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ABSTRACT

Context. Modern software is developed under conditions of continuously increasing complexity of computing systems. Today,
developers must consider a vast diversity of platforms, ranging from resource-constrained mobile devices to servers with high-
performance processors and specialized architectures such as GPUs, FPGAs and even quantum computers. This heterogeneity
requires software to operate efficiently across various hardware platforms. However, portability remains one of the most challenging
tasks, especially when high performance is required.

One of the promising directions to address this problem is the use of adaptive compilers that can automatically optimize code for
different architectures. This approach allows developers to focus on the functional part of the software, minimizing the effort spent
on optimization and configuration. Genetic algorithms (GAs) play a special role among the methods used to create adaptive
compilers. These are powerful evolutionary techniques that allow finding optimal solutions in complex and multidimensional
parameter spaces.

Objective. The objective of this research is to apply genetic algorithms in the process of adaptive compilation to enable
automatic optimization of software across different hardware platforms.

Method. The approach is based on genetic algorithms to automate the compilation process. The key stages include: population
initialization — creation of an initial set of compilation parameters; fitness function evaluation — assessment of the efficiency of each
parameter combination; evolutionary operations — applying crossover, mutation and selection to generate the next generation of
parameters; termination criteria — stopping the iterative process upon reaching an optimal result or stabilization of metrics.

Results. The developed algorithm was implemented in Python using the numpy, multiprocessing and subprocess libraries.
Performance evaluation of the algorithm was carried out using execution time, energy consumption and memory usage metrics.

Conclusions. The scientific novelty of the study lies in the development of: an innovative approach to automatic compilation
parameter optimization based on genetic algorithms; a method for dynamic selection of optimization strategies based on performance
metrics for different architectures; integration of GAs with modern compilers such as LLVM for automatic analysis of intermediate
representation and code optimization; and methods for applying adaptive compilers to solve cross-platform optimization problems.
The practical significance is determined by the use of genetic algorithms in adaptive compilers, which significantly improves the
efficiency of the compilation process by automating the selection of optimal parameters for various architectures. The proposed

approach can be successfully applied in the fields of mobile computing, cloud technologies and high-performance systems.
KEYWORDS: genetic algorithms, adaptive compilers, cross-platform optimization, automation.

ABBREVIATIONS

GA - Genetic Algorithm;

IR — Intermediate Representation (a form of program
representation used during compilation for analysis and
optimization);

LLVM - Low Level Virtual Machine (a toolkit for
compiler development that provides IR for program
analysis and optimization, as well as machine code
generation for various architectures);

Clang — a high-performance compiler for C, C++ and
Objective-C that uses LLVM as a backend for code
optimization and generation;

LLVM Pass Manager — a mechanism in LLVM for
managing code optimizations and transformations,
allowing step-by-step analysis and modification of IR;

SPEC CPU2017 — a standardized benchmark suite for
evaluating processor and compiler performance, including
real-world  workloads from domains such as
computational math, artificial intelligence and physics;

429.mcf — a benchmark from the SPEC CPU2017
suite that simulates a network flow problem, used to test
system performance under heavy computational loads;
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456.hmmer — a benchmark from the SPEC CPU2017
suite used to evaluate performance in analyzing biological
sequences using Hidden Markov Model (HMM)
algorithms.

NOMENCLATURE
C is a set of compilation parameters;
Ci is a i-th chromosome (a vector of compilation

parameters) in the current population;
Cpest 1S a the best solution that has the maximum

value of the fitness function;

Chew is a new chromosome obtained after crossover

or mutation operations;

E is a set of graph edges representing dependencies
between instructions in the form of data or control flow
relationships;

F® is a vector of fitness function values for the
population at generation t ;
G|r i1s a directed graph of intermediate representation

(Intermediate Representation, IR) used for analyzing code
structure during compilation;
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inst; is an i-th instruction in the intermediate
representation;

N is a normal distribution with zero mean and
variance 02;

Nejite 1s @ number of elite chromosomes preserved
for the next generation;

P is a population of chromosomes used in the
genetic algorithm; each chromosome represents a possible
configuration of compilation parameters;

Prext 1S a next generation population;

P s an initial (zero-th) population;

PM isa population at iteration t ;
p®

crossed
crossover at generation t ;

is a set of chromosomes obtained through

Pe(me is an elite subset of the population at generation

t;

Prutateq 1S @ subset of the population obtained after
mutation;

Pn(qtu)tated is a set of chromosomes obtained through

mutation at generation t ;
p; is a value of a compilation parameter that reflects

whether a specific compilation optimization is applied,;

Pnew,i is @ new i-th chromosome after applying

genetic operators;

V is a set of graph vertices, each representing a
separate instruction of the intermediate representation;

w; is a i-th weight coefficients that determine the

priority of the corresponding metrics;
& 1is a delta value sampled from a normal distribution

with zero mean and variance > ;
o is a standard deviation used in the mutation process
to sample random variations.

