 2024), and OpenHands (Wang et al., 2025a)
interact with files, execute commands, localize
bugs, edit code, and validate patches. Moreover,
workflow-style methods such as Agentless (Xia
et al., 2025) decompose repository-level repair into
localization, editing, and validation stages. These
works demonstrate the promise of repository-level
agents, but primarily target functional correctness
rather than performance optimization.

Repository-Level Code Understanding and Re-
trieval. Another line of work studies repository-
level context retrieval for code generation. Re-
poCoder (Zhang et al., 2023) and RepoFusion (Shri-
vastava et al., 2023) retrieve or learn to use cross-
file context for completion, while GraphCoder (Liu
et al., 2024) and RepoHyper (Phan et al., 2025) ex-
ploit code graphs or semantic repository graphs to
improve context selection. RLCoder further trains
repository-level retrievers with reinforcement learn-
ing signals (Wang et al., 2025b), and CodeRAG im-
proves retrieval-augmented repository completion
through query construction, multi-path retrieval,
and preference-aligned reranking (Zhang et al.,
2025b). However, these methods mainly retrieve
semantically or syntactically relevant context, with-
out considering runtime behavior or performance-
critical execution paths.

LLMs for Code Performance Optimization.
Early LLM-based code optimization studies mainly
focus on isolated programs or function-level rewrit-
ing. PIE introduces performance-improving edits
as a benchmark for learning faster code transforma-
tions (Shypula et al., 2024). Subsequent methods
study execution-feedback or search-based optimiza-
tion, including EffiLearner, which uses execution
overhead profiles for self-optimization (HUANG
et al., 2024), PerfCodeGen, which incorporates
runtime feedback into self-refinement (Peng et al.,
2025), and SBLLM, which formulates code op-
timization as an iterative search process (Gao
et al., 2025). Recent work also explores training
paradigms for code acceleration, such as BITE’s
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Figure 1: Overview of the proposed GLARE framework.

bidirectional tree editing (Zhang et al., 2025a), and
efficiency-oriented generation frameworks such as
LLM4Effi (Ye et al., 2025). Recent work has
begun to study whether LLM agents can opti-
mize real-world codebases. GSO (Shetty et al.,
2025) introduces challenging repository-level soft-
ware optimization tasks for evaluating SWE agents,
and SWE-Perf (He et al., 2025) constructs perfor-
mance optimization tasks from real performance-
improving pull requests. These benchmarks re-
veal that existing agents still struggle with hotspot
localization, cross-file reasoning, and generating
patches with reliable speedup. POLO (Bai et al.,
2025) further proposes a project-level LLM opti-
mization framework that combines profiling, pro-
gram structure analysis, and LLM-based rewrit-
ing. GLARE is closely related to this line of work,
but focuses on CPU-GPU heterogeneous optimiza-
tion, which additionally requires deciding whether
a hotspot is suitable for GPU acceleration, reason-
ing about data transfer overhead, and integrating
generated GPU code into the original repository.

3 GLARE

We propose GLARE, a profiling-guided, agentic
code generation framework designed for repository-
level optimization on heterogeneous CPU-GPU
systems. As depicted in Figure 1, the GLARE
pipeline begins by parsing an input software reposi-
tory to construct a multi-granular code dependency
graph, capturing structural, cross-file, and function-

level relationships. It then maps dynamic profiling
signals onto this graph to isolate a compact ac-
tive subgraph around performance-critical regions.
Driven by this active subgraph, GLARE pinpoints
suitable targets for GPU acceleration and formu-
lates a comprehensive CPU-GPU partitioning plan.
In the final stage, LLMs generate heterogeneous
optimization patches, iteratively optimizing them
through continuous feedback from compilation,
correctness testing, and performance profiling.

Before context construction, GLARE runs the
benchmark workload once with cProfile for
Python or perf for C/C++. Execution time, call
frequency, and accumulated cost are mapped to
function-level MCDG nodes through symbol reso-
lution and available source locations, making the
profiles workload-dependent. These scores select
hotspot seeds and bias graph expansion and pruning
together with structural proximity, semantic impor-
tance, and redundancy penalty. Patched executions
later provide additional traces for diagnosing low-
speedup candidates.

3.1 Code Repository Understanding

In repository-level optimization, relevant context
inherently spans multiple levels of abstraction.
Hotspot functions frequently depend on external
data structures, modular helper functions, or up-
stream call chains that lack textual similarity to the
hotspot, making standard semantic retrieval unre-
liable. To address this, GLARE introduces a two-
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Figure 2: MCDG Construction. GLARE extracts code entities at repository, module, file, function, and optional
block levels, and connects them with typed relations such as containment, import, call, reference, and local structural

dependencies.

stage, performance-aware repository understanding
mechanism. First, it establishes a multi-granular
code dependency graph (MCDG) as a structured
foundation. Second, it extracts a compact ac-
tive subgraph encompassing profiling-identified
hotspots. While drawing inspiration from prior
methods that structure cross-file contexts using
code graphs (Liu et al., 2024; Phan et al., 2025; Hu
et al., 2025), GLARE uniquely anchors its graph
expansion in dynamic profiling signals rather than
semantic or lexical similarity.

