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» C1: Efficient Tunstall Decoder for Deep Network Compression
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» C2: Scalable Hardware Acceleration of Non-Maximum Suppression
GreedyNMS: O(nlog(n)) + O(nm) ShapoolNMS Arch ShapoolNMS Dataflow Experimental Results
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» C3: Chiplet-based Scalable ResNet Accelerating System
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» C4:ViTA: A Highly Efficient Dataflow and Architecture for Vision Transformers
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