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EFFECTIVENESS OF EVOLUTIONARY ALGORITHMS IN NEURAL NETWORK
OPTIMIZATION TASKS: UNCONDITIONAL MINIMIZATION, PRUNING,
AND HYPERPARAMETER OPTIMIZATION

Abstract. Relevance. Modern neural networks contain a significant number of redundant parameters, which increases
training time, energy consumption, and hardware requirements. Standard gradient methods tend to get trapped in local
minima on multimodal tasks; magnitude pruning ignores the structural importance of layers. Zero-cost proxies, particularly
SynFlow, estimate architecture viability via signal propagation capacity without full training, yet their applicability
boundaries remain insufficiently explored. Object of study: neural network optimization methods. Objective: a systematic
experimental comparison of evolutionary, gradient-based, and Bayesian methods within a unified framework, with an
emphasis on the role of SynFlow as a proxy for evaluating genome (architecture) fitness. Results. At extreme sparsity (98%),
the combination of CMA-ES + SynFlow (signal propagation capacity analysis) with the addition of mathematical energy
compensation overcomes network degradation and achieves State-of-the-Art performance (F1 = 0.81). This approach
outperforms both classic magnitude pruning and gradient-based soft mask methods (SoftMask), requiring orders of
magnitude less computational cost compared to approximate training-based approaches. At moderate sparsity (< 90%),
magnitude pruning retains its superiority. In hyperparameter optimization (HPO), CMA-ES achieves practical equivalence
with Optuna TPE in terms of solution quality, while in high-dimensional settings, it requires orders of magnitude less
execution time. Using SynFlow as an objective function in HPO allows for accelerating the search by over 250 times, but
yields inferior final accuracy compared to full training. Conclusions: Evolutionary algorithms are effective for multimodal
tasks and structural optimization problems; for differentiable weight training tasks, Adam prevails (F1 =~ 0.97 on Digits).

Zero-cost proxies are context-specific.

Keywords: evolutionary algorithms; CMA-ES; neural networks; optimization; compression; pruning; efficiency; deep
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optimization; neuroevolution; gradient-based methods; Adam.

Introduction

Problem Statement. Modern neural networks
contain a significant number of redundant parameters,
which increases training time, energy consumption, and
hardware resource  requirements.  Gradient-based
methods are effective on smooth unimodal landscapes
but tend to get trapped in local minima during
multimodal tasks. Common magnitude pruning
heuristics fail to account for the structural importance of
individual layers. Hyperparameter optimization requires
a global search in complex spaces, where evolutionary
algorithms are proposed as a flexible alternative.

Zero-cost proxies, particularly SynFlow, evaluate
architecture "viability" by analyzing signal propagation
capacity without full training — which radically reduces
computational costs (GPU-hours). A key advantage from
the perspective of evolutionary search efficiency is that
SynFlow allows for filtering out unviable genomes
(degraded architectures) without the GPU costs of full
training, thereby reducing expenses by orders of magnitude.
However, the limits of applicability of such metrics across
different tasks remain insufficiently explored.

Analysis of Recent Research and Publications.
CMA-ES has demonstrated the ability to effectively
solve unconstrained optimization problems in continuous
spaces[1, 2] and successfully competes with Bayesian
approaches in the HPO of deep networks [3].

The "lottery ticket" hypothesis [3] confirms the
existence of sparse subnetworks capable of achieving
comparable quality after retraining. Evolutionary
pruning with layer-wise threshold adjustment [5-8]
demonstrates a better trade-off between quality and

complexity, although the cost is the high computational
expense of using training as a fitness criterion.

Zero-cost proxies, particularly SynFlow [9],
evaluate architectures without access to data and can
correlate with final quality [10-12]. Combining multiple
proxies increases the reliability of the evaluation [13].
Bayesian optimization (Optuna TPE) is effective for a
wide range of HPO tasks [14], but evolutionary methods
remain competitive on non-stationary landscapes [3].
The question of using zero-cost proxies as a direct
objective function remains open.

