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Fig. 1. More examples of the furniture layout adjustment application. Scenes are selected from [Fu et al. 2021]. (Note that optimization is performed using
rasterized images under 256 × 256 resolution, as shown in the second column, while other images are re-rendered in a high resolution with ray tracing for
higher display quality)
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1 MORE EVALUATION DATAS
We provide an extend evaluation table (i.e., extending Table 1 in
the paper ) in Table 1, which provides all error metrics including
MAE, PSNR, SSIM, RMSE, and LPIPS. Furthermore, we provide an
equal-time comparison in Table 2. For each scene, the running time
limit is set to the time for our basic method (without hybrid strategy)
to run for 1000 iterations with weight 𝜆 = 0.5 and match interval
𝐾 = 5. Other settings are the same as those in the paper. Our hybrid
method still perform the best under the equal time setting, although
Nvdiffrast [Laine et al. 2020] is faster and performs more iterations
of optimization.
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2 MORE APPLICATION RESULTS
In this section, we show more results of our inverse rendering
applications including furniture layout adjustment, human pose
fitting and facial expression reconstruction. Please refer to the paper
for detailed experiment settings.
Fig. 1 and Fig. 2 show 10 more examples of furniture layout

adjustment. In Fig. 3, we show 7 more examples of human pose
fitting. In Fig. 4, we show 7 more examples of facial expression
reconstruction. All experiments consistently show that our method
outperforms baseline methods, including Nvdiffrast [Laine et al.
2020] and PyTorch3D [Ravi et al. 2020]. In the majority of examples,
our hybrid strategy further improves reconstruction accuracy.
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Table 1. Evaluation results on 8 scenes with 4 or 5 error metrics provided.
Scene Kitty Buddha CornellBox Teapot
Metric MAE PSNR SSIM RMSE LPIPS MAE PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS

(a) matching algo.(𝐾 = 5,basic) op.flow 0.010 34.25 0.975 0.011 0.020 0.342 22.41 0.771 0.121 0.072 12.77 0.530 0.223 0.211 17.43 0.905 0.187 0.132
bipart. 0.013 33.68 0.978 0.007 0.021 0.433 23.09 0.772 0.033 0.064 14.25 0.620 0.027 0.191 53.10 0.997 0.000 0.006

(b) param 𝜆

(𝐾 = 5,basic)

𝜆 = 0.01 0.639 19.16 0.811 0.375 0.129 0.970 18.06 0.571 0.415 0.125 14.71 0.783 0.141 0.113 44.86 0.997 0.007 0.003
𝜆 = 0.1 0.332 20.74 0.867 0.091 0.227 0.775 19.01 0.633 0.107 0.336 16.85 0.840 0.096 0.081 35.95 0.986 0.018 0.017
𝜆 = 0.9 0.001 45.63 0.998 0.006 0.002 0.442 22.55 0.789 0.065 0.131 22.89 0.930 0.062 0.030 32.39 0.961 0.028 0.032
𝜆 = 0.99 0.001 47.38 0.999 0.001 0.005 0.429 22.73 0.802 0.130 0.063 23.69 0.940 0.025 0.054 33.27 0.969 0.026 0.025

(c) match interval 𝐾
(𝜆 = 0.5,basic)

𝐾 = 0 0.002 42.04 0.995 0.003 0.008 0.457 24.50 0.869 0.088 0.045 22.76 0.932 0.028 0.059 33.88 0.967 0.028 0.024
𝐾 = 1 0.003 41.98 0.995 0.003 0.008 0.460 24.54 0.870 0.088 0.044 22.34 0.923 0.030 0.063 33.91 0.967 0.027 0.024
𝐾 = 10 0.002 42.25 0.995 0.003 0.008 0.489 21.66 0.755 0.159 0.075 22.18 0.920 0.034 0.067 33.42 0.967 0.026 0.026
𝐾 = 50 0.011 33.88 0.974 0.012 0.021 0.708 18.81 0.623 0.340 0.115 21.29 0.909 0.033 0.069 31.66 0.962 0.032 0.029

