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Abstract

The design of deep neural network architectures is crucial in deep learning, with superior architectures yielding exceptional
performance. The evolutionary algorithms commonly used in neural architecture search often suffer from local optima and
slow convergence. Based on an analysis of human societal development, this paper proposes a social development algorithm
(SDA) to address NAS challenges. The novelty of the algorithm primarily lies in maintaining population diversity through the
social collaborative operation and elimination and supplementation strategy, which helps avoid local optima. Additionally,
the failure tolerance mechanism ensures the search efficiency of the algorithm. Experimental results indicate that the social
development algorithm (SDA) improves architecture fitness by 4% within the same timeframe as the Zen-NAS algorithm. We
conducted a comparative analysis of SDA against existing state-of-the-art methods on the CIFAR datasets and ImageNet-1K.
On the CIFAR-10 dataset, SDA demonstrated superior performance, surpassing the classification accuracy of the Zen-NAS
and LEMONADE algorithms by 0.76% and 0.65%, respectively. On the CIFAR-100 dataset, SDA achieved a significant
improvement, outperforming Zen-NAS, EffPNet, and AmoebaNet-A by 1.17%, 1.53%, and 1.97%, respectively. On the
ImageNet-1K dataset, although EfficientNet-B7 achieved the highest accuracy of 84.4% at a high computational cost of 3800
GPU days, SDA achieved a competitive accuracy of 82.6% with only 0.42 GPU days, demonstrating superior efficiency in
neural architecture search. Moreover, SDA outperformed other state-of-the-art methods, showcasing exceptional efficiency
and cost-effectiveness in both classification and search capabilities.

Keywords Evolutionary Algorithms - neural architecture search (NAS) - Image Classification - Deep Learning - Convolutional
neural networks (CNNs)

1 Introduction both are in their best state. Optimal weights are usually

obtained through the training process: a continuous loss func-

Deep Neural Networks (DNNs), the cornerstone of deep
learning, have demonstrated immense success in various
practical applications, including image classification, natu-
ral language processing,price forecasting [1-3] and speech
recognition. Unlike traditional Gaussian process regression
[4-6], the performance of DNNs depends on architecture
and weights. Optimal performance is only achieved when
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tion measures the difference between the actual output and
the expected output, and a gradient-based algorithm is typi-
cally used to minimize this loss. Historically, promising DNN
architectures were manually designed using extensive expert
knowledge, as seen in models like VGG [7], ResNet [8],
and DenseNet [9]. Achieving an efficient network requires
repeated experimentation, improvements, and adjustments,
thus consuming substantial time and GPU resources. Neu-
ral Architecture Search (NAS) aims to transform the task of
DNN architectural design into an automated process to opti-
mize the structural design of neural networks. This reduces
reliance on deep learning experts and significantly decreases
the time required to design efficient networks, enhancing the
efficiency of finding superior architectures. NAS algorithms
allow us to explore and evaluate many network architec-
tures to identify the model best suited for a specific task.
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Fig.1 Algorithm flowchart
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Existing Neural Architecture Search (NAS) algorithms can
be broadly categorized into three types based on the search
strategies used: NAS algorithms based on Reinforcement
Learning (RL) [10], gradient-based NAS algorithms, and
those using Evolutionary Computation (EC) [11], specifi-
cally Evolutionary NAS (ENAS) algorithms. Specifically,
RL-based algorithms typically require thousands of Graphics
Processing Units (GPUs), even when executed on moderately
sized datasets such as the CIFAR-10 image classification
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benchmark [12]. Gradient-based algorithms are more effi-
cient than those based on RL. However, researchers often
encounter pathological architectures due to the incorrect
relation of gradient-based optimization, which has not yet
been mathematically proven. Additionally, gradient-based
methods require the prior construction of a supernet, which
demands significant expertise. Evolutionary algorithms are
renowned for their ability to perform global searches, mean-
ing they can explore a broad area of the search space, not
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just local optima. This capability allows ENAS to discover
more diverse and innovative network architectures that tradi-
tional gradient-based optimization methods might overlook.
However, despite their effectiveness in many domains, evo-
lutionary algorithms have drawbacks and limitations, such
as the potential need for extended periods to find an opti-
mal or acceptable solution, especially in cases with large
search spaces or high problem complexity. Algorithms may
need to iterate through many generations before converging.
Although evolutionary algorithms have strong global search
capabilities, they might still get trapped in local optima,
potentially preventing them from finding the global opti-
mum. In response to the analysis and limitations of NAS
algorithms, this paper proposes an efficient and flexible
social development algorithm to design efficient, compact
CNN architectures. By examining the experiences of human
social development, we identify three critical factors influ-
encing societal progress: individual quality, social systems,
and developmental resources. We argue that in a continuously
evolving and optimizing society, the quality of individuals
should improve over time. A well-functioning social sys-
tem includes excellent capabilities for social collaboration,
innovation mechanisms, and a tolerance for failure. Drawing
on these insights from social development, we introduce the
Social Development Algorithm to address the challenges of
neural network architectural design. The main contributions
are as follows:

1. The concept of social collaborative operation is proposed
in this paper. In the process of societal development, peo-
ple collaborate to solve problems. The social collaborative
operation of this algorithm randomly selects multiple par-
ents from the population and places a portion of each
parent’s genes into a new individual. This ensures that the
offspring contain genes from multiple parents, thereby
more effectively maintaining genetic diversity within the
population. Furthermore, this approach introduces more
variation and diversity, which assists in escaping local
optima.

2. A failure tolerance mechanism is introduced in this algo-
rithm. After executing fusion and innovation operations,
the algorithm assesses the fitness of the newly generated
individuals, comparing it to the fitness levels of exist-
ing members of the population. If the offspring’s fitness
does not surpass that of any individual in the popula-
tion, the failure tolerance mechanism is activated. This
involves repeatedly performing the fusion or innovation
operations until a superior offspring is produced or the
maximum number of failure tolerance attempts is reached.
The failure tolerance mechanism enables the algorithm to
persistently attempt to generate more optimal individuals,
thereby enhancing its search capabilities and aiding in dis-
covering superior solutions. By continuously striving to

generate superior individuals, the failure tolerance mech-
anism can accelerate the optimization process and help
find solutions closer to the optimal in a limited number of
iterations.