The objective of this work is an experimental
evaluation of the effectiveness of evolutionary
algorithms in tasks of unconstrained minimization,
structural pruning, and hyperparameter optimization of
neural networks on the Digits and FashionMNIST
datasets (MLP and CNN architectures), as well as
presenting the combination of evolutionary search with
zero-cost proxies for pruning tasks and its experimental
verification, including network hyperparameter search
during automated training. Two key tasks are defined:

o to evaluate the synergy of SynFlow + CMA-ES
for structural pruning at various sparsity levels and
compare it with magnitude pruning and approximate
training-based approaches;

e to investigate CMA-ES in HPO compared to
Bayesian optimization and test the viability of SynFlow
as an objective function for CMA-ES in this setting.

An important problem in modern structural pruning
is the so-called violation of error monotonicity at
compression levels exceeding 95%. At moderate sparsity
levels, simple heuristics such as magnitude pruning
successfully remove redundant parameters. However, in
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the "death zone" (98% and above), the removal of even a
minor fraction of critical weights leads to the energetic
collapse of activations and the destruction of gradient
flows. Under such conditions, classic zero-cost proxies,
particularly SynFlow, lose their predictive capability, as
they are guided exclusively by static network topology
and do not account for signal variance changes after
parameter pruning.

In contrast to heuristic approaches, state-of-the-art
gradient methods utilize differentiable soft masks
(SoftMask) [15, 16], allowing pruning thresholds to be
optimized via gradient descent. However, such methods are
computationally expensive. This creates an urgent need for
the development of closed-loop (State-Aware) evolutionary
algorithms that combine the speed of zero-cost methods
with the accuracy of learning-based methods, dynamically
adapting to the network's reaction to pruning.

Methodology

Task Classes and Data. Three classes of tasks are
investigated: (1) unconstrained optimization — Rastrigin,
Ackley (multimodal) and Sphere, Rosenbrock (unimodal)
benchmark functions; (2) structural pruning -
classification on Digits (MLP) and FashionMNIST
(CNN), with sparsity levels ranging from moderate to
extreme (98%); (3) hyperparameter optimization (HPO) —
FashionMNIST, encompassing learning rate, momentum,
regularization, batch size, and architectural elements.

Methods.

e Evolutionary: CMA-ES (primary), L-SHADE,
CLPSO; evolutionary pruning with layer-wise sparsity
coefficient selection. State-of-the-art modifications of
evolutionary search were additionally investigated:
energy compensation of pruned weights (EnergyComp)
and activation norm adaptation (SymWanda). Fitness
criteria included full/approximate training or SynFlow.
The method of differentiable soft masks (SoftMask) was
used as the strongest gradient baseline.

e Gradient-based: Adam, AdamW, NAdam,
AdaBelief. Adam serves as the main baseline for weight
training.

e HPO: CMA-ES, Differential Evolution, Optuna
TPE (Parzen-tree estimator).

Zero-cost Proxies and Signal Propagation
Capacity. SynFlow evaluates architecture "viability" by
analyzing value flows along the edges of the computational
graph without real data. The metric quantitatively
characterizes signal propagation capacity: architectures with
higher SynFlow better preserve gradient flow during
pruning. A key advantage from the perspective of
evolutionary search efficiency is that SynFlow allows for
filtering out unviable genomes without the GPU costs of full
training. In structural pruning, SynFlow serves as the
objective function for CMA-ES, optimizing the vector of
layer-wise sparsity coefficients.

Compensation and Adaptation Mechanisms in
Evolutionary Search. To overcome the limitations of
the baseline Evo-SynFlow method at extreme sparsity
levels (98%), we implemented three advanced
modifications of the evolutionary engine:

1. Evo-SynFlow (EnergyComp) integrates a
mathematical energy compensation mechanism. After

applying a binary mask to the layer's weights, the
algorithm scales the remaining parameters by the ratio of
the original to the pruned output signal's variance. This
preserves the overall activation energy. Additionally,
instead of the classic linear SynFlow product, the non-
linear State-of-the-Art zero-cost metric Pruner-Zero is
used, which is more robust to gradient anomalies:

2. Evo-SynFlow (Adaptive) implements a self-
adaptive evolution paradigm. Instead of a static schedule,
CMA-ES uses multi-step selection (Fast Fitness): in the
first stage, all candidate masks are evaluated in a single
fast iteration, and only the Top-30% undergo deep
evaluation.

