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Section 1 of this supplementary material provides detailed derivations for the derivative formulas presented in the appendix
of the main submission, and section 2 of this supplementary material provides an algorithmic description of the proposed
deep Gaussian CRF network.

1. Backpropagation
1.1. Backpropagation through the combination layer
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1.2. Backpropagation through the quadratic layer

Forward step:

1 _
sfj = —§x (VV;C +0? ) ' Xij + bi. 4
Backward step:
dL dL ds}; dL
=D T e =) o ®)
dbk i dsij dbk i dsij
dL dL dsj; dL 9y 1 _
dx;; B Z dsk dxm - Z ds k (Wk to I) Xij- ©
AL gL dy ,12 AL 7 dWito® D'
dWi(p,q) 4 dsl; dWk(p,q)  24=dsf; 7 dWi(p,q) 7

dL _ 1 AW +02] 1
= de ;(Wk‘*‘UQI) W(Wk‘f'ff?]) 'y (N

- defz (W +021) 7" %45 %, (Wi +021) 7] (p,q)



From (7), we have
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1.3. Backpropagation through the patch inference layer
Forward step:
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Backward step:
LetA;; =1— GT (ﬁEij + GGT) G Let I, be a matrix with (p, ¢) element as one and all other elements as zero. Note
that the matrix G = I — 5,117 satisfies GG = G.
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2. Algorithmic description of the proposed deep Gaussian CRF network

Algorithm 1 Deep Gaussian CRF Network

Input: Noisy image X, noise variance o2

1: Initialize the network input Y with the noisy input image X.
2: fort =1toT do

Parameter generation network (PgNet):

3: Patch extraction layer: Extract the d X d mean subtracted patches {yf;l} from the image Y'~! at all pixels (4, j).
4 Selection network (parameters {(Wp, bi,) }): Compute the combination weights {fyzkj} for each patch yﬁj‘l using
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5: Combination layer (parameters { ¥}, }): Compute the potential parameters 3;; for each patch yﬁ;l using
K
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HQS layer of the inference network (InfNet):

6: Patch inference layer (PI): Compute the auxiliary patches {z,; } using the patches {yfj_l} extracted from the image
Y'~!, and the pairwise potential parameters {X;;} given by the PgNet:
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7: Image formation layer (IF): Compute the new clean image estimate Y’ using the auxiliary patches {z;; } and the
original noisy image X:
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Output: Clean image Y = Y7