3. The algorithm incorporates individual selection oper-
ations and developmental resource provision. As the
number of iterations increases, the algorithm escalates
the quantity of individuals culled, thereby accelerating
the evolutionary process of the population. Once a certain
threshold is reached, the number of eliminations remains
constant. After eliminating certain individuals, new ones
are added to the population. This approach serves two pri-
mary purposes: firstly, to maintain a constant population
size, and secondly, to introduce new individuals. These
newly added individuals may possess different genetic
combinations, enhancing the diversity of the population,
improving the quality of its members, and preventing the
algorithm from converging on local optima.

The remainder of this paper is organized as follows. Sec-
tion 2 provides an overview of the background and related
work. Section 3 details the proposed Social Development
Algorithm. Section 4 presents the experimental design and
results. Finally, Sect. 5 concludes the paper.

2 Background and related work

Elsken et al. [13] divide NAS (Neural Architecture Search)
into three phases: search space, search strategy, and per-
formance estimation strategy. The ENAS (Efficient Neural
Architecture Search) algorithm utilizes Evolutionary Com-
putation (EC) techniques to address NAS challenges. EC
is a family of algorithms that simulate natural evolutionary
processes such as natural selection and genetic mutation to
solve optimization and search problems. These algorithms
draw from the concept of biological evolution, iteratively
developing a population through selection, replication, muta-
tion, and recombination to continuously refine solutions.
Notably, Genetic Algorithms (GA) [14], Genetic Program-
ming (GP) [15], and Particle Swarm Optimization (PSO) [16]
are commonly used EC methods in practice. Due to their
robustness against local minima and independence from gra-
dient information, EC methods have been widely applied to
solve complex non-convex optimization problems [17], even
when the mathematical form of the objective function is not
explicitly available [18]. EC methods have been employed
for over two decades to search for optimal neural architec-
tures and evolve the weights of neural networks, a process
known as neuroevolution [19]. Compared to neuroevolution,
ENAS focuses more on searching for architectures, subse-
quently using gradient-based algorithms to optimize weight
values. The first instance of ENAS is often considered to be
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the LargeEvo algorithm [19], which was proposed by Google
and published in an early version on arXiv in March 2017.
This paper was later accepted at the 34th International Con-
ference on Machine Learning in June 2017. The LargeEvo
algorithm utilizes GA to search for the best architectures of
CNNE, and its effectiveness has been demonstrated through
experimental results on CIFAR-10 and CIFAR-100 [12].
Subsequently, a multitude of ENAS algorithms have been
proposed. The key to ENAS lies in its strategy methods for
sampling parents, updating the population, and generating
offspring. For instance, Real et al. (2017) [20], Real et al.
(2019) [21], and Liu et al. (2018b) [22] employ tournament
selection for sampling parents, whereas Elsken et al. (2019)
[23] use inverse density sampling from the multi-objective
Pareto front. Real et al. (2017) [20] eliminate the worst-
performing individuals from the population, while Real et al.
(2019) [21] find that removing the oldest individuals (reduc-
ing greed) is beneficial, and Liu et al. (2018b) [22] do not
remove any individuals at all. For offspring generation, most
methods initialize sub-networks randomly, whereas Elsken
etal. (2019) [23] adopt Lamarckian inheritance, transferring
knowledge (in the form of learned weights) from parent net-
works to offspring networks through network morphisms.
Real et al. (2017) [20] also allow offspring to inherit all
parameters from their parents unaffected by the applied muta-
tions. However, this inheritance does not strictly preserve
functionality and can potentially accelerate learning com-
pared to random initialization. We propose a new neural
network architecture search strategy, the Social Development
Algorithm.

3 Algorithm introduction
3.1 Algorithm description

By analyzing the experiences of human social development,
we extract three crucial factors that influence the develop-
ment of a society: individual quality, social system, and
development resources. We believe individual quality should
improve progressively in a continuously developing and opti-
mizing society. Such a society should have a sound social
system, including excellent organizational problem-solving
abilities, a free innovation mechanism, and a failure tolerance
mechanism. Drawing from social development, we propose
the Social Development Algorithm (SDA) for neural network
architecture search. This algorithm incorporates individual
selection operations, fusion operations, individual innova-
tion exploration operations, failure tolerance mechanisms,
and development resource supply operations. For the prob-
lem of neural network architecture search, conventional EA
algorithms often encounter issues such as getting trapped in
local optima, failing to find the global optimal solution, and
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slow convergence. The social development algorithm intro-
duces a trapezoidal elimination strategy and development
resource supply operations to address these shortcomings.
These innovations promptly eliminate poorly performing
neural network architectures while simultaneously supple-
menting the population with new architectures that contain
excellent genetic fragments, thus avoiding local optima and
improving the chances of finding the global optimum. The
failure tolerance mechanism maximizes the effectiveness of
the fusion and individual innovation exploration operations,
maintaining the evolutionary speed of the population and
facilitating rapid convergence.

3.2 Algorithm process

The process of the social development algorithm is illustrated
in Fig. 1. The algorithm begins by randomly initializing a
population of neural network architectures, with each indi-
vidual representing the encoding of a network architecture.
Following this, the fitness of each architecture is computed.
The details of the random initialization process and fitness
calculation will be introduced later. After computing the fit-
ness, the algorithm enters the iteration process, where we first
randomly select several architectures from the population for
fusion operations. The fusion process combines parts of each
selected architecture to generate a new individual, which may
alter the individuals within the population. After the fusion
process, several individuals are randomly selected for inno-
vation exploration operations. The innovation exploration
operation modifies the selected individuals’ architectures,
including replacing certain neural network blocks (but not
all) with other blocks from the search space, and setting
different output channel numbers, sub-layer numbers, and
bottleneck channel numbers.

