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Abstract
Automated code optimization aims to improve performance in pro-
grams by refactoring code, and recent studies focus on utilizing
LLMs for the optimization. Typical existing approaches mine op-
timization commits from open-source codebases to construct a
large-scale knowledge base, then employ information retrieval tech-
niques such as BM25 to retrieve relevant optimization examples
for hotspot code locations, thereby guiding LLMs to optimize these
hotspots. However, since semantically equivalent optimizations
can manifest in syntactically dissimilar code snippets, current re-
trieval methods often fail to identify pertinent examples, leading to
suboptimal optimization performance. This limitation significantly
reduces the effectiveness of existing optimization approaches.

To address these limitations, we propose SemOpt, a novel frame-
work that leverages static program analysis to precisely identify
optimizable code segments, retrieve the corresponding optimiza-
tion strategies, and generate the optimized results. SemOpt consists
of three key components: (1) A strategy library builder that extracts
and clusters optimization strategies from real-world code modifica-
tions. (2) A rule generator that generates Semgrep static analysis
rules to capture the condition of applying the optimization strat-
egy. (3) An optimizer that utilizes the strategy library to generate
optimized code results. All the three components are powered by
LLMs.

On our benchmark containing 151 optimization tasks, SemOpt
demonstrates its effectiveness under different LLMs by increasing
the number of successful optimizations by 1.38 to 28 times compared
to the baseline. Moreover, on popular large-scale C/C++ projects, it
can improve individual performance metrics by 5.04% to 218.07%,
demonstrating its practical utility.

∗Corresponding author

1 Introduction
Computational efficiency is a key factor in software that influences
its quality [12, 15]. Inefficient code segments can lead to increased
system runtime, waste of computational resources, and a degraded
user experience [23, 33]. Existing research indicates that optimiza-
tion opportunities are prevalent in software and may be costly and
tedious for human developers to detect and optimize [5, 23]. There-
fore, automated code optimization, which involves automatically
refactoring code to improve performance metrics, has attracted
considerable attention from researchers in recent years.

Early research on code optimization primarily focused on rule-
based approaches, which address specific types of inefficiencies [24,
33]. However, thesemethods rely heavily on predefined rules crafted
by experts, making them labor-intensive and lacking scalability,
and ultimately limiting their coverage to a narrow range of prob-
lems [2].

With the advancement of deep learning technologies, particu-
larly the emergence of large language models (LLMs), there has
been a surge of research inspired by these developments and fo-
cused on LLM-based approaches [10, 20, 22, 25, 26, 28, 32, 37, 46–48].
Compared to rule-based approaches, LLM-based approaches are
able to utilize the code understanding and generation capability
of LLMs, generalizing to a large variety of optimization scenarios
and optimization strategies without human intervention, leading
to many optimizations that are infeasible in rule-based approaches.

The Challenge of LLM-based Optimization. A direct approach
is to give a code snippet to LLM and ask the LLM to optimize the
code. However, as observed in multiple existing studies [13, 43], this
approach is ineffective, possibly due to the many possible directions
of optimizing the code. A more effective approach is to identify the
optimization strategy (e.g., replacing a linked list with an array if
frequent random access is needed) to be applied in the code, and
include one or a few existing optimization examples applying this
strategy in the prompt for few-shot learning, such that the LLM
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learns the optimization strategy from the examples and applies it
to the current code.

However, applying the above few-shot learning to optimize a
large software project is not easy. On the one hand, to get many
optimization examples representing various optimization strategies,
existing approaches [13, 16, 43] usually mine optimization commits
from many open source projects, forming a large space of example
commits. On the other hand, since LLM can process code only to
a limited length, we have to divide the project code into multiple
small chunks for LLM to process, forming a large space of code
locations. Since it is difficult to know which strategy can be applied
to which code locations in advance, a trivial approach is to try
all combinations of the commits and the code locations, which is
infeasible in practice due to the huge number of combinations.

To address this problem, existing approaches [13, 16, 43] have
proposed using information retrieval techniques such as BM25 [41]
to retrieve the most relevant optimization commit for a code loca-
tion. In this way, we can enumerate the hotspot locations (which
can be identified by profiling and are often small in number) and
retrieve the most relevant optimization commits for these locations,
effectively addressing the problem of large spaces. However, as our
evaluation will show later, since the same optimization strategy
can be applied to significantly dissimilar code snippets, even the
best-performing retrieval techniques in the existing studies often
cannot retrieve relevant commits, leading to low performance in
practice.

Our Approach. To address the above challenge, our main idea is
that, instead of retrieving a commit suitable for the current code
location, we generate a symbolic pattern-matching rule from a
commit to match the code locations where the optimization strategy
represented by the commit can be applied. More concretely, given
an optimization commit, we design an LLM agent to summarize
the optimization strategy used in this commit, and then generate a
Semgrep [42] rule to match the code locations that are suitable to be
optimized using this strategy. Semgrep is a static analysis tool that
allows the user to write customized rules to efficiently match code
locations in a large project. In this way, we utilize the analytic power
of the LLM to understand the optimization strategy and extract
symbolic rules to more precisely capture the application condition
of the strategy, avoiding the imprecision from information retrieval
techniques.

With the above method, we can efficiently explore the space
of code locations, but we still need to enumerate each commit
in the large space of commits to generate and execute the rule
extracted from this commit. To reduce this burden, we notice that
many commits collected are of the same optimization strategies,
and propose a clustering method to cluster the examples based on
the strategies summarized by the LLM. In this way, each cluster
ideally contains only commits for one strategy. Then, we produce
only a few Semgrep rules from a cluster, effectively reducing the
burden of enumerating the large space of examples.

