
Structure-Aware Compiler Auto-Tuning
Anderson Faustino da Silva

Universidade Estadual de Maringá

Maringá, Brazil

anderson.faustino_da_silva@tu-

dresden.de

Christian Schwarz

TU Dresden

Dresden, Germany

christian.schwarz1@tu-dresden.de

Jeronimo Castrillon

TU Dresden

Dresden, Germany

jeronimo.castrillon@tu-dresden.de

Abstract
Modern compilers such as GCC expose large sets of optimization

flags whose interactions induce a high-dimensional configuration

space, making manual tuning impractical and exhaustive auto-

tuning infeasible. Recent approaches, including Bayesian-optimization-

based search and critical-flag selection via static analysis, improve

sample efficiency but can exhibit premature convergence to locally

optimal configurations. We present SACT, a structure-aware com-

piler auto-tuning framework that integrates static program charac-

terization with surrogate-guided search to reduce stagnation. SACT
extracts lightweight structural features, initializes a program em-

bedding, and uses surrogate-sensitivity-based relevance estimates

to adaptively focus the search on influential flags while maintain-

ing controlled exploration. The embedding is refined online from

compile–execute measurements, enabling the surrogate to capture

program-specific flag interactions over the course of tuning. Experi-

ments on GCC 15.2.0 using the PolyBench and MiBench benchmark

suites show that SACT achieves a better geometric average speedup

than prior methods while requiring a low wall-clock budget.

Keywords
Compiler autotuning, Optimization flags, Iterative compilation,

Surrogate-guided search, Program structure, Dimensionality re-

duction

1 Introduction
Modern compilers such as GCC and LLVM expose large sets of op-

timization flags that control the transformations applied during

compilation. These flags affect a wide range of behaviors, including

vectorization, inlining, branch optimization, and memory-access

transformations. A particular enabled/disabled assignment of these

flags defines an optimization-flag configuration. With 𝑛 binary flags,

the induced search space contains 2
𝑛
configurations; for GCC 15.2.0,

𝑛 exceeds 100, yielding more than 2
100

possible configurations and

rendering exhaustive evaluation infeasible [34].

Compilers provide default optimization levels such as -O2 and
-O3, which enable predefined flag subsets designed as conservative,

general-purpose heuristics. Prior work has shown that program-

specific optimization-flag configurations can outperform these de-

faults on realistic workloads [3, 31]. Efficiently identifying such

configurations is a common goal in compiler auto-tuning.
Compiler flag auto-tuning has been addressed using both search-

based and learning-based techniques. Classical search methods (e.g.,

genetic algorithms [16, 22] and hill climbing [10]) treat flag selec-

tion as a combinatorial optimization problem guided by compile–

execute feedback, but can require many costly evaluations and scale

poorly with increasing dimensionality. Surrogate-based methods in-

stead reduce evaluation cost by predicting performance for unevalu-

ated configurations. Bayesian optimization methods [5, 23] balance

exploration and exploitation using an acquisition function, often

requiring fewer evaluations than random or evolutionary baselines.

BOCA [9] improves sample efficiency by combining a Random Forest

surrogate (RFSM) with a decay-based acquisition strategy. In paral-

lel, Critical-flag Selection via Static Analysis (CFSCA) [34] reduces
dimensionality a priori by identifying critical flags using program-

structure analysis and compiler documentation, then optimizing

within the reduced subspace.

Despite these advances, premature convergence to local optima

remains a recurring limitation. BOCA can converge quickly to a

locally optimal region when trained solely on target-program mea-

surements, with limited mechanisms to promote escape. CFSCA im-

proves efficiency via flag filtering, but the resulting static boundary

can exclude configurations that require flags outside the selected

subset. In both cases, stagnation can prevent the search from reach-

ing higher-quality configurations within a fixed budget.

This paper introduces SACT, a structure-aware auto-tuningmethod

that uses program structural information to guide surrogate-based

search while preserving controlled exploration. The central hypoth-

esis is that structural characteristics (e.g., loop structure, branch

behavior, call patterns, and memory-access regularity) provide pre-

dictive signal about which transformations are likely to be benefi-

cial. SACT operationalizes this hypothesis by integrating structural

feature extraction, adaptive relevance estimation, and stagnation-

aware exploration.

We make the following contributions:

(1) A feature-driven tuning framework that unifies program-

specific feature extraction with online relevance updates to

adapt the active flag set during tuning (see Section 4.2).

(2) An integrated structure-guided search algorithm that

combines structural analysis with adaptive surrogate model-

ing to reduce stagnation while maintaining sample efficiency

(see Section 4.3).

(3) An empirical evaluation on GCC 15.2.0 using PolyBench
and MiBench, comparing against BOCA, CFSCA, and -O3, show-
ing improved speedup and reduced tuning cost. SACT achieves
6–9% higher speedup than both BOCA and CFSCA on the

geometric mean, while requiring up to 50% fewer compile-

execute measurements than BOCA (see Section 5).

2 Motivation
Compiler optimization affects performance, energy consumption,

and resource utilization across domains ranging fromhigh-performance

computing to embedded systems. Yet effective flag combinations

are difficult to identify due to the exponential configuration space
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and the strong dependence of optimization profitability on program

characteristics. Default levels such as -O3 provide a robust baseline,
but they cannot capture program-specific interactions and therefore

leave performance potential unexploited.