Following this, we enter a conditional elimination phase.
When the number of iterations exceeds a certain threshold,
we eliminate a certain number of individuals from the current
population. The number of individuals eliminated increases
with the number of iterations, and this increment can be con-
trolled by setting parameters. After the elimination step, the
population size decreases, requiring us to add the same num-
ber of individuals to the population to maintain its size. Once
the addition is complete, an iteration cycle is completed. At
this point, we check if the algorithm meets the termination
conditions, such as reaching the iteration limit or observ-
ing no change in the highest fitness of the population for N
consecutive generations. The iteration terminates if the con-
ditions are met, yielding an optimized population. We then
select the individual with the highest fitness from this pop-
ulation as the result of our algorithm, representing the most
optimal architecture.
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Fig. 2 Encoding strategy of architecture. The overall architecture is
constructed by sequentially connecting multiple sub-blocks. Each sub-
block is defined by a string that specifies the sub-block’s network block
type, output channel number, input channel number, bottleneck channel
number, number of sub-layers, and stride. For example, if a sub-block
string is SuperResK1K7K1(8,656,1,16,5), it indicates that the sub-block

3.3 Encoding method and search space

The search space is constructed based on references [24] and
[25], consisting of residual and bottleneck blocks defined
in ResNet. Using string encoding, we represent the solu-
tion to the neural network architecture search problem, i.e.,
the network architecture. The encoding comprises multi-
ple substrings, each representing a neural network block.
A substring includes the name of the neural network block
and numbers enclosed in parentheses. For network blocks
of the SuperConvKXBNRELU type, the numbers in paren-
theses indicate the input channel number, output channel
number, and stride of the block. For SuperResKXKX and
SuperResK1KXK1 type blocks, the numbers represent the
input channel number, output channel number, stride, and a
number of sub-layers, respectively. A parent string formed
by concatenating multiple substrings in sequence repre-
sents the complete architecture of a neural network, where
each substring corresponds to a sequentially connected neu-
ral network block. The overall neural network architecture
encoding and the encoding of local sub-blocks are shown in
Fig. 2. Figures 3 through 5 illustrate the specific structural
compositions of SuperResKXKX and SuperResK1KXK1
network blocks and how different strings represent these
structures.

3.4 Algorithm framework

Algorithm 1 presents the overall framework of the Social
Development Algorithm, The main components of the algo-
rithm include social collaborative operation, social inno-
vation operation, trapezoidal elimination, and development
resource supply operation. The algorithm searches the search
space through social collaborative operation and innovation
operation, avoids ineffective searches through the failure
tolerance mechanism, promptly eliminates individuals with

type is SuperResK1K7K1, with an input channel number of 8, an output
channel number of 656, a stride of 1, a bottleneck channel number of 16,
and 5 sub-layers. The overall architecture string is composed of multi-
ple such substrings, representing a neural network architecture formed
by serially connecting the blocks corresponding to these substrings

no development potential using the trapezoidal elimination
strategy, and adds individuals with excellent genetic frag-
ments to the population through the development resource
supply operation.

Algorithm 1

Input: Maximum number of iterations o, Tolerance for unchanged
highest fitness over generations t, Baseline parameter for the num-
ber of individuals to be removed 6, Iteration threshold for removing
individuals 7, Individuals are removed at iterations that are integer
multiples of €, Upper limit of tolerance for individual innovation
¥, Maximum tolerance for social collaboration operation failures 3,
Number of individuals randomly selected for fusion operations «,
Upper limit on the number of individuals to be eliminated h.

Output: The optimal architecture s

1: Randomly initialize the algorithm to obtain the initial population P.

2: Number of iterations, denoted as i < 0.

3: Count of consecutive iterations with unchanged maximum fitness,
denoted as n <= 0.

4: Maximum fitness / < 0.

S5:whilei <o & n<tdo

6:  Social collaborative operation tolerance frequency blend < 0.

7:  while blend < B do

8: Randomly select « individuals from population P.

9: Perform social collaboration operations on these « individuals.

10: Compute the fitness of the new individual g.

11: if the fitness of ¢ > the lowest fitness in the population then

12: Replace the individual corresponding to the lowest fitness
with g.

13: BREAK

14: end if

15: ++blend

16:  end while
17:  Innovation tolerance frequency explore <= 0.
18:  while explore < y do

19: Randomly select an individual p from P.

20: Innovate network blocks for p.

21: Innovate the number of output channels for p.

22: Innovate the number of sub layers for p.

23: Innovate the number of bottleneck channels for p.

24: Calculate the fitness of the new individual g.

25: if the fitness of ¢ > the lowest fitness in the population then

26: Replace the individual corresponding to the lowest fitness
with ¢.
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27: BREAK

28: end if Algorithm 2

29: ++explore Input: Maximum tolerance for social collaboration operation failures
30:  end while B, number of individuals randomly selected for fusion operations c,
31: r<ije maximum number of individuals to be eliminated &, Social collab-

32:  if risaninteger & the number of individuals in the population
> threshold » then

33: if 7 x 0 < h then

34: u<<=rx0

35: else

36: u<h

37: end if

38: Identify the oldest 2*u individuals from the existing popula-
tion P as a group.

39: Eliminate the u individuals with the lowest fitness from the
group.

40: Randomly generate u new solutions and add them to the exist-
ing population P.

41:  endif

420 i+

43: if Maximum fitness of existing population o > [ then
44: <o

45: n<0
46: else

47: ++n
48: end if

49: end while
50: output the optimal architecture s.

3.5 Social collaborative operation

Randomly select N individuals from the population for
the collaborative operation, in which each individual is an
encoded neural network architecture. Begin by selecting two
individuals, A and B, from these N individuals. Create a
mixed neural network architecture encoding, blend1, by com-
bining the first substring (first neural network block) of A
with the second substring and subsequent parts of B. Next,
blend blendl with a randomly selected third individual, C,
by connecting the first two substrings of blendl with the
third substring and subsequent parts of C, resulting in blend2.
Repeat this process until all N individuals have been fused.
After fusion, adjust the input and output channel numbers of
the entire string. As shown in Fig. 6, we first select 6 individ-
uals from the population, labeled A, W, X, D, G, and I. The
substrings a, w, X, d, g, and i represent the sub-neural net-
work blocks of these 6 individuals. These 6 network blocks
are sequentially connected to form a new individual. After
the social collaborative operation, the new architecture string
includes parts of each old string.
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orative operation tolerance frequency blend.

Output: The new architecture generated by social collaboration oper-
ations e

1: Initialize a new empty architecture e

2: while blend < B do

3:  Randomly select « individuals from population P

4 fori =0tow do

5 if the i-th individual has i sub-blocks then

6: Randomly select the i-th sub-block e; of the i-th individual

7 Set the number of output channels of the last block of e as
the input channel count of e;.

8: Add sub-block e; to e.
9: else

10: continue

11: end if

12:  end for

13:  Compute the fitness of the new individual g.
14: if the fitness of ¢ > the lowest fitness in the population then

15: Replace the individual corresponding to the lowest fitness
with g.

