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DEVELOPMENT OF A HYBRID OPTIMIZATION ARCHITECTURE COMBINING

STATIC SCHEDULING WITH DYNAMIC LOAD BALANCING

Abstract. Modern parallel and distributed computing systems are characterized by high complexity,
heterogeneous resources, and variable workload intensity, which complicates efficient scheduling and
utilization of computational resources. Traditional approaches based solely on static scheduling or purely
dynamic load balancing often fail to provide sufficient adaptability and performance predictability under
real operating conditions. In this context, developing hybrid methods that integrate preliminary task
analysis with adaptive resource management during execution becomes essential. This paper presents a
hybrid architecture for optimizing computational processes in parallel environments, combining structural,
statistical, and intelligent levels of analysis and integrating static scheduling with dynamic load balancing.
The computational process is formalized as a directed acyclic graph of tasks, accounting for resource
requirements and inter-task dependencies. Offline profiling allows the construction of empirical models of
scalability and execution time, which are then used to form an initial resource allocation. The intelligent
component of the architecture is implemented as a neural network module that predicts task execution
efficiency depending on placement parameters and the current system state. Regression analysis, multilayer
perceptron modeling, and statistical validation with experimental profiling data are employed for model
training and assessment. Task allocation optimization is performed using greedy heuristics and genetic
algorithms, enabling the identification of compromise solutions balancing execution time and energy
efficiency under limited resource constraints. Numerical experiments on block matrix multiplication and
two-dimensional heat conduction problems confirm the effectiveness of the proposed hybrid approach.
Combining offline analysis with online adaptation significantly improves parallel computing performance
and reduces losses caused by load imbalance. Achieved results include speedups of up to 18X, waiting time
reduction of up to 27%, and performance prediction accuracy ranging from 93% to 96%. The developed
hybrid architecture demonstrates a robust and flexible approach for optimizing computational processes
in dynamic heterogeneous environments. It provides a practical foundation for the further development of
intelligent management systems in parallel computing, offering predictable performance, efficient resource
utilization, and enhanced adaptability to changing workloads.

Keywords: parallel computing; optimization; performance models; distributed systems; dynamic

balancing; forecasting

growing. Traditional methods have exhausted their
capabilities, and today adaptive, intelligent and hybrid

Introduction

Modern computing tasks require ever greater
productivity, which necessitates the use of parallel and
distributed technologies. At the same time, the need for
effective means of optimizing computing processes is

optimization methods are relevant.

The scientific novelty of the work lies in the
integration of three levels of analysis — structural,
statistical and intelligent — within a single optimization
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architecture. A non-standard use of a neural network is
proposed not only as a means of classification or
approximation, but also as a predictor of task
performance efficiency, which allows for a reasonable
allocation of resources. An important feature is the
combination of offline and online methods, which
provide dynamic adaptation of parameters without the
need for a complete restart of the computing process. In
addition, the architecture provides flexibility in choosing
optimization mechanisms — between heuristic and
genetic algorithms — depending on the nature of the task
and system constraints.

Research goal and objectives. The aim of the work
is to develop a hybrid intelligent architecture for
optimizing computational processes in a parallel
environment, which combines structural, statistical and
intellectual levels of analysis, in order to ensure efficient,

adaptive and  energy-balanced  distribution  of
computational tasks in heterogeneous computing
systems.

Research objectives

1. Formalize the structure of the computational
process in the form of a directed acyclic graph of tasks,
determine critical paths and resource intensity of system
elements.

2. Build statistical performance models based on
task profiling to assess scalability, execution time and
energy consumption in different configurations.

3. Develop a neural network forecasting module
capable of predicting the efficiency of task execution
depending on the distribution parameters and contextual
characteristics.

4. Formulate and implement a task distribution
optimization problem that takes into account resource
constraints and the objective function (time, energy
minimization or a combined criterion).

5. Integrate offline and online analysis to build an
adaptive architecture capable of dynamically adjusting
resource distribution in real time.

6. Conduct numerical experiments to evaluate the
efficiency of the developed system using the example of
typical tasks with different load characteristics.

Literature review. Over the past decades, the
optimization of parallel computing processes has been
based on classical formal models that laid the theoretical
foundation for algorithm design and performance
analysis. In particular, the PRAM model (Parallel
Random Access Machine) [1] allowed us to consider
parallelism in its idealized form — without taking into
account delays and resource constraints. However, its
main drawback is excessive abstraction, which makes it
unsuitable for predicting performance in real systems.
The BSP (Bulk Synchronous Parallel) model [2], which
takes into account synchronization and communications,
reflects the behavior of clusters much more accurately,

but it also assumes fixed superstages, which is poorly
adapted to dynamic loads. The LogP model [3], which
details delays, processing and throughput, provides a
better correlation with real systems, but its application is
limited by the complexity of parameter calibration. In
turn, DAG models (Directed Acyclic Graph) [4] have
become the basis for tasks with a multi-level dependency
structure, but their disadvantage is the difficulty of
scaling and limited applicability in variable
environments.

At the implementation level, classical scheduling
tools — both static and dynamic [5] — allow to distribute
tasks among computing resources, but each method has
its limitations. Static scheduling (e.g. HEFT) provides
good performance for tasks with known characteristics,
but it loses efficiency in cases of changing load or
topology. Dynamic balancing based on greedy or
stochastic strategies [6] is more responsive to changes,
but often inferior in global efficiency due to lack of
knowledge of the full system picture [7].