INTRODUCTION

Modern adaptive compilers aim to solve the problem
of automatic software optimization for various computing
platforms. This is achieved through algorithms capable of
analyzing the characteristics of target platforms, adapting
compilation parameters and ensuring maximum
performance. One of the most promising approaches is
the use of genetic algorithms (GA), which provide
powerful tools for searching optimal solutions in complex
multidimensional parameter spaces.

Genetic algorithms are based on the principles of
biological evolution. Their core idea lies in using
processes similar to natural selection, mutation and
crossover to improve solutions to complex problems. In
the context of compilation, each possible solution,
represented as a ‘“chromosome”, contains a set of
parameters that define the optimization strategy. These
parameters include elements such as loop unrolling,
instruction selection, register allocation and memory

management.
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The population of solutions goes through iterations
called “generations”. At each step, the algorithm
evaluates the effectiveness of the solutions based on a
fitness function calculated using given performance
metrics. The most successful solutions are preserved and
used to create new, improved generations. This process
continues until an optimal solution is found or until
predefined termination criteria, such as a set number of
iterations, are met.

To apply genetic algorithms in adaptive compilers, it
is necessary to integrate them with existing tools for code
analysis and generation.

The object of this research is the process of
integrating genetic algorithms into adaptive compilation
for various hardware platforms.

The subject of this research is the models and
methods for developing and selecting genetic algorithms
to build adaptive compilers.

The purpose of this research is to develop a model for
using genetic algorithms in the process of adaptive
compilation to ensure automatic optimization of software
for different platforms.

1 PROBLEM STATEMENT

To apply genetic algorithms in adaptive compilers, it
is necessary to integrate them with the existing LLVM
code analysis and generation tool, which provides
powerful capabilities for working with intermediate
representation (IR). Genetic algorithms should utilize
metrics collected during the IR analysis stage, such as the
number of instructions, loop depth, register usage,
memory access frequency, vectorization level and the size
of the IR to evaluate the efficiency of each solution.

For the formalization of the problem, we assume that a
set of compilation parameters P = {p;, py,..., Py } 1S given,

where each parameter p; takes a value of 0 or 1,

corresponding to its disabled or enabled state. The
compilation parameters may include: -O0, -O1, -02, -0O3,
-Ofast, -Og, -funroll-loops, -fno-unroll-loops, -ftree-
vectorize, -fno-tree-vectorize, -fomit-frame-pointer, -fno-
omit-frame-pointer, -march=native, -march=armv8-a, -
mtune=cortex-a73, -mtune=generic, -flto, -fno-Ito, and
others.

Additionally, a set of possible compilation
configurations C is given, where each configuration
Cc P is a feature vector describing the selected
optimization parameters.

The performance metrics for compilation with
parameters C include the program execution time T(C),

energy consumption E(C) and memory usage M (C).
It is required to find such a configuration of

compilation parameters C" that minimizes the objective
function:

f(C)=w,-T(C)+W,-E(C)+w;-M(C). (1)
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The integration process should include the following
stages:

1. Initial population generation. Initial compilation
parameters are formed based on standard strategies or
generated randomly. These may include loop unrolling,
optimization flags and other parameters.

2. Fitness  evaluation. Each  combination of
compilation parameters is tested on the target platform,
and performance data is collected. This includes program
execution time, energy consumption or memory usage.

3. Application of GA operators. The mutation operator
randomly alters compilation parameters, adding diversity
to the population. The crossover operator combines
parameters from two successful solutions to produce a
potentially more effective one.

4. Selection of the best solutions. Solutions with the
highest fitness scores are retained for the next generation.

It is necessary to design application scenarios such as:

1. Optimization for mobile devices. Genetic
algorithms can select parameters that minimize energy
consumption, such as reducing input-output operations or
minimizing memory access [1].

2. Server applications. For servers, GAs may focus on
optimizing instructions for parallel execution, which is
critical for high-performance computing.

Heterogeneous systems. In systems that use both
CPUs and GPUs, GAs can find a balance between tasks
executed on each architecture to minimize latency and
improve overall performance.

