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Abstract

In recent years, Neural Networks (NNs) have experienced tremendous growth in applications
across diverse fields, revolutionizing industries such as healthcare, agriculture, surveillance,
and autonomous systems. The availability of large datasets and powerful computing systems,
coupled with user-friendly libraries like Tensorflow and PyTorch, has enabled NNs to achieve
human-like performance. As a result, NN-based applications have become an integral part of
our daily lives, from face recognition and chatbots to shopping recommendations and medical
diagnoses.

This Ph.D. thesis focuses on optimizing the inferencing phase of NNs for edge devices with
limited computing resources and tight energy budgets. Edge devices, such as smartphones and
wearable devices, are now widely equipped with NN applications, necessitating energy-efficient
solutions for improved user experiences and privacy protection. The study encompasses three
classes of NNs: Self Organizing Maps (SOMs), Convolutional Neural Networks (CNNs), and
Recurrent Neural Networks (RNNs), each posing unique challenges in terms of data reuse and
energy efficiency.

The thesis introduces the neural network model, illustrating the structure and different
types of NNs, including feedforward, recurrent, and deep neural networks. The development
and deployment phases of NN applications are also explained, emphasizing the significance of
optimizing the inferencing phase for edge devices.

In the context of CNNs, the research focuses on optimizing data reuse through partitioning

and scheduling schemes. An analytical framework is developed to estimate off-chip memory



accesses, considering architectural constraints and data shape. The framework enables the
comparison of various partitioning and scheduling approaches, facilitating the discovery of
optimal solutions to improve energy efficiency and throughput for different CNN layers.

For RNNs, which present additional challenges due to their dependency on previous
time-step computations, a novel data reuse approach is proposed. This approach efficiently
reuses weights of large matrices for consecutive time steps, irrespective of on-chip memory
size. FPGA implementations of Long-Short Term Memory Network (LSTM) accelerators
demonstrate the effectiveness of this approach in enhancing energy efficiency and throughput
for popular LSTM models.

For SOMs, the study explores the impact of quantization techniques on accuracy and
energy efficiency. A custom semi-systolic array design is devised, and a trade-off between NN
accuracy and energy consumption is analyzed for different bit-width implementations. The
study analyzes the benefits and trade-offs of using different bit resolutions for SOMs, catering
to energy-constrained systems where area, power, and performance are critical considerations.

In conclusion, this Ph.D. thesis advances the state-of-the-art energy-efficient acceleration
of modern NNs for edge devices. By proposing novel data reuse techniques and analytical
frameworks, the research provides valuable insights for improving the inferencing phase, thus
contributing to the widespread adoption of NN-based applications in energy-constrained
environments. The work also opens new avenues for future research, pushing the boundaries

of NN optimization and edge Al applications.
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