16: break

17:  endif

18:  ++blend

19: end while

3.6 Social innovation operation and random
initialization of population

The social innovation operation involves modifying several
neural network blocks within the architecture. For each ran-
domly selected neural network block, i.e., a specific substring
in the encoding, we primarily alter the block’s type, number
of output channels, and number of sub-layers. We randomly
select a replacement block from the search space for a given
neural network block, thereby changing the block’s type to
another type. For the block’s output channels, we multiply
the number indicated in the block’s substring by 1, 1.25,
1.5, 2, and 2.5, and divide by 1.25, 1.5, 2, and 2.5. These
numbers are then processed to be multiples of 8, dedupli-
cated, and added to a set. A random number from this set is
selected to replace the number of original output channel in
the block’s substring. The innovation operation for the bot-
tleneck channel number follows the same procedure as for
the number of output channel. We adjust the original num-
berby +1, 42, —1, —2, and +0 for the number of sub-layers.
These numbers are deduplicated, added to a set, and arandom
number from this set is selected to replace the original num-
ber of sub-layer in the block’s substring. After replacement,
the number of input channel of the new block is set to the
number of output channel of the preceding block. After sev-
eral social innovation operations, we explore various blocks
within the neural network. We then remove any potentially
empty blocks and adjust the channel relationships between
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Fig.3 The structure of basic blocks a and b, with a on the left and b on
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blocks to form a new individual, q. We compute the fitness
score of the new individual, q. If q’s fitness score exceeds that
of some individuals in the population P, we replace the worst-
performing individual in P with q. Otherwise, we implement
afailure tolerance mechanism, continuing the neural network
architecture innovation operation until the maximum num-
ber of operations ¢ is reached or finding a new individual q
that outperforms some individuals in P, replacing the worst-
performing individual in P with q.

Algorithm 3

Input: Maximum number of individual innovation tolerance y, number
of individual innovation operations §.

Output: The new architecture generated by social innovation opera-
tions e

Fig. 4 The structure of blocks RESA and RESB, with RESA on the
left and RESB on the right

: Number of social innovative operations i < 0

: Number of social innovative operation tolerances explore < 0

: whilei < § do
while explore < y do

Randomly select an individual p from population P.

Randomly select a sub-block p; from p.

Randomly replace the neural network block in p; with a new
neural network block.

8: Calculate a set of potential number of output channel by mul-
tiplying and dividing the original output channel count of p; by 1,
1.25,1.5,2,25.

9: Normalize all new numbers of output channel in the set to
multiples of 8 and remove duplicates.

10: Randomly select one number of output channel from the set
to replace the original number.

11: Generate a set of potential sub-layer numbers by adding and

subtracting 1, 2, -1, -2, and 0 to/from the original sub-layer count of

Pi-

A ol e

12: Remove duplicates from the new sub-layer numbers set.

13: Randomly select one sub-layer number from the set to replace
the original layer count.

14: Calculate a set of potential bottleneck channel counts by mul-

tiplying and dividing the original bottleneck channel count of p; by
1,1.25,1.5,2,2.5.

15: Normalize all new numbers of bottleneck channel in the set
to multiples of 8 and remove duplicates.

16: Randomly select one bottleneck channel number from the set
to replace the original count.

17: Compute the fitness of the new individual g.

18: if the fitness of ¢ > the lowest fitness in the population then

19: Replace the individual corresponding to the lowest fitness
with ¢.

20: break

21: end if

22: ++explore

23:  end while

24:  ++i

25: end while

Random initialization is used before the algorithm’s iter-
ation process. We input a seed architecture containing fewer

@ Springer



538

Progress in Artificial Intelligence (2025) 14:531-548

Fig.5 The structure of blocks
SuperResK1KXK1 and
SuperResKXKX. Assuming the
string is Super-
ResK1K7K1(8,656,1,16,5), the
convolution kernel within the
block is 7, and the number of
RES block is 4 because the
number of sub-layers is 5. The
value 656 represents the output
channels of the
SuperResK1K7K1 block, 1 is
the stride of the convolution
block, and 16 is used to set the
input and output channels within
the sub-blocks of
SuperResK1K7K1
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Fig.6 Example of social collaborative operation. Individuals A, W, X,
D, G, and I were randomly selected from the population. The substrings
a, W, X, d, g, and i represent the sub-neural network blocks of these six
individuals
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neural network blocks than the desired final architecture. This
seed architecture includes only the essential neural network
blocks to ensure that during the social innovation process,
the architecture does not transform into only one type or a
single neural network block from the search space. This is
important because during the exploration of neural network
blocks, candidate blocks are derived based on the state of the
original blocks. If the seed string contains only a subset of the
neural network blocks, it may lead to an incomplete search
of the search space. When generating a new individual, the
exploration operation differs slightly: the new neural network
blocks are added before the original blocks rather than replac-
ing them. This approach increases the number of blocks in
the network architecture. A parameter can be set to control
the maximum number of blocks in the neural network archi-
tecture. This process generates and adds a new architecture
to the population. By executing this process multiple times,
a population is created that consists of random variations of
the seed architecture.

3.7 Elimination and supplementation strategy

To maintain population stability and gradually eliminate low-
fitness neural network structures, the algorithm needs to
eliminate certain individuals from the population at specific
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Fig.7 Example of the social
innovation operation. Involves
sets W, X, Y, and Z, which
represent the candidate neural
network block types, output
channel numbers, bottleneck
channel numbers, and sub-layer
counts, respectively. The
innovation operation randomly
selects from these four sets to
form new neural network blocks
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intervals. First, calculate the absolute difference between the
current number of individuals in the population and the spec-
ified population size to obtain the number m. Then, identify
the 2*m structures with the lowest fitness in the popula-
tion. Among these 2*m structures, find the m structures that
have existed the longest and eliminate them. This approach
eliminates low-fitness individuals while retaining some of
the newer structures, thereby preventing the algorithm from
getting stuck in local optima and affecting the final search
result. The number of individuals removed and supplemented
increases gradually with the iteration process and eventually
stabilizes.