3.1.1 MCDG Construction

Figure 2 illustrates the construction process of
MCDG. Given a repository, GLARE first parses its
directory hierarchy, source files, and configurations
to obtain repository-, module-, and file-level enti-
ties. It then extracts function-level entities together
with cross-file dependencies, including imports,
function calls, and references to types, constants,
and global variables. When fine-grained program
structure is available, GLARE further incorporates
local code regions such as loops and basic blocks.
These entities and relations are finally unified into
a directed typed graph, which captures both the hi-
erarchical organization and semantic dependencies
of the repository.

Formally, MCDG is a directed typed graph
G = (V, E), where nodes represent code entities
at repository, module, file, function, and optional
block levels, and edges represent containment, im-

port, call, reference, and local structural relations.

This representation preserves both the hierarchical

organization of the repository and the semantic de-

pendencies required for downstream optimization.
The edge set £ contains several relations:

&= Scontain U gz'mport U 5call U gref U glocal'

Containment edges connect repository, module,
file, function, and block-level nodes. Import edges
represent file-level dependencies such as imports,
includes, or package references. Call edges en-
code caller-callee relations. Reference edges con-
nect functions to related data structures, types, con-
stants, or global variables. Local edges optionally
encode intra-function structure, such as control-
flow or data-flow relations.

This graph provides a structured representation
of the repository and serves as the substrate for
context construction. Instead of passing entire files
or flat retrieval results to the LLM, GLARE uses G
to reason about which code entities are likely to be
relevant to the optimization target.

3.1.2 Active Subgraph Extraction

While the MCDG provides comprehensive reposi-
tory structure, passing the entire graph to an LLM is
infeasible under context-window constraints. The
useful optimization context is typically a compact
but dependency-rich region around performance-
critical functions. GLARE extracts this region
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through three steps including hotspot identifica-
tion, bidirectional topology expansion, and heuris-
tic pruning. Algorithm 1 and Figure 3 summarize
the procedure.

Hotspot  Identification. GLARE  identi-
fies hotspot seed nodes V, = {v € V |
PERFSCORE(v, P) > 6} from profiling results,
where PERFSCORE(v, P) reflects each node’s run-
time contribution (execution time, call frequency,
accumulated cost). These seeds anchor subsequent
graph expansion.

Bidirectional topology expansion. Optimizing
hotspots often requires context beyond the hotspot
itself: callers determine input shapes, callees con-
tain reusable logic, and dependency nodes define
data structures required for correct transformation.
GLARE performs bidirectional topology expan-
sion from V}, for up to d hops, collecting prede-
cessors, successors, and dependency-related nodes
to produce a candidate set V., with induced edges
retained when both endpoints belong to V..

Heuristic scoring and pruning. To prune redun-
dant nodes, GLARE scores each candidate v € V.
with a weighted combination of four factors: pro-
filing priority ¢,(v) (runtime relevance), structural
proximity ¢s(v) (graph distance to seeds), seman-
tic importance ¢, (v) (utility for optimization), and
a redundancy penalty ¢,.(v):

KEEPSCORE(v) = app(v) + Bs(v)
+ 7¢m(v) - 5¢r(v>

Nodes with KEEPSCORE(v) > 7 are retained;
hotspot seeds V}, are always kept. The active sub-
graph G, = (V,, E,) is obtained by inducing
edges E, = {(u,v) € E | u,v € V,} from the
original graph.

The resulting active subgraph G, provides a
compact, performance-aware understanding of the
repository: it excludes irrelevant code while retain-
ing the entities and dependencies—hotspots, data
structures, callers, callees, build configuration—
that downstream stages require for acceleration op-
portunity reasoning and kernel generation.

