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1 INTRODUCTION

IN this supplementary material, we provide further imple-
mentation details, results of SeamlessGAN, and compari-

son with other methods. In particular:

• Section 2 contains a thorough description of the
implementation details.

• Section 3 describes the implementation details used
for our comparison with other tileable texture synthe-
sis methods.

• Figure 1 shows further results on our ablation study
on the design of the generator architecture G for the
texture stack synthesis problem.

• Figure 2 shows more examples on the quality metric
obtained using the discriminator.

• Figure 3 shows further examples on the capability of
SeamlessGAN for generating multiple texture maps
from a single input.

• Figure 4 shows an extended ablation study on the
influence of the loss function on the generated results.

• Figures 5 and 6 show an ablation study on the
influence of the number of layers in the discriminator
and generator on the quality of the synthesized
textures.

• Figure 7 shows additional comparisons with previous
methods on Moritz’s dataset [1].

• Figure 8 shows an experiment on tileable texture
transfer.

• Figure 9 shows additional results on multi-layer
tileable texture synthesis.

• In pages 12-22, we include a large pool of high-
resolution results of SeamlessGAN trained only using
the albedo, showcasing the tileability of our outputs.

2 IMPLEMENTATION DETAILS

Training details: We use PyTorch [2] as our learning frame-
work, and Adam [3] as our optimization algorithm. For it, we
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use an initial learning rate of α = 0.0002, which is divided
by 5, after iterations 30000 and 40000. The networks are
trained for a total of 50000 iterations, using a batch size of
1.The momentum parameters are kept to the default values
of β1 = 0.9 and β2 = 0.999, and ϵ = 10−8. We additionally
apply an ℓ2 regularization of 10−5 to the optimization of
both networks, which may help obtain better synthesized
images [4]. This configuration is the same for the training of
both the discriminator and the generator. In contrast to other
work in unsupervised image generation [5], both networks
are updated after each iteration. The models are trained
and evaluated using a single NVIDIA GeForce GTX 1080Ti,
leveraging half-precision training and automatic gradient
scaling [6]. Evaluation is done in half precision for faster
inference and reduced memory consumption. Using reduced
numeric precision does not yield worse synthesized textures.

Network architecture: We follow closely the architectures
defined in [7]. For the Generator G, we use replication
padding as the padding method for the entire architecture,
ReLU non-linearities and Instance Normalization [8] before
each non-linearity. This network receives textures of 3×k×k
pixels, which are first processed by an encoder E , which
transforms it to a 256 × k

4 ×
k
4 latent vector x0. Following

standard practice on residual convolutional networks [9],
the first layer of E is comprised by 64 7 × 7 convolutional
filters. The rest of the network, unless stated otherwise, uses
standard 3×3 kernels. This latent vector is further processed
by 5 residual blocks xi ← Ri(xi−1) + xi−1, which maintain
the latent vector dimensions. Then, a decoder G takes
x5 and, using three convolutional layers with transposed
convolutions [10], followed by ReLU operations, it returns
the estimated texture, with 2k × 2k resolution. As in the
encoder, the last layer of G contains 64 7× 7 convolutional
filters. There are as many decoders G as individual maps
in the texture stack. When tiling the latent space x0, this
doubles it spatial resolution, thus becoming a 256× k

2 ×
k
2

latent vector. As such, once processed by the residual blocks
and the decoders, the network outputs a 4k × 4k texture
stack.

For the discriminator D, we simply follow a PatchGAN
architecture [5], [11], [12], [7], which outputs local estima-
tions of the probability of the input image being real or
generated. We use 4 blocks of layers, each comprised of, in
order, a convolutional layer with 4× 4 kernels, an Instance
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Normalization [8] layer and a Leaky ReLU non-linearity [13].
We use a stride of 2 in the first and last layers to decrease the
dimensions of the latent representations. The first block of
layers contains 64 trainable kernels, which are doubled after
each block. The last layer thus contains 512 trainable filters.
In the last layer, we remove the normalization operation
and substitute the non-linearity by a Sigmoid operation, to
transform the output into the (0, 1) range. The discriminator
receives 2k × 2k resolution stacks, and outputs a 1× k

2 ×
k
2

resolution estimation map.

3 COMPARISON WITH OTHER METHODS

In this section, we outline the implementation details used
for our comparison with other tileable texture synthesis
methods, which included Histogram-Preserving Blending
by Deliot and Heitz [14], Graph-Cuts synthesis by Li et
al. [15], Repeated Pattern Detection by Rodriguez - Pardo et
al. [16], Periodic Spatial GAN by Bergmann et al. [17] and
Self-Organizing Textures by Niklasson et al. [18].

Histogram-Preserving Blending: We use the imple-
mentation provided by the authors. The only hyperparameter
to be changed is the blending border size, which is set to the
default value of 33% for all the textures.

Graph-Cuts synthesis: To allow for comparison
between single-map texture synthesis methods, we run this
method to output only the albedo map of the stack, using
the default values of λd = 1, a ratio of 0.64, a crop ratio of
0.6 and a margin size of 72 pixelsThe images are not rescaled
to any input or target size, instead, we use their original
resolution.

