
Supplementary Material:
Swapping Autoencoder for Deep Image Manipulation

Here, we discuss the implementation details, provide details on the factorization of our representation,
and show additional results.

1 Results and Comparisons

1.1 Additional visual results

In Figure 1, 4, and 7 of the main paper, we have shown our results of swapping the texture and structure
codes, and manipulation results of the latent space. Here we show more swapping and editing results.
Swapping. Here we show additional results of swapping on FFHQ (Figure 1), Mountains (Figure 4), and
LSUN Church and Bedroom (Figure 6) dataset. For test images, the input images for the models trained
on FFHQ (Figure 1, 2, and 3) and Mountains (Figure 4 and 5) are separately downloaded from pixabay.
com using relevant keywords. The results on LSUN (Figure 6) are from the validation sets (18).
Editing. The latent space of our method can be used for image editing. For example, in Figure 3
and 5, we show the result of editing the texture code using an interactive UI that performs vector
arithmetic using the PCA components. Editing the texture code results in changing global attributes
like age, wearing glasses, lighting, and background in the FFHQ dataset (Figure 3), and time of day
and grayscale in the Mountains dataset (Figure 5). On the other hand, editing the structure code can
manipulate locally isolated attributes such as eye shape, gaze direction (Figure 2), or texture of the
grass field (Figure 5). These results are generated by performing vector arithmetic in the latent space
of the flattened structure code, masked by the region specified by the user in the UI (region editing
of Figure 8 of the main paper). In addition, the pond of Figure 5 is created by overwriting the structure
code with the code of a lake from another image. More editing results of using the interactive UI can
be found on our project webpage: https://taesungp.github.io/SwappingAutoencoder.
User-guided image translation. In Figure 8, we show the results of user-guided image translation,
trained on Portrait2FFHQ and Animal Faces HQ (2). For each dataset, the results are produced using
the model trained on the mix of all domains and hence without any domain labels. By adjusting the
gains on the principal components of the texture code with the interactive UI, the user controls the
magnitude and style of translation. Interestingly, we found that the first principal axis of the texture
code largely corresponds to the domain translation vector in the case of Portrait2FFHQ and AFHQ
dataset, with the subsequent vectors controlling more fine-grained styles. Therefore, our model is
suitable for the inherent multi-modal nature of image translation. For example, in Figure 8, the input
cat and dog images are translated into six different plausible outputs.

1.2 Additional comparison to existing methods

In Table 1, we report the FIDs of the swapping results of our model and baselines on LSUN Church,
FFHQ, and Waterfall datasets using the validation set. Additional visual comparison results are in
Figure 7. Note that using FID to evaluate the results of this task is not sufficient, as it does not capture
the relationship to input content and style images. For example, a low FID can be achieved simply by
not making large changes to the input content image. Our model achieves the second-best FID, behind
the photorealistic style transfer method WCT2 (17). However, the visual results of Figure 7 and human
perceptual study of the main paper reveal that our method better captures the details of the reference
style. In Table 2, we compare the FIDs of swapping on the training set with unconditionally generated
StyleGAN and StyleGAN2 outputs. Note that randomly sampled images of StyleGAN and StyleGAN2
are not suitable for image editing, as it ignores the input image. The