The practical implementation of parallel computing
is carried out through a number of modern software tools.
MPI (Message Passing Interface) is a standard in cluster
and distributed systems, providing efficient message
exchange between processes. OpenMP offers convenient
means for organizing parallelism within a multi-core
processor using compiler directives. CUDA and OpenCL
are focused on massively parallel computing on graphics
accelerators, allowing full use of the computing power of
the GPU. Given the complexity of modern tasks, the
combined approach Hybrid MPI+X (where X is OpenMP
or CUDA), which combines inter-node and intra-node
parallelism, is actively used.

Along with this, the modern challenges of
heterogeneous computing environments [8], combining
CPU, GPU and cloud components, have actualized the
need for hybrid methods [9]. Combining offline analysis
(through task profiling and performance modeling) and
online adaptation (based on the real state of resources)
has become a logical answer to the limitations of classical
strategies. But even hybrid systems based solely on
heuristics have limitations in the context of prediction
and generalization. Similar information-analytical
approaches to model construction and the evaluation of
complex multifactor systems are also employed in
applied research domains [10].

That is why intelligent methods — in particular
machine learning — are becoming particularly relevant.
Neural network predictors [10; 11] allow predicting task
execution times for different system configurations, and
reinforcement learning algorithms [12] provide
adaptation to changing conditions in real time. However,
these methods also have their own difficulties [13]: the
need for large training data sets, high complexity of
interpretation, and limited reliability in critical tasks.
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Therefore, none of the methods is universal. At the
same time, the analysis of the literature demonstrates that
the most effective modern optimization systems are those
that combine structural modeling, empirical analysis, and
intelligent control. This is the motivation for building a
hybrid architecture that integrates classical and modern
approaches into a single, flexible, and adaptive system
for optimizing computational processes.

Models and methods

Models and tools for optimizing parallel
computing. Optimization of computational processes in
a parallel environment is based on a combination of
analytical, energy and dynamic models. Analytical
approaches, in particular the Amdahl and Gustafson
models [14], allow us to estimate the theoretical
acceleration of calculations with an increase in the
number of processes. At the same time, taking into
account network latency and bandwidth provides a more
accurate prediction of the system behavior in conditions
of interaction between nodes. In modern conditions, the
importance of energy-efficient models is increasing,
allowing us to optimize calculations not only in terms of
time, but also in terms of performance per unit of energy
(for example, FLOPS per watt). Such approaches include
algorithms for controlling the frequency and load of CPU
and GPU [15], which ensure energy balance without
significant loss of performance. A separate direction is
represented by load and balancing models, which include
methods of graph task division, which allow us to
minimize interprocessor communication, as well as
dynamic scheduling taking into account the current load
profile [16]. Thanks to this, the system is able to adapt to
changes in the structure of tasks and the computing
environment, ensuring stable performance in
heterogeneous conditions.

Optimization of parallel computing is based on a
combination of instrumental analysis, efficient
algorithmic techniques and the latest approaches to
machine learning. Modern profiling tools, such as Intel
VTune, NVIDIA Nsight and PerfTools, provide deep
performance diagnostics, allowing you to automatically
detect bottlenecks in the code and identify inefficient
areas that limit scalability. At the algorithm
implementation level, parallel task splitting is widely
used [17], which allows you to maximize resource
utilization by processing large data sets simultaneously.
Cache-efficient programming with data locality
significantly reduces memory access delays, and
pipelined computing provides a stable flow of operations,
especially in streaming data processing tasks. A new
stage in optimization tools is the application of machine
learning methods. In particular, reinforcement models
[18] allow for dynamic adaptation of the allocation of
computational resources depending on changing
environmental conditions, and neural network prediction

[19; 20] provides an estimate of the execution time for
different configurations before the task is launched. This
integration of classical and intelligent methods allows for
higher efficiency, flexibility, and predictability in
complex parallel computing systems.

Thus, the combination of classical performance
models, energy criteria, and dynamic scheduling forms
the basis for the development of effective optimization
tools in parallel computing. At the same time, the
increasing complexity of modern heterogeneous systems,
unpredictability of loads, and energy consumption
requirements dictate the need for a flexible, adaptive
architecture capable of responding to changing
conditions in real time.

General concept of architecture. The proposed
hybrid architecture for optimizing computational
processes implements a combination of static (offline)
profiling with dynamic (online) control, integrating three
levels of analysis — structural, statistical and intelligent —
into a single system. Static profiling provides preliminary
analysis of tasks with the construction of models of the
dependence of performance on system parameters, and
dynamic balancing — adaptive control of calculations in
real time, taking into account changes in resource loading
and the state of the environment. The main goal is to
ensure maximum performance, energy efficiency and
resilience to changes in the load and configuration of the
computing environment.

The combination of offline and online methods in
the architecture of optimization of computational
processes is implemented as a hybrid resource
management strategy that combines the advantages of
preliminary analysis and dynamic response in real time.
This allows not only to effectively start with optimal
parameters, but also provides adaptation to changes in the
load or system state without stopping or restarting the
task. At the offline stage, static profiling of the task is
carried out, scaling models are formed, and initial
configurations are generated that describe the distribution
of computing resources and execution strategies. This
data is recorded as a knowledge base used during task
execution. In the online control phase, the system
switches to dynamic monitoring, analyzing current
performance metrics and detecting deviations from
expected behavior. The intelligent module performs
adaptive configuration adjustments, in particular, subtask
migration, adjusting the number of parallel threads, or
changing data transfer methods. Thus, the hybrid
architecture combines the predictive accuracy of offline
models with the flexibility and sensitivity to changes
inherent in online mechanisms.

