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Abstract

This study presents a comprehensive comparative analysis of four prominent Neural Architecture Search

(NAS) techniques—NASNet, AmoebaNet, DARTS, and ProxylessNAS—with a focus on evaluating their
effectiveness in designing efficient neural network models. By conducting experiments on the CIFAR-10
and ImageNet datasets, we assess these methods across several key metrics, including model accuracy,

search time, computational cost, and energy consumption. The results reveal significant trade-offs among
the techniques, with NASNet achieving the highest accuracy but at the cost of increased computational
resources and energy usage. DARTS, on the other hand, demonstrates remarkable efficiency in terms of
search time and resource utilization, albeit with a slight reduction in accuracy. This analysis highlights
the importance of choosing a NAS method that aligns with the specific needs of the application, whether

it be maximizing performance or optimizing for resource constraints.

Introduction

Neural Architecture Search (NAS) has
emerged as a transformative approach in the
field of machine learning, specifically in the
design and optimization of neural networks.
Traditional methods of designing neural
network architectures often rely on manual
trial-and-error  processes, where experts
iterate through various configurations to
find the most effective structure for a given
task. However, as neural networks grow in
complexity, this manual approach becomes
increasingly inefficient and impractical. The
process requires extensive domain expertise,
consumes significant time, and may not
yield the optimal architecture. This is where
NAS plays a crucial role. By automating the
search for the most suitable neural network
architectures, NAS not only reduces the
time and expertise required but also has the
potential to discover innovative architectures
that outperform manually designed models.
The ability of NAS to systematically explore
vast search spaces and optimize architectures
for specific tasks makes it a powerful tool in
advancing the field of deep learning.

The growing complexity of neural networks
further exacerbates the challenges of manual
design. Modern networks, such as deep
convolutional networks and transformers,
often comprise hundreds of layers and
millions of parameters. Designing such
networks manually is not only tedious but
also prone to suboptimal configurations that

may lead to issues like overfitting or poor
generalization to new data. Moreover, as
applications of deep learning expand into areas
requiring real-time processing, low latency, and
energy efficiency, the need for more efficient
model designs has become paramount. Manual
design methods struggle to balance these
competing demands, highlighting the necessity
for automated approaches like NAS that can
optimize architectures for both performance
and efficiency simultaneously.

Objective of the Study

The primary objective of this study is to
conduct a comprehensive comparative analysis
of different Neural Architecture Search
techniques. The focus is on evaluating their
effectiveness in designing efficient neural
network models that meet the demands of
various real-world applications. Specifically,
the research aims to explore and contrast how
different NAS methods—such as reinforcement
learning-based NAS, evolutionary algorithms,
and gradient-based approaches—perform in
terms of search efficiency, model performance,
and resource utilization. By systematically
analyzing these techniques, the study seeks
to provide insights into the strengths and
weaknesses of each method, offering guidance
on selecting the most appropriate NAS
technique for specific tasks or environments.

Scope and Significance

This research article will focus on a selected
set of NAS techniques, chosen based on
their prevalence in the literature and their
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applicability to diverse tasks. The techniques analyzed will
include reinforcement learning-based NAS, which uses
reinforcement learning to guide the search process; evolutionary
algorithms, which mimic biological evolution to iteratively
improve neural architectures; and gradient-based methods like
Differentiable Architecture Search (DARTS), which utilize
gradient descent to efficiently explore the search space. Each
of these techniques offers distinct advantages and challenges,
making them suitable for different types of applications.

The significance of this study lies in its relevance to several
key application domains where optimized neural network
architectures are critical. For instance, in edge computing
environments, where computational resources are limited,
designing efficient neural networks is crucial for achieving
low-latency, real-time processing. Similarly, in applications
like autonomous vehicles, medical diagnostics, and mobile
devices, the balance between model accuracy and resource
efficiency directly impacts the feasibility and performance of
the deployed systems. By evaluating the capabilities of different
NAS techniques in these contexts, this study aims to contribute
valuable knowledge that can inform the development of more
effective and efficient neural network models, ultimately
advancing the state of the art in machine learning and its
practical applications.

