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Abstract

Deep neural networks (DNNs) are now widely used in numerous fields. However, man-
ually design-ing DNNs is labor-intensive and requires expert knowledge. Evolutionary
neural architecture search (ENAS) is an efficient method. Nevertheless, ENAS requires
full-epoch training for each candidate architecture to determine fitness values, leading
to high computational costs. To accelerate the search process and reduce resource con-
sumption, this paper proposes MFGENAS, an accelerated ENAS method. MFGENAS is
implemented within the NSGA-II framework and employs two key acceleration strate-
gies: multi-fidelity evaluation and a genetic decision controller. We demonstrate through
experi-mental analysis that classification-based prediction is significantly more effective
than regression-based prediction in estimating architecture performance. To reduce the
need for expensive evaluations, we introduce a genetic decision controller to evaluate the
quality of generated offspring. This process is treated as a classification task: if the con-
troller predicts that the offspring will outperform the parent, the offspring is retained. For
this purpose, we adopt a kernel extreme learning machine optimized by an improved polar
lights optimizer as the genetic decision controller. Comprehensive experiments vali-date
MFGENAS’s performance. On the CIFAR-10 dataset, MFGENAS discovers an archi-
tecture with an error rate of 2.39% using only 0.3 GPU days. In contrast, the classical
AE-CNN requires 27 GPU days to achieve an architecture with a higher error rate of
4.30%. On the CIFAR-100 dataset, MFGENAS discovers an architecture with an error
rate of 16.42% in just 0.3 GPU days, whereas E2EPP requires 8.5 GPU days to reach an
error rate of 22.02%.
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1 Introduction

Currently, deep learning technologies have
achieved significant success across various fields
and are widely applied to address numerous ma-
chine learning tasks, including classification [1, 2],
object detection [3, 4], speech recognition [5], and
natural language processing [6]. The performance
of deep learning models heavily relies on the struc-
ture and parameters of deep neural networks. Dif-
ferent deep neural networks yield varying perfor-
mance levels when handling distinct machine learn-
ing tasks. As a result, neural networks that bal-
ance high performance with low complexity are
highly sought after. Researchers have developed
many high-performing deep neural networks, such
as ResNet [7], DenseNet [8], and GoogLeNet [9],
which find extensive applications in multiple do-
mains. However, these classic neural networks
are typically designed manually by experts based
on experience, often relying on specialized knowl-
edge and requiring continuous parameter adjust-
ments to achieve optimal performance. This pro-
cess is time-consuming and challenging for ordi-
nary researchers. Such demands have sparked inter-
est in the automatic design of deep neural networks,
leading to the emergence of a popular research area
known as NAS.

The early NAS tasks were proposed by Zoph
et al. [10], utilizing reinforcement learning tech-
niques to search for suitable convolutional neural
network architectures. They later introduced the
classic NAS [10], which can discover competitive
neural network architectures with those designed
manually. However, early NAS methods employed
reinforcement learning; over the years, various op-
timization techniques have been applied to NAS, in-
cluding reinforcement learning [11], gradient opti-
mization [12], Bayesian optimization [13, 14], and
evolutionary algorithms (EA) [15, 1]. In fact, NAS
tasks can be viewed as a combinatorial optimiza-
tion problem for deep neural networks. Due to the
enormous search space, each method demonstrates
effectiveness but also has its drawbacks.

Given the complexity of NAS tasks and the vast
search space, ENAS has gained significant atten-
tion [16-18]. Inspired by biological evolution, EA
are optimization techniques well-suited for solving
complex problems. These algorithms continuously

generate and refine solutions by simulating mecha-
nisms such as natural selection, inference, and bio-
logical mutation. Typical EA includes genetic algo-
rithm and differential evolution, which generally in-
volve initializing a random solution set, evaluating
the fitness of solutions, selecting high-performing
individuals for crossover and mutation, and form-
ing a new solution set. A notable advantage of EA
is their robust global search capability, effectively
avoiding nonlinear local optima, making them par-
ticularly suitable for nonlinear and complex multi-
objective optimization problems. For example, Xu
et al. [19] employed a particle swarm optimization
(PSO) algorithm for NAS, incorporating a scale-
adaptive initialization strategy to enhance feature
extraction capabilities. The evaluation metrics in-
cluded model parameter size, floating-point opera-
tions (FLOPs), and classification accuracy, which
were jointly optimized as a multi-objective formu-
lation. Experimental results on cancer case im-
ages demonstrated that the proposed NAS method
could discover high-quality deep neural network ar-
chitectures. Wen et al. [20] employed a genetic
algorithm for NAS, with distinctive designs in the
search space, encoding scheme, and population up-
date operators. Experimental results demonstrated
that the proposed ENAS method achieved an accu-
racy of 96.35% on the CIFAR-10 dataset, while re-
quiring only 0.2 GPU days for the search process.

Although the architectures discovered by ENAS
demonstrate strong performance, the reliance of
EA on continuous population updates to identify
optimal architectures leads to significant computa-
tional resource and time expenditures for the com-
plete performance evaluation of each individual in
the population. Consequently, ENAS typically in-
curs high costs, hindering its widespread adoption
in practical applications. Several effective meth-
ods have been proposed within the ENAS frame-
work to address this issue. These methods can be
broadly categorized into two types. The first cat-
egory focuses on reducing the number of evalua-
tions required for individual architectures, as com-
plete evaluations are a primary factor contribut-
ing to the time consumption of ENAS. Key tech-
niques in this category include surrogate models
[21], early stopping [22], and population reduction
with memory [15]. The second category aims to de-
crease the computational costs associated with eval-
uating individual architectures, employing strate-
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gies such as weight inheritance [23], subset train-
ing [24], and weight sharing [25]. These strategies
utilize recorded performance information to assess
architectural performance directly. To enhance the
search speed of NAS, Ma et al. [26] introduced
a novel single-domain generalized predictor. Dur-
ing the training of the predictor, a feature extrac-
tor is first employed to learn domain-invariant fea-
tures from pre-trained architectures. Subsequently,
the architecture features are mapped to a target
space to predict its accuracy. Additionally, the
study proposes a regularization technique to opti-
mize the predictor, utilizing a multi-head attention
mechanism to improve its generalization capabil-
ity. To address the challenge in NAS where per-
formance predictors require multiple known archi-
tectures for training, Xiao et al. [17] proposed an
ENAS framework incorporating a semi-supervised
predictor. The study enhances the predictive accu-
racy of the semi-supervised predictor by employing
a one-shot extractor and a robust regressor. Using a
multi-objective optimization approach, this frame-
work achieves a balance between prediction confi-
dence and accuracy, leading to highly competitive
architectures on benchmark test datasets. Multi-
fidelity evaluation is a crucial technique to signifi-
cantly reduce computational costs while maintain-
ing the effectiveness of the search process. Tra-
ditional NAS methods often rely on fully training
each candidate architecture to convergence in or-
der to assess its performance, which is prohibitively
expensive, especially when searching over large
and complex design spaces. Multi-fidelity eval-
uation addresses this challenge by approximating
the final performance of candidate architectures us-
ing cheaper, lower-fidelity proxies during the early
stages of the search.

However, achieving high prediction accuracy
with these performance predictors remains chal-
lenging. However, using the performance predic-
tor to compare the relative quality of two individ-
ual architectures is highly effective. Simple ma-
chine learning methods can efficiently perform bi-
nary classification for this purpose. This inspired us
to avoid directly predicting the performance of indi-
vidual architectures with the performance predictor.
Instead, we employ a classifier to assess the quality
of two individuals and only perform the expensive
true evaluation for the superior individual. This ap-
proach maximizes the utilization of expensive true

evaluations, reduces the number of ineffective eval-
uations, and fully leverages the predictive capabili-
ties of the performance predictor.

Numerous studies have employed performance
predictors as a strategy to accelerate neural ar-
chitecture search (NAS), demonstrating signifi-
cant reductions in computational costs. How-
ever, most existing approaches rely on performance
predictors to directly estimate architecture perfor-
mance, a method that often suffers from limited ac-
curacy. This limitation arises from two key factors:

1. Predictor Complexity: Performance predictors
are typically implemented using simple machine
learning models to ensure fast training and infer-
ence. While efficient, these models cannot of-
ten evaluate complex neural architectures accu-
rately.

2. Encoding Complexity: Neural architecture en-
codings are high-dimensional and structurally
intricate, making it difficult for predictors to ex-
tract meaningful features for precise regression-
based modeling.

Prior research suggests that simple models tend
to perform better on classification tasks than re-
gression tasks, as classification only requires distin-
guishing between categories rather than predicting
exact values. Building on this insight, we propose
a novel strategy: instead of directly predicting per-
formance metrics, our predictor classifies whether
a newly generated offspring architecture is supe-
rior to its parent during the genetic algorithm’s off-
spring generation phase. If the offspring is predicted
to outperform its parent, it advances to further eval-
uation. This approach effectively transforms perfor-
mance prediction into a binary classification prob-
lem.

We conducted an experiment to validate our hy-
pothesis—that classification-based predictors out-
perform regression-based ones for neural architec-
ture evaluation. We trained multiple neural archi-
tectures, recorded their encoded representations and
CIFAR-10 accuracies, and tested two prediction ap-
proaches:

1. Regression Task: A kernel extreme learning ma-
chine (KELM) was trained to predict architec-
ture accuracy directly. Success was measured
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Figure 1. Comparative experiment of KELM for classification prediction and regression prediction in
neural architecture data. Compared to regression prediction, KELM has higher and more stable

classification accuracy for classification prediction.

by whether the predictor correctly ranked pairs
of architectures based on predicted accuracies.

2. Classification Task: Paired architecture encod-
ings were concatenated and labeled ”1” if the
first architecture was more accurate, other-
wise ”0”. The same KELM was then trained for
binary classification.

After 200 independent trials, the results (Figure
1) clearly demonstrate the superiority of classifica-
tion:

– Yellow points (regression-based predic-
tion) show lower and less stable accuracy.

– Blue points (classification-based prediction) ex-
hibit higher and more consistent accuracy, con-
firming its effectiveness in guiding architecture
search.

These findings support our strategy of replacing
regression with classification in performance pre-
diction, significantly improving NAS efficiency.

This paper introduces a method to accel-
erate Evolutionary Neural Architecture Search
(ENAS) through a combination of multi-fidelity
evaluation and a genetic decision controller, aimed
at reducing computational costs while maintaining
high search accuracy. The multi-fidelity evaluation

component focuses on reassessing individuals dis-
carded by the evolutionary algorithm (EA). Many
of these discarded individuals exhibit latent poten-
tial, and we propose reevaluating their promise us-
ing carefully designed surrogate metrics.

The primary contributions of this work are as
follows:

1. We propose a genetic decision controller to ac-
celerate ENAS. This controller evaluates the
quality of offspring architectures generated dur-
ing the search process. If an offspring is pre-
dicted to outperform its parent, it is subjected
to a full, computationally expensive evalua-
tion. This selective evaluation strategy signif-
icantly reduces the computational overhead of
ENAS.

2. Building on multi-fidelity evaluation and the
genetic decision controller, we present MFGE-
NAS, a novel ENAS framework. Within MFGE-
NAS, we define the search space, initialization
method, and individual encoding scheme. The
framework is implemented under the NSGA-
II optimization framework, with dual objectives
of minimizing prediction error and architectural
complexity. By integrating tailored mutation op-
erations, multi-fidelity evaluation, and the ge-
netic decision controller, MFGENAS efficiently
discovers high-performing neural architectures
with minimal computational resources.
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3. We employ a kernel extreme learning machine
(KELM) to optimize the genetic decision con-
troller’s performance, with its hyperparameters
tuned by a crisscross strategy-enhanced polar
lights optimizer (PLO). The PLO is a recently
proposed swarm intelligence algorithm, and we
enhance its exploration capabilities through the
crisscross strategy, enabling more effective opti-
mization of the KELM’s kernel parameters.

4. We conduct extensive experiments to validate
MFGENAS’s efficacy. Our evaluations include:

– Benchmark comparisons against state-of-
the-art methods on CIFAR-10 and CIFAR-
100, where MFGENAS achieves a test error
of just 2.39% on CIFAR-10 with only 0.3
GPU days.

– Scalability tests on ImageNet, demonstrating
broader applicability.

– isualization of the MFGENAS search pro-
cess and ablation studies on the genetic de-
cision controller, confirming its critical role
in efficiency gains.

The remainder of this paper is organized as follows:

– Section 2 reviews related work, including evolu-
tionary neural architecture search and NAS ac-
celeration techniques.

– Section 3 details the proposed MFGENAS
methodology.

– Section 4 presents experimental results and anal-
ysis.

– Section 5 concludes the paper and discusses fu-
ture directions.

2 Related Work

We will introduce essential background infor-
mation on NAS in this section, and then discuss
various research efforts that aim to lower the search
costs associated with NAS.

2.1 Neural Architecture Search

NAS can be regarded as an optimization task
aimed at identifying the optimal network architec-
ture within a predefined search space. It can be de-
fined as a single-objective optimization problem.

min
x

F(x) = 1− fvalacc(x,D) (1)

Let Let D = (Dtrain,Dval,Dtest) represent the
dataset, and x denote the optimal architecture found
within the search space. The function fvalacc(x,D)
indicates the validation accuracy achieved by archi-
tecture x after being fully trained on Dtrain and eval-
uated on Dval .