2 REVIEW OF THE LITERATURE

Genetic algorithms (GAs) have long been used to
search for optimal compiler parameters due to their ability
to efficiently explore large solution spaces [2]. Modern
compilers contain dozens or even hundreds of options and
optimization phases, and a fixed optimization sequence
(e.g., standard levels -Ol to -O3) is not universally
optimal for all programs and platforms. One basic
solution to this issue is iterative compilation, where the
code is compiled repeatedly with different combinations
of options, and the results are evaluated to select the best
configuration. In this context, GAs have proven to be an
effective global search method: evolutionary operators
such as selection, crossover and mutation gradually
improve generations of solutions and discover
combinations of flags or compiler pass sequences that
yield better program performance.

For example, a 2022 study proposed a parallel GA for
selecting optimization sequences in LLVM [3]. The
authors clustered programs into subsets and ran three GAs
in parallel (with solution sharing between them), allowing
exploration of different regions of the solution space. As a
result, this approach outperformed the standard -O2 level
by an average of 87% in execution speed and exceeded
the performance of a sequential (single-threaded) GA by
72-75% [3].

Another 2021 study focused on autotuning GCC
compiler flags using a GA. The proposed framework
FOGA (Flag Optimization with Genetic Algorithm)
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implemented dynamic tuning of the GA’s own
hyperparameters and a stopping criterion when no
improvements were observed, resulting in a significant
speedup of C++ program execution compared to the then-
leading OpenTuner toolkit [4].

These studies confirm that evolutionary algorithms
effectively solve both the problem of selecting compiler
parameters and the phase-ordering problem in cases
where exhaustive search is practically infeasible.

Adaptive compilation approaches can generally be
divided into two major categories: search-based methods
(such as GAs and other metaheuristics) and learning-
based methods (machine learning). Iterative search
methods  (including GAs, evolutionary strategies,
simulated annealing and others) perform black-box
optimization by directly measuring the performance of the
generated code [5]. Their advantage lies in discovering
high-quality solutions without requiring an a priori model,
but their main drawback is high computational cost — a
compiler may need to run hundreds or thousands of times
for a single program. This makes such approaches
difficult to apply in real-world conditions, especially
when just-in-time (JIT) optimization is needed.

An alternative is to train a model capable of predicting
optimization decisions. In this case, the cost is shifted to
the training stage (offline), after which the model quickly
produces optimization sets for new programs. In recent
years [6], there has been growing interest in integrating
machine learning into compilers instead of relying on
fixed heuristics. For example, in the MLGO (Machine
Learning Guided Optimization) system, Google
researchers replaced the heuristic function inlining
algorithm in LLVM with a model trained using
reinforcement learning [2].

This approach reduced the size of the executable code
by up to 7% compared to the standard -Oz mode in
LLVM, and the same model worked successfully across
various program sets and hardware platforms [2].

The combination of machine learning (ML) and
evolutionary algorithms opens new possibilities for code
optimization. Evolutionary algorithms, including GAs, are
good at exploring extreme solutions but can be
complemented by ML models to accelerate convergence
[6].

One of the emerging directions is predictive
compilation optimization, where an ML model is trained
on a dataset of programs and corresponding optimization
settings to predict which optimizations will be most
effective for a new program. By applying a k-nearest
neighbors (KNN) algorithm along with a filtering stage to
remove non-beneficial transformations, the system
automatically selects an individualized sequence of passes
for each program instead of using the standard -02/-O3
levels [7].

Experimental results show that this method
outperforms LLVM’s fixed -O2 level, achieving an
average of ~21% speedup, and with filtering included, the
improvement reaches up to 23% [7].
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Despite success in specific scenarios, deploying these
approaches in production compilers remains challenging.
First, the computational cost of iterative methods is still
high. Second, machine learning models risk losing
effectiveness on programs significantly different from the
training set — the generalization problem remains an
active area of research.

Another challenge is integrating these methods into
existing compilation pipelines. Compatibility with
existing optimization passes and programming languages
must be ensured, along with the predictability of results.

Future prospects for adaptive compilers are linked to
the continued growth of hardware capabilities and
advances in artificial intelligence algorithms. It is
expected that compilers will be able to dynamically adapt
to the execution environment — for example, performing
on-the-fly recompilation based on actual program
profiling data.

Recent studies clearly demonstrate the advantages of
adaptive compilation, particularly involving genetic
algorithms and machine learning methods, for cross-
platform optimization. The main challenges today include
improving the efficiency and speed of such approaches,
ensuring their reliability under various conditions and
integrating them into real-world development tools.

3 MATERIALS AND METHODS

Adaptive compilers that utilize genetic algorithms
(GAs) are complex modular software systems that
provide automatic code optimization for various
computing platforms. The architecture of such a compiler
includes several interrelated components that sequentially
perform analysis, optimization and code generation,
enabling dynamic adjustment of compilation parameters
based on target platform data.

