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Challenges 2 Data-structure-level
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Challenges 3 Computation-level
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Challenges 4 Algorithms(Models)-level
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Contributions
• C1: Mix quantization strategy with an unified processing element (PE) 

array design for GCN accelerator

• C2: Optimizing sparse matrix encoding formats and PE array designs for 

GNNs

• C3: Q-learning-based layer-wise parameter optimization and hardware-

friendly nonlinear computation unit design

• C4: A highly flexible FPGA-based overlay processor for GNN models

C1: Unified PE array
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C3: layer-wise parameter optimization

C4: Overlay processor for GCN
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Each of 32-bit 

complex instructions 

is classified into either 

Conditional (C-type) 

or Unconditional (U-

type) types.

C-type instructions 
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operations and set 

trigger conditions, 
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