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1. Overview

In this supplementary material, we aim to provide extensive
results, implementation details and further analysis that are not
present on our main paper. We accompany this document with
a video.

We divide this supplementary material in different sections,
as follows:

e On Section 2, we provide exhaustive implementation de-
tails for our model design and training configuration, as
well as our metrics.

e On Figures 1 to 3, we show diagrams of our model archi-
tectures.

e On Figures 4 and 5, we show statistics of our dataset.

e On Figure 6, we show results of our normals re-
parameterization algorithm.

e On Figure 7, we show additional results for our delighting
and relighting models.

e On Figures 8 and 9, we show additional results on the con-
sistency of our method across multiple scanners.

e On Figure 10, we show additional comparisons with
UMat [1] on scanned images.

e On Figure 11, we show additional comparisons with pre-
vious work on images captured with a smartphone.
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2. Implementation Details

2.1. Delighting

Our delighting and relighting models are trained using a
cycle-consistent GAN framework. In this section, we detail
our design choices for the generator and discriminator archi-
tectures.

Generator Design. Following [1, 2], for the generator, we use
a U-Net [3]. We specify the full model architecture and layer
sizes on Figure 1. We use residual connections [4, 1, 5] in every
convolutional block of the model. We use 1 X 1 convolutions on
the skip connections. We use Group Normalization [6] (with 16
groups per layer) and SiLU [7] non-linearities throughout the
model. Each convolutional block in the encoder is enhanced
with a lightweight Linear Attention module [8], with 4 attention
heads, each with a dimension of 32 hidden units. On the bottle-
neck, we use a lightweight MobileViT Transformer block [9],
with 128 hidden dimensions for the self-attention and MLPs,
4 layers and a kernel size of 3. We use a Dropout rate of 0.2.
We use transposed convolutions for upsampling. Every other
implementation detail in the model (strides, bias, poolings) fol-
low [3].

Discriminator Design. For the discriminators, we follow pre-
vious work on texture synthesis [10, 11] and use a 4-layer
PatchGAN [12]. Please refer to the implementation in [11] for
details.

2.2. SVBSDF Estimation

Our SVBSDF estimation model is trained using a GAN
framework following. In this section, we detail our design
choices for the generator and discriminator architecture, and
their training.

Generator Design. Following [1, 2], for the generator, we use
a U-Net [3]. We specify the full model architecture and layer
sizes on Figure 2. We use residual connections [4, 1, 5] in every
convolutional block of the model. We use 1 x 1 convolutions on
the skip connections. Following [10, 1, 13], to maximally pre-
serve the appearance and characteristics of every target map,
we use a single decoder for each. We append a pixel-wise MLP
to each decoder in the model, with Dropout regularization. We
use Group Normalization [6] (with 16 groups per layer) and
SiLU [7] non-linearities throughout the model. Each convo-
lutional block in the encoder is enhanced with a lightweight
Linear Attention module [8], with 4 attention heads, each with
a dimension of 32 hidden units. On the bottleneck, we use a
lightweight MobileViT Transformer block [9], with 128 hidden
dimensions for the self-attention and MLPs, 4 layers and a ker-
nel size of 3. We use a Dropout rate of 0.2. We use transposed
convolutions for upsampling. For the normal map estimation,
we introduce a final tanh non-linearity to its corresponding de-
coder. Every other implementation detail in the model (strides,
bias, poolings) follow [3].

Discriminator Design. Following [1, 14], for the discrimina-
tor, we use a U-Net [3] model,. We specify the full model archi-
tecture and layer sizes on Figure 3. As in the generator, we use
residual connections [4, 5, 1] in every convolutional block of
the models. We use Spectral Normalization [15] and SiLU [7]
non-linearities throughout the model. On the bottleneck, we use
a lightweight CBAM attention block [16]. The single-scalar es-
timation of the discriminator D, is provided by a MLP with
a similar architecture to the CBAM module. We initialize the
entire model using orthogonal initialization [17]. We use trans-
posed convolutions for upsampling. Every other implementa-
tion detail in the model (strides, bias, pooling) follow [3].

