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1 DERIVATION OF THE SELF-SUPERVISED
LOSS

Suppose we have two unbiased path-traced images, y𝑎 and y𝑏 (i.e.,

𝐸 [y𝑎] = 𝐸 [y𝑏 ] = 𝝁), with variances 𝜎2 (y𝑎) and 𝜎2 (y𝑏 ), respec-
tively. The denoised images from y𝑎 and y𝑏 are denoted as z𝑎 and z𝑏 .
We regard each color for the images and variances as a 3 × 1 vector.

Note that (y𝑎, z𝑎) and (y𝑏 , z𝑏 ) are independent to each other, and

thus the y𝑏𝑐 at pixel 𝑐 is independent of our post-corrected estimate

�̂�𝑎𝑐 = 𝑔𝑐 (y = y𝑎, z = z𝑎). Then, the mean squared error (MSE) of

�̂�𝑎𝑐 can be derived as the following:

𝐸 | |�̂�𝑎𝑐 − 𝝁𝑐 | |2

= 𝐸 | |�̂�𝑎𝑐 − y𝑏𝑐 + y𝑏𝑐 − 𝝁𝑐 | |2

= 𝐸 | |�̂�𝑎𝑐 −y𝑏𝑐 | |2+𝐸 | |y𝑏𝑐 −𝝁𝑐 | |2+2𝐸 [(�̂�𝑎𝑐 −y𝑏𝑐 )𝑇 (y𝑏𝑐 −𝝁𝑐 )]

= 𝐸 | |�̂�𝑎𝑐 −y𝑏𝑐 | |2+1𝑇𝜎2 (y𝑏𝑐 )+2𝐸 [(�̂�𝑎𝑐 −𝝁𝑐 +𝝁𝑐−y𝑏𝑐 )𝑇 (y𝑏𝑐 −𝝁𝑐 )]

= 𝐸 | |�̂�𝑎𝑐 −y𝑏𝑐 | |2−1𝑇𝜎2 (y𝑏𝑐 )+2𝐸 [(�̂�𝑎𝑐 −𝝁𝑐 )𝑇 (y𝑏𝑐 −𝝁𝑐 )]

= 𝐸 | |�̂�𝑎𝑐 −y𝑏𝑐 | |2−1𝑇𝜎2 (y𝑏𝑐 )+2𝐸 [(�̂�𝑎𝑐 )𝑇 (y𝑏𝑐 −𝝁𝑐 )]

= 𝐸 | |�̂�𝑎𝑐 −y𝑏𝑐 | |2−1𝑇𝜎2 (y𝑏𝑐 ),
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where 1 is a 3 × 1 vector in which every element is one.

2 ABLATION STUDIES FOR OUR
COMBINATION FUNCTION

Deep combiner (DC) [Back et al. 2020] takes independent and cor-

related pixel estimates (y and z) as input, and combines the two

estimates via a combination function:

𝑓𝑐 (y, z) =
1∑

𝑖∈Ω𝑐
𝑤𝑖

{ ∑︁
𝑖∈Ω𝑐

𝑤𝑖y𝑖 +
∑︁
𝑖∈Ω𝑐

𝑤𝑖 (z𝑐 − z𝑖 )
}
, (1)

where𝑤𝑖 is a combination weight allocated to the 𝑖-th pixel colors

(i.e., y𝑖 and (z𝑐 − z𝑖 )). We reformulate the original combination

(Eq. 1) using rendering-specific buffers (albedo 𝝆, normal n and

visibility buffers v) into

𝑔𝑐 (y, z)=
∑
𝑖∈Ω𝑐

𝑤𝑖

{
y𝑖+𝜷𝑧𝑐 ◦(z𝑐−z𝑖 )+𝜷

𝜌
𝑐 ◦

(
𝝆𝑐−𝝆𝑖

)
+𝜷𝑛𝑐 ◦(n𝑐−n𝑖 )

}∑
𝑖∈Ω𝑐

𝑤𝑖
,

(2)

where the combination weight𝑤𝑖 is defined as

𝑤𝑖 =


exp

(
−
log𝑒 (1 + ||y𝑐 − y𝑖 | |2)

(𝛾𝑦𝑐 )2 + 𝜖
−
log𝑒 (1 + ||z𝑐 − z𝑖 | |2)

(𝛾𝑧𝑐 )2 + 𝜖

)
× exp

(
−
||𝝆𝑐 − 𝝆𝑖 | |2

(𝛾𝜌𝑐 )2 + 𝜖
− ||n𝑐 − n𝑖 | |2

(𝛾𝑛𝑐 )2 + 𝜖
− (𝑣𝑐 − 𝑣𝑖 )2

(𝛾𝑣𝑐 )2 + 𝜖

)
if 𝑖 ≠ 𝑐,

𝜏𝑐 otherwise.

(3)

The scale parameters (𝜷𝑐 ≡ {𝜷𝑧𝑐 , 𝜷
𝜌
𝑐 , 𝜷

𝑛
𝑐 }), bandwidth parameters

(𝜸𝑐 ≡ {𝛾𝑦𝑐 , 𝛾𝑧𝑐 , 𝛾
𝜌
𝑐 , 𝛾

𝑛
𝑐 , 𝛾

𝑣
𝑐 }), and the center weight 𝜏𝑐 are optimized

by our self-supervised learning.

We have conducted an ablation study for the reformulated combi-

nation (Eqs. 2 and 3). As shown in Fig. 1, the cross-bilateral weight-

ing (Eq. 3) allows us to produce visually more accurate results than

the combinations without the weighting (setting B and D over set-

ting A and C in the figure). Also, our current formulation (setting D),

which uses the auxiliary buffers (Eq. 2) with the weighting (Eq. 3),

produces the most accurate results except for one case (AFGSA for

the dragon).
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Figure 1: Self-supervised post-correction results with and without the two adaptations, refined combination (Eq. 2) and cross-
bilateral weighting (Eq. 3). We have tested the four configurations, setting A: original combination (Eq. 1), setting B: original
combination (Eq. 1) with cross-bilateral weighting (Eq. 3), setting C: refined combination (Eq. 2), setting D: refined combination
(Eq. 2) with cross-bilateral weighting (Eq. 3). We show the results of the two recent denoisers (KPCN [Bako et al. 2017] and
AFGSA [Yu et al. 2021]) and their post-correction outputs ((d) to (g)). We use 128 spp for all the results.
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