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Figure 1: UHR multiscale style transfer. Top row from left to right: style (3906 x4933), content (3906 x 5800), transfer at scale 1 (976 x1450),
2 (1953%2900), 3 (3906 x 5800). Bottom row: zoomed in detail for each image (from 2007 t0 800> ). While the transfer is globally stable from
one scale to the other, each upscaling allows to add fine pictural details which give an authentic painting aspect to the final output image.

1. Implementation details and reproducibility

Our implementation is based on PyTorch and our source
code is available here: https://github.com/bgalerne/
scaling_painting_style_transfer

It mainly uses a class dealing with tensor spatial partitioning to
compute the localized gradient block by block.

In most figures the UHR images have been downscaled and
saved in jpeg format. UHR images can be downloaded from
the dedicated project website https://www.idpoisson.fr/
galerne/spst/index.html.

As mentioned in the paper, the values of all the weights Ac, wy,

wi, w'L', L € Ls, have been fixed for all images, hence all figures

are reproducible.

TJosé Lezama is now at Google Research. Contributed to this work while
at Universidad de la Republica.

2. Visualization of Gram loss correction

A “mean plus std” corrective term is added to the Gram loss to
avoid loss of contrast artifacts and grayish color alteration that may
occur when minimizing this loss, as previously documented [SC17;
RWB17; HVCB21]. Figure 2 shows comparative experiment when
using the original Gram loss EsLtyle (x;v) instead of our proposed
augmented style loss EsLtyle (;v) (see the main paper for equations).

3. Additional style transfer results
3.1. Multiscale example

Figure 1 presents a second example of ultra-high resolution (UHR)
style tranfer with each intermediate results of the multiscale algo-
rithm. One can see how the texture of the painting and the stroke
details are gradually refined.

3.2. Additional comparison between SPST and SPST-fast

We introduce a faster version of SPST, called SPST-fast that uses
less and less iterations as the scale grows. SPST-fast is five times
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Figure 2: Interest of the augmented style loss for style transfer and texture synthesis: Top part: Style transfer with style of size 60487914,
content and transfer results of size 6048x8064. Bottom part: Texture synthesis results for an image of size 2848x4272. Using only the
original Gram loss produces gray color areas. Note that for the style transfer example this results in an image with darker colors and less
brushstrokes.
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faster than SPST. It produces results that are really close to our
SPST baseline. The main difference is that some textural details
at the highest scale are less aligned with the UHR content since
we only use only a few iterations for the last scale (eg 66 or 30
iterations instead of 300). Figure 3 shows the three examples of
style transfer used as comparison in the main paper. One can see
that both results are visually very close. A close inspection shows
some slight variations such as for the eye detail in the last example.

For the sake of completeness, the results of SPST-fast for the two
examples of identity tests are shown in Figure 4. One can observe
on the top part of the first close-up that some brush strokes texture
are better reproduced with SPST.

3.3. Additional comparison experiments

Figure 5 presents some additional comparison examples. These re-
sults show that the competing methods suffer from color imbal-
ance and do not match the fine texture and strokes of the style
painting. This is due to the fact that neither URST [CWX*22] nor
CD [WLW#*20] take into account details at different scales. On the
other hand, we are able to convey the appearance of fine details
and painting strokes to the content image. In the first example, nei-
ther CD nor URST is consistent with the size of the brushstroke
visible in the style image. In the second example, CD doubles the
frequency of details (e.g., branches), resulting in structural incon-
sistency, while URST loses the branches completely. In the third
example, CD has a halo effect around the bell tower and URST
has inconsistent color compared to the input style and diffuminated
edges.

Figure 6 shows an additional examples of style transfer on a por-
trait. Once again, we can observe that our method is the only one
able to transfer the texture and strokes of the painting to the portrait
content. In this example, URST has inconsistent colors compared
to the style image and neither URST nor CD is consistent with the
fine scale details of the style brush strokes.

3.4. Failure cases due to content-style mismatch

Figure 7 shows some examples of results in case of content-style
mismatches that underline the importance of correctly choosing the
couple content/style for a correct style transfer. The first row exam-
ple uses the same style as in Figure 6 but with a different content
image where the proportion of the face space is much larger than
in the style image. As result, some red dots from the background
are spread over the face. Note also that the lack of a beard in the
content produces an undesirable effect on the face. The content im-
age of the second row example lack of details and the style transfer
creates undesirable noisy patterns in the sky and grass area. The
third example is more extreme and results in loss of details from
the content image and synthesis of phantom portrait silhouettes in
the flat areas of the image.

As said in the conclusion of the main paper, allowing local con-
trol [GEB*17] for UHR style transfer is an interesting direction for
future developments.

3.5. Comparison between SPST and AST Using
Neurally-Guided Patch-Based Synthesis

Our paper focuses on neural style transfer methods. As said in the
main paper, [TFF*20] propose a hybrid method combining neural
style transfer and patch-based transfer. Figure 8 shows a compar-
ison between our algorithm and the one described in [TFF*20]. It
can be observed that compared to the UHR fast UST methods, the
style details coherence at different scales is by far of better quality.
Despite that, the content image is only used at the lowest scale for
neural style transfer. This yields a final stylized image with high-
resolution details unaligned with the original content image. For
instance, in the example of figure 8, the chairs present in the con-
tent image are no longer present in the stylized result of [TFF*20]
(third column) contrary to our result (second column).

