A Design Space Exploration Framework for DNN

,’ **DNNs are computationally expensive, limiting deployment on edge

devices

/

4 **Low-rank factorization (LRF) decomposes weight tensors to reduce
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storage and computation

4 **Optimal rank selection, inter-layer dependencies, and balance compression

and accuracy
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*** Keep only solutions with less memory and
FLOPs compared to the original layer

‘*The memory vs. FLOPs design space is
broken down into tiles, e.g., 8x8 grid

¢ Select multiple solutions from each tile
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Seven different DNN models
Up to 99.8% compression with minimal impact in validation accuracy
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*¢* The Lack of a Unified Framework
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*»» Unified framework, compatible with all layer

types and LRF methods I
I

< A dynamic compression ratio selection strategy |
based on feature map similarity.

** Layers are compressed adaptively, considering
cosine similarity of activations.

* A step-wise method refines the compression
ratio, ensuring minimal accuracy loss.

** Evaluates similarity based on feature maps
instead of weights
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High Compression with Minimal Accuracy Drop Up to 94.6% parameter reduction (82.3% on
average) and 90.7% FLOPs reduction (59.6% on average) accuracy loss below 1.5%.
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Conclusion
Robust methodologies are proposed to facilitate the
deployment of DNN models on edge devices by framing
LRF-based compression as a DSE problem, utilizing a
novel per-layer rank selection strategy that leverages
feature map similarities. The approach achieves up to
94.6% parameter reduction and 90.7% FLOPs reduction,
significantly minimizing retraining needs through an
efficient one-shot fine-tuning process.
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*»* Extend the methodology to combine
multiple LRF techniques.

¢ Optimize the methodology for RISC-V
Processors.

*»* Extend the methodology to combine
with other compression techniques.

Future works

adaptive threshold selection
for enhanced compression.
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