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| 1. Introduction RED from Graph Filter Perspective
Graph Signal Processing (GSP)I1! v We compare gradient of regularization term. ...
» Signals often have their underlying 4 * LR vo‘zl"“ x ' Lx = a;, Lx
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Regularization by Denoising (RED)!“] RED passes high-frequency components compared to LR.
 RED Is an image restoration method that uses image denoiser — RED eliminates oversmoothing.

for its regularization term. _
- In contrast to plug-and-play ADMM, RED is more interpretable I 3. Experimental Results
because It directly use the denoiser as the regularization term.

Datasets
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» When D() satisfies the following conditions, gradient of the Existing MethOdS
regularization term can be written as: » Total variation (TV)3!

T (% — D(%)) — % — D(x . . oDy, » Laplacian Regularization (LR)!
Vx ' (x (X)) = X (X) without gradient of denoiser VD(:) . Graph Attention Network (GAT)®

Condition 1: (Local) Homogeneity * Graph signal denoising using PnP-ADMM (with LR)!6!
D(c-x) =c-D(X) when c is very closed to 1. Denoising Performance
Condition 2: Strong Passivity Synthetic dataset 3D point cloud dataset
. N Noise Level o7 5 10 15 20 25 30 Noise Level o7 10 20 30 40 50 60
: ) - i TV 224 318 3.79 442 493 35.57 TV 323 436 554 638 7.09 7.70
Inner denOISGr mUSt be Stable T](VD(X)) S 1 77() - Spectral radius LR 216 310 3.70 434 485 549 LR 296 401 501 580 641 7.03
GAT 195 278 337 393 442 498 GAT 546 440 587 6.08 600 642
I 2 P d M th d PnP-ADMM (LR) | 1.78 2.65 322 382 432 496 PnP-ADMM (LR) | 2.74 351 423 479 522 5280
Proposed (LR) 1.69 231 275 3.18 3.61 4.09 Proposed (LR) 288 344 4.09 446 482 537
- ropose e O Progosed (GAT) 1.94 276 333 385 433 4091 Progosed (GAT) 277 362 442 504 547 583
Proposed (PnP) 1.63 205 239 272 313 3.54 Proposed (PnP) 296 345 4.09 439 4.73 5.27

Are Graph Signal Denoisers Applicable to RED? Visualization Results (3D point cloud)
(® Laplacian Regularization for RED + Original .| R e PNP-ADMM

x = f(L)y
] " 2 > ! 1., : Graph Laplacian
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Condition 1: (Local) Homogeneity
1) L is determined independently of the graph signal

fL)(c-x)=c- f(L)x
2) W is inversely proportional to the distance between
the S|gnal valu

J—Mw\ X Wiy =1/ (/i — [l 1?)

IT W Is normallzed, wWe always have local homogeneity.
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Condition 2: Strong Passivity
if condition 1 is satisfied, VP(x)x = f(L)x_ 12
n(VD(x)) <1 n(f(L)) <1

| 4. Conclusion

Since L Is positive-semidefinite matrix, . . . .
L e This paper proposes a interpretable graph signal denoising
n(f(L)) =n(I+ak)™") <1 method.

@ Graph attention network and PnP ADMM for RED + Our proposed method Is based on regularisation by denoising
| _ | - (RED) and we validate that the graph signal denoiser satisfies
We experimentally validate they satisty the two conditions.

the conditions for the application of RED.

Condition 1 Condition 2  Signal denoising accuracy improves in terms of RMSE.
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