Finally, we materialize this approach into a tool called SemOpt
(for Semgrep + Optimization), as shown in Figure 1. It comprises
three key components:

(1) A strategy library builder that mines optimization examples
from code commits, generates their strategy descriptions by an
LLM, and clusters the examples of the same strategy;

(2) A rule generator that generates Semgrep static analysis rules
for each cluster to capture the condition of applying the opti-
mization strategy;

(3) An optimizer that applies Semgrep rules on source code to
detect optimizable code locations, and then uses an LLM to
generate optimized code for each location.

Evaluation Result. To evaluate the effectiveness of SemOpt, we
constructed a benchmark comprising 151 C/C++ code optimization
problems, covering a wide range of optimization strategies. We then
compared the performance of SemOpt on this benchmark with two
baseline methods using three popular LLMs: DeepSeek-V3, GPT-4.1,
and Gemini-2.5-pro. The experimental results show that SemOpt
achieves a significant improvement in producing correct optimiza-
tion outcomes, reaching 37.5% to 27x more successful optimizations
than the baselines under different LLMs.

To evaluate the real-world performance of SemOpt, we further
applied SemOpt to five popular open-source C/C++ projects. Across
these projects, SemOpt achieves a maximum performance improve-
ment of 5.04% to 218.07% in a single performance test case, and
delivers an average improvement of 1.68% to 10.40% across all per-
formance test cases. This demonstrates that SemOpt is capable of
automatically optimizing large-scale code projects in the real world.
Our Contributions. Our contributions are as follows.
• The first LLM-based automated code optimization approach that
leverages the static program analysis tool (Section 3), which
significantly improves the efficiency of identifying optimizable
code snippets and selecting optimization strategy.

• A workflow combining LLM and clustering algorithms to sum-
marize and merge similar optimization strategies (Section 3),
effectively reducing the size of the strategy library.

• Extensive experiments on a benchmark comprising 151 code
optimization problems (Section 4), demonstrating that SemOpt
is effective in optimizing code across different LLMs. Further-
more, it can automatically optimize large-scale projects in the
real world (Section 5), highlighting its practical value.

2 Motivating Example
In this section, we provide an overview of the library constructed by
SemOpt and how we use this library through a motivating example
in Figure 2. How we construct the library will be explained later in
Section 3.

The code before optimization contains an if statement in a loop,
which can be optimized. The condition to be evaluated in this if
statement consists of two sub-conditions connected by the &&
operator. According to the short-circuit evaluation mechanism of
Boolean expressions, if the result of the first sub-condition is false,
the entire condition will be false, and thus, there is no need to
evaluate the second sub-condition before proceeding to the corre-
sponding branch. Therefore, we can place the sub-condition that is
relatively easier to evaluate at the beginning of the if statement,
and the more complex sub-condition later. In this way, if the re-
sult of the earlier sub-condition is false, the program can directly
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Figure 1: The overview of SemOpt.

Figure 2: The motivating example that leverages short-circuit evaluation to optimize the performance.

proceed to the corresponding branch without evaluating the more
complex part, thus improving the code execution efficiency. In
the if statement shown in Figure 2b, the evaluation of the first
sub-condition is generally more complex than that of the second.
Therefore, we can improve the runtime efficiency of the code by
exchanging the order of the two sub-conditions.

Figure 1 illustrates how SemOpt generates optimizations:
First, we build a library containing a large number of different

code optimization strategies. Each optimization strategy is associ-
ated with corresponding Semgrep rules for static program analysis,
generated automatically from commits by an LLM. For example,
there is a Semgrep rule from the strategy library in Figure 2a. It
corresponds to an optimization strategy that leverages short-circuit
evaluation in if statements. Specifically, this rule matches a class
of if statements containing two sub-conditions connected by an &&

operator, with the requirement that the first sub-condition negates
the result of a function call, and the second sub-condition involves
accessing the value of a particular field in an object, which is then
operated on with an arbitrary number. If an if statement can be
identified by this Semgrep rule, it is advisable to consider swap-
ping the order of the two sub-conditions within the if statement

to leverage short-circuit evaluation for improved code execution
efficiency.

Then, whenever we have a target project to optimize, we run
the Semgrep rules from the strategy library to determine at what
locations the current optimization strategy can be applied. In Fig-
ure 2, if we run the Semgrep rule on the code before optimization,
we can find that the corresponding optimization strategy can be
applied, and the precise location of the if statement is identified.

After identifying an applicable optimization strategy, we con-
struct a corresponding optimization prompt, as shown in Figure 3.
The prompt mainly consists of four parts:

(1) The complete code that needs to be optimized with line number
annotations

(2) The location information of the code to be optimized repre-
sented by the line number range.

(3) The optimization strategy to be used.
(4) A requirement for the model to apply the optimization strategy

to the given code segment and provide the complete content of
the optimized code.



Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Yuwei Zhao, Yuan-An Xiao, Qianyu Xiao, Zhao Zhang, and Yingfei Xiong

Figure 3: The prompt for generating optimization results.

Figure 2c shows the optimization result generated by the LLM
based on the prompt in Figure 3, in which the order of the sub-
conditions in the if statement is swapped to utilize short-circuit
evaluation and improve code execution speed. This optimization
exactly matches that provided by the developer.

Note that the rules in our library are not necessarily precise (e.g.,
in this example, a function call may not necessarily lead to a heavier
evaluation than the second condition) or complete (e.g., the example
optimization strategy can be applied even if there is no negation),
since they are generated by an LLM. To address these issues, we
further employ two methods: 1) to address incompleteness, we gen-
erate multiple rules per strategy, where the rules together forming
a more complete set; 2) to address imprecision, we sort the locations
by the number of rules matching them, where the location matched
by more rules are more likely to be true optimization opportunities.
The details will be discussed in Section 3. Furthermore, the preci-
sion issue is also addressed by the later optimization generation
step, as the LLM will fail to generate an optimized code snippet if
the code is unsuitable to be optimized using this strategy.