3.2 Acceleration Opportunity Reasoning

With this performance-aware repository under-
standing, GLARE further decides how each can-
didate hotspot should be optimized. This step is

Algorithm 1 Performance-aware Active Subgraph
Construction

Require: Multi-granular code dependency graph G =
(V, E), profiling results P, hotspot threshold 6, expan-
sion depth d, pruning threshold 7

Ensure: Active subgraph G, = (V,, E,)

// Hotspot seed extraction
1: Vi, + {v € V | PERFSCORE(v, P) > 0}
// Bidirectional topology expansion

2: VeV
3: forl=1toddo
4 View 0
5: for allv € V. do
6: View ¢ Vaew UPRED(v) U Succ(v) U DEP(v)
7: end for
8: ‘/c — ‘/c U ‘/new
9: end for
// Heuristic scoring and pruning
10: Vo <0
11: forallv € V. do
12:  ¢p(v) + PERFPRIORITY (v, P)
13: ¢s(v) <= STRUCTPROXIMITY (v, V4)
14: ¢m(v) <~ SEMANTICIMPORTANCE(v)
15: ¢r(v) < REDUNDANCYPENALTY (v, V)
6. KEEPSCORE(v) — adp(v) + Bds(v) + vdm (v)
— 06, (v)
17: if KEEPSCORE(v) > 7 then
18: Vo < Vo U {v}
19: end if
20: end for

21: Vo~ Vo UV
22: Eq + {(u,v) € E|lueVaAv eV}
23: return G, = (Va,, E.)

crucial because a runtime hotspot is not necessar-
ily a profitable GPU offloading target. Some re-
gions dominate execution time due to sequential
dependencies, irregular memory accesses, complex
control flow, or frequent small-scale host-side oper-
ations, where direct GPU migration may introduce
more overhead than benefit. Therefore, GLARE
formulates hardware—software partitioning as an
agentic planning problem over the active subgraph.

Given an active subgraph G, = (V,, E,), profil-
ing results P, and a set of candidate hotspot regions
H = {h;}, GLARE predicts a partitioning label
for each candidate:

y; € {GPU,CPU, HYBRID},

where GPU denotes regions suitable for CUDA ac-
celeration, CPU denotes regions better optimized
on the host side, and HYBRID denotes regions that
should be split into GPU-accelerated compute ker-
nels and CPU-side orchestration logic. In addition
to the partition label, GLARE also produces an
evidence summary that explains the decision, in-
cluding profiling signals, dependency context, par-
allelization opportunities, and potential integration
risks.
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Iterative agentic planning. As shown in Fig-
ure 4 and detailed in Algorithm 2 in Appendix C,
GLARE does not rely on a single-pass decision
over the candidate hotspot. Instead, it performs
an iterative agentic planning process that repeat-
edly analyzes repository context, invokes diagnos-
tic tools, updates its hypothesis, and refines the
localization result. At iteration ¢, the agent main-
tains a compact state s; and generates a hypothesis
about the current candidate region, such as whether
the hotspot is caused by regular data-parallel com-
putation or by host-side control overhead. It then
selects an analysis action ay, invokes static or dy-
namic analysis tools, receives an observation oy,

and updates its state:

ap ~ mp(st), St4+1 = UPDATE(s¢, ag, 0f).

The action space includes inspecting call relations,
checking loop structures, analyzing memory access
patterns, querying profiling statistics, estimating
data transfer cost, and examining interface depen-
dencies. Through this feedback-driven process,
GLARE gradually narrows down the candidate re-
gion and forms a more reliable hardware—software
partitioning decision.
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3.3 Kernel Generation and
Execution-Grounded Refinement

Given the partition plan P and the active subgraph
G4, GLARE generates heterogeneous optimization
patches for each hotspot labeled GPU or HYBRID.
The generation is context-grounded: the LLM re-
ceives the hotspot source, data structure defini-
tions, caller context, the evidence summary e;, and
relevant build configuration fragments extracted
from G,. For each hotspot, the LLM produces a
patch containing the GPU kernel (CUDA/Triton),
host-side integration code (memory transfer, ker-
nel launch), and build file modifications. Hotspots
labeled HYBRID additionally receive a split that
keeps orchestration logic on the host while offload-
ing compute-intensive inner loops to the GPU.

Each generated patch must pass three sequential
verification gates before it is accepted. GLARE
applies the patch, then executes:

Compilation gate. The patched repository is
built with the same system. If compilation fails, the
full compiler error output is fed back to the LLM
for revision, bounded by K. retries.

Correctness gate. If compilation succeeds,
GLARE runs the project’s test suite. Test failures
(assertion messages, stack traces) are fed back to
the LLM for revision, bounded by K, retries.

Performance gate. If correctness tests pass,
GLARE executes the benchmark workload and
measures runtime (R repetitions, arithmetic mean).
If speedup falls below threshold 7, the profiling
trace of the patched execution is fed back to the
LLM to diagnose and resolve the bottleneck (e.g.,
data transfer overhead, insufficient parallelism),
bounded by K, retries.

After exhausting all retry budgets, GLARE se-
lects the patch with the highest verified speedup
that passes both compilation and correctness gates.
Tasks where no patch passes all three gates are
reported as optimization failures.