In BOCA, the surrogate is learned solely from compile–execute

feedback and ignores program structure, which can promote early

over-exploitation. CFSCA uses structure only to preselect a fixed

critical-flag subset, which can over-prune and cannot adapt when

optimization behavior is program-specific or surrogate estimates

are uncertain. The resulting challenge is to exploit structural cues

during tuning while retaining an adaptively sized search space.

Figure 1 illustrates the consequence: both BOCA and CFSCA often

make rapid initial progress and then plateau. For BOCA, plateauing
is consistent with overconfident surrogates repeatedly sampling

near an early incumbent, whereas for CFSCA it can reflect con-

straints imposed by the initial critical-flag subset. Such stagnation

is consequential: even a 10–20% gap to a better configuration can

correspond to substantial wall-clock time or energy savings at scale.
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Figure 1: Optimization trajectories on PolyBench trmm under
a 6,000 s wall-clock budget. BOCA and CFSCA evaluate configu-
rations until the budget is exhausted, whereas SACT employs a
patience-based stopping criterion and terminates after 343 s
upon convergence. The vertical dashed line indicates the
time at which the maximum speedup is first observed.

SACT addresses this challenge by injecting lightweight structural
features into the surrogate and acquisition policy and by refining

the active flag set online, reducing premature convergence without

committing to a rigid static reduction.

3 Related Work
Prior work on compiler auto-tuning can be broadly grouped into (i)

iterative compilation methods that explore the optimization space

via repeated compile–execute measurement and (ii) learning-based

approaches that replace or guide measurement with predictive

models. Recent work has also emphasized standardized evaluation

infrastructure (datasets, environments, and cost models) to make re-

sults comparable across optimizers and hardware. SACT draws from
these directions by combining structure-informed dimensionality

reduction with surrogate-guided search.

3.1 Iterative Compilation
Iterative compilation addresses flag selection by repeatedly com-

piling and executing a program under different flag configurations

and using the resulting measurements to guide subsequent choices.

Early work by Pan and Eigenmann [24] observed that a relatively

small subset of flags accounts for a large fraction of attainable

speedup, motivating approaches that identify relevant flags before

exploring their combinations.

The literature includes a range of black-box search heuristics,

including random (and stratified) sampling [9, 27], evolutionary

methods such as genetic algorithms [21, 26], differential evolu-

tion [1, 33], and simulated annealing [8, 18]. These methods can

be effective, but they generally require a large number of compile–

execute evaluations and do not explicitly model performance for

unevaluated configurations.

Bayesian optimization and related surrogate-guided methods

improve sample efficiency by learning a predictive model and se-

lecting new evaluations using an acquisition function. BOCA [9]

instantiates this approach with a Random Forest surrogate (RFSM)
and a decay-based acquisition strategy. More recently, systemswork

has proposed BO variants and scalable implementations tailored to

expensive, noisy compiler objectives (e.g., BaCO [19]).

A complementary trend is improved benchmarking and repro-

ducibility. CompilerGym [13] provides a standardized RL-style en-

vironment for compiler optimization tasks, enabling controlled

comparisons between search strategies under a shared measure-

ment pipeline.

Flag-space reduction provides another mechanism for improving

efficiency. CFSCA [34] performs a priori dimensionality reduction

by identifying critical flags based on static structural analysis and

restricting search to the induced subspace. This reduces the effec-

tive search dimensionality, but can exclude profitable configura-

tions when interactions span beyond the retained set. SACT adopts

critical-flag selection as an initial prior, but augments it with online

refinement to mitigate the rigidity of a one-shot filter.

3.2 Machine Learning for Compiler
Optimization

Ashouri et al. [3] survey machine-learning approaches to compiler

optimization along axes including learning objective, program rep-

resentation, and evaluation methodology. Below, we highlight more

recent themes most closely related to SACT.

Learning-guided heuristics in production compilers. In addition

to research prototypes, recent efforts have integrated ML models

into mainstream toolchains. For example, MLGO uses learned mod-

els to guide LLVM inlining and other decisions, demonstrating the

practicality (and engineering constraints) of deploying ML-guided

optimization policies [28].

Supervised configuration prediction. A common approach is to

predict effective optimization settings directly from static program

features, thereby reducing or eliminating iterative search. For ex-

ample, MILEPOST GCC [15] extracts feature vectors from LLVM
IR and performs nearest-neighbor transfer from a database of pre-

viously profiled programs. More recent systems use multi-stage

predictors that filter and then rank candidate configurations (e.g.,

multiple-phase learning [35]) or learn improved heuristics by iden-

tifying informative features from iterative-compilation data (e.g.,

PreTuner [32]). Compared with these methods, SACT is explicitly
online: it maintains a growing set of target-program measurements
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and adapts search focus as evidence accumulates rather than com-

mitting to a single predicted configuration.

Surrogate-assisted optimization and transfer. Beyond BOCA, active-
learning formulations use probabilistic surrogates (often Gaussian

processes) to select informative evaluations that trade off explo-

ration, exploitation, and measurement cost [6]. Related work also

considers transfer across tasks and platforms, such as cross-feature

transfer for tensor-program auto-tuning on new hardware [30].

