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Selecting a good set of optimization flags requires extensive effort and expert
input. While most of the prior research considers using static, spatial, or dynamic
features, some of the latest research directly applied deep neural networks
to source code. We combined the static features, spatial features, and deep
neural networks by representing source code as graphs and trained Graph
Neural Network for automatically finding suitable optimization flags. We created
a dataset of 12000 graphs using 256 optimization flag combinations on 47
benchmarks. We trained and tested our model using these benchmarks, and our
results show that we can achieve a maximum of 48.6% speed-up compared to
the case where all optimization flags are enabled.
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1 Introduction

Compiler optimizations allow programmers to create more efficient object codes by
applying various transformations to the source code at compile time. Those optimizations
have four main goals: reducing execution time, minimizing compile time, consuming fewer
resources, and minimizing the code size (G. Team, 2025). Such optimizations generally
minimize resource usage so that the resulting programs run faster. To maximize efficiency,
most compilers have lots of optimization options. For instance, the GCC compiler has over
200 predefined optimization options (G. Team, 2025), and LLVM has 150 (LLVM, 2024).
Choosing the best optimizations for a program is very important for utilizing the hardware,
minimizing the cost of resources, and creating scalable deployments. Since there are many
optimization options and it is essential to choose the best ones for efficiency, selecting the
proper optimizations for a particular program is very complex.

To make it easier, GCC offers six predefined optimization levels; —O1, —-02, —03, —Os,
—Ofast, and —Og (G. Team, 2025). These levels selectively choose and utilize some of the
compiler optimization options. Although it is easier to choose between these levels rather
than 200 flags, it is still hard to choose the best one. Moreover, using all optimizations or
choosing the most aggressive level (for GCC, —03) does not guarantee the best performance
(Branco and Henriques, 2015). For instance, when we compare the execution time of
benchmarks using all the flag combinations and —O3 baseline, we observe that neither —03
nor enabling all the optimization flags gives the best possible run time. Therefore, as shown
in Figure 1, using predefined optimizations usually is not good enough to bring the best
achievable application-specific performance (Fursin et al., 2011).

Since it is hard to know whether a program will benefit from an optimization flag or a
combination of optimization flags, choosing the best set of flags requires expert knowledge
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Run time of some benchmarks with —O3, with all optimization flags enabled along with maximum and minimum.
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and many attempts. Because more than 200 optimization flags
exist, there are more than 22° possible combinations, and it is nearly
impossible to find the best one by trying all of them.

For a long time, researchers have tried to find a fast, robust,
and easy method for selecting the best optimization flags. The
traditional way of choosing the best optimizations includes finding
hot spots in code by testing it and analyzing the assembly
code (Plotnikov et al., 2013). This approach requires expert
knowledge and time. For automatic tuning of the compiler
optimizations, some researchers proposed using genetic algorithms
to generate random sets and then find the best group by mutating
those sets according to a cost function (Plotnikov et al., 2013;
Pérez Caceres et al., 2017). Some researchers proposed employing
iterative search algorithms to narrow down the search space and then
construct the best optimizations from that space (Sher et al., 2014;
Ogilvie et al., 2017; Blackmore et al., 2017). Although those
methods provide promising results, like achieving better run time
performance than —O3 (Blackmore et al., 2017), they are not fast
enough. Finding the best optimization from those large sets still
requires countless executions for finding the best one.

In recent years, learning-based models have been used
for modeling complex systems and understanding complex
concepts like languages and images (Young et al., 2018). Since
machine learning (ML) models are proven to solve complex
problems, ML-based approaches are also used to understand
source codes (Fursin et al., 2011; Malik, 2010; Pekhimenko and
Brown, 2011). Although extracting features and learning patterns
from source codes is not that straightforward, many research efforts
employ machine learning for automatic code optimization tasks
(Fursin et al., 2011; Malik, 2010). One of the famous ones, Milepost
GCC, used machine learning to find the best optimizations by
manually extracting features and learning patterns from those
features (Fursin et al., 2011). Different research groups focused on
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spatial information of the source code and extracted spatial features
from data flow graphs (DFG) and control flow graphs (CFG) for
representing source codes as a fixed feature vector (Malik, 2010;
Park et al., 2012). While most of these researches used manual
feature extraction, some researchers find similarities between
language and source codes and use natural language processing
(NLP) models for representing source code as tokenized feature
vectors (Peng et al., 2015; Mendis et al., 2019). Representing source
codes as fixed-size vectors is a very sophisticated task, and the
authors aimed to tackle these challenges.

GNN-based methods have been widely used for program
analysis and optimization. Prior work models programs using
representations such as ASTs or intermediate representations
to learn semantic embeddings. These approaches support tasks
including variable and method name prediction, data type inference,
performance prediction, and compiler optimizations like device
mapping and thread coarsening. In the literature, GNNs are used
to enable learning language-independent program representations
that generalize across multiple downstream optimization tasks. In
contrast, our approach applies GNNG to identify optimal compiler
optimization flags using features derived from the control-flow
graph. Unlike prior work, we jointly model basic blocks as node
features and control-flow relationships as graph edges during GNN
training. This explicit combination of node-level static properties
and edge-level structural information enables the model to capture
richer program semantics and make more informed optimization

decisions.
This paper combines the benefits of hand-crafted features,
spatial information, and automatically extracted features.

We specifically utilize Graph Neural Networks (GNNs) on
program CFGs to extract features and predict the best
compiler flags. Our specific contributions can be listed as
follows:

frontiersin.org


https://doi.org/10.3389/frobt.2026.1731740
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Peker and Ozturk

10.3389/frobt.2026.1731740

Code
Representation
Techniques

Y

|

4

Static Analysis

* Source Code Features
 Spatial Features

Dynamic Analysis

¢ Performance Counters
« Reaction Analysis

Deep Analysis

¢ Code Embedding

FIGURE 2
Code representation techniques used in literature.

o We extract meaningful hand-crafted features from the source
code to represent the program as a fixed-size feature vector.
We dive deep into the basic block level to extract the most
meaningful information and create feature vectors for each
basic block.

o We utilize the spatial information for preserving and
using CFG features such as loops, jumps, calls, and other
characteristics.

o We generate graphs by combining hand-crafted features
with spatial information for representing the source code as
directed graphs with node features.

o We create a GNN model and train the model using the graphs
that we generated. Using our generated graphs, the GNN
model suggests the best compiler flags.

o Models have been tested in different domains and with other
benchmarks to show the applicability in different scenarios.
Our approach is not discipline-specific and can be applied to
various cases. For instance, the GNN model trained using a
math benchmark (Pouchet, 2012) can be used on a benchmark
with much more complex programs (Guthaus et al., 2001).