While early NAS approaches focused solely on
the performance of architectures, practical appli-
cations also necessitate consideration of training
speed and architectural complexity. Consequently,
smaller neural networks tend to be favored in real-
world scenarios. As a result, researchers have refor-
mulated NAS as a dual-objective optimization prob-
lem.

min
x

F(x) =

{
f1(x) = 1− fvalacc(x,D),

f2(x) = fcomplexity(x),
(2)

In Eq. (2), f1(x) represents the validation ac-
curacy of architecture x after thorough training on
Dtrain and evaluation on Dval. Meanwhile, f2(x) in-
dicates the complexity of the searched architecture
x. Model complexity can be quantified in several
ways, typically through metrics such as floating-
point operations, estimated runtime, and the num-
ber of parameters. In this study, the number of pa-
rameters is used as a direct measure of architectural
complexity.

To address this multi-objective optimization
problem, researchers have explored various meth-
ods, including reinforcement learning (RL) [11],
gradient optimization [12], Bayesian optimization
[13, 14], and EA [15, 1].

RL [27] is a machine learning paradigm that en-
ables an agent to learn an optimal policy through in-
teractions with its environment to maximize cumu-
lative rewards. Unlike supervised learning, which
relies on labeled data, RL learns behavioral strate-
gies based on a trial-and-error mechanism, making
it well-suited for sequential decision-making tasks.
RL primarily consists of an agent and an environ-
ment. During optimization, the agent continuously
interacts with the environment and receives feed-
back. Upon perceiving certain states from the en-
vironment, the agent selects specific actions-also
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called decisions-based on certain algorithms. These
actions are executed within the environment, return-
ing the next state and a corresponding reward to the
agent. This reward guides the agent to adjust so that
its subsequent actions better align with the desired
objective. The agent does not have prior knowl-
edge of the optimal action at each step; instead,
it must progressively identify which actions yield
higher returns through ongoing interaction with the
environment. Essentially, the agent’s acquisition of
decision-making ability is a continuous trial-and-
error exploration process. Baker et al. [28] em-
ployed Q-learning-based RL in NAS. The action
space includes operations such as adding layers
and completing the construction of an architecture.
Early-stage architectures are treated as states, and
trajectories sampled from this space correspond to
subsequent models that are trained to evaluate their
validation accuracy. The Q-function is updated
using experience replay. The study adopts an ε-
greedy strategy to balance exploration and exploita-
tion, where random trajectories are selected with a
probability of 0.5. By selecting trajectories that in-
volve multiple decision steps, the algorithm even-
tually reaches terminal states, at which point the
corresponding models are trained, and the action-
value function is updated accordingly. Negrinho
et al. [29] addressed this problem using a Monte
Carlo Tree Search. By adopting a tree-structured
state-action space that supports incremental explo-
ration and expansion, they utilized the upper con-
fidence bound applied to the trees algorithm [30]
to guide exploration based on the principle of op-
timism in the face of uncertainty. Lyu et al. [31]
proposed a multi-objective RL-based NAS method
that simultaneously balances accuracy, number of
parameters, FLOPs, and inference latency. Com-
bining two-stage training with pre-computation and
memory-resident feature maps effectively reduces
time consumption, enabling approximately 1,000
search iterations to be completed within two GPU
days. To accelerate the convergence of lightweight
candidate architectures, knowledge distillation was
incorporated during the training phase of the search
process. This also provides a more informative and
stable reward signal for the RL agent, facilitating
effective convergence.

Gradient-based NAS is an approach that iter-
atively constructs the upper or lower bounds of a
function by following the direction of steepest de-

scent or ascent. In 2018, researchers from Carnegie
Mellon University proposed the first gradient-based
NAS algorithm—DARTS. This method relaxes the
discrete set of candidate operations into a contin-
uous domain, using a softmax function to assign
weights to all possible operations, thereby enabling
a differentiable operation selection mechanism. Ul-
timately, the operation with the highest weight is
used to construct the final neural network archi-
tecture. DARTS models the connections between
nodes as a weighted sum of mixed operations and
updates the operation weights through gradient de-
scent during the search process. Compared to RL
or evolutionary methods, DARTS significantly im-
proves search efficiency, allowing the entire search
to be completed on a single GPU and significantly
reducing computational costs. Numerous gradient-
based NAS methods have since been proposed. For
example, SNAS [32] introduced a factorized dis-
tribution to represent operation selection, enabling
training by activating only a single path within the
supernet, thereby avoiding storing all paths in mem-
ory. Similarly, ProxylessNAS [33] adopted a pa-
rameterized distribution over operations and em-
ployed a gating mechanism for optimization, where
each gate selects a path based on learned probabil-
ity distributions. Xu et al. [34] proposed a partial
channel connection method that randomly samples
a subset of channels instead of sending all chan-
nels through the operation selection, thus reducing
memory consumption. Sukthanker et al. [35] in-
troduced a strategy to adapt gradient-based meth-
ods for weighted entangled spaces. Xie et al. [36]
effectively addressed gradient estimation through
integrated zeroth-order approximations, employing
the sparsemax function and simulated annealing
to achieve a clearer and more interpretable archi-
tecture distribution search. They also proposed a
variable sized search scheme to generate compact
yet accurate architectures, thereby establishing a
new balance between model complexity and per-
formance. One notable issue during supernet train-
ing is multi-model forgetting, where those of newly
sampled architectures overwrite weights learned by
previously trained architectures due to structural
overlaps between them.

EA is an effective NAS strategy which searches
for the optimal individuals through population up-
dates, thereby alleviating the impact of gradient in-
formation and architectural complexity. These al-
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error exploration process. Baker et al. [28] em-
ployed Q-learning-based RL in NAS. The action
space includes operations such as adding layers
and completing the construction of an architecture.
Early-stage architectures are treated as states, and
trajectories sampled from this space correspond to
subsequent models that are trained to evaluate their
validation accuracy. The Q-function is updated
using experience replay. The study adopts an ε-
greedy strategy to balance exploration and exploita-
tion, where random trajectories are selected with a
probability of 0.5. By selecting trajectories that in-
volve multiple decision steps, the algorithm even-
tually reaches terminal states, at which point the
corresponding models are trained, and the action-
value function is updated accordingly. Negrinho
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process. This also provides a more informative and
stable reward signal for the RL agent, facilitating
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Gradient-based NAS is an approach that iter-
atively constructs the upper or lower bounds of a
function by following the direction of steepest de-

scent or ascent. In 2018, researchers from Carnegie
Mellon University proposed the first gradient-based
NAS algorithm—DARTS. This method relaxes the
discrete set of candidate operations into a contin-
uous domain, using a softmax function to assign
weights to all possible operations, thereby enabling
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timately, the operation with the highest weight is
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tecture. DARTS models the connections between
nodes as a weighted sum of mixed operations and
updates the operation weights through gradient de-
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proves search efficiency, allowing the entire search
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ployed a gating mechanism for optimization, where
each gate selects a path based on learned probabil-
ity distributions. Xu et al. [34] proposed a partial
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nels through the operation selection, thus reducing
memory consumption. Sukthanker et al. [35] in-
troduced a strategy to adapt gradient-based meth-
ods for weighted entangled spaces. Xie et al. [36]
effectively addressed gradient estimation through
integrated zeroth-order approximations, employing
the sparsemax function and simulated annealing
to achieve a clearer and more interpretable archi-
tecture distribution search. They also proposed a
variable sized search scheme to generate compact
yet accurate architectures, thereby establishing a
new balance between model complexity and per-
formance. One notable issue during supernet train-
ing is multi-model forgetting, where those of newly
sampled architectures overwrite weights learned by
previously trained architectures due to structural
overlaps between them.

EA is an effective NAS strategy which searches
for the optimal individuals through population up-
dates, thereby alleviating the impact of gradient in-
formation and architectural complexity. These al-

AN EVOLUTIONARY NEURAL ARCHITECTURE SEARCH METHOD . . .

Figure 2. The framework of ENAS.

gorithms mimic the processes of biological evolu-
tion by employing mechanisms such as crossover,
selection, and mutation to refine a population of
candidate solutions iteratively. The process be-
gins with an initial set of solutions, each evalu-
ated against a predefined fitness function. The most
promising solutions are then selected to produce
offspring through genetic operations, enabling the
creation of new generations. This cycle contin-
ues until a designated stopping criterion is reached,
such as a set number of iterations or the discovery
of an optimal solution. Unlike gradient-based or RL
methods, EA do not require the search space to be
differentiable, making them particularly suitable for
exploring complex and discrete architectural con-
figurations. In ENAS, each individual in the pop-
ulation encodes a candidate neural network archi-
tecture, and the optimization process mimics bio-
logical evolution through iterative application of se-
lection, mutation, crossover, and replacement. Ini-
tially, a diverse population of architectures is ran-
domly generated. Each architecture is partially or
fully trained and evaluated on a validation set to
obtain a fitness score, typically based on metrics
such as accuracy, parameter count, FLOPs or in-
ference latency. High-performing architectures are
more likely to be selected for reproduction. Muta-
tion introduces small stochastic modifications to the
architectural representation, while crossover com-
bines features from two parent architectures to cre-
ate new offspring. This iterative evolutionary cycle
enables the population to converge toward architec-
tures with superior performance progressively. Im-

portantly, EA allow explicit encoding of neural ar-
chitectures, often in the form of fixed-length strings,
graphs, or trees, which define both the structural
topology and associated hyperparameters of the
networks. This flexibility and adaptability make
evolutionary algorithms compelling for efficiently
navigating large and highly irregular NAS search
spaces. Figure 2 shows the optimization flowchart
for architecture search using EA, where the evalua-
tion of individual fitness values is trained and vali-
dated on the dataset using complete epochs. In Fig-
ure 2, the optimization workflow for architecture
search by EA is presented, highlighting that the as-
sessment of individual fitness values involves train-
ing and validating on the dataset over full epochs.

2.2 Related Work

Numerous approaches have been developed to
reduce the computational cost of NAS, which can
generally be categorized into two main types: Re-
duce the frequency of expensive evaluations and ac-
celerate the speed of expensive evaluations. Table
1 summarizes the acceleration methods and related
literature for NAS.

1. Surrogate model: The introduction of proxy
models in NAS significantly accelerates the
architecture evaluation process. By leverag-
ing performance data from existing architec-
tures, these models can swiftly predict the per-
formance of new designs. Common methods
for constructing proxy models include Gaus-
sian processes, random forests, and neural net-
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Table 1. Methods to reduce NAS evaluation costs.

Acceleration type Acceleration method Literature

Reduce the frequency of expensive evaluations
Surrogate models [26, 17, 25]
Evaluation-free metrics [37, 21, 1, 18]
Population reduction and memory [38, 15, 39]

Accelerate the speed of expensive evaluations

Early stopping [40, 41, 42]
Multi-fidelity [22, 39, 43, 44]
Subset training [24, 45, 46]
Weight inheritance and sharing [23, 12, 47, 48, 49]

works. Proxy models not only reduce the time
and computational resources required for eval-
uation but also effectively balance exploration
and exploitation, optimizing the overall search
process. Once the optimal architecture is identi-
fied, it typically undergoes complete training to
ensure its performance in practical applications.
Ma et al. [26] introduced a novel single-domain
generalized predictor. During the training of the
predictor, a feature extractor is first employed to
learn domain-invariant features from pre-trained
architectures. Subsequently, the features of the
architecture are mapped to a target space to pre-
dict its accuracy. Additionally, the study pro-
poses a regularization technique to optimize the
predictor, utilizing a multi-head attention mech-
anism to improve its generalization capability.
Xiao et al. [17] proposed an ENAS framework
incorporating a semi-supervised predictor. The
study enhances the predictive accuracy of the
semi-supervised predictor by employing a one-
shot extractor and a robust regressor. Wang et
al. [25] introduced a search-free NAS method
called PreNAS. This approach reduces the sam-
ple size using a zero-cost selector and enhances
search speed through weight sharing. However,
this method generally requires pre-training of
performance predictors, which consumes a sig-
nificant number of resources. Our research uses
a genetic decision controller to predict the per-
formance of the generated offspring, which can
essentially be seen as a surrogate model. The
difference from these traditional performance
predictors is that our surrogate model mainly
performs classification prediction tasks to distin-
guish the performance of offspring and parents,
which will be more efficient than regression pre-
diction tasks.

2. Evaluation-free metrics: To address the chal-
lenges posed by small and diverse lesion fea-
tures in medical images, Wang et al. [37] pro-
posed a training-free multi-scale NAS called
MSTF-NAS, which operates on high-resolution
medical images. MSTF-NAS employs a newly
designed reduced search space that enables the
identification of multi-scale features during the
search process. During training, training-free
metrics are utilized as proxy performance in-
dicators. Lopes et al. [21] proposed a GEN
method to guide the search process in NAS.
The genetic evolution algorithm employs a zero-
proxy estimator during the initialization phase
of architecture search to evaluate the perfor-
mance of individual architectures, thereby di-
recting the evolutionary process. Following this
guidance, high-scoring individuals are trained
for performance and passed on to the next gener-
ation. The MOENAS method proposed by Lu-
ong et al. [1] utilizes NSGA-II to explore the
search space and incorporates multiple training-
free performance metrics as optimization objec-
tives. This approach is regarded as a proxy eval-
uation method, as it replaces the performance as-
sessment of individual architectures with these
new training-free metrics. Phan et al. [] pro-
posed a local search method known as potential
solution improvement. By utilizing training-free
metrics and improving potential solutions, the
study explores architectures that balance perfor-
mance and complexity within the search space.
Experimental results demonstrate that compared
to baseline methods, the computational cost can
be reduced by a factor of four, while still en-
abling the exploration of certain potential solu-
tions near the Pareto front. Evaluation free met-
rics are a good method for accelerating evalua-
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tion. However, the selection and setting of eval-
uation indicators is a complex problem. The
difference between evaluation-free metrics and
our study is that the metrics used to evaluate
the architecture’s performance do not need to
be trained. However, the genetic decision con-
troller proposed in our study also does not re-
quire much training data. Evaluation-free met-
rics usually use information such as activation
functions in neural networks to judge the archi-
tecture’s performance, and the accuracy of such
predictions is not very high.