SACT targets general-purpose GCC flag tuning in a single-program,

online setting and leverages program structure primarily to improve

search allocation rather than to perform explicit cross-program

transfer.

Learned program representations. Richer program representa-

tions have been used to improve generalization across workloads, in-

cluding compiler-derived graph and IR representations (e.g., control-

/data-flow and data-flow graphs), token- or instruction-sequence

encodings, and transformer-style models trained on code [4, 7, 11,

14, 29]. SACT instead emphasizes lightweight static features to keep

feature extraction and surrogate updates inexpensive during tuning.

LLM-based optimization assistants. More recently, large language

models have been explored as tools for reasoning about optimiza-

tion choices and proposing candidate transformations or search

policies (e.g., using LLMs to suggest optimization-flag configura-

tions under online feedback) [12]. While these approaches differ

in their core mechanism, they reinforce the value of combining

static program cues with online feedback—a combination SACT
operationalizes via structure-aware priors and surrogate-guided

refinement.

Reinforcement learning. Reinforcement learning has also been

applied to optimization selection by treating pass/flag choice as

a sequential decision process [2, 20]. While such methods differ

in formulation from SACT’s surrogate-guided search, they share

the underlying goal of improving decisions using accumulated

experience.

4 SACT: Structure-Aware Compiler Auto-Tuning
SACT is a compiler auto-tuning system that integrates static pro-

gram characterization with surrogate-guided search to reduce stag-

nation in iterative flag selection.

4.1 Problem Formulation
Let O = {𝑜1, 𝑜2, . . . , 𝑜𝑚} be the set of binary optimization flags

supported by the compiler. We call a particular enabled/disabled

assignment of these flags an optimization-flag configuration (equiva-
lently, the subset of O that is enabled). We represent a configuration

by a binary vector 𝑆 = [𝑠1, . . . , 𝑠𝑚] ∈ {0, 1}𝑚 , yielding a search

space of 2
| O |

candidates. Given a program 𝑃 and a compiler, let

𝑓 (𝑃, 𝑆) denote the wall-clock execution time of 𝑃 compiled with

configuration 𝑆 . The standard program auto-tuning problem is

𝑆∗ = arg min

𝑆∈{0,1}𝑚
𝑓 (𝑃, 𝑆). (1)

4.2 Feature-Driven Tuning Framework
This subsection describes the components responsible for extract-

ing structural information from the target program and using it to

reduce the optimization search space before the iterative search

begins. Together, these components form a feature-driven tuning

framework that adapts the active flag set to the structural charac-

teristics of each program.

Program Feature Extraction. The feature extractor scans the source
code of 𝑃 statically and produces a feature vector 𝜙 (𝑃) ∈ R𝑑 . The
feature vector is organized into four groups:

(1) Loop features: counts of for, while, and do-while loops;

maximum loop-nesting depth; an indicator for nested loops;

and the total number of statements in loop bodies. These

features are intended to capture the potential relevance of

loop optimizations such as -funroll-loops, -fvectorize,
and -floop-interchange.

(2) Branch features: counts and density (branches per state-

ment) of if/else, switch, and ternary constructs, which

relate to flags such as -fbranch-probabilities and
-fprofile-arcs.

(3) Memory-access features: counts of pointer dereferences,
array accesses, malloc/new calls, and struct/union field ac-

cesses, which relate to flags such as -fstrict-aliasing
and -fomit-frame-pointer.

(4) Function and call-graph features: the number of user-

defined functions, average function length, estimated call

depth, a recursion indicator, and total call sites, which relate

to interprocedural and inlining flags such as -fipa-cp and
-finline-functions.

While the individual feature families are simple, they are consis-

tent with established practice in ML-guided compiler optimization,

where lightweight static descriptors are used to characterize code

structure and enable either cross-program generalization or search-

space shaping (e.g., MILEPOST/iterative-compilation features [15],

AutoPhase-style characterization [2], and recent learning-guided

tuners [32]). Our selection process followed a pragmatic, analysis-

driven criterion: we retained only (i) features that can be extracted

statically with negligible overhead, (ii) features that map directly to

well-understood optimization categories in GCC (loop, branch, mem-

ory, and interprocedural transformations), and (iii) features that

remain stable across minor source-level changes, thereby providing

a robust prior for the initial flag reduction.

We define the program feature vector as

𝜙 (𝑃) =
[
𝜙loop (𝑃), 𝜙branch (𝑃), 𝜙mem (𝑃), 𝜙call (𝑃)

]
∈ R𝑑 (2)

where the bracketed terms are concatenated feature subvectors and

𝑑 denotes the dimension of the resulting feature vector.

SACT extracts these features once before tuning through a single-

pass lexical scan of the source code, using one regular expression

per syntactic construct (Algorithm 1 Line 1). Patterns identify con-

structs such as while and for loops, pointer dereferences, and call

sites. Raw counts are normalized by the total line count of 𝑃 to map

each component to [0, 1] and reduce sensitivity to program size.

Structure-Based Flag Selection. SACT leverages CFSCA’s optimization-

classification table, which associates each GCC flag with the program
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structures it targets (e.g., -fvectorize with inner loops dominated

by arithmetic operations). After detecting which structures appear

in 𝑃 , the union of the corresponding flag sets defines Ocfsca
. This

step, denoted CFSCAFlagSelection(𝑃,O) in Algorithm 1, provides

a structurally motivated initial reduction of the flag space.

