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EXISTING MONTE CARLO DENOISERS

 RDFC: Robust Denoising using Feature and Color Information
[Rousselle et al. 2013]

 NFOR: Nonlinearly Weighted First-Order Regression for Denoising Monte
Carlo Renderings [Bitterli et al. 2016]

 KPCN: Kernel-Predicting Convolutional Networks [Bako et al. 2017]
« MCGAN: Adversarial Monte Carlo Denoising [Xu et al. 2019]
e OptiX: Al Denoiser in the NVIDIA’s OptiX Raytracing Framework

* OIDN: Intel’s Open Image Denoise Library
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THE MSE MATRIX
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MSE MATRIX ESTIMATION
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MSE MATRIX ESTIMATION
Elyy'] + E[x1]E[x1"]
—E[x1]E[y "] — E[y]E[x1]
E[x]E[x] = x“x"
E[x]E[y] = x"y”® = x"y*4

s.t. Cov[x4, xB] = Cov[x4,y®] = Cov[x®,y4] = 0
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DUAL-BUFFER MSE MATRIX ESTIMATION
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PRACTICAL OPTIMIZATION MODEL
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IMPLEMENTATION DETAILS
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IMPLEMENTATION DETAILS

reIMSE / DSSIM

Spaceship (64spp)
relMSE / DSSIM

BA S FBINEE R

(a) w/o Filtering

0.00123 / 0.01069

(c) w/o Filtering
0.00185 /0.01035

(b) w/ Filtering

0.00083 /0.00706

(d) w/ Filtering
0.00158 /0.00659

.

~ Living Room 3 (64spp)
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Reference



Solving Time (Seconds)

IMPLEMENTATION DETAILS
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PIPELINE

1 s lterative Cross
Base B 1 Weight Bilateral
Denoisers : e Solver Filter

Base Denoised Noisy Weight Maps _ Filtered Weight Maps
(Half) Images Final Combined Image

Auxiliary Feature Buffers



EXPERIMENTS



Input . 1: KPCN 2: KPCN-DC 3: MCGAN 4: NFOR 5: NFOR-DC 6: OIDN 7: OptiX 8: RDFC
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54.33 / 220.53 10.21/12.60 7.02/18.40 26.77 / 16.56 4.70 / 15.93 5.59/19.20 16.34 / 21.33 23.02 / 23.81 4.51/16.83
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Reference 18: 1+4+8 200 1+6+8 27: 1+4+6+8 26: 1+3+6+8 29: 2+4+6+8 32: 1+3+4+46+8 33: 1+4+6+7+8
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2.73 /10.02 3.00/10.72 2.86/ 10.52 2.82/12.46 i 1. 2.81/12.37 291/11.94

Input : K ' 2: KPCN-DC 3: MCG/ 4: NFOR 5: NFOR-DC 6: OIDN 7: OptiX 8: RDFC

60.38 / 231.43 7.95/ 8.96 4.03/13.20 6.54 / 12.33 4.29 / 13.33 1.81/13.26 5.33/10.97 14.42 / 14.79 3.07 / 12.85

Reference 20: 1+6+8 27: 1+4+46+8 26: 1+3+6+8 29: 2+4+6+8 32: 1+3+4+6+8 33: 1+4+6+7+8

Dining Room (64spp)

relMSE / DSSIM 2.35/ 8.24 192/ 8.69 2.24 / 8.66 1.92/ 8.56 2.35/8.76 1.48 / 8.85 1.92/8.71 1.87 / 8.64




Furball (64spp)
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1.59/11.96

304.10 / 324.58 291/12.22

Reference 17:

1.93/ 10.77

2: KPCN-DC

4.69 / 54.76

2: KPCN-DC
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1.53/12.08

2: KPCN-DC

3.65/18.02

243 /1177

- v

3: MCGAN
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3.42 / 13.03
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1.64 / 12.20

3: MCGAN

2.70 / 13.22

20: 1+6+8

4: NFOR ! 5: NFOR-DC
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1.54 /12.09 1.63/11.78

5: NFOR-DC

3.30/13.76 3.58 / 18.10

26: 1+3+6+8

2.10 / 11.65 208/ 11.62

6: OIDN

6.97 / 69.49
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1.48 / 12.01

242/ 16.16 3.38 / 22.36

29: 2+4+6+8 32: 1+3+4+46+8

231/ 12 2.06/ 11.21
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2.25/ 15.36