3 Approach
In this section, we discuss the details of three components in Se-
mOpt: a library builder, a rule generator, and an optimizer. The
overall pipeline of our approach is illustrated in Figure 1.

3.1 Building the Strategy Library
The first step of our methodology is to construct a code optimization
strategy library, which contains textual descriptions and represen-
tative code examples for each optimization strategy. Subsequently,
for each optimization strategy, we generate corresponding Semgrep
rules (Section 3.2), thereby establishing a comprehensive strategy
library. The static program analysis rules in this strategy library can
be used to identify optimization opportunities, which then guide
the LLM in applying the corresponding strategies and producing
optimized code. The following describes how relevant data is col-
lected to construct the strategy library, as well as how clustering is

employed to retain effective information and reduce the size of the
library.

3.1.1 Data Collection. The first step of our approach is to collect
a large set of optimization commits. Our current implementation
focuses on C and C++ programming languages. Concretely, we
first collected 30342 codebases from GitHub with at least 100 stars,
whose primary language is C or C++, and which have had commit
activity within the past five years. We crawled the commit histories
of the main branches of these codebases, ensuring that for each
commit, we collected the commit message, the complete code before
the modification, the complete code after the modification, and the
diff file that records the specific changes introduced by the commit.
In total, we obtained 108,039,931 commits. In this work, we focus
solely on code optimizations within individual functions. There-
fore, we first filter for commits that modify only a single function
in C or C++. Next, we use a set of optimization-related keywords
to match commit messages, and further leverage an LLM in con-
junction with the corresponding diff files to verify the nature of
the changes. Besides, we perform deduplication by analyzing both
commit messages and code modifications. Through this process,
we ultimately identify 35,668 commits that primarily implement
code optimizations.

3.1.2 Summarization of Optimization Strategies. This part is mainly
divided into two modules.

First, we ask an LLM to generate summaries of the optimization
strategy used in each commit. Concretely, for each code optimization-
related commit, we collect detailed information, including the name
of the codebase, the commit message, the name of the modified
function, and the complete diff file. Then, we include all this infor-
mation in the prompt and use LLMs to generate a one-sentence
summary of the corresponding optimization strategy. To reduce
variability in the generation process and improve the reliability
of the results, we independently generate𝑚 summaries for each
commit. In our implementation, we set𝑚 as 3.

Second, we select the best summary among the generated sum-
maries for each commit. Specifically, we first use a pre-trained
model to encode each summary into a high-dimensional seman-
tic vector. Next, we calculate the pairwise cosine similarities to
construct a similarity matrix. Finally, we compute the average simi-
larity of each summary to the others and select the one with the
highest average as the final optimization strategy summary for that
commit.

3.1.3 Strategy integration and selection. First, as in previous steps,
we utilize a pre-trained model to convert the strategy summary
corresponding to each commit into a high-dimensional semantic
vector.

Then, we apply an unsupervised clustering algorithm, DBSCAN [8],
based on cosine similarity to all semantic vectors. By setting the
hyperparameter 𝑒𝑝𝑠 as 0.89 in this algorithm, we control the min-
imum similarity within each cluster, ensuring that the strategy
summaries grouped together exhibit a high degree of semantic sim-
ilarity in the vector space. We consider each cluster to represent
one optimization strategy.
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After clustering, some clusters are very small, and we remove
these clusters because they represent strategies that appeared infre-
quently across the codebases and thus are unlikely to be applicable
again. Removing them could improve the quality of the library and
the efficiency of the whole system.

3.2 Automatic Generation of Analysis Rules
After constructing the basic optimization strategy codebase using
the method described in Section 3.1, we need to generate corre-
sponding Semgrep rules for each category of optimization strategy
in order to identify potential optimization opportunities associated
with each strategy.

First, as we have seen in the motivation example section, the
Semgrep rules may not be complete. To overcome this problem, we
randomly sample up to𝑛 commits from a cluster and generate a rule
from each sampled commit. Since the rule generated from different
commits may capture different scenarios where the strategy can
be applied, the rule set would be relatively complete when the 𝑛 is
large enough. In our implementation, we set 𝑛 as 10.

Second, for each commit, we have developed a dedicated agent
that automatically generates Semgrep rules by iteratively invoking
an LLM and incorporating its feedback. The main process is as
follows:

• Understand the optimization strategy: We provide the diff
file of the commit to the LLM, and ask it to thoroughly analyze
and explain the optimization strategy used in this commit. At
this stage, the focus is solely on understanding; no Semgrep
rules are generated.

• Generate an initial rule: Based on the previous analysis, the
LLM produces a candidate Semgrep rule. This rule should be
designed to detect similar optimization opportunities and must
strictly adhere to Semgrep’s syntax requirements.

• Validate and iteratively refine the rule: The generated Sem-
grep rule is executed on the pre-commit version of the code,
where the commit is used for rule generation. If an error occurs,
the error information and context, together with the current
rule, are automatically fed back to the LLM for targeted revision.
This process repeats until the rule executes successfully or a
predefined maximum number of iterations is reached.

Additionally, based on practical experiments and insights from
existing work [14], we observed that simply increasing the maxi-
mum number of iterations yields limited improvement in the final
results. Instead, generating multiple independent Semgrep rules for
each commit is more likely to produce desirable outcomes. There-
fore, we configure the process to generate Semgrep rules 5 times
independently for each commit, with each attempt allowing a max-
imum of 7 iterations.

