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Abstract—Neural architecture search (NAS) is an effective
approach for automating the design of deep neural networks.
Evolutionary computation (EC) is commonly used in NAS due to
its global optimization capability. However, the evaluation phase
of architecture candidates in EC-based NAS is compute-intensive,
limiting its application for many real-world problems. To over-
come this challenge, we propose a novel progressive evaluation
strategy for the evaluation phase in convolutional neural network
architecture search, in which the number of training epochs
of network individuals is progressively increased. In addition,
a subpopulation preservation strategy is proposed to preserve
medium-size and large-size architectures to avoid prematurely
discarding networks that may not perform well in the early
stages but have the potential to excel with further optimization.
Our proposed algorithm reduces the computational cost of the
evaluation phase and promotes population diversity and fairness
by preserving promising networks based on their distribution. We
evaluate the proposed progressive evaluation and subpopulation
preservation of NAS (PEPNAS) algorithm on the CIFARI10,
CIFAR100, and ImageNet benchmark datasets, and compare it
with 36 state-of-the-art algorithms, including manually designed
networks, reinforcement learning (RL) algorithms, gradient-
based algorithms, and other EC-based ones. The experimental
results demonstrate that PEPNAS effectively identifies networks
with competitive accuracy while also markedly improving the
efficiency of the search process. For instance, PEPNAS discovers
the architecture on CIFAR10 with a low-error rate of 2.38%
using only 0.7 GPU days. We directly adopt the searched
architecture for the image classification on the CIFAR100 and
ImageNet datasets, which achieves the top 1 error rates of
16.46% and 26.25%, respectively. The code is available at
https://github.com/chajiajie/PEPNAS.
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I. INTRODUCTION

EEP learning [1] has been widely used in various fields,
D including speech recognition [2], image recognition [3],
semantic segmentation [4], [5], and natural language process-
ing [6], [7]. Convolutional neural networks (CNNs), a widely
utilized type of network in deep learning, typically comprises
convolutional, pooling, and fully connected layers. A deep
learning model’s performance is determined by its architecture
and weight parameters. As a result, many researchers in the
field of deep learning have dedicated themselves to designing
new architectures. To date, they have designed excellent
neural network architectures, such as AlexNet [8], VGG
[9], GoogleNet [10], ResNet [11], [12], and DenseNet [13].
However, designing such architectures often requires expertise
in the field of CNNs and manual adaptation by a large
number of experts, making the process time-consuming and
labor-intensive. Furthermore, the design of neural network
architectures must be tailored to a specific task, and manually
designed architectures that perform well on one task may not
generalize well to other tasks. Therefore, the technology of
neural architecture search (NAS) [14], which automates the
design of neural architectures, has gained significant attention
in deep learning, effectively addressing the limitations of
manually designed architectures.

NAS algorithms could be mainly divided into three cat-
egories: 1) reinforcement learning (RL)-based algorithms,
which sample subnetworks using RNN and obtain the reward
by training on a validation set [15], [16]; 2) gradient-
based algorithms, such as DARTS and DARTS+ [17], [18],
which use gradients to search for architectures to improve
search efficiency; and 3) evolutionary computation (EC)-based
algorithms, such as AE-CNN, large-scale Evo, CARS, and
CNN-GA [19], [20], [21], [22]. Although RL-based algorithms
have achieved promising results, they are computationally
expensive, requiring hundreds of GPUs to complete the search
process [15]. Gradient-based search algorithms are more
efficient. However, most gradient-based algorithms rely on
a supernet and require human involvement. For example,
Liu et al. [17] addressed the NAS problem in a differentiable
way by successively relaxing the architecture representa-
tion and using gradients for the search process. Notably,
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Xue and Qin [23] used an attention mechanism to select partial
channels with higher weights to be sent to the operation for
processing, and channels that are not selected are concatenated
with the processed channels, which reduces redundant features
and improves search efficiency. Despite these innovations, the
gradient-based algorithms suffer from memory overhead and
improper relaxation.

Recently, numerous researchers in the field of EC have
contributed significantly to the development of NAS algo-
rithms. For example, Stanley and Miikkulainen introduced the
evolutionary neural network with enhanced topology (NEAT)
[24], which not only optimizes the network weights but also
modifies the network topology. In addition, Real et al. [20]
proposed the Large-Scale Evo, which is able to find high-
performing architectures on CIFAR10 and CIFAR100 using
mutation operators only. Although this algorithm is effective,
it requires huge computing resources for the evaluation of
individuals’ performance as the number of evolutionary gener-
ations increases. Sun et al. [19] designed an efficient encoding
strategy based on ResNet blocks and DenseNet blocks, which
enables the discovery of high-performing architectures with
limited computing resources. Xie and Yuille [25] performed
the search process on small datasets and transferred high-
performance architectures to large-scale visual recognition.

Search strategies affect the performance of the searched
architecture significantly, so many scholars have made out-
standing contributions to the evolutionary search strategies.
For example, Real et al. [26] improved the tournament selec-
tion strategy by eliminating older individuals and increasing
the probability of selecting younger ones, thus ensuring the
diversity of the population during the evolutionary process.
Xue et al. [27] proposed a self-adaptive mutation mechanism
to guide the direction of population evolution, which makes
the direction of population evolution purposeful. Sun et al.
[28] proposed polynomial mutation to reduce randomness in
the mutation process. To sum up, these contributions have
advanced the state-of-the-art (SOTA) in NAS and demon-
strated the effectiveness of EC in finding optimal network
architectures.

The evaluation phase is a major bottleneck in EC, partic-
ularly for NAS where the training of deep neural networks
is computationally expensive. In most NAS algorithms,
each architecture is trained on a training set, and then
its performance is evaluated on a validation set, which is
computationally expensive and inefficient for searching. To
address this challenge, various acceleration methods have
been proposed. One class of methods includes surrogate
models [29], [30] and memory methods [28], which propose
to evaluate fewer individuals. Another class of methods
includes weight sharing [21], [31], early stopping mecha-
nisms [18], [32], and weight inheritance [33], which propose
to reduce the computational cost of individual evaluations.
These methods have demonstrated a reduction in the compu-
tational overhead associated with NAS, making them more
practical for many real-world applications.