The architecture of a GA-based compiler consists of
the following core modules [8]:

1. Input code analysis module: performs syntactic and
semantic analysis, transforming the source code into
intermediate representation (IR);

2. Performance metrics collection module: generates
numerical data such as instruction count, loops, register
usage and memory footprint to evaluate the efficiency of
different compilation strategies;

3. Genetic optimizer: responsible for evolutionary
improvement of compilation parameters, including
mutation, crossover and selection operators;

4. LLVM Pass Manager control module: applies the
generated optimization parameters to the IR to enhance
performance;

5. Machine code generator: creates executable code
adapted to the target platform.

At the first stage, the source code is compiled into IR
using LLVM tools such as Clang. IR is a low-level
abstraction of the program that includes detailed
information about instructions and control flow.
Formally, IR can be represented as a dependency graph
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where vertices V correspond to instructions and edges E
represent dependencies between them [3]:

Gr =(V,E),V ={insty,inst,,...,inst,},E cV xV.

At this stage, basic performance indicators are also
collected. Total number of instructions, number of loops
in the program, register usage.

Each chromosome represents a vector of compilation
parameters:

C={p,P2s Pk} Pj €{0,1},

where indicates the activation of a specific

pi =1
optimization pass (such as loop unrolling, function
inlining, or instruction combination), and p; =0
indicates its deactivation.

To evaluate the effectiveness of each chromosome, a
fitness function F(C) is used, which is calculated based

on performance metrics:
FC)=w,-T(C) " +w,-EC) T +w3-M(C)".
During the training phase, F(C) is optimized using
the collected performance data. The mutation operator is

defined as follows, where a random value o is sampled

from a normal distribution with zero mean and variance

02:

pi = P + 8,6~ N(0,62).

Let us define the crossover for two chromosomes C;
and C, as follows:

Chew=0-Ci+(1-a)-Cy,a€{0,1}.

For selection, an elitist approach is used, in which the
best chromosomes of the current generation are preserved
for the next one:

Phext = Elite(P)u Crossover (P) w Mutation(P) ,

where, Elite(P) is the set of the best (elite) individuals

from the current population P, which have the highest
fitness and are passed unchanged to the next generation,
preserving the quality of already found solutions and
preventing the loss of top-performing chromosomes;
Crossover (P) is the set of new individuals obtained as a

result of crossover between pairs of parent chromosomes
from the population P, allowing the combination of
successful traits from different solutions and the
exploration of new areas in the parameter space;
Mutation(P) is the set of individuals created through

mutation of existing chromosomes from the population
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P, introducing random variations that provide genetic
diversity and help avoid local maxima.

At the first stage, the initial population PO s
generated, consisting of N  chromosomes. Each
chromosome is represented as a parameter vector C,
which encodes a possible solution to the optimization
problem.

The population can be initialized randomly:

p® ={C1,C0.. CN 1.Cj ={Pj15 Pj25 Pk}
pji € {0,1}

Each chromosome is evaluated using the fitness
function F(C), which reflects the quality of the solution.

The task is to minimize a certain objective function
F(C), and the fitness function can be defined as [3]:

1

FO=17 f(C)

f(C) is calculated using a standard benchmark suite

such as SPEC CPU2017 [9].
For maximization problems, the fitness function can
be written as:

F(C)=f(C).

The objective function for compilation optimization is
as follows: (1).

For all chromosomes in the current population PO 4
vector of fitness function values is computed:

F® ={F(C,),F(Cy)....F(Cy)}-

Based on the fitness function values, chromosomes are
selected to participate in the next generation. One of the
most popular methods is tournament selection. K random
chromosomes are chosen from the current population, and
the winner of the tournament is the chromosome with the
highest fitness value.:

Chest =argmax F(C)cck -

Thus, an intermediate population ph is formed.

selected

For each pair of chromosomes C; and C, from

p®

selected °
point crossover is defined as follows:

a crossover operation is performed. Single-

Chew = {P11> P12 Pims Pagms 1) P2k} >

© Berdnyk M. G., Starodubskyi I. P., 2025
DOI 10.15588/1607-3274-2025-4-16

where the crossover point m is chosen randomly,
m €[1,k —1]. This can also be written as:

PrLi-i<m,
Prew,i = T
’ pz’i,|>m.

