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APPLICATION OF A GENETIC ALGORITHM TO SEARCH  

FOR THE OPTIMAL CONVOLUTIONAL NEURAL NETWORK ARCHITECTURE 

WITH WEIGHT DISTRIBUTION 
 
In the past decade, a new way in neural networks research called Network architectures search has demonstrated 

noticeable results in the design of architectures for image segmentation and classification. Despite the considerable success of 
the architecture search in image segmentation and classification, it is still an unresolved and urgent problem. Moreover, the 
neural architecture search is also a highly computationally expensive task. This work proposes a new approach based on a 
genetic algorithm to search for the optimal convolutional neural network architecture. We integrated a genetic algorithm 
with standard stochastic gradient descent that implements weight distribution across all architecture solutions. This 
approach utilises a genetic algorithm to design a sub-graph of a convolution cell, which maximises the accuracy on the 
validation set. We show the performance of our approach on the CIFAR-10 and CIFAR-100 datasets with a final accuracy of 
93.21% and 78.89%, respectively. The main scientific contribution of our work is the combination of genetic algorithm with 
weight distribution in the architecture search tasks that achieve similar to state-of-the-art results on a single GPU. 
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ЗАСТОСУВАННЯ ГЕНЕТИЧНОГО АЛГОРИТМУ ДЛЯ ПОШУКУ ОПТИМАЛЬНОЇ АРХІТЕКТУРИ 

ЗГОРТКОВОЇ НЕЙРОННОЇ МЕРЕЖІ З РОЗПОДІЛЕННЯМ ВАГ 
 

За останнє десятиліття новий спосіб дослідження нейронних мереж під назвою «Пошук мережевих архітектур» 
продемонстрував позитивні результати в розробці архітектур для сегментації та класифікації зображень. Незважаючи на 
значний успіх пошуку архітектур в задачах сегментації та класифікації зображень, він все ще є невирішеною і актуальною 
проблемою. Більше того, пошук архітектур нейронних мереж є також дуже витратим з точки зору обчислювальних ресурсів. У 
цій роботі пропонується новий підхід на основі генетичного алгоритму для пошуку оптимальної архітектури згорткової 
нейронної мережі. Ми інтегрували генетичний алгоритм зі стандартним стохастичним градієнтом, що реалізує розподіл ваг у 
всіх архітектурних рішеннях. Цей підхід використовує генетичний алгоритм для проектування частини графу в якості 
згорткового шару, що забезпечує максимальну точність на валідаційному наборі даних. У цій роботі ми демонструємо 
ефективність нашого підходу на наборах даних CIFAR-10 та CIFAR-100 з кінцевою точністю 93,21 % та 78,89 % відповідно. 
Основним науковим внеском нашої роботи є поєднання генетичного алгоритму з  розподілом ваг в задачах пошуку архітектури, 
що досягає точності класифікацїі зображення з використанням одного графічного процесора близької до найсучасніших 
результатів. 

Ключові слова: згорткові нейронні мережі, генетичні алгоритми, розподілення ваг, абляція дослідження. 

 

Introduction 

In recent decades, artificial neural networks have produced outstanding results in computer vision with a 
wide variety of applied tasks such as object detection, image segmentation and classification and others. The design 

of neural network architectures for a specific task or dataset usually requires specific approaches and a large number 

of computational resources [1, 2]. Recently, a new way in neural networks research called Network Architectures 

Search (NAS) has demonstrated noticeable results in the design of architectures for image segmentation and 

classification. NAS approaches use a recurrent neural network (RNN) controller to generate a candidate network 

architecture, called child model, which is then trained to converge. After the training, researches measure the 

performance of the trained network architecture on the desired task or dataset. RNN controller receives the 

performance measurement as a signal to explore for a better architecture. After that, this process repeats over many 

computationally expensive iterations. 

Analysis of recent research 

Despite the considerable success of NAS in classification tasks, it is still highly computationally expensive. 
Recently, many studies have used the idea of parameter sharing [3] across all child models to reduce the need for 

training each child model from scratch, thereby eliminating most computational costs. Weight distribution, the 

analogue of parameter sharing for convolutional cells, has shown prominent result utilising reinforcement-based and 

gradient-based methods. The first method is an effective search for neural architecture using parameter sharing 

(ENAS) [4] based on reinforcement training with the RNN controller to create the candidate architecture. The 

second method is called a differentiable architecture search with various modifications (DARTS) [5], where each 

compound has a gradient-updating probability function. However, none of the publications has yet combined GAs 

with parameter sharing or its analogies to NAS. 