Searching for high-precision architectures is still a challenge
for existing methods. In the evolutionary process, most accel-
erated evaluation methods lead to the problem of individual
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evaluation bias, thus resulting in the premature discarding
of some promising individuals and reduced diversity of the
population. This often leads to finding only local high-
performance solutions. In this article, we propose an efficient
NAS algorithm that considers the correlation between the
ranking of individuals in a population in terms of both
the precision of the architecture at each training epoch and
the final true precision of the architecture. To achieve this,
we calculate the Kendall’s Tau Rank Correlation Coefficient
between the individuals’ ranking in one epoch and the final
individual’s ranking in the last epoch, and our preliminary
experimental results demonstrate a minimum Kendall’s Tau
Rank Correlation Coefficient of 0.45 on the CIFARI10, indi-
cating a highly correlated ranking relevance of architectures
in this search space. Building upon this finding, we intro-
duce a progressive evaluation strategy that allows one to
estimate an individual’s performance after only a few training
epochs. Furthermore, we gradually enhance the correlation
of individual rankings during the evolutionary process by
increasing the number of training iterations. Since the small
architecture converges more quickly than the medium-size
and large-size architectures under a few training epochs, the
small architecture outperforms the medium-size and large-size
architectures. However, the medium-size and large-size archi-
tectures perform better than the small architecture with more
training epochs. The progressive evaluation strategy trains
individuals with a few training epochs in the early stages, so
some medium-size and large-size architectures are discarded
prematurely. Thus, we propose a subpopulation preservation
strategy to preserve some of the discarded individuals and
allow them to compete with the individuals in the population
during the evolutionary process. The contributions of this work
are summarized as follows.

1) We propose a progressive evaluation strategy that takes
advantage of the correlation between the accuracy of
individuals trained with a small number of epochs and
their final true accuracy. This strategy improves search
efficiency by avoiding the training of many individ-
uals that yield low performance and cannot achieve
acceptable performance even with extended training.
As generations progress, more promising individuals
survive during evolution, and they are trained for more
epochs to improve their performance.

2) We propose a subpopulation preservation strategy to
maintain potentially promising individuals and ensure
the population diversity, improving the evolutionary
process and promoting fair competition for medium-size
and large-size architectures.

3) We generate a large neural network by stacking the
cell architecture searched on CIFAR10 for eight times,
then transfer it to conduct image classification tasks on
CIFAR100 and ImageNet, which exhibits competitive
performance. The architecture searched by our proposed
algorithm achieves an error rate of 2.38% on CIFAR10
using only 0.7 GPU days.

The remainder of this article is organized as follows.

Section II presents a literature review of related work in the
field of NAS. Section III illustrates the details of our proposed

Authorized licensed use limited to: ASTAR. Downloaded on February 12,2026 at 05:54:42 UTC from IEEE Xplore. Restrictions apply.



1680

Entire-structed Performance Low-fidelity

Reinforcement Learning orma
estimation

Algorithms Early-stopping

Cell-based
Surrogate Model

Gradient-based Algorithms

Hierarchica

Morphism-based Evolutionary Algorithms Weight-sharing

Architecture One-shot Model

Search Space Search Strategy Model Evaluation

Fig. 1. Three main components of NAS: The NAS space, search strategy,
and model evaluation methods.

algorithm. Section IV reports the experimental parameters and
results. Finally, Section V draws conclusions and provides
future research directions.

II. LITERATURE REVIEW AND RELATED WORK

In this section, we provide an overview of multiobjective
NAS and review the strategies used to reduce the computa-
tional costs in evolutionary NAS (ENAS).

A. Evolutionary Neural Architecture Search

NAS is a popular research field in AutoML [34] that
aims to automate the process of searching for neural network
architectures. It consists of three main components, namely,
search space, search strategy, and model evaluation, as shown
in Fig. 1. There are numerous NAS algorithms dedicated to
searching for the optimal CNN architecture.

Generally speaking, NAS aims to optimize two objectives:
1) the accuracy and 2) the complexity of the model [35], [36].
The number of parameters in the model is often used as a
measure of complexity. Therefore, the search process can be
considered as a bi-objective optimization problem

minimize, F(x) = (fi(x), /£ (x))
J1(x) = falerror (X, Dyal) (D
Sax) =1 complexity (%)

where fyalerror () denotes the error rate of architecture x on a
validation set Dyy and feomplexity (1) measures the parameter
size of architecture x. X represents the population in the
evolutionary process.

Nondominated sorting genetic algorithm II (NSGA-II) [37]
is a genetic algorithm (GA) that utilizes genetic operators, non-
dominated sorting, crowding distance, and an elitist strategy
to achieve an effective multiobjective search. One of the first
evolutionary multiobjective algorithms used in NAS is NEMO
[38], which uses NSGA-II to maximize the accuracy and
minimize the inference time of the network. Another method
proposed by Lu et al. [36] considered model performance and
the number of floating-point operations as optimization objec-
tives. In this article, our proposed algorithm is designed with
the NSGA-II framework. NSGA-II mainly consists of the fol-
lowing steps: 1) population initialization; 2) individual fitness
evaluation; 3) crossover and mutation operations; 4) offspring
fitness evaluation (measuring error rate and model parameters);
5) nondominated sorting and crowding distance computation;
6) environment selection (including elitism strategy); and
7) repetition of steps 3)—6) until the termination condition is
satisfied. However, the individual fitness evaluation process
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is computationally expensive, requiring complete training on
a training set and evaluation on a validation set for each
individual. For instance, AE-CNN [19] takes 27 GPU days and
36 GPU days on the CIFAR10 and CIFAR100 benchmarks,
respectively, while genetic CNN consumes 17 GPU days [25]
on the CIFAR10 dataset. Therefore, it is necessary to speed up
the fitness evaluation process to reduce computational resource
consumption.

B. Accelerated Methods for Model Evaluation

To reduce the computational cost of NAS, several methods
have been proposed and can be categorized as follows.

1) Surrogate Model: The surrogate model-based ENAS
methods aim to reduce the number of costly fitness eval-
uations by encoding the architecture and performance of
individuals through encoding strategies, and then training a
surrogate model to predict the performance of architectures.
For instance, Sun et al. [29] used a random forest as a surrogate
model to predict the fitness of newly generated individuals,
effectively saving 68% of computational costs compared to
AE-CNN without a surrogate model, while achieving an
accuracy of 94.70% on the CIFAR10 dataset. To address
the issue of insufficient training data, HAAP [30] encoded
an architecture by using an adjacency matrix and a layer
type list, thus generating more homogeneous architectures by
exchanging layers in the layer list type.