The mutation operation modifies the values of
individual genes in a chromosome with a certain
probability P

mutated *

The new generation P®D s formed by adding elite
chromosomes (elitism):

p(t+D) _

t+1
elite” = argmax F(C) o plt+D I= Nejite -

elite
Crossover and mutation for the remaining
chromosomes are performed as follows:

P(t+1) _ P(t+1) U P(t+1) Pt+1

elite crossed ~ Fmutated -

The iterative process terminates when one of the
following criteria is met:

1. The maximum number of generations has been
reached.

2. The fitness function value does not change over a
stable period of time.

3. The target fitness value has been achieved.

The program represents an implementation of a
system for automatic optimization of compilation
parameters using a genetic algorithm, developed in the
Python programming language. The system consists of
four interconnected modules: genetic algorithm.py,
compiler wrapper.py, fitness evaluator.py and main.py,
each performing a distinct functional role within the
overall architecture. Python 3 was chosen as the primary
development language due to its expressiveness and
extensive standard library.

The following libraries are used across the modules:
numpy, which is employed for generating the initial
population,  performing array  operations, and
implementing tournament selection; random, used for the
stochastic components of the algorithm, including
mutation and crossover; logging, which serves to
systematically log the execution process and diagnostic
messages; concurrent.futures. ThreadPoolExecutor, which
enables multithreaded evaluation of population fitness in
order to improve performance; subprocess, which
provides an interface for invoking the external gcc
compiler and executing compiled binaries; and time,
which is used to measure the execution time of program
components and the target executables.

The following compiler input parameters were used to
implement the compilation optimization:

-00, -Ol1, -02, -03, -Ofast, -Og -
optimization levels;

-funroll-loops — loop unrolling to reduce the number
of iterations and improve performance;

compiler
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-fno-unroll-loops — disables loop unrolling;

-ftree-vectorize — automatic loop vectorization for
using processor SIMD instructions;

-fno-tree-vectorize — disables automatic vectorization;

-fomit-frame-pointer — removes the use of the frame
pointer to improve performance, but may complicate
debugging;

-fho-omit-frame-pointer — retains the frame pointer,
which is useful for debugging;

-march=native — applies optimizations for the current
processor architecture;

-march=armv8-a — compiles
architecture;

-mtune=cortex-a73 — code optimization for Cortex-
A73 processors;

-mtune=generic — general
targeting a specific architecture;

-flto — Link-Time Optimization (applies optimizations
during the linking stage);

-fno-Ito — disables link-time optimizations;

-funsafe-math-optimizations — allows potentially
unsafe math optimizations to improve performance (e.g.,
changing the order of floating-point operations);

-fstrict-aliasing — enables aggressive memory access
optimizations based on assumptions about pointer aliasing
(can improve performance but may cause unpredictable
behavior);

-fno-strict-aliasing — disables these optimizations;

-fipa-pta — improved pointer analysis for whole-
program optimization;

-fno-ipa-pta — disables this analysis;

-fexpensive-optimizations — enables complex and
resource-intensive optimizations;

for the ARMVS-A

optimizations without

-fno-expensive-optimizations —  disables  such
optimizations.
This expansion of the parameter space allows

exploring a wide range of combinations, including
architecture-specific optimizations (-march, -mtune), as
well as parameters that affect memory management, loops
and computations. Thus, the genetic algorithm minimizes
the objective function (1).

The population initialization is performed as follows:
a population of 100 chromosomes is created. Each
chromosome encodes a combination of compilation
parameters as a binary vector {0,1}, where 1 indicates
that a parameter is enabled and 0 means it is disabled.

Selection is performed using the tournament method.
Crossover is defined as two-point, with a probability of
Peross =0-8- The  probability of gene mutation is

Pyt =0-05. Termination criteria are defined as reaching

100 generations and no improvements for 10 consecutive
generations.

The use of an extended parameter space makes it
possible to account for the unique characteristics of the
platform and application scenario, making the
compilation process adaptive and highly efficient.
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4 EXPERIMENTS

The experiment consists in validating the proposed
algorithm for improving the efficiency of the compilation
process by automating the selection of optimal parameters
for different architectures.

To assess the effectiveness of the algorithm, the
following metrics were used: execution time, energy
consumption, and memory usage. Specialized hardware
counters (Performance Monitoring Unit, PMU) were used
to collect these metrics.

Testing was conducted on three distinct hardware
platforms covering a wide range of usage scenarios:

— Mobile processor ARM Cortex-A73. Specifications:
quad-core processor with a clock frequency of 2.2 GHz,
manufactured using a 10 nm process technology.
Environment: Android 11 with built-in energy sensors for
measuring power consumption. The SPEC CPU2017
benchmarks (429.mcf, 456.hmmer) and mobile workload
simulations were used for testing.

— Server-grade processor Intel Xeon Platinum.
Specifications: 24-core processor with a clock frequency
of 2.3 GHz, supporting 48 threads and a TDP of 165 W.
Environment: Linux (kernel 5.15), GCC version 11.2
configured for multi-core optimization.