3. Population reduction and memory: Population
reduction accelerates the search process by ef-
fectively decreasing the number of architectures
that need to be evaluated, thereby reducing com-
putational overhead. This is achieved by es-
tablishing appropriate selection criteria to iden-
tify high-performing and diverse architectures
for further evaluation. Concurrently, the popu-
lation memory mechanism retains the character-
istics of historically well-performing architec-
tures, helping to avoid the redundant assessment
of inefficient designs. This memory capability
not only speeds up the search process but also
facilitates the effective exploration of new archi-
tectures, enhancing both the comprehensiveness
and depth of the search. Fan et al. [38] cate-
gorized the optimization process of the ENAS
method into different stages with varying popu-
lation sizes. They utilized larger populations to
enhance the global search capability while em-
ploying smaller populations to reduce the num-
ber of individual architectures evaluated within
the population. The CMANAS method pro-
posed by Sinha et al. [15] incorporates a covari-
ance matrix adaptation evolution strategy into
the NAS search process, achieving improved
search results. In this study, rather than re-
training each individual architecture, a one-shot
model is used to validate accuracy. An adap-
tation table is maintained to record the fitness
values of evaluated individuals, allowing for di-
rect retrieval of fitness values when the same ar-
chitecture is encountered again. The problem
with population reduction and memory is that it
reduces the accuracy of architecture evaluation.
When the population diversity is high, the effec-
tiveness of this method will weaken. Population

reduction and memory are difficult to perform
well when the population is diverse. However,
the genetic decision controller proposed in our
study can work well for populations of different
diversities.

4. Early stopping: Introducing early stopping
mechanisms has significantly enhanced search
efficiency. This approach establishes specific
criteria for early stopping, such as monitoring
loss or accuracy on the validation set, to de-
termine when to halt the training of underper-
forming architectures dynamically. Specifically,
after each training epoch, the model’s valida-
tion performance is assessed, and if no signif-
icant improvement is observed over a predeter-
mined number of epochs, the training of that ar-
chitecture is promptly terminated. This method
not only reduces the waste of computational re-
sources but also accelerates the identification of
potentially high-performing architectures. Sug-
anuma et al. [40] updated the reference curve
based on the best individual from each iteration
and designed an early stopping strategy using
this reference curve to accelerate ENAS. Early
stopping can lead to a decrease in evaluation ac-
curacy, and when to stop is a challenge. The
early stopping strategy can be regarded as a low-
fidelity evaluation strategy. In our study, we also
use some custom indicators as a multi-fidelity
evaluation method to evaluate the neural archi-
tecture.

5. Multi-fidelity: Multi-fidelity evaluation usually
uses multiple indicators to evaluate architec-
ture performance. These indicators have dif-
ferent fidelity, and better performance evalu-
ation results can be achieved through effec-
tive combination. Liu et al. [22] reduce the
time consumption during architecture evaluation
through multi-fidelity training. The study em-
ploys low-fidelity assessments as the primary
objective while utilizing high-fidelity evalua-
tions to train the performance predictor of the
proxy model. By combining parameter shar-
ing, performance prediction, and low-fidelity
evaluations, the search space is explored effec-
tively. Since low-fidelity assessments require
fewer evaluations, they can also be considered
a form of early stopping mechanism. How-
ever, while early stopping strategies can expe-
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dite ENAS, they may lead to inaccuracies in
evaluation, particularly when dealing with more
complex architectures, making it challenging for
early-stopping-based ENAS to achieve optimal
results [39]. Trofimov et al. [43] introduced
a Bayesian multi-fidelity approach to enhance
the search speed of NAS. In this study, knowl-
edge distillation is employed for training over
several epochs, allowing individual architectures
to learn from the performance of a teacher net-
work, thereby reducing training time. Sun et al.
[44] proposed a multi-fidelity evaluation NAS
method called ES-CRNA-ME. This approach
utilizes weight sharing techniques to search for
robust architectures, incorporating semantic ad-
versarial attacks, various norm-based attacks,
and composite adversarial attacks. Additionally,
ES-CRNA-ME employs a multi-fidelity online
surrogate model to further reduce search costs.

6. Subset training: The application of subset train-
ing strategies significantly accelerates the speed
and efficiency of architecture evaluation. This
approach involves preliminary training on a
smaller data subset to assess the potential per-
formance of architectures quickly. By effec-
tively reducing the training time for each archi-
tecture, this method enables faster identification
of high-performing architectures within limited
computational resources. Gao et al. [24] intro-
duced an innovative heterogeneous graph NAS
method called HGNAS, designed to automati-
cally search graph neural networks. HGNAS
trains an RNN controller using a generative ad-
versarial learning framework to enhance search
speed and incorporates a pairwise ranker into
the RL process as a search strategy. During the
search, only a small subset of architectures is
evaluated using the pairwise ranker, which ac-
celerates the overall search process. Liu et al.
[45] enhance search speed by loading subnet-
works into a pre-trained super-net and employ-
ing federated learning to parallelize the search
for optimal network architectures. Wang et
al. [46] introduced a parallel differential NAS
method called FP-DARTS. This approach uti-
lizes a super-net to accelerate the search pro-
cess and is designed from three levels. First,
the search space is divided into two subsets,
each containing four operations, and two sub-

networks are used to search within each subset,
constructing a parallel super-net. Second, a lim-
ited connection strategy is employed at the chan-
nel level, avoiding connections for all channels.
Finally, a parameter is used to control whether
a subnetwork participates in the super-net train-
ing. Subset training does not guarantee the ac-
curacy of training, and choosing a dataset is a
critical issue.

7. Weight inheritance and weight sharing: Weight
inheritance allows new architectures to borrow
weights from previously trained models during
the training process, thereby accelerating con-
vergence and reducing computational resource
consumption. This approach not only speeds
up the training of new architectures but also
allows for the inheritance of performance ad-
vantages from the prior models. Concurrently,
the weight sharing strategy enables multiple ar-
chitectures to share the same parameters within
a single model, further lowering computational
costs. This sharing mechanism enhances the ef-
ficiency of performance evaluation across dif-
ferent architectures, as multiple trainings can
occur in parallel, avoiding redundant calcula-
tions. By combining weight inheritance and
sharing, NAS can explore high-performance net-
work architectures in a shorter timeframe, effec-
tively improving both the efficiency and qual-
ity of model design. Wang et al. [23] in-
troduced a collaborative multi-task ENAS ap-
proach for image classification in remote sens-
ing scenes. This method leverages the simi-
larities among tasks in different image datasets
to facilitate transfer learning. Experimental re-
sults validate the effectiveness of the proposed
adaptive collaborative transfer approach. To ad-
dress non-differentiable tasks such as resource
constraints, energy efficiency, and other non-
differentiable metrics. Lyu et al. [12] proposed
a differentiable NAS approach. This method in-
corporates non-differentiable evaluation metrics
and eliminates the need for training a sampling
controller. To enhance the robustness of NAS ar-
chitecture searches. Chen et al. [47] constructed
a NAS framework using multiple teacher-guided
approaches. The study employs adaptive ensem-
ble methods and disturbance-aware knowledge
distillation algorithms. Zhang et al. [48] intro-
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duced NASRec to search for neural architectures
applicable to recommendation systems. Be-
fore the search begins, a large super-net is con-
structed to serve as the search space, and during
the subsequent search, individual architectures
inherit the weights and performance evaluations
from the super-net. Wang et al. [25] introduced
a search-free NAS method called PreNAS. This
approach reduces the sample size using a zero-
cost selector and enhances search speed through
weight sharing. Peng et al. [49] proposed a one-
shot architecture search framework called RSB-
Net, which is based on EA and weight sharing
strategies. This method first trains a super-net
within a hierarchical search space and then con-
ducts a search for neural architectures suitable
for remote sensing image classification using a
zero-training approach. Weight inheritance and
weight sharing have a limited role when diver-
sity within populations is well established. Our
proposed NAS method can perform well when
the population diversity is high.

3 The Proposed Approach

In this section, we will introduce the proposed
ENAS method, MFGENAS, which utilizes multi-
fidelity evaluation based on genetic decision con-
troller. In particular, this section will detail the
overall structure of MFGENAS, the encoding meth-
ods designed, the crossover and mutation tech-
niques, and the introduced multi-fidelity evaluation
approach based on genetic decision controller.

3.1 Overall Framework of MFGENAS

In this section, we will describe the overall
framework of the proposed MFGENAS. To con-
currently optimize the accuracy and complexity of
the networks, we utilize NSGA-II as the optimizer.
To expedite the search process, we train the accu-
racy of individual architectures using varying epoch
training as multiple fidelity evaluation indicators.
Additionally, we apply an enhanced swarm intel-
ligence algorithm, CPLO, to optimize the hyperpa-
rameters of the KELM, which acts as the genetic
decision controller in the multi-fidelity evaluation.
Figure 3 depicts the flowchart of MFGENAS, which
is mainly divided into population initialization, ar-
chitecture evaluation, selection, crossover and mu-

tation through genetic operators, and multi-fidelity
evaluation based on a genetic decision controller.

Initially, we create a population through the ini-
tialization process. During this stage, we mod-
ify the encoding of individuals so that some gen-
erated architectures resemble ResNet or Inception
networks. We then evaluate the fitness values of the
initialized population. This evaluation method con-
sists of training and validating these individuals on
the dataset for 1 epoch to obtain validation accu-
racy, using images such as CIFAR-10 as the dataset
for the experiments.

Next, we utilize a binary selection method to
choose certain individuals from the population for
the subsequent crossover and mutation operations.
We generate a descendant population from two par-
ent individuals through the designed crossover and
mutation operator.

We use CPLO optimized KELM as a genetic
decision controller to determine whether the gen-
erated offspring are effective. KELM will deter-
mine whether the generated offspring are superior
to the parent. If the offspring are superior to the
parent, proceed to the next step; otherwise, regen-
erate the offspring. The resulting population under-
goes training and validation on the dataset to ob-
tain validation accuracy, with the training epochs
adaptively updated according to the search itera-
tion count, beginning with 1 epoch and reaching
a maximum epoch equal to the predefined maxi-
mum fidelity value. Lastly, the multi-fidelity eval-
uation method is used to select the best individ-
uals from the combined population of parent and
descendant individuals. Importantly, this method
identifies overlooked superior individuals among
those eliminated by NSGA-II, thus preventing re-
source wastage during evaluations.

Algorithm 1 outlines the detailed steps of MF-
GENAS. The MFGENAS is designed to efficiently
explore and optimize neural network architectures
through a multi-fidelity approach and a genetic de-
cision controller. The algorithm begins by initial-
izing a population X based on a specified range of
node counts Rnode and a defined population size N.
E is a repository that stores the individual architec-
ture information used to store potentially promising
individuals selected by NSGA-II. S represents the
number of epochs in each iteration.
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Figure 3. The main process of MFGENAS. (Mainly divided into initialization, fitness value evaluation
selection, crossover mutation, genetic decision controller, and multi fidelity evaluation selection.
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Each individual in the initial population X is
trained for S epochs to compute their fitness val-
ues. The algorithm’s core consists of a loop that
iterates from 1 to the maximum number of evalua-
tions MaxFes. In each iteration, N/2 parent indi-
viduals are selected from the current population x
to form a subset denoted as X ′. Genetic manipu-
lation techniques are then applied to X ′ to produce
offspring X ′′.

When generating offspring, each offspring gen-
erated by the parent is judged by a genetic deci-
sion controller to determine its validity. If the ge-
netic decision controller determines that the gener-
ated offspring is inferior to the corresponding par-
ent, the offspring will be regenerated. If the ge-
netic decision controller determines that the gen-
erated offspring are inferior to the corresponding
parent offspring, the generated offspring will be re-
tained. This process lasts ten times. Following this,
individuals in X ′′ are trained for S epochs to obtain
their fitness scores.

The selection process for the next generation
implements a multi-fidelity evaluation strategy to

update the populations X , E, and S based on the
evaluated fitness. This process continues until the
termination criteria are met, ultimately returning
the optimized population X , which encompasses
the most promising neural architectures identified
throughout the search process.

3.2 Encoding Schemes and Genetic Oper-
ations

In this section, we will discuss the search space
and encoding methods used in MFGENAS. The
search space is based on a cell architecture. An in-
dividual network comprises multiple cells, which
include convolution cells (referred to as CC) and
pooling cells (referred to as PC).

