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1. Introduction 

Today's machine learning systems are built on specialized hardware accelerators like GPUs, TPUs, and 

neuromorphic hardware to handle deep learning workloads effectively. Nevertheless, with exponential growth 

in neural networks' architectural complexity, there has been a sharp separation between software design and 

hardware implementation. The conventional methods for designing neural architectures usually abstract 

hardware into a simple black box, resulting in designs that have excellent performance in theory but poor latency, 

inefficiency, and other bottlenecks in their execution in real-world hardware [1][2]. 
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The primary goal of this study is to bring together software design and hardware implementation through the 

development of hardware-aware search algorithms. These algorithms aim to automate the design of neural 

networks for throughput and energy efficiency, while preserving their accuracy, by jointly considering the 

network architecture and the constraints of specialized AI accelerators.  

Traditional approaches to hardware-aware search algorithms rely on simple proxies for optimization, including 

fixed floating-point operations per second or generalized latency lookup tables. These simplifications completely 

miss the dynamics of hardware execution, like register file contention, movement costs of data across memory 

hierarchies, and the constraints of specialized tensor cores. Thus, the resulting architectures are still sub-optimal 

on the edge and in enterprises for AI hardware [8][12].  

We believe that the incorporation of cycle-accurate hardware simulation and data-flow information directly into 

the search algorithm reward function will enable the optimization algorithm to explore the architectural design 

space more efficiently. Such an approach would lead to optimized neural networks capable of improved 

performance efficiency from the efficient use of the execution pipelines of the underlying accelerators.  

The paper presents a unique approach to neural architecture search that takes into account hardware aspects 

through hardware-in-the-loop telemetry. The main advantage of such an approach lies in the creation of an                   

end-to-end search algorithm which effectively maps computational graphs to hardware constraints while 

achieving reduced hardware energy delay product and state-of-the-art model accuracy. 

The paper is divided into six main sections. Section 1 starts with an introduction to the problem being addressed, 

objectives, and motivation for hardware-aware neural architecture search. Section 2 provides a literature review 

of the related studies on hardware-aware optimization techniques and AI accelerators. Section 3 discusses the 

methods used, including the proposed hardware-in-the-loop design approach and optimization technique. 

Section 4 focuses on performance evaluation using accuracy, latency, energy, and EDP as metrics. Section 5 

discusses the results obtained. The conclusion of the paper is provided in Section 6. 

 

2. Literature Review 

The emergence of recent deep learning developments has made efficient hardware-aware optimization highly 

essential to enable hardware-accelerator support. Traditional NAS algorithms were largely concerned with 

achieving maximum predictive accuracy while ignoring the execution constraints imposed by the hardware, 

including latency, memory bandwidth, and power consumption [1][3]. With deep neural networks becoming 

more computationally demanding, there was a need to focus on accelerator-efficient architecture and hardware-

aware optimization frameworks [5][7]. 

Several research studies explored efficient architectures for deep neural networks with emphasis on optimal data 

flow mapping, memory hierarchy design, and minimized off-chip communication cost [1][7][9]. The 

development of hardware-aware NAS techniques was characterized by the introduction of feedback from the 

accelerators as part of the architecture search process for joint optimization of network topology and hardware 

performance [3][6]. Such techniques offered superior performance in terms of latency minimization, energy 

efficiency, and computation throughput compared with traditional FLOPs optimization methods. 

Optimization algorithms research was also involved in the field of hardware-aware architecture exploration. 

Discrete optimization problems and adaptive computation architectures were solved using optimization 

algorithms like metaheuristics and search-based approaches, improving the convergence in search and 

architectural efficiency [2][13]. Furthermore, recent research has been dedicated to co-design approaches for 

edge-AI and open ISA-based accelerator architectures for efficient and scalable deployments [10].  

A systematic review on AI hardware implementation identified the increasing need for hardware-software           

co-design approaches for practical deployment of AI [11][14]. Furthermore, advances in in-memory computing 

and micro-AI accelerators demonstrated the effectiveness of jointly optimizing memory access patterns, data 

reuse, and computational parallelism [4][12]. In general, the current literature shows that hardware-oriented 

architecture search algorithms offer a viable approach to creating power-efficient, high-performance, and 

deployment-friendly AI accelerator systems.  

http://www.svedbergopen.com/


www.svedbergopen.com                          International Journal of Artificial Intelligence and Machine Learning 

Vol.6, No.2s, 2026                                                                                                                                                                         421 

 

3. Methods 

Methodology Framework 

The methodology forms a hardware-in-the-loop optimization pipeline to connect the neural network topology 

with the physical limitations of dedicated AI accelerators. The framework works in an iterative manner that 

involves repeatedly generating macro-architectures, assessing hardware mapping, and updating the algorithm 

based on the feedback. The search space is dynamically limited to the boundary of the silicon to execute the 

algorithm, including the size of the static random-access memory (SRAM) and the global memory bandwidth. 