Program Embedding Initialization. The static feature vector 𝜙 (𝑃)
captures source-level structure, but the embedding e𝑃 is intended

to also represent performance-relevant properties that may not be

fully explained by static counts. SACT initializes e𝑃 from 𝜙 (𝑃) using
a learned linear projection:

e(0)
𝑃

=𝑊𝜙 𝜙 (𝑃) + b, (3)

where 𝑊𝜙 ∈ Rℎ×𝑑 and b ∈ Rℎ are shared parameters learned

jointly with the RFSM byminimizing prediction error on the training

corpus, and the embedding dimension is ℎ = 8. For each program

𝑃 , the projection initializes the corresponding embedding, which is

refined during the search (Section 4.3). Intuitively, the projection

maps static structural features into an embedding space in which

proximity reflects similarity in optimization behavior.

Surrogate-Based Relevance Estimation. Given the Random Forest

surrogate
ˆ𝑓𝜃 , whose learned parameters are denoted by 𝜃 , and the

initial embedding e(0) , SACT assigns each flag 𝑜 𝑗 ∈ 𝑂 a model-based

relevance score:

𝑅(𝑜 𝑗 , 𝑃) = Ex∼U
[�� ˆ𝑓𝜃 (x(𝑜 𝑗=1) , e(0) ) − ˆ𝑓𝜃 (x(𝑜 𝑗=0) , e(0) )

��], (4)

where x is a binary flag configuration drawn from the random-

context distribution U. This surrogate-only score estimates the

expected absolute change in predicted runtime when toggling 𝑜 𝑗 .

Random samples from U approximate the expectation without

additional compilation.

Flags with 𝑅(𝑜 𝑗 , 𝑃) ≥ 𝜏 form the transfer-predicted relevant

set 𝑂̂ , which is then intersected with the CFSCA-derived structural

subset:

𝑂 = 𝑂̂ ∩ 𝑂cfsca . (5)

To mitigate over-pruning when the surrogate is still inaccurate,

SACT enforces a minimum space ratio: if |𝑂 |/|𝑂cfsca | < 𝛽min, the

intersection is discarded and the system reverts to 𝑂 ← 𝑂cfsca
.

4.3 Structure-Guided Search Algorithm
This subsection presents the iterative search algorithm that consti-

tutes the core of SACT. The algorithm is organized into two phases.

Phase 1 extracts the static feature vector from the source code of the

target program and applies the feature-driven framework described

in Section 4.2 to obtain a reduced flag space𝑂 . It also initializes the

program embedding e(0) via the learned linear projection of 𝜙 (𝑃),
estimates flag relevance using surrogate sensitivity, and generates

warm-start configurations by random sampling over the reduced

space. Phase 2 performs an embedding-guided Bayesian search us-

ing a surrogate model over the reduced flag space, seeded with the

warm-start observations. The surrogate is retrained at each itera-

tion, the embedding is refined online, and candidate configurations

are generated by combining exhaustive enumeration of the most

impactful flags with controlled random sampling of the remaining

flags. Algorithm 1 summarizes the SACT procedure.

Relative to a direct composition of BOCA and CFSCA, SACT intro-

duces two safeguards against stagnation: (i) a program embedding

that is refined online and (ii) an anti-over-pruning constraint that

prevents the reduced flag space from becoming excessively small

when surrogate estimates are uncertain. Both mechanisms are de-

scribed in Section 4.2.

Algorithm 1: SACT: Structure-Aware Compiler Auto-

Tuning

Input: Program 𝑃 ; flag set 𝑂 ;

Output: Best flag configuration 𝑆∗ and runtime 𝑓 (𝑃, 𝑆∗)
// Phase 1

1 𝜙 ← ExtractFeatures(𝑃);
2 𝑂cfsca ← CFSCAFlagSelection(𝑃,𝑂);
3 𝑒 (0) =𝑊𝜙 𝜙 (𝑃) + 𝑏; // Init embeddings

4 𝑂 ← RelevantFlags( ˆ𝑓𝜃 , 𝑒, 𝜏) ∩𝑂cfsca
;

5 if |𝑂 |/|𝑂cfsca | < 𝛽min then
6 𝑂 ← 𝑂cfsca

;

7 𝐶0 ← RandomSample(𝑂,𝑛0);
8 T ← {(𝑥, 𝑓 (𝑃, 𝑥)) | 𝑥 ∈ 𝐶0};
9 𝑆∗ ← argmin𝑥∈𝐶0

𝑓 (𝑃, 𝑥);
// Phase 2

10 𝑖 ← 1;

11 while ¬Converged(𝑆∗,𝑤) do
12 if current_time ≥ time_seconds then
13 𝑏𝑟𝑒𝑎𝑘 ;

14 model ← TrainSurrogate(T , 𝑒);
15 𝑒 ← RefineEmbedding(model,T);
16 foreach 𝑜 𝑗 ∈ 𝑂 do
17 imp[ 𝑗] ← GiniImportance(𝑜 𝑗 ,model);
18 𝑂 imp ← TopK(imp,𝑂);
19 𝑂 less ← 𝑂 \𝑂 imp

;