— Graphics processor NVIDIA RTX 3080 GPU.
Specifications: Ampere architecture, 8,704 CUDA cores,
10 GB of GDDR6X memory. Environment: CUDA 11.5
with Python API used for running large-scale data
processing tests.

The optimal compilation parameter configurations for
the C program were identified for each of the three tested
hardware platforms as follows:

— ARM Cortex-A73: -funroll-loops -ftree-vectorize -
march=armv8-a -mtune=cortex-a73 -flto -fstrict-aliasing.

— Intel Xeon Platinum: -O3 -funroll-loops -ftree-
vectorize -march=native -mtune=generic -flto -fstrict-
aliasing -fipa-pta -fexpensive-optimizations.

— NVIDIA RTX 3080 GPU: -Ofast -funroll-loops -
ftree-vectorize -flto -fomit-frame-pointer -funsafe-math-
optimizations.

As a result of the optimization, the following
improvements in three key metrics were achieved for each
hardware platform:

— ARM Cortex-A73: execution time reduced by 35%,
energy consumption by 50%, and memory usage by 25%;

— Intel Xeon Platinum: execution time reduced by
30%, energy consumption by 35%, and memory usage by
35%;

— NVIDIA RTX 3080: execution time reduced by
25%, energy consumption by 35%, and memory usage by
24%.

Figure 1 presents a diagram of the average
performance across the three evaluated hardware
platforms when applying the genetic algorithm.
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Figure 1 — Performance diagram when using the GA

5 RESULTS

In this work, alongside the theoretical presentation of
applying a genetic algorithm to determine optimal
compiler parameters, some practical testing results of the
developed software were also partially presented for three
different hardware platforms.

Testing demonstrated (Figure 1):

— a reduction in execution time by up to 30% on
average across platforms, with the most significant
improvement observed on the GPU due to parallelization;

— an average energy consumption decrease of 40%
across platforms, especially noticeable on the ARM
Cortex-A73 due to memory access optimization;

— an average memory usage improvement of 25%,
achieved by eliminating redundant operations with
memory and registers.

6 DISCUSSION

Genetic algorithms are particularly well suited for
tasks related to adaptive compilation for several reasons:

1. They can efficiently explore large solution spaces,
even when those spaces contain many local minima. This
is especially important in compilation, where various
parameters can interact in complex ways, affecting
program performance.

2. GAs can be tuned to solve different optimization
problems, including minimizing execution time, energy
consumption or memory usage. In mobile devices, energy
efficiency is the top priority, whereas in server systems,
maximum performance takes precedence.

3.GAs can dynamically adjust compilation
parameters based on an analysis of the target platform’s
characteristics. For programs running on GPUs [10], the
algorithms can identify optimal loop unrolling and thread
distribution parameters. For ARM processors, GAs may
propose strategies that minimize energy consumption by
reducing memory operations.

Despite their numerous advantages, using genetic
algorithms in compilers also presents some limitations.
First, the computational complexity of GAs can be
significant, especially when the parameter space is large.
This can slow down the compilation process, which is
particularly critical in CI/CD pipelines. Second, the
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quality of the discovered solution heavily depends on the
fitness function. If the performance metrics do not fully
reflect the application’s needs, GAs may lead to
suboptimal outcomes.

CONCLUSIONS

he use of genetic algorithms in adaptive compilers
significantly improves the efficiency of the compilation
process by automating the selection of optimal parameters
for different architectures. The study results
demonstrated:

— a reduction in execution time by up to 30% on
average across platforms, with the greatest improvement
observed on GPU due to parallelism;

— a reduction in energy consumption by 40% on
average across platforms, especially evident on ARM
Cortex-A73 thanks to memory access optimization;

— energy consumption decreased by 18% on average
for mobile platforms; — manual optimization was replaced
with automatic tuning, reducing development time.

The scientific novelty lies in the development of a
new approach to adaptive compilation based on the use of
genetic algorithms to optimize compilation parameters
depending on the architectural features of the hardware
platform. Within the scope of this work, the following
were proposed:

— an innovative method for dynamic tuning of
compilation parameters using genetic algorithms that
enables automatic adaptation to heterogeneous computing
environments;

— a method for selecting optimization pass sequences
for compilers based on evolutionary algorithms, which
improves the performance of the generated code
compared to static optimization levels (-O2, -O3);

— a mechanism for integrating genetic algorithms with
modern compilers (LLVM, GCC) to analyze and adapt
intermediate representation (IR) during compilation;

— a multi-objective optimization method for balancing
trade-offs between performance, energy consumption and
memory usage;

— an automated process for discovering optimal
compilation configurations, reducing the need for manual
tuning and accelerating software development.