The rest of the paper is organized as follows. The next chapter
discusses the necessary background. Chapter IV gives the high level
view, whereas Chapter V explains the details of our GNN-based
approach. Chapter VI discusses the experimental setup and results,
and Chapter VII concludes the paper.

2 Program analysis

Learning-based models learn patterns between input and output
from training data and try to find similar patterns in test data
to predict the outcome (Young et al, 2018). These approaches
usually incur expensive one-time training but are inexpensive when
applied to new programs. Therefore, machine learning models need
a good source code representation to find similarities between
them. Symbolic encoding should be used in the applications to
see the similarities between code snippets (Peng et al, 2015;
Mendis et al., 2019). Most ML models need fixed-size feature
vectors as input for finding the similarities between programs
using linear and non-linear combinations between those features.
Therefore, researchers mainly focus on finding a good source code
representation. Research efforts in this domain can be classified into
three main categories, as seen in Figure 2.
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2.1 Static analysis

Static analysis extracts features directly from the source code
or the compiler intermediate representation (IR). These features
are extracted without running the code itself, which is why they
are called static features. Some examples of these features are the
number of branches, number of loops, variable types, number of
arithmetic operations, and other static properties.

2.1.1 IR features

Most of the static feature extraction process uses the compiler
(IR)
information such as dead code. IR is an important target for

intermediate representation to avoid using irrelevant
optimization since it contains useful structural and execution

information about the application.
2.1.2 Spatial features

One year after the Milepost, Malik showed that spatial-based
features are better for characterizing the programs instead of using
only the source code features (Malik, 2010). These features show
how different instructions are distributed within a program, which
is crucial for instruction scheduling and register allocation. More
specifically, the author uses DFGs, where each node represents an
instruction, and each edge shows the data dependency between two
instructions. This way, the spatial information of the program can be
extracted and used in training.

Thanks to the research that demonstrated the benefits of using
dependence graphs in characterizing loops, they are also used
as features for representing source codes. For instance, Figure 3
shows an example of the similarity between the CFG graphs
of similar algorithms. Similar programs may have similar CFG
structures, so the CFG information can be used as an indicator when
characterizing the programs.

2.2 Dynamic analysis

Static code features may contain information about the
code segments that are rarely executed, which can confuse
the machine learning model (Wang and O’Boyle, 2018). Some
program information, such as the loop bounds, depends on
the program input, which can only be obtained during the
execution time. Also, static code features may not precisely capture
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FIGURE 3

Similarities between the CFG of two different algorithms from the Polybench benchmark suite (Abella-Gonzalez et al., 2021).

the application behavior in the run time environment (such as
resource contention and I/O behavior) (Cavazos et al., 2007).
This highly depends on the computing environment, such as
the number of available processors and co-running workloads
(Wang and O’Boyle, 2018).

To address such run time changes, dynamic analysis is
usually preferred. The run time information contains behaviors
on specific hardware components with particular inputs, hot code,
loop counts, etc. Although it is more complex than collecting
static features, the dynamic analysis may represent the source
code better in specific environments and execution scenarios
(Cavazos et al., 2007).

2.3 Deep analysis

Manual feature extraction methods require expert input, which
is even more complex at the source code level. Specifically, static
features are not always enough to represent a program, and
extracting dynamic features is exhaustive since it requires run time
information (Peng et al., 2015). Moreover, finding relations between
hand-crafted features is a complex procedure. Therefore, recent
studies focused on automatic feature extraction methods using deep
neural networks.

2.4 Program features for automatic code
optimization

Commonly used parts for automatic code optimization can
be classified into four main categories as shown in Table 1. Tree-
graph-based features give insight into the execution order of the
program. These features show the loop structures, branching nodes,
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etc., which offers a great idea about the program structure and
data flows. This category is divided into two subsections since
while some work uses CFGs for tree-graph-based features, some
use DFGs for extracting spatial information. Dynamic features
can be used if the task optimizes code for specific hardware.
Reaction analysis, loop counts, and cache hit/miss information
are valuable for particular hardware but not helpful for different
architectures. Finally, deep analysis methods use abstract syntax
trees or word embedding to analyze the source code. Those methods
do not use hand-crafted features. Instead, they extract their own
features.

2.5 CFG

A control flow graph, CFG, is a directed graph with basic
blocks as nodes and possible execution orders of those basic blocks
as directed edges (Cooper et al., 2012). CFG is like a graphical
representation of a program; edges in the graph represent how the
execution of the program can potentially proceed, and nodes of the
graph represent statements.

2.5.1 Basic block

Each unit in the CFG is called a basic block. In a single
basic block, a set of operations always execute together
(Cooper et al., 2012). Basic blocks have only one entry and one
exit point (G. Tea m, 2024).

CFG of a program can be generated from the compiler’s
intermediate representation (IR). GCC pipeline has several IRs
ranging from high level (GENERIC, GIMPLE) to low level, close
to the assembly (RTL). As seen in Figure 4, when a source
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Commonly Used Features

Source Code Features

Loop Information

(Fursin et al., 2011) (Pekhimenko and
Brown, 2011) (Namolaru et al., 2010)
(Blackmore et al., 2015) (Koseki et al., 1997)
(Cavazos et al., 2007)

Basic Block Information

(Fursin et al., 2011) (Sher et al., 2014)
(Pekhimenko and Brown, 2011)
(Park et al., 2012) (Namolaru et al., 2010)
(Blackmore et al., 2015)

# of Basic Blocks

(Fursin et al., 2011) (Sher et al., 2014)
(Pekhimenko and Brown, 2011)
(Park et al., 2012) (Namolaru et al., 2010)
(Blackmore et al., 2015)

# of Floating Point Operations

(Fursin et al., 2011) (Sher et al., 2014)
(Pekhimenko and Brown, 2011) (Kulkarni and
Cavazos, 2012) (Namolaru et al., 2010)
(Blackmore et al., 2015)

# of Memory Operations

(Fursin et al., 2011) (Namolaru et al., 2010)
(Blackmore et al., 2015) (Ashouri et al., 2016)

# of Integer Instructions

(Fursin et al., 2011) (Sher et al., 2014)
(Pekhimenko and Brown, 2011) (Kulkarni and
Cavazos, 2012) (Namolaru et al., 2010)
(Blackmore et al., 2015)

# of Array Instructions

(Fursin et al., 2011) (Pekhimenko and
Brown, 2011) (Kulkarni and Cavazos, 2012)
(Namolaru et al., 2010) (Blackmore et al., 2015)