Furthermore, the population size dynamically
changes based on the Success Rate metric: the algorithm
narrows the population to save time in easy regions and
expands it upon hitting local minima.

3. SoftMask-Grad is a gradient-based soft mask
method used as the strongest benchmark. Instead of
evolutionary selection, the pruning threshold is
transformed into a trainable parameter optimized via a
sigmoid function and a Straight-Through Estimator
(STE) with logarithmic regularization of the target
parameter budget.

Protocol and Statistics. A fixed computational
budget was applied for each task class; several
independent runs with different initial conditions were
performed (reporting mean and standard deviation).
Comparisons utilized the Friedman test (ranking across a
set of tasks) combined with the pairwise Wilcoxon test,
evaluating the effect size. Metrics included accuracy and
F1-score; for pruning, the relative mask search time was
additionally considered.

Hyperparameter Optimization (HPO) Protocol.
A DynamicMLP architecture on the FashionMNIST
dataset was used to evaluate HPO performance.
Optimization was conducted in a mixed 6-dimensional
space comprising both continuous and discrete/
categorical parameters: learning rate, batch size (32, 64,
128, 256), number of hidden layers (from 1 to 4), number
of neurons per layer (from 32 to 512), dropout coefficient
(from 0.0 to 0.5), and optimizer type (Adam or SGD).
To ensure the correct operation of the CMA-ES
evolutionary strategy in such a space, a specialized
decoder was employed, mapping continuous real-valued
vectors into valid hyperparameter values using a sigmoid
transformation. The search was conducted with a budget
of 25 trials and averaged over 5 independent runs (seeds)
to guarantee the statistical significance of the results
(Wilcoxon test and Friedman ranking).

The effectiveness of evolutionary search (CMA-ES) was
investigated under three fitness evaluation strategies:

1. Standard (Full training): classic model training
for 3 epochs on 10% of the training set.

2. Proxy (Approximate training): ultra-fast
surrogate evaluation for 1 epoch on only 2% of the data.

3. SynFlow (Zero-cost evaluation): evaluation of
the initialized network without a single weight update
step on one micro-batch using the gradient flow
preservation metric.

The modern Bayesian optimizer Optuna (TPE
algorithm) served as the baseline for comparison with the
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identical trial budget and standard (Standard) training
configuration.

Results

3.1. Unconstrained Optimization On the
multimodal Rastrigin function (dim = 10) with a fixed
evaluation budget, CMA-ES achieves an average
objective function value of 12.43 + 17.75 (minimum
1.03), which is an order of magnitude lower than that of
AdamW and AdaBelief. Friedman ranks are: CMA-ES
— 1.05; AdamW — 2.05; Random Search — 2.90;
AdaBelief — 4.00 (p = 0). Vargha-Delaney effect sizes
of A =1 relative to Random Search and A = 0.08 relative
to AdamW confirm the dominance of CMA-ES. The
execution time for CMA-ES is 0.26 baseline units versus
0.07 for Random Search — an acceptable cost for
qualitative superiority.

On the extended set (Rastrigin, Ackley, Sphere,
Rosenbrock), a systematic dependence on the landscape
type is observed: CLPSO and L-SHADE achieve better
ranks on multimodal functions (Rastrigin, Ackley), while
gradient-based methods prevail on unimodal ones
(Second-order Clipped — rank 1.00 on Sphere; CMA-ES
—rank 2.00 on Rosenbrock). The choice of method should
be tailored to the landscape characteristics of the task.

