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What is Neuromorphic Computing
Neurons Spiking Neurons Hyper-DlmensmnaI Computing (HDC) Spiking Neural Network (SNN)
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[ICCAD’23, 2xASPDAC’24] 1. Effective Brain-Inspired Learning &
HyperNode: Graph Learning with HDC HyperFeel: Federated HD Learning PAAP-HD: Learning with Approximation
Accurate Learning on Complex Data Edge-Cloud Multi-Model Collaboration Adapt to Neuromorphic Hardware
Observation: Heavy GNN execution; Poor Observation: Non-IID data, massive Observation: High cosine distance calculation
learning power of existing HDC models. communication, and disturbance in FL scenarios. cost in INT8 HDC for high-accuracy requirement.
Insight: Enhance HDC with message pass on Insight: HDC provides prototype learning with  Insight: Use a simple neural network as an
Graph. low resource cost and robustness. efficient approxmator with ReRAM PIM.
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First HD-based graph learning method that 26 storage reductlon (240KB) and 80 5x HDC; 1% accuracy loss, 21x speedup, and
outperforms GNN’s accuracy. communication (8MB) with competitive 39x energy efficiency compared to original
Finish training in less than 10 microseconds. accuracy compared to DNN approach. HDC model.
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TAIL & TEAS & HyperDyn: Execution FATE & NeuronQuant: Compression HDGAS: Sparsity Acceleration
Coarse-Grained Execution Flow Fine-Grained & Flexible Compression Specified Software-Hardware Co-Design
Observation: Non-Optimal Execution Flow Observation: Resource waste caused by the Observation: Heavy HDGL execution due to
Insight: Neuron-activity-aware, dependency- bit-level redundance in brain-inspired models message passing process with high dimension
aware, and dimension-aware Execution Insight: Use FPGA's inherit heterogeneous Insight: Leverage dynamic sparsity to reduce
Optlmlzatlon resources with adaptive data format. dimensions and specified SpMM optimization
Useless timesteps o e LT LT with com ressed CSR format.
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20x speedup with no accuracy loss on HDC. o) [
3.5x speedup and 58% energy saving on HDC, 38% accuracy improvement on 4-bit SNN. 6.7x speedup compared to GNN Accelerators.
5.2x speedup and 6.9x energy saving on SNN. Support Resource-aware deployment. HDGL accelerator with
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HyperAttack & HyperDefense: Robustness Enhancement with Attack v.s. Defense @ ALLMod & LaMoS: Faster Secure HW
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Observation: HDC models are not robust against malicious bit flip attacks V.S. Observation: Slow secure computing due to
Insight: Enhance robustness by “Attack v.s. Defense” Defense modular arithmetic operations (= 256 bits).
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First HDC-oriented BFA: crush binary models Successful Protection: <3% acc drop when 2 leomstame (o™ 0 o e

with several bits flipped. 10% bits flipped. 3x/3.1x ATP for modular reductlon / multlpllcatlon
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