4 Experiments and discussions

In this chapter, we design a series of experiments to validate
the effectiveness of the proposed algorithm. We primarily
use two datasets, CIFAR-10, CIFAR-100 and ImageNet-1k
for the experiments.

4.1 Benchmark datasets

We use three widely utilized benchmark datasets in NAS to
quantify the algorithm performance: CIFAR-10, CIFAR-100
and ImageNet-1K. These datasets are commonly used for

z

CNN-based classification tasks, providing numerous chal-
lenging competitors for performance comparison. CIFAR-10
consists of 60,000 images, with 50,000 used for training and
10,000 for testing. Each image is a 32 x 32 RGB image,
uniformly distributed across 10 different classes, such as
airplanes, cars, birds, and cats. The CIFAR-100 dataset is
similar to CIFAR-10 but contains 100 classes, each with 500
training images and 100 testing images. The larger number of
classes and the fewer images per class make the classification
of CIFAR-100 more challenging. The ImageNet-1K dataset
is a widely used benchmark in computer vision, consisting
of 1000 object categories with 1.2 million training images,
50,000 validation images, and 100,000 test images. It serves
as a foundational dataset for training and evaluating deep
learning models in image classification. Compared to the
CIFAR datasets, ImageNet-1K contains higher-resolution
images and a significantly larger number of categories, mak-
ing it more challenging for neural network training.

4.2 Experiment settings

The hyperparameters of the algorithm mainly involve the
social development algorithm part and the training part.The
parameters of the social development algorithm are summa-
rized in Table 1 For all training experiments, we use the
Stochastic Gradient Descent (SGD) optimizer with a momen-
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tum of 0.9. The weight decay is set to Se-4 for CIFAR-10/100
and 4e-5 for ImageNet. The initial learning rate is le-1, with
a batch size of 256. The learning rate follows a cosine decay
schedule [26]. Models are trained for up to 1440 epochs on
CIFAR-10/100 and 480 epochs on ImageNet.All experiments
are conducted on an RTX 4090 GPU.

4.3 Overall results

In this section, we compare our algorithm with numer-
ous state-of-the-art algorithms on the CIFAR datasets and
ImageNet-1K. Table 2 presents the experimental results for
the CIFAR datasets, while Table 4 showcases the results for
ImageNet-1K.

4.3.1 Results on CIFAR datasets

Table 2 presents the experimental results of the social
development algorithm and selected peer competitors on
CIFAR-10 and CIFAR-100 in terms of architecture complex-
ity, classification performance, and search cost.

In the Table 2, we classify the selected competing meth-
ods into three groups based on the degree of automation
in the design of network architecture. Note that the degree
of automation of the original components (e.g., convolution
operators) is not considered. The first Group consists entirely
of human-designed state-of-the-art compact CNN architec-
tures, including ResNet110 [27], DenseNet-BC (k= 12) [28],
MobileNetV2 [29], ShuffleNetV2 [30] and Ghost-ResNet-
56 [31]. These compact CNN architectures perform well in
image classification tasks, and their modules are widely used
in many NAS algorithms. The algorithms in the second group
are fully automated and do not require extensive domain
knowledge to assist in the architecture search. This group
includes NAS V3 [32], MetaQNN [33], LS-Evolution [20],
CGP-CNN (ResSet) [34], FPSO [35], AE-CNN [36], and
CNN-GA [37]. Note that GD-based NAS algorithms require
manual construction of supernets in advance, involving
extensive prior knowledge of CNNs. Therefore, the second
group only includes RL- and EC-based NAS algorithms.The
third set of algorithms belongs to the “automatic+manual”
NAS method. The CNN architectures in the set are designed
by NAS algorithms and require manual intervention, such
as manually predefined macro-architectures or supernets.
This group includes NAS algorithms based on reinforce-
ment learning (RL), gradient descent (GD), and evolutionary
computing (EC), focusing on compact architecture design
such as LEMONADE [23], NSGA-Net [38] and FPNASNet
[39]. Other algorithms include Block-QNN-S [40], NASNet-
A [41], ENAS [42], DARTS [43], NAO [44], SNAS [45],
ProxylessNAS [46], GeNet [47], Hierarchical Evolution
[48], AmoebaNet-A [21], EffPNet [49], SI-EvoNet-S[?], and
PNAS [50]. Algorithms such as LEMONADE [23], NSGA-
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Net [38], GeNet [47], Hierarchical Evolution [48], EffPNet
[49], SI-EvoNet-S [51] and AmoebaNet-A [21] use evolu-
tionary computing. Since our algorithm requires manually
predefined search spaces, it belongs to the third group, the
“Auto + Manual” NAS methods.

Specifically, we use the number of parameters (#Param-
eters) to indicate architecture complexity and GPU days to
measure search cost. A dash (“—”") indicates that the corre-
sponding algorithm did not report results. The three groups
of peer competitors are separated by horizontal lines, and the
best results of the proposed method are shown at the bottom
of the table. The resulting three architectures are referred to
as SDA-A, SDA-B, and SDA-C.

As shown in Table 2, SDA-A achieves an accuracy of
96.96% on the CIFAR-10 dataset, outperforming all man-
ually designed networks, including ResNet-110 (93.57%)
[27], DenseNet BC (95.49%) [28], and MobileNetV2 (94.56%)
[29]. Compared to the evolutionary algorithm-based method
ZenNet [52], which adopts the same fitness criteria and
similar parameter size (0.99M vs. 1M), SDA-A demon-
strates superior accuracy. Furthermore, SDA-A ranks ninth
among all methods evaluated, with only eight hybrid (manual
and automated) methods achieving higher accuracy. How-
ever, these top-performing methods, such as ProxylessNAS
(97.92%) [46] and NASNet-A (97.35%) [41], require sig-
nificantly more parameters (5.7M and 3.3M, respectively).
Moreover, the search cost of SDA-A is only 0.05 GPU-days,
which is 80 times lower than that of DARTS (4 GPU-days)
[43] and 4000 times lower than NAO (200 GPU-days) [44].
These results suggest that SDA-A achieves a near-optimal
balance between accuracy, model size, and computational
efficiency, making it highly competitive for practical deploy-
ment.