2) Early Stopping: The early stop mechanism aims to
save computational resources during the search process by
terminating the training of inferior networks. For example,
DARTS may produce architectures with many skip-connects
when the number of search stages is too large. DARTS+ [18]
uses an early stopping criterion that halts the search process
when two or more skip-connections are presented in a cell.
This approach has significantly improved the search efficiency.
In ENAS, Suganuma et al. [32] introduced an early termination
strategy based on a reference curve, which stops the training
of a network if its accuracy curve is below the reference curve
of excellent networks.

3) Reduced Training Set: To reduce training time, one
approach is to use a training subset with a similar distribution
to the original training set. For example, Liu et al. [39]
explored this approach by training on a subset and using
transfer learning on the original dataset. Since there are
numerous benchmark datasets in the image -classification
domain, architectures can be evaluated on smaller datasets
(e.g., CIFAR10) first and then applied to larger datasets (e.g.,
CIFAR100 and ImageNet [40]). This means that small datasets
can be used as proxies for large datasets.

4) Population Reduction and Memory: Population reduc-
tion and population memory are two techniques used to
improve the efficiency of evolutionary algorithms for ENAS.
Population reduction involves reducing the size of the pop-
ulation during evolution, while population memory aims to
prevent the training of duplicate individuals in the population.
For instance, Fan et al. [41] proposed a (u-+A) evolution
strategy that divides evolution into three stages to balance
computational efficiency and global search. The first stage uses
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Fig. 2. Overview of the proposed framework (PEPNAS).

a large population to ensure thorough exploration, while the
later stages employ smaller populations to reduce the number
of evaluated individuals. Sun et al. [22] used hash coding to
record each individual’s network structure and fitness value,
allowing them to avoid redundant training by directly querying
the fitness value of duplicate individuals.

5) Weight Sharing and Weight Inheritance: Weight sharing
techniques [31], [42], [43] are commonly used in NAS to
reduce computational cost. These techniques are based on a
supernet, which is a large neural network that contains all
possible subnetworks. During the search process, subnetworks
are sampled from the supernet and evaluated without further
training. Weight inheritance is another technique that is used
to reduce the number of evaluations required during the
search process. In weight inheritance, the children individuals
inherit some of the weights of the parent individuals. For
instance, Zhang et al. [33] proposed to directly inherit some
of the weights of the parent when using crossover operators,
while mutation operators use exchange mutation to reduce the
computational resources needed.

III. PROPOSED ALGORITHM

This section presents the details of our proposed pro-
gressive evaluation and subpopulation preservation of NAS
(PEPNAS) for automatic CNN design. The proposed algorithm
uses GA as the search strategy. The effectiveness of using
GA as a search strategy in NAS has been demonstrated
in [19] and [22]. To illustrate the search process, we provide
an overview of the algorithm in Fig. 2. The initial population
is first created, followed by training and evaluation of the
CNN architectures. The evolutionary process then iteratively
executes with the inclusion of progressive evaluation and sub-
population preservation strategies, until the stopping criterion
is satisfied. Finally, the best-CNN architecture is output as the
result of the algorithm.

The proposed algorithm for automatic CNN design differs
from existing GA-based NAS algorithms in two main aspects:
1) architecture performance evaluation and 2) search strategy.
Unlike conventional GA [19], [22], the proposed algorithm

adopts a progressive evaluation strategy for CNN architecture
performance evaluation, which progressively increases the
number of training epochs of the architecture rather than
performing a complete training. Besides, a subpopulation
preservation strategy is proposed in the search strategy. It
prevents the search process from converging onto small models
and preserves medium-size and large-size CNN architectures.
The following sections will describe the search space,
the encoding strategy, the proposed progressive evaluation
strategy, and the subpopulation preservation strategy.

A. Search Space and Encoding Strategy

1) Search Space: The cell-based search space has been
widely adopted for the automatic design of CNNs and has
achieved great success [44], [45]. Designing an appropriate
search space is essential for NAS to achieve good performance
of NAS. The search space has a decisive effect on the quality
of the architecture. In this article, a cell-based search space is
used, where each node of the cell processes information flows
using various operators. The final architecture is constructed
by stacking the cells evolved by the algorithm [45].

In Fig. 3, each cell is represented by a directed acyclic
graph (DAG) [25]. The nodes in the DAG represent operations,
and the edges represent the flow of information, such as
feature maps. Each node only chooses the input from the
previous nodes, and nodes without a successor in the cell
are concatenated to provide the final output. The proposed
algorithm constructs two types of cells: 1) normal cells
and 2) reduction cells. Different from normal cells, in the
reduction cells, we follow the principle of halving the size
of the feature map and doubling the number of channels
[17], [45], [46], [47]. N in Fig. 3(b) represents the number
of stacking normal cells, and the number next to the normal
cell is the size of the feature map as it passes through the
normal cell. During the search process, PEPNAS builds an
architecture with 5 cells by taking the value of N as 1 to
perform the search. When PEPNAS searches for the best
normal and reduction cells, a large network architecture with
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TABLE I
NODES OPERATION CODING SPACE. THE SPACE INCLUDES TWELVE
TYPES OF COMPUTATIONAL OPERATIONS

Type of operation Code
1x1 convolution 0
3%3 convolution 1
1x3 then 3x1 convolution 2
1x7 then 7x1 convolution 3
2Xx2 max pooling 4
3x3 max pooling 5
5%5 max pooling 6
2x2 average pooling 7
3%3 average pooling 8
5%5 average pooling 9
Identity 10
SELayer 11

3N +2 cells is constructed by stacking N normal cells, and the
performance of the architecture is evaluated on the dataset.

2) Encoding strategy: In Fig. 3(a), a cell structure with five
nodes is illustrated, where the numbers in the nodes represent
their serial numbers, such as node O and node 1. The number
of nodes is not fixed and can vary during the evolutionary
process. We present only the cell with five nodes in Fig. 3. The
details of the number of nodes are described in Section I'V-C.
Thus, each individual may have a different number of nodes,
allowing our proposed algorithm to adaptively search for the
best-CNN architecture with optimal depth.