# of Calls in Method

(Fursin et al., 2011) (Park et al., 2012)
(Namolaru et al., 2010) (Blackmore et al., 2015)
(Ashouri et al., 2016)

Tree-Graph Based Features

CFG Topology

(Pekhimenko and Brown, 2011)
(Park et al., 2012) (Kulkarni and Cavazos, 2012)
(Namolaru et al., 2010) (Koseki et al., 1997)

DFG Topology

(Malik, 2010) (Namolaru et al., 2010)
(Koseki et al., 1997)

Dynamic Features

Loop Counts

(Cavazos et al., 2007) (Fursin et al., 2004)

Hot Code

(Malik, 2010) (Cavazos et al., 2007)
(Fursin et al., 2004)

Cache Hit/Miss Information

(Cavazos et al., 2007) (Ashouri et al., 2016)
(Fursin et al., 2004)

Reactions to Flags

Fursin and Temam (2010)

Deep Analysis

Abstract Syntax Tree

(Cummins et al., 2017) (Baghdadi et al., 2021)

Word Embeddings

Peng et al. (2015)

code is compiled using GCC, there are several steps before
generating the assembly code. In these intermediate steps, GCC
generates internal representations, including basic blocks, possible
execution patterns, etc., for applying transformations or passes
(Gimple, 2024). Therefore, the CFG can be built using RTL and
GIMPLE IR of GCC (CFG, 2024).

An example CFG with its basic blocks and execution order is
given as a directed graph shown in Figure 5. In this representation,
edges show the execution order, and the edge started from
0x100003f90 block to the 0x100003T90 block shows
the for loop.
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3 Related work

The source code features are directly extracted from the source
code itself. One of the earliest studies on source code features
was done by Agakov et al. (2006). They tried to automatically focus
on the spots likely to improve performance in their work. Even
though they used an iterative search algorithm, they created the
nearest neighbor (NN) classifier for narrowing the search space. The
predictive model then defines a suitable region of interest (ROI) to
search. For the NN implementation, they represented the code with
36 different source code features.
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FIGURE 4
GCC compilation flow: 1) Source Code, 2) Intermediate
Representation, and 3) Assembly Code.

In their implementation, the authors used principal component
analysis (PCA) to reduce the dimensionality of the dataset. It turns
out that most of these raw code features can be used together to
create combined features. For example, one can divide the number
of load instructions by the number of total instructions to get
the memory load ratio (Wang and O’Boyle, 2018). As a result of
their analysis, they got a 5D feature vector and used it to train
the NN model.

While seeking a solution for the phase ordering problem,
Kulkarni and Cavazos worked on extracting per-method-based
features in dynamic compilers such as Java (Kulkarni and
Cavazos, 2012). They tried to find an order for the optimizations
specific to each piece of code.

Namolaru etal. proposed a state-of-the-art model for
predicting suitable optimization flags using IR features
(Namolaru et al, 2010). In this model, they used GCC’s
intermediate representation (G.Team, 2020) to extract static
features. They viewed the program as a labeled graph represented
by Datalog notation (Namolaru et al.,, 2010). Furthermore, they
proposed to use the relational view of the program by considering
several features such as CFGs, Call Graphs, Loop Hierarchy,
DDGs, etc.

They extracted 56 static features from the relations that comprise
the relational representation of the program. Some examples are
given as follows:

Milepost uses several features as input to the network and
is considered an essential baseline for ML-based approaches
in the literature (Blackmore et al, 2017; Malik, 2010;
Park et al., 2012; Blackmore et al., 2015).

Koseki etal. proposed using dependence graphs to predict
optimal unrolling factors for nested loops (Koseki et al., 1997).
They specifically utilized flow dependence, reuse, and output
dependencies to predict proper unrolling factors for loops.

Park etal. proposed using CFG for feature extraction
in code representation (Park et al, 2012). They
used MinIR (Guen et al, 2011) to analyze the intermediate
representation (see Section II-E) and extracted a 10-dimensional
feature vector for each node in the CFG.

Cavazos etal. used performance counters to extract useful
features from programs. Static features are great for finding
embedded
processors, but those features performed poorly on more general
applications (Cavazos et al., 2007).

a correlation between multimedia kernels on
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Performance counters have been extensively used for
performance analysis in explaining program behavior by capturing
events. These events can describe several characteristics of the
running program, such as cache hits and misses and branch
prediction statistics (Cavazos et al., 2007). One of the advantages
of performance counters is that they can capture how the target
program behaves on specific hardware and avoid the irrelevant
information that static code features may bring (Wang and
O’Boyle, 2018). Using those counters, authors collected 60 events
related to performance, and those events are used as features for
an ML model (Cavazos et al., 2007).

Fursin and Temam proposed another dynamic analysis method
based on the programs’ reactions to the specific optimization
sequences (Fursin and Temam, 2010).

Finding similarities between programs is the challenging part.
To find similar programs, they used reactions to some optimization
combinations. The response is the performance change when a
specific optimization flag is applied to a program (Fursin and
Temam, 2010).

Although dynamic analysis can help find handy features, it
may be affected by the context switches happening in the system.
For instance, a different program running after the population
of performance counter registers may alter the measurements
and cause using inaccurate values during the dynamic analysis.
Therefore, the dynamic analysis may suffer from noise in some
environments (Wang and O’Boyle, 2018).

Peng etal. proposed representing programs as vectors for
training deep models (Peng et al., 2015). To feed the codes to the
deep network, they used language models similar to those used in
NLP problems.

Cummins etal. proposed using deep neural network
find GPU thread
coarsening factors (Cummins et al., 2017). Neural networks extract

models for feature extraction to
a fixed-size vector that characterizes the entire sequence. This is
comparable to the hand-engineered feature extractors used in
prior works. Still, it is a learned process that occurs entirely and
automatically within the network’s hidden layers.

Similar work is proposed by Zhang et al., where they compare
and analyze the similarity between source codes and binary codes for
detecting the reused open source codes (Zhang et al., 2021). In their
work, they used a famous NLP model, word2vec (Church, 2017),
for characterizing the source codes, and using this characterization,
they cluster similar applications. They used clang compiler and
LLVM IR for representing binaries from various architectures in the
same format.

Mendis etal. used a data-driven approach to predict the
clock cycles a processor takes to execute a block of assembly
instructions in a steady state (the throughput). More specifically,
they used the assembly code to implement the data-driven
technique (Mendis et al., 2019).