3.2. Neural Network Weight Training Under a
fixed time budget, Adam consistently outperforms
evolutionary algorithms across all three datasets (Moons,
Classification-20, Digits): Adam holds a rank of 1.00 on
each of them (p = 0 per the Friedman test). On Moons:
Adam F1 = 0.99; CMA-ES F1 = 0.83; L-SHADE and
Random Search are even lower. On Digits: Adam's
average Fl-score is = 0.97 (with a low standard deviation),
whereas CMA-ES and CLPSO demonstrate significantly
lower values and higher variance. The Number of Function
Evaluations (NFE) is higher for EAs: Adam expends 16.7k
evaluations, CMA-ES — 30.6k, Random Search —
122.6k. For differentiable weight training tasks where
gradients are available, evolutionary algorithms do not
serve as a competitive replacement.

3.3. Structural Pruning Series 1 (Digits, MLP).
At moderate sparsity, magnitude pruning prevails: at
90%, accuracy is 0.900 vs. evolutionary search 0.631,
Random 0.597. At 95%, ranks converge (Magnitude
1.45; Evolution 1.95; Random 2.60), but Magnitude
remains the leader. The time for evolutionary search is
orders of magnitude larger (= 0.89 s) compared to
Magnitude/Random (= 0.02 s) — the advantage does not
justify the cost.

Series 2 (Digits, MLP, layer-wise coefficient
search). Evolutionary optimization of the layer-wise
coefficient vector (EvoA) at extreme sparsity yields F1 =
0.62 at 96% sparsity, compared to F1 = 0.36 for
magnitude pruning and F1 = 0.21 for Random — nearly
twice the quality. EvoA time is ~ 9.4-9.8 baseline units
versus ~ 0.08-0.09 for Magnitude/Uniform: a two-order
of magnitude difference, but the final quality justifies the
expense given the critical importance of preserving
network functionality.

Series 3 (FashionMNIST, CNN, fitness evaluation
comparison). LAMP-CMA (CMA-ES with approximate
training as a criterion) achieves F1 = 0.78 at 98% sparsity

(rank 1.30) — the highest quality. One-Shot-NAS (a
single training-free evaluation) yields F1 = 0.42 £+ 0.26
(rank 3.80) — the worst result with high variance. At 50—
95% sparsity, SET and Magnitude remain competitive
(ranks 1.6-2.2). The time for LAMP-CMA is = 174-211
baseline units, while Magnitude takes ~ 12—14.

Key result — extended investigation at extreme
compression (98%). Since classic methods suffer from
an "energy collapse" at 98% sparsity (Magnitude drops
to F1 = 0.75, baseline Evo-SynFlow to 0.75), an ablation
study of advanced optimization mechanics was
conducted (Fig. 1) [15-18]. The integration of
mathematical energy compensation of pruned weights
into the evolutionary search (Evo-SynFlow Energy
Comp) established a new State-of-the-Art, achieving the
highest quality F1 = 0.81 with a moderate search time
(6.66 baseline seconds).

Fl-score at 98% sparsity
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Fig. 1. Graph of the F1 of the methods at 98%
FashionMNIST (CNN)

To compare two fundamental search paradigms, we
contrasted the evolutionary approach (Evo-SynFlow)
with the most advanced gradient method based on
differentiable soft masks (SoftMask). Although the
SoftMask [15] method maintained quality at F1 = 0.80, it
proved to be the most computationally expensive
(25.70 s, Fig. 2).

Execution time at 98% sparsity
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Fig. 2. Time graph of methods at 98% compression
of FashionMNIST (CNN).
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In contrast, evolutionary methods form a clear
Pareto trade-off: the Evo-SynFlow (Adaptive) version
with an adaptive population size and multi-step selection
reduces the search time to an unprecedented 0.22 s, albeit
at the cost of F1 degrading to 0.73. Meanwhile, the
dynamic sparse training method (SET) showed
intermediate results (F1 = 0.77, time 7.31 s, Fig. 3).

Fl-score vs Sparsity
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Fig. 3. Dependence of F1-measure on the level
of sparsity for methods on FashionMNIST (CNN).

Generalized results of structural pruning
demonstrate: magnitude pruning is effective at
moderate sparsity (< 90%); layer-wise evolutionary
selection of sparsity coefficients is critically important
at extreme sparsity; the integration of energy
compensation into CMA-ES + SynFlow is the best
State-Aware solution, beating both gradient (SoftMask)
and dynamic (SET) methods in terms of the quality-to-
computational-cost ratio.