20 𝐵imp ← AllSettings(𝑂 imp);
21 C (𝑖 ) ← NormalDecay(𝑖);
22 C← [ ];
23 foreach 𝐵 ∈ 𝐵imp do
24 𝑈 ← RandomSettings(𝑂 less, C (𝑖 ) );
25 foreach 𝑢 ∈ 𝑈 do
26 C.add(𝐵∥𝑢);

27 foreach 𝑆 ∈ C do
28 T ← T ∪ {(𝑆, 𝑓 (𝑃, 𝑆))};
29 if 𝑓 (𝑃, 𝑆) < 𝑓 (𝑃, 𝑆∗) then
30 𝑆∗ ← 𝑆

31 𝑖 ← 𝑖 + 1;
32 return 𝑆∗, 𝑓 (𝑃, 𝑆∗);

Surrogate Training. Given the observations in T , SACT trains a
RFSM that takes as input a pair (x, e𝑃 ) and predicts the runtime

𝑓 (𝑃, x):
ˆ𝑓𝜃 : {0, 1} |𝑂𝑡 | × Rℎ −→ R, ˆ𝑓𝜃 (x, e𝑃 ) ≈ 𝑓 (𝑃, x). (6)
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The embedding e𝑃 is concatenated with the flag vector at each tree

split, enabling the forest to model flag–program interaction effects

(i.e., a flag can be beneficial for some programs and detrimental for

others). The surrogate is implemented as an ensemble of decision

trees trained on bootstrap samples of T , appending the current

embedding e to each flag vector so that splits can capture flag–

program interaction effects. At each split, a random feature subset

is considered to reduce inter-tree correlation. For a candidate 𝑆 , the

ensemble prediction uses the mean 𝜇𝑆 of tree outputs; the empirical

standard deviation 𝜎𝑆 across trees is used as a heuristic uncertainty

proxy.

Online Embedding Refinement. After each surrogate training step,
SACT refines the program embedding by minimizing prediction

error on the accumulated observations:

e𝑡 ← argmin

e

∑︁
(x,𝑟 ) ∈T

(
ˆ𝑓𝜃 (x, e) − 𝑟

)
2

, (7)

keeping 𝜃 fixed and updating only e. Since e has dimension ℎ, this

inner optimization is inexpensive (e.g., limited-memory Broyden–

Fletcher–Goldfarb–Shanno (L-BFGS) or coordinate descent) relative

to a compile–execute evaluation and progressively improves surro-

gate accuracy for 𝑃 . This online adaptation mechanism specializes

the embedding to the target program as measurements accumulate.

Iterative Candidate Generation. At each iteration of Phase 2, SACT
identifies the most impactful flags and generates candidate configu-

rations by combining exhaustive enumeration of those flags with

controlled random sampling of the remaining ones.

First, for each flag 𝑜 𝑗 ∈ 𝑂 , the normalized impurity decrease

(Gini importance) attributable to 𝑜 𝑗 is computed. For a node 𝑑 that

splits on 𝑜 𝑗 :

𝐺 (𝑑) =
[
𝐼 (𝑑) − 𝜔ℓ 𝐼 (ℓ) − 𝜔𝑟 𝐼 (𝑟 )

]
· 𝑛𝑑
𝑁
, (8)

where 𝐼 (𝑑) = 1 − ∑
𝑐 𝑝

2

𝑐 is the Gini impurity of node 𝑑 , 𝜔ℓ/𝑟 =

𝑛ℓ/𝑟 /𝑛𝑑 , and 𝑁 is the total number of training samples. Importance

is aggregated across the forest as:

imp[ 𝑗] =

𝑢∑︁
𝑖=1

𝐺 (𝑑𝑖 )

𝑡
, (9)

where 𝑢 is the number of trees that split on 𝑜 𝑗 and 𝑡 is the total

number of trees.

The flags are sorted by descending importance and the top-𝐾

set Oimp
is selected. The default 𝐾=8 yields an exhaustive grid of

2
8=256 settings; larger values increase cost andmay exceed the time

budget. All 2
𝐾
binary settings for the impactful flags are enumerated

(AllSettings), ensuring complete coverage of combinations within

Oimp
.

For the less-impactful flags 𝑂 less = 𝑂 \ 𝑂 imp
, the number of

random settings sampled at iteration 𝑖 is controlled by a Gaussian

decay schedule:

𝐶 (𝑖) =𝐶1 · exp
(
−max(0, 𝑖 − offset)2

2𝜎2

)
, 𝜎2 = − scale2

2 log(decay) .

(10)

For 𝑖 ≤ offset, 𝐶 (𝑖) = 𝐶1 (full exploration). For 𝑖 > offset, 𝐶 (𝑖) de-
creases according to the right half of a Gaussian, gradually shifting

sampling from exploration to exploitation as the RFSM becomes

more informative. The 𝐶 (𝑖) distinct binary assignments for the

less-impactful flags are sampled without replacement, avoiding

re-evaluation of identical candidates within the same iteration.

Each candidate is formed by concatenating one impactful-flag

setting 𝐵 with one less-impactful-flag assignment𝑢, yielding the full

configuration 𝐵∥𝑢. All candidates are evaluated, and the incumbent

𝑆∗ is updated whenever a faster configuration is found.