(d) optim.
strategy

𝐾 = 5,𝜆 = 0.5)

rand 0.419 24.32 0.952 0.155 0.044 0.806 20.49 0.725 0.245 0.084 15.56 0.820 0.152 0.156 49.59 0.999 0.001 0.004
hybrid 0.003 41.53 0.995 0.004 0.008 0.467 24.53 0.867 0.088 0.045 25.28 0.952 0.018 0.053 49.08 0.999 0.001 0.004
basic 0.002 42.41 0.996 0.003 0.008 0.480 22.88 0.803 0.120 0.063 22.69 0.931 0.030 0.060 33.86 0.968 0.024 0.025

(e) baseline

nvdf.res.128 0.487 24.47 0.957 0.152 0.041 0.857 21.02 0.746 0.215 0.077 14.54 0.796 0.191 0.171 50.16 0.999 0.001 0.004
nvdf.res.1024 0.491 24.56 0.966 0.041 0.028 0.751 20.69 0.787 0.081 0.198 18.02 0.935 0.084 0.077 39.18 0.989 0.011 0.021
nvdfmul.res 0.404 24.28 0.967 0.039 0.030 0.772 19.47 0.744 0.097 0.242 13.38 0.828 0.197 0.197 41.81 0.987 0.009 0.028
nvdf.down.res 0.635 24.60 0.968 0.039 0.028 0.449 25.71 0.889 0.040 0.047 18.91 0.953 0.076 0.061 38.05 0.970 0.013 0.045

Scene Cube Ginger Outdoor Joint
Metric MAE PSNR SSIM RMSE LPIPS MAE PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS

(a) matching algo.(𝐾 = 5,basic) op.flow 1.020 17.33 0.906 0.180 0.136 0.477 18.93 0.792 0.199 0.113 18.97 0.813 0.194 0.113 18.87 0.840 0.184 0.114
bipart. 0.171 24.54 0.947 0.020 0.054 0.598 14.33 0.355 0.109 0.192 18.95 0.800 0.054 0.121 16.94 0.540 0.077 0.142

(b) param 𝜆

(𝐾 = 5,basic)

𝜆 = 0.01 0.920 16.98 0.908 0.214 0.118 0.535 14.80 0.625 0.312 0.182 22.28 0.905 0.045 0.080 16.56 0.731 0.673 0.149
𝜆 = 0.1 0.007 38.29 0.998 0.009 0.002 0.357 25.18 0.943 0.055 0.045 18.66 0.828 0.121 0.115 16.56 0.731 0.149 0.673
𝜆 = 0.9 0.063 27.28 0.981 0.040 0.017 0.306 29.68 0.977 0.033 0.033 15.89 0.741 0.162 0.236 25.25 0.886 0.055 0.036
𝜆 = 0.99 0.066 27.11 0.980 0.018 0.041 0.309 29.14 0.979 0.021 0.035 16.79 0.736 0.274 0.147 25.89 0.907 0.045 0.051

(c) match interval 𝐾
(𝜆 = 0.5,basic)

𝐾 = 0 0.066 27.35 0.982 0.017 0.038 0.302 31.26 0.981 0.013 0.027 17.04 0.779 0.173 0.143 22.84 0.843 0.059 0.072
𝐾 = 1 0.062 27.59 0.983 0.016 0.037 0.308 28.28 0.970 0.033 0.039 17.10 0.781 0.172 0.142 22.05 0.827 0.071 0.079
𝐾 = 10 0.047 29.06 0.987 0.012 0.031 0.300 30.20 0.975 0.012 0.031 17.19 0.785 0.160 0.142 23.96 0.865 0.050 0.063
𝐾 = 50 0.048 28.91 0.986 0.012 0.032 0.297 31.34 0.980 0.010 0.027 16.63 0.793 0.169 0.150 20.15 0.779 0.119 0.098

(d) optim.
strategy

𝐾 = 5,𝜆 = 0.5)

rand 1.666 18.77 0.947 0.254 0.088 0.537 25.85 0.924 0.118 0.051 54.02 1.000 0.001 0.004 21.69 0.898 0.127 0.082
hybrid 0.006 37.87 0.998 0.002 0.013 0.305 35.14 0.990 0.004 0.018 51.21 1.000 0.001 0.004 44.19 0.996 0.001 0.006
basic 0.052 28.46 0.986 0.013 0.033 0.304 28.69 0.972 0.037 0.023 16.85 0.779 0.146 0.182 24.00 0.867 0.063 0.054