The practical significance lies in implementing
genetic algorithms in compiler technologies to increase
the efficiency of cross-platform programming. Key
aspects of practical application include:

— automation of the compilation optimization process,
eliminating the need to manually select parameters for
different architectures and reducing code tuning time;

— increased software performance, reducing code
execution time by 30% compared to traditional
optimization levels (-02, -O3);

— 25% memory optimization achieved by eliminating
redundant memory and register operations;

— reduced energy consumption of computing systems,
which is critical for mobile devices and energy-efficient
servers (up to 40% energy savings through memory

access optimization);
OPEN a ACCESS
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— optimized use of hardware resources for both CPU
and GPU, which is crucial in high-performance
computing (HPC) and cloud technologies;

— flexibility and adaptability of the approach, making
it suitable for a wide range of environments from
embedded systems to large data centers.

Future research in this field may focus on:

— expanding algorithmic optimization methods: using
hybrid approaches that combine genetic algorithms with

machine learning to predict optimal compilation
parameters;
— optimizing runtime performance: integrating

approaches for Just-In-Time (JIT) compilation to adapt
code execution to runtime environment characteristics;

— modeling adaptive strategies for heterogeneous
systems: exploring effective mechanisms for distributing
computing resources across CPU, GPU and FPGA;

— application in continuous integration and
deployment (CI/CD): developing optimization methods
that can be embedded into modern software development
pipelines for automatic adaptation of code to new
platforms;

— reducing the computational complexity of the
optimization process: applying heuristic approaches to
decrease the number of algorithm iterations without
sacrificing optimization quality.
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BUKOPUCTAHHS TEHETUUYHUX AJITOPUTMIB B AIAIITUBHUX KOMILISAATOPAX JIJISI
KPOCILIAT®OPMEHOI OIITUMI3ALII{

Bepauuk M.I'. — 1-p TexH. Hayk, AOLEHT, npodecop kadeapu NOporpaMHOro 3a0e3meYeHHs KOMII'IOTEPHUX CHCTEM,
HauionanbHuii TexHiYHHN yHiIBepcuTeT «/{HINpoBchbKka momitexHikay, JuHinpo, Ykpaina.

Crapony6cekmii L. I1. — acmipant kadenpu mporpamMHOro 3a0e3ledeHHs KOMIT IOTEPHHUX cUcTeM, HarioHampHHMN TeXHIYHHN
yHiBepcuTeT «/HIpoBCchKa MOdiTeXHiKay, JJHinpo, Ykpaina.

AHOTAULIA

AxtyanbHicte. CydacHe mporpamMHe 3a0e3le4eHHs pO3pOONSETECS B yMOBAaX IMOCTIHHO —3pOCTaodyoi  CKIATHOCTI
obGuncaroBansHUX cucTeM. ChOTOHI PO3POOHUKAM JIOBOJHUTHCS BPAXOBYBATH BEINUE3HY PI3HOMAHITHICTH INIAT(GOPM: Bill MOOLITEHUX
MIPUCTPOIB i3 0OMEKEHUMH PeCcypcaMu JI0 CEpBEPIB i3 BUCOKOIPOIYKTHBHIMH IPOLIECOPAMHU Ta CIICL[iali30BaHUX apXiTEKTyp, TAKUX
sk GPU, FPGA Ta HaBiTh KBaHTOBI KOMIT foTepH. LI reTeporeHHicTh BUMarae Bij IpOrpaMHOro 3a0e3nedeHHs 31aTHOCTI epeKTHBHO
MpaloBaTi Ha Pi3HUX amapatHuxX Iardpopmax. OIHAK MEPEHOCHMICTh MPOrpaM 3ajMIIAEThCS OAHIEI0 3 HAWCKIAAHIMIMX 3ajad,
0COOJIMBO KOJIM HAETHCS PO AOCSATHEHHS BUCOKOT IIPOAYKTHBHOCTI.

OpHUM 13 TEPCHEKTUBHUX HANpsMiB BHpIIECHHSA i€l MpOOIEMH € BHKOPUCTAHHS aJalTUBHUX KOMIIUIATOPIB, SKi 34aTHI
ABTOMATUYHO ONTUMI3yBaTH MPOTPAMHHUM KOZ IUIA Pi3HUX apXiTekTyp. Takuii miaxim Do3BoJsie pO3pOOHMKAM 30CEPEAMTHCS Ha
(yHKIIOHAIBHINA YaCTHHI IPOTrpaM, MiHIMI3yIOUH BHTPATH HA ONTHMIi3amilo Ta HajamTyBaHHS. OcobiamBe Micue cepeq MiIXoMiB 10
CTBOPEHHSI aJalITHBHUX KOMIIUIATOPIB 3aiiMatoTs reHetnuHi anroputmu (['A). Lle moTyxkHi eBONONiNHI METOIH, SKi JO3BOJISIOTH
3HAXOJIUTH ONTUMAJIbHI PIICHHS y CKJIaJHHUX i 0araTOBUMIpHUX MapaMeTpiB.