Model Training

Optimization. Following [1], we train the models using Py-
Torch [18] and TorchVision [19]. We leverage Kornia for
data augmentation [20]. To accelerate the training process, we
leverage mixed precision training and automatic gradient scal-
ing [21], and train the whole model natively on GPU. Optimiza-
tion is done using AdamW [22]. Following [14, 1], we use dif-
ferent learning rates for the generator Ir = 0.0008 and the dis-
criminator Ir = 0.004 and a batch size of 46, betas= (0.9, 0.99)
and a weight decay of 0.000003. Both generators and discrim-
inators are initialized using orthogonal initialization [17]. We
use a cosine learning rate scheduler.

Loss Function. We use the following weights for the loss
function: A, = 3, /lspec = 1, /lrough = 1, Aransmitiance
0.33, Aopacity = 0.5, duav = 0.2, Agyie = 0.2, Apreq = 0.25, Aons =
0.3. For the style loss function, we use the AlexNet variant of
LPIPS [23], as in [1, 24] and our delighting framework.

Data Augmentation. Training is done using random crops of
256 x 256 pixels. We perform random rescales uniformely on
the 300, 1200 PPI range, with bilinear interpolation. We ran-
domly rotate the SVBSDF on the [-10, 10] angle range. We
use the algorithm in [25] to correctly rotate normal map. On
the HSV color space, we randomly change the properties of the
model inputs. We randomly change the hue of the images, se-
lected at random on the whole hue ranges. We also change the
saturation, value and contrast of the input images with factors
of [0.84,1.16], [0.85,1.15], [0.9, 1.1], respectively, as specified
on the Torchvision [19] ColorJitter implementation. With
a probability of 0.25, we apply random Gaussian noise to the
input images u = 0,0 = 0.10. With a probability of 0.2, we
apply random erasing [26] to the input images. Half of the
times, we apply a random Gaussian blur to the input images
o ~ U(0.1,5). Finally, with a probability of 0.5, we apply cut-
mix data augmentation to the discriminator, as in [14].

Model Evaluation. We use half precision for model evalua-
tion, which makes the process faster and allows us to generate
SVBSDFs of very large sizes.



/ ConvBlock(3, 32)
Linear Self-Attention

MaxPool2D(2)
Output (D/2, 32)

ConvBlock(32, 64)
Linear Self-Attention

MaxPool2D(2)
Output (D/4, 64)

ConvBlock(64, 128)
Linear Self-Attention

MaxPool2D(2)
Output (D/8, 128)

ConvBlock(128, 256)
Linear Self-Attention

MaxPool2D(2)
Output (D/8, 256)

Encoder
\

Preprint- Supplementary Material / Computers & Graphics (2025)

J

MobileViT

Estimation (D, C,,,=3)

A

Output (D, 32)

ConvBlock(64, 32)

Upsample

Output (D/2, 32)
ConvBlock(64, 32)

Upsample

Output (D/4, 64)

ConvBlock(128, 64)

Upsample

Output (D/8, 128)

ConvBlock(256, 128)

Upsample

Decoders

ConvBlock(C;,, C,,.)

ﬂ:onvZD(ax& Cin Cou) \ \
J ([ comananc,cu |

[ SiLU

[ GroupNorm(16) ] [ GroupNorm (16) ]

Conv2D(3x3, Cyy, Cour)

Fig. 1: A full diagram of our generator, used in our delighting and relighting estimation networks, including layer sizes and output dimensions for each layer. Note
that this model follows [1]. For Self-Attention, we leverage Linear Attention [8], we use a MobileVIT transformer on the bottleneck [9], Group Normalization [6]
and SiLU [7] non-linearities, and residual connections in every convolutional block. In red, we show the input/output dimensions (spatial, channels) of each layer; in
orange, we show attention modules, in blue, convolutional blocks and layers; in green, upsampling and concatenating operations; in yellow, normalization layers;
and in purple, regularizations and non-linearities.