(e) baseline

nvdf.res.128 1.887 18.98 0.951 0.249 0.086 0.560 24.68 0.913 0.172 0.058 54.50 1.000 0.001 0.004 21.69 0.899 0.126 0.082
nvdf.res.1024 1.878 19.11 0.967 0.084 0.048 0.551 28.14 0.978 0.039 0.071 53.25 0.999 0.002 0.001 23.36 0.950 0.068 0.056
nvdfmul.res 2.217 17.68 0.951 0.118 0.071 0.653 22.24 0.952 0.077 0.150 44.42 0.986 0.006 0.011 21.38 0.922 0.085 0.082
nvdf.down.res 1.359 20.00 0.974 0.068 0.037 0.581 29.06 0.973 0.035 0.102 51.49 0.998 0.003 0.001 23.36 0.950 0.068 0.055

Table 2. Evaluation results on 8 scenes in an equal-time setting. For each scene, the running time limit is set to the time for our basic method (without hybrid
strategy) to run for 1000 iterations with weight 𝜆 = 0.5 and match interval 𝐾 = 5.

Scene Kitty Buddha CornellBox Teapot
Metric MAE PSNR SSIM RMSE LPIPS MAE PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS

(a) matching algo.(𝐾 = 5,basic) op.flow 0.015 32.49 0.965 0.024 0.015 0.373 21.78 0.745 0.079 0.144 12.53 0.525 0.221 0.243 17.36 0.906 0.133 0.189
bipart. 0.014 33.34 0.976 0.022 0.008 0.432 23.15 0.776 0.061 0.032 13.95 0.607 0.198 0.028 51.13 0.997 0.006 0.000

(b) param 𝜆

(𝐾 = 5,basic)

𝜆 = 0.01 0.638 19.07 0.811 0.134 0.375 0.984 18.09 0.572 0.124 0.413 14.71 0.783 0.113 0.140 44.90 0.997 0.007 0.003
𝜆 = 0.1 0.354 20.75 0.874 0.086 0.231 0.774 19.07 0.638 0.106 0.333 16.91 0.841 0.095 0.082 35.96 0.986 0.018 0.017
𝜆 = 0.9 0.002 44.50 0.997 0.006 0.002 0.443 22.55 0.791 0.065 0.131 23.16 0.934 0.060 0.028 32.39 0.961 0.028 0.031
𝜆 = 0.99 0.001 46.95 0.998 0.005 0.001 0.434 22.65 0.796 0.064 0.131 23.83 0.942 0.052 0.023 33.12 0.968 0.025 0.026

(c) match interval 𝐾
(𝜆 = 0.5,basic)

𝐾 = 0 0.003 41.68 0.995 0.009 0.003 0.478 24.03 0.847 0.050 0.093 15.63 0.795 0.143 0.115 32.85 0.963 0.026 0.030
𝐾 = 1 0.003 41.85 0.995 0.008 0.004 0.473 24.12 0.850 0.049 0.093 18.96 0.867 0.093 0.054 33.48 0.966 0.025 0.027
𝐾 = 10 0.002 42.37 0.995 0.008 0.003 0.494 22.25 0.778 0.069 0.138 23.97 0.942 0.054 0.027 33.72 0.967 0.025 0.025
𝐾 = 50 0.003 41.54 0.995 0.009 0.004 0.590 19.88 0.679 0.099 0.259 23.86 0.940 0.052 0.024 32.84 0.965 0.027 0.028

(d) optim.
strategy

𝐾 = 5,𝜆 = 0.5)

rand 0.439 24.28 0.949 0.045 0.154 0.788 21.32 0.756 0.076 0.196 15.81 0.828 0.150 0.145 49.86 0.999 0.004 0.001
hybrid 0.002 43.16 0.996 0.007 0.003 0.470 24.66 0.869 0.044 0.088 23.79 0.941 0.062 0.022 50.13 0.999 0.004 0.001
basic 0.002 42.41 0.996 0.003 0.008 0.480 22.88 0.803 0.120 0.063 22.69 0.931 0.030 0.060 33.86 0.968 0.024 0.025