4 Experiments

4.1 Experimental Setup

Benchmark and Baselines. We evaluate on a
GPU-acceleration subset of GSO (Shetty et al.,
2025), containing 63 tasks across 10 reposito-
ries (numpy, pandas, llama-cpp, and others).
Tasks are selected for compute-intensity and GPU-
offloading suitability; detailed criteria and repos-

itory statistics are provided in Appendix A. We
compare GLARE against two baselines repre-
senting different paradigms of repository-level
code modification: Agentless (Xia et al., 2025),
a workflow-driven localization—repair—validation
pipeline augmented with profiling-based bottleneck
localization and CUDA-aware prompts; and Open-
Hands (Wang et al., 2025a), an agent-driven base-
line that interactively explores the repository, in-
spects files, executes commands, and iteratively
modifies code. All methods use the same backbone
LLMs, repository access, and evaluation command.

Backbone Models and Metrics. We evaluate
with three backbone LL.Ms spanning different ca-
pability levels: Claude-Opus-4-6, GPT-5.2, and
DeepSeek-V3. Hardware configuration is detailed
in Appendix A. We report patch apply rate (pro-
portion of patches successfully applied), OPT@1
and OPT@S5 (proportion of tasks where at least
one of the top-1 or top-5 patches passes correct-
ness tests and achieves speedup > 1.05x over the
original), and average end-to-end speedup (mean
relative performance improvement over success-
fully optimized tasks).

4.2 Main Results

Table 1 presents the main results. GLARE consis-
tently and substantially outperforms both baselines
across all three backbone models. Several findings
are noteworthy. (1) GLARE achieves the highest
OPT@1 and OPT@5 across all models and met-
rics. With GPT-5.2, GLARE attains 87.3% OPT@1
and 90.5% OPT @5, improving over the best base-
line (OpenHands) by 12.7% and 8.0% respectively.
With Claude-Opus-4-6, GLARE reaches 84.1%
OPT@1 and 11.2% average speedup. The gains
are consistent across models: even with the weaker
DeepSeek-V3, GLARE achieves 76.2% OPT@ 1
compared to 63.5% for OpenHands, demonstrat-
ing that GLARE’s structured context construction
provides benefits complementary to raw model ca-
pability. (2) The performance gain remains stable
across model scales. GLARE improves OPT@1
over OpenHands 12.7% across all three backbone
models, suggesting that profiling-guided context
construction provides benefits complementary to
model capability. (3) The patch apply rate reveals a
systematic gap in engineering robustness. GLARE
achieves 74.6%—77.8% patch apply rates compared
to 57.1%—63.5% for Agentless and 52.4%—63.5%
for OpenHands. Since all methods attempt to gen-
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Table 1: End-to-end performance comparison of GLARE and baseline methods on the GSO benchmark
Model Method Patch Apply Rate OPT@K (%) Avg. End-to-End Speedup
OPT@1 OPT@5
Agentless 57.1% 66.7% 74.6% 8.3%
Claude-Opus-4-6 ~ OpenHands 60.3% 71.4% 79.4% 9.5%
GLARE 74.6% 84.1% 87.3% 11.2%
Agentless 60.3% 68.3% 76.2% 8.6%
GPT-5.2 OpenHands 63.5% 74.6% 82.5% 9.8%
GLARE 77.8% 87.3% 90.5% 11.6%
Agentless 47.6% 57.1% 66.7% 6.2%
DeepSeek-V3 OpenHands 52.4% 63.5% 71.4% 6.9%
GLARE 66.7% 76.2% 79.4% 7.4%

erate patches for the same tasks, this gap reflects
differences in patch quality: Agentless and Open-
Hands more frequently produce patches with merge
conflicts, incorrect file paths, or malformed diffs—
issues that GLARE mitigates by grounding gener-
ation in the active subgraph, which explicitly in-
cludes file-level and build-configuration context.

4.3 Ablation Study

To understand why GLARE outperforms existing
approaches, we conduct ablation experiments that
isolate the contributions of context construction
strategy and agent decision mechanisms. All abla-
tions use GPT-5.2 as the backbone.

4.3.1 Context Construction Strategy

The central claim of this paper is that profiling-
guided graph expansion provides more effective
optimization context than alternative context con-
struction strategies. To isolate this effect from
hotspot detection accuracy, we adopt an Oracle
hotspot setting: all methods are given the ground-
truth hotspot function(s) for each task, and the com-
parison focuses purely on how each strategy con-
structs the supporting context around the known
hotspot.

We compare GLARE’s full active subgraph
construction (Full MCDG + Active Subgraph)
against three alternative strategies: File-level Re-
trieval, which gathers all functions from the
hotspot’s file and directly imported files with-
out graph-based pruning; Function-only Context,
which retains only the hotspot function body with
no cross-file dependencies; and Whole-repo Con-
text, which concatenates the entire repository (up
to 32 K tokens) without filtering.