4. Hyperparameter Optimization

Series 1 (equal budget, 6D). CMA-ES: 0.814 +
0.018; Optuna TPE: 0.812 £ 0.004. Wilcoxon p = 1.000
— the difference is not significant. The methods are
practically equivalent in quality; the time for CMA-ES is
higher (137.95 baseline units vs. 98.91 for Optuna).

Series 2 (extended comparison, 30 trials). Friedman
ranks by best accuracy: CMA-ES — 1.60; Random
Search — 2.60; Optuna TPE — 2.70; DiffEvo — 3.10.
Best accuracy: CMA-ES 0.825 + 0.010; Optuna 0.820 =
0.013; DiffEvo 0.816 £ 0.010. Time: Optuna is the lowest
(95.47 baselines), DiffEvo is the highest (648.89
baselines) — despite having the worst rank. Under a
constrained budget (12 trials): CMA-ES 0.801 + 0.015,
Optuna 0.794 + 0.024, DiffEvo 0.785 + 0.013 — CMA-
ES retains supremacy.

Series 3 (high dimensionality, 12D). CMA-ES:
Best_Acc = 0.818, time = 0.37 baselines; Optuna TPE:
Best_Acc = 0.819, time = 85.52 baselines. The quality is
practically identical (a difference of 0.001), but the time
for Optuna is two orders of magnitude higher — a key
practical advantage of CMA-ES in resource-constrained
scenarios (Fig. 4).

Limitations of SynFlow in HPO. Ranks of CMA-
ES variants: Standard — 1.80; Proxy — 2.20; Optuna —
2.50; SynFlow — 3.50. Best accuracy: Standard 0.822 +
0.015, SynFlow — 0.812 (the worst). Friedman test p =
0.18 — globally, the difference between methods does
not reach the significance threshold (Fig. 5).

Optimization trajectory (25 trials, 5 seeds)
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Fig. 4. Graph of convergence of hyperparameter search
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Fig. 5. Graph of time spent searching for hyperparameters

In the space of training hyperparameters (learning
rate, batch size, regularization), signal propagation
capacity is not a valid surrogate - zero-cost proxies are
context-specific. Generalized HPO results (Fig. 6):

CMA-ES ,aa Optuna TPE in quality under equal
trial budgets;

CMA-ES has the best average rank; differential
evolution is the weakest;

the advantage of CMA-ES is maintained under a
minimal budget (12 trials);

in a high-dimensional HPO space, quality parity is
achieved at orders of magnitude less time;

SynFlow as a fitness function for CMA-ES in HPO
is an ineffective strategy.

Friedman-Nemenyi ranking («=0.05)
(unit of observation: seed)
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Fig. 6. Friedman and Nemeni rank

Statistical Evaluation of Results (Friedman-
Nemenyi Test). To ultimately confirm the statistical
significance of the obtained results in both structural
pruning and hyperparameter optimization tasks, a non-
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parametric Friedman test was applied, followed by a
post-hoc Nemenyi test. The analysis of mean method
ranks showed that the advantage of the leaders is not a
statistical anomaly. Specifically, the discrepancy in
average ranks between the proposed evolutionary
approach (Evo-SynFlow EnergyComp in pruning and
CMA-ES Standard in HPO) and the baseline methods
exceeds the calculated Critical Difference (CD) threshold
at a significance level of 0=0.05. This mathematically
proves their statistically significant superiority over the
baselines on the given samples.

4, Discussion and Limitations

The results form a holistic picture of the niche for
evolutionary algorithms. On multimodal landscapes,
evolutionary strategies perform global searches where
local gradient information is insufficient. On
differentiable weight training tasks, gradient methods
remain more effective under equal resource constraints.