The integration of structural, statistical and
intellectual levels of analysis forms the basis of the
proposed architecture for optimizing computational
processes using parallel technologies. At the structural
level, the task is formalized, a dependency graph between
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computational components is constructed, critical paths
and opportunities for parallel execution are determined.
The statistical level connects the abstract model with real
performance indicators, using profiling data to build
models for assessing the behavior of the task under
various system parameters. The intellectual level
combines structural and statistical information to train a
neural network model that predicts execution efficiency
and controls the optimization module to select the best
resource allocation strategy. This provides adaptability,
flexibility and high efficiency in real conditions of a
changing computing environment.

In general, the advantages of the combined
architecture are a combination of the advantages of
offline analysis and online adaptation. Thanks to the
preliminary analysis, the system is able to provide an
optimal start of the task, which minimizes the time spent
on initial initialization. At the same time, the adaptive
component allows you to maintain flexibility in
responding to changes in the infrastructure or data
characteristics that occur during execution. This avoids
restarting tasks, which is especially critical for long-term
or resource-intensive calculations. As a result, the overall
efficiency, stability, and reliability of the computing
process in heterogeneous systems or computing clusters
with variable loads is improved.

Basic principles of the developed architecture

1. The integration of three levels of analysis
provides a coherent combination of structural, statistical,
and intelligent methods to increase the accuracy and
adaptability of modeling.

— The structural level (analytical description of
the problem) formalizes the structure of the
computational process, which is modeled as a directed
acyclic graph (DAG):

G=(V,E), @)

where V={v1,v2,...,vn} is the set of t asks;

Ez{(vl.,vj) v —)vj} is the set of dependencies (edges)

indicating that task v; cannot start before task v; is
completed.

Each vertex v; is characterized by a vector of
resource requirements:

= __ | 4Seq
rl.—[ti ,mi,di]. ()
whete £/ is the sequential execution time, m; is the

memory size, d; is the input/output intensity.
Based on this model, the critical path L., is
determined by the formula [21]:
Lcrit =max tjseq B (3)
PeG v,eP
where PCG is a subset of tasks that form a sequential
path in the graph (i.e., tasks that have dependencies on
each other); v;EP is a separate task in the critical path.
The critical path of a graph determines the earliest
possible moment of completion of the computational

process even under the best conditions, i.e., it is a guideline
for assessing the efficiency of parallel execution.

The minimum possible task completion time is
determined by the formula:

T= max[ Z

ver ue path(v)

a)(u)j, C))

Next, the nodes are classified by the type of
computational load — CPU-bound, Memory-bound and
10-bound, which forms the basis for further forecasting
the efficiency of resource allocation in the corresponding
module.

— The statistical level (profiling) implements an
approximation of the dependence of the efficiency of task
execution on the number of allocated processes or nodes:

S.(p)=

I (5)
t(p)

where Si(p) is the speedup for p processes, ti(p) is the
expected execution time for parallel execution on p
resources. For empirical approximation of #(p)
regression models (Gustafson model or logarithmic) are
used [22]:

tl.(p) ra, +£; (6)
P’

It is also possible to take into account the impact of
latency and communication costs [23]:

tl(p) :tcump,i(]?) +tcomm,i(]7)-

— Intellectual level (neural network prediction).
Based on the constructed features, a vector of input
parameters of the problem is formed:

% Z[fl(s)m km,fl(p)_” nﬁ”),ﬁ(h)---f,(h)], 7)
where /@ — structural features of the task (dependencies,
level of parallelism, type of operations); /7 — parameters
obtained as a result of statistical profiling (execution
time, resource consumption, etc.); f# — historical or
contextual characteristics of the task in similar
environments.

This vector is fed to a neural network N(x;, p), which
predicts the expected efficiency of the task when placing a;:

S(p)=NG, p), (8)

where )?i — the characteristics of the problem f; (structural,

statistical, historical); p — the number of processes.

The implementation of the model N(-) at the current
stage is performed in the form of a multilayer perceptron
(MLP), capable of approximating complex nonlinear
dependencies between the input characteristics of the
problem and the expected performance metrics [24].
This provides the basic generalization ability of the
model in the conditions of a structured description of
problems in the vector space of features, however, MLP
does not take into account the internal topology of the
problem graph [25], which limits the potential in cases
with strong interdependence of nodes.
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2. The principle of combining offline and online. At
the offline stage, models of execution time #(p) and
performance Sj(p) are built for typical tasks, and a
predictor N is trained based on previous execution logs.

In online mode, an assessment of the current

resource load R(t)Z[rl(t),rz(t)...rm(t)], is performed

in real time, after  which  the

argmin (M +w-E( p)j allocation strategy is
» \S(p)

1

optimal

s

P

selected for each task, where E(p) is the expected energy
consumption, and @ is the weighting factor that takes into
account energy constraints.

Mathematical interaction of modules. The
interaction between the structural, intellectual, and
optimization levels of the system is ensured through a
clearly defined sequence of mathematical operations and
data exchange.