Repeated Pattern Detection: This paper proposed
the use of some preprocessing methods for improving the
regularity of the input images, which were not used for our
comparison. We use their default hyperparameter values,
including δ = 0.65, λ = 0.8 and the deep perceptual loss
weighting proposed in [19].

Periodic Spatial GAN: This method can handle
both single-image and multiple image datasets. We are
interested in the former, and, as such, each GAN is trained
using only one texture sample. We train their model using
Theano [20], and use their default configuration of a learning
rate of 0.0002, a β1 = 0.5 as the momentum term for the
optimization algorithm, a batch size of 25, and train their
network for 10 epochs, each comprised of 25000 training
steps. The network parameters and sizes are exactly as
defined in the paper.

Self-Organizing Textures: This method is computa-
tionally expensive and, as such, it requires that the input
textures are rescaled to 128 × 128 pixels. We train their
method using Tensorflow [21] for 5000 iterations. We use the
default training configuration, with an starting learning rate
of 0.002, which is then reduced by half at iterations 2000 and
4000. We do not modify the image parametrization design
or loss function in any way.
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Fig. 1: Further results of our two proposed generator architectures G. As shown, separating the decoders ultimately results
in more detailed and varied maps. In blue, a closeup of the synthesized stacks, to help visualization.
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Fig. 2: More examples on the outputs of D with textures of different qualities. On the left, the generated albedos T̂1 are
artifact-free on the search areas, thus the discriminator (D(T̂1)) is fooled to believe T̂1 are real. On their right, failed generated
samples T̂2 cannot fool the discriminator, which finds artifacts D(T̂2).
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OutputsInput crops Tiled outputs

Fig. 3: More examples on the capabilities of SeamlessGAN on generating multiple tileable textures from a given input. On
the left, we show the input sample T and four crops used for generating tileable maps. On the middle column, the outputs
of the generative model are shown. On their right, the same textures are tiled 2× 2 times for visualization purposes.
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Fig. 4: Extended ablation study on the impact of the loss function on the quality of the synthesized textures. We evaluate
each network using the same input, marked using a blue box. As shown, training G using the full loss function yields the
best results.
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Fig. 5: An ablation study on the influence of the number of layers in each model in the quality of the generated outputs.
We evaluate each network using the same input, marked using a blue box. We compare evaluate the influence of using
discriminators with L ∈ {3, 4, 5} layers, marked as DL and generators with L ∈ {4, 5, 6} residual blocks, marked as GL.
We show the configuration we use for every experiment in this paper using a green box. On the bottom of each image, we
show the total training time for 50000 iterations. As shown, using a discriminator with 3 layers yields repetitive large-scale
patterns, due to its reduced receptive field. Using DL = 5 yields marginal improvements with respect to DL = 4, with the
cost of significantly increased runtimes. In terms of GL, we find that there are no significant visual differences between
using 5 or 6 residual blocks, but we favor the former due to its reduced training time. Artifacts highlighted in red boxes.
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Fig. 6: An ablation study on the influence of the number of layers in each model in the quality of the generated outputs.
We evaluate each network using the same input, marked using a blue box. We compare evaluate the influence of using
discriminators with L ∈ {3, 4, 5} layers, marked as DL and generators with L ∈ {4, 5, 6} residual blocks, marked as GL.
We show the configuration we use for every experiment in this paper using a green box. On the bottom of each image, we
show the total training time for 50000 iterations. As shown, using a discriminator with 3 layers yields repetitive large-scale
patterns, due to its reduced receptive field. Using DL = 5 yields marginal improvements with respect to DL = 4, with the
cost of significantly increased runtimes. In terms of GL, we find that there are no significant visual differences between
using 5 or 6 residual blocks, but we favor the former due to its reduced training time. Artifacts highlighted in red boxes.
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Fig. 7: Additional comparison with previous methods. From left to right, top to bottom: Input texture, the resuts of Histogram
Blending, by Deloit et al. [14], the GraphCuts algorithm by Li et al. [15], Texture Stationarization by Moritz et al. [1], Repeated
Pattern Detection by Rodriguez - Pardo et al. [16], PSGAN by Bergmann et al. [17], Self-Organizing Textures by Niklasson et
al. [18]; and ours. Outputs are tiled a similar number of times (at least twice in each dimension) for better visualization. Our
method generally captures better the overall structure of the texture, while providing seamless and semantically coherent
borders, for enhancing tileability. From left to right, we sample c = 27, 36, 29, 1, 17, and 7 input crops before obtaining a
tileable texture.
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Fig. 8: An experiment on texture transfer using our framework. We train a SeamlessGAN on the Zigzag texture, and,
during inference time, we evaluate it using a different image, the T honeycomb texture at the top. As shown, the results
are not visually pleasing, as the generated texture only preserves the overall color present in the input sample, while the
overall structure is a somewhat broken version of the training sample. Further, the discriminator outputs a very low overall
probability of the texture being real, breaking the discriminator-guided sampling. The generated texture looks too fake to
the discriminator, so it does not focus on small tileability artifacts. As such, we can argue that the SeamlessGAN framework
does not work for tileable texture transfer applications.
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Fig. 9: Additional results on multi-layer tileable texture synthesis. Normals were captured using Photometric Stereo [22].
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