Each cell can be viewed as a mapping from a
tensor of dimensions H ×W ×F to a tensor of di-
mensions H ′ ×W ′ ×F ′. Convolution cells maintain
the original size of the input tensor during mapping,
whereas pooling cells have mappings defined as
H ′ = 1

2 H, W ′ = 1
2W , and F ′ = 1

2 F . Figure 4 shows
examples of both CC and PC, where the CC consists
of 10 nodes and the PC consists of 6 nodes. Each
cell contains two input nodes, one output node, and
one connection node, with the input nodes receiv-
ing outputs from the parent cell and the grandparent
cell, respectively.

We employ a strategy for each node that in-
volves summing the inputs before performing op-
erations. The choices of operations are documented
in Table 2, which consists of four convolution oper-
ations and six pooling operations.

In MFGENAS, an individual architecture in-
cludes two cell types: CC and PC. Fig. 4 provides
an example of how an individual architecture is en-
coded. Specifically, an individual architecture can
be formulated as shown in Eq. (3).

{
CC = (n0,n1, . . . ,nk, . . . ,nN−1), k = 0,1, . . . ,N −1

PC = (p0, p1, . . . , pm, . . . , pR−1), m = 0,1, . . . ,R−1
(3)

In this context, nk denotes the k−th node within
the convolution cell, and pm signifies the m-th node
within the pooling cell. N represents the total
number of nodes in the convolution cell, while R
refers to the total number of nodes in the pool-
ing cell. Both nk and pm are represented as sub-
vectors, which include link operations for the pre-

Algorithm 1. Main processes of MFGENAS 
Input: MaxFes : Maximum number of 
searches; NF : Fidelity N : Population size; 
Rnode: Initialize a range of node counts; 
Output: X: Population; 

1. X, E, S←Initialize populations based on Rnode
and N;

2. The individuals in X  are trained for S  epochs
to obtain their fitness values;

3. For Fes = 1 to MaxFes:
4. X′ ←Select N/2 parent individuals in X;
5. For x′ in X′:
6. x′′ ←Offspring are generated based on x′;
7. Timer = 0
8. While whether x′′  is inferior to x′

determine by genetic decision controller and
Timer < 10:

9. x′′ ←Offspring are generated based on x′;
10. Timer←Timer+1;
11. End while
12. X′′←x′′;
13. End For
14. The individuals in X′′  are trained for S

epochs to obtain their fitness values;
15. X, E, S←Selection is performed using multi-

fidelity evaluation; % Algorithm 2
16. End For

Return X
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Figure 4. An individual architecture can be illustrated as individual = (CC, PC).

Figure 5. Four types of genetic operations.
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Figure 4. An individual architecture can be illustrated as individual = (CC, PC).

Figure 5. Four types of genetic operations.
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ceding node as well as for the input. Specifically,
we can consider nk as an example.

nk = (L,OP) = (l̂0, l̂1, l0, l1, . . . , li, . . . , lk−1,OP),

l̂0, l̂1 ∈ (0,1),

i = 0,1, . . . ,k−1,

li ∈ (0,1), OP ∈ {0,1, . . . ,10}
(4)

In this case, L = (l̂0, l̂1, l0, l1, . . . , li, . . . , lk−1)
represents the link vector associated with node nk,
where l̂0, l̂1 indicate whether there are links to the
first and second input cells, respectively. li indicates
whether there is a link to the i-th node, while OP

denotes the operation type selected for the node, as
detailed in Table 2.

To provide clarity on the encoding method for
individual architectures, we focus on node 2 from
the CC in Figure 4. The encoding for node 2 is
[1,1,1,0,1], which shows that node 2 is connected to
the first input, connected to the second input, linked
to node 0, not linked to node 1, and has an operation
type of 1, representing a convolution with a kernel
size of 1×1.

Table 2. Search space.

Operation Number
Identity mapping 0
Convolution with kernel size 1×1 1
Convolution with kernel size 3×3 2
Convolution with kernel size 1×3 3
Convolution with kernel size 1×7 4
Max pooling with kernel size 2×2 5
Max pooling with kernel size 3×3 6
Max pooling with kernel size 5×5 7
Average pooling with kernel size 2×2 8
Average pooling with kernel size 3×3 9
Average pooling with kernel size 5×5 10

We have designed crossover and mutation
methods tailored to the proposed encoding scheme
as genetic operations to achieve our optimization
objectives. As illustrated in Figure 5, we have iden-
tified four types of genetic operations: inter-cell
crossover, intra-cell crossover, single-point muta-
tion, and adding an extra node. In the case of inter-
cell crossover, CCs or PCs from two parent indi-
viduals are randomly exchanged to create new off-

spring. For intra-cell crossover, a random position
is chosen within the two cells to swap nodes from
each parent. If the selected position exceeds the
length of one of the cells, the excess nodes are ap-
pended to the shorter cell. In single-point muta-
tion, a random node undergoes mutation, altering
only the operation type, randomly selected from the
search space. Finally, for adding an extra node, a
random node is added to the end of either the CC or
PC, resulting in a new individual.

3.3 Multi-Fidelity Evaluation

In this section, we discuss the proposed multi-
fidelity evaluation approach. We substantially cut
down the evaluation time by minimizing the num-
ber of epochs required for evaluations, thus accel-
erating the search process. Furthermore, since in-
dividual evaluations can be time-intensive, valuing
the results more carefully is important. Normally,
individuals eliminated by NSGA-II are simply dis-
carded, which is an inefficient use of evaluation
resources. Consequently, our multi-fidelity eval-
uation primarily concerns those individuals elim-
inated by NSGA-II. Among these discarded indi-
viduals, many possess promising potential, and we
seek to reassess their worth through several spe-
cially designed non-evaluative metrics.

To effectively monitor individual statuses and
select non-evaluative metrics, we have developed
three markers: SSC, MSC, and MEC. Specifically,
SSC denotes the count of surviving according to
one evaluation, MSC denotes the count of surviv-
ing according to multi-fidelity evaluation, and MEC
denotes the count of being eliminated according to
multi-fidelity evaluation.

Algorithm 2 presents the specific process for the
multi-fidelity evaluation method. The algorithm’s
inputs consist of the population X , the offspring X ′′,
and a repository E designated for promising indi-
viduals. Additionally, it requires the current itera-
tion count, maximum iteration count, fidelity NF ,
and the current epoch S. NSGA-II is then used to
select N individuals from both the population X and
the offspring X ′′. The selected optimal individuals
are marked as XS, while those that are eliminated
are referred to as XE . The multi-fidelity evaluation
is subsequently applied to identify potential can-
didates within XE . As a result, the SSC variable
for individuals in XS is increased by 1, while the
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MEC variable for individuals in XE is also incre-
mented by 1.

Then we rank individuals in E +XE using the
three designed non-evaluative metrics. The three
non-evaluative metrics are derived from SSC, MSC,
and MEC. Initially, individuals are selected based
on MSC · MEC, which aims to keep individuals
that regularly survive through multi-fidelity evalu-
ations. Following this, the second selection crite-
rion employs −(MSC +MEC), favoring individu-
als with limited experience in varied fidelity eval-
uations. Lastly, individuals are selected based on
SSC, which favors those who often survive based on
a singular evaluation. After these evaluations utiliz-
ing non-evaluative methods, individuals are ranked
to create T , and the top half are moved to the repos-
itory E.

To utilize multi-fidelity for training individ-
ual architectures, we periodically adjust the epoch
count S. The frequency of these updates is gov-
erned by MaxFes and NF . The specified multi-
fidelity NF determines how many epoch types will
be utilized in the search process. Thus, if an up-
date is warranted during the current iteration, we
increment S by 1. As S is updated, we proceed to
train individuals in XS + E for S epochs to derive
their fitness values. We then select individuals from
XS+E using NSGA-II. At this stage, the metrics for
the individuals have altered; individuals in X will
have their MSC increased by 1 and SSC reset to
0, while individuals in E that have MEC=0 will see
their MSC incremented by 1 and their MEC also in-
creased by 1. If the current iteration count does not
necessitate an update to S, we will simply integrate
XS into X .

If Fes reaches the maximum iteration threshold
MaxFes, we will then conduct a full epoch of train-
ing for the individuals in XS +E to ascertain their
fitness values. Following this, we will select indi-
viduals from XS +E by NSGA-II.

3.4 Genetic Decision Controller

ENAS is highly time-consuming; in addition
to employing multi-fidelity evaluations to enhance
search speed, we further accelerate ENAS using a
genetic decision controller. Based on previous ex-
perience, simple machine learning models or shal-
low neural networks tend to perform better on clas-
sification tasks than regression tasks. Classification
only requires determining the category to which a
sample belongs rather than providing an exact nu-
merical prediction. Inspired by this observation, we
propose a novel strategy in which the performance
predictor is used during the offspring generation
phase of the genetic algorithm to classify whether
a newly generated offspring architecture is superior
to its parent. If the offspring is predicted to outper-
form the parent, it proceeds to the next evaluation
stage. Essentially, this is formulated as a binary
classification problem determining which of the two
architectures performs better. We utilize a KELM
optimized by an enhanced PLO for the genetic de-
cision controller. PLO is a novel swarm intelligence
optimization algorithm, which we further refine to
optimize the kernel parameters of KELM.

Algorithm 2. Main processes of multi-fidelity eval-
uation 

Input: X : population; X′′ : offspring; E :Ar-
chive; Fes :Current number of iterations; NF : 
fidelity; S: Current number of training epochs; 
MaxFes: Maximum number of searches; 
Output: X: Population; E: Archive; S: Current 
number of training epochs; 

1. XS , XE ← N  individuals were selected in
X+X′′by NSGA-II;

2. SSC + 1 of each individual in XS;
3. MEC + 1 of each individual in XE;
4. T ←Individuals in E + XE are ranked using

three designed non-evaluative metrics;
5. E←Select the top half of the individuals from

T;
6. IF mod �Fes, �MaxFes

NF
��==0 and S≠NF: 

7. S = S + 1;
8. Train the individuals in XS + E for S epochs

to obtain their fitness values;
9. X , E ←Select N  individuals from    XS + E  us-

ing NSGA-II;
10. MSC +1, SSC =0 in X;
11. MSC + 1 in E whose MEC == 0;
12. MEC + 1 in E;
13. ELSE IF:
14. X←XS;
15. END IF
16. IF FES = MaxFes :
17. Train the individuals in XS + E  for a com-

plete epoch to obtain their fitness values;
18. X , E ←Select N  individuals from XS + E  us-

ing NSGA-II;
19. END IF

Return X, E, S
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MEC variable for individuals in XE is also incre-
mented by 1.

Then we rank individuals in E +XE using the
three designed non-evaluative metrics. The three
non-evaluative metrics are derived from SSC, MSC,
and MEC. Initially, individuals are selected based
on MSC · MEC, which aims to keep individuals
that regularly survive through multi-fidelity evalu-
ations. Following this, the second selection crite-
rion employs −(MSC +MEC), favoring individu-
als with limited experience in varied fidelity eval-
uations. Lastly, individuals are selected based on
SSC, which favors those who often survive based on
a singular evaluation. After these evaluations utiliz-
ing non-evaluative methods, individuals are ranked
to create T , and the top half are moved to the repos-
itory E.

To utilize multi-fidelity for training individ-
ual architectures, we periodically adjust the epoch
count S. The frequency of these updates is gov-
erned by MaxFes and NF . The specified multi-
fidelity NF determines how many epoch types will
be utilized in the search process. Thus, if an up-
date is warranted during the current iteration, we
increment S by 1. As S is updated, we proceed to
train individuals in XS + E for S epochs to derive
their fitness values. We then select individuals from
XS+E using NSGA-II. At this stage, the metrics for
the individuals have altered; individuals in X will
have their MSC increased by 1 and SSC reset to
0, while individuals in E that have MEC=0 will see
their MSC incremented by 1 and their MEC also in-
creased by 1. If the current iteration count does not
necessitate an update to S, we will simply integrate
XS into X .

If Fes reaches the maximum iteration threshold
MaxFes, we will then conduct a full epoch of train-
ing for the individuals in XS +E to ascertain their
fitness values. Following this, we will select indi-
viduals from XS +E by NSGA-II.

3.4 Genetic Decision Controller

ENAS is highly time-consuming; in addition
to employing multi-fidelity evaluations to enhance
search speed, we further accelerate ENAS using a
genetic decision controller. Based on previous ex-
perience, simple machine learning models or shal-
low neural networks tend to perform better on clas-
sification tasks than regression tasks. Classification
only requires determining the category to which a
sample belongs rather than providing an exact nu-
merical prediction. Inspired by this observation, we
propose a novel strategy in which the performance
predictor is used during the offspring generation
phase of the genetic algorithm to classify whether
a newly generated offspring architecture is superior
to its parent. If the offspring is predicted to outper-
form the parent, it proceeds to the next evaluation
stage. Essentially, this is formulated as a binary
classification problem determining which of the two
architectures performs better. We utilize a KELM
optimized by an enhanced PLO for the genetic de-
cision controller. PLO is a novel swarm intelligence
optimization algorithm, which we further refine to
optimize the kernel parameters of KELM.
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KELM is an enhanced version of the extreme
learning machine (ELM), integrating kernel meth-
ods to improve its capability in handling nonlin-
ear data. Unlike traditional ELM, which randomly
assigns weights and biases in the hidden layer
and requires analytical solutions, KELM incorpo-
rates kernel functions to project data into higher-
dimensional feature spaces, achieving superior clas-
sification and regression accuracy. The use of ker-
nel functions allows KELM to bypass the need for
manual feature engineering, making it suitable for
complex datasets with intricate structures. KELM’s
architecture enables fast training and testing times,
a key advantage over other machine learning meth-
ods that rely on iterative processes. Moreover, by
adjusting kernel parameters, KELM can balance
generalization and model complexity, providing a
robust solution for high-dimensional data problems
in various applications, such as image recognition,
bioinformatics, and time series prediction. These
attributes make KELM particularly well-suited for
performance prediction tasks within NAS frame-
works, where computational efficiency is crucial.