Genetic algorithm (GA) is a search method based on natural selection and genetics [6]. GAs consist of four 

fundamental concepts: selection, cross-over, mutation, and replacement. Population, another essential component of 

GA, is utilised to generate new candidate solutions. A new generation is created in each iteration, using a three-step 

process of selection, cross-over and mutation. The next generation is then inserted into the population through the 
replacement phase. The algorithm starts with a random set that is evaluated at the beginning of training. 
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Evolution-based method for NAS has been used in lots of works, for instance [7] and [8], but without weight 

distribution. This study presents a genetic approach to optimise the convolutional neural network architecture on the 

validation set. Our work utilises the search space, defined by [4], and presents a convolution cell as a directed 

acyclic graph (DAG) with a fixed-length list of integers that are used to describe the DAG structure [9]. 

Benchmark datasets 

The data used in the experiment is CIFAR-10, and CIFAR-100 datasets [10]. The CIFAR-10 dataset 

consists of 60000 32 32  colour images in 10 classes, with 6000 images per class. The CIFAR-100 dataset is just 

like the CIFAR-10, except it has 100 classes containing 600 images each with 500 training images and 100 testing 

images per class. We pre-processed the data by normalising all images. Fig. 1 introduces instances of datasets. 

 

 
Fig. 1. Instances of the CIFAR-10 and CIFAR-100 datasets 

 

A genetic approach to an architecture search 

The main idea of our application is to combine evolution search with weight distribution. Having used 

ENAS search space, we present a convolutional cell as DAG, where each node represents an operation, and the 

edges – tensors. Additionally, we utilised the ENAS’s primary attribute – parameter sharing, however, applied it 

only to the weights across all the child networks. The convolution search space exploits the idea that the same cell 

repeats several times, which is a standard practice in NAS [11]. 
 

Data: current_population 
px ; 

Result: sampled_individual sx ; 

( )0 1 px ,x =sampling x ; 

( )0 1 o 1x ,x =crossover x ,x ; 

( )0sx mutation x= . 

Fig. 2. The process of sampling 

 
Data: import dataset; 

Result: initialise network_architecture_weights; 

for each_epoch do 

for each_batch do 

sample random_child_model from population; 

forward_pass; 

backward_pass; 

end 

generate next_generation from population; 

for each_child in next_generation do 

set child_architecture; 

evaluate architecture_accuracy; 

end 

update population using replacement; 

end 

Fig. 3. Application of the GA 
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We integrated the GA search with an SGD algorithm, for efficient architecture search. We also utilised 

weight distribution in order to reduce the number of training all child networks from scratch. The weight distribution 

requires the model coefficient to be adaptable to network architecture change. Such an approach requires an update 

of all the weights. We provide a sampling of different architectures from the current population in each batch to 

achieve the weights update. The process of sampling consists of three steps: 1) select randomly two individuals from 

the current population, 2) provide cross-over followed by a mutation that applied to the first offspring and 3) return a 

result. Fig. 2 presents the algorithm of the sampling process of our approach. 

After completing the training process of one epoch, a new generation is created from the current 

population, using the following three steps: selection, crossing, and mutation. Once all individuals are established, 

the current population is then updated with the replacement method [12]. Fig. 3 shows the training process for our 
approach. 

 

Training 

First of all, we present an ablation study of genetic search on the CIFAR-10 dataset. Then, we show the 

performance of our application on the CIFAR-10 and CIFAR-100 datasets and describe the process of an 

architecture search. All calculations are performed with a single NVIDIA GTX 1080 graphics processing unit using 

machine learning framework TensorFlow v. 1.13.0 [13]. We applied a weight decay of 0.0001 with dropout 

probability of 0.3 [14]. The batch size is set to 256 images per gradient update [15]. 