(e) baseline

nvdf.res.128 0.536 24.56 0.953 0.150 0.041 0.789 20.78 0.735 0.080 0.231 13.66 0.760 0.185 0.213 50.22 1.000 0.004 0.001
nvdf.res.1024 0.519 24.57 0.968 0.038 0.028 0.803 21.01 0.801 0.076 0.187 19.20 0.956 0.068 0.054 40.11 0.987 0.010 0.022
nvdfmul.res 0.390 24.10 0.963 0.043 0.033 0.830 18.94 0.709 0.109 0.275 12.51 0.761 0.228 0.237 42.00 0.990 0.009 0.023
nvdf.down.res 0.390 24.14 0.966 0.040 0.030 0.448 25.72 0.889 0.040 0.046 18.94 0.953 0.074 0.060 41.16 0.992 0.011 0.015

Scene Cube Ginger Outdoor Joint
Metric MAE PSNR SSIM RMSE LPIPS MAE PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS PSNR SSIM RMSE LPIPS

(a) matching algo.(𝐾 = 5,basic) op.flow 1.088 15.98 0.885 0.159 0.250 0.397 18.73 0.804 0.116 0.205 18.98 0.814 0.113 0.198 18.95 0.842 0.113 0.186
bipart. 0.140 25.59 0.958 0.050 0.015 0.600 13.06 0.368 0.222 0.122 18.95 0.800 0.121 0.054 17.67 0.584 0.131 0.069

(b) param 𝜆

(𝐾 = 5,basic)

𝜆 = 0.01 0.884 17.10 0.909 0.117 0.205 0.539 14.48 0.612 0.189 0.317 22.30 0.906 0.080 0.045 16.56 0.731 0.149 0.673
𝜆 = 0.1 0.006 39.52 0.999 0.007 0.001 0.359 24.59 0.937 0.059 0.061 18.52 0.828 0.122 0.110 16.56 0.731 0.149 0.673
𝜆 = 0.9 0.072 26.67 0.978 0.043 0.020 0.306 29.55 0.977 0.033 0.034 16.67 0.745 0.150 0.243 25.17 0.885 0.055 0.038
𝜆 = 0.99 0.079 26.14 0.976 0.045 0.024 0.308 28.89 0.977 0.036 0.027 16.79 0.736 0.147 0.273 25.79 0.905 0.051 0.042

(c) match interval 𝐾
(𝜆 = 0.5,basic)

𝐾 = 0 0.691 16.81 0.900 0.141 0.202 0.342 21.81 0.890 0.081 0.117 16.56 0.779 0.151 0.174 24.41 0.887 0.060 0.044
𝐾 = 1 0.337 19.93 0.937 0.094 0.108 0.312 25.47 0.948 0.053 0.049 16.83 0.781 0.146 0.169 23.15 0.852 0.070 0.056
𝐾 = 10 0.019 33.35 0.995 0.020 0.005 0.302 30.66 0.976 0.029 0.010 17.32 0.785 0.140 0.158 22.48 0.831 0.075 0.065
𝐾 = 50 0.005 38.86 0.998 0.012 0.002 0.301 30.95 0.978 0.028 0.009 17.14 0.786 0.143 0.163 7.85 0.031 0.405 0.673

(d) optim.
strategy

𝐾 = 5,𝜆 = 0.5)

rand 1.745 18.84 0.948 0.088 0.253 0.534 26.40 0.934 0.048 0.102 52.35 1.000 0.004 0.001 21.69 0.896 0.082 0.128
hybrid 0.005 39.23 0.998 0.012 0.002 0.305 38.48 0.993 0.012 0.003 54.20 1.000 0.004 0.001 55.92 1.000 0.001 0.000
basic 0.046 29.10 0.987 0.031 0.012 0.304 29.07 0.974 0.035 0.023 17.06 0.782 0.143 0.165 23.34 0.849 0.068 0.060

(e) baseline

nvdf.res.128 1.868 19.09 0.952 0.086 0.247 0.562 27.83 0.950 0.041 0.077 49.91 1.000 0.004 0.001 21.70 0.898 0.082 0.126
nvdf.res.1024 0.549 28.77 0.980 0.036 0.067 1.886 19.13 0.968 0.081 0.047 53.25 0.999 0.002 0.001 23.36 0.950 0.068 0.055
nvdfmul.res 0.664 21.42 0.927 0.085 0.197 2.159 17.87 0.953 0.112 0.067 31.89 0.940 0.026 0.055 20.26 0.902 0.097 0.114
nvdf.down.res 2.113 17.03 0.943 0.128 0.084 0.670 20.16 0.918 0.098 0.196 51.36 0.998 0.003 0.001 23.34 0.951 0.068 0.054
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Target Initial PyTorch3D PyTorch3D (sil) Nvdiffrast Basic (ours) Hybrid (ours)