Convergence. The search terminates when the incumbent best

configuration 𝑆∗ has not improved for𝑤 consecutive iterations, or

when the time budget is exhausted.

5 Evaluation
We evaluate SACT along three axes: (i) final speedup quality relative
to BOCA [9] and CFSCA [34], (ii) the number of iterations required

to reach the best observed configuration, and (iii) the number of

compile–execute evaluations required to reach the best observed

configuration.

5.1 Methodology
Benchmark suite. We evaluate SACT on a combined benchmark

suite comprising PolyBench [25] and MiBench [17]. PolyBench in-

cludes 30 compute-intensive kernels spanning linear algebra, stencil

computation, and dynamic programming, which are typically sen-

sitive to loop-level optimization flags; for each kernel we use the

LARGE problem size to ensure non-trivial runtimes. MiBench adds
16 C programs from embedded-oriented domains (e.g., automo-

tive, multimedia, networking, security, and telecommunications),

using the largest provided input set when applicable. In total, the

suite contains 46 programs with heterogeneous control-flow and

memory-access characteristics. All programs are compiled with

GCC 15.2.0. Execution time is reported as the median of five runs to

mitigate noise due to OS scheduling.

Implementation. We release the full implementation of SACT and
use the authors’ reference implementations for BOCA1 and CFSCA2.

Hyperparameters. Table 1 lists the hyperparameters used for

SACT. Where applicable, we adopt the defaults of BOCA and CFSCA.
Parameters introduced by SACT (flag-relevance threshold 𝜏 , em-

bedding dimension ℎ, warm-start budget 𝑛0, and patience win-

dow𝑤 ) are selected via leave-one-out cross-validation on five held-

out programs from the combined suite, stratified to include both

PolyBench and MiBench workloads.

Baselines. We compare SACT against the following baselines:

• BOCA [9]: Bayesian optimization with a Random Forest sur-

rogate, initialized with two random observations.

• CFSCA [34]: critical-flag selection followed by search in the

reduced subspace.

• -O3: the GCC standard aggressive optimization level, used as

the reference baseline (speedup = 1.0).

1
https://github.com/BOCA313/BOCA

2
https://github.com/zhumxxx/CFSCA

https://github.com/BOCA313/BOCA
https://github.com/zhumxxx/CFSCA
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Figure 2: Speedup quality across the benchmark suite: for each benchmark (x-axis), we plot the best speedup over -O3 achieved
within the 6,000-second budget (y-axis; higher is better) for SACT, BOCA, and CFSCA. Dashed horizontal lines show the correspond-
ing geometric mean speedup across all benchmarks.

Table 1: Hyperparameters used in all SACT experiments.

Parameter Value Description

𝜏 0.75 Flag-relevance threshold

ℎ 8 Embedding dimension (𝑒𝑃 ∈ Rℎ
)

𝑛0 2 Warm-start budget

𝐾 8 Top impactful flags

𝛽min 0.3 Minimum flag-space ratio before fallback

offset 20 NormalDecay onset iteration

scale 10 NormalDecay width

decay 0.5 NormalDecay half-life factor

𝑤 150 Patience window for Converged

iter_seconds 6000 Maximum search time

RF trees 100 Random Forest ensemble size

Compiler flag space. Following BOCA [9] and CFSCA [34], we con-

sider 𝑚=58 binary optimization flags in GCC. The resulting con-

figuration space contains 2
58

candidate configurations, making

exhaustive evaluation infeasible.

Stopping criterion. Following CFSCA, we use a fixed wall-clock

tuning budget of 6,000 seconds.

Metrics. We report three metrics:

(1) Speedup over -O3: Speedup(𝑃) =𝑇-O3 (𝑃)/𝑓 (𝑃, 𝑆∗), where
𝑇-O3 (𝑃) is the execution time under the standard -O3 flag

set and 𝑓 (𝑃, 𝑆∗) is the best execution time observed during

tuning. Values greater than 1 indicate improvement over

-O3.
(2) Evaluations: the number of compile–execute evaluations

(lower is better).

(3) Iterations: the number of algorithmic iterations (lower is

better).

Platform. We conducted the experiments on an AMD Ryzen

Threadripper PRO 7975WX 32-core system with 256 GB of RAM,

running Ubuntu 24.04.4 LTS.

5.2 Speedup Quality
We first evaluate the final tuning outcome, i.e., the performance

improvement achieved within a fixed time budget. For each of the

46 benchmarks, Figure 2 reports the best speedup over -O3 obtained
by each strategy within a 6,000-second budget. The geometric-mean

speedups are 1.244× for SACT, 1.176× for CFSCA, and 1.138× for

BOCA, with per-benchmark outcomes ranging from below 1.0× to
above 1.57×. These aggregates mask qualitative differences in how

the strategies succeed or fail.

Overall Ordering and Its Cause. The geometric-mean ordering

(SACT > CFSCA > BOCA) reflects systematic differences in search

guidance. BOCA is a purely black-box method: its Random Forest

surrogate is trained only on runtime measurements from the tar-

get program and is therefore agnostic to which flags are likely

to be relevant. This design permits exploration over the full 2
58

- configuration space, but it also increases the risk of premature

convergence: once the surrogate is fit to a locally concentrated set

of observations, the acquisition function tends to repeatedly query

the same region and progress slows down. CFSCA mitigates this

behavior by restricting the search space a priori via static structural
analysis, so that search is concentrated on flags associated with

observed program constructs. On average, this restriction improves

efficiency, but it also imposes an exclusion constraint: any high-

quality configuration requiring a flag outside the selected set cannot

be reached. SACT combines the same structural reduction with a

dynamic, surrogate-driven relevance mechanism that updates the

active flag set as evaluations accumulate, reducing the likelihood

of becoming trapped by an overly rigid initial filter.