The analysis of results at the 98% sparsity level
clearly illustrates the formation of a Pareto trade-off
between computational cost and pruning quality. On one
end of the spectrum are heavy gradient methods
(SoftMask, 25.7 s), which optimize masks directly
through the loss function. On the other end is the highly
efficient Evo-SynFlow Adaptive (0.22 s), which
sacrifices accuracy for speed. The optimal Pareto
solution turns out to be the evolutionary approach with
energy compensation (Evo-SynFlow EnergyComp),
which closes the control loop (Closed-loop): it is guided
not only by the pruning percentage but also accounts for
the statistical properties (variance) of the signal,
compensating for the shock of weight removal.

This result fundamentally proves that "blind"
(Open-loop) adaptation of search hyperparameters,
which relies solely on a given sparsity percentage,
exhausts itself at extreme compression levels. State-
Aware systems, capable of autonomously calibrating
weight importance using non-linear proxy functions
(Pruner-Zero) without needing full backpropagation,
gain the upper hand.

The HPO results demonstrate that not all ideas from
structural pruning transfer to other classes of tasks.
SynFlow, effective as a proxy for evaluating architectural
decisions, proves unsuitable as a surrogate in the training
hyperparameter space. This highlights the context-
specificity of zero-cost proxies.

Limitations: two datasets (Digits,
FashionMNIST), medium-scale architectures (MLP,
CNN). External validity may differ for other data types
or massive models (LLM scale).

5. Conclusions

A systematic experimental study of the
effectiveness of evolutionary algorithms in tasks of
unconstrained minimization, structural pruning, and
HPO of neural networks is presented. Main conclusions:

e Evolutionary optimization for structural
pruning. At extreme 98% sparsity, integrating
mathematical energy compensation into the Evo-

SynFlow (EnergyComp) method allows overcoming
gradient collapse and achieving an F1 quality of 0.81 in
6.66 baseline seconds. This surpasses both baseline
magnitude pruning (F1 = 0.75) and resource-intensive
gradient soft mask methods (SoftMask, F1 = 0.80 at 25.7
s). At moderate sparsity (< 90%), simple magnitude
heuristics maintain superiority. Layer-wise evolutionary
pruning is viable specifically at extreme sparsity.

e CMA-ES in HPO. Ranked 1.60 out of four
methods; accuracy 0.825 + 0.010 — the highest. At 12
trials, CMA-ES 0.801 vs. Optuna 0.794, DiffEvo 0.785.
In 12D: CMA-ES quality (0.818) = Optuna (0.819) with
a time 230 times smaller (0.37 vs. 85.52 baselines).

e The role of SynFlow in hyperparameter
optimization. Unlike structural pruning, using SynFlow
as an objective function in HPO provides extreme search
acceleration (over 250 times compared to full training).
Although this approach falls behind classic CMA-ES in
final accuracy (rank 2.70 vs. 2.00), it outperforms
approximate training surrogate methods (Proxy). Zero-
cost proxies are promising for rapid hyperparameter
prototyping, but full training is necessary to achieve
State-of-the-Art quality.

e Landscape dependence. CMA-ES: Friedman
rank 1.05 on Rastrigin; Adam: F1 =0.99 on Moons, F1 =
0.97 on Digits — dominating differentiable weight
training tasks.

o Layer-wise sparsity tuning (evolutionary
optimization). At 96% sparsity: F1 = 0.62 versus 0.36 for
Magnitude and 0.21 for Random — nearly twice the
performance at a time of 9.4-9.8 baselines vs. 0.08-0.09.

e CMA-ES robustness to budget constraints. At
12 trials, CMA-ES retains the first rank (2.00 out of 4);
Random — 2.20; Optuna — 2.60; DiffEvo — 3.20.
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EdexTuBHicTh eBo/IONiiiHUX aJITOPUTMIB Yy 3a7a4ax oNTUMI3alii HelPOHHUX Mepexk:
0e3yMoBHa MiHiMi3auisi, NPYyHiHr Ta rinepnapamMeTpoBa onTuMizauis