3.3 Strategy Library-Based Code Optimization
After generating Semgrep rules for each strategy in the strategy
library using the method described in Section 3.2, this strategy
library can then be utilized to optimize code. The automated code
optimization framework presented in this section is primarily di-
vided into three components, which will be introduced in detail
below.

First, after obtaining a piece of code that needs to be optimized,
we use the Semgrep rules corresponding to all the policies in the
strategy library to scan the code and record the results of the scan.
Each scan result mainly contains two types of information: the
location information of the code fragments matched by the Semgrep
rules, and the optimization strategy information corresponding to
those Semgrep rules. Since Semgrep is a static program analysis tool,
it can analyze incomplete code, such as individual files or functions.
Furthermore, it operates with high speed, typically completing all
scans on files with several hundred or even over a thousand lines
of code in about 1 second.

Next, we need to further process the scan results. Since each
type of strategy may correspond to multiple Semgrep rules, the
same location may be matched by multiple rules. As mentioned in
Section 2, since the rules may be imprecise, we can use the number
of rules matching a location as an indicator to show how likely
the location is a true optimization opportunity. We record both the
number of times each location is detected and sort the locations
by the number of times they are detected. We then select only the
top 𝑛 fragments per function and their corresponding policies for
optimization, where 𝑛 is set to 25 in our implementation.

Finally, for each code fragment and its corresponding optimiza-
tion strategy, we aggregate all relevant information and invoke the
LLM to generate the optimized result. As we have seen in Figure 3,
the prompt includes information such as the location of the code
fragment to be optimized, the optimization strategy to be applied,
and the complete code requiring optimization. For further details,
please refer to Section 2.

4 Empirical Evaluation
We evaluate SemOpt with the following research questions:

RQ1: Does SemOpt produce more successful optimizations than
baselines?

RQ2: How important is each component of SemOpt?
RQ3: Do optimization strategies in SemOpt and baselines gener-

alize across codebases?

4.1 Experimental Setup
4.1.1 Benchmark. In this work, we constructed a benchmark to
evaluate code optimization tools. We collected 2,953,660 commits
from the main branches of the 100 most-starred C/C++ codebases
on GitHub. We first filtered commits to retain only those modifying
a single C/C++ function. Using optimization-related keywords to
match commit messages, we then employed an LLM to analyze
the corresponding diff files for verification. After deduplication
based on commit messages and code changes, we obtained 2,529
commits that primarily implement code optimizations, from which
we randomly sampled 151 commits to construct our benchmark
dataset.

Since the benchmark is constructed from historical commits on
GitHub, it overlaps with the data used by baselines and SemOpt.
This includes the knowledge base employed by RAPGen and RAG,
aswell as the strategy library of SemOpt. To address the data leakage
problem, during the evaluation, we exclude information exactly
matching the commit or the code of the current task from the data
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used in baselines and SemOpt. Only the remaining data is available
for optimization, thereby mitigating the problem of data leakage.

Each entry in the benchmark contains the codebase name, the
commit hash, and the complete function before and after the com-
mit. The function before commit is the input for code optimization
tools, and the function after commit is used to calculate the ground
truth patch by the developer, so that we can assess the correctness
of the optimization results.

Note that we constructed a new benchmark instead of reusing
existing ones because no existing benchmarks suit our needs as far
as we are aware. For example, the benchmark used by RAPGen [16]
consists of optimization tasks for C# code, whereas our tool is
implemented to optimize only C/C++ code. The PIE benchmark [43]
derived from CodeNET [38] is typically small in scale, whereas we
aim to evaluate optimization capabilities on large-scale codebases
in real-world scenarios.

4.1.2 Baselines. We compared SemOpt with three baseline ap-
proaches, as follows.

Direct Prompting: This baseline uses a static prompt, requiring
the LLM to directly provide the optimized results.

Retrieval Augmented Generation (RAG): This baseline imple-
ments the standard RAG process. The implementation follows previ-
ous work [14]. We first gather real-world code optimization-related
commits to construct a comprehensive knowledge base. The col-
lection process follows the same approach as in Section 3.1. For
each piece of code to be optimized, we follow Gao et al. [14] to
use the BM25 algorithm [41] to retrieve the four most similar code
examples from the knowledge base, sort them in ascending order of
similarity, and then include them in the prompt along with the cur-
rent code to be optimized. The LLM is then instructed to generate
an optimized version of the code.

RAPGen: We compared against RAPGen [16], the state-of-the-art
approach for large-scale code optimization as we are aware. Since
RAPGen’s source code is not publicly available, we re-implemented
the tool according to the descriptions in its paper and adapted it
for code optimization tasks on C/C++ code. Since the RAPGen
approach does not identify the location to be optimized, it is nec-
essary to specify the line number of the code to be optimized in
the input. The RAPGen then uses the corresponding code line to
match optimization strategies within its knowledge base. If multiple
strategies are found, the tool calculates similarity scores to identify
the most suitable optimization strategy, which is then applied to
the code. In our implementation of the RAPGen tool, it enumerates
each line of the code and attempts to match optimization strategies
from the knowledge base for each line. After collecting all potential
strategies, we then use RAPGen’s similarity calculation method to
identify the final strategy to be applied.

Additionally, we also implemented an enhanced version of the
RAPGen tool (RAPGen+), which additionally provides the location
information of the modified code segments from the original com-
mit as input. Subsequently, only the code within these segments is
used to match optimization strategies in the knowledge base, after
which the similarity is calculated to determine the final strategy
to be applied. This setup represents an ideal upper bound of the

performance of RAPGen if the optimization location is precisely
known in advance (which is not true for all other baselines).