When utilizing KELM as genetic decision con-
troller, certain hyperparameter configurations are
critical to their predictive accuracy, including the
kernel parameters of KLEM. To improve the pre-
diction accuracy of the KELM as a genetic decision
controller, we additionally implement an enhanced
PLO algorithm to fine-tune its hyperparameters.

PLO is a swarm intelligence algorithm inspired
by the aurora phenomenon. The Polar Lights Op-
timizer (PLO) selection is motivated by its sta-
tus as a novel swarm intelligence algorithm with
promising optimization performance. PLO emu-
lates the dynamic behavior of particles subjected
to forces, displacement, and aggregation within
a magnetic field, thereby enabling efficient solu-
tion space exploration. PLO offers several no-
table advantages compared to conventional swarm-
based approaches such as Particle Swarm Optimiza-
tion (PSO) and Genetic Algorithms (GA). First,
it achieves a balance between global and local
search capabilities. The ”aurora mechanism” al-
lows particles to efficiently converge around dom-
inant poles while maintaining stochastic pertur-
bations to enhance global exploration. Second,
PLO exhibits faster convergence rates, benefiting
from its direction-guided search strategy and dy-

namically updated pole positions, which allow it
to approach optimal solutions within fewer itera-
tions. Finally, PLO demonstrates strong robust-
ness, as it is insensitive to initial parameter settings
and is well-suited for high-dimensional, complex,
nonlinear, and gradient-free optimization problems.
PLO proposes a rotational movement mechanism
for charged particles, integrating their velocity, tra-
jectory, energy, and atmospheric properties to de-
vise a strategy for laser elliptical walking. Ulti-
mately, the particle collision phenomenon informs
a strategy for particle interactions within the popu-
lation, which can be expressed using Eq. (5).

v(t) =Ce
qB−a

m t (5)

Here, is a constant, stands for a charge, signifies
the Earth’s magnetic field, represents the mass of a
charged particle, denotes time, and is the damping
coefficient, which ranges from [1,1.5]. The formula
used to produce new ions during each iteration is
expressed in Eq. (6).

Xnew(i, j) = X(i, j)+ r2 × (W1 ×v(t)+W2 ×A0)
(6)

In this formulation, Xnew(i, j) represents the j-
th dimension of the newly created i-th particle,
whereas X(i, j) denotes the j-th dimension of the
i-th particle from the current population. The value
of r2 is constrained within the range of [0,1]. The
two adaptive parameters, W1 and W2, are defined by
Eq. (7) and Eq. (8), respectively.

W1 =
2(

1+ e−2(t/T )4) −1 (7)

W2 = e−(2t/T )3
(8)

where t is the current iteration count, and T is the to-
tal iteration count. A0 denotes the intricate changes
of the auroral ellipse, represented mathematically
by Eq. (9).

A0 = |d|−1−β ×

(
1
N

N

∑
i=1

Xi −Xi, j

)
+LB+

r1 × (UB−LB)
2

(9)

where d refers to the step size, β serves as a stabil-
ity adjustment metric, while the value of r1 is within
the interval [0,1].
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PLO is a highly effective swarm intelligence
optimization algorithm. Nevertheless, in the con-
text of optimizing KELM parameters, we seek to
enhance its algorithmic capabilities to discover su-
perior solutions. To achieve this, we incorporate a
crisscross strategy into PLO, thereby improving its
development potential.

The crossover mechanism is inspired by the
crossover optimizer (CSO) developed by Meng in
2014 [35]. This approach utilizes two distinct op-
erations: vertical crossover search (VCS) and hor-
izontal crossover search (HCS), which enable the
exchange of information between particles along
horizontal and vertical directions, respectively. The
fundamental principle of this strategy involves gen-
erating new particles by sharing information be-
tween randomly chosen dimensions or particles.
The optimal particles are retained and integrated
into the population, strengthening the crossover
mechanism and enhancing the algorithm’s global
search efficiency.

HCS involves performing crossover operations
on the dimensions of two randomly chosen parti-
cles. This process enhances the utilization of pop-
ulation information, refines the search process, and
bolsters the algorithm’s global exploration capabil-
ity. The HCS operation is formulated through Eq.
(10) and Eq. (11).

HCS(i, j) = r1 ×X(i, j)+(1− r1)×X(k, j)+ c1 × (X(i, j)−X(k, j))
(10)

HCS(k, j) = r2 ×X(k, j)+(1− r2)×X(i, j)+ c2 × (X(k, j)−X(i, j))
(11)

where r1 and r2 are random numbers in the range
[0,1], while c1 and c2 are within [-1,1]. The value
X(i, j) represents the j-th dimension of the i-th par-
ticle in the population X , and X(k, j) denotes the j-
th dimension of the k-th particle in the same popula-
tion. K is randomly generated within the population
size. The new offspring, HCS(i, j) and HCS(k, j),
are generated through the HCS operation. Follow-
ing this operation, the offspring compete with their
parent particles, with those exhibiting superior fit-
ness retained in the population.

The VCS operation is conducted on each parti-
cle by randomly selecting two pairs of dimensions
for crossover to produce a new particle. As with

HCS, the offspring generated by the VCS operation
compete with their parent particles, with the fitter
particles retained in the population. The VCS oper-
ation is defined by Eq. (12).

VCS(i, j) = r3×X(i, j1)+(1− r3)×X(i, j2) (12)

where r3 is a random number within the range [0,1],
while X(i, j1) and X(i, j2) represent the values of
the two dimensions randomly selected by the i-th
particle. The notation VCS(i, j) denotes the value
of the j-th dimension generated from these two ran-
domly chosen dimensions of the i-th particle.

Algorithm 3 and Figure 6 illustrate how CPLO
optimizes KELM. In this optimization process, the
predictive accuracy of the KELM on the individual
architecture dataset is used as the fitness value to
discover the optimal parameters for the KELM. Al-
gorithm 1 details the method based on CLPO for

Algorithm 3. Main processes of CLPO optimizing 
KELM. 

Input: Data: The architecture consists of 260 
individuals designated for training and pre-
dicting with the KELM; MaxFes:  Maximum 
number of searches; N: Population size; 
Output: Xbest: Optimal kernel parameters of 
KELM 

1. X←Initialize populations based on N;
2. f(X) ←Evaluate each individual in X  on Data

by KELM;
3. Xbest←Update the current optimal solution;
4. For Fes = 1 to MaxFes do:
5. v(t), Ao, W1, W2 ←Calculate the velocity,

aurora oval walk and two weights;
6. For n = 1 to each energetic particle do:
7. Xnew←Updating particles;
8. If r4 < K and r5 < 0.05 :
9. Xnew←Particle collision strategy;
10. End If
11. f(Xnew) ←Evaluate each individual in

Xnew on Data by KELM;
12. Fes =  Fes + 1;
13. End For
14. If f(Xnew) < f(X ) :
15. X←Iterating over X using the greedy se-

lection mechanism;
16. End If
17. X←Update X by crossover mechanism;
18. Xbest←Update the current optimal solution;
19. End For

Return Xbest
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PLO is a highly effective swarm intelligence
optimization algorithm. Nevertheless, in the con-
text of optimizing KELM parameters, we seek to
enhance its algorithmic capabilities to discover su-
perior solutions. To achieve this, we incorporate a
crisscross strategy into PLO, thereby improving its
development potential.

The crossover mechanism is inspired by the
crossover optimizer (CSO) developed by Meng in
2014 [35]. This approach utilizes two distinct op-
erations: vertical crossover search (VCS) and hor-
izontal crossover search (HCS), which enable the
exchange of information between particles along
horizontal and vertical directions, respectively. The
fundamental principle of this strategy involves gen-
erating new particles by sharing information be-
tween randomly chosen dimensions or particles.
The optimal particles are retained and integrated
into the population, strengthening the crossover
mechanism and enhancing the algorithm’s global
search efficiency.

HCS involves performing crossover operations
on the dimensions of two randomly chosen parti-
cles. This process enhances the utilization of pop-
ulation information, refines the search process, and
bolsters the algorithm’s global exploration capabil-
ity. The HCS operation is formulated through Eq.
(10) and Eq. (11).

HCS(i, j) = r1 ×X(i, j)+(1− r1)×X(k, j)+ c1 × (X(i, j)−X(k, j))
(10)

HCS(k, j) = r2 ×X(k, j)+(1− r2)×X(i, j)+ c2 × (X(k, j)−X(i, j))
(11)

where r1 and r2 are random numbers in the range
[0,1], while c1 and c2 are within [-1,1]. The value
X(i, j) represents the j-th dimension of the i-th par-
ticle in the population X , and X(k, j) denotes the j-
th dimension of the k-th particle in the same popula-
tion. K is randomly generated within the population
size. The new offspring, HCS(i, j) and HCS(k, j),
are generated through the HCS operation. Follow-
ing this operation, the offspring compete with their
parent particles, with those exhibiting superior fit-
ness retained in the population.

The VCS operation is conducted on each parti-
cle by randomly selecting two pairs of dimensions
for crossover to produce a new particle. As with

HCS, the offspring generated by the VCS operation
compete with their parent particles, with the fitter
particles retained in the population. The VCS oper-
ation is defined by Eq. (12).

VCS(i, j) = r3×X(i, j1)+(1− r3)×X(i, j2) (12)

where r3 is a random number within the range [0,1],
while X(i, j1) and X(i, j2) represent the values of
the two dimensions randomly selected by the i-th
particle. The notation VCS(i, j) denotes the value
of the j-th dimension generated from these two ran-
domly chosen dimensions of the i-th particle.

Algorithm 3 and Figure 6 illustrate how CPLO
optimizes KELM. In this optimization process, the
predictive accuracy of the KELM on the individual
architecture dataset is used as the fitness value to
discover the optimal parameters for the KELM. Al-
gorithm 1 details the method based on CLPO for
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this parameter optimization. The algorithm takes
as input 260 samples for training and prediction,
the maximum search iterations (MaxFes), and the
population size (N). Initially, a particle swarm X is
created based on the specified population size, with
the fitness f (X) of each individual calculated us-
ing the KELM. The current optimal solution Xbest
is then updated. In the main iteration loop, the al-
gorithm can execute up to MaxFes iterations. In
each iteration, the velocity v(t) of the particles, the
auroral elliptical path Ao, and the two weights W1
and W2 are determined. Next, each energetic par-
ticle updates its position to Xnew. If the random
variable r4 is less than the threshold K and r5 is
below 0.05, the particle collision strategy is em-
ployed to refine Xnew. r4 and r5 ∈ (0,1). The fit-
ness f (Xnew) of the newly generated particle is then
re-evaluated, and the iteration count is incremented.
If the new fitness value exceeds that of the current
best solution, the algorithm optimizes the particle
swarm through a greedy selection process. Finally,
the particle swarm X is updated by the crossover
mechanism, and the optimal solution Xbest is contin-
ually improved. The algorithm ultimately outputs
the best KELM parameters, effectively enhancing
the accuracy and generalization performance of the
KELM model.

4 Experimental Study

In this section, we will conduct experiments
to assess the effectiveness of the proposed MFGE-
NAS. We will begin by detailing the datasets uti-
lized, the competitors in the field, and the configu-
rations of the experimental parameters. Following
this, a comparison will be made between MFGE-
NAS and the competing methods. Furthermore, we
will analyze the search process of MFGENAS, the
transferability of the architectures obtained, the effi-
cacy of the multi-fidelity evaluation, and the overall
effectiveness of the genetic decision controller.

4.1 Experimental Settings

This section presents the datasets, comparison
algorithms, and parameter configurations utilized in
the experiments. For the datasets, we employed the
CIFAR-10 dataset during the search process of MF-
GENAS. The optimal architectures identified were
also tested for performance on CIFAR-100 [] and

ILSVRC 2012 ImageNet. CIFAR-10 consists of
50,000 training images and 10,000 testing images,
divided into 10 categories, with each image measur-
ing 32×32 pixels. CIFAR-100 is similar to CIFAR-
10 but expands the number of categories to 100. Im-
ageNet is a larger dataset, containing 1.28 million
training images and 50,000 testing images, with
image dimensions of 224 × 224 pixels and 1,000
classes. During the search on CIFAR-10, the train-
ing dataset was split into 90% for training and 10%
for validation.