On the CIFAR-100 dataset, SDA-C achieves outstand-
ing performance, surpassing all manually designed net-
works such as ResNet-110 (74.84%) [27] and MobileNetV2
(77.09%) [29], with significantly fewer parameters (1.22M
comparedto 1.7M and 2. 1M, respectively). In addition, SDA-
C outperforms all automated methods, exceeding EPCNAS-
C [53] by 1.37%, while maintaining a lower number of
parameters (1.22M vs. 1.29M) and reduced search cost
(0.213 vs. 1.1 GPU-days). Among the hybrid (manual and
automated) methods, SDA-C outperforms most existing
algorithms. For instance, NAO [44] achieves an accuracy
of 84.33% using 10.6M parameters, while SDA-C achieves
a competitive accuracy of 83.0%, reducing the parameter
count by a factor of 8.8. Additionally, SDA-C’s search cost
is only 0.213 GPU-days, approximately 1000 times lower
than that of NAO (200 GPU-days) [44].

Overall, traditional manual design methods, such as
ResNet-110 [27]and MobileNetV2 [29], struggle to achieve
competitive accuracy and require expert knowledge, limit-
ing their scalability. Fully automated methods, like NAO
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Table 1 Social Development

. Parameters
Algorithm Parameters

Values

Loop count

Population size

Iteration limit

Counts the number of iterations.

512 (If the population size falls below the specified threshold, a new
network is randomly created.)

50 (If the maximum fitness score does not improve over 50
consecutive iterations, the iteration stops.)

20

Half of the population size (i.e., 256). If the loop count is a multiple of
20 and the population size exceeds 256, existing individuals are
removed, and new individuals are added.

10 (During individual removal, the 8 x Loop count / € individuals with
the lowest fitness among the 20 x Loop count / € longest-existing
individuals are removed.)

256 for the social collaboration operation, indicating up to 256
innovation operations. If the fitness of the newly generated
individual does not exceed the lowest fitness in the population,
collaboration continues until a better individual is found or the
256-iteration limit is reached.

50 for the social innovation operation, indicating up to 50 innovation
operations. If the fitness of the newly generated individual does not
exceed the lowest fitness in the population, innovation continues
until a better individual is found or the 50-iteration limit is reached.

[44] and EPCNAS-C [53], often suffer from excessive com-
putational costs, with search times exceeding hundreds to
thousands of GPU days, making them impractical for real-
world applications. In contrast, semi-automated approaches
(Auto + Manual), including SDA, successfully integrate
domain knowledge with search algorithms, enabling efficient
exploration of the architecture space. SDA-A and SDA-C
achieve state-of-the-art performance with significantly lower
search costs, outperforming most fully automated methods
while requiring only a fraction of their computational budget.

Table 3 summarizes the comparative analysis between
SDA and state-of-the-art methods across different search
paradigms. While NASNet-A [41] and ProxylessNAS [46]
achieve higher CIFAR-10 accuracy, they require signifi-
cantly more parameters and computational resources. In con-
trast, SDA-A achieves competitive accuracy with a minimal
parameter count and the lowest search cost. On CIFAR-100,
SDA-C achieves top-tier accuracy while being one of the
most computationally efficient models.

4.3.2 Results On ImageNet-1K

Table 4 presents a comparative analysis of the social develop-
ment algorithm and other neural architecture search (NAS)
methods based on Top-1 accuracy (%) and search cost, mea-
sured in GPU days, on the ImageNet-1K dataset. The results
highlight the trade-offs between classification performance
and computational efficiency among different architectures.
Among the listed methods, EfficientNet-B7 [54] achieves the
highest Top-1 accuracy of 84.4%, but at the expense of an

extremely high computational cost (3800 GPU days), mak-
ing it less practical for resource-constrained environments.
In contrast, the proposed SDA-D architecture achieves a
competitive Top-1 accuracy of 82.6% while requiring only
0.42 GPU days, demonstrating superior efficiency in neu-
ral architecture search. Compared to other NAS approaches,
SDA-D significantly reduces search costs while maintain-
ing high classification performance. For instance, PNAS [50]
achieves a lower 74.2% accuracy with a substantially higher
search cost (224 GPU days), while MetaQNN [33] attains
77.4% accuracy but requires 96 GPU days, both of which are
considerably less efficient than SDA-D. Moreover, reinforce-
ment learning-based NAS methods, such as NASNet-A [41],
demand 1800 GPU days yet achieve only 74.0% accuracy,
illustrating their high computational overhead relative to the
proposed approach. Overall, SDA-D achieves an optimal bal-
ance between accuracy and efficiency, outperforming many
state-of-the-art NAS methods in terms of computational cost
while maintaining competitive classification performance.
These results underscore the effectiveness of SDA-D as a
practical and resource-efficient solution for NAS.

4.4 Algorithm analysis

4.4.1 Algorithm performance statistical analysis

In this section, we set the parameters as follows: 0 = 10, € =
10,n = 256, 8 = 384,¢ = 64, and conducted 20 exe-

cutions of the algorithm. The maximum execution time for
each iteration was set at 5 hours. Upon completion of the
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Table 2 Experimental Results On CIFAR datasets

Method #Params (M) CIFAR-10 CIFAR-100 GPU Days Type
ResNet-110 [27] 1.7M 93.57 74.84 — Manual
DenseNet-BC (k = 12) [28] 0.8 M 95.49 77.72 — Manual
MobileNetV2 [29] 2.1M 94.56 77.09 — Manual
ShufteNetV2 [30] 2.47M 94.17 — — Manual
Ghost-ResNet-56 [31] 043 M 92.7 — — Manual