The proposed encoding scheme encodes each node’s con-
nection in the cell structure with a binary sequence, where
1 indicates the selection of a certain information flow and
0 indicates nonselection. Table I lists the operations that a
node can represent. In Table I, the “Type of operation” column
represents the type of operation, and “Code” denotes the code
corresponding to each type of operation. Since each node can
only select the information flow from previous nodes, node 0
in Fig. 3(a) can only select the information flow from input
1 and input 2, and node 2 can only select the information
flow from input 1, input 2, node O and node 1. As illustrated
in Fig. 3(a), node O selects information flow from input 1
and input 2, and operation “3” is used in node 0, resulting
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Fig. 4. Kendall’s Tau Rank Correlation Coefficient calculation for 500
architectures sampled from the proposed search space. It proves that the
ranking of each pair of individuals in the early stage is consistent with the
final ranking.

in the binary sequence (1, 1, 3). Node 2, on the other hand,
selects information flow from input 1 and node 1, and without
selecting information flow from input 2 and node 0, with
operation “5” being used, yielding the binary sequence (1, 0,
0, 1, 5). The encoding of the cell is obtained by concatenating
the binary sequences of all nodes in the cell. Therefore, the
total length of the cell encoding is [M(M + 5)/2], where M
represents the number of nodes in the cell. In Fig. 3(a), the
length of the cell encoding with five nodes is twenty-five.

B. Progressive Evaluation Strategy

Training a neural network completely on a dataset
is computationally expensive and limits the number
of possible architecture evaluations. Zheng et al. [47]
studied the performance ranking of ResNetl8, DenseNet,
AlexNet, and LeNet networks at different epochs
and found that the performance ranking is generally
consistent.

We sample 500 architectures from our search space and
calculate the Kendall’s Tau Rank Correlation Coefficient (t for
short) to measure the correlation between their rankings under
each training epoch and their final performance rankings [48].
First, we divide the training sets of CIFAR10 and CIFAR100
into training sets and validation sets at a ratio of 9 to 1. Then
we use the training set to train the sampled architectures and
record their validation accuracy ranking at each epoch. Finally,
we compare the ranking of each epoch’s architectures with the
final ranking of the architectures to obtain the r. The index
T € [—1,1], where T = 1 indicates a positive correlation,
while t = —1 indicates a negative correlation. In Fig. 4, we
can observe that the T on the CIFAR10 and CIFAR100 datasets
have correlations above 0.45 and 0.43 in the first epoch,
respectively, which means that the ranking of individuals is
moderately correlated. Based on this observation, we propose
a progressive evaluation strategy.
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As evolutionary generations progress, the population’s indi-
viduals tend to perform relatively better, so we gradually
increase the number of epochs to evaluate them more accu-
rately. Fig. 5 illustrates our proposed progressive evaluation
strategy. Initially, we evaluate each individual in the initial
population after training one epoch. We then generate off-
spring using crossover and mutation operators and evaluate
each offspring after training one epoch. The population of
Gen =1 is selected from the population and offspring by the
nondominated ranking and crowding distance of NSGA-II. As
evolutionary generations increase, we simultaneously increase
the number of epochs used for evaluation. For example, our
algorithm evaluates the offspring in the Gen = 1 after training
for two epochs. Notably, individuals in the population of
Gen = 1 are trained for one epoch. Since the population
and offspring need to maintain the same training epochs to
compete fairly, we preserve the weights of individuals in
the population that were trained in the previous generation.
Individuals in the population in Gen = 1 only need to be
trained for one epoch under inheriting the previous weights,
avoiding training the individuals in the population in Gen = 1
from scratch. In the evolutionary process, individuals in the
early stages are not performing very well. This progressive
training method avoids the unnecessary training of some
inferior individuals in the early stages compared to the
complete training method [19], [22], thus effectively reducing
computational resource consumption.

C. Subpopulation Preservation Strategy

In progressive evaluation, individuals in the current gen-
eration have fewer training epochs than those in the next
generation, which may lead to evaluation bias and the
premature discarding of some excellent individuals in the cur-
rent generation, especially some potentially high-performing
medium-size and large-size architectures. This phenomenon
is discovered by the pNSGA-III algorithm proposed in
CARS [21], which recognizes that it is hard for these medium-
size and large-size architectures to reach convergence under a
small number of epochs and show weak performance in fewer

Algorithm 1 Subpopulation Preservation Strategy

Input: Population size: S, Population: P, Eliminated population: E,
Offspring: Q, Epoch (Initial): 1, Current generation: g, Training dataset
Dyyqin, Validation dataset Dygiq.

Output: Population: P, Eliminated individuals: E.

1: P,Eg < Select S individuals from P J Q by environment selection of

NSGA-II;

2: if g >=1 then

3: Train individuals in Eg_| for 1 epoch on Dy, and evaluate them
on Dygjig;

4: Pop < Select S individuals from E, (J E,_1 by environment
selection of NSGA-II;

5: Avgpop < Calculate the average length of individuals in Pop;

6: Subpopulation < Select individuals from Pop with the length of an
individual greater than Avgpgp;

7: P,E <« Select S individuals from P |J Subpopulation by the
environment selection of NSGA-II;

8: end if

Return P,E.

0

training epochs. In contrast to small architectures, medium-
size and large-size architectures tend to perform better in
later stages. To preserve potentially good individuals, we
propose the subpopulation preservation strategy that mitigates
the problem of the small model trap phenomenon as presented
in [21] to some extent.