1.56 / 12.16

4.14 / 19.07

33: 1+4+6+7+8

2.10/ 12.28




27: 1+4+6+8 314
20: 1+6+8 )
32: 1+3+4+6+8 2.7
29: 2+4+6+8 294
33: 1+44+6+7+8 29.0
18: 1+4+8 29.0
17: 14446 28.3
26: 1+3+6+8 28.3
36: 1+3+5+6+748 276
34: 2+45+6+7+8 27.1
39: 1+2+3+4+5+6+74+8 27.1
35: 1+3+4+6+7+8 26.8
10: 1+4
31: 5+6+7+8 25.5
38: 2+3+5+6+7+8 254
37: 2+3+4+6+748 253
30: 4+6+7+8 25.0
15:6+8
25: 1+3+6+7 21.8
24: 6+7+8 21.7
19: 146+7 212
9 142
13: 446
28: 24+3+6+7 193
23: 44647 19.2
16: 748
21: 2+6+7 177
22: 3+6+7 16.3
14: 447
11: 245
1: KPCN 155
12: 445
8: RDFC 129
5: NFOR-DC 10.1
6: OIDN 10.0
2: KPCN-DC 9.8
4: NFOR 9.3
3: MCGAN 86
7: OptiX 6.8
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(a) Bathroom Scores (relM SE) (b) Dining Room Scores (relM SE) (c) Avg. Scoresw.r.t. spp (relMSE)
—-®-  0:Noisy -+- 5:NFOR-DC —u— 10:1+4 —+— 15:6+8 —e— 20: 1+6+8 —o— 25 1+3+6+7
-#- 1:KPCN -+-  6:OIDN —— 11:245 —%— 16:748 —o— 21:246+7 —&— 26 1434648
-4- 2.KPCN-DC -#-  7:0ptiX —o— 12: 445 —o— 17:1+446 —— 22: H6+7 —a— 27:1+446+8
-e-  3:MCGAN -o- 8:RDFC ~o— 13: 446 —o— 18 1+448 —w— 23: 46+7 —o— 28: 243+6+7
-o- 4:NFOR —o— 9142 —— 14447 —a— 19:146+7 —a— 24:6+7+8 —o— 20: 2+4+6+8

5 10 15 20 25 30 35

(d) Ranking Scores (relMSE)
—+— 30:4+6+7+8 —o— 35: 14344464748
—+— 31:5+6+7+8 —8— 36 14+3+45+6+7+8

—o— 32: 1+3+4+6+8 —&— 37. 243+446+748
—o— 33 1+4+6+7+8 —e— 38 2+3+5+6+748
—&— 34: 245+6+7+8 —o— 39 14+243+445+6+7+8



relMSE ' spp | 4 8 16 32 64 128 256 | Avg.

MCGAN 88.8% 84.2% 80.4% 72.9% 66.7% 62.9% 63.3%|74.2%
OIDN 84.6% 81.2% 76.7% 74.6% 64.6% 63.3% 60.0% |72.1%
NFOR L 10-2 81.0% 79.5% 77.1% 78.6% 743% 68.6% 61.0% |74.3%
RDEC - 92.2% 84.4% 84.4% 83.3% 84.4% 81.1% 75.6% |83.7%
One-Hot (SBF) 81.7% 73.3% 76.7% 79.2% 76.7% 76.7% 65.8% |75.7%
One-Hot (NFOR) | 80.0% 76.7% 76.7% 83.3% 83.3% 80.0% 66.7% |78.1%

One-Hot (Post) Avg.| 85.1% 80.8% 78.5% 76.8% 71.4% 684% 63.5% | 74.9%

Table 1. Percentages under the reIMSE metric that our ensemble denoising
method outperforms both pre-filtering variants (using filters from SBF and
NFOR, respectively) of the one-hot selection method. Our method has the
lowest error in most cases across varying ensemble sizes and sample rates.

#Base
0 ON U1 W& W DN

Bathroom 2 (8spp) Reference

relMSE / DSSIM

(a) One-Hot (SBF) (b) One-Hot (NFOR)
0.00687 / 0.03051 0.00676 / 0.02292

n 10—3

SPp

4

8

16

32

64

128

256

Avg.

#Base
0O ON U W W N

73.8%
79.2%
92.9%
85.6%
89.2%
83.3%

70.4%
75.8%
91.0%
84.4%
90.0%
80.0%

64.6%
68.3%
82.4%
76.7%
84.2%
80.0%

67.1%
63.7%
77.6%
71.1%
77.3%
66.7%

67.5%
59.6%
76.7%
73.3%
75.8%
66.7%

66.7%
57.1%
71.4%
77.8%
77.5%
70.0%

63.3%
52.5%
63.8%
71.1%
67.5%
56.7%

67.6%
65.2%
79.4%
77.1%
80.2%
71.9%

Avg.

82.9%

80.6%

73.8%

70.3%

69.1%

67.8%

61.7%

72.3%

Table 2. Percentages under the reMSE metric that our ensemble denoising
outperforms the post-filtering variant of one-hot selection.

(d) Ours | 1 1 | 1 1 1 | |
4 8 16 32 64 128 256 512 1024
0.00389 / 0.01551 >PP

(c) One-Hot (Post)
0.00505 / 0.02126



RDFC Opti MCGAN

Combined

(a) GT (Full)
One-Hot
0.00199 / 0.02791

(b) GT (Full)
w/o Constraints
0.00148 / 0.02004

SRR AL

(c) GT (Full) (d) GT (Half) (e) GT (Half)
w/ Constraints One-Hot w/o Constraints
0.00175/0.02470 0.00207 / 0.03032 0.00156/ 0.02224

(f) GT (Half) (g) Estimated
w/ Constraints  One-Hot (Post)
0.00182 / 0.02668 0.00287 / 0.03821

(h) Estimated
w/o Constraints
0.11013/ 0.13754

(i) Ours
w/ Constraints
0.00256 / 0.03590

1
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