Literature survey

The design of neural networks has undergone significant
evolution since the inception of artificial neural networks in the
mid-20th century. Initially, neural networks were simple, with
only a few layers, and their design was relatively straightforward.
Early pioneers in the field, such as Frank Rosenblatt with the
Perceptron, focused on manually configuring the network
structure based on theoretical insights and empirical testing. As
the field progressed, the introduction of backpropagation in the
1980s marked a significant milestone, allowing for the training
of deeper networks. However, the design of these networks—
such as the number of layers, type of layers, and connection
patterns—remained a manual process. Experts would
iteratively test different architectures, relying on their intuition
and experience to craft models tailored to specific tasks. This
approach, while effective in the early stages of deep learning,
became increasingly untenable as networks grew in size and
complexity, particularly with the advent of deep convolutional
networks and recurrent architectures in the 2010s.

The limitations of manual design methods became more
apparent as deep learning models started to be applied to a
broader range of complex tasks. The need for architectures that
could perform well across diverse applications, from image
recognition to natural language processing, demanded a more
systematic approach to network design. This challenge gave
rise to Neural Architecture Search (NAS), an automated process
that leverages optimization techniques to explore the vast space
of possible architectures. NAS has transformed the field by
shifting the focus from manual trial-and-error methods to a
more rigorous, data-driven approach, enabling the discovery
of highly effective neural network architectures that would be
difficult, if not impossible, to design manually.

Overview of NAS Techniques

Neural Architecture Search (NAS) has evolved into a robust
and diverse field, with various techniques emerging to optimize
neural network design. Among these, Reinforcement Learning-
Based NAS was one of the earliest and most influential
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approaches. Pioneered by researchers such as Zoph and Le in
2017 with the introduction of NASNet, reinforcement learning-
based NAS treats the search for the optimal architecture as a
sequential decision-making process. In this framework, a
controller—often modeled as a recurrent neural network—
generates candidate architectures by sampling from a predefined
search space. These architectures are then trained and evaluated
on a validation set, and the performance is used to update the
controller's policy. This iterative process enables the controller
to gradually learn which architectural choices lead to better
performance, effectively exploring the search space to discover
high-performing models. NASNet demonstrated the power of
this approach by achieving state-of-the-art results on several
benchmark datasets, laying the groundwork for subsequent
NAS methods.

Evolutionary Algorithms have also played a significant
role in the development of NAS techniques. Inspired by the
principles of natural selection, these algorithms iteratively
evolve a population of candidate architectures over successive
generations. Each generation involves selecting the best-
performing architectures and applying genetic operations such
as mutation and crossover to create new candidates. One of the
notable contributions in this area is AmoebaNet, which applied
evolutionary strategies to NAS and achieved competitive
results with fewer computational resources than -earlier
methods. Evolutionary algorithms are particularly appealing
because of their flexibility in handling various search spaces
and their ability to explore diverse architectural configurations.
Unlike reinforcement learning-based approaches, which can
be computationally expensive due to the need for extensive
training of candidate architectures, evolutionary algorithms can
be more resource-efficient and are often easier to parallelize.

Gradient-Based NAS represents a more recent and efficient
approach to neural architecture search. Unlike reinforcement
learning and evolutionary algorithms, which rely on discrete
search strategies, gradient-based NAS methods, such as
Differentiable Architecture Search (DARTS), treat the search
process as a continuous optimization problem. In DARTS, the
architecture is parameterized in a way that allows the gradient
of the performance metric (e.g., validation loss) with respect to
the architecture parameters to be computed. This enables the
use of gradient descent to optimize the architecture directly,
significantly speeding up the search process. Gradient-based
NAS methods have been particularly successful in reducing
the computational cost associated with NAS, making it feasible
to perform architecture search on larger datasets and more
complex models. The ability to efficiently navigate the search
space using gradients has made DARTS and similar methods
popular in both academia and industry.

Comparative Studies in NAS

Several comparative studies have been conducted to evaluate
the relative merits of different NAS techniques, with a focus on
key aspects such as search efficiency, model performance, and
computational cost. These studies typically involve applying
various NAS methods to standard benchmark datasets, such
as CIFAR-10 and ImageNet, and comparing the resulting
architectures in terms of their accuracy, training time, and
resource requirements. For example, comparative analyses have
shown that reinforcement learning-based NAS methods, while
powerful, tend to be computationally intensive and may require
large-scale resources to achieve optimal results. In contrast,
evolutionary algorithms, though slower in converging to the
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best architecture, can be more resource-efficient and scalable.
Gradient-based methods like DARTS have been praised for
their efficiency, as they significantly reduce the time required
for architecture search, but they may sometimes struggle with
local minima and require careful tuning of hyperparameters.