  

Co-Design Search Space 

The search space is parameterized to simultaneously optimize macro-architectural hyperparameters and 

hardware-specific execution configurations. For the neural network, the algorithm searches across variable layer 

depths, kernel dimensions, and channel widths. Concurrently, for the target AI accelerator, the search space 

includes loop-tiling factors, data-flow mapping strategies (such as weight-stationary versus output-stationary 

configurations), and memory allocation policies. This joint formulation ensures that the discovered network 

topology natively aligns with the hardware's parallel processing capabilities. 

 

Hardware-Conscious Cost Function 

To direct the search algorithm to the most efficient hardware, we propose a multi-objective reward function that 

takes into account both the accuracy of the model and the overhead of its physical execution. Instead of the usual 

approach of relying on a proxy, floating-point operations (FLOPs), the cost of the hardware is explicitly specified 

by the Energy-Delay Product (EDP), which works against architectures that lead to excessive latency or power 

consumption because of memory bottlenecks. A network configuration 𝛼  is optimized such that the overall 

optimization objective function 𝐽(𝛼) is:  

𝐽(𝛼) = 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝛼) × [
𝐸𝐷𝑃𝑡𝑎𝑟𝑔𝑒𝑡

𝐸𝐷𝑃(𝛼)
]

𝛽

                                                                                    (1) 

𝐸𝐷𝑃(𝛼) is defined in equation (1) as 𝐿𝑎𝑡𝑒𝑛𝑐𝑦(𝛼) × 𝐸𝑛𝑒𝑟𝑔𝑦(𝛼),  𝐸𝐷𝑃𝑡𝑎𝑟𝑔𝑒𝑡 , with the right-hand side defining a 

user design constraint in the deployment setting, and the scaling exponent 𝛽 being a user parameter that dictates 

the intensity of the trade-off between predictive performance and hardware efficiency.  
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Figure 1: End-to-End hardware-in-the-loop co-design optimization pipeline for neural architecture 

search 

The proposed co-design framework's cyclic optimization pipeline is shown in figure 1. A reinforcement learning 

controller suggests possible architecture matrices, which are then converted to data-flow graphs and tested with 

a cycle-accurate hardware simulator. The resulting EDP-based performance metrics update the policy gradient, 

which in turn, iteratively drives convergence to a Pareto-optimal policy setting that meets the accuracy and 

hardware requirements.  

 

Search Algorithm and Optimization Strategy 

The optimization process involves an agent trained through reinforcement learning with a few samples and a 

simulator that can accelerate the training process by forecasting the set of samples. The controller offers a 

suggestion on the architecture matrix during the search phase. This matrix is translated to a data-flow graph and 

passed into a cycle-accurate hardware simulator with a specific profile of the specialized accelerator. The 

simulator accurately estimates the number of clock cycles and the amount of data movement within the memory 

hierarchy. These metrics are then sent back to the controller, where policy gradients are updated, allowing the 

search to gradually move towards the Pareto-optimal front of the high accuracy/low power hardware 

configurations.  

 

4. Results  

Search Convergence and Hardware-Aware Optimization Performance 

The proposed hardware-in-the-loop neural architecture co-design framework demonstrated stable and efficient 

convergence during the optimization process. The reinforcement learning controller progressively refined 

candidate architectures by incorporating direct feedback from the cycle-accurate accelerator simulator. Early 

search iterations produced several high-accuracy models with significant memory-access overhead and elevated 

latency. On the other hand, as the controller policy was being updated by hardware feedback, the search began 

favoring architectures that traded off accuracy for efficiency-related properties. 

Optimization completed in several search epochs, yielding a Pareto-optimal set of neural architectures that met 

the accelerator's SRAM and bandwidth constraints. In comparison with baseline architectures obtained through 

neural architecture search techniques, which utilized FLOPs estimation as the primary hardware efficiency 

metric, the proposed method yielded better hardware efficiency, without compromising on model accuracy. 

 

Hardware Efficiency and Energy-Delay Product Analysis 

Inclusion of the EDP metric into the objective function affected the choice of architectures. Neural networks 

trained with EDP-based cost formulation showed better execution latency and consumed less power because of 

lower off-chip memory accesses and better utilization of data flow. 

Hardware-oriented optimization resulted in favoring architectures making use of efficient loop tiling and 

memory allocation techniques, allowing higher reuse of data in the local SRAM buffer. This led to lower execution 

latency and reduced energy usage of discovered neural networks, as opposed to non-hardware-aware 

approaches. It is evident that EDP is a better measure of hardware efficiency than computational complexity. 

 

Table 1: Performance comparison of proposed framework and baseline methods 

Model Configuration Accuracy 

(%) 

Latency 

(ms) 

Energy 

(mJ) 

EDP 

(mJ·ms) 

Power Efficiency 

Improvement (%) 

Conventional NAS  

(FLOPs-Based) 

91.2 23.4 8.1 189.5 — 

Latency-Constrained NAS 92.1 19.8 7.2 142.6 24.8 

Energy-Aware NAS 92.6 18.5 6.9 127.7 32.6 
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Proposed Hardware-in-the-

Loop Co-Design 

94.3 14.7 5.4 79.4 58.1 

Table 1 proposed the co-design framework, which achieved the highest classification accuracy of 94.3% while 

simultaneously producing the lowest latency and energy consumption. The EDP value obtained was significantly 

lower than that of the other competing methods, making it a good trade-off between speed and power.  