The main goal of the subpopulation preservation strategy
which is shown in Algorithm 1 is to ensure that potentially
good individuals are not prematurely discarded during the
evolutionary process. In Fig. 6, the population in Gen = g —1
represents the population in GA, and the eliminated individuals
(Eg—1 for short) represent the individuals that are not selected
in the environment selection in Gen = g — 1. In traditional
GA, environment selection is performed in the population and
offspring, selected individuals are readded to the population,
and unselected individuals are directly eliminated by the GA.
In the progressive evaluation strategy, some potentially high-
performing medium-size and large-size architectures cannot
be evaluated accurately with a few training epochs, and
thus are eliminated by the GA’s environment selection. The
subpopulation preservation strategy preserves the eliminated
individuals, i.e., E, 1 and E, in Fig. 6. Meanwhile, in order
to select some individuals with good performance from the
eliminated individuals, the subpopulation preservation strategy
provides the opportunity for E,_; and E, to compete. Note that
in the progressive evaluation strategy, the individuals in E, are
trained for one more epoch than the individuals in E,_;. First,
we need to train one more epoch for the individual in E;_1 by
inheriting the weights trained by the individual in E,;_; under
Gen = g — 1 to ensure a fair competition between E,_1 and
E,. Second, we use the NSGA-II [37] based on error rate and
number of parameters to select S (S represents the size of the
population) individuals from E;_; and E,, which are stored
in Pop. Pop is represented as follows:

Pop = (Indl, Ind?, ... Ind>", IndS> 2)

where Ind! represents the individuals in Pop. Third, we
calculate the average length of the individuals in Pop, which is
named Avgpop. Then, we compare the length of each individual
in Pop with Avgpop. If it is greater than Avgpop, we add this
individual to the subpopulation. This process is repeated until

Authorized licensed use limited to: ASTAR. Downloaded on February 12,2026 at 05:54:42 UTC from IEEE Xplore. Restrictions apply.



1684

IEEE TRANSACTIONS ON EVOLUTIONARY COMPUTATION, VOL. 29, NO. 5, OCTOBER 2025

4 )

Pop
Population e Subpopulation
1]
Eliminated individuals _ o | Celeulate the
Environment average length of
Eg selection LLLT | the individuals in
Pop
1]
Eliminated individuals

NG J

Fig. 6. Algorithmic framework for subpopulation preservation strategy.

all individuals are compared, and the final subpopulation is
constructed. This approach enables the proposed algorithm to
preserve as many medium-size and large-size architectures as
possible that may be discarded in the early stage.

Since medium-size and large-size architectures are evaluated
with a few training epochs, thus resulting in evaluation bias
and their performance lagging behind some small archi-
tectures. The subpopulation preservation strategy preserves
medium-size and large-size architectures in the subpopu-
lation. In the progressive evaluation strategy, the accuracy
of evaluating individuals in the subpopulation is improved
by increasing the training epochs of the individuals in the
subpopulation. Thus, the performance of the individuals in
the subpopulation with a large number of training epochs will
exceed the performance of the individuals in the population.
Finally, in order to preserve these medium-size and large-
size architectures to rejoin the population and evolve, we
used NSGA-II environment selection in the subpopulation and
population. This increases the diversity of the population in
the next iteration and preserves the medium-size and large-
size architectures with excellent performance as much as
possible. Algorithm 1 outlines the main steps of our approach,
which allows these individuals to showcase their excellent
performance in later stages.

D. Overall Framework

Algorithm 2 presents the pseudocode for PEPNAS. To
optimize both accuracy and number of parameters, NSGA-II
is used, which is highly effective for bi-objective problems.
Fig. 2 illustrates the two main features of our approach: 1)
the progressive evaluation strategy and 2) the subpopulation
preservation strategy. Together, these strategies enable efficient
resource usage during the evolution phase.

In Algorithm 2, PEPNAS starts by initializing a population
of individuals randomly (line 3), then decodes and trains these
individuals for one epoch. To efficiently evaluate the individ-
uals, a progressive evaluation strategy is used that increases
the number of epochs with the increase of generations (line
3). Next, a roulette wheel selection is used to select parent
individuals, and the parent individuals generate offspring using

Algorithm 2 Pseudocode of the Proposed PEPNAS

Input: Population size: S, Population: P, Eliminated population: E, Epoch
(Initial): 1, Maximum number of generations: Gen, Training dataset:
Dyrqin, Validation dataset: Dyyjiq

Output: Population: P.

1: P<— @, E<~0,g<«0;

2: P <« Initialize a population with a size of S;

3: Train and evaluate the individuals in P by our progressive evaluation on
Dirain and Dygjiq;

4: while g < Gen do

S: PS < Select two parent individuals using roulette wheel selection
from P;

6: Q < Generate two new offspring by crossover and mutation operators
using PS;

7: Train and evaluate the individuals in Q for g epochs by progressive

evaluation strategy on Dy, and Dygjig, respectively;
8: P,E <« Select individuals using subpopulation preservation
strategy(P, Q, E, g) in Algorithm 1;
9: Epoch < Epoch + 1;
10: g<—g+1L;
11: end while
12: Return the best individual from P and decode it into the corresponding
neural network.

crossover and mutation operators (lines 5 and 6). Then, train
and evaluate individuals in offspring Q (line 7). The parents
and offspring then undergo environment selection to select
the population for the next generation while preserving the
eliminated individuals by using the subpopulation preservation
strategy (line 8). This process is repeated until the termination
condition is satisfied (lines 9 and 10), and it finally outputs
the best cell. Finally, we stack the normal cell eight times to
achieve the final CNN architecture, as detailed in Section I'V-F.

IV. EXPERIMENT

This section evaluates the efficiency of PEPNAS in discov-
ering the optimal neural network structure for the benchmark
datasets. First, we describe the experimental setup, which
includes the benchmark datasets, the other SOTA compari-
son algorithms, and parameter settings. Second, we present
and analyze the effectiveness of the progressive evaluation
strategy and the subpopulation preservation strategy. Third,
we compare the algorithms based on test error, search cost
(Section IV-C), and the number of parameters, followed by a
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discussion of the findings. Finally, we compare the stacking
times of cells in terms of test error rates on the CIFAR10
dataset.

A. Benchmark Datasets

We utilize three widely used datasets: 1) CIFAR10 [49];
2) CIFAR100 [49]; and 3) ImageNet [40], to verify the effec-
tiveness and efficiency of our proposed algorithm. CIFAR10
consists of 50 000 training images and 10 000 test images. This
dataset is divided into ten classes, and each has 6,000 images
with dimensions of 32x32. We evaluate the performance of
PEPNAS on the CIFAR10 dataset and compare it with the
other SOTA algorithms. CIFARIO0 is a more challenging
dataset comprising 100 classes, with 500 training images and
100 test images per class. ImageNet is a massive dataset
comprising over 1.3 million images belonging to various cate-
gories. The images have high resolution and are standardized
to a size of 224 x224. Furthermore, we search the architecture
on the CIFAR10 dataset and evaluate its performance on the
CIFAR100 and ImageNet datasets by transferring only the
architecture without the weight parameters of the architecture.

