Neural Architecture Optimization for Edge Devices

Neural Architecture Optimization for Edge Devices is a research project focused on developing
techniques to optimize neural network architectures specifically for deployment on resource-
constrained edge devices. Edge devices such as smartphones, [oT devices, or embedded systems
often have limited computational power, memory, and energy resources. Therefore, designing
lightweight and efficient neural networks becomes crucial to enable high-performance inference
while minimizing resource usage.

This project involves investigating various methods to achieve this goal. Here are some key areas to
explore:

1. Model Compression: Model compression techniques aim to reduce the size of neural
network models without significant loss in performance. This can be achieved through
techniques like weight pruning, quantization, and low-rank approximation. The research
project could explore these techniques and their combinations to optimize the network's
memory usage while preserving its functionality.

2. Architecture Search for Efficiency: Investigate methods for automatically searching for
neural network architectures that are specifically tailored for edge devices. This could
involve using techniques like reinforcement learning, genetic algorithms, or Bayesian
optimization to explore the design space of architectures and identify ones that are both
lightweight and efficient.

3. Knowledge Distillation: Knowledge distillation is a technique where a large, complex model
(teacher model) is used to train a smaller, simplified model (student model) by transferring
the knowledge from the teacher model to the student model. This approach can be utilized to
create compact models that maintain high performance by leveraging the information
learned by larger models.
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