4.1.3 Evaluated LLMs. Our evaluation of SemOpt and the baselines
was performed on three LLMs, i.e., DeepSeek-V3 (version 0324) [27],
GPT-4.1 (version 2025-04-14) [34], and Gemini-2.5-Pro [6], via their
official APIs. Our choice of LLMs covers both open-source and
proprietary LLMs with decent coding and reasoning capabilities.
Due to cost constraints, we evaluated Gemini-2.5-Pro only for direct
prompting, RAG, and SemOpt on a randomly selected subset of 40
code optimization problems. For the ablation studies in RQ3, we
exclusively used DeepSeek-V3.

4.1.4 Metrics. To evaluate the correctness of the optimized code,
we employ two metrics, following existing work [16].
• Exact Match (EM): We normalize both the ground-truth code
by the developer and the optimization results generated by
each tool by removing comments, indentation, and whitespace
characters. We then compare the normalized code strings to
check whether they are identical.

• Semantic Equivalence (SemEqv):We retrieve the automati-
cally generated patch and the developer’s ground-truth patch.
The authors then manually compare the two patches to deter-
mine whether they are semantically equivalent.
For each optimization task, if at least one solution generated

by a given method meets the evaluation criteria, we consider the
method to have successfully solved the task.

4.1.5 ImplementationDetails. For all LLMs, we follow priorwork [3,
14, 31] and set the temperature to 0. Each optimization task is re-
peated three times, andwe report the average number for all metrics
to mitigate randomness. To build the strategy library (Section 3.1),
we use DeepSeek-V3 [27] to summarize the optimization strategy,
and all-MiniLM-L6-v2 [40, 45] to encode the summary into a high-
dimensional semantic vector.

4.2 RQ1: Comparison with Baselines
To evaluate the effectiveness of SemOpt in code optimization, we
compared it with RAPGen, its enhanced version RAPGen+, and two
representative prompt engineering techniques – retrieval-augmented
generation (RAG) and direct prompting – across the three LLMs.
Table 1 presents the performance of each tool on the benchmark of
151 code optimization tasks.

4.2.1 Comparison to RAPGen. As shown in Table 1, SemOpt achieves
notable improvements over RAPGen on all LLMs. Under the Ex-
act Match metric, RAPGen successfully optimized 0 and 1 cases,
and SemOpt achieved 42 and 28 cases. Under the Semantic Equiv-
alence metric, the number of successful optimizations achieved
by SemOpt is 21.33 and 22 times higher than that of RAPGen. All
results are based on evaluations with DeepSeek-V3 and GPT-4.1
[27, 34]. These results demonstrate the effectiveness of SemOpt for
code optimization tasks.

We studied the reasons behind the optimization failures of RAP-
Gen, which can be summarized into the following three main as-
pects.
Limited Strategy: RAPGen is limited to a single optimization
strategy—modifications on individual APIs. However, only about
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Table 1: The performance comparison of baselines and SemOpt on different LLMs.

Approach
DeepSeek-V3 GPT-4.1 Gemini-2.5-Pro (on 40 problems)

EM SemEqv EM SemEqv EM SemEqv

RAPGen 0 (0.0%) 3 (2.0%) 1 (0.7%) 2 (1.3%) - -
RAPGen+ 3 (2.0%) 6 (4.0%) 3 (2.0%) 7 (4.6%) - -
Direct 2 (1.3%) 9 (6.0%) 7 (4.6%) 13 (8.6%) 0 (0.0%) 3 (7.5 %)
RAG 25 (16.6%) 36 (23.8%) 17 (11.3%) 32 (21.2%) 6 (15.0%) 9 (22.5%)

SemOpt 42 (27.8%) 64 (42.4%) 28 (18.5%) 44 (29.1%) 12 (30.0%) 18 (45.0%)
SemOpt + RAG 49 (32.5%) 75 (49.7%) 37 (24.5%) 58 (38.4%) 16 (40.0%) 21 (52.5%)

(a) The code requiring optimization.

(b) Optimization strategies from RAPGen.

(c) The Semgrep rule from SemOpt.

Figure 4: Code optimization example for RQ1.

23 optimization tasks in the benchmark conform to this pattern,
which fundamentally restricts the applicability of RAPGen on this
benchmark.

Simplistic Strategy Matching Mechanism: RAPGen requires
that the abstracted code structurally matches the entries in its strat-
egy library exactly, which may result in the omission of effective
strategies. Its abstraction approach replaces project-specific iden-
tifiers with placeholders, and stores both the source code before
optimization and its corresponding abstracted result in the strategy
library. A successful match between the code to be optimized and
an entry in the strategy library requires that their abstracted rep-
resentations be exactly identical. As shown in Figure 4, although
several optimization strategies in the library are consistent with
the one depicted in Figure 4a, the abstracted result of the code to
be optimized does not exactly match the abstracted result of any
entry in the library, failing to match a strategy. This issue severely
limits the optimization capabilities of RAPGen.
Lack of Localization Capability: RAPGen relies heavily on the
input to specify the exact lines of code to be optimized. However, our
benchmark does not provide such localization information, forcing
RAPGen to attempt to match every line in the input code against
its strategy library. This process can introduce a large number of
incorrect optimization strategies, thereby negatively affecting its
overall optimization performance.

4.2.2 Comparison to RAPGen+. To evaluatewhether RAPGenwould
perform better without the problem of localization, we implemented
an enhanced version, RAPGen+, as described in Section 4.1. We
explicitly provide the location of the code segments modified in
the original commit as additional input to RAPGen+, emulating an
ideal condition of precise localization. Subsequently, only the code
within these segments is used to match optimization strategies,
after which similarity is computed to determine the final strategy
to apply.