Where Structural Guidance Matters Most. The improvements of

SACT over its baselines occur on benchmarks with regular, loop-

dominated structure (e.g., syr2k, symm, mvt, trisolv, trmm, and

jacobi-2d). In this regime, structural attributes such as loop-nest
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depth, access regularity, and arithmetic intensity provide infor-

mative cues about beneficial optimizations (e.g., vectorization, un-

rolling, and software pipelining). By encoding these attributes, SACT
can guide exploration toward a relevant subspace earlier in the

budget. In contrast, BOCA lacks an explicit structural prior and con-

sequently expends more evaluations on configurations that are

unlikely to align with the program’s structure. CFSCA typically se-

lects an appropriate flag subset, but its static reduction provides

limited leverage once the search reaches a local plateau.

The Challenge of Irregular and Branch-Heavy Programs. For pro-
grams with irregular control flow and input-dependent behavior,

static structural features extracted from source code are often weak

predictors of runtime sensitivity to specific flags. On benchmarks

such as atax, gemm, bicg, and durbin, BOCA yields speedups below

1.0× in several cases, indicating that the best configuration found

within budget is slower than -O3. This outcome is consistent with

a surrogate model converging to a suboptimal region without any

structure-based corrective signal. Both CFSCA and SACT avoid these
severe regressions, suggesting that structural filtering can provide

a useful safeguard. In this setting, the primary advantage of SACT
is expressed more strongly in upper-tail improvements than in

regression avoidance.

The Asymmetry Between PolyBench and MiBench. The relative
advantage of SACT differs systematically across suites. PolyBench

kernels exhibit dense loop structure and high arithmetic intensity,

which makes them more amenable to structure-driven flag selec-

tion; correspondingly, SACT tends to outperform its baselines more

consistently on PolyBench. MiBench workloads, by contrast, fre-

quently involve irregular memory access, control-heavy execution,

or intentionally data-dependent computation (e.g., patricia, dijkstra,

sha), which limits the predictive value of static structure. For these

programs, all methods tend to achieve smaller and closer speedups.

This distinction motivates reporting suite-level breakdowns when

characterizing the regime of applicability.

Why No Single Strategy Dominates Every Benchmark. Several
benchmarks show that CFSCA can match SACT (e.g., fdtd-2d, cor-

relation). This is expected when the statically selected flag set is

sufficient to include the global optimum; under that condition, the

smaller search space can yield faster convergence. Conversely, SACT
incurs additional overhead from surrogate training and relevance

scoring, which may not be amortized when static reduction already

captures the optimal region. The fallback mechanism that reverts

to the full CFSCA flag set when the surrogate-guided intersection

would shrink the space below the minimum ratio 𝛽min mitigates

the risk of over-pruning and preserves search viability.

Robustness as a Scientific Property. Beyond mean performance,

robustness across benchmarks is a key empirical property. BOCA
exhibits the largest variance, achieving strong gains on some pro-

grams (e.g., nussinov) while producing the most pronounced re-

gressions on others (e.g., atax). This variability is consistent with

the absence of program-structure information in its guidance. SACT
yields consistently positive speedups across the suite, with a worst-

case outcome above 1.08×. From a deployment perspective, this

stability is important because regressions on even a minority of

programs may be unacceptable.

Summary. Overall, the speedup-quality results support three

claims. (i) Structural awareness is important for robustness: purely

black-box surrogate optimization can yield regressions on irregular

programs within a fixed budget. (ii) Dynamic structural guidance

improves over static reduction: refining the active search space

during tuning is a primary contributor to SACT’s advantage, partic-
ularly on compute-intensive, loop-heavy kernels. (iii) No method

dominates universally: when static filtering already captures the

optimal flag set, the incremental benefit of dynamic refinement

diminishes, suggesting opportunities for tighter integration (e.g.,

using static analysis to warm-start the dynamic surrogate).

5.3 Search Efficiency and Budget Utilization
Speedup quality captures the end result of tuning. We next analyze

the search process that produces it using (i) compile–execute evalu-

ations completed within the budget, (ii) the fraction of wall-clock

budget consumed, and (iii) the time at which the best configura-

tion is first observed. Figure 3 reports search efficiency and budget

utilization.

Evaluations and Diminishing Returns. The strategies differ not
only in final speedup but also in evaluation throughput. BOCA typi-

cally issues substantially more compile–execute evaluations than

CFSCA or SACT within the same 6,000-second budget, often exceed-

ing 10,000 evaluations on benchmarks with short compile times

(e.g., atax, bicg, crc32, patricia). In contrast, CFSCA evaluates a com-

paratively small and narrow range of configurations (approximately

80–160 per benchmark), which follows directly from its aggressive

upfront flag-space reduction. SACT occupies an intermediate regime,

issuing from hundreds to approximately two thousand evaluations

depending on how quickly the adaptive relevance mechanism nar-

rows the candidate set.