At the first stage, the system formalizes the problem
in the form of a vector representation that aggregates the
structural, statistical, and historical characteristics of
each problem according to the flormula (7).

In the second stage, the system uses a pre-trained
predictive module — a neural network N(-), which
estimates the expected efficiency of the task under certain
placement conditions according to formula (8). This
forecast is used as an objective function for the next stage
of optimization. In case of detection of risks or inefficient
distribution, the task graph reconstruction module is
launched taking into account the new forecasts.

The third stage is to find the optimal strategy for
task distribution among the available computational
resources [26], which is also implemented by the
corresponding module. If the main goal is to maximize
the expected efficiency predicted by the N(-) model, that
is, to choose the best task distribution option based on the
predicted efficiency, the problem is formalized as:

max Y o, -N(%,,d,), 9)
i=1

acA

where 67i is the option for placing task i on available

resources, 4 is the set of permissible placements taking
into account constraints (memory, bandwidth,
dependencies), o; is the weighting factor of the task
importance.

Alternatively, if the optimization must consider
both execution time and energy consumption, a multi-
criteria optimization problem is solved:

in=St(p) oS Ep) | at 3 p < (10)
I'Bgl [;,(p,) 0); (p,)]7 a Zpl plotal’

where #(p;) is the execution time of task i with p;
processes, FE(p) is the corresponding energy
consumption, @ is the weighting factor that balances
between productivity and energy consumption, and P
is the constraint on total resources.

To implement the above-described optimization
processes, two algorithmic options are proposed that take
into account the predicted efficiency obtained from the
neural network model. The heuristic method uses a
greedy strategy that involves ordering tasks in order of
increasing predicted acceleration. Resources are assigned
in such a way as to maximize the local efficiency
coefficient, which can be calculated by the formula:
=N(xi’ai) (11)

Yopte
where #; is the local efficiency of the task, p; is the
number of processes allocated to task i, ¢ is a small
number to avoid division by zero. The genetic algorithm
is implemented as an evolutionary process, in which the
coding of the distribution variant is carried out in the
form of a chromosome:

¢=[p.py-p,)- (12)
A fitness function is used to select the best individuals:

F@ =Y o f,&). (13)

and the evolutionary procedure includes typical
operators: tournament selection, single-point crossover,
and mutation by randomly changing the number of
processes. Thus, the implemented module provides both
fast heuristic evaluation and more flexible evolutionary
optimization depending on the complexity of the problem
and the requirements for the quality of placement.

The interaction between these levels (modules)
occurs through a common control buffer, in which input
data, intermediate states and optimization results are
synchronized. Importantly, the architecture allows for
dynamic return to lower levels when the environment or
task changes, while maintaining the integrity of the
planning flow. Thus, the system combines the strategic
stability of offline modeling with the flexibility of online
adaptation, as well as the predictive power of the neural
component.

Logic diagram. The architecture contains the
following logic modules:

1. Structural analysis module — parses DAG of
tasks and determines dependencies.

2. Profiling module — performs measurements or
approximations of time/resource dependencies.

3. Neural network predictor — provides a quick
assessment of effectiveness.

4. Online monitoring module — records the system
status (load, nodes, resources).

5. Optimization module — makes decisions about
process allocation (greedy/evolutionary approach).

6. Execution management module — launches
tasks based on the selected configuration.

Fig. 1 presents the logical architecture of control
flows in the DAG analysis and optimization system,
which reflects the sequence of task processing from
structural analysis to the execution control module.
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DAG ANALYZER > PROFILING »| NEURAL PREDICTOR
/ Y
ONLINE MONITORING
- MODULE »| OPTIMIZATION MODULE

\

TASK EXECUTION
MANAGEMENT

Figure 1 — Logical architecture of control flows in the DAG analysis and optimization system

Fig. 2 illustrates the general logic of the proposed
hybrid optimization system, which combines offline
modeling, neuroforecasting, and adaptive online resource
management.

STRUCTURAL ANALYSIS
| Formalize dependecies and
| parallelism
|

A
ol
§ I STATISTICAL ANALYSIS
1 Collect performance data
<
£
< Y
21 INTELLIGENT ANALYSIS
g | | Predict execution efficiciency
|
' Y
| OPTIMIZATION MODULE
L 1 Select resource allocation
strategy

Figure 2 — General logic of the functioning
of the hybrid optimization architecture

This architecture allows for a balance between
profiling accuracy, adaptation flexibility, and
computational efficiency, which is especially important
in dynamic or constrained computing environments, in
particular when working with heterogeneous systems.

Adaptation of a hybrid prediction model to the
problems of laser synthesis of microstructures. In
terms of practical application, the hybrid architecture for
predicting efficiency, developed for computational
optimization problems, can be adapted to the context of
the research presented in the articles [27 — 29], devoted
to the synthesis of surface structures by laser-stimulated
evaporation of solutions. In these works, the formation of
film microstructures is investigated under variable
parameters of laser irradiation and  solution
concentration, and the results are analyzed on the basis of
experimental spectra and morphological images. It is this
multifactorial and nonlinear dependence between

parameters and results that creates the basis for the
application of an intelligent model that allows predicting
efficiency without the need for direct experimentation.