3.6. Full resolution images

To limit the main paper file size full resolution UHR images were
not included. All UHR images have been downscaled by a factor
x4, with highlighted details included with the true resolution.

In the following figures Figure 9, 10, 11, and 12, we include four
experiments with the style and content images with a better resolu-
tion (only downgraded by a factor x2) and our style transfer result
in full resolution. Note that images have been compressed using
jpeg quality 85 to limit the size of this supplementary material.

4. Painting images dataset for the identity test experiment

Figure 13 shows the 79 UHR painting images used for the identity
test where we evaluate whether a method was able to reproduce a
painting when the content and style image were identical.

5. Additional UHR texture synthesis results

Figures 14, 15 and 16 present additional UHR texture synthesis
results.
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Figure 3: Comparison of SPST and SPST-fast style transfers (same images as the comparison figure of the main paper). First row: content
(3168%x4752), style (2606x3176), SPST and SPST-fast use three scales; third row: content (3024 x4032), style (3024 x3787), SPST and
SPST-fast use three scales, fifth row: content (4480x5973), style (6000x4747), SPST and SPST-fast use four scales. Both algorithm produce
visually similar style transfer. Some details of SPST are slightly better such as the eye contours in the last example.
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Figure 4: Identity test: Comparison between SPST and SPST-fast results. First row: The style image has resolution 3375x4201; Third row:
The style image has resolution 3095x4000 (UHR images have been downscaled by x4 factor to save memory). Second and fourth row:
Close-up view with true resolution. SPST-fast outputs are visually close to SPST results but have slightly less details.
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Figure 5: Comparison of UHR style transfers. For each example, top row, left to right: style, content, our result (SPST), CD [WLW*20],
URST [CWX*22]. Bottom row: zoom in of the corresponding top row. First row: content (3024 x4032), style (3024 x4477). Third row:
content (3024x4032), style (3024x4738). Fifth row: content (3024x4032), style (3655%x2836). We used three scales for all our results.
Observe the loss of details and the unrealistic looks of the outputs produced by both fast methods.
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Figure 6: Comparison of UHR style transfer on portraits. For each example, top row, left to right: style, content, our result (SPST),
CD [WLW*20], URST [CWX*22]. Bottom row: zoom in of the corresponding top row. Content (3264x4512), style (4126 x3264), SPST
uses three scales. Observe the loss of details and the unrealistic looks of the outputs produced by both fast methods, notably in the back-
ground and skin texture.
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Figure 7: Examples of UHR style transfer with content-style mismatch. For each example, from left to right: style, content and our result. First
row: content (5184x3456), style (4368 x3456). Second row: content (3024 x4032), style (3024 x3787). Third row: content (4096 x4096),
style (2048 x2048). We used three scales for the first two results and four scale for the last example.
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Figure 8: Comparison to AST Using Neurally-Guided Patch-Based Synthesis: From left to right: Our result, result of [TFF*20] (after a
Gatys style transfer of size 384x512), and close up detail. By design the result of [TFF*20] is not faithful to the HR details of the content
image. Here the chair simply disappear in the output result while it is reproduced using fine brushstrokes in the SPST output
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Figure 9: UHR style transfer in full resolution (from Figure 1 of the main paper). Top row: style image (4226x5319), content image
(6048%8064). Bottom: result (6048 x8064). Observe that fine details such as the canvas texture in the sky is well transferred.
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Figure 10: UHR style transfer in full resolution (from Figure 2 of the main paper). Top row: style image (6048x7914), content image
(6048 x8064). Bottom: result (6048 x8064). Observe how very fine details such as the chairs look as if painted.
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Figure 11: UHR style transfer in full resolution (from Figure 4 of the main paper). Top row: style image (2606x3176), content image
(3168x4752). Bottom: result (3168x4752).
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Figure 12: UHR style transfer in full resolution (from Figure 4 of the main paper). Top row: style image (3024x3787), content image
(3024 x4032). Bottom: result (3024 x4032).
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Figure 13: Overview of the 79 UHR painting images used for the identity test.
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Figure 14: UHR texture synthesis: From left to right: Input texture image, synthesis using 5 scales, synthesis using 3 scales. Image have size

(3024 x4032) (downscaled by a factor 4 for inclusion in the .pdf) and true resolution details have size (512x512).
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Figure 15: UHR texture synthesis (same as Figure 14): From left to right: Input texture image, synthesis using 5 scales, synthesis using 3
scales. Image have size (3024 x4032) (downscaled by a factor 4 for inclusion in the .pdf) and true resolution details have size (512x512).
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Figure 16: UHR texture synthesis (same as Figure 14): From left to right: Input texture image, synthesis using 5 scales, synthesis using 3
scales. Image have size (3024 x4032) (downscaled by a factor 4 for inclusion in the .pdf) and true resolution details have size (512x512).