B. Baseline Algorithms

To demonstrate the superiority of PEPNAS, we compare
it with other SOTA algorithms. We group the compared
algorithms into three different categories as follows.

1) The first group comprises commonly used CNNs

that are manually designed by human experts, such
as ResNet [11], wide ResNet [50], DenseNet [13],
VGG [9], SENet [3], and ShuffleNet [51].

2) The second group consists of various non-ENAS
algorithms, including gradient-based and RL-based
methods. The compared algorithms include NAS
[15], NASNet [45], PNASNet [52], MetaQNN [53],
ENAS [31], ProxylessNAS [54], DARTS [17], P-
DARTS [55], and Firefly [56].

3) The third group includes SOTA ENAS algorithms for
CNN architecture design, such as large-scale evolu-
tion [20], hierarchical evolution [57], AmoebaNet [26],
LEMONADE evolution [35], NSGANet [36], AE-CNN
[19], CARS [21], SI-EvoNet-S [33], and MSNAS [58].

C. Experimental Configuration

This section provides detailed information of the parameter
settings for PEPNAS, which is divided into two parts: 1) evolu-
tionary search phase and 2) evaluation phase. The evolutionary
parameter settings follow standard practices in EC. However,
since the progressive evaluation method may discard some
good medium-size and large-size architectures, we employ a
subpopulation preservation strategy to preserve some of these
individuals, whose effect is discussed in Section IV-D. The
summary of evolutionary parameter settings for PEPNAS is
presented in Table II.

For the search process, we adopted the practice suggested
in [19] and used 90% of the CIFARI1O’s training set as the
training set and the remaining 10% as the validation set.
The number of neural nodes in the cell is variable (ranging
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TABLE II
HYPERPARAMETER SETTINGS IN PEPNAS

Parameters Evolution Evaluation
Population size 20 -
Generations 25 -
Number of nodes [5,12] -
Training set rate 0.9 1
Initial channels 16 44
Train batch size 128 80
Evaluation batch size 500 500
Epoch 1(initial) 900
Optimizer SGDM SGDM
Momentum 0.9 0.9
Weight decay 3e-4 Se-4
Initial learning rate 0.1 0.025

Learning rate schedule Cosine Annealing Cosine Annealing

from 5 to 12) following [59], and we set the number of
initial convolutional channels to 16, as is common in NAS
settings [17]. We optimize the network weights using the
stochastic gradient descent with momentum (SGDM) [46] with
an initial learning rate of 0.1 and a single period cosine
decay learning rate schedule. The corresponding configura-
tions, including population size and batch size, are provided
in Table II.

We conduct two experimental studies. The first study
involves comparing our approach with the other SOTA
methods, including many NAS algorithms for automatically
designing CNN architectures. The second study demonstrates
the effectiveness of our approach in preventing the small model
trap problem by subpopulation preservation strategy.

The experiments are conducted on a single NVIDIA
GeForce RTX 3090. To compare the search cost, we use “GPU
days” as a metric [19], which is calculated by multiplying the
number of GPU cards by the execution time in days.

D. Effectiveness of Progressive Evaluation and
Subpopulation

We conduct an experiment to examine the impact of the
proposed subpopulation preservation strategy on population
distribution. We perform a 25-generation evolutionary search
on the CIFAR10 dataset under both the subpopulation preser-
vation strategy and a variant without it, both of which use
a progressive evaluation strategy. The aim is to measure any
changes in population distribution resulting from the inclusion
of the subpopulation preservation strategy.

Fig. 7 illustrates the distribution of the population under
different strategies. Our study reveals that the progressive
evaluation strategy without the subpopulation preservation
strategy only generates individuals of size below 0.06 MB.
In contrast, the progressive evaluation strategy with sub-
population preservation strategy preserves medium-size and
large-size architectures, which is evident from the black
points in Fig. 7. The largest architecture in the population,
with a size of 0.0879 MB, performs the best in terms
of error rate. Moreover, several other larger architectures
demonstrate good performance. When an individual’s size is
around 0.07 MB, the subpopulation preservation strategy also
preserves more medium-size architectures with outstanding
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TABLE IIT
COMPARISON OF PEPNAS WITH SOTA ALGORITHMS ON CIFAR10 DATASETS BASED ON TEST
ERROR RATE, NUMBER OF WEIGHTS, AND COMPUTATIONAL COST
Architectures Test Error Rate (%) # GPU days # Params Search method
VGG [9] 6.66 - 28.05M Manual
Pre-ResNet [12] 4.64 - 10.3M Manual
ResNet-110 [11] 6.43 - 1.7M Manual
Wide-ResNet [50] 4.17 - 36.5M Manual
DenseNet [13] 3.46 - 25.6M Manual
SENet [3] 4.05 - 11.2M Manual
MobileNetV2 [61] 5.44 - 2.1M Manual
ShuffleNet [51] 9.13 - 1.06M Manual
NAS V3 [15] 4.47 22400 7.1M RL
NASNet-A [45] 3.41 22400 3.3M RL
Block-QNN-S [16] 33 90 6.1M RL
MetaQNN [53] 6.92 90 11.2M RL
ENAS [31] 2.89 0.45 4.6M RL
ProxylessNAS [54] 2.08 1500 5.7M RL
PNASNet [52] 3.32 150 3.2M SMBO
MdeNAS [62] 2.55 0.16 3.61M MDL
DARTS [17] 2.72 1 3.4M GD
P-DARTS [55] 2.50 0.3 3.4M GD
PC-DARTS [46] 2.57 0.1 3.6M GD
SNAS [42] 2.83 1.5 2.8M GD
Firefly [56] 2.73 1.5 3.3M GD
AdaptNAS-S [61] 2.50 2 5.3M GD
GibbsNAS+cutout [62] 2.53 0.5 4. 1M GD
BPC-DARTS [46] 2.57 0.1 3.6M GD
SGAS+PT [63] 2.46 0.29 3.9M GD
Large-Scale Evo [20] 54 2750 40.4M EA
Hierarchical Evo [57] 3.63 300 15.7M EA
AmoebaNet-B [26] 2.55 3150 2.8M EA
LEMONADE [35] 2.58 90 13.1M EA
NSGANet [36] 2.75 4 3.3M EA
AE-CNN [19] 4.3 27 2.0M EA
CARS [21] 2.62 0.4 3.6M EA
EcoNAS [64] 2.60 8 2.9M EA
SI-EvoNet-S [33] 2.69 0.458 1.84M EA
MSNAS [58] 2.53 0.23 3.25M EA
MOEA-PS [65] 2.77 2.6 3.0M EA
PEPNAS (ours) 2.38 0.7 4.23M EA
© Pe during the evolutionary process, compared to using only the
°5 p fetsp progressive evaluation strategy.
0.08 -
o
g o E. Results and Discussion
g 0.06 1 o o In this section, we provide the results of our algorithm
B and compare them with those of other SOTA algorithms.
[ .
g 0041 Tables III-V summarize the best-test error, number of param-
g % o o eters, and search cost results of the algorithms on the
a
%, CIFAR10, CIFARI100, and ImageNet datasets. The ‘“Search
0.02 ° o Method” column in these tables denotes the method used,
®o o la with “MANUAL” referring to a manually designed method,
| | . | | 'o °| “SMBO” referring to the sequential model-based global
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Fig. 7. Comparison of our proposed algorithm is conducted on the CIFAR10
dataset using two strategies: the progressive evaluation strategy (Pe) and
the progressive evaluation strategy with the addition of the subpopulation
preservation strategy (Pe+Sp).

