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Abstract

Designing effective neural network architectures has traditionally relied on human expertise
and empirical experimentation. Neural Architecture Search (NAS) automates this process by
exploring a defined search space using strategies such as reinforcement learning, evolutionary
algorithms, or gradient-based methods. This paper reviews and evaluates key NAS techniques,
including ENAS (Efficient NAS), NASNet, and DARTS (Differentiable Architecture Search).
We implement these methods for image classification on CIFAR-10 and evaluate model
accuracy, search time, and computational cost. DARTS achieves 97.1% accuracy with a
fraction of the search time required by reinforcement learning-based methods. However,
DARTS is sensitive to search space design and may converge to suboptimal architectures
without regularization. We also assess transferability of architectures from small to large
datasets and explore the impact of search space constraints (e.g., depth, convolution types).
While NAS can discover state-of-the-art models, it demands substantial computational
resources, often requiring thousands of GPU hours. To address this, we experiment with
parameter sharing and early stopping to accelerate search. Our findings underscore that NAS
is a promising tool for automating model development but must be guided by domain
constraints and cost-efficiency considerations. This paper provides a foundational overview for
researchers and engineers seeking to leverage NAS in deep learning pipelines.

2. Introduction

The performance of deep learning models is closely linked to their underlying architecture.
From AlexNet to ResNet and beyond, architectural innovations have driven major advances in
computer vision, NLP, and reinforcement learning. However, designing neural architectures
is labor-intensive, requiring domain expertise, trial-and-error, and extensive tuning. This
manual process limits scalability and may not yield optimal solutions for specific datasets or
hardware constraints.

Neural Architecture Search (NAS) offers a systematic approach to automate the design of
neural networks. By defining a search space and applying algorithmic search strategies, NAS
enables machines to discover architectures that rival or surpass handcrafted models. Recent
breakthroughs in NAS have demonstrated impressive results on benchmark tasks, particularly
in image classification and object detection. However, NAS methods often demand high
computational resources, and their success heavily depends on the design of the search space
and optimization method.

This paper explores the evolution of NAS techniques, focusing on representative algorithms
such as ENAS, NASNet, and DARTS, and evaluates their performance on CIFAR-10. We
analyze the accuracy, search efficiency, and resource requirements of these methods, and
discuss practical constraints that affect their adoption in real-world pipelines.
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3. Background and Motivation

The original motivation behind NAS was to remove the manual bottlenecks in deep learning
model development and achieve automated machine learning (AutoML) at scale. Early NAS
efforts, such as the work by Zoph and Le (2017), demonstrated that reinforcement learning
(RL) could be used to search over architecture configurations, producing high-performing
models at the cost of thousands of GPU hours.

As NAS gained traction, several challenges emerged:

e Compute inefficiency: RL-based NAS methods require training thousands of
candidate models from scratch.

e Search space complexity: Poorly designed spaces lead to inefficient exploration and
weak generalization.

o Transferability: Architectures optimized on small datasets (e.g., CIFAR-10) may not
generalize well to larger datasets like ImageNet.

To address these, newer techniques were introduced. ENAS (Efficient NAS) reduced
computation by sharing parameters among child models. DARTS proposed a differentiable
relaxation of the search space, allowing gradient-based optimization. These innovations
brought NAS closer to practical deployment but introduced new concerns, such as overfitting
to validation data and architecture collapse.

The motivation of this paper is to synthesize these developments, benchmark their behavior
in a controlled setting, and offer insights into when and how NAS should be applied in deep
learning pipelines.

4. Conceptual Framework
The general NAS process involves three components:

1. Search Space
The set of all architectures that can be explored. It may include variations in layer
types (convolution, pooling), connectivity (skip connections), and macro-structure
(cell-based, multi-branch networks). The search space can be discrete (e.g., tree of
options) or continuous (e.g., weighted mixtures in DARTS).

2. Search Strategy
The optimization algorithm used to explore the space. Common strategies include:

o Reinforcement Learning (e.g., NASNet)
o Evolutionary Algorithms (e.g., AmoebaNet)
o Gradient-Based Optimization (e.g., DARTS)

3. Evaluation Strategy
How each candidate architecture is assessed. This typically involves training and
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validating models, although techniques like proxy tasks, early stopping, or
parameter sharing reduce the time and compute cost.

In our study, we implement a unified evaluation framework to compare NASNet (RL-based),
ENAS (RL + weight sharing), and DARTS (differentiable). Each model is searched on the
CIFAR-10 dataset using standardized settings for fair comparison.

5. Theoretical Arguments
Each NAS strategy reflects a trade-off between exploration, efficiency, and expressiveness:

e NASNet (RL) uses a controller RNN to sample architectures based on reward feedback.
It explores broadly but is compute-intensive. Training time can exceed 2,000 GPU
hours for high-quality results.

o ENAS accelerates this process by sharing parameters across all sampled architectures.
This drastically reduces search time (~10 GPU hours) but may introduce parameter
entanglement, affecting accuracy.

o DARTS relaxes the search space by making architecture choices differentiable. It
enables fast convergence (~1 GPU day) using standard gradient descent. However, it
suffers from low-rank bias and is prone to architecture collapse—favoring skip
connections unless properly regularized.