As shown in Table 1, RAPGen+ demonstrates a slight improve-
ment over RAPGen, with the number of successful optimizations
increasing by 2 and 5 cases. However, the number of successful
optimizations achieved by SemOpt is still 6.29 and 14 times greater
than that of RAPGen+. This indicates that even with additional cor-
rect localization information, RAPGen+ still performs significantly
worse than SemOpt.

4.2.3 Comparison to Prompt Engineering and RAG. As shown in
Table 1, the number of successful optimizations achieved by SemOpt
is much higher than the direct prompt engineering (Direct) and
the RAG baseline. For the Exact Match metric, SemOpt has 4 to
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Table 2: Ablation Study

Approach EM SemEqv

w/o Location 36 (23.8%) 51 (33.8%)
w/o Optimization Strategy 15 (9.9%) 41 (27.2%)
SemOpt 42 (27.8%) 64 (42.4%)

21 times of the success optimizations of the Direct baseline, and
1.65 to 2 times of the RAG baseline. For the Semantic Equivalence
metric, SemOpt has 3.38 to 7.11 times of the Direct baseline, and
1.38 to 2 times of the RAG baseline. These results demonstrate the
effectiveness of SemOpt in addressing code optimization tasks.

4.2.4 Complementarity of SemOpt and RAG. As shown in the Se-
mOpt + RAG row of Table 1, combining the optimization results
of both methods increases the number of successful optimizations
by 17.19% to 33.33% compared to using SemOpt alone. This demon-
strates the strong complementarity between SemOpt and RAG.

4.2.5 Practical Applicability of SemOpt. To evaluate the practical-
ity of SemOpt in real-world scenarios, it is necessary to measure
the proportion of proposed optimizations that are applicable. An
optimization is considered valuable if it preserves the original se-
mantics and achieves a certain degree of performance improvement
(e.g., execution speed or resource efficiency), regardless of whether
it matches the optimization result in the original submission.

Due to the substantial workload, we conducted a manual evalu-
ation only on all optimization suggestions generated by SemOpt
when using DeepSeek-V3. Among these, 89.86% of the optimiza-
tions were deemed to meet the criteria, demonstrating the high
practical applicability of SemOpt in real-world scenarios.

Answer to RQ1: SemOpt achieves a significant improvement
in producing correct optimization outcomes, reaching 37.5%
to 27x more successful optimizations than all baselines under
different LLMs. Furthermore, SemOpt and RAG exhibit strong
complementarity. Besides, SemOpt demonstrates high practical
applicability, with 89.86% of its generated optimizations preserv-
ing semantics while improving performance.

4.3 RQ2: Ablation Study
To verify the effectiveness of the design of SemOpt, we conduct an
ablation study on the two functionalities associated with Semgrep
rules by removing information in the prompt:

• w/o Location: Remove the location information from the LLM
input prompt and provide only the optimization strategy. The
LLM has to determine how to apply the optimization strategy
to the whole input function.

• w/o Optimization Strategy: Remove the description of the
optimization strategy from the LLM input prompt and provide
only the location information. The LLM has to determine which
strategy to use to optimize the given code segment.

(a) The code segment requiring optimization.

(b) The correct optimization result.

(c) The first code modification reference used by RAG.

(d) The second code modification reference used by RAG.

Figure 5: Code optimization example for RQ3.

We conducted experiments on 151 optimization tasks using
DeepSeek-V3. The experimental results are shown in Table 2. Re-
moving the location information led to a performance drop of
14.29%–20.31%, while removing the optimization strategy resulted
in a decrease of 35.94%–64.29%. These findings demonstrate that
both types of information provided by Semgrep rules contribute to
the overall performance.

Answer to RQ2: In the Semgrep rules generated by SemOpt,
both location and optimization strategy information signifi-
cantly contribute to the overall performance.

4.4 RQ3: Generalization Across Codebases
We observed that, for some tasks where RAG achieved successful
optimizations, it referenced other commits from the same codebase.
In certain cases, the optimization strategies in the referenced com-
mits were highly consistent with those required by the current task,
thus providing substantial assistance.

An example is presented in Figure 5. Figure 5a shows the code
snippet to be optimized, while Figure 5b illustrates the correct opti-
mization approach, in which the loop variable in the for statement
is modified with both const and reference qualifiers. Figures 5c and
5d present the top-1 and top-3 most similar examples retrieved by
the RAG method as references for code optimization. All three code
optimization commits originate from the TensorFlow [44] codebase
and were submitted by the same developer on the same day, with
largely consistent optimization strategies.

To further investigate the dependence of SemOpt and RAG on
information from the same codebase, we implemented two modes
for each method: Standard Mode and Degraded Mode.
• Standard Mode: Correspond to the standard implementation
used in RQ1. In this mode, we exclude the exact match of the
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Table 3: The performance comparison of SemOpt and prompt engineering techniques on different LLMs.

Approach Mode
DeepSeek-V3 GPT-4.1 Gemini-2.5-Pro (on 40 problems)

EM SemEqv EM SemEqv EM SemEqv

RAG
Standard 25 (16.6%) 36 (23.8%) 17 (11.3%) 32 (21.2%) 6 (15.0%) 9 (22.5%)
Degraded 6 (4.0%) 10 (6.6%) 5 (3.3%) 15 (9.9%) 1 (2.5%) 5 (12.5%)

SemOpt
Standard 42 (27.8%) 64 (42.4%) 28 (18.5%) 44 (29.1%) 12 (30.0%) 18 (45.0%)
Degraded 42 (27.8%) 63 (41.7%) 23 (15.2%) 42 (27.8%) 9 (22.5%) 16 (40.0%)

Table 4: In-the-wild evaluation result

Repo
Perf Improvement ↑ # Test Cases

Max Avg ↑ ≥ 5% ↑ ≥ 10%

RocksDB 5.04% 2.41% 1/2 0/2
Redis 6.14% 1.68% 3/21 0/21
gRPC 35.48% 3.10% 2/16 1/16

LevelDB 218.07% 10.40% 2/22 1/22
spdlog 20.00% 3.27% 6/45 4/45

commit or code from the strategy library and the RAG knowl-
edge base to avoid data leakage, but there may still be similar
commits in the same codebase, such as the example in Figure 5.