At the level of structural representation, all stages
of the experiment can be interpreted as nodes of a
directed acyclic graph, where the dependencies between
parameters, processes and results are described in the
form of directed arcs. For example, the solution
concentration, laser power and irradiation duration
determine the film morphology, which in turn affects the
transmission spectrum. Such a graph representation
allows us to formalize the computational process in the
form of a DAG model and evaluate critical dependencies
for its optimization. The neural network model N(),
which is currently implemented as a multilayer
perceptron, can be trained on a vector description of the
tasks, which includes both structural features (grain type,
dimensionality, regularity), and statistical parameters
(optical density, intensity of the spectral maximum) and
historical characteristics (previous results for similar
modes). This allows us to predict the efficiency under
given synthesis conditions, which actually reduces the
need for repeated experiments.

At the optimization level, the hybrid architecture
allows for the selection of experimental parameters that
provide the desired spectral properties of the film or
morphological uniformity. The formalized optimization
problem can be aimed at both maximizing optical
transparency in a certain range and minimizing the
heterogeneity of the structure, which can be described
through a specially constructed objective function. To
solve such a problem, both greedy heuristic algorithms
and genetic algorithms are used, in which the fitness
function takes into account the predicted
characteristics of the structure based on the N(-) model.

Thus, adapting the proposed hybrid model to the
workload allows it to be taken beyond purely
computational planning and applied to a physical
experiment, providing an intelligent approach to
automating research and selecting microstructure
synthesis modes.

initial
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Results and discussion

During the experiments, two application problems
were tested. The first is the multiplication of block
matrices of size 2048x2048, which belongs to the class
of intensive linear calculations and allows us to assess
scalability at a high ratio of calculations to data exchange.
This problem was tested in three modes: with static
scheduling, with dynamic balancing, and in a hybrid
architecture that combines offline profiling and online
adaptation. The second problem was the numerical
solution of the heat conduction equation in a two-
dimensional environment on a grid of 500500 points
with fixed boundary conditions. It represents a class of
problems with local interaction of grid nodes, which is
typical for modeling physical processes using the finite
difference method. This test allowed us to investigate the
efficiency of load distribution for less regular, but critical
to synchronization, calculation structures. Both tasks
complement each other, allowing for a comprehensive
assessment of system performance in both high-
performance and typical physical numerical scenarios.

As part of the experimental part of the study, the
calculations were performed in the Google Cloud
Platform (GCP) cloud environment, which provided
flexible access to high-performance infrastructure. To
run the tasks, virtual instances with a configuration based
on AMD EPYC processors and NVIDIA A100 Tensor
Core GPU graphics accelerators were used, which
provided both scalability and high throughput when
performing parallel calculations. The cloud architecture
allowed to implement computing scenarios using the
CUDA, OpenMP, and MPI libraries, as well as
dynamically configure the resource environment
according to the requirements of each experiment.
Access to cluster management and performance
monitoring was provided using integrated GCP tools,
including tools for collecting telemetry and load
profiling. Using GCP as a platform for numerical
modeling made it possible not only to quickly scale
resources, but also to conduct a series of experiments

with variable parameters online, with recording
performance, forecast accuracy, and adaptability of task
distribution. This approach proved to be particularly
useful for verifying hybrid planning architectures in a
real heterogeneous environment.

The software used in the GCP cloud environment
included standard and optimized libraries for high-
performance computing. The basis of linear algebra was
the cuBLAS and cuSOLVER libraries provided as part of
the CUDA Toolkit 11.8, which provided acceleration of
operations on the NVIDIA A100 GPU. For CPU-
calculations, optimized implementations of OpenBLAS
and LAPACK were used, available through the Ubuntu
20.04 LTS environment, which was used as the base
operating system on the virtual machines. Compilation
and optimization of parallel tasks were performed using
GCC 11 with OpenMP support, and the OpenMPI 4.1.5
library, pre-installed in the HPC VM instance
environment, was used to implement interprocess
communication. Running and managing experiments
was carried out in the Slurm environment and through
GCP Workbench with integrated load monitoring. This
set of tools, deployed in GCP, allowed for the efficient
implementation and testing of parallel algorithms in a
scalable and heterogeneous computing environment,
with flexible configuration management and rapid
transition between experimental scenarios.

The main results of the numerical experiments are
given in Tables 1, 2.

Acceleration (X) refers to the ratio of the execution
time of the serial version of the task to the execution time
of its parallel counterpart; this indicator reflects the
increase in performance due to scaling. The reduction in
waiting time (%) characterizes how much the overall
execution time is reduced due to adaptive load balancing
between computing resources. The prediction accuracy
is the proportion (in percent) of the coincidence of the
estimated execution time with the actual one obtained
using a trained neural network performance prediction
model.

