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Abstract: Compiler autotuning and feedback-directed optimization (FDO) are two key techniques for improving ap-
plication performance. Autotuning obtains superior configurations through iterative search in a high-dimensional discrete
compiler option space. However, its feedback signals usually rely only on metrics such as program execution time, and thus
lack the capability to exploit dynamic runtime information. In contrast, FDO collects runtime profile information through in-
strumentation or sampling and uses it to guide key optimization decisions, such as inlining, code layout, and loop optimiza-
tion. Nevertheless, FDO heavily depends on the quality of runtime profile information and is constrained by static optimiza-
tion information. When optimization options change, profile information may become invalid, which may in turn lead to
performance degradation. Under a unified search budget constraint, this paper deeply integrates autotuning with FDO and
proposes a joint optimization framework based on a runtime profile update strategy. The framework formulates compiler op-
tion search, program compilation and execution, runtime profile collection, and feedback-directed optimization as an inte-
grated optimization system. It further introduces intermediate state variables, such as the profile source configuration, to
characterize the consistency relationship between profile information and the current candidate compilation configuration.
On this basis, three integration modes are designed: two-stage decoupled search, fixed-interval sampling search, and condi-
tion-triggered sampling search. The two-stage method decomposes the search space into non-FDO options and FDO-related

options and optimizes them separately. Fixed-interval sampling periodically updates the profile to maintain the validity of
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profile information. Conditional sampling dynamically determines whether to trigger profile updates based on the degree of

compiler-option changes and risk classification, thereby striking a balance between overhead and information validity. Fur-

thermore, this paper proposes an option classification method based on structural-disruption risk, which divides FDO-relat-

ed optimization options into high-risk, low-risk, and no-risk categories. The Hamming distance is used to quantify the devia-

tion between a candidate configuration and the profile source configuration, enabling an adaptive profile update mechanism.

The proposed method can effectively reduce unnecessary profile collection overhead while avoiding optimization misguid-

ance caused by invalid profile information. Experiments are conducted on the PolyBench benchmark suite using GCC 12.2

and the OpenTuner framework. The results show that, compared with the -O3 optimization baseline, the conditional sam-

pling method achieves a geometric mean speedup of 1.184x and improves performance by approximately 8.46% over stan-

dard OpenTuner, while also exhibiting better convergence speed and robustness.
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Figure 3 Integration mode based on two-stage search
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