These studies have also highlighted trade-offs between the
different NAS techniques. For instance, while reinforcement
learning-based methods often produce highly accurate
models, they may not be suitable for scenarios with limited
computational resources. On the other hand, evolutionary
algorithms, with their inherent parallelism and robustness, may
be more appropriate for large-scale, distributed environments.
Gradient-based NAS methods offer a good balance between
search efficiency and model performance but may require
more sophisticated implementation and optimization strategies.
Overall, these comparative studies provide valuable insights
into the strengths and weaknesses of different NAS approaches,
guiding practitioners in selecting the most appropriate method
for their specific needs.

Methodology

Criteria for Selection

The selection of Neural Architecture Search (NAS) techniques
for this study is grounded in several key criteria, ensuring that
the chosen methods represent a diverse and comprehensive
cross-section of the NAS landscape. Firstly, popularity was a
primary consideration, with preference given to NAS methods
that have gained significant attention in the research community
due to their innovative approaches and proven success in various
benchmarks. Techniques such as NASNet and DARTS have
been widely adopted and cited, making them ideal candidates
for inclusion. Secondly, the applicability to different tasks was
considered, ensuring that the selected NAS techniques have been
tested across a range of applications, from image classification
to object detection, and are not limited to niche domains. This
criterion ensures that the comparative analysis will provide
insights that are broadly relevant to the design of efficient neural
networks in diverse contexts. Lastly, the relevance to efficient
model design was a critical factor, focusing on techniques
that prioritize not only accuracy but also efficiency in terms of
computational cost, search time, and model size. Methods like
ProxylessNAS, which specifically targets resource-constrained
environments, were selected to highlight how NAS can be
tailored for efficiency in real-world applications.

Techniques Covered

Based on the aforementioned criteria, the following NAS
techniques have been selected for detailed analysis in this study:

*  NASNet: A pioneering method that introduced the use of
reinforcement learning for NAS, where a controller RNN
generates architectural decisions that are evaluated and
refined through an iterative process. NASNet has been
influential in demonstrating the potential of automated
architecture search to surpass human-designed models.

* AmoebaNet: This method utilizes evolutionary
algorithms to search for optimal neural network
architectures. AmoebaNet has been recognized for its
robustness and ability to explore diverse search spaces,
making it a valuable addition to this comparative study.

« DARTS (Differentiable Architecture Search): A
gradient-based NAS method that efficiently optimizes
neural network architectures by leveraging continuous
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relaxation of the search space, allowing for the use of
gradient descent. DARTS has significantly reduced
the computational cost associated with NAS and is
particularly noted for its speed and effectiveness.

*  ProxylessNAS: This method addresses the challenge
of designing efficient neural networks for resource-
constrained environments, such as mobile and embedded
devices. ProxylessNAS uses a proxyless search strategy
to directly optimize architectures on the target hardware,
ensuring that the resulting models are both high-
performing and resource-efficient.

Experimental Setup
Datasets

To evaluate the selected NAS techniques, we will use two
widely recognized datasets: CIFAR-10 and ImageNet. These
datasets are chosen due to their popularity in the machine
learning community, which allows for direct comparison with
existing studies. CIFAR-10 is a smaller dataset consisting of
60,000 32x32 color images in 10 classes, with 6,000 images
per class. It is commonly used for benchmarking NAS methods
due to its manageable size and well-understood characteristics.
ImageNet, on the other hand, is a large-scale dataset with over
14 million images across 1,000 classes, making it ideal for
testing the scalability and robustness of NAS methods on more
complex and diverse data. Preprocessing steps for these datasets
will include standard techniques such as data augmentation (e.g.,
random cropping, horizontal flipping) and normalization, which
are crucial for improving model performance and ensuring fair
comparisons across different NAS methods.

Search Space Definition

The definition of the search space is a critical component
of any NAS experiment, as it dictates the range of possible
architectures that can be explored. In this study, the search space
will include a variety of operations commonly used in neural
networks, such as convolutional layers (with different kernel
sizes and strides), pooling layers (e.g., max pooling, average
pooling), skip connections, and activation functions (e.g., ReLU,
Leaky ReLU). The search space will also encompass different
architectural configurations, such as varying the number of
layers, filter sizes, and the presence of batch normalization. By
allowing the NAS techniques to explore a rich and diverse set
of operations and configurations, we aim to provide a thorough
evaluation of their ability to discover efficient and high-
performing neural network architectures.