Table 1 — Results of numerical experiments with different optimization configurations

System Optimization | Accelera- Red'u ‘cmg Performance
Ne Test task conficuration method tion (%) waiting forecast
g times (%) | accuracy (%)
Multiplication of block CPUx16, . .
1| matrices (2048x2048) GPUx1 Static (offline) 64 - 012
Multiplication of block CPUx16, Dynamic
2 matrices (2048x2048) GPUx1 balancing 1.3 218 4.7
Multiplication of block CPUx16, Hybrid
3 matrices (2048%2048) GPUx1 planning 17.9 271 958
Solving the heat .
. . Static
4 | conduction equation CPUx8 lannin 4.8 - 89.5
(500%500 grid) P £
Solving the heat .
5 | conduction equation CPUx8 Hyﬁ;i‘vivgr’%‘ml 9.1 243 93.6
(500x500 grid)
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Table 2 — Structure of time costs and resource usage in hybrid planning

Ne Test task exrel:)l?tlilon Calculation | Synchronization (Communication| CPU load | GPU load
= 3 o, 1 o, 3 o, o, o,
time (c) time (%) time (%) time (%) (%) (%)
Multiplication of block
1 matrices (2048x2048) 12.3 78.5 8.1 13.4 92.7 68.2
Multiplication of block
2 |matrices (static 22.1 62.3 12.5 25.2 78.9 41.0
planning)
Multiplication of block
3 |matrices (dynamic 14.6 73.9 7.5 18.6 89.3 59.4
planning)
Heat conduction
4 equation (500x500) 9.8 83.4 6.3 10.3 94.5 -

The results presented in Table 1 illustrate the
effectiveness of hybrid scheduling using one of the key
experiments — multiplication of block matrices of size
2048x2048. When executed sequentially on a single
process, the task was solved in 221.0 seconds, while
when distributed over 16 parallel processes, the time was
reduced to 12.3 seconds. This provided a computational
speedup of approximately 17.9%, which corresponds to
the ratio T / Tie. Adaptive task distribution management
reduced the waiting time by 27.1%, and the use of a
neural network prediction model ensured an accuracy of
95.8% in estimating execution time. The results confirm
the feasibility of integrating predictive analysis and
adaptive balancing into the architecture of a parallel
computing syste m.

Analysis of the results shows that maximum
efficiency is achieved in the case of hybrid scheduling,
which provides dynamic adaptation to the current state of
the computing environment. This significantly reduces
the costs of synchronization and communication between
processes, which is especially important when scaling to
a large number of cores. CPU utilization indicates stable
and full use of computing resources without long periods
of downtime, which confirms the effectiveness of task
distribution. GPU utilization indicators demonstrate
positive dynamics when switching from a static to a
hybrid approach: the increase in the intensity of use of
graphics accelerators is a sign of more efficient
utilization of the heterogeneous environment and a more
complete use of the computing potential of the system.

As part of the experiment, the execution time of the
2048x2048 block matrix multiplication task was

recorded using different numbers of parallel processes.
For the single-process configuration, the execution time
was 221.0 seconds. When doubling the number of
processes to two, the time decreased to 110.5 seconds,
and with four — to 54.3 seconds. A further increase to
eight processes gave a result of 28.0 seconds, and with
sixteen processes — 12.3 seconds. These experimental
data became the basis for quantitative and graphical
analysis of scaling efficiency and adaptive load
distribution in a system with hybrid scheduling. In
particular, these values formed the basis for constructing
acceleration graphs, scaling efficiency, time consumption
structure, and computational efficiency coefficient,
which allowed us to visually assess the impact of hybrid
scheduling on computing performance.

Fig 3A illustrates resource efficiency as the number
of processes increases, demonstrating how quickly
relative efficiency drops off as you scale up. Fig 4B
shows the absolute speedup of the task compared to
running it sequentially, showing the real time gains. The
gray dashed lines on both graphs indicate the ideal
scaling benchmark, allowing you to visually assess the
deviation from the theoretical maximum performance.

Fig. 4A shows the distribution of the total task
execution time between computation, synchronization,
and communication, which allows us to assess how much
optimization reduces dead time when scaling. Fig 4B
displays the change in CPU and GPU utilization
depending on the number of processes, clearly showing
the increase in efficiency of using the hybrid environment
as the computational load increases.
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Figure 3 — Scaling efficiency (A) and scaling speedup (B)
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Figure 4 — Structure of time spent during scaling (4) and use of computing resources (B)

A graph of the efficiency ratio was also constructed.
Here, the execution times from the table are converted
into component times (computing, synchronization,
communication) using the corresponding percentages.
The ratio is then calculated:

. . Calculation time
Efficiency ratio =

—— —
Synchronization time + Communication time

which is displayed on the graph.

A coefficient greater than 1.0 indicates
computational dominance and efficient system operation,
while a value close to 1.0 or less indicates significant
losses due to synchronization and coordination, which
requires additional optimization.

Discussion of results. The developed hybrid
architecture, which combines structural, statistical and
intellectual levels of analysis, demonstrated high
efficiency in optimizing parallel computing under
variable conditions. The use of analytical description of
tasks in the form of a DAG model (see formula (1)) made
it possible to formalize critical paths and zones of
possible parallelism, which became the basis for further
adaptation. The construction of empirical models based
on profiling (formulas (2), (3), Fig. 2) made it possible to
record the characteristics of task scaling, including the
dependence of execution time on the number of processes
and the amount of resources.

Unlike [16], where optimization is performed only
on the basis of current metrics, the proposed system uses
pre-profiling of tasks, which significantly increases the
stability of results even in a heterogeneous environment.
The implementation of an intelligent layer (neural
network) ensured the accuracy of predicting the
efficiency of task distribution at the level of 93—-96%, as
shown in the experimental results (see Table 1). This
significantly =~ outperforms  traditional  heuristic
approaches, which usually do not take into account
historical or contextual characteristics of tasks.