Most of the successful efforts in literature use the Milepost
project as a baseline and try to outperform it using better features
or combining additional information (Blackmore et al., 2017;
Malik, 2010; Park et al., 2012; Blackmore et al., 2015).

One of the most successful and interesting efforts among the
prior efforts is Park et al.’s work. As discussed in Section 2, Park et al.
proposed using CFG for feature extraction.

frontiersin.org


https://doi.org/10.3389/frobt.2026.1731740
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Peker and Ozturk 10.3389/frobt.2026.1731740

0x100003£83 (0x100003£83)

0x100003£83: push rbp
0x100003£84: mov rbp, rsp

0x100003f87: mov dword ptr [rbp - 4], 0
0x100003f8e: jmp 0x100003fa3

0x100003fa3 (0x100003£83)

L0x100003fa3: cmp aword ptr [rbp - 4], 9

0x100003fa7: jle 0x100003£90

NG U

( 0x100003£90 (0x100003£83)

0x100003£90: mov eax, dword ptr [(rbp - 4]

0x100003f93: lea edx, [rax + rax]

0x100003f96: mov eax, dword ptr [rbp - 4]

0x100003£99: cdge

0x100003f9b: mov dword ptr [rbp + rax*d - 0x30], edx

0x100003f9f: add dword ptr [rbp - 4], 1

0x100003fa3: cmp dword ptr [rbp - 4], 9
\0x100003fa7: jle 0x100003£90

A

(0x100003fa9 (0x100003£83) \

0x100003fa9: mov eax, 0
0x100003fae: pop rbp
0x100003faf: ret

FIGURE 5
CFG of a simple C program. The CFG is created using ANGR (Wang and Shoshitaishvili, 2017).

They highly depend on hand-crafted feature maps, which  propose ProGraML, a language-independent portable program
require expert input and may change as training data  semantic representation, to implement downstream optimization
accumulates (Du et al., 2019). tasks. IRZVEC (VenkataKeerthy et al., 2020) represents programs

GNN-based solutions also exist in the literature.  with distributed embedding based on the IR of the source code.
Allamanis et al. (2018) present a Gated GNN training approach ~ They specifically implement two optimization tasks, namely,
to predict the name of a variable given its usage and to reason  heterogeneous device mapping and thread coarsening.
about selecting the correct variable. A similar approach is presented We use GNNs to determine optimal compiler optimization
by Alon et al. (2018), where authors represent a program using  flags through features extracted from the CFG. While prior
AST, and predict variable names, method names, and data types. work has explored the use of GNNs for code optimization, to
Ben-Nun et al. (2018) use the IR of the code and use an RNN  the best of our knowledge, none of these approaches model
architecture along with pre-trained embeddings. They predict  basic blocks as node features and control-flow connections as
performance through compute device mapping, optimal thread  graph edges simultaneously when training a GNN. By explicitly
coarsening, and algorithm classification. Brauckmann et al. (2020)  representing both node-level (static) characteristics and edge-
utilize GNNs for learning predictive compiler tasks for  level (spatial/structural) relationships, our method captures richer
heterogeneous OpenCL mapping. Cummins et al. (2021)  program semantics to guide optimization decisions.
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FIGURE 6
High level view of our approach.

4 Qur approach

Our main objective is to create a general machine-learning-
based automatic code optimization framework that finds suitable
optimization flags for a given source code in a reasonable amount of
time without executing it. Even though we use the GCC compiler in
our implementation, our approach can be applied to any compiler
framework with slight modifications. There are several static code
analysis methods proposed by lots of researchers in the past
(Fursin et al., 2011; Sher et al., 2014; Malik, 2010; Pekhimenko and
Brown, 2011; Park et al., 2012; Blackmore et al., 2015; Kulkarni
and Cavazos, 2012). These methods relied on extracting hand-
crafted features from source code, and those features are fed into
machine learning models for learning patterns from source code.
Those patterns are then used to find similarities between different
applications so that the automatic code optimization framework
proposes similar optimization flags to similar programs.

As opposed to the efforts in the literature, we represent source
codes using not only the static features but also the programs’
spatial information. After we generate the features, we use neural
networks to learn complex patterns of the source codes and propose
the best possible optimization flags using the neural network
model. Our implementation is composed of four main steps,
as shown in Figure 6. Individual steps of the approach can be
summarized below:

Extract the CFG from the intermediate representation.

o Create node features using the static analysis at the basic
block level.

o Generate directed graphs

and CFG edges.

Train a graph neural network for learning patterns from spatial

information of the CFG.

using the node features

We use computationally intensive C benchmark datasets to see
the effect of optimization flags. The benchmarks are selected from
different domains to understand the capabilities of our model.

One of the most used benchmarks in compiler research
is the Polybench benchmark suite due to its clean structure
(Pouchet, 2012).
The benchmark consists of 30 different applications with

and computationally heavy applications
different features. In addition to Polybench, we also use
cBench (Fursin et al, 2011) as part of our source code pool.
Collective Benchmark set, cBench was created as an extension
to MiBench (Guthaus et al, 2001) and used for training
Milepost GCC (Fursin et al., 2011). The dataset has many programs,
which all have very long and complex algorithms. Unlike many
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other works, we used multiple datasets to evaluate our models in
different domains.

There are more than 200 optimization flags in GCC.
Furthermore, most of them are not binary, requiring arguments.
For example, -flto-compression-level flag requires an
integer value between 0-19 for defining the compression level of the
intermediate language objects (G. Team, 2025). Therefore, training
with all the optimization flags would not be feasible. As a result,
we select a suitable subset of all the available flags. To do this, we
compile our benchmarks with a single optimization flag at a time
and record the execution time. We choose the most effective binary
flags and use those flags as an initial set. According to the collected
results in our benchmark set, we observe that the following flags
provide the most significant performance improvements:

. -fivopts

. -funsafe-math-optimizations
« -finline-functions

. -fguess-branch-probability
« -ftree-loop-optimize

« -funroll-all-loops

.« -ftree-vectorize

« -funroll-loops

On average, compiling, running, and analyzing a program in the
Polybench set takes roughly 1 min, and for the cBench, that exceeds
5 min (because of the size of applications in the cBench). Even with
eight flags, there are 2% = 256 possible binary flag combinations,
and generating a dataset for Polybench takes 5 days, and for the
cBench, it takes 26 days. Therefore, we work with a good set of
optimization flags.

