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1. Introduction
Graph Signal Processing (GSP)[1]

2. Proposed Method

3. Experimental Results

4. Conclusion

•Signals often have their underlying 
structures. •GSP can consider the underlying 
structure of signals. 
e.g. Transportation network, 
bioinformatics, 3D point cloud.

Evaluation Measure

Existing Methods

Denoising Performance

Visualization Results (3D point cloud)

•Synthetic Dataset  , -NN ( ) •ModelNet              Variois , -NN ( )
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•Total variation (TV)[3] •Laplacian Regularization (LR)[4] •Graph Attention Network (GAT)[5] •Graph signal denoising using PnP-ADMM (with LR)[6]
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•RED is an image restoration method that uses image denoiser 
for its regularization term. •In contrast to plug-and-play ADMM, RED is more interpretable 
because it directly use the denoiser as the regularization term.
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PnP ADMM
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RED

：Algorithm Iteration

：Update Step Using Denoiser 

：Other Update Step
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：Algorithm Iteration
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: Denoised Signals
: Hyperparameter

: Image Denoiser

Condition 1: (Local) Homogeneity

Condition 2: Strong Passivity
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⌘(·) : Spectral radius

 when  is very closed to 1.
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Inner denoiser must be stable.

•When  satisfies the following conditions, gradient of the 
regularization term can be written as:
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① Laplacian Regularization for RED
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Condition 1: (Local) Homogeneity

Condition 2: Strong Passivity
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L : Graph Laplacian
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f(L)(c · x) = c · f(L)x
2)  is inversely proportional to the distance between 
the signal values
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⌘(f(L))  1

Since  is positive-semidefinite matrix, 
.
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RED passes high-frequency components compared to LR. 
→ RED eliminates oversmoothing.
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② Graph attention network and PnP ADMM for RED

Condition 2Condition 1
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We experimentally validate they satisfy the two conditions.

•Original •LR •PnP-ADMM

•Observed •Proposed w/ LR •Proposed w/ PnP

Synthetic dataset 3D point cloud dataset

•This paper proposes a interpretable graph signal denoising 
method. •Our proposed method is based on regularisation by denoising 
(RED) and we validate that the graph signal denoiser satisfies 
the conditions for the application of RED. •Signal denoising accuracy improves in terms of RMSE.

We compare gradient of regularization term.

•LR
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Adjacency matrix
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