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Abstract. Neural Architecture Search (NAS) has emerged as a foundational paradigm in automated 

machine learning, yet the trade-offs between gradient-based differentiable NAS (DNAS) and 

gradient-free evolutionary or Bayesian strategies remain insufficiently characterized under 

hardware-constrained deployment conditions. This study presents a systematic benchmarking 

analysis of six representative NAS algorithms—including DARTS, GDAS, SNAS, CMA-ES-NAS, 

BOHB, and REA—evaluated across three edge-inference hardware platforms and four sparse-

model complexity regimes. Employing standardized search space normalization and latency-aware 

proxy metrics, we assess convergence efficiency, Pareto-front quality, and generalization fidelity on 

CIFAR-100, ImageNet-1K, and a domain-specific industrial defect classification corpus. Results 

indicate that gradient-free Bayesian approaches consistently achieve superior hardware-accuracy 

trade-offs under strict latency budgets below 15 ms, while DNAS retains advantages in high-

parameter regimes. Practical deployment guidelines are derived from empirical cross-platform 

evidence. 
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Introduction 

The exponential proliferation of deep learning systems in safety-critical and resource-

constrained environments—spanning autonomous edge inference nodes, industrial quality 

control pipelines, and embedded cognitive systems—has fundamentally elevated the 

engineering demands placed upon neural network design methodologies. As of 2024–2026, 

the global deployment of AI-driven inference systems on heterogeneous hardware 

substrates, including application-specific integrated circuits (ASICs), field-programmable 

gate arrays (FPGAs), and mobile system-on-chip (SoC) architectures, has rendered manual 

network architecture design both economically prohibitive and technically intractable at 

scale. Neural Architecture Search (NAS) has consequently matured from an academic 

curiosity into an indispensable component of production-grade AI engineering pipelines, 

enabling the automated discovery of network topologies that satisfy multi-objective 

constraints including accuracy, parameter count, multiply-accumulate (MAC) operation 

density, and real-time inference latency. Despite substantial progress in the NAS literature, 

a critical and persistent gap exists in the rigorous comparative analysis of its two dominant 

algorithmic families: gradient-based differentiable NAS (DNAS) and gradient-free methods 

encompassing evolutionary algorithms, Covariance Matrix Adaptation Evolution Strategies 

(CMA-ES), and Bayesian optimization frameworks such as Hyperband-Bayesian Hybrid 

(BOHB). Prior survey works have catalogued these approaches taxonomically, yet few 

studies have subjected them to controlled, hardware-aware benchmarking under unified 

search space constraints, reproducible evaluation protocols, and realistic sparse-model 

deployment scenarios. This methodological fragmentation has led to contradictory 

performance claims across the literature, obstructing practitioners from making evidence-

based algorithmic selections for specific deployment targets. The relevance of this problem 

is further amplified by the widespread adoption of model sparsification and structured 

pruning as a precondition for edge deployment, introducing non-differentiable 

discontinuities that fundamentally disadvantage gradient-dependent search strategies. 

Gradient-free optimization methods, by contrast, operate independently of loss-landscape 

smoothness assumptions, potentially conferring systematic advantages in sparse or 

quantized architecture spaces—a hypothesis that, to date, has not been empirically 

validated under controlled multi-platform conditions. This paper addresses the 

aforementioned research gap through a comprehensive empirical benchmarking study 

structured as follows. Section 2 provides a formal taxonomy of the evaluated NAS 

algorithms and their theoretical optimization properties. Section 3 details the experimental 

design, encompassing search space unification, hardware platform specifications, and proxy 

metric formulations. Section 4 presents quantitative benchmarking results across datasets 

and hardware targets, with Pareto-front analyses and statistical significance testing. Section 

5 discusses the practical implications for AI systems engineers selecting NAS strategies 

under deployment-specific constraints. Section 6 concludes with synthesized guidelines and 

directions for future research in hardware-co-designed architecture search. 



This is a preliminary version. To read the full version of the article, please purchase a 
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