To assess the effectiveness and efficiency of
MFGENAS, we selected several state-of-the-art
competing algorithms for comparison. The first cat-
egory of competitors includes classical deep neural
networks that have been manually de-signed, such
as Wide ResNet [51], Inception-v1 [52], DenseNet
[8], ShuffleNet [53]. The second category encom-
passes NAS methods that do not rely on EA, includ-
ing NASNet [10], Block-QNN-S [54], MetaQNN
[28], E-NAS [55], EAS [56], DARTS [57], NAO
[58], DDP-Net [59], SQNAS [60], VNAS [61],
AER[62]. The third category features evolution-
ary computation-based ENAS methods, such as
AmoebaNet [63], hierarchical evolution [64], large-
scale evolution [65], CNNGA [66], Genetic-CNN
[67], NSGA-Net [68], E2EPP [69], AE-CNN [70],
E2NAS-MIG [71], SI-ENAS [72] CARSE [73],
LEM-ONADE [74], CARS-E [73], GENAS[75],
MOEA-PS [76], and ACE [77]. Furthermore, we
compared MFGENAS without the genetic deci-sion
controller-based multi-fidelity evaluation, referred
to as MFGENAS (base), to highlight the role of
the genetic decision controller-based mul-ti-fidelity
evaluation. In the search process of MFGENAS, we
set the following parameters: each individual archi-
tecture was configured with 5 cells, and each node
had a channel count of 16. The learning rate, mo-
mentum rate, and batch size were set at 0.1, 0.9, and
128, respectively. The population size for MFGE-
NAS was configured to 20, with a maximum itera-
tion count of 25 and a node range of [5, 12]. The
multi-fidelity parameter was set to 6. The search
was conducted using an NVID-IA 2080TI GPU.
After identifying the optimal architecture, training
on CIFAR-100 was execut-ed on a Tesla P100 GPU,
while training on ImageNet was carried out on two
Tesla P100 GPUs. For optimizing the KELM pa-
rameters using CPLO, the population size was es-
tablished at 30, with a maximum iteration count of
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Figure 6. Main processes of CLPO optimizing KELM.

30,000. The parameters for the PLO adhering to the
pa-rameters defined in the original PLO paper.

4.2 Effectiveness of MFGENAS

This section aims to demonstrate the effective-
ness of the proposed MFGENAS method through
comparative experiments with other competitors.
The experimental outcomes for MFGENAS and
other similar algorithms on the CIFAR-10 dataset
are presented in Table 3. The metrics analyzed in-
clude test error (%), parameters (M), and search
cost (GPU days). test error is used to indicate
the performance of the discovered neural networks,
while search cost reflects the efficiency of MFGE-
NAS.

Notably, MFGENAS achieved a test error of
2.39%, the lowest among all evaluated algorithms,
showcasing its exceptional performance in image
classification tasks. When compared with other
similarly performing models such as NASNet-
A (2.65%) and DDPNAS (2.44%), MFGENAS
achieves a high accuracy with just 2.94M parame-
ters, demonstrating effective parameter utilization.
Furthermore, the search cost for MFGENAS is
only 0.3 GPU days, which is significantly lower
than most algorithms, including NASNet-A (2000
GPU days) and AmoebaNet-A (3150 GPU days),
making it more suitable for practical applications.
Through the use of EA for architecture search, MF-
GENAS effectively navigates high-dimensional pa-

rameter spaces, maximizing its computational re-
source usage. In conclusion, MFGENAS exhibits
superior performance and considerable advantages
in parameter efficiency and search costs.

In the comparative algorithms presented in Ta-
ble 3, MOEA-PS [76] is a study published in 2023.
MOEA-PS utilizes an adjacency list to represent
the internal structure of neural networks. Addi-
tionally, an innovative mechanism is incorpo-rated
within the multi-objective genetic algo-rithm to
guide the crossover and mutation pro-cesses. Fur-
thermore, neural networks are gener-ated using a
surrogate model stacking structural block, which
employs a limited search space. A queue tech-
nique also eliminates the worst-performing network
structures, significantly re-ducing the number of
architectures that require training. However, de-
spite the change in how architectures are repre-
sented, the method still trains the architectures for
full epochs, resulting in a requirement of 2.6 GPU
days on CIFAR-10. In contrast, the proposed MF-
GENAS leverages multi-fidelity evaluation com-
bined with a genetic decision controller to selec-
tively filter offspring, thereby accelerating the eval-
uation process while ensuring the quality of the gen-
erated architec-tures. The results obtained from ex-
periments on the CIFAR-100 dataset further con-
firm the ex-ceptional performance of MFGENAS,
as detailed in Table 4. MFGENAS recorded a
test error of 16.42%, the best among all compared
algo-rithms, and significantly lower than NASNet-
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achieves a high accuracy with just 2.94M parame-
ters, demonstrating effective parameter utilization.
Furthermore, the search cost for MFGENAS is
only 0.3 GPU days, which is significantly lower
than most algorithms, including NASNet-A (2000
GPU days) and AmoebaNet-A (3150 GPU days),
making it more suitable for practical applications.
Through the use of EA for architecture search, MF-
GENAS effectively navigates high-dimensional pa-

rameter spaces, maximizing its computational re-
source usage. In conclusion, MFGENAS exhibits
superior performance and considerable advantages
in parameter efficiency and search costs.

In the comparative algorithms presented in Ta-
ble 3, MOEA-PS [76] is a study published in 2023.
MOEA-PS utilizes an adjacency list to represent
the internal structure of neural networks. Addi-
tionally, an innovative mechanism is incorpo-rated
within the multi-objective genetic algo-rithm to
guide the crossover and mutation pro-cesses. Fur-
thermore, neural networks are gener-ated using a
surrogate model stacking structural block, which
employs a limited search space. A queue tech-
nique also eliminates the worst-performing network
structures, significantly re-ducing the number of
architectures that require training. However, de-
spite the change in how architectures are repre-
sented, the method still trains the architectures for
full epochs, resulting in a requirement of 2.6 GPU
days on CIFAR-10. In contrast, the proposed MF-
GENAS leverages multi-fidelity evaluation com-
bined with a genetic decision controller to selec-
tively filter offspring, thereby accelerating the eval-
uation process while ensuring the quality of the gen-
erated architec-tures. The results obtained from ex-
periments on the CIFAR-100 dataset further con-
firm the ex-ceptional performance of MFGENAS,
as detailed in Table 4. MFGENAS recorded a
test error of 16.42%, the best among all compared
algo-rithms, and significantly lower than NASNet-
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A (16.58%) and E-NAS (17.27%), demonstrating
its effectiveness with complex datasets. Further-
more, MFGENAS has a parameter count of 2.97M,
which is lower than other high-performing models
such as AmoebaNet-B (3.2M) and NAO (10.8M),
indicating greater efficiency in resource usage. Im-
portantly, the search cost for MFGENAS is merely
0.3 GPU days, a figure that is considerably lower
than those of AmoebaNet-B (3150 GPU days) and
Large-Scale Evolution (2750 GPU days), illustrat-
ing its superiority in real-world applications. The
strategy of utilizing EA for architecture search al-
lows MFGENAS to main-tain high classification
accuracy while signifi-cantly lowering the demand
for computational resources. Overall, MFGENAS
demonstrates not only remarkable performance on
the CIFAR-100 dataset but also provides a novel
method for deep neural network search with min-
imized cost and parameter requirements. As shown
in Table 4, GENAS [75] is a study published
in 2025 that utilizes gradient-guided evolution to
search for neural network architec-tures. GENAS
extracts topological structures from a supernet by
combining global and local search operators. It is
specifically designed to overcome the limitations of
traditional evolution-ary and gradient-based NAS
methods. Thanks to its algorithmic framework,
GENAS enables the performance evaluation of can-
didate architec-tures without the need for retraining,
thereby significantly reducing the computational
cost of NAS. This characteristic allows GENAS to
achieve a fast search speed—requiring only 0.26
GPU days on CIFAR-100—while reaching a test
error rate of 16.86%. However, the method re-
lies on the construction of a supernet prior to the
search. Pre-trained supernets provided by other re-
searchers can be reused for standard image classifi-
cation tasks.

In contrast, building a domain-specific supernet
can be time-consuming and labor-intensive when
applying this method to other domains. To ad-
dress this issue, we propose MFGENAS, which in-
tegrates multi-fidelity evaluation with a genetic de-
cision controller to accelerate the evaluation pro-
cess. Unlike GENAS, MFGENAS does not de-
pend on pre-trained supernets and can efficiently
discover high-quality neural architectures with low
time consumption across a wide range of applica-
tion domains.

4.3 Visualization of Found Architectures
and Iterative Process

Figure 7 presents the objective space comprised
of the fitness values from six populations through-
out the MFGENAS search conducted on CIFAR-
10. We focused on iterations that best illustrate
the search dynamics: the initial objective space, the
first iteration, the eighth iteration, the thirteenth it-
eration, the eighteenth iteration, and the final itera-
tion.

At initialization, the points are dispersed
throughout the space, with two in the bottom right
corner and a wide distribution on the left, highlight-
ing the success of our initialization strategy in gen-
erating a variety of individual architectures. By the
first iteration, the points start to converge toward
the lower left corner, and the outlying points on the
right have vanished. This indicates the effectiveness
of our search strategy in retaining better solutions
while discarding fewer effective ones.

Throughout the eighth, thirteenth, and eigh-
teenth iterations, the points continue to move closer
to the lower left corner. This indicates that our
search strategy converges and does not fall into lo-
cal optima.

By the final iteration, the blue points fully oc-
cupy the Pareto front, exhibiting superior perfor-
mance indicators compared to the other points.

Additionally, the distribution of the blue points
is more uniform, achieving enhanced dispersion
along the Pareto front.

4.4 Architecture Scalability Analysis

To illustrate the search capabilities of MFGE-
NAS, we applied the architectures found by MFGE-
NAS on CIFAR-10 to the ImageNet dataset [], as-
sessing the scalability of the identified neural archi-
tectures. Table 5 summarizes the scalability eval-
uation of MFGENAS on the ImageNet dataset in
comparison with other leading models. MFGENAS
recorded a Top-1 error rate of 25.96% and a Top-
5 error rate of 8.06%, demonstrating strong per-
formance across multiple algorithms, especially re-
garding parameter utilization and search cost.

In contrast to NASNet-A and NASNet-B, which
have error rates of 26.00% and 27.2% respec-
tively, MFGENAS achieves a lower Top-1 er-
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Table 3. Performance evaluation of MFGENAS compared to other similar models on the CIFAR-10
dataset.

Algorithm Test Er-
ror (%)

Parameters
(M)

Search
Cost
(GPU
days)

Search Method

Wide ResNet [51] 4.17 36.5 – Manual
DenseNet-BC [8] 3.46 25.6 – Manual
EAS [56] 4.23 23.4 10 RL
Block-QNN-S [54] 4.38 6.1 96 RL
NASNet-A [10] 2.65 3.3 2000 RL
MetaQNN [28] 6.92 11.2 80 RL
E-NAS [55] 2.89 4.6 0.5 RL+weight sharing
DARTS (second order) [57] 2.76 3.3 4 Gradient based
DARTS (first order) [57] 3.00 3.3 1.5 Gradient based
NAO [58] 3.18 10.6 200 Gradient based
SQNAS [60] 2.76 3.10 0.06 Gradient based
VNAS [61] 2.43 3.78 0.3 Gradient based
AER [62] 2.53 3.74 0.3 Gradient based
NAO+WS [58] 3.53 2.5 0.3 Gradient based+weight sharing
DDPNAS [78] 2.44 – 1.8 Gradient based
Large-Scale Evolution [65] 5.40 5.4 2750 Evolution
AmoebaNet-A [63] 3.34 3.2 3150 Evolution
NSGA-Net [68] 2.75 3.3 4 Evolution
Hierarchical Evolution [64] 3.63 15.7 300 Evolution
Genetic-CNN [67] 7.10 – 17 Evolution
AE-CNN [70] 4.30 2.0 27 Evolution
CNN-GA [66] 4.78 2.9 35 Evolution
SI-ENAS [72] 4.07 – 1.8 Evolution
E2EPP [69] 5.30 – 8.5 Evolution
GENAS [75] 2.45 3.53 0.26 Evolution
CARS-E [73] 2.86 3.0 0.4 Evolution+weight sharing
MOEA-PS [76] 2.77 3.0 2.6 Evolution
MFGENAS 2.39±0.09 2.94 0.3 Evolution
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Hierarchical Evolution [64] 3.63 15.7 300 Evolution
Genetic-CNN [67] 7.10 – 17 Evolution
AE-CNN [70] 4.30 2.0 27 Evolution
CNN-GA [66] 4.78 2.9 35 Evolution
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Table 4. Performance evaluation of MFGENAS compared to other similar models on the CIFAR-100
dataset.

Algorithm Test Error
(%)

Parameters
(M)

Search
Cost
(GPU
days)

Search Method

Wide ResNet [51] 20.50 36.5 – Manual
DenseNet-BC [8] 17.18 25.6 – Manual
NASNet-A [10] 16.58 3.3 2000 RL
MetaQNN [28] 27.14 11.2 80 RL
Block-QNN-S [54] 20.65 6.1 96 RL
E-NAS [55] 17.27 4.6 0.5 RL + weight sharing
NAO [58] 15.67 10.8 200 Gradient based
Large-Scale Evolution [65] 23.00 40.4 2750 Evolution
AmoebaNet-B [63] 15.80 3.2 3150 Evolution
NSGA-Net [68] 20.74 3.3 8 Evolution
Genetic-CNN [67] 29.03 – 17 Evolution
AE-CNN [70] 20.85 5.4 36 Evolution
CNN-GA [66] 20.53 4.1 40 Evolution
SI-ENAS [72] 18.64 – 1.8 Evolution
E2EPP [69] 22.02 – 8.5 Evolution
GENAS [75] 16.86 3.53 0.26 Evolution
MOEA-PS [76] 18.97 5.8 5.2 Evolution
MFGENAS 16.42±0.37 2.97 0.3 Evolution

Figure 7. The objective space composed of the population fitness values (parameters (MB), test error)
from six iterations of MFGENAS on CIFAR-10.
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ror rate with a parameter count of 5.98M, which
is significantly less than NAO (11.4M) and the
AmoebaNet models (5.1M for AmoebaNet-A and
5.3M for AmoebaNet-B). This highlights the pa-
rameter efficiency of MFGENAS. Additionally, the
search cost for MFGENAS stands at just 0.3 GPU
days, considerably less than the extensive resource
requirements of NASNet (2000 GPU days) and
AmoebaNet (3150 GPU days). This finding un-
derscores MFGENAS ’s ability to deliver high-
performance models with reduced computational
demands, thereby improving its potential for appli-
cation in large datasets. Overall, MFGENAS not
only demonstrates remarkable classification perfor-
mance on the ImageNet dataset but also provides a
scalable solution through efficient parameter usage
and minimal search costs.

