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Plug-and-Play ADMM
Deep Algorithm Unrolling

Regularization by Denoising

[Huang+ ACM CIKM 2020]
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FE1THRZE | Regularization by Denoising (RED)
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Graph Laplacian Regularization
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Laplacian Regularization Graph Attention Network
" 7 : Plug-and-Play ADMM
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Total Variation (TV) [Chen+GlobalsiP2014]

| aplacian Regularization (LR)
Zz Untrained GNN (UGNN) [chen+Tsp2022]
0 Graph Attention Network (GAT)

[Velickovic+ ICLR 2018]
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PnP-ADMM (with LR)
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