• Degraded Mode: Corresponds to a reduced implementation
that excludes the knowledge in the same codebase. During
optimization, all entries in the knowledge base corresponding
to historical commits from the same codebase are excluded,
while all other entries remain unchanged.

As shown in Table 3, when switching from Standard Mode to
Degraded Mode, the number of successful optimizations achieved
by SemOpt decreases by only 0% to 25%, while RAG experiences
a substantially larger reduction of 44.44% to 83.33%. Under both
metrics in Degraded Mode, SemOpt achieves 2.8 to 9 times as many
successful optimizations as RAG. This demonstrates that the major-
ity of RAG’s successful optimizations depend on historical commits
from the same codebase, whereas SemOpt shows significantly less
reliance, indicating that SemOpt has stronger generalization capa-
bility across different codebases.

Answer to RQ3: RAG demonstrates a significantly higher de-
pendence on information from other commits within the same
codebase compared to SemOpt, indicating that SemOpt has
stronger generalization capabilities across codebases.

5 In-the-Wild Evaluation
In this section, we evaluate the real-world practicality of SemOpt
by identifying and optimizing hotspot functions in five large-scale
C/C++ projects, then measuring performance improvements using
their comprehensive performance test suite.

5.1 Experimental Setup
5.1.1 Benchmark. We collected five large-scale C/C++ projects:
RocksDB [9], Redis [39], gRPC [18], LevelDB [19], and spdlog [30].
These projects are widely used in the industry and span a vari-
ety of domains, including storage engines, in-memory databases,
distributed communication, remote procedure calls, and logging
systems. Additionally, each of these projects provides a compre-
hensive performance test suite, which can be used to quantitatively
measure the degree of optimization.

For each project, we cloned the latest available version and wrote
a script to compile the code and run the built-in unit and perfor-
mance tests. The performance testing results of these 5 projects
contain between 2 and 45 distinct test cases, each test case typi-
cally reflecting the performance of a different functionality within
the project. We designed a consistent method for extracting the
relevant data from each project.

5.1.2 Metrics. For each project, we attempt to apply the optimiza-
tion, compile the code, and then execute the unit tests on the op-
timized code. If the tests are passed, we conduct the performance
tests 6 times each on both the original and optimized versions of the
project. To avoid issues such as cold starts, we discard the results
from the first run and report the average performance improvement
in the remaining 5 runs for each test case.

Depending on the implementation of the test case, the perfor-
mance may be reported as a number where higher values indicate
better performance (e.g., processed items per second) or lower val-
ues indicate better performance (e.g., execution time). We unified
the performance improvement in both types as the improvement of
speed (i.e., 100% improvement if the number increases from 10 to
20 in the former type, or decreases from 20 to 10 in the latter type).
Formally, let 𝑥 and 𝑦 denote the performance results for a given
test case before and after optimization. The improvement ratio is
calculated as 𝑦−𝑥

𝑥
for the former type or 𝑥−𝑦

𝑦
for the latter type.

To evaluate the effectiveness of the optimization, we employed
the following two metrics.

• Perf Improvement ↑: The maximum and average improve-
ment ratio of all test cases.

• # Test Cases where ↑ ≥ 𝒏%: The number of test cases among
all test cases where the improvement ratio exceeds n%.
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5.2 Optimization Process
For each project, we first identify hotspot functions through profil-
ing, then generate potential optimizations for each function, and
finally combine optimizations across all hotspot functions.

5.2.1 Identify Hotspot Functions. Since a performance test typically
only covers a small set of functions that need to be optimized, we
first identify the hotspot functions for each test case. We used
perf [35] and gcov [11] to profile the execution of the performance
test. Based on the profiling result, we then identified all functions
whose execution time accounted for more than 0.1% of the total
runtime as hotspot functions in the performance tests. Only these
functions are targets for subsequent optimization.

5.2.2 Generate and Combine Optimization Results. For each project,
we first apply SemOpt to optimize all identified hotspot functions.

Next, we evaluate all optimization results according to the fol-
lowing criteria: an optimization is considered effective if it achieves
a performance improvement exceeding 5% on at least one test case
while causing no more than 2% performance degradation on any
remaining test cases. This approach ensures that selected optimiza-
tions provide substantial performance benefits without introducing
significant regressions elsewhere.

We then automatically compose the optimization results across
different functions through the following process. For each func-
tion, if multiple optimization variants satisfy our effectiveness cri-
teria mentioned before, we select the variant with the highest total
improvement score – computed by adding the performance im-
provement percentages across all test cases. If no variants meet
the criteria, the original implementation is preserved for that func-
tion. Finally, we assemble the selected optimizations for all hotspot
functions to generate the final optimized version of each project.

5.2.3 Implementation Details. Unlike the empirical evaluation in
Section 4, this experiment relies on the performance testing results.
Therefore, it is crucial to maintain steady performance measure-
ment throughout the experiment. The experiments were conducted
on a Linux server equipped with four Intel Xeon Platinum 8270
CPUs (104 cores @ 2.70 GHz) and 256 GB of RAM. To minimize
the impact of fluctuations on the performance testing results, we
ensured that no other resource-intensive programs were running
on the server when executing the performance tests.