4.5 Ablation Analysis

This section will utilize ablation analysis to val-
idate the effectiveness of the proposed multi-fidelity
evaluation based on a genetic decision controller.
The variant of MFGENAS that does not incorpo-
rate this evaluation will be designated as MFGE-
NAS (base). We will compare the performance
of architectures obtained from MFGENAS (base)
with those from the full MFGENAS model on the
CIFAR-10 and CIFAR-100 datasets.

Table 6 summarizes the results from the abla-
tion experiments conducted on the CIFAR-10 and
CIFAR-100 datasets. This experiment contrasts
MFGENAS (base), which does not implement ge-
netic decision controller-based multi-fidelity eval-
uation, with the complete MFGENAS model. In
the CIFAR-10 dataset, MFGENAS (base) records
a test error of 2.30%, with 2.87M parameters and
a search cost of 2.55 GPU days. Meanwhile, the
complete MFGENAS model achieves a test error
of 2.39% with a slight increase in parameter count
to 2.94M, but significantly reduces the search cost
to only 0.3 GPU days. While the complete model
has a marginally higher test error on CIFAR-10, its
computational efficiency is clearly enhanced.

In the CIFAR-100 dataset, MFGENAS (base)
presents a test error of 16.18%, with 2.89M param-
eters and a search cost of 2.55 GPU days. In con-
trast, the complete MFGENAS model shows a test
error of 16.42% and a slightly increased parame-
ter count of 2.97M, while still maintaining a search

cost of 0.3 GPU days. These results indicate that
although the complete model experiences a slight
increase in test error, the significant gains in search
cost and parameter efficiency validate the effective-
ness of the multi-fidelity evaluation mechanism in
practical applications.

4.6 Strategy Validation of Genetic Deci-
sion Controller

In this research, we employ a KELM as the
genetic decision controller due to its excellent in-
terpretability, allowing for a clear visualization of
feature significance and decision-making. In the
context of NAS, various architectural features, such
as layer count, node count, and activation func-
tions, can be effectively analyzed by the KELM,
which captures the relationships between these fea-
tures and accuracy through simple rules. This en-
ables the effective identification of the best architec-
ture. To highlight the contribution of the KELM in
this study, we will conduct comparisons with other
comparable machine learning approaches.

The training dataset is comprised of multiple
distinct individual architectures. The performance
comparison results of two individual architectures
are used as labels. For example, A single data en-
coding consists of a pair of architectures; if the per-
formance of the architecture encoded earlier sur-
passes that of the latter, a label of 1 is assigned to
the encoding. Conversely, if the latter architecture
performs better, a label of 2 is assigned.

During the NAS search process, evaluation is
conducted by pairing two architectures together,
and a KELM model is employed to predict the la-
bel, thereby determining the relative superiority of
the two architectures. This configuration allows
the KELM model to perform exceptionally well for
several reasons. Primarily, KELM has a robust ca-
pacity to model nonlinear relationships, which leads
to high prediction accuracy.

Additionally, KELM demonstrates good per-
formance on small sample sizes. Given that ac-
quiring individual neural architecture data is time-
intensive—requiring the full training of each archi-
tecture to derive accurate labels—we limit our train-
ing dataset for the KELM to just 260 trained ar-
chitectures. In comparison to other models, such
as support vector machines and multi-layer percep-



437Zenglin Qiao, Ali Asghar Heidari, Xinchao Zhao, Huiling Chen

ror rate with a parameter count of 5.98M, which
is significantly less than NAO (11.4M) and the
AmoebaNet models (5.1M for AmoebaNet-A and
5.3M for AmoebaNet-B). This highlights the pa-
rameter efficiency of MFGENAS. Additionally, the
search cost for MFGENAS stands at just 0.3 GPU
days, considerably less than the extensive resource
requirements of NASNet (2000 GPU days) and
AmoebaNet (3150 GPU days). This finding un-
derscores MFGENAS ’s ability to deliver high-
performance models with reduced computational
demands, thereby improving its potential for appli-
cation in large datasets. Overall, MFGENAS not
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uation, with the complete MFGENAS model. In
the CIFAR-10 dataset, MFGENAS (base) records
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a search cost of 2.55 GPU days. Meanwhile, the
complete MFGENAS model achieves a test error
of 2.39% with a slight increase in parameter count
to 2.94M, but significantly reduces the search cost
to only 0.3 GPU days. While the complete model
has a marginally higher test error on CIFAR-10, its
computational efficiency is clearly enhanced.

In the CIFAR-100 dataset, MFGENAS (base)
presents a test error of 16.18%, with 2.89M param-
eters and a search cost of 2.55 GPU days. In con-
trast, the complete MFGENAS model shows a test
error of 16.42% and a slightly increased parame-
ter count of 2.97M, while still maintaining a search

cost of 0.3 GPU days. These results indicate that
although the complete model experiences a slight
increase in test error, the significant gains in search
cost and parameter efficiency validate the effective-
ness of the multi-fidelity evaluation mechanism in
practical applications.

4.6 Strategy Validation of Genetic Deci-
sion Controller

In this research, we employ a KELM as the
genetic decision controller due to its excellent in-
terpretability, allowing for a clear visualization of
feature significance and decision-making. In the
context of NAS, various architectural features, such
as layer count, node count, and activation func-
tions, can be effectively analyzed by the KELM,
which captures the relationships between these fea-
tures and accuracy through simple rules. This en-
ables the effective identification of the best architec-
ture. To highlight the contribution of the KELM in
this study, we will conduct comparisons with other
comparable machine learning approaches.

The training dataset is comprised of multiple
distinct individual architectures. The performance
comparison results of two individual architectures
are used as labels. For example, A single data en-
coding consists of a pair of architectures; if the per-
formance of the architecture encoded earlier sur-
passes that of the latter, a label of 1 is assigned to
the encoding. Conversely, if the latter architecture
performs better, a label of 2 is assigned.

During the NAS search process, evaluation is
conducted by pairing two architectures together,
and a KELM model is employed to predict the la-
bel, thereby determining the relative superiority of
the two architectures. This configuration allows
the KELM model to perform exceptionally well for
several reasons. Primarily, KELM has a robust ca-
pacity to model nonlinear relationships, which leads
to high prediction accuracy.

Additionally, KELM demonstrates good per-
formance on small sample sizes. Given that ac-
quiring individual neural architecture data is time-
intensive—requiring the full training of each archi-
tecture to derive accurate labels—we limit our train-
ing dataset for the KELM to just 260 trained ar-
chitectures. In comparison to other models, such
as support vector machines and multi-layer percep-
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Table 5. Architecture scalability performance evaluation of MFGENAS compared to other similar mod-els
on the ImageNet dataset.

Algorithm Top-1 Error
(%)

Top-5 Error
(%)

Parameters
(M)

Search Cost
(GPU days)

Search
Method

Inception-v1 [52] 30.20 10.10 6.6 - Manual
ShuffleNet (v1)
[53]

29.10 10.20 5 - Manual

NASNet-B [10] 27.2 8.7 5.3 2000 RL
NASNet-A [10] 26.00 8.4 5.3 2000 RL
NASNet-C [10] 27.5 9 4.9 2000 RL
NAO [58] 25.70 8.20 11.4 200 Gradient

based
DARTS[57] 26.70 8.70 4.7 4 Gradient

based
AmoebaNet-B [63] 26.00 8.50 5.3 3150 Evolution
AmoebaNet-A [63] 25.50 8.00 5.1 3150 Evolution
AmoebaNet-C [63] 24.30 7.60 6.4 3150 Evolution
CARS-E [73] 26.30 8.40 4.4 0.4 Evolution
Genetic-CNN [67] 27.87 9.74 156.0 17 Evolution
MFGENAS 25.96±1.26 8.06±0.58 5.98 0.3 Evolution

Table 6. Ablation experiment. (MFGENAS (base) refers to the version of MFGENAS that does not utilize
multi-fidelity evaluation based on the genetic decision controller, while MFGENAS represents the

complete model.)

Datasets Algorithm Test Error
(%)

Parameters
(M)

Search Cost

CIFAR-10
MFGENAS (base) 2.30 2.87 2.55
MFGENAS 2.39 2.94 0.3

CIFAR-100
MFGENAS (base) 16.18 2.89 2.55
MFGENAS 16.42 2.97 0.3
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tron, KELM is better at mitigating overfitting in sce-
narios with limited data, thereby improving gen-
eralization. Moreover, KELM offers a relatively
simple and efficient training and prediction process,
which is particularly beneficial in high-dimensional
feature spaces like those involved in NAS. This ef-
ficiency allows for quick iterations and the effective
identification of optimal architectures. In conclu-
sion, the KELM’s superior interpretability, strong
nonlinear modeling capabilities, small sample pro-
ficiency, and computational efficiency make it the
most suitable choice.

We also employ an improved swarm intelli-
gence algorithm, CPLO, to optimize the kernel pa-
rameters of KELM, further enhancing its predictive
capability. Table 7 and Fig. 8 presents the perfor-
mance comparison between CPLO-KELM and sev-
eral other models (K-nearest neighbor (KNN), cate-
gorical regression tree (CART), BP, Support Vector
Machine (SVM), Light Gradient Boosting Machine
(LightGBM) and PLO-KELM).

In this section’s diagnostic experiments, the
parameter settings for both GORUN-KELM and
RUN-KELM are kept consistent to ensure a fair
comparison. Specifically, the maximum number of
iterations is set to 10, and the population size is
fixed at 50. The regularization parameter C and
the kernel parameter γ are chosen from the range
[2(−5),25]. Among the classification methods ap-
plied, the KNN is utilized with K=1, and distance is
calculated using the Euclidean metric. The CART,
an enhanced decision tree based on the ID3 algo-
rithm, is employed with MATLAB’s default param-
eter settings. The BP neural network, a classical
learning algorithm, is also implemented using the
Levenberg–Marquardt optimization technique. The
number of hidden neurons for the BP model is set to
8, and training stops when the mean squared error
reaches 0.001. Prior to model training, all data are
normalized to the range [-1, 1]. A ten-fold cross-
validation strategy is adopted to assess model per-
formance. LightGBM employed the gradient boost-
ing decision tree as the boosting type, which builds
an ensemble of decision trees iteratively to mini-
mize the loss function. The number of boosting
rounds was fixed at 100; however, to prevent over-
fitting, an early stopping strategy was implemented
with patience of 10 rounds, halting training if no
improvement was observed on the validation set

during this interval. These parameter choices bal-
ance training efficiency and model generalization,
allowing the model to learn effectively from the
training data while mitigating overfitting risks.

The evaluation of the models is based on four
standard metrics: Accuracy (ACC), Sensitivity,
Specificity, and the Matthews Correlation Coeffi-
cient (MCC), which are formally defined as fol-
lows:

ACC =
T P+T N

T P+FP+FN +T N
(13)

Sensitivity =
T P

T P+FN
(14)

Speci f icity =
T N

FP+T N
(15)

MCC =
T P×T N −FP×FN√

(T P+FP)(T P+FN)(T N +FP)(T N +FN)
(16)

ACC primarily measures the overall correctness
of the classification model. Sensitivity, also known
as the true positive rate, indicates the model’s abil-
ity to identify positive cases, thereby minimizing
missed diagnoses correctly. Specificity, on the other
hand, reflects the model’s capability to correctly
recognize negative cases, effectively reducing false
positives or misdiagnosed. It is worth noting that
an inherent trade-off exists between sensitivity and
specificity: enhancing one often leads to a compro-
mise in the other. In other words, efforts to lower
the rate of missed diagnoses may inadvertently raise
the rate of misdiagnoses and vice versa.

MCC serves as a comprehensive indicator of
model robustness, offering a balanced evaluation
even in cases of class imbalance.

Table 7 comprehensively compares classifica-
tion performance across seven models, including
KNN, CART, BP, SVM, LightGBM, PLO-KELM
and CPLO-KELM. The evaluation metrics used are
ACC, Sensitivity, Specificity, and MCC, averaged
over 10-fold cross-validation. In terms of over-
all classification accuracy, CPLO-KELM achieved
the best performance with a mean ACC of 0.8790
and the lowest standard deviation (0.0176), demon-
strating both high accuracy and robustness. KNN
and SVM followed with mean accuracies of 0.8620
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hand, reflects the model’s capability to correctly
recognize negative cases, effectively reducing false
positives or misdiagnosed. It is worth noting that
an inherent trade-off exists between sensitivity and
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mise in the other. In other words, efforts to lower
the rate of missed diagnoses may inadvertently raise
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MCC serves as a comprehensive indicator of
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Table 7 comprehensively compares classifica-
tion performance across seven models, including
KNN, CART, BP, SVM, LightGBM, PLO-KELM
and CPLO-KELM. The evaluation metrics used are
ACC, Sensitivity, Specificity, and MCC, averaged
over 10-fold cross-validation. In terms of over-
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the best performance with a mean ACC of 0.8790
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Table 7. The results obtained by CPLO-KELM and other models.