The optimization module based on formula (5)
allows both to maximize the efficiency of task execution
(function N(*)) and to minimize energy consumption
under the constraints of available resources (see formulas
(9)-(10)). The analysis (Fig. 5) demonstrates that the use

of the combined approach provides an acceleration of up
to 18x compared to the basic static scheduling. In
addition, a decrease in the average task waiting time by
27% is observed in the case of dynamic balancing, which
confirms the advantages of combining offline and online
components in a hybrid mode.
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Figure 5 — Computational efficiency coefficient

Unlike approaches [18], where resource allocation
is performed based on local context, the proposed
architecture takes into account the global load profile and
the history of similar tasks. Due to this, even in the event
of unexpected changes in the load, the system is able to
adapt the configuration with minimal performance losses.

A special role is played by the dynamic adaptation
module (Fig. 4), which allows you to rebuild the task
graph in real time based on new efficiency forecasts,
which is especially relevant for edge computing and
distributed environments. Analysis of the models
(Fig. 4A) confirms that the use of combined optimizers
(for example, a genetic algorithm combined with
neuroprognosis) provides stable convergence and
efficiency in tasks with high variability of parameters.
Thus, the results of numerical experiments and
comparison with known approaches indicate the
advantages of the developed system in ensuring stable,
scalable and adaptive optimization of computational
processes in a parallel environment.

The developed hybrid architecture has limitations
and drawbacks. The main limitation is the need for prior
accumulation of historical data to train the predictive
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model. In cases where the system operates in a new
environment or with unfamiliar types of tasks, the initial
efficiency may be lower due to the limited
representativeness of the training set. In addition, the
accuracy of the intellectual level depends on the
relevance of the data: outdated or incomplete records can
lead to incorrect decisions in the distribution of tasks.
Among the disadvantages, one can single out the
increased complexity of implementing the system as a
whole. The architecture requires coordination between
several modules of different nature (analytical, heuristic,
statistical), which complicates maintenance, testing and
scaling. In real conditions of clusters or edge systems,
collisions between local adaptive strategies and global
forecasts are possible, especially with a sharp change in
the infrastructure configuration or a sudden increase in
the load. It is also worth considering the computational
costs of supporting the neural network module: periodic
retraining of the model and processing a large amount of
meta-information can create additional load on the
system, which is not always acceptable in conditions of
limited resources.

Prospects for further research cover several areas,
including extending the proposed architecture to cloud
computing environments and edge infrastructures, where
adaptability and scalability play a key role. Given the
importance of taking into account sequential and
contextual dependencies between tasks within the DAG
structure, a promising direction for development is the
implementation of recurrent neural networks, in
particular LSTM, or Transformer-type architectures.
Such an improvement will significantly increase the
accuracy of efficiency prediction by modeling not only
individual task properties, but also their relationships in
the overall execution flow. Considerable attention is
planned to be paid to the implementation of self-
organizing architectures, in particular based on multi-
agent systems that are able to autonomously coordinate
resources in a dynamic environment. In addition, the
creation of an open library of adaptive load distribution
is promising, which will allow integrating the proposed
solutions into various computing platforms and will
contribute to the further development of the community
of researchers and developers in this field.

Conclusions

A structural model of computations was constructed
in the form of a directed acyclic graph (DAG), which
reflects the dependencies between tasks and allows
identifying the critical path. For each task, a vector of
resource requirements was given, including sequential
execution time, memory size, and input/output. This
made it possible to classify tasks by load type (CPU-
bound, Memory-bound, I0-bound) and form the basis for
further analysis of the efficiency of resource allocation.

Based on the profiling of tasks on different
configurations, empirical dependences of execution time
and acceleration were obtained. These dependences were
approximated in the form of parametric models, which
made it possible to quantitatively evaluate the behavior
of tasks when changing the number of allocated
processes. The statistical level played the role of a link
between the abstract structural model and the real
computing environment.

A neural network-based module was implemented
that takes as input a vector of task features formed from
structural, statistical, and historical characteristics. The
model was trained on pre-collected logs and
demonstrated high accuracy in predicting allocation
efficiency (93—96% accuracy according to testing results,
Fig. 4B).

The paper considers two approaches to
optimization. In the first case, the expected task
performance efficiency is maximized, taking into
account importance weights. In the second, the total time
and energy consumption are minimized, taking into
account resource constraints. Both tasks are implemented
in the resource allocation module using heuristic or
genetic algorithms.

The architecture structure implements a hybrid
control strategy: offline analysis (profiling, modeling)
provides the initial configuration of the task, while online
adaptation (Fig. 5) allows changing the task distribution
in real time without restarting. This reduced the waiting
time for load balancing by 27% (Fig. 4A), ensuring
adaptability to changes in the system.