Meta po6oTH. MeTOI MOCHIIKCHHS € 3aCTOCYBaHHS TCHETHYHHMX alrOPHUTMIB y MPOIECi aJanTHBHOI KOMITUJISIT ISt
3abe3neyeHHs aBTOMaTHYHOT ONTHMI3allii IPOrpaMHOro 3a0e3reueHHs Ha Pi3HUX alapaTHUX IuaTdopmax.

Meroa. IpyHTYeTbCS HA TEHETHYHHX ANTOPUTMIB JUIs ABTOMATH3Alii MpoIeCy KOMIimimii. OCHOBHIMME €Tamamu SKOro €:
iHiIiami3alis Moy IsLii — CTBOPEHHS IOYaTKOBOTO HA0Opy MapaMeTpiB KOMIIUIAMLIT; omiHKa (QYHKIIT IPUCTOCOBAHOCTI — BU3HAYCHHS
e(heKTHBHOCTI KOXHOI KOMOiHAIii MmapameTpiB; €BOJIOWIMHI omepamii 3aCTOCYBaHHS CXpEIIyBaHHS, MyTalii Ta BimOopy it
CTBOPEHHS HOBOT'O MOKOJIIHHS NapaMeTpiB; KpUTEPil 3yNHHKH — 3aBEPIISHHS iTepaIifHOro NpoIecy IpH JOCITHEHHI ONTHMAaIbHOTO
pe3ynbTaty abo crabinizanii METpHK.

PesyabTaTn. Po3poGiiennit anroputm OyB peainizoBanuii Ha Python i3 Bukopucranusm 6i0mioTek numpy, multiprocessing i
subprocess. 11 OIiHKN €()EeKTUBHOCTI alrOpUTMy BHKOPHCTOBYBAJIHCS METPUKH 4acy BHKOHAHHS, CIIOXKHMBAHHS eHepril Ta odcsry
BHUKOPHUCTAHOT rmam’sITi.

BucHoBkn. HaykoBa HOBHM3HA [OCIHI[DKEHHS MOJISITa€ B PO3pOOKM: IHHOBAIIWHOIO MifXiga 10 aBTOMATHYHOI ONTHMIi3allii
rmapaMeTpiB KOMITUJIALIi, 3aCHOBAHOMY HAa BHKOPUCTAaHHI TCHETHYHHX AITOPUTMIB; METOAa IUHAMIYHOTO BHOOpY CTparterii
ONTUMIi3alii Ha OCHOBI METPHK MPOAYKTHBHOCTI Ul Pi3HUX apXiTekTyp; iHTerpamii ['A i3 cy4acHIMH KOMMIISTOpaMH, TAKAMH SIK
LLVM, s aBTOMaTHYHOTO aHai3y MPOMIDKHOTO MMOJAHHS Ta ONTHUMI3allii KOiB; METO/IB 3aCTOCYBaHHS aIallTHBHUX KOMITUISATOPIB
JUIL BHpINIEHHS 3a1ad KpociularopMHoi ontumizamii. IlpakTndHa 3HAYMMICTE BU3HAYAETHCS y BUKOPUCTAHHS TCHETHYHUX
ITOPUTMIB B aJallTHBHUX KOMITUIATOpaX, IO JIO3BOJSIE 3HAYHO MiJBHIINTH €(EKTUBHICTH IPOIECY KOMITUIALII, aBTOMATH3YIOUH
BUOIp ONTHMAaJbHUX MAapaMeTpPiB IS PI3HUX apXiTEeKTyp. 3ampoNOHOBAHWH MiAXiJ MoKke OyTH YCIIIIHO 3aCTOCOBAHUH y Tally3sx
MOOIUIBHUX 00YHCIIEHb, XMapHUX TEXHOJIOTIH i BUCOKONPOIYKTHBHHUX CHCTEM.

KJIFOYOBI CJIOBA: resHetn4Hi aJropuT™Mu, afanTHBHI KOMITUIITOPH, KpOCIIaT(GOPMHA ONTUMI3aLlisl, aBTOMATH3ALisl.
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