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Deep Neural Networks (DNNs) now power applications from image, video, and audio processing to text
and music generation. With the rise of Edge Al, running inference close to the data source for loT and
near-sensor platforms, there is growing pressure to meet real-time constraints under tight energy
budgets. Yet integrating DNN workloads at the edge remains difficult because DNNs are compute- and
data-movement-intensive, demanding vast numbers of MAC operations and frequent memory accesses
that quickly exhaust ultra-low-power envelopes.

e SRAM Compute-In-Memory (CIM) addresses this by executing arithmetic within or adjacent to
memory arrays, dramatically reducing data transfers. Digital CIM designs, especially, provide
great stability, predictable energy profiles and high flexibility when it comes to mapping
complex Al applications[1].

e Coarse-Grained Reconfigurable Architectures (CGRAs) provide a compelling alternative to
fixed-function tensor engines by combining ASIC-like efficiency with post-deployment flexibility
across diverse neural workloads[2]. Heterogeneous PEs for DNN acceleration have attracted
attention and attempts to produce efficient mappings for such architectures have been
proposed[3], [4].
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The diploma thesis focuses on the following areas (but is not limited to):

e Studying the execution patterns of State-of-the-Art LLMs and dynamic DNNs
e Modeling HW-Aware faults for modern DNN accelerators
e Conduct experiments in FPGA/ASIC flow
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e Familiarity with Machine Learning/Neural Network Models Architectures

e Python, Pytorch/ONNX, Bash, Digital Design
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