The implementation of ablation study 

The ablation study [16] was performed on CIFAR-10 dataset with a small model with convolutional cells 

of 2. In the first cell, the number of channels is 20. The momentum of the SGD optimiser is 0.9. To design a 
convolutional cell, we set 5 blocks. We also randomly selected 1000 images from the validation set to evaluate each 

individual from the total generation, which size is 20. On the whole, the training process took 320 epochs. Fig. 4 

demonstrates the results of ablation study. 

 

  
а) b) 

Fig. 4. Final search result over different parameters of the genetic algorithm: a) population size; b) mutation 

 

Fig. 4,a shows the accuracy distribution depending on the population size. Higher population value leads to 

lower performance, which is caused by high population variability. However, low population size also leads to a 

decrease in accuracy, which reduces the ability of GA to explore new solutions. Fig. 4,b shows the result of a search 

depending on various mutation probabilities. From fig. 4, b, a high probability of mutation leads to poor 

performance. In terms of architecture search, the high probability of mutation increases the variability of the 

convolutional architecture, which also reduces the ability of GA to explore better solutions. Both population size and 

mutation probabilities represent a compromise between exploration and exploitation. Not only this trade-off affects 

the genetic search but also that SGD optimisation since we sample a different architecture for each gradient update 
from the current population. 

Results of the experiments 

Foremost, we provided experiments on the CIFAR-10 dataset. The hyper-parameters selected are based on 

the ablation study, where the mutation probability is 0.02, and the population size is 20. The values of other 

hyperparameters are equal to the results of the ablation study. 

Fig. 5,a shows the distribution of min accuracy, max accuracy and mean accuracy of the population 

depending on the numbers of epochs. Error bar points the standard deviation of the population accuracy on the 

subset of the validation set. Fig. 5,b presents the number of new individuals inserted into the population at the end of 

each epoch. Having found the best architecture, we train the model from scratch for 600 epochs in total. The model 

in the final stage has four convolutional cells. The number of channels is increased to 48. For regularisation, we 

apply drop-path with a drop probability of 0.9. Table 1 presents the result of the final training. 
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а) b) 

Fig. 5. The architecture search on the CIFAR-10 dataset: a) population mean accuracy; b) number of updates in population 

 
Table 1 

Compare CIFAR-10 Validation Accuracy 

Model Accuracy 

BayesNAS [2] 95.63% 

Single-Path NAS [11] 96.37% 

ENAS [4] 96.46% 

DART+ [5] 97.06% 

Our model 93.21% 

 

Table 1 compares the result on CIFAR-10 on a set of different human-designed networks and a set of 

search algorithms. We achieved an accuracy of 93.21% on the validation-set of CIFAR-10 dataset. 

We performed the same architecture search on the CIFAR-100 dataset with the same hyperparameters as in 

the previous experiment. In order to fir into GPU memory, the number of channels in the search was to 48, and the 

batch size was reduced to 128. Fig. 6 describes the search results. 

 

 
Fig. 6. Compare a population metric on a subset of a validation dataset  

to the best model’s accuracy across the entire validation CIFAR-100 dataset 

 

Fig. 6 shows a slight difference between the maximum accuracy of the population measured on a subset of 

a validation set and the best accuracy measured on a whole validation set. This slight difference indicates the high 

accuracy of prediction on a subset of the validation dataset. After finding the optimal architecture, we conducted a 

final training session with the same hyperparameters used on the CIFAR-10 dataset. The result of the final training 

on the CIFAR-100 dataset is 78.89%. 
Conclusion 

This study proposes a new approach based on genetic algorithms to search for optimal convolutional neural 

network architectures. In order to reduce search time, we implemented weight distribution to the approach. In this 

work, we also utilised ablation study to compromise exploration and exploitation that are inherent in genetic 

algorithms. Our work shows that ablation study demonstrates a significant effect on the validation accuracy, which 

can be considered as regularisation. We conducted experiments on the CIFAR-10 and CIFAR-100 datasets and 

achieved a final accuracy of 93.21% and 78.89% on the CIFAR-10 and CIFAR100 validation sets, respectively. The 

main contribution of our work is the combination of genetic algorithm with weight distribution in the architecture 

search tasks that achieve similar to state-of-the-art results on a single GPU. 
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