5.3 Optimization Result
As shown in Table 4, the maximum improvement on each project
ranges from 5.04% to 218.07%, with an average improvement be-
tween 1.68% and 10.40%. Each project contains 2 to 45 test cases,
among which 1 to 6 test cases exhibit improvements greater than
5%, and 0 to 4 test cases show improvements exceeding 10%.

The authors further manually validated the optimized code for
semantic correctness. All of them were semantically equivalent to
the original program.

Finding:We demonstrate that SemOpt can effectively optimize
five large-scale C/C++ projects in the real world while main-
taining correctness.

6 Discussion
6.1 Significance of Technological Contributions
SemOpt introduces two components as its main technical contribu-
tions: clustering optimization strategies, and generating correspond-
ing Semgrep rules for each strategy. Omitting either component
would result in a substantial increase in optimization overhead and
a decline in optimization effectiveness:

• Clustering optimization strategies: In the clustering results,
we remove all noise points, and only 22% of the commits are ulti-
mately used to generate Semgrep rules. If this step were omitted,
the overall optimization overhead would increase by 5x, and a
substantial number of ineffective optimization strategies might
be introduced, negatively impacting the final performance of
SemOpt.

• Generating Semgrep rules:Without utilizing Semgrep, given
a piece of code requiring optimization, it would first be neces-
sary to partition the code into multiple chunks and then use an
LLM to evaluate, one by one, whether each strategy in the strat-
egy library is applicable. In our benchmark with 151 code opti-
mization tasks, assuming each input code can be divided into 5
chunks and the strategy library contains approximately 150 op-
timization strategies, this would require 151 ∗ 5 ∗ 150 = 113, 250
LLM invocations in total. Such additional computational over-
head is too costly for practical use.

6.2 Limitation
SemOpt focuses exclusively on optimizing code within individual
functions. Future work may extend SemOpt to support code opti-
mization at a broader scope, such as multi-function modifications.

Additionally, the types of optimization strategies we can cur-
rently implement are constrained by the expressiveness of the Sem-
grep static analyzer. Incorporating a better analysis tool may extend
the capability of SemOpt.

6.3 Threats to Validity
The main internal threat comes from potential data leakage. We
already excluded exact matches in the strategy library, but there is
still a possibility of data leakage through LLMs, since some experi-
ment subjects may be included in their training set. However, as
demonstrated in Section 4, directly prompting LLMs to optimize
code yields suboptimal results. SemOpt outperforms other baselines
with the same LLM (hence under the same degree of data leakage).
Furthermore, Section 5 shows that SemOpt can generate new opti-
mization suggestions for multiple projects in the wild, which are
unlikely to be memorized by the LLM. These findings indicate that
this threat has a limited impact on our findings.

One external threat comes from the selection of LLMs and the
benchmark. For LLMs, we evaluated SemOpt on three popular LLMs
from different vendors, all of which demonstrated that SemOpt
achieves superior optimization performance over baseline methods.
Moreover, our implementation of SemOpt is model-agnostic, and
we provide the replication package so that other researchers can
experiment on arbitrary LLMs. For the benchmark, we used the 100
most starred C/C++ databases on GitHub and randomly selected
eligible commits from these databases to serve as our benchmarks.
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Given the representativeness and diversity of the benchmark prob-
lems, we believe the external threat to the benchmark is limited.
Furthermore, our approach has successfully optimized large-scale
projects in the wild, further confirming the effectiveness of our
approach.

7 Related Work
Early code optimization research mainly used rule-based and an-
alytical methods targeting specific inefficiencies [4, 7, 17, 24, 29].
These approaches rely on expert-defined rules, which are labor-
intensive and difficult to scale. In contrast, SemOpt automatically
applies diverse optimization strategies and offers strong scalability.

With the popularity of deep learning, researchers have explored
to train dedicated performance-improving models, such as VQ-
VAE [1], Supersonic [2], and DeepDev-PERF [15]. However, these
dedicated models have been shown to have lower performance than
LLM-based approaches [16], probably because the knowledge ob-
tained from large-scale pre-training is often critical for performing
the optimization.

Recently, researchers also explored LLM-based approaches for
code optimization. Shypula et al. [43] builds a benchmark for code
optimization and evaluates the performance of various prompt-
ing techniques on this benchmark. A key finding of this study is
that RAG could significantly outperform direct prompting. Our
work confirms this finding and further proposes a new approach
that significantly outperforms RAG. RAPGen [16] performs API
replacement-based code optimization for C#. Compared to SemOpt,
RAPGen is limited to a single optimization strategy, whereas Se-
mOpt supports diverse strategies. SBLLM [13] combines multiple
optimized versions of the same code segment for better overall
optimization. EffiCoder [21] identifies performance bottlenecks
by executing test cases and utilizes the obtained profiling data to
guide LLMs in optimizing inefficient code segments, while Perf-
CodeGen [36] employs bottleneck test cases as iterative feedback
signals to prompt LLMs for progressive code refinement. Compared
to our work, the latter three studies all explore orthogonal aspects
and could potentially be combined with SemOpt in the future.

8 Conclusion
In this paper, we propose SemOpt, an LLM-based automatic code
optimization approach that integrates static program analysis tech-
niques. SemOpt consists of three components: an optimization
strategy library builder, an automatic static program analysis rule
generator, and a library-based optimizer. Extensive experiments
conducted on three popular LLMs demonstrate that SemOpt can ef-
fectively localize and retrieve appropriate optimization strategies on
large projects, thereby guiding the LLMs to perform code optimiza-
tions. Furthermore, our in-the-wild evaluation shows that SemOpt
significantly improves the performance of real-world projects.

Data Availability
Artifacts of this paper, including the implementation of SemOpt,
all baseline implementations, and evaluation results, are available
at https://figshare.com/s/0391db49a3620ed53a1f.
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