Evaluation Metrics
Model Performance

The primary metric for evaluating the performance of the
architectures discovered by each NAS technique will be
accuracy on the test set of each dataset. Additionally, we will
consider other performance metrics such as precision, recall,
and F1 score, particularly in cases where the datasets exhibit
class imbalance. These metrics will provide a comprehensive
assessment of the models' ability to correctly classify images
across all classes. For ImageNet, which involves a large number
of classes, we will also report top-1 and top-5 accuracy, which
are standard metrics for evaluating model performance on large-
scale image classification tasks.

Efficiency Metrics

Efficiency will be evaluated using several key metrics,
including search time, computational cost, and energy
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consumption. Search time refers to the total time taken by each
NAS technique to discover the optimal architecture, while
computational cost will be measured in terms of the number
of GPU hours required. Energy consumption will be assessed
by monitoring the power usage of the hardware during the
search process. These metrics are crucial for understanding
the practical feasibility of each NAS technique, particularly in
scenarios where computational resources are limited or where
energy efficiency is a priority.

Generalization and Robustness

To evaluate the generalization of the discovered architectures,
we will assess their performance on unseen data and in different
tasks. For example, architectures discovered using CIFAR-10
will be tested on a different dataset, such as CIFAR-100,
to examine how well they generalize to similar but more
challenging tasks. Additionally, we will perform robustness
testing by introducing variations in the data, such as noise or
perturbations, to assess how resilient the models are to changes
in input data. This will provide insights into the reliability of the
architectures across different scenarios.

Implementation and results

The experimental results presented in the table provide a
comparative analysis of four different Neural Architecture
Search (NAS) techniques—NASNet, AmoebaNet, DARTS, and
ProxylessNAS—across two widely used datasets: CIFAR-10
and ImageNet. The results highlight several key trade-offs
between model accuracy, search time, computational cost, and
energy consumption.

In terms of accuracy, NASNet consistently achieves the
highest performance on both CIFAR-10 (96.2%) and ImageNet
(74.5%), indicating its effectiveness in discovering well-
optimized architectures. AmoebaNet follows closely with
slightly lower accuracy, while DARTS and ProxylessNAS show
competitive but slightly reduced performance. This suggests that

Table 1. Accuracy Comparison

NAS Technique Accuracy (%)
NASNet 96.2
AmoebaNet 95.8
DARTS 95.5
ProxylessNAS 95
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Figure 1: Graph for Accuracy comparison
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Table 2. Search Time Comparison

NAS Technique Search Time (Hours)
NASNet 48
AmoebaNet 72
DARTS 24
ProxylessNAS 36
Search Time (Hours)
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Figure 2: Graph for Search Time comparison

while all four techniques are capable of finding high-performing
architectures, NASNet and AmoebaNet may have an edge in
terms of ultimate accuracy.

When evaluating search time, DARTS stands out for its
efficiency, requiring significantly less time (24 hours for
CIFAR-10 and 48 hours for ImageNet) compared to NASNet and
AmoebaNet. This efficiency is attributed to DARTS' gradient-
based approach, which allows for faster convergence in the
architecture search process. ProxylessNAS also demonstrates
a relatively quick search time, particularly in scenarios where
resource efficiency is crucial.

Conclusion

The comparative analysis of NASNet, AmoebaNet, DARTS,
and ProxylessNAS underscores the diverse strengths and
limitations of each NAS technique. NASNet and AmoebaNet
exhibit superior accuracy, making them ideal for applications
where model performance is paramount. However, this
comes at the expense of increased search time, computational
cost, and energy consumption, which may be prohibitive in
resource-constrained environments. Conversely, DARTS and
ProxylessNAS offer a more balanced approach, achieving
reasonable accuracy while significantly reducing the time
and resources required for architecture search. These findings
suggest that the choice of NAS technique should be driven by the
specific constraints and objectives of the task at hand, whether
that be achieving peak performance or optimizing efficiency.
Future research could further explore hybrid approaches that
combine the strengths of these techniques to achieve even better
trade-offs between accuracy and resource efficiency.
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