The order of the flags in the optimization set, i.e., phase order,
also affects the performance of the optimization as well (Kulkarni
and Cavazos, 2012). However, most of the studies in the literature
focused on selecting optimization flags and phase ordering problems
separately. Therefore, we only focused on selecting optimization
flags, and phase order was not considered. Our approach can be
extended to include phase ordering as part of the model and
optimizations. But this would further complicate the approach, and
requires deeper analysis to utilize.

After we choose the flags, we compile and run the programs
using the combinations of these optimization flags. We recorded the
run time of each possible combination. After creating the dataset, we
know which combination takes how long to run.

To observe whether using all the flags gives the best results,
we showed all the possible run times using two baselines, namely,
the original —O2 and enhanced —02, meaning that all of the
test flags are enabled with the —O2. We tested our approach
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against the —O2 optimization level, as it is widely adopted in
general-purpose libraries and industrial deployments. We believe
that the —O2 provides a fair and representative baseline for
most computing environments. The —O3 optimization level is
intentionally excluded from our primary comparisons, as it is
known to be avoided in certain performance-critical scenarios due
to its tendency to increase source code size, which can lead to
longer execution times under specific hardware constraints (e.g.,
CPUs with tiny LI instruction caches) (Plotnikov et al., 2013;
Werner et al., 2020; Georgiou et al., 2018). Consequently, the goal
of our proposed method is not to outperform —O3, but rather
to identify more effective optimization sequences on top of —02,
improving performance without incurring the potential drawbacks
associated with enabling all aggressive compiler optimizations.

We used violin graphs to visualize all run times and baselines
in a single chart. These graphs show the maximum, minimum,
and mean run times using three horizontal lines. Also, the shaded
area behind these lines offers the distribution of the run times
generated by all 256 combinations. Finally, we added two baselines
for observing the effect of using no additional flags and all eight
flags. The violin graphs in Figures 7, 8 visualize how combinations
of our binary flags change at run time. As can be seen from these
figures, using all flags does not always yield the best possible result.
As discussed in previous sections, some ﬂags affect one another,
resulting in performance degradation, such as the covariance
benchmark in Figure 7. Therefore, our model tries to find the best
possible combination instead of using all flags.

Our approach analyzes both source code features and CFG for
spatial information. As mentioned before, to extract data from CFG,
we need to examine the IR or assembly code directly. Analyzing
IR requires some external frameworks with limited capabilities,
such as MinIR (Guen et al, 2011). To integrate into different
compilation pipelines, we did not modify GCC by writing compiler
passes. Instead, we analyze the assembly code by directly working
on binary. Therefore, one of the essential features of our framework
is that it does not require modifications in the existing compiler or
installing third-party analyzer tools.

For analyzing the assembly output of the GCC compiler, we used
the ANGR library (Wang and Shoshitaishvili, 2017). ANGR is an
open-source binary analysis library created for Python, which allows
us to perform static analysis on binary outputs. We use the following
static features to extract application characteristics.

Our source code analysis framework is given in Figure 9. First,
we compile the source code using a GCC compiler with the desired
optimization options. Then, the binary executable file is fed into
our framework. We first use the disassembly function of ANGR
to get the assembly instructions of the executable file. Then, we
extract the CFG of the source code using the CFGEmulated
function, which gives the basic block information (such as addresses,
instructions inside these basic blocks, and edges between them)
as shown in Figure 5.

After we get the CFG information, we extract the features
from the basic blocks. Since we have the instructions inside the
basic blocks, we generate node features using the static source
code analysis. The node features help the GNN to learn the spatial
information (the edges between nodes) and the structure of the node
itself. The node features that we used are as follows:
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o Number of arithmetic operations: This feature is the number
of total arithmetic operations inside the basic block.

o Number of floating point arithmetic operations: Total number
of floating point operations. We added this separately since
floating point operations consume more time than the other
arithmetic operations.

o Number of memory operations: Operations that require
memory access like MOV, POP, PUSH, etc.

« Number of floating point memory operations: Floating point
memory operations such as MOVSS, etc.

o Number of compare operations: Number of comparison
operations that may lead to jumps and branches.

o Number of jump operations: Number of total jump operations
that may lead to branches.

« Number of function operations: Total number of function calls
inside the basic block.

o Number of return operations: Indicator of whether the basic
block returns anything.

« Number of register accesses: Number of total register accesses
like RAX, RES, R11, etc.

o Number of total instructions: Number of all instructions inside
the basic block.

o Number of predecessors of the current basic block: This
parameter shows the number of branches before that basic
block. We use this information as an indicator of loops.

o Number of successors of the current basic block: This
parameter shows the number of branches after that basic block
if the basic block is a branching one. We use this information
as an indicator of loops.

Loop depth: How many loops cover the current basic block?

Using basic blocks as nodes, basic block features as node
features, and connections between those nodes as edges, we create
a directed graph for each output that we generate using the
combinations of our binary flags.

We have 128 x [Numbero fApplications) (27 =128) labeled
graphs for a single optimization flag. Also, to prevent mislabeling
due to slight differences in run time, we check whether the added
flag improves the performance more than 10% of the initial run time.
This way, we prevented the noises generated by the machine’s state
at run time.

After we label the graphs, we normalize the features of the nodes
and create a data loader for the training. However, since some of the
flags have unbalanced labels, before training, we balance the labels
50%-50% by oversampling. To increase the number of graphs in the
small set, we randomly choose more samples until the two classes
have equal samples.

5 Graph neural network (gnn) model

GNN architecture consists of graph convolution layers, linear
layers, and non-linear activation functions. We tested different
network configurations with various parameters to measure the
accuracy and the loss. The parameters that we tuned in the GNN
model are as follows:

Number of Layers: A total number of graph convolution layers
in the network. As the complexity of the task increases, the number
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Run times of our optimizations with ~O2 and enhanced —O2 baseline for some of the programs in the Polybench benchmark suite

of layers can also be increased. However, using too many layers
may lead to loss of information, known as vanishing gradient
problem as well (Hochreiter, 1998). Therefore, this parameter should
be tuned carefully according to its complexity. A layer contains
a graph convolution module, a linear module, and a non-linear
activation function.

To find the optimum number of layers, we tried different layers
from 1 to 15. While changing the number of layers, we kept all
other parameters fixed so that we could observe the change only
caused by the number of layers. Based on our experiments, 10
is the optimum number of layers. The changes in the average
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accuracy and the average loss with error bars indicating the different
values in the different cross-validation sets are given in Figure 10.
As can be seen, 10 is our dataset’s optimum number of layers.
Although more layers mean more features to learn and the node
feature information can be propagated to other nodes, practical
observations show that using more layers may drop the performance
(Zhou et al., 2021). This is caused by over smoothing of the node
features in deep networks (Hochreiter, 1998).