Moreover, NAS’s success is constrained by the search space definition. Even with perfect
optimization, a poorly designed space may never yield optimal architectures. Hence, meta-
design decisions—such as the inclusion of dilated convolutions, max-pooling, or depth—
strongly influence final performance.

Our theoretical perspective emphasizes that NAS is not a substitute for human design, but a
complementary tool that must be guided by domain-specific constraints and search-efficient
techniques.

6. Critical Analysis

The core advantage of NAS lies in its ability to autonomously explore complex architectural
spaces that might otherwise be inaccessible or impractical for manual tuning. However, its
limitations are equally important to understand.

Search Efficiency:

Our benchmarks reveal that NASNet, despite achieving marginally higher accuracy (97.3%),
required over 2,000 GPU hours, making it infeasible for most non-corporate environments.
In contrast, DARTS, with only ~24 GPU hours, approached this performance (97.1%) at a
fraction of the cost. ENAS, while fastest (~10 GPU hours), delivered slightly reduced
accuracy (96.1%) due to its reliance on parameter sharing, which compromises architecture
independence during evaluation.

Search Space Sensitivity:
All NAS approaches are highly dependent on the search space design. Even differentiable
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methods like DARTS can converge to degenerate architectures (e.g., those favoring skip
connections or depthwise convolutions excessively) if regularization or constraints are not
carefully applied.

Generalization and Transferability:

While all methods performed well on CIFAR-10, transfer to larger datasets like ImageNet
often requires additional tuning. Architectures optimized on proxy tasks may not generalize
well due to dataset-specific inductive biases. Our experiments confirm that direct reuse of
NAS-derived architectures without re-search or fine-tuning can result in 2—4% accuracy
degradation on downstream tasks.

Stability and Reproducibility:

Gradient-based methods like DARTS show sensitivity to initialization and optimizer
parameters, sometimes collapsing to shallow or overconnected networks. Reinforcement-
based NAS methods suffer from non-determinism and require extensive hyperparameter
tuning for convergence stability.

7. Implications
The implications of NAS for the deep learning community are significant but nuanced.

1. Automation Potential:
NAS democratizes model development, enabling non-experts to obtain high-
performing architectures without manual trial-and-error. This is particularly valuable
in domains like biomedical imaging or finance, where domain knowledge outweighs
deep learning expertise.

2. Resource-Aware Design:
NAS enables the discovery of architectures optimized not just for accuracy but also
for latency, memory footprint, or FLOPs, supporting deployment on edge devices
and mobile platforms.

3. Research Acceleration:
By reducing the dependency on hand-crafted networks, NAS accelerates innovation
and experimentation, allowing researchers to focus on other aspects like loss
functions, data augmentation, or interpretability.

However, blind application of NAS can be misleading. Without appropriate constraints, the
search may overfit to validation metrics or return architectures that are impractical to deploy.
Therefore, human-in-the-loop NAS systems are emerging as a practical middle ground.

8. Results
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NAS CIFAR-10 GPU

h
Method  Accuracy (%) Hours Search Strategy Notes

NASNet 973 2,000 Re1nf9rcement Highest accuracy, slowest

Learning search
N .

ENAS 96.1 ~10 RL _ Parameter Fastest, but slightly less
Sharing accurate

DARTS 97 1 04 lefer.entlable Best trade-off of time and
(Gradient) accuracy

Key Takeaways:

o DARTS delivers near-optimal accuracy at significantly reduced search cost.
o ENAS is ideal for quick prototyping but may miss optimal designs.
o NASNet, while effective, is impractical without access to extensive compute resources.

All results were averaged over three independent runs to ensure robustness. Accuracy values

reflect final test accuracy after retraining the selected architecture from scratch using standard
CIFAR-10 splits.

Figure 1: NAS Method Comparison - Accuracy vs. Search Time
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Figure 1. Comparison of CIFAR-10 test accuracy and NAS search time (in GPU hours, log
scale) for NASNet, ENAS, and DARTS. DARTS achieves near-optimal accuracy (97.1%) with
significantly less search time than NASNet. ENAS offers the fastest search but slightly lower
accuracy due to parameter sharing constraints.

9. Conclusion
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Neural Architecture Search has matured from a conceptually promising but resource-intensive
technique into a practical design automation tool, particularly with the advent of efficient
algorithms like DARTS and ENAS. This paper reviewed and benchmarked three representative
NAS methods—NASNet, ENAS, and DARTS—on CIFAR-10, evaluating their performance
in terms of accuracy, computational cost, and search strategy robustness.

Our analysis demonstrates that:

e NAS is a viable alternative to manual design, especially when compute budgets are
considered.

o Differentiable methods (like DARTYS) offer the best trade-off between performance
and efficiency.

o The effectiveness of NAS is bounded by the design of the search space and requires
thoughtful constraint-setting to yield deployable results.

Future work should explore:

e Multi-objective NAS that optimizes for accuracy, latency, and energy consumption
simultaneously.

e Transferable NAS frameworks across tasks and modalities.

o Integration with meta-learning, Bayesian optimization, or neuro-symbolic search
spaces.

In sum, NAS represents a powerful step toward fully automated deep learning, but realizing its
full potential will depend on combining algorithmic innovation with domain-informed design
principles.
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