Model Indicator Mean Std 1 2 3 4 5 6 7 8 9 10
KNN 0.8620 0.0387 0.8600 0.8200 0.9000 0.8600 0.8200 0.8100 0.9200 0.9200 0.8400 0.8700
CART 0.7940 0.0398 0.8600 0.7400 0.8000 0.7500 0.7400 0.7900 0.7900 0.8500 0.8100 0.8100
BP 0.8470 0.0490 0.8100 0.8700 0.8600 0.8100 0.8600 0.7900 0.9100 0.9400 0.7800 0.8400
SVM ACC 0.8550 0.1248 0.9100 0.8700 0.8700 0.8900 0.8700 0.8300 0.9400 0.9800 0.8900 0.5000
LightGBM 0.8486 0.0455 0.9064 0.9034 0.8084 0.8906 0.8097 0.8152 0.9152 0.8119 0.8097 0.8155
PLO-
KELM

0.8310 0.0624 0.8300 0.8000 0.8700 0.8200 0.6700 0.8400 0.8800 0.9100 0.8200 0.8700

CPLO-
KELM

0.8790 0.0176 0.8500 0.8800 0.8700 0.8900 0.8500 0.9100 0.8800 0.8800 0.8900 0.8900

KNN 0.7426 0.0869 0.9231 0.6364 0.7333 0.6667 0.7857 0.6667 0.8000 0.8333 0.7143 0.6667
CART 0.7123 0.1085 0.8462 0.6364 0.8667 0.8333 0.7143 0.6667 0.5000 0.6667 0.6429 0.7500
BP 0.7530 0.1404 0.9231 0.6364 0.6000 0.8333 0.8571 0.6111 0.7000 1.0000 0.7857 0.5833
SVM Sensitivity 0.5572 0.2159 0.6923 0.3636 0.3333 0.5000 0.5714 0.2778 0.5000 0.8333 0.5000 1.0000
LightGBM 0.7685 0.1206 0.8351 0.8458 0.5417 0.8356 0.5274 0.8408 0.8392 0.8379 0.7404 0.8408
PLO-
KELM

0.8452 0.0798 0.9231 0.9091 0.8000 0.9167 0.9286 0.8889 0.8000 0.8333 0.7857 0.6667

CPLO-
KELM

0.8554 0.0608 0.8462 0.9091 0.8000 0.8333 0.7857 0.8889 0.8000 1.0000 0.8571 0.8333

KNN 0.8793 0.0385 0.8506 0.8427 0.9294 0.8864 0.8256 0.8415 0.9333 0.9255 0.8605 0.8977
CART 0.8042 0.0438 0.8621 0.7528 0.7882 0.7386 0.7442 0.8171 0.8222 0.8617 0.8372 0.8182
BP 0.8618 0.0546 0.7931 0.8989 0.9059 0.8068 0.8605 0.8293 0.9333 0.9362 0.7791 0.8750
SVM Specificity 0.9116 0.0565 0.9425 0.8326 0.8647 0.8432 0.9186 0.8512 0.9889 0.9894 0.9535 0.9318
LightGBM 0.8786 0.0066 0.8723 0.8734 0.8673 0.8800 0.8872 0.8845 0.8854 0.8797 0.8717 0.8844
PLO-
KELM

0.8276 0.0784 0.8161 0.7865 0.8824 0.8068 0.6279 0.8293 0.8889 0.9149 0.8256 0.8977

CPLO-
KELM

0.8336 0.0404 0.8506 0.7865 0.8824 0.8523 0.7791 0.7927 0.8889 0.8723 0.7907 0.8409

KNN 0.5159 0.0819 0.6009 0.3680 0.6300 0.4678 0.4836 0.4508 0.6340 0.5546 0.4814 0.4883
CART 0.3888 0.0950 0.5660 0.2684 0.5056 0.3953 0.3410 0.4186 0.2373 0.3341 0.3958 0.4264
BP 0.4970 0.0887 0.5256 0.4568 0.4809 0.4686 0.5830 0.3907 0.5650 0.6842 0.4276 0.3877
SVM MCC 0.4793 0.1609 0.6153 0.3089 0.3923 0.4603 0.4762 0.3074 0.6176 0.8227 0.5029 0.2891
LightGBM 0.5613 0.0460 0.6115 0.6251 0.6149 0.5192 0.5165 0.5291 0.5283 0.5216 0.6174 0.5291
PLO-
KELM

0.5173 0.0585 0.5536 0.4797 0.5882 0.5236 0.3881 0.6021 0.5379 0.5284 0.4836 0.4883

CPLO-
KELM

0.5811 0.0458 0.5486 0.6797 0.5882 0.5294 0.6276 0.5569 0.5379 0.5392 0.5905 0.6130

Figure 8. Performance verification experiment of CPLO-KELM on architectural data.
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and 0.8550, respectively. Notably, SVM exhibited
a relatively large variance (std = 0.1248), indicat-
ing less stable performance across folds. Regard-
ing Sensitivity, which reflects the model’s ability to
correctly identify positive samples, CPLO-KELM
(0.8554) and PLO-KELM (0.8452) outperformed
other methods. This highlights the effectiveness
of the proposed optimization strategies in reducing
missed diagnoses. In contrast, SVM showed the
lowest Sensitivity (0.5572), suggesting it tends to
misclassify positive instances, which is further cor-
roborated by its MCC value (0.4793). Specificity,
indicating the ability to correctly identify negative
samples, was highest for SVM (0.9116), followed
closely by LightGBM (0.8786) and KNN (0.8793).
This reveals that SVM is conservative in predicting
positives, which may explain its high Specificity but
low Sensitivity. Finally, in terms of MCC, which
captures the overall balance and reliability of binary
classification, CPLO-KELM achieved the highest
value (0.5811), indicating a well-balanced predic-
tion across both classes. LightGBM and PLO-
KELM also showed competitive MCC values of
0.5613 and 0.5173, respectively.

Although CPLO-KELM achieves superior per-
formance in terms of ACC, sensitivity, and MCC,
it exhibits a relatively lower specificity compared
to some other classifiers such as SVM and Light-
GBM. This phenomenon can be attributed to the
model’s tendency to favor positive class predictions,
which enhances its sensitivity. Specially, reducing
the number of false negatives, but may come at the
cost of increasing false positives, thereby lowering
specificity. From a technical standpoint, CPLO-
KELM integrates a greedy selection mechanism
and crossover mechanism, both of which are de-
signed to enhance the model’s exploration of the de-
cision boundary, particularly focusing on hard-to-
classify or minority class samples. In datasets with
class imbalance or subtle inter-class variation, such
mechanisms may bias the classifier toward over-
predicting the minority or positive class to ensure
that as few positives as possible are missed. While
this behavior improves sensitivity and overall de-
tection capability, it also increases the likelihood of
misclassifying negative instances as positive, which
directly impacts specificity. Moreover, since speci-
ficity reflects the true negative rate, any misclassi-
fication of negative samples—especially if the neg-
ative class is dominant—can disproportionately re-

duce this metric. Thus, the trade-off observed be-
tween sensitivity and specificity is a common issue
in medical diagnosis and imbalanced classification
tasks, where prioritizing the reduction of missed di-
agnoses (false negatives) is often more critical than
minimizing false alarms (false positives).

4.7 Strategy Validation of CPLO

To enhance the predictive capabilities of the
KELM in this study, we utilized an advanced swarm
intelligence approach for optimizing its hyperpa-
rameters, which we refer to as CPLO. To evaluate
the optimization effectiveness of CPLO, we com-
pared it against other swarm intelligence techniques
on the IEEE

CEC 2017 benchmark. IEEE CEC 2017 is
a commonly used standard for comparing swarm
intelligence algorithms, which allows for a clear
demonstration of CPLO’s performance advantages.

Table 8 details the performance results of CPLO
alongside several algorithms, including PLO, PSO,
DE, GWO, and WOA. The table includes ”rank” to
denote the ranking of each algorithm and ”AVG”
for the average ranking after 30 trials. The symbols
+, =, and - indicate the comparative outcomes of
CPLO against the other algorithms across 30 CEC
2017 test func-tions: ”+” indicates CPLO outper-
formed the comparison algorithm, ”-” indicates it
underper-formed, and ”=” indicates no significant
perfor-mance difference.

Table 8 provides a comparison of CPLO’s per-
formance against other optimization algorithms on
the IEEE CEC 2017 benchmark functions, detail-
ing rankings, relative performance indicators, and
average scores. CPLO achieved the highest ranking
(Rank 1) with an average score of 1.67. The ”+/=/-
” symbols indicate CPLO’s relative performance
across test functions: for example, CPLO outper-
formed the original PLO on 14 functions, showed
no significant difference on 5 functions, and un-
derperformed on 11 functions. PLO ranked second
with an average score of 1.93. This result demon-
strates the effectiveness of the cross-mechanism in-
troduced to improve PLO. Compared to other well-
known swarm intelligence methods, CPLO shows
significant advantages. For instance, it outperforms
PSO on 26 test functions, DE on 22 test func-
tions, and both GWO and WOA across all test func-
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ficity reflects the true negative rate, any misclassi-
fication of negative samples—especially if the neg-
ative class is dominant—can disproportionately re-
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tasks, where prioritizing the reduction of missed di-
agnoses (false negatives) is often more critical than
minimizing false alarms (false positives).
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To enhance the predictive capabilities of the
KELM in this study, we utilized an advanced swarm
intelligence approach for optimizing its hyperpa-
rameters, which we refer to as CPLO. To evaluate
the optimization effectiveness of CPLO, we com-
pared it against other swarm intelligence techniques
on the IEEE
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denote the ranking of each algorithm and ”AVG”
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formed the comparison algorithm, ”-” indicates it
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ing rankings, relative performance indicators, and
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(Rank 1) with an average score of 1.67. The ”+/=/-
” symbols indicate CPLO’s relative performance
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Figure 9. The convergence curves of CPLO and other comparable optimization algorithms on the IEEE
CEC 2017 benchmark.

tions. These results highlight CPLO’s strong com-
petitive performance, especially against GWO and
WOA, and its consistent convergence characteris-
tics across a variety of test functions.

Table 8. The ranking of CPLO and other
comparable optimization algorithms on the IEEE

CEC 2017 benchmark.

Algorithm Rank +/=/- AVG
CPLO 1 1.67
PLO 2 14/5/11 1.93
PSO 4 26/2/2 4.27
DE 3 22/2/6 2.97
GWO 5 30/0/0 4.63
WOA 6 30/0/0 5.53

In Figure 9, we present the convergence curves
of CPLO alongside five other optimization algo-
rithms for four test functions from IEEE CEC 2017.
The horizontal axis indicates the iteration count,
and the vertical axis displays the optimized fit-
ness values. The functions under consideration are
F12, F15, F19, and F30. The red curve depicts
the performance of CPLO, clearly showing that it
converges to lower fitness values compared to the
other algorithms, reflecting its enhanced effective-
ness. Furthermore, CPLO achieves a quicker con-

vergence, reaching the bottom of the graph sooner
than its counterparts.

Conclusion

In this work, we propose an ENAS method
(MFGENAS), which accelerates evaluation by
multi-fidelity evaluation and a genetic decision con-
troller. We established initialization and individ-
ual encoding that enhance the diversity of the pop-
ulation. MFGENAS uses the NASGA-II frame-
work with accuracy and architectural parameters as
multi-optimization targets. Through a genetic de-
cision controller and multi-fidelity evaluation ap-
proach, MFGENAS can efficiently search superior
deep neural network architectures while consuming
minimal time. A genetic decision controller is em-
ployed to assess the quality of offspring generated
by MFGENAS to reduce the number of expensive
evaluations. If the offspring is to outperform the
parent, an expensive evaluation is then performed.
We adopt KELM optimized by CPLO to select the
genetic decision controller. This approach dramat-
ically accelerates the ENAS search process. We
validated the performance of MFGENAS through
rigorous experiments, including comparisons with
peer-to-peer competitors on CIFAR-10 and CIFAR-
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100, achieving a test error of 2.39 on CIFAR-10
with only 0.3 GPU days of computation. Moreover,
we assessed the scalability of architectures on Im-
ageNet, visualized the MFGENAS search process,
and conducted an ablation analysis of the genetic
decision controller approach.

In future research, we will strive to develop
more efficient ENAS. There is potential to enhance
the prediction accuracy of the genetic decision con-
troller utilized in this study. Additionally, the de-
sign of the search space remains crucial for ENAS.
By investigating various search space designs, we
aim to expand the application of ENAS into other
fields, such as medicine and cognitive diagnosis.
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100, achieving a test error of 2.39 on CIFAR-10
with only 0.3 GPU days of computation. Moreover,
we assessed the scalability of architectures on Im-
ageNet, visualized the MFGENAS search process,
and conducted an ablation analysis of the genetic
decision controller approach.

In future research, we will strive to develop
more efficient ENAS. There is potential to enhance
the prediction accuracy of the genetic decision con-
troller utilized in this study. Additionally, the de-
sign of the search space remains crucial for ENAS.
By investigating various search space designs, we
aim to expand the application of ENAS into other
fields, such as medicine and cognitive diagnosis.
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