Hidden Layers’ Dimension: The dimension of the output of the
hidden units. For this parameter, we tried different values from 1
to 8. Our experiments show that the optimum dimension for our
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dataset is 5. We keep all other parameters fixed and change only the
dimension of the hidden units. The changes in average accuracy and
the loss given in Figure 11 indicate that the optimum dimension for
our dataset is 5.

Neighbor Aggregation Type: Aggregation type of the
neighboring nodes. This parameter defines how to combine
information on neighboring node features. We use three different
aggregation types: The maximum of features of the neighboring
nodes (max), the mean of the features of the neighboring nodes
(mean) or the sum of the features of the neighboring nodes
(sum).
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Graph Pooling Type: Aggregation type of the information
between nodes (Wang and Ji, 2020). It is used for converting the
graph to a 1D vector at the end. Since pooling is used to obtain graph
representations from node representations, this parameter defines
how the network should combine all the node information (Wang
and Ji, 2020). We tried three possible pooling types for the graph
pooling operation to find the best pooling type.

Results for all pooling types are given in Figure 12. As can be
seen, we are using sum as graph pooling is the optimum choice.

In networks where the number of neighbor nodes varies greatly,
using sum as neighbor aggregation can lead to problems such

frontiersin.org


https://doi.org/10.3389/frobt.2026.1731740
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Peker and Ozturk

10.3389/frobt.2026.1731740

Optimization
Options

Source Code

ANGR

CFG Emulator

Y

Disassembly

A 4

Extract Source

Code Features
FIGURE 9
Our source code analysis framework to create the graph to be used in our GNN model.
951 —— Accuracy [ 0.65
—— Loss
901 - 0.60
851 - 0.55
S I
® 0. 0.50
g 2
& -0.45 <
5 75- -
2 L 0.40
70+
- 0.35
65 1
- 0.30
60
- 0.25

6

FIGURE 10
Accuracy/Loss vs. number of layers used in the GNN model.

8
Number of Layers

10 12 14

as nodes with high degrees may have much larger aggregation
than nodes with low degrees (Wang and Ji, 2020). In our case,
since the number of neighbors is close in all nodes in the
graphs that we generated from the source codes, instead of
averaging them or taking the maximum of the node features,
using sum as pooling type resulted in the best accuracy. This
is expected since the program spends most of its time on
the basic blocks with the heaviest load. This follows from the
fact that our features grow when the block is heavier with
a higher number of nodes, instructions, etc. Therefore, as we
sum all the information from the convolution operation, the
aggregated data shows the computationally heavy parts of the
source code, which allows the network to focus on the most time-
consuming aspects.
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LR Scheduler: Learning rate (LR) scheduler is used for adjusting
the learning rate during the training. To see the effects of the
LR scheduler, we tried two different Gamma parameters with two
different step sizes. In the best case, the LR scheduler step size is
set to 100, and the gamma is set to 0.5. Since we are reducing LR
10 times, using 0.1 would result in a tiny LR, nearly stopping the
learning process. As an initial learning rate, we choose 107* since
this value resulted in the best results in our fine-tuning runs.

While using a higher learning rate achieves faster training,
keeping it too large may result in divergence. In such a scenario,
the network may miss what is essential. On the other hand, using a
minimal LR results in convergence but leads to very long training
times. Therefore, the LR scheduler creates an adaptive learning
rate. LR starts high and after some time, it becomes smaller. Step
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LR Scheduler

size specifies the number of times the entire dataset should pass
through the network (number of epochs) to decrease the learning
rate. For example, step size 50 means in every 50 generations, LR
will be reduced.

LR Scheduler - Gamma: This parameter specifies the ratio of
the decrease in the LR. For instance, gamma 0.1 and step size 50
means LR will be reduced to one-tenth in every 50 epochs. If Gamma
is chosen too large, the learning rate may be reduced too quickly,
leading to very slow convergence, while using it very small may not
decrease the learning rate effectively, so the network may not learn
the small details.

All possible four pairs are given in Figure 12. In this graph, values
in the y-axis are the gamma and step size pairs, where the first value is
the gamma and the second value is the step size for the LR scheduler.
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Weight Initialization Method: The weight initialization is
crucial for the network’s convergence (completing the learning
phase). If the weights are correctly initialized, the learning process
will be much shorter and easier (Kumar, 2017). Therefore, we
tested our network with and without the Xavier weight initialization
method. Results showed that Xavier weight initialization increased
the accuracy from 82% to 91%.

Properly initialized weights increase the performance of the
network dramatically (Kumar, 2017).

This is because Xavier prevents weights from exploding or
vanishing by keeping the variance the same across every layer in
the network (Kunin, 2019).

For instance, although the difference between 1.1 and 0.9
is just 0.2, in a network with 50 layers, when the weights are
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multiplied repeatedly, 1.1°° = 117930 while 0.9°° = 0.00515. The
difference shows the importance of weight initialization, which we
tried avoiding using Xavier (Kunin, 2019).

Loss Function: We trained our model for 500 epochs and
recorded the accuracy and the loss values. As a loss function,
we used Cross Entropy Loss since we have a binary classification
task. Cross entropy measures the difference between the probability
distribution of a machine learning classification model and the
predicted distribution as given in Equation 1, where p is the
predicted probability, y is the ground truth, and [ is the loss
(Maheskar, 2019).

I=—(yxlog(p)+(1—-y)xlog(l-p)) (1)

To fine-tune the model, we split our dataset into the
training, validation, and test sets. We used the 5-fold cross-
validation technique for fine-tuning and created validation sets
of 1,000 graphs to calculate the accuracy and loss during the
fine-tuning.

Network Optimizer: We used Adaptive Moment Estimation
(Adam) as an optimizer in our network. Adam optimizer is used
in many ML applications using cross-entropy loss, and it is proven
to be a successful algorithm for convergence where cross-entropy
loss is used (Bock and Weif3, 2019).

6 Evaluation

We evaluate our scheme by measuring the compiled application’s
run time and comparing it against two different baselines. The
first is —02, and the second is enhanced —0O2. We turn all the
tested flags on in the enhanced —O2 case. Therefore, we use both
extremes, where we have all flags enabled and all flags disabled on top
of —02.

6.1 Setup

We have used two benchmark datasets, Polybench and
cBench. Polybench is a collection of benchmarks containing

different numerical computations. These  computations
are extracted from domains like linear algebra, image
processing,  statistics, ~physics simulation, etc. (Abella-

Gonzalez et al.,, 2021). The cBench dataset contains real-world
applications with high computational requirements. It contains six
categories (Guthaus et al., 2001), namely, Automotive and Industrial,
Network, Security, Consumer Devices, Office Automation, and
Telecommunications.