Ro
om

(6
)

MAE (mm)/PSNR: 431.03/16.39 614.24/15.86 1097.45/15.10 58.73/28.25 58.24/29.20

Ro
om

(7
)

MAE (mm)/PSNR: 499.40/14.71 553.39/14.45 904.82/15.19 27.68/27.32 25.97/29.66

Ro
om

(8
)

MAE (mm)/PSNR: 360.90/15.22 344.32/15.19 275.15/15.38 4.97/30.26 4.01/35.29

Ro
om

(9
)

MAE (mm)/PSNR: 589.93/18.30 573.19/17.61 1148.32/18.59 2.61/29.83 5.31/30.17

Ro
om

(1
0)

MAE (mm)/PSNR: 719.94/11.69 830.88/11.09 846.90/13.11 2.70/32.05 2.19/34.07

Ro
om

(1
1)

MAE (mm)/PSNR: 335.88/14.28 309.88/14.39 364.23/14.75 1.01/37.14 0.44/42.12

Ro
om

(1
2)

MAE (mm)/PSNR: 394.67/14.01 364.69/14.54 534.86/16.00 1.12/33.98 0.32/38.38

Fig. 2. More examples of the furniture layout adjustment application. Note that optimization is performed using rasterized images under 256 × 256 resolution,
while the images shown here are re-rendered in a high resolution with ray tracing for higher display quality.
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Target PyTorch3D PyTorch3D (sil) Nvdiffrast Basic (ours) Hybrid (ours)
H
um

an
(3
)

MAE (mm)/PSNR: 191.67/19.95 141.53/21.94 221.64/20.44 10.19/25.44 10.44/26.38

H
um

an
(4
)

MAE (mm)/PSNR: 180.52/21.81 17.61/26.68 242.78/19.40 6.18/27.08 6.04/27.75

H
um

an
(5
)

MAE (mm)/PSNR: 143.63/21.92 126.80/21.72 220.82/19.75 5.61/27.59 7.88/28.01

H
um

an
(6
)

MAE (mm)/PSNR: 185.69/19.86 120.11/21.35 153.13/20.54 5.21/28.04 5.02/28.77

H
um

an
(7
)

MAE (mm)/PSNR: 199.93/20.39 136.23/22.48 109.62/21.74 6.88/26.81 6.59/28.22

H
um

an
(8
)

MAE (mm)/PSNR: 216.84/19.74 181.12/19.79 263.97/19.66 6.85/26.76 8.95/27.43

H
um

an
(9
)

MAE (mm)/PSNR: 116.57/22.40 120.06/22.35 319.93/19.15 12.76/25.69 12.60/25.44

Fig. 3. More examples of the human pose fitting application.
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Target PyTorch3D PyTorch3D (sil) Nvdiffrast Basic (ours) Hybrid (ours)
Ex

pr
es
si
on

(3
)

MAE (mm)/PSNR: 0.386/27.53 0.192/31.78 0.181/32.74 0.027/37.88 0.003/48.70

Ex
pr
es
si
on

(4
)

MAE (mm)/PSNR: 0.715/26.29 0.487/28.25 0.256/29.62 0.042/37.61 0.003/47.21

Ex
pr
es
si
on

(5
)

MAE (mm)/PSNR: 0.387/29.88 0.164/32.66 0.182/30.77 0.027/39.17 0.006/50.13

Ex
pr
es
si
on

(6
)

MAE (mm)/PSNR: 0.662/27.63 0.363/30.16 0.495/29.28 0.009/43.01 0.003/54.43

Ex
pr
es
si
on

(7
)

MAE (mm)/PSNR: 0.256/31.23 0.119/34.46 0.151/33.29 0.011/41.18 0.005/46.63

Ex
pr
es
si
on

(8
)

MAE (mm)/PSNR: 0.333/28.85 0.565/28.14 0.335/29.09 0.065/34.49 0.002/49.90

Ex
pr
es
si
on

(9
)

MAE (mm)/PSNR: 0.184/30.95 0.307/30.27 0.194/31.43 0.070/35.62 0.003/48.27

Fig. 4. More examples of the facial expression reconstruction application.
ACM Trans. Graph., Vol. 1, No. 1, Article . Publication date: September 2022.
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