performance. The addition of the subpopulation preservation
strategy enhances the overall performance of PEPNAS and
facilitates the discovery of potentially superior individuals

optimization, and “MDL” referring to the multinomial distribu-
tion learning. The results obtained by our proposed algorithm
are presented in bold in the last row of Tables III-V.

The results obtained by the proposed algorithm in three
runs are introduced and analyzed. Table III summarizes the
results obtained by the PEPNAS algorithm on the CIFAR10
dataset, which achieves an impressive test error rate of
2.38%. PEPNAS outperforms most of the peer competi-
tors, including manually designed architectures, non-ENAS
approaches, and ENAS approaches. Specifically, the test error
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Fig. 8. Comparison of search efficiency between PEPNAS and other
algorithms in terms of computational cost required on the CIFAR10 dataset.

obtained by the PEPNAS algorithm is between 1.08%-6.75%
lower than that of the manually designed CNN architec-
tures on the CIFARI10 dataset. Among the 17 non-ENAS
methods, PEPNAS achieves the best error over 16 methods,
including NAS V3, NASNet-A, Block-QNN-S, MetaQNN,
ENAS, PNASNet, MdeNAS, DARTS, P-DARTS, PC-DARTS,
SNAS, Firefly, AdaptNAS-S, GibbsNAS, BPC-DARTS, and
SGAS+PT. While PEPNAS obtains slightly worse-test error
compared to ProxylessNAS (—0.3), it uses a lower-cost
search strategy and fewer parameters of the final architecture.
Compared to ProxylessNAS, our PEPNAS algorithm requires
less search cost and results in fewer architectural parameters.

In terms of search cost, the proposed PEPNAS requires
only 0.7 GPU days to find neural architectures with a 2.38%
error rate on the CIFAR10 dataset, which is faster than most
other algorithms, including ten methods of NAS V3, NASNet,
Block-QNN-S, MetaQNN, ProxylessNAS, PNASNet, DARTS,
SNAS, Firefly, and AdaptNAS-S. Finally, compared to the EA-
based NAS methods, we obtain the best-test error using fewer
GPU days. The results obtained by our proposed algorithm
on the CIFAR100 and ImageNet datasets are summarized in
Tables IV and V, respectively, and the search method used in
each comparison algorithm is listed in the “Search Method”
column of the tables. The results obtained by our algorithm
are presented in the last row of each table.

The final error rate and computational cost are shown in
Fig. 8, from which we can see that the proposed progres-
sive evaluation significantly reduces search time by up to
4500 times in terms of search cost. Besides, the proposed
subpopulation strategy ensures the performance of PEPNAS
in finding the architecture by preserving potential excellent
individuals. Moreover, PEPNAS achieves the best-error rate
of 2.38% using lower-search costs. Compared with these 10
algorithms, the proposed algorithm searches for better-CNN
architectures with lower-search cost.

Fig. 9 shows the best-CNN architecture found by our
proposed algorithm on the CIFAR10 dataset. We transferred
the architecture directly from CIFAR10 to CIFAR100 for
training, named PEPNAS (transfer). The proposed algorithm
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TABLE IV
COMPARISON OF PEPNAS WITH SOTA ALGORITHMS ON CIFAR100
BASED ON TEST ERROR RATE, NUMBER OF WEIGHTS, AND
COMPUTATIONAL COST

Architectures Erl:gf_St(% ) #D(;;U # Params Iie;;il;
VGG [9] 32.05 28.05M Manual
Pre-ResNet [12] 22.71 10.3M Manual
ResNet-110 [11] 25.16 1.7M Manual
Wide-ResNet [50] 20.5 36.5M Manual
DenseNet [13] 17.18 25.6M Manual
MobileNetV2 [60] 2291 2.1IM Manual
ShuffleNet [51] 22.86 1.06M Manual
Block-QNN-S [16] 17.05 90 6.1M RL
MetaQNN [53] 17.14 100 11.2M RL
PNASNet [52] 17.20 150 3.2M SMBO
DARTS [17] 17.54 1 3.4M GD
P-DARTS [55] 17.20 0.3 3.4M GD
Large-Scale Evo [20] 23 2750 40.4M EA
AmoebaNet-A [26] 18.93 3150 3.3M EA
NSGANet [36] 20.74 8 11.6M EA
AE-CNN [19] 20.85 36 5.4M EA
CNN-GA [22] 20.53 40 4.1M EA
AE-CNN+E2EPP [29] 22.02 10 20.9M EA
SI-EvoNet-S [33] 15.7 0.813 3.32M EA
MSNAS [58] 17.20 0.23 3,25M EA
PEPNAS (transfer) 16.46 0.7 4.24M EA
PEPNAS (search) 16.05 0.85 4.34M EA