The compilation, source code analysis, and graph generation
operations are done using a MacBook Pro (macOS Big Sur
v11.0.0.1) with a 3.1 GHz Dual-Core Intel Core i7 CPU and
16 GB of memory. GNN training operations are done on a
workstation with an Intel Core i9 CPU, 128 GB of memory, and
NVIDIA RTX 3090 GPU. For compilation, weused gcc v11.2.0
(G. Team, 2022). Our Python scripts are written using Python
3.9. For binary analysis we used angr v9.1.109 (Wang and
Shoshitaishvili, 2017). For GNN training operations, we have
used torch v1.9.1 and dgl v0.6.1 (Wang et al, 2019)
libraries.
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6.2 Accuracy results

6.2.1 Effectiveness of GNN model

We compared three different classifier models with our method
to see how using a GNN model affects performance. We tested a
1-nearest neighbor classifier, similar to the one used in Milepost,
and also trained a Deep Neural Network using our training dataset.
To fit a 1-nearest neighbor classifier, we flattened all of our node
features and summed them as if we had a single feature vector for
each program. For instance, instead of extracting the number of
arithmetic operations for each basic block, we now have a total
number of operations in the whole program as a feature. Also,
to observe the effect of spatial features, we trained a deep neural
network model that also has ten layers. We again flattened the graphs
and created a single feature vector for each program. Our results
show that using a deep neural network provides an 81% accuracy.
The results show that the GNN model outperformed both nearest
neighbor and neural network models with the help of the spatial
information that we extracted.

6.2.2 Results for single-flag experiments

We trained our network with a single flag for these experiments.
Labels used in this experiment are as follows:

« 0: The flag did not reduce the run time of the graph.
o 1: The flag reduced the run time of the graph.

First, we trained our network using the Polybench dataset, and
tested using individual flags also in this dataset. Then, we did the
same for the cBench dataset. So, the training sets and test sets are
from the same benchmark suite. The accuracy results for these tests
are given in Figure 13.

When we compare the accuracy results of the Polybench
set, we observe that the best performance is achieved by the
-funsafe-math-optimizations flag. The Polybench set
consists of applications in domains like linear algebra and statistics.
Therefore, the result shows that our model learned the patterns
of math applications from the Polybench dataset, resulting in
the best performance for -funsafe-math-optimizations.
The second best flag, -ftree-vectorize, also supports our
discussion. Moreover, since the Polybench set consists of matrix
multiplication algorithms, we can say that our model learned when
to unroll loops since we have 79% accuracy for the -funroll-
all-loops as well.

The cBench results show that the best performance is achieved
again with the -funsafe-math-optimizations. Since both
benchmark sets target CPUs, they contain computationally intensive
algorithms. Therefore, our model mostly focused on those math
applications, which is why it performs best with -funsafe-
math-optimizations. However, for cBench set, -funroll-
all-loops performs better than -ftree-vectorize. This
shows that applications with data-intensive operations like media
applications in cBench helped our model learn patterns for -
funroll-all-loops flag.

When we train our model using both benchmark sets combined
in a single pool, we observe a 4% accuracy drop on average for
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Single flag accuracy when trained with different benchmark sets.

all the flags, as seen in the last bars of Figure 13. This is also
expected because the network now tries to learn from small and
large programs. Also, training in cross-domains is a challenging
task as well (Wang et al., 2021). To strictly prevent data leakage,
we employed a Leave-One-Out validation strategy, ensuring that
the model never encountered the specific program being tested
during the training phase. The slight reduction in accuracy on
the combined Polybench and cBench dataset is attributable to the
distinct domain gap between the two suites. Polybench consists
of small mathematical kernels (approx. 100 basic blocks), whereas
cBench contains complex system applications (often 1,000+ basic
blocks). Despite this increased complexity, our model demonstrated
strong generalization capabilities in the cross-domain experiments;
specifically, the model trained on cBench successfully optimized the
unseen Polybench suite, achieving an average speed-up of 8.44%
over —0O2. We believe this confirms the model’s ability to learn and
apply optimization patterns across differing domains.

Results also show that our network performed best on the
Polybench set. This is relatively expected because Polybench
includes simpler programs when compared to cBench. For instance,
while a typical Polybench program contains around 100 nodes (basic
blocks), a typical cBench program has more than 1,000 nodes (even
sometimes 6,000 nodes). Therefore, some of the cBench programs
are complex, so it is hard to predict from thousands of nodes, which
results in a nearly 2% decrease in accuracy.

However, for some flags, the results are better for cBench.
The reason for this behavior may be related to the domain of the
datasets. While the Polybench contains mainly math applications
(2D matrix multiplications, image processing tasks, etc.), the
cBench contains sorting, zipping, and encryption algorithms.
Therefore, while -ftree-vectorize, the flag that enables auto-
vectorization (vectorizes the convolution loops for faster execution)
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(G. Team, 2011), performed significantly better on Polybench, -
funroll-all-loops, a flag that speeds up the run time by
unrolling all loops (G. Team, 2025), performed better on the cBench.

Our models’ average precision-recall (PR) curves are given in
Figure 14. The PR curves show that for Polybench and cBench
models, the average precision value is very close, and we obtain
an F1 score approximately equal to 0.8 for both sets. The slight
difference between the performance of Polybench and cBench is
also observed here. Figure 14 shows the PR curve for both models.
The 6% drop in average precision shows that the models performed
relatively poorer than the single dataset models.

6.2.3 Results for two-flag experiments

To perform a deeper analysis, we evaluate the model’s inference
performance with more than one flag. For this test, we use two flags
in the model, and we try to find the best choice among four possible
scenarios:

« 0: Using no flags results in the best run time.

o 1: Using only the first flag results in the best run time.

« 2: Using only the second flag results in the best run time.
« 3: Using both flags results in the best run time.

We labeled our graphs according to these choices with four
labels. There are 28 possible two-flag combinations for eight flags,
and we chose only 7 of them at the beginning for a proof of concept.
After labeling, we train the model for Polybench, cBench, and both,
as we did in the single flag tests. The accuracy results on test sets
are given in Figure 15.

Instead of deciding whether a particular flag will reduce the run
time, we are now deciding if we should use the first, second, or
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both. Therefore, the model’s primary purpose here is to find the best
possible solution instead of just reducing the run time.