Table 2 reports the results. GLARE achieves
the best balance: 92.4% Support Recall and 89.5%
Path Coverage with 83.7% Precision in a compact

6.0k-token context, yielding the highest Oracle-
OPT@1 (90.5%). Whole-repo Context achieves
higher recall (96.1%) but at 24.7% precision and
triple the context size (19.4k), degrading OPT@1
to 82.5%—more information is not better when it
is mostly noise. Function-only Context is precise
(88.1%) but starved (61.2% recall, 2.3k tokens),
while File-level Retrieval misses cross-file depen-
dency chains beyond direct imports (75.4% path
coverage). These trends suggest that support recall
and path coverage are more informative than raw
context size for predicting optimization success.

4.3.2 Agent Decision Mechanisms

We further ablate two mechanisms in GLARE’s
acceleration opportunity reasoning stage: Hier-
archical State Compression (HSC), which com-
presses multi-turn exploration history into hierar-
chical summaries to control per-turn context size,
and Trajectory Aggregation (TA), which records
analyzed regions and prior conclusions to avoid
redundant re-exploration. We compare GLARE
(Full) against four variants: removing HSC, remov-
ing TA, removing both, and Flat History (retaining
all history without hierarchical organization).

Figure 5 shows that HSC mainly controls con-
text growth, while TA reduces redundant explo-
ration. Removing either component degrades both
decision efficiency and optimization success, and
removing both causes the largest drop. Flat His-
tory also underperforms GLARE, indicating that
simply retaining more history is insufficient; the
history must be compressed and organized to sup-
port multi-turn reasoning.

5 Conclusion

We presented GLARE, a profiling-guided frame-
work for repository-level CPU-GPU heterogeneous
optimization. GLARE grounds repository context
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Table 2: Comparison of support-context quality and optimization effectiveness of different repository understanding

strategies under the Oracle hotspot setting

Metric Full MCDG + Active Subgraph File-level Retrieval Function-only Context Whole-repo Context
Support Recall (%) T 92.4 84.6 61.2 96.1
Support Precision (%) 1 83.7 68.9 88.1 24.7
Path Coverage (%) 1 89.5 75.4 56.8 92.1
Avg. Context Tokens | 6.0k 8.1k 2.3k 19.4k
Oracle-OPT@1 (%) T 90.5 85.7 77.8 82.5
Conditional Speedup (%) 1 11.9 10.8 9.5 10.2
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Figure 5: Relative degradation of efficiency and optimization outcomes when removing HSC and TA. GLARE

(Full) serves as the baseline.

construction in runtime profiling signals, extracts
hotspot-centered active subgraphs from multi-
granular code dependency graphs, and uses them
for agentic partitioning and execution-grounded
patch refinement. Experiments on 63 GPU-
acceleration tasks from GSO show that GLARE
outperforms workflow-based and agent-based base-
lines, with ablations confirming the importance of
profiling-guided context construction. These re-
sults suggest that performance-aware context selec-
tion is a promising direction for LLM-based code
optimization.

Limitations

While GLARE demonstrates the value of profiling-
guided context construction for heterogeneous opti-
mization, several limitations should be noted. First,
GLARE’s reliance on dynamic profiling traces
means that its context quality depends on work-
load representativeness: if the profiling workload
exercises different execution paths than the de-
ployment workload, the active subgraph may miss
performance-critical context and misdirect the par-
titioning stage. Second, the current verification
loop uses pure feedback-driven retry without struc-
tured error categorization; integrating compiler-
level or runtime-level diagnostic tools could en-
able more targeted revision and reduce the retry
budget needed for convergence. Third, GLARE

currently targets a single-GPU setting and does
not address multi-GPU partitioning or distributed
execution, which limits its applicability to large-
scale, multi-node scientific computing workloads.
Fourth, our evaluation is conducted on a GPU-
acceleration subset of GSO curated by the authors;
while we apply systematic selection criteria, the
benchmark construction process may introduce bi-
ases that affect generalizability. Finally, GLARE
inherits the known limitations of LLM-based code
generation, including the potential for generating
plausible-looking but semantically incorrect code,
and the sensitivity of generation quality to prompt
design and model capability. We release our bench-
mark subset and evaluation scripts to support repro-
ducibility and future work.
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A Detailed Experimental Setup

Hardware Configuration. We conduct all
repository-level end-to-end optimization experi-
ments on a single workstation with an Intel Xeon
CPU, 128 GB DDR4 host memory, and an NVIDIA
RTX 5090 GPU based on the Blackwell architec-
ture with 32 GB VRAM. The software stack con-
sists of CUDA 13.0, GCC 13.1.0, and NVCC 12.9.
All baseline methods and GLARE are executed un-
der identical hardware and software conditions to
ensure fair comparison.

