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This supplementary document provides the following additional figures:

Fig. 1: Additional real dataset samples (fig. 2 in the paper)

Fig. 2: Qualitative comparison between our networks and previous work on the real dataset (additional samples for figs
9 and 10 in the paper)

Fig. 3: Qualitative comparison of the number of inputs using our optimized method “OursOptim” (complements fig. 11
in the paper)

Fig. 4: Quantitative comparison of models on the synthetic dataset (additional metrics for fig. 7 in the paper)
Fig. 5: Quantitative comparison of models on the real dataset (additional metrics for fig. 8 in the paper)
Fig. 6: Quantitative comparison of the number of inputs (additional metrics for fig. 11 in the paper)

Fig. 7: Quantitative comparison of different approaches for the per-material optimization (additional metrics for fig. 12
in the paper)

Please consult the supplementary video for dynamic relighting results.
Dataset, code and supplementary video are available at https://lvsn.github.io/real-svbrdf.


https://lvsn.github.io/real-svbrdf

Figure 1. Example sets of images from our dataset of real-world materials (see fig. 2 in the paper). Images lit from lights O (North) to 11
(clockwise) are shown from left to right. Overall, 80 different samples were captured at various scales, totahng 462 sets of 12 images each
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Figure 2. Additional examples for figs 9 and 10 in the paper. Qualitative comparison between previous work (Deschaintre et al. [1], Gao et
al. [2]), our model trained on synthetic data only (“Ours”), our model finetuned (“OursFine”) and after the per-material optimization

(“OursOptim”). Here, the “dynamic” model is used.

Normal Diffuse Roughness  Specular (x10) Novel light renders Normal Diffuse Specular (x10) Novel light renders

OursOptim OursFine Ours Gao Deschaintre

Reference

Diffuse

Roughness Novel light renders

Normal Diffuse Roughness  Specular (x10) Novel light renders Normal
w1 mE| I [ AL

Specular (x10)
7, 1\ PRGN

Vi ;

OursFine Ours Gao Deschaintre

OursOptim

Reference



OursFine Ours Gao Deschaintre

OursOptim

Reference

OursFine Ours Gao Deschaintre

OursOptim

Reference

OursOptim OursFine Ours Gao Deschaintre

Reference

Normal

Diffuse

Diffuse

Diffuse

Roughness

Roughness

Roughness

Specular (x10)

Specular (x10)

ke

Specular (x10)

Novel light renders

Novel light renders

Deschaintre

H
£
El
3
4

Normal

Normal

Normal

Diffuse

Diffuse

Diffuse

Roughness

Roughness

Specular (x10)

Specular (x10)
. =

Novel light renders

Novel light renders




Reference

4 3 2 1

6

Reference

Figure 3. Results of our optimized model (oursOptim) using different numbers of inputs on real materials.
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Figure 4. Additional metrics for fig. 7 in the paper. Quantitative comparison between our networks and previous work (Deschaintre et
al. [1] and Gao et al. [2]) on the synthetic test set. The models on the left of the vertical dotted line are trained with the renderer from
Deschaintre et al. [1]. On the right of the line are models trained with our renderer and a configuration matching the one of the capture
system. All models are evaluated using our renderer and configuration. The loss is computed on novel renders. 6 input images are used
by all models. The L1 loss on novel renders can be seen on the left. On the right, the VGG perceptual loss results are shown (lower is
better). This VGG perceptual loss is the L1 loss of the convolutional layers features obtained by passing the images through a VGG19
model pretrained on ImageNet [3].
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Figure 5. Additional metrics for fig. 8 in the paper. Quantitative comparison between our networks and previous work (Deschaintre ef
al. [1] and Gao et al. [2]) on the real test set. Six images are fed to the model which predicts SVBRDF parameters. Deschaintre’s renderer
(left) use random unseen light position at test time, while ours (right) use the even-indexed light sources on the capture rim for training and
odd-indexed lights for test. All methods are trained on synthetic images. Only “OursFine” and “OursOptim” are finetuned on real images.
Metrics are L1 loss and VGG perceptual loss on novel renders (lower is better). The VGG loss is detailed in fig. 4
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Figure 6. Additional metrics for fig. 11 in the paper. Effect of varying the number of input images for training. Here, the per-material
optimization results are shown for the “dynamic” and “fixed” architectures. When the number is 1, both architectures are the same so only
one result is shown. Metrics are L1 loss and VGG perceptual loss on novel renders (lower is better). The VGG loss is detailed in fig. 4
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Figure 7. Additional metrics for fig. 12 in the paper. Comparison of different approaches for the per-material optimization (lower is better).
All methods minimize L;ender ON the input images. “OursOptim” overfits the weights of a model trained on the synthetic dataset to the
input images. “RandomlInit” performs the same process but on a randomly initialized and untrained model. “SvbrdfRefined” optimizes the
SVBRDF maps directly. Metrics are L1 loss and VGG perceptual loss on novel renders. The VGG loss is detailed in fig. 4
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