4 Preprint- Supplementary Material / Computers & Graphics (2025)

[ opacity@.comn)

nsmittan D.C..=1)

ik ConvBlock(C,, C,..)
Roughness (D, C,,=1)
Specular (D, C,,=1)

Input (Cy)
[ momais(d,co=9) [T,

/ ConvBlock(3, 32) \ [ SiLU ] [ Conv2D(1x1, C;, Co) ]

Linear Self-Attention

--------------------------- -
MaxPool2D(2)

Output (D/2, 32)

Output (D/2,32)
ConvBlock(32, 64) H
ConvBlock(64, 32)

---------- Output (C,.,)
MaxPool2D(2) -
Upsample
Output (D/4, 64)

ConvBlock(64, 128)

ConvBlock(64, 32)
[ GroupNorm(16) ] [ GroupNorm (16) ]

Conv2D(3x3, Cyyy, Cou)

GroupNorm (16)

Upsample

Output (D/4, 64) M LP (Cim Cout)

ConvBlock(128, 64)
Linear Self-Attention LR
---------- i
MaxPool2D(2) f \
Conv2D(1x1, C;, 3x C;)
Upsample
Output (D/8, 128)

[ GroupNorm(16) ]

Output (D/8, 128) I

ConvBlock(128, 256)

[ Dropout ]

ConvBlock(256, 128) I
[ SiLU ]

---------------------------- -

MaxPool2D(2) l
Upsample [ Conv2D(1x1, 3x C;y, Co) ]

Output (D/8, 256) T

v
- - [ Output (C,,) ]

MobileViT Decoders

Encoder
\ /

Fig. 2: A full diagram of our generator, used in our SVBSDF estimation network, including layer sizes and output dimensions for each layer. Note that this model
follows [1]. For Self-Attention, we leverage Linear Attention [8], we use a MobileVIT transformer on the bottleneck [9], Group Normalization [6] and SiLU [7]
non-linearities, one decoder per output map and residual connections in every convolutional block. In red, we show the input/output dimensions (spatial, channels)
of each layer; in orange, we show attention modules; in blue, convolutional blocks and layers; in green, upsampling and concatenating operations; in yellow,
normalization layers; and in purple, regularizations and non-linearities.
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Fig. 3: A full diagram of our U-Net residual discriminator, used in our SVBSDF estimation network, including layer sizes and output dimensions for each layer.
Note that this model follows [1]. We use a CBAM [16] module on the bottleneck and Spectral Normalization [15] throughout the network and residual connections
in every convolutional block. In red, we show the inputjoutput dimensions of each layer; in orange, we show attention modules; in blue, convolutional blocks and
layers; in green, upsampling and concatenating operations; in yellow, normalization layers; and in purple, non-linearities.
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Fig. 5: Average value of each BSDF map for each category in our training set. Notice how opacity is not evenly distributed.
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Ground Truth Reparameterized Euclidean

Fig. 6: Qualitative results of our normals reparameterization. From left to right, we show input images, ground truth normals, our estimated normals using elliptical
grid mapping and polar 6, ¢ coordinates (our final model), and a baseline euclidean xyz coordinates model. As shown, our normals reparameterization allows for
higher quality, sharper normal maps.
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Fig. 7: Additional qualitative results of our material delighting framework. On the first two rows, we show images captured with flatbed scanners under diffuse

(top) and directional (bottom) illumination. We use those as input to our delighting Mp and relighting Mg models, respectively, for which we show the results on
the bottom rows.
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Fig. 8: Qualitative comparison between several flatbed scanners for the same material. Note that the images are not exactly pixel-wise coherent across scanners.
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Fig. 9: Qualitative comparison between several flatbed scanners for the same material. Note that the images are not exactly pixel-wise coherent across scanners.
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Input

Ground Truth

Fig. 10: Additional comparisons with [1]. We show the input image (top row), and renders using the ground truth materials (captured with a gonioreflectometer),
the estimation of [1] and ours, on the second, third and fourth rows, respectively. Best viewed in color on a screen.

Input D. Inv. Render Match Neural Mats. Adv. Estimation UMat Ours

Fig. 11: Additional comparisons of our method with previous work on images captured with a smartphone, using flash illumination, at different levels of resolution.
From left to right, we show input images, and the results of Deep Inverse Rendering [27], Match [28], Neural Materials [29], Adversarial SVBRDF Estimation [30],
UMat [1], and ours. Note that we only show the four reflectance maps used by every method: albedo, normals, specular and roughness.
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