Benchmark Construction. We construct the
GPU-acceleration subset of GSO by applying the
following selection criteria: (1) the performance
bottleneck is compute-intensive rather than I/O-
bound; (2) the target code region exhibits data-
parallel computation patterns amenable to GPU
offloading; (3) the repository provides executable
correctness and performance evaluation scripts; (4)
the task is not dominated by caching, configuration,
database indexing, or network-level optimization.
Task filtering was performed before running any
evaluated method, and was not based on the suc-
cess or failure of GLARE or baselines. Table 3
reports the structural statistics of each repository
after MCDG construction.

Baseline Configuration. Agentless is aug-
mented with a profiling-based localization step (us-
ing the same profiling traces available to GLARE)
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Table 3: Structural statistics of each repository in GSO after MCDG construction

Repository #Nodes #Edges #Func./Meth. #Nested Loops Index Time (s)
transformers 332,756 630,894 94,420 3,658 36.1
pandas 159,731 356,834 49,348 469 15.4
numpy 120,337 330,862 36,007 1,857 12.4
pydantic 30,287 48,057 8,118 90 1.5
datasets 19,151 34,647 5,277 208 1.6
tornado 21,396 36,634 6,543 47 1.7
Pillow 18,299 38,475 5,431 245 33
pillow-simd 16,652 34,439 4,913 236 0.9
llama-cpp-python 12,024 22,154 3,320 220 0.8
tokenizers 2,626 3,804 768 15 0.2
and a CUDA-aware repair prompt that instructs Implementation  and Hyperparameters.

the LLM to consider GPU offloading opportunities
during patch generation. OpenHands is config-
ured with file browsing, command execution, and
code editing capabilities; it receives the same task
description, repository path, and evaluation scripts
as GLARE. For all methods, the maximum context
window is set to the backbone model’s native limit.

Evaluation Protocol. For each candidate patch,
we execute the following pipeline: (1) apply the
patch to the repository using git apply; (2) build
the patched repository using the project’s build sys-
tem; (3) run the correctness test suite; (4) if all
tests pass, execute the benchmark workload and
measure runtime. Each runtime measurement is
repeated R = 5 times after 3 warm-up runs, and
we report the arithmetic mean. Speedup is com-
puted as the ratio of mean original runtime to mean
patched runtime. OPT@1 and OPT @S5 require
a speedup > 1.05x to count as successful. The
intermediate metrics in Table 1 are defined as fol-
lows: patch apply rate = proportion of generated
patches successfully applied; OPT@1 / OPT@5
= proportion of tasks where at least one candidate
among top-1 / top-5 passes all tests and achieves
the required speedup.

MCDG Node and Edge Counts
I Nodes
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= 400,000
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Figure 6: Distribution of the numbers of nodes and
edges in MCDG across different repositories

GLARE’s MCDG is constructed using tree-sitter
for AST-based parsing. Static call graphs, import
relationships, and type references are extracted via
static analysis of each repository and unified into
the typed graph G. Runtime profiles are collected
by executing the benchmark workload with
standard profiling tools (cProfile for Python, perf
for C/C++) and mapped to function-level graph
nodes via symbol resolution. Active subgraph
construction uses expansion depth d = 3, scoring
weights a = 0.4, 3 = 0.3,y = 0.2, = 0.1, and
pruning threshold 7 = 0.5, following a coarse
grid search on a held-out validation set of 5 tasks.
Context budget is capped at B = 8,000 tokens for
the serialized active subgraph. Retry budgets for
the verification loop are K. = 3 (compilation),
K, = 3 (correctness), and K,, = 3 (performance).
For all LLM inference, temperature is set to
T = 0.2 with top-p = 0.95.

B MCDG Construction Quality and
Structural Analysis

To validate MCDG?’s effectiveness as a repository-
level structured representation, we analyze the
graph construction quality from three perspectives:
overall scale (node and edge counts), connectiv-
ity density (edge-to-node ratio), and edge-type

MCDG Edge-to-Node Ratio

---- Reference Threshold = 2.0
2.10 2.07

hed
s

»
o

o

Edge-to-Node Ratio
=

Figure 7: Edge-to-node ratio of MCDG across differ-
ent repositories
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Table 4: Per-repository breakdown of end-to-end optimization results (backbone: GPT-5.2)

Repository #Tasks Agentless OPT@1(%) OpenHands OPT@1(%) GLARE OPT@1(%) GLARE Avg. Speedup
numpy 21 71.4 76.2 90.5 12.4%
pandas 14 71.4 78.6 85.7 10.8%
pillow-simd 7 71.4 85.7 100.0 12.4%
tokenizers 3 66.7 66.7 100.0 12.5%
transformers 4 50.0 75.0 75.0 10.2%
datasets 2 50.0 50.0 100.0 9.8%
1lama-cpp 2 100.0 100.0 100.0 14.2%
Pillow 3 66.7 66.7 66.7 11.6%
tornado 3 66.7 66.7 66.7 10.3%
pydantic 4 50.0 50.0 75.0 10.1%
Overall 63 68.3 74.6 87.3 11.6%

composition. These statistics characterize how
MCDG captures multi-granular structural informa-
tion across repositories of varying size, complexity,
and coupling patterns.