 

Accelerator Resource Utilization 

The cycle-accurate simulator gave detailed information on how the accelerators were used and how the memory 

hierarchy behaved. The resulting architectures, built using the proposed framework, demonstrated more 

efficient use of on-chip computational resources resulting from optimized data-flow mapping strategies.                

Weight-stationery and output-stationery configurations were selectively used according to the characteristics of 

the workload, so that efficient parallel execution was possible.  

Also, the framework reduced bandwidth saturation and global memory dependency to avoid performance loss 

due to memory bottlenecks. Enhanced SRAM utilization enabled more intermediate activations and weights to 

remain on-chip, reducing costly data transfers. 

 
Figure 2: Accelerator Resource Utilization and Memory Behavior 

Figure 2 evaluates four NAS configurations: Conventional, Latency-Constrained, Energy-Aware, and the proposed 

Co-Design Framework across SRAM utilization, global memory access reduction, compute unit utilization, and 

bandwidth saturation. The results show that the presented architecture is more efficient in terms of hardware 

utilization and offers a reduced memory access overhead when compared to conventional techniques. 

 

Pareto-Optimal Architecture Discovery 

The search technique was able to discover a variety of Pareto-optimal architectures that represent a wide range 

of trade-offs between accuracy and hardware costs. Some of the architectures aimed to reduce the amount of 

energy used, while others were willing to sacrifice some energy for higher accuracy. The reinforcement learning 

controller explored this trade-off space without having to manually tune it exhaustively.  

Overall, the result shows that there is a feasible way of using neural architecture search coupled with                    

hardware-aware simulation to obtain AI models that perform well in prediction tasks and also meet real-world 

requirements in dedicated hardware accelerators.  

5. Discussion 
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The proposed hardware-in-the-loop neural architecture co-design framework outperformed the state-of-the-art 

neural architecture search techniques. The framework achieved the highest classification accuracy of 94.3%, 

which is higher than the accuracy of the conventional FLOPs-based NAS of 91.2%. Further, it reduced the 

inference latency from 23.4ms to 14.7ms and the energy consumption from 8.1mJ to 5.4mJ. The EDP was 

minimized to 79.4 mJ·ms, showing 58.1% improvements in terms of power efficiency. The results demonstrate 

that the heuristic search process with hardware-aware feedback results in the design of architectures that can 

optimize the predictive accuracy and execution efficiency of the solution. In contrast to traditional NAS methods 

targeting only the computational complexity metrics, the proposed framework is able to minimize memory 

access overheads and maximize on-chip data reusability. The reduction in latency and energy consumption 

indicates that the loop tiling and dataflow mapping schemes were able to mitigate hardware inefficiencies and 

reduce data accesses. The findings point towards the importance of hardware-software co-simplicity in the 

deployment of AI in practice. The framework offers a promising approach towards designing energy-efficient and 

low-latency AI systems, which are appropriate for edge devices and intelligent platforms. The paper shows that 

the EDP is a more feasible metric compared to FLOPs for designing dedicated AI hardware. The study was 

performed in a certain accelerator simulation environment and on limited neural network benchmarks, which 

might limit its applicability for heterogeneous hardware systems. In the future, the framework needs to be 

validated on different hardware accelerators, such as GPUs, TPUs, and neuromorphic accelerators. 

6. Conclusion 

This paper tackled the problem of designing an efficient neural network architecture that provides high 

prediction accuracy but is constrained by the requirements of the hardware on which it needs to run. 

Conventional NAS algorithms were limited to optimizing only the computational complexity or FLOPs without 

taking into account practical considerations like latency, energy consumption, memory bandwidth, and SRAM 

capacity. In order to solve this problem, the hardware-in-the-loop neural architecture co-design framework 

incorporated the cycle-accurate feedback of the accelerator into the optimization loop in order to simultaneously 

optimize for model architecture and hardware execution efficiency. As shown by the experiment results, the 

framework greatly improved both the prediction accuracy and hardware efficiency. The model predicted with an 

accuracy of 94.3% compared to the conventional FLOPs-based NAS algorithm, which predicted with an accuracy 

of 91.2%. Moreover, the inference latency was reduced to 14.7 ms from 23.4 ms, while energy consumption was 

reduced from 8.1 mJ to 5.4 mJ. This resulted in the minimization of the Energy-Delay Product (EDP) to 79.4 mJ.ms, 

which is an increase in power efficiency of 58.1%. Overall, the study demonstrates that hardware-aware co-

design is an effective approach for developing scalable, energy-efficient, and deployment-ready AI models for 

edge computing and specialized accelerator systems. 
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