b. I1. Tipsucekuit, b. B. Bynax

AHoTanif. AkryaapHicTs. CydacHi HEHpOHHI MepexXi MICTATh 3HA4YHy KUTBKICTh HAJJIMIIKOBUX IAapaMeTpiB, IO
30LIbIIy€e Yac HaBYaHHS, CIIOKMBAHHS €HEPrii Ta BUMOTH IO amapaTHUX pecypciB. CTaHOAapTHI TPagieHTHI METOAM CXWIbHI
3acTpsAraTé B JIOKAJIbHUX MiHIMyMax Ha MyJBTUMOJAJIBHUX 3a/layax; magnitude pruning He BpaxoBye CTPYKTYPHY BaXKJIHBICTh
mapiB. MeTpuku HyJap0BO1 BapTocTi (zero-shot proxies), 3okpema SynFlow, OI[iHIOIOTH «KMBYYICTB» apXiTeKTypH depes signal
propagation capacity 6e3 MOBHOTO HaBYaHHS, MPOTE MEXIi iX 3aCTOCOBHOCTI 3aJIMIIAIOTHCS HEIOCTaTHBO 3'scoBaHUMHU. OO6'€KT
DOCTIIKeHHsI: METOAM ONTUMi3alii HEeHpOHHMX Mepexx. MeTa CTaTTi: cHCTEeMaTHYHE CKCIEPUMEHTAJbHE MHOPIBHIHHSI
EBOJIOIIMHIX, TPAJi€eHTHUX Ta 0aHeCiBCHKMX METOAIB y €IQWHIM pammi 3 akmeHToM Ha posi SynFlow sk proxy ms OImiHKK
MIPUIATHOCTI TeHOMIB (apXiTekTyp). Pe3yiabTaTn nociimxenns. [Ipu excrpemanbHii sparsity (98 %) xombinanis CMA-ES +
SynFlow (anaii3 signal propagation capacity) i3 7o1aBaHHIM MaTeMaTHYHOI KOMIIEHCAIlii eHeprii JO3BOJISE ITOJONATH JeTpaaIiio
Mepexi Ta focsrtu State-0f-the-Art sixkocti (F1 = 0,81), mepeBepiuyroun sk KiacHYHIN magnitude pruning, Tax i rpajiieHTHI MeTOaN
M'skux mMacok (SoftMask), mpu poMy BUMararouu Ha HOPSAKA MEHIIOI OOYHCITIOBAJIBHOI BAPTOCTI MOPIBHSIHO 3 MiAX0JaMU Ha
OCHOBI HabyKeHoro HaB4YaHHs. [Ipu momipHiit sparsity (< 90 %) nepeBary 36epirae magnitude pruning. V rineprnapaMeTpoBiii
onrtuMizanii CMA-ES nocsrae npaktiuutoi exsiBaneHTHocTi 3 Optuna TPE 3a sikicTio pillieHb, a y BACOKOBUMIpHiH MOCTaHOBII —
IpH Ha MOPSIAKKM MeHIoMy daci pobotu. SynFlow sk minsoBa ¢yskuis y HPO no3Bossie mpuckoputy nouryk y nonan 250 pasis,
MPOTE MOCTYMAETHCS MMOBHOMY HABYAHHIO 33 KIHIIEBOIO TOYHICTIO pilllcHb. BHCHOBKH: €BONIONIHI alrOpUTMH TOUUIBEHI Ha
MyJIBTUMOJABHUX 33/1auax Ta 33ja4ax CTPYKTYPHOI onTHMi3alii; Juist qudepeHIiioBHIX 3a/1ad HaBYaHHs Bar nepeBakae Adam
(F1 = 0,97 na Digits). Zero-cost proxies € KOHTEKCTHO CIIEIADITHUMH.

Knw4uoBi cmoBa: esomouniiiHi amroputmu; CMA-ES; HeiipoHHI Mepexi; onTHMi3alis; KOMIIpECis; MPYHIHT;
e(eKTUBHICTh; TTIMOOKE HABUAHHS; METPHKH, HyJIbOBA BapTiCTh; MOUIYK apXiTekTyp; AutoML; omrumisaris rineprnapaMmerpis;
MOJIeITi; aHaIi3; OalleciBChKa ONTUMI3AIIiST; HEHPOEBOIIOMIS; TPaJieHTHI MeToau, Adam.
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