Node and Edge Distribution. Figure 6 reports
the number of nodes and edges in MCDG across
the 10 GSO repositories. The scale varies sub-
stantially with repository size, module organiza-
tion complexity, and cross-file dependency density.
For small repositories (e.g., tokenizers, 2,626
nodes), MCDG yields a compact graph structure;
for large, module-rich repositories with complex
call relations (e.g., transformers, 332,756 nodes),
MCDG naturally scales while preserving core struc-
tural relationships. This confirms that MCDG adap-
tively reflects the granularity of real-world code-
bases rather than being constrained to a fixed scale
or topology.

Edge-to-Node Ratio. To assess whether multi-
granular, multi-relation modeling leads to uncon-
trolled structural expansion, we compute the edge-
to-node ratio for each repository. As shown in

Figure 7, the ratio ranges from 1.45 to 2.50 across
repositories, with a mean of approximately 1.92.
Critically, for larger repositories the number of
edges increases substantially but the edge-to-node
ratio does not rise linearly, indicating that MCDG’s
multi-granular modeling strategy controls redun-
dant relation proliferation as the graph scales. This
stable connectivity provides a tractable foundation
for downstream hotspot-seeded local expansion
and heuristic pruning.

Edge-Type Composition. Beyond overall scale
and density, MCDG’s key distinguishing feature is
its use of multiple edge types to explicitly model
different levels of code semantics. Figure 8§ reports
both the proportional composition and absolute
counts of major edge types. The dominant edge
types are CONTAINS, CALLS, and IMPORTS,
which together form the backbone of repository-
level code understanding—representing directory
containment, function call relations, and cross-file
dependencies, respectively. Lower-frequency but
semantically important edge types such as INHER-
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ITS provide necessary supplements for recover-
ing object-level relationships and local program
semantics. This “structural-backbone + semantic-
supplement” organization ensures global connectiv-
ity while preserving information valuable for down-
stream performance bottleneck analysis, hotspot
context recovery, and heterogeneous optimization
decisions.

Overall, MCDG produces well-formed graphs
of moderate scale, stable connectivity, and strong
representational capacity across all evaluated repos-
itories. The node and edge counts adapt to reposi-
tory complexity without uncontrolled densification,
and the edge-type distribution confirms that multi-
grained, multi-semantic code graph representation
is an effective modeling foundation for repository-
level heterogeneous parallelization optimization.

C Iterative Acceleration Opportunity
Planning

Algorithm 2 specifies the planning state, action—
observation loop, and stopping criteria used to as-
sign each hotspot a CPU, GPU, or HYBRID la-
bel. The state retains the active subgraph, profiling
signals, explored dependencies, candidate labels,
evidence, and prior execution feedback. For each
hotspot, GLARE iteratively selects an analysis ac-
tion, incorporates its observation, and refines the
candidate labels and evidence summary until the
decision is confident, the budget is exhausted, or
no GPU/Hybrid candidate remains viable. The al-
gorithm returns the partition plan together with its
evidence summaries.

D Per-Repository Analysis

To further assess GLARE’s applicability and stabil-
ity across diverse real-world codebases, we conduct
a per-repository breakdown of results on the GSO
subset. Figures 9, 10, and 11 compare methods
along OPT@1, OPT@5, and average end-to-end
speedup, respectively, for each repository. This
finer granularity reveals how method performance
varies with code organization, module coupling,
and hotspot characteristics, providing a more com-
plete picture of GLARE’s cross-repository general-
izability.