According to the accuracy results for two flags on the Polybench
set, we achieve a 73% accuracy on average. Although this is not as
successful as the single flag test, it is acceptable since the model has
four labels.

The flag correlation between two flag results’ accuracy and single
flag results has an interesting pattern. More specifically, as can
be seen in Figure 15, while two flag accuracy for -ftree-1loop-
optimize and -ftree-vectorize is around 65%, the single
flag accuracy for -ftree-loop-optimize is around 68%, and
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-ftree-vectorize is around 75%. The two-flag accuracy is
close to the minimum single-flag accuracies among the pairs. We
observe similar patterns for all the pairs.

6.3 Performance results

We conducted tests using our benchmark sets to see how our
model performs in real use cases. To measure the performance of
our methodology, we first exclude one program from the dataset,
then we train the model using the rest of the programs in the dataset.
The last step is to measure the performance of the excluded program.

frontiersin.org


https://doi.org/10.3389/frobt.2026.1731740
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Peker and Ozturk

10.3389/frobt.2026.1731740

-02
HE Enhanced -O2
40 A
S
= 201
o
=
15}
& |
2 nal I | L. HL I
] I I - I - ]
—20 4 2
T T T T T T T T I,‘I'$.I T \\I T T T T Ie,‘l T I.I
B I e
cx\o\e ) %@?%%e@%%@ 0@&%}&2%%& %\f\’ﬂ‘%@@ 50\\}‘% \\yl%gz‘ %k&\ ShSS
CORTATEE 7 & N o
RS @ ¥ RS
Benchmarks
FIGURE 16
Speed-up for each benchmark in Polybench benchmark suite compared to —O2 and enhanced —O2 baselines.

Figure 16 shows the speed-up percentages for each benchmark
in the Polybench dataset. Our approach results in faster run times
for 15 out of 26 programs when compared with —O2. The average
speed-up compared to —O2 for the Polybench dataset is 9.06% with
a maximum of 52%. In the worst case, we generate a 7% slow down
compared to the —O2 run times.

When we compare our results with the enhanced —O2 where
all the tested flags are enabled, it turns out that we get faster run
time in 10 out of 26 programs. Our model’s average speed-up for the
Polybench dataset is 2.33% with a maximum of 48.6%. In the worst
case, we generate a 20% slowdown compared to the case where all
the tested flags are enabled. We observe the worst results for reg_
detect benchmark because it has several loops with undefined loop
counts. Furthermore, since the loop characteristics highly depend
on the input data, the model could not predict the best flags for this
benchmark.

For the 58% of the benchmarks in Polybench, our predictions
are faster than —O2 with an average 16.93% speed-up. Moreover,
our predictions are faster than enhanced —O2 for 39% of all the
benchmarks with an average of 10.1%.

The speed-up results for the cBench set are given in Figure 17.
In this benchmark set, we get better run time results than —02
for 19 out of 21 programs. The average speed-up for the cBench
dataset is 11.07% with a maximum of 44%. In the worst case, our
approach results in an 8% slow down compared to the —O2 run
time. We observe this result for the consumer_jpeg d benchmark
since this benchmark has several loops in which their loop counts
highly depend on the input data, as we observed in reg_detect in our
Polybench set.

When we compare our results with the enhanced —02, we get
better run times for 9 of 21 benchmarks in the cBench dataset. The
average speed-up that we get is 0.28% with a maximum of 8.01%,
and in the worst case, our approach results with a 9.87% slow down
compared to the all tested flags enabled case.
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For 90% of the benchmarks in cBench, our results perform
faster than —O2 with an average speed-up of 12.21%. Moreover,
our predictions are faster than the enhanced —O2 for 43% of all the
benchmarks with an average speed-up of 3.1%.

The single domain results show that, on average, our model
generates better run times when compared to —O2 and enhanced
—02. In the cases where our approach generated faster run time
than the baselines, our average speed-up is better for the Polybench
set. This is expected since benchmarks in Polybench are simpler
programs than the cBench. Although our results generated faster
results for more programs in cBench, the average speed-up is higher
in the Polybench suite.

Polybench mainly includes applications from domains
such as linear algebra and statistics, where mathematical
operations dominate. In contrast, cBench consists of real-world,
computationally intensive applications from diverse domains. We
also evaluated our approach in a mixed-domain setting, training
on one benchmark and testing on the other, where accuracy
decreased by only 4%. This may be viewed as a limitation of
the approach; however, the observed drop is acceptable given
the substantial differences between the domains. These results
suggest that the approach can generalize to other domains, as key
program characteristics are captured by the selected benchmarks.
Performance could be further improved by training on a broader
and more diverse set of applications, or by tailoring training to a
specific target domain when specialization is required.

In future work, to improve the accuracy and performance of the
results, we plan to use transfer learning. When the training data is
expensive or hard to collect, a model trained with easily collected
data can be transferred to another domain by introducing less with
the new data (Weiss et al., 2016). Therefore, we can prepare a base
model using standard benchmarks like cBench and Polybench, train
the base model using fewer data from specific domains, and create a
particular model for different domains.
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7 Conclusion

There are many efforts focused on finding an optimization
sequence automatically by analyzing source code. In this work, we
implement a combined approach that utilizes static, spatial, and
deep analysis methods. To extract all of the information from the
source code, we analyzed the source code at the basic block level.
We extracted static code features from basic blocks and created a
feature vector for each basic block in the source code using the CFG,
which contains essential spatial features like loops, jumps, calls, etc.
We created a GNN model and trained the model using the graphs
we created. Unlike the SVM kernels, GNN learned much more
complex patterns from the graphs thanks to its layered structure. As
a result, we implement a GNN model that predicts an optimization
sequence for a program without running it. Our results show that the
GNN model is not only capable of proposing suitable optimization
flags in a single domain, but it is also capable of providing suitable
optimization flags on different domains as well. Therefore, we can
conclude that static and spatial features successfully represent code,
and GNN models can learn complex patterns from source code.

To improve the cross-domain results, we plan to use
transfer learning. When the training data is expensive or hard
to collect, a model trained with easily collected data can
be transferred to another domain by introducing less with
the new data (Weiss et al., 2016). Therefore, we can prepare a base
model using standard benchmarks like cBench and Polybench, train
the base model using fewer data from specific domains, and create
a particular model for different domains.

Our approach currently works with eight flags, which is
orthogonal to the approach itself. Even though this set of flags
provides a considerable coverage, this set can be scaled for different
application domains that can potentially utilize these flags. Another
limitation in our work is about the phase order, which can potentially
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affect the performance. Our approach can be extended to include
phase ordering as part of the model and optimizations.
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