performs competitively on the CIFAR100 dataset as well,
finding a robust and scalable CNN architecture. We note
that hand-designed methods and non-ENAS approaches also
transfer their architectures from CIFAR10 to CIFAR100 for
training, as reported in their published articles. Table IV
reports that the PEPNAS algorithm achieves excellent test
error using the architecture found on CIFAR10, which is
0.72% to 15.59% lower than manually designed CNN archi-
tectures. CNN-GA and SI-EvoNet-S searched directly on the
CIFAR100 dataset, and their architectures are better fit to
the CIFAR100 dataset. We transfer the architecture found on
CIFARI10 to CIFARI100 and obtain a classification error rate
of 16.46%, which is 4.07% lower than CNN-GA and 6.54%
lower than large-scale Evo, with a lower number of parameters.
Although PEPNAS’s best-test error is slightly lower than that
of SI-EvoNet-S (-0.76%), the search time of PEPNAS is
slightly faster. We also conducted a search on CIFAR100 and
named it PEPNAS (search). PEPNAS (search) achieved an
error rate of 16.05%, which is 4.8% lower than AE-CNN and
1.15% lower than MSNAS. These results demonstrate that
PEPNAS’s search results are competitive and illustrate the
robustness and extensibility of the architectures.

In addition, we also evaluate the transferability of the
PEPNAS algorithm by applying the architecture found on
CIFARIO to the ImageNet dataset. We train the network from
scratch and report the top 1 and top 5 accuracies on the test
set in Table V. PEPNAS achieves a top 1 accuracy of 73.75%
and a top 5 accuracy of 91.78%, which is competitive with the
SOTA methods, such as MobileNet, MnasNet, DARTS, and
AmoebaNet-C. These results demonstrate the potential of our
proposed algorithm in real-world applications. In summary,
the proposed algorithm represents a promising direction for
automatic CNN design.
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Best normal and reduction cells found by our proposed PEPNAS on the CIFARI10 dataset. Regarding each cell, the solid black lines indicate

information flow, and the nodes represent the operations. (a) Normal cell. (b) Reduction cell.

TABLE V
COMPARISON OF PEPNAS WITH SOTA ALGORITHMS ON IMAGENET
DATASETS BASED ON TEST ERROR RATE, NUMBER OF
WEIGHTS, AND COMPUTATIONAL COST

Architect Error Error # GPU #P Search
rehitectures — yop1 (%) Top5 (%) Days arams - ethod
Inception-V1 [10] 30.2 10.1 - 6.6M Manual
MobileNetV2 [59] 29.4 10.5 - 4.2M Manual
ShuffleNet [51] 26.4 10.2 - M Manual
NASNet-A [26] 26.0 8.4 2000 5.3M RL
PNASNet [52] 25.8 8.7 225 4.7M SMBO
DARTS [17] 26.7 8.7 4 47M GD
ProxylessNAS [54] 24.9 7.5 8.3 7.1M GD
SNAS [42] 27.3 9.2 1.5 4.3M GD
AmoebaNet-C [26] 24.3 7.6 3150 7.6M EA
CARS-E [21] 26.3 8.4 0.4 4.4M EA
PEPNAS (ours) 26.25 8.22 0.7 6.71M EA

F. Analysis of Performance Versus Number of Stacked Cells

Based on the search space of cells, in the search phase, we
construct the shallow neural network by stacking the normal
cells sequentially for one time. In the evaluation phase, we
build a deep neural network by stacking N normal cells
sequentially. The design idea is inspired by ResNet [11], the
same a stack of multiple ResNet blocks to build the deep
neural network. The purpose of the reduction cell is to reduce
the spatial resolution of the feature map and help the stacked
architecture extract deeper features. The output layer of the
architecture consists of a stack, including a global average
pooling layer, a dropout layer, and a fully connected layer
sequentially.

We also conduct ablation experiments on the number of
stacking normal cells. First, the optimal normal cell is obtained
by our algorithm. Next, we stack the optimal normal cell
with different times. The “Number of Stacked Normal Cells”
column in Table VI denotes the number of stacked normal
cells. As shown in Table VI, we stack the normal cells 2, 4,
6, 8, and 10 times, respectively. Then, we train the network

TABLE VI
COMPARING THE EFFECT OF NORMAL CELL STACKING TIMES OF IN
TERMS OF THE TEST ERROR RATES ON THE CIFAR10 DATASET

Number of Stacked

Normal Cells Test Error Rate (%) # Params
2 2.99 1.07M
4 2.57 2.12M
6 2.47 3.17M
8 2.38 4.23M
10 3.06 5.28M

architectures with different stacking times on the CIFARI0
training set and obtain test error rates on the CIFAR10 test set.
As can be seen from Table VI, when the normal cell is stacked
eight times, we achieve the best-error rate of 2.38%. We also
note that when the stacked normal cells are less than ten, the
accuracy also increases as the number of stacked normal cells
increases. However, stacking ten times the normal cell results
in a decrease in accuracy. We can see that when the number
of stacked normal cells exceeds ten, the more times the cell
is stacked, the larger the number of model parameters, but it
does not improve the performance or even achieve the worst
performance. Therefore, we obtain the best accuracy by setting
the number of stacked normal cells to eight.

V. CONCLUSION AND FUTURE WORK

In this article, we proposed a novel approach to automatic
CNN architecture design using a progressive evaluation strat-
egy and a subpopulation preservation strategy. The progressive
evaluation strategy aims to reduce computational costs, while
the subpopulation preservation strategy is intended to increase
population diversity and the chances of preserving potentially
good individuals during the evolution process. We provided a
detailed analysis of the effectiveness of the progressive eval-
uation strategy and the subpopulation preservation strategy.

To evaluate the performance of the proposed algorithm, we
conducted a search process on the CIFARI0 dataset, then
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transferred the searched architecture to the CIFAR100 and
ImageNet datasets. We compared the proposed algorithm with
36 SOTA algorithms. The results, which include test errors,
GPU days, and the number of parameters, demonstrate the
effectiveness of our proposed approach.

For future work, we plan to explore the development of
high-performance architectures with lower-resource consump-
tion. In addition, we will investigate how to accurately evaluate
some promising network architectures without complete train-
ing, which is similar to the NAS method based on surrogate
models. Finally, we consider introducing a surrogate model in
our future research to further improve search efficiency.
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