OPT@1. GLARE achieves the best OPT@1
on most repositories, indicating that its advantage
generalizes across project types (Figures 9, 10 and
Table 4). On repositories with clear computational
kernels—numpy, pandas, pillow-simd—GLARE

Algorithm 2 Iterative Acceleration Opportunity
Planning

Require: Active subgraph GG, profiles P, hotspot candidates
‘H, planning budget K,
Ensure: Partition plan Ppian and evidence summaries £
I: Polan < 0,E+ 0
2: 50« (Go, P,H,D,V,E, F)
D: explored dependency paths; Y: candidate labels
F: patch and execution-feedback history
3: forall h; € H do
4: Y; + {CPU,GPU,HYBRID}, ¢; < 0
5: S$1 < So
6: fort = 1to K, do
7: at < SELECTACTION(s¢)
Inspect calls, loops, memory access, profiles,
transfer overhead, or interface/build dependencies
8: ot < EXECUTE(ay)
Static analysis, profiling, or dependency evidence,
and compiler/test/performance feedback

9: St41 UPDATE(St, at, Ot)

10: (Yi, e;) < REFINE(Y;, €5, St+1)

11: if CONFIDENT(Y;) or t = K, then

12: break

13: else if Y; N {GPU, HYBRID} = () then
14: break

15: end if

16: end for

17: yi < FINALLABEL(Y;, ¢;)

18: Pplan — Pplan U {(hz>yz)}
19: Seé‘u{(hz,ez)}

20: end for

21: return Ppian, €

B Agentless |

OpenHands Wl GLARE

Figure 9: Comparison of OPT@1 across different code
repositories.

attains 90.5%, 85.7%, and 100.0%, substantially ex-
ceeding Agentless (71.4%—71.4%) and OpenHands
(76.2%—-85.7%). On architecturally complex repos-
itories like transformers and pydantic, GLARE
scores 75.0% and 75.0%, still surpassing Agentless
(50.0%) and matching or exceeding OpenHands
(75.0%, 50.0%).

OPT@5. Under K = 5 (Figure 10),
GLARE remains best overall. On numpy, pandas,
pillow-simd, GLARE’s OPT@5 reaches 95.2%,
92.9%, 100.0% vs. Agentless (81.0%—85.7%) and
OpenHands (85.7%—-100.0%). Gains are more
modest on edge cases: tornado sees all methods
at 66.7%, and pydantic has GLARE and Open-
Hands both at 75.0%. These results confirm that
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Table 5: Comparison between GLARE and IntelliPerf.

Dimension

GLARE

IntelliPerf

Primary setting
Input assumption
Main problem
Profiling target

Localization and

context
Optimization
action
Integration

Validation

Evaluated ecosys-
tem

Repository-level CPU-GPU heterogeneous opti-
mization

CPU-oriented repository; the hotspot need not
have a GPU implementation

Discover, partition, generate, and integrate GPU
acceleration

CPU-side and end-to-end workload hotspots
mapped to MCDG nodes

Profiling-guided MCDG active subgraph with
cross-file dependencies

CPU/GPU/HYBRID partitioning, CUDA/Triton
generation, and host/build integration
Repository-level patch compatible with original

Performance engineering for existing GPU appli-
cations

Runnable application with existing GPU code
under a ROCm workflow

Diagnose and optimize bottlenecks in existing
GPU code

GPU kernels and GPU-side bottlenecks

Profiler and instrumentation localization to rele-
vant source lines

Rewrite existing GPU code for bank conflicts,
memory access, or atomic contention

Operates on an existing buildable GPU applica-

interfaces, build, and tests

Repository build, original tests, and end-to-end

workload speedup
NVIDIA CUDA/Triton

tion

GPU-output correctness and kernel/application
performance

AMD ROCm/HIP

B Agentless

B OpenHands

<
o
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Figure 10: Comparison of OPT @5 across different code
repositories.

Avg. End-to-End Speedup (%)

B Agentless
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Figure 11: Comparison of average end-to-end speedup
across different code repositories.

GLARE’s advantage reflects systematic candidate
quality improvement, not single-generation luck.

ure 11).

Speedup. GLARE consistently outperforms
both baselines in per-repository speedup (Fig-

On compute-intensive repos with
clear data-parallelism—11lama-cpp,

numpy,

pillow-simd—GLARE achieves 14.2%, 12.4%,
12.4% speedup vs. Agentless (8.8%—10.4%) and

OpenHands (10.1%-11.7%).
repos—datasets,
pydantic—GLARE

heavy

On orchestration-
transformers,

achieves 9.8%-10.2%,

still above Agentless (7.4%-7.7%) and Open-
Hands (8.9%-9.1%). These results confirm that
GLARE exploits high-parallelism opportunities
more fully while maintaining reliable optimization
in complex projects.

E Comparison with IntelliPerf

Table 5 compares GLARE with IntelliPerf (Awad
et al., 2025). IntelliPerf profiles and tunes an exist-
ing ROCm GPU path, whereas GLARE starts from
a CPU-oriented repository and performs hotspot
discovery, MCDG context recovery, heterogeneous
partitioning, GPU generation, and repository-level
integration. Their optimization settings therefore
differ substantially: IntelliPerf is complementary
rather than a drop-in end-to-end baseline for our
benchmark, and could tune a GPU path generated
by GLARE.
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