A series of experiments were conducted to
demonstrate the advantages of the proposed approach.
The use of a hybrid scheduling system provided an
acceleration of up to 18x compared to the basic method
without adaptation. The stability of the neural network
model forecasting under different loads and resource
heterogeneity was also confirmed. The results obtained
are presented in Table 1 and visually confirmed in
Figures 3—5. In addition, the built-in predictive planning
mechanism based on the neural network model
demonstrated high accuracy (within 93-96%), which
confirms the feasibility of integrating the intelligent layer
into the computing control system.
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Crapia BUKIagauka KageIpyu IporpaMHOro 3a0e3Ie4eHHs! CHCTEM

PO3POEBKA I'BPUIHOI APXITEKTYPH OIITUMIBAILLIL, IO MOETHYE CTATUYHE IIJIAHYBAHHS
3 JUHAMIYHUM BAJTAHCYBAHHSM HABAHTAKEHHS

Anomauia. Cyuacui napanenvni ma po3nooineni oOYUCTIOBANbHI CUCEMU XAPAKMEPUIYIOMbC 8UCOKOI CKAAOHICMIO,
2emepoeHHICMIO Pecypcis i SMIHHOK IHMEHCUBHICIIO HABAHMANCEHHSL, WO YCKAAOHIOE epeKmusHe NaaHy8aHHsA ma 6UKOPUCTAHHS
06uucoanvHux nomyosicnocmei. Tpaouyiini memoou cmamuino2o abo BUKTIOYHO OUHAMIYHO2O NAAHYB8ANHS He 3a0e3neqyiomy
Heobxionoi adanmusHocmi ma NPOcHO308AHOCHI NPOOYKMUBHOCMI 6 PpeanbHuX ymoeax excniayamayii. YV 36’sa3ky 3 yum
aKmyanoHuM € CMEOPeHHs 2iOpuoOHUX mMemoois, AKi NOEOHYIOMb NONEPeOnill ananiz oOYUCTIOBANbHUX 3a0ay i3 A0AnMUEHUM
Kepysanuam pecypcamu nio uac euxoumanus. Memoio yici cmammi € po3podka 2ibpudHnoi apximexmypu onmumizayii
0064UCTI0BANLHUX NPOYECI8 Y NAPANEILHOMY CepedosUlyi, WO iHMe2pye CMPYKMYpHULL, CIMAMUCMUuYHUL ma iHmenekmyanbHutl pigHi
aumanizy ma noecoHye cmamuune NAAHYBAHHA 3 OuHamiunum Oanancysaunam Haeanmasicents. OCHOGHUM pe3yTbmamom
odocriodicents € po3pobra apximekmypu, y AKiil 004UCII08ATbHUL NPOYyec Popmanizyemuvcs y guensndi OpicHMOBAHO20 AYUKIIUHO20
epaga 3a0ay 3 ypaxysawHam ix pecypcHux xapaxmepucmuk i zanexcrhocmei. Ha ocnosi ogaaiin-npoginioeanna no6yo0oeano
emMnipudni MoOeni Macumabysants ma 4acy GUKOHAHHS, SIKI GUKOPUCMOBYIOMbCSL Osi NOYAMKO80I KoHgizypayii po3nodiny
pecypcis. Inmenexmyanvruil pigensb peanizo8ano y 6uensioi Helpomepelceso20 MoOYIsi NPOCHO3YEAHHS eheKMUBHOCT BUKOHANHS
3a0a4 3a1eJHCHO BI0 napamempié Po3MIWeHHs ma NOMOYHO20 CMAHy O0OYUCTIOBANLHO2O cepedosuwd. [ns HasyauHs ma
OYIHIOBAHHS MOOeNi GUKOPUCHAHO Memoou pecpecilinozo ananisy, bazamowapogy netipouny mepesicy muny MLP, a maxooic
CMAMUCMUYHy 8ani0ayil0 NPoSHO3i6 3d eKCHePpUMEHMANbHUMU Oanumu npoginioganns. Onmumizayis po3nodiny 3adau
30ILCHIOEMbCS 3 GUKOPUCMAHHAM €BPUCIIUYHUX AN2OPUMMIE HCAOIOHO20 MUNY MA 2eHeMUYHUX aneOpUmMIe, Wo 0036014€
3HAXOOUMU KOMNPOMICHI PIUeHHsI 3 4AcO8UMU i eHepeemUYHUMU KpUmepismu 8 ymosax obmedcenux pecypcis. Hucenvhi
excnepumenmu Ol 30y MHOMCEHHA ONOYHUX MAMPUysb i po36 sI3aHHA PIGHAHHA MENJonpogioHOCMI niomeepounu nepesgazu
2i6pudHoi memoouru. Pezynomamu Oocniodicents nokazanu, wo nOEOHAHHSI OQPIANUH-AHANIZY 3 OHAAUH-A0ANMayicio 0036015€
nioguwumu npoOYKMUGHICIMb NAPANENbHUX O00YUCAeHb | 3MEeHWUMU 6mpamy, noe a3ami 3 OucoOanancom HABAHMAICEHHS.
Jocaenymo npuckopenns do 18 pasis, 3snudcennsn wacy ouikyeanns 0o 27% ma mounicme npoeHo3y8anus npooyKmusHOCMI Ha
pisui 93-96%. Pospobrena 2ibpuona apximexmypa € epekmuHum iHCMPYMeHmoM ONMumizayii 00uUCTIO8albHUX npoyecis y
OUHAMIUHUX 2eMePO2eHHUX cepe00sUWax i Modice OYmu GUKOPUCMAHA K OCHOBA 0151 NOOANbUIO20 PO3GUMKY [HMENEKMYalbHUX
cucmem KepyeamHs napaneibHUMu 004UCIeHHAMU.

Knrouogi cnoea: napanenvui oouucnennsn; onmumizayis; mooeni npoOyKmueHocmi; po3noodineni cucmemu; OUHamiune
banancysanns; nPozHO3y8aHNs
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