Evaluation count alone, however, is not predictive of speedup

quality. On benchmarks where BOCA performs poorly (e.g., atax

with approximately 12,500 evaluations and 0.85× speedup; bicg

with approximately 11,500 evaluations and 0.99× speedup), fast

compilation primarily enables denser sampling of an unproductive

region of the search space. This behavior is consistent with over-

exploitation: once the surrogate becomes confident in a local region,

additional evaluations refine that region rather than promoting es-

cape to alternative basins. On the same benchmarks, SACT achieves

speedups above 1.19× with substantially fewer evaluations, indi-

cating that structure-informed guidance can improve the efficiency

with which the search reaches high-performing regions.

The evaluation budget of CFSCA is largely determined by its

reduction step: because it searches a smaller, fixed subspace, it

exhausts candidate configurations quickly and attains reasonable

speedups with modest evaluation counts. The same restriction also

imposes a hard reachability constraint: configurations requiring

flags outside the selected subset are excluded, which can cap attain-

able performance even when wall-clock budget remains.

Time-to-Best Configuration. We further examine convergence

dynamics using the ratio of the time at which the best configuration

is found to the total budget. BOCA often identifies its best config-

uration early (commonly within the first 15–30% of elapsed time)
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Figure 3: Search efficiency of BOCA, CFSCA, and SACT. (A) Compiler invocations (log scale) vs. speedup over -O3. Horizontal dashed
lines indicate geometric means and show whether additional evaluations improve speedup and each strategy’s efficiency
frontier. (B) Fraction of runtime used to find the best configuration vs. speedup. Vertical dashed lines indicate geometric means.
Runtime is the 6,000 s budget for BOCA and CFSCA and SACT’s actual patience-limited runtime (≤ 2,000 𝑠). Fractions near 0 indicate
early discovery and wasted remaining budget, whereas fractions near 1 indicate late discovery.

and then stagnates. This pattern aligns with a common surrogate-

search failure mode in which the acquisition function concentrates

sampling in a locally optimal region, and subsequent evaluations

yield limited improvement.

CFSCA exhibits the opposite pattern on several benchmarks: the

best configuration is sometimes found near the end of the 6,000-

second window. Because evaluations occur within a reduced flag

space, successive configurations can remain qualitatively distinct

late into the budget, suggesting that CFSCA may continue to make

incremental progress under extended budgets; however, the maxi-

mum attainable gain remains bounded by the initial reduction.

SACT typically discovers its best configuration near the middle of

its own run. In our experiments, the worst-case SACT run terminates

by approximately 2,000 seconds. Within this shorter horizon, stag-

nation detection and re-exploration can still shift the best-found

time later by triggering targeted exploration when improvement

plateaus, reflecting continued movement into previously underex-

plored regions rather than repeated refinement of a single plateau.

Cost per Unit of Improvement. Taken together, these metrics char-

acterize an efficiency trade-off between performance improvement

and search cost, measured in wall-clock time and compile–execute

evaluations. By prioritizing structurally plausible regions and invok-

ing re-exploration only when needed, SACT often achieves higher

speedups without saturating the full budget. This matters when tun-

ing time is constrained by shared compute, energy, or continuous-

integration latency. More broadly, the results indicate that the rela-

tionship between evaluation count and final performance should

not be interpreted as monotone. Instead, performance depends

primarily on how effectively evaluations are allocated across the

search space. Incorporating program-structure information is one

mechanism for improving that allocation.

Summary. Overall, the search-efficiency results support three

claims. (i) Evaluation throughput is not a proxy for progress: BOCA
often performs many more evaluations but can over-exploit a local

region and stagnate. (ii) Upfront flag-space reduction improves effi-

ciency but constrains reachability: CFSCA evaluates fewer configura-
tions and can keep improving late in the budget, yet cannot access

optima outside its selected subset. (iii) Adaptive structure-aware

control yields better budget utilization: SACT typically finds strong

configurations with fewer evaluations than BOCA and avoids the

rigidity of purely static reduction by re-expanding and re-exploring

when needed.

6 Conclusion
This paper presented SACT, a structure-aware compiler auto-tuning

approach that combines static program features with surrogate-

guided search to adaptively focus exploration on promising subsets

of optimization flags. Across 46 benchmarks under a fixed 6,000-

second budget, SACT achieved a higher geometric-mean speedup

than the BOCA and CFSCA baselines while maintaining more consis-

tent performance across programs. The results suggest that incor-

porating program structure improves both robustness and search

efficiency. In particular, static structure can provide a useful prior

that reduces unproductive evaluations, while dynamic relevance

updates mitigate the rigidity of purely static flag filtering.

Future Directions. (i) The current feature representation 𝜙 (𝑃) is
purely static and source-level. Incorporating dynamic profiling data

could improve embeddings for programs whose runtime behavior

differs from their static structure. (ii) Finally, replacing the random-

forest surrogate with a model that natively captures uncertainty,

such as a Bayesian neural network or deep-kernel Gaussian process,

would improve expected-improvement estimates whenW𝑡 is small.

We plan to develop and evaluate these extensions toward a more

expressive version of SACT.

Artifact Availability
The artifacts associated with this study are not publicly available

at the time of publication.
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