NAS V3 [32] 7.1M 95.53 — 22400 Automatic
MetaQNN [33] 11.2M 93.08 72.86 90 Automatic
LS-Evolution [20] 54M 94.6 — 2750 Automatic
LS-Evolution [20] 404 M — 77 2750 Automatic
CGP-CNN (ResSet) [34] 201 M 94.99 — 30 Automatic
FPSO [35] 0.7M 93.72 — 1.65 Automatic
AE-CNN [36] 2.0M 95.7 — 27 Automatic
AE-CNN [36] 54 M — 79.15 36 Automatic
CNN-GA [37] 29M 96.78 — 35 Automatic
CNN-GA [37] 4.1 M — 79.47 40 Automatic
EPCNAS-A [53] 0.12M 95.05 — 1.17 Automatic
EPCNAS-B [53] 031 M 96.27 - 1.17 Automatic
EPCNAS-C [53] 1.16 M 96.93 - 1.1 Automatic
EPCNAS-A [53] 0.15M - 74.63 1.25 Automatic
EPCNAS-B [53] 0.35M - 79.44 1.13 Automatic
EPCNAS-C [53] 1.29 M - 81.67 1.1 Automatic
LEMONADE [23] 0.5M 95.43 — 80 Auto + Manual
LEMONADE [23] 1.1 M 96.31 - 80 Auto + Manual
NSGA-Net (macro) [38] 33 M 96.15 79.26 8 Auto + Manual
FPNASNet [39] 5.76 M 96.99 — 0.83 Auto + Manual
Block-QNN-S [40] 6.1 M 96.7 82.95 90 Auto + Manual
NASNet-A [41] 33 M 97.35 - 2000 Auto + Manual
ENAS [42] 4.6 M 97.11 - 0.45 Auto + Manual
DARTS [43] 33 M 97.24 — 4 Auto + Manual
NAO [44] 10.6 M 97.52 — 200 Auto + Manual
NAO [44] 10.8 M — 84.33 200 Auto + Manual
SNAS [45] 2.8 M 97.15 — 1.5 Auto + Manual
ProxylessNAS [46] 57M 97.92 — 1500 Auto + Manual
GeNet [47] — 92.9 70.97 17 Auto + Manual
Hierarchical Evolution [48] 157 M 96.37 — 300 Auto + Manual
AmoebaNet-A [21] 32M 96.66 81.07 3150 Auto + Manual
EffPNet [49] 2.54 M 96.51 81.51 <3 Auto + Manual
SI-EvoNet-S [51] 1.84 M 97.31 — 0.458 Auto + Manual
SI-EvoNet-S [51] 3.32M — 84.3 0.813 Auto + Manual
PNAS [50] 32M 96.37 80.47 150 Auto + Manual
ZenNet [52] 0.5M 96.2 — — Auto + Manual
ZenNet [52] 1M 96.2 — — Auto + Manual
ZenNet [52]] 0.5M — 79.9 — Auto + Manual
ZenNet [52] 1.0M — 80.1 — Auto + Manual
SDA-A 0.99 M 96.96 - 0.05 Auto + Manual
SDA-B 0.992 M - 81.27 0.06 Auto + Manual
SDA-C 1.22M - 83.04 0.213 Auto + Manual
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Table 3 Comparative Summary of SDA and Peer Methods

Method Type Params (M) CIFAR-10(%) CIFAR-100(%) GPU Days
ResNet-110 [27] Manual 1.7 93.57 74.84 —
EPCNAS-C [53] Auto 1.29 — 81.67 1.1
NASNet-A [41] Auto+Manual 3.3 97.35 — 2000
NAO [44] Auto+Manual 10.8 97.52 84.33 200
ProxylessNAS [46] Auto+Manual 5.7 97.92 - 1500
SDA-A (Ours) Auto+Manual 0.99 96.96 - 0.05
SDA-C (Ours) Auto+Manual 1.22 - 83.04 0.213
Table 4 Performance of different NAS methods. Boxplot of Results

Method Top-1 (%) GPU Days

AmoebaNet-A [21] 74.5 3150

EcoNAS [55] 74.8 8

CARS-1 [56] 75.2 0.4

GeNet [47] 72.1 17 e — —
DARTS [43] 73.1 4

SNAS [45] 72.7 1.5

PC-DARTS [57] 75.8 3.8

ProxylessNAS [46] 75.1 8.3

GDAS [58] 74.0 0.8 122 124 126 128 130 132 134 136
FBNetV2-L1 [59] 772 25 Result values

NASNet-A [41] 74.0 1800 Fig.8 Boxplot of results

Mnasnet-A [60] 75.2 —

MetaQNN [33] 774 926 Histogram of Results

PNAS [50] 74.2 224 _

SemiNAS [61] 76.5 4

TE-NAS [62] 76.7 0.2

OFANet [63] 80.1 51.6 .

EfficientNet-B7 [54] 84.4 3800 g

SDA-D 82.6 0.42 g

executions, we recorded the fitness of the optimal architec-
ture within the population, which served as the performance
metric for the algorithm. Finally, we created a scatter plot to
illustrate the performance outcomes of the algorithm.

The box plot (Fig. 8) illustrates the distribution of the
results from 20 experimental trials. The plot uses the box
and whiskers to depict the data’s dispersion and central ten-
dency. The lower edge of the box represents the first quartile
(Q1), the upper edge represents the third quartile (Q3), and
the central horizontal line denotes the median, or the 50th per-
centile. According to the data shown in the plot, the majority
of the algorithm execution results are concentrated between
130 and 134, indicating that the algorithm’s performance is
relatively stable. The two whiskers outside the box repre-
sent the minimum and maximum values (excluding outliers).
Outliers, marked by the individual points, indicate that a few

128 130
Result Values

Fig.9 Histogram of results

experimental results deviate significantly from the overall
distribution, which may be due to certain specific factors in
the experiment. The minimum and maximum values of the
results are 122.59 and 135.49, respectively, suggesting that
the fluctuation range of the results across the 20 trials is rel-
atively small. The first and third quartiles are 129.08 and
133.42, respectively, further confirming that the majority of
the data is distributed within this range.

The histogram (Fig. 9) further illustrates the frequency
distribution of the algorithm’s execution results. The height
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Fig. 10 Scatter Plot of results

Scatter Plot of Results
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of each bar represents the frequency of experimental results
within the corresponding range. From the figure, it is evident
that the majority of the results are concentrated in the 130
to 134 range, which is consistent with the analysis from the
boxplot. The histogram also reveals a skewness in the data
distribution, indicating that the algorithm’s execution results
tend to fall within a relatively stable range. To enhance the
readability of the histogram, the frequency of each bar has
been annotated within the figure.

The scatter plot (Fig. 10) presents the specific results of
each experimental trial. From the scatter plot, we can observe
that the experimental results fluctuate within a certain range,
with the majority of the points clustered in the middle range
(between 130 and 134). Grid lines have also been added to
the scatter plot to further assist readers in identifying the
distribution of the data points.

4.4.2 Parameter sensitivity analysis

In this section, we perform a sensitivity analysis for the
parameters €, 1, 6, B, and ¢. The search space is constructed
based on [24] and [25], consisting of residual blocks and bot-
tleneck blocks defined in ResNet. The parameter limit is set
to 1M, the population size is 512 individuals, and the total
search time is set to 5 hours. Figure 11, 12, 13, 14 illustrate
the performance of the algorithm under different parame-
ter values. In each figure, the horizontal axis represents the
parameter value, while the vertical axis denotes the fitness
of the optimal architecture within the population after the
execution of the algorithm.

From the above illustrations, we can summarize that an
excessively large or small value of 6 decreases the highest fit-
ness. When the number of individuals eliminated is too small,
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Fig. 11 The fitness of the best individual in the population under dif-
ferent values of 6, with other parameters set as follows: € = 15, 8 =384,
¢ =64

many underperforming architectures remain, and the popu-
lation’s genetic diversity decreases, making individuals too
similar and thus reducing the algorithm’s exploration capa-
bility and the speed at which it optimizes the population’s
overall fitness. Conversely, when the number of individuals
eliminated is too large, some potentially excellent architec-
tures might be removed, preventing them from contributing
to future generations, which also slows down the evolution-
ary process. The parameter € behaves similarly to 6 but also
influences the evolution speed by affecting the frequency of
individual elimination. Generally, the more fusion operations
performed, the higher the maximum fitness we achieve. How-
ever, as the number of fusion operations increases, the cost
of fusion operations rises while the corresponding benefits
diminish, which can also lead to a decline in maximum fit-
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Fig. 12 The fitness of the best individual in the population under dif-
ferent values of €, with other parameters set as follows: 6 = 10, 8 =384,
B =64
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Fig. 13 The fitness of the best individual in the population under dif-
ferent values of S, with other parameters set as follows: 6 = 10, € = 15,
¢ =64

ness. The number of social innovation operations (¢) behaves
similarly to the number of fusion operations.

4.4.3 Evolution Trajectory

In this section, we visualize the evolutionary trajectory of
the proposed method to observe the behavior of the network
architecture search and analyze the algorithm’s convergence
under the current parameter settings. We conducted 28 exper-
iments, each with different parameters, but controlled the
iteration time to be around 5 hours. This resulted in the
evolutionary trajectories of the population’s optimal archi-
tecture fitness under different parameter settings. In Figs. 15
and 16, we plot the change in fitness of the best architec-
ture over time and compare it with the evolutionary curve

—-— max score of different phi
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Fig. 14 The fitness of the best individual in the population under dif-
ferent values of ¢, with other parameters set as follows: 6 = 10, € = 15,
B =384
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Fig. 15 The evolutionary trajectories of four different parameter sets
are plotted with iteration time in minutes on the horizontal axis and
the fitness of the best individual in the population on the vertical axis:
Group a (f =20, € =15, B =384, ¢ =64), Group b (6 =10, €=20, =
384, ¢ =64), Group c (6 =10, € =15, B =16, ¢ = 64), and Group d (0
=10,e =15, 8=384,¢=192)

of Zen-NAS. At the start of the iterations, the best architec-
ture in the population is the seed architecture. In the first 1.5
hours of evolution, the evaluation values of the population’s
architecture rapidly increase in both algorithms. Zen-NAS
shows a faster initial improvement compared to our algo-
rithm. Still, as the evolution progresses, the improvement rate
of Zen-NAS declines more quickly and converges to a lower
maximum value than our algorithm. In the final generations
of evolution, our algorithm’s population converges to very
similar and relatively high fitness levels, strongly demonstrat-
ing the effectiveness of the proposed evolutionary algorithm.
Our algorithm achieves a rapid improvement in the initial
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Fig. 16 The evolutionary trajectories of four different parameter sets
are shown, with the horizontal axis representing iteration time in min-
utes and the vertical axis representing the fitness of the best individual
in the population: Group e (6 = 30, € = 15, = 384, ¢ = 64), Group
@ =10,e=10,8=384,¢9p=64),Group g (0 =10,e =15,8=32,¢ =
64), and Group h (0 =10, € =15, f =384, ¢ =32)

generations. Still, the rate of improvement becomes very
slow and small in later stages, indicating that the evolutionary
search converges to a relatively stable architecture within the
first 1.5 hours. It can be anticipated that setting a larger popu-
lation size and longer iterations (time) could potentially allow
the algorithm to find better architectures. However, based on
current observations, classification performance may not sig-
nificantly improve, and additional search time would result
in higher computational costs, which may not be worthwhile.
Our algorithm uses a variable-length encoding strategy, theo-
retically capable of evolving CNN architectures of any depth
(relationship between architecture depth and iteration count).

5 Conclusion and future research directions

In this paper, we proposed the Social Development Algo-
rithm (SDA) for evolving CNN architectures for image
classification tasks inspired by the experiences of human
social development. The algorithm incorporates individual
selection operations, fusion operations, individual social
innovation operations, a failure tolerance mechanism, a
trapezoidal elimination strategy, and development resource
supply operations. Fusion and individual social innovation
operations are designed to maximize the algorithm’s ability to
generate new architectures during evolution. The trapezoidal
elimination strategy and development resource supply oper-
ations promptly eliminate poorly performing neural network
architectures and simultaneously supplement the population
with new architectures containing excellent genetic frag-
ments, avoiding local optima and discovering global optima.
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The failure tolerance mechanism ensures the effectiveness
of fusion and individual social innovation operations, main-
taining the population’s evolutionary speed and facilitating
rapid convergence.

The first limitation of this work is that the method depends
on a predefined set of neural network sub-block types, which
means the search results may be closely tied to these prede-
fined components. The second limitation is that the network
structure components (neural network sub-blocks) are con-
nected in a sequential manner, which limits the algorithm’s
ability to explore more complex network architectures.

Therefore, for future work, one promising direction for
further exploration and improvement lies in the connectivity
between network components (neural network sub-blocks).
Future efforts may focus on replacing the current sequential
connections with more complex and diverse network topolo-
gies, such as mesh-like structures. Another potential avenue
is to investigate more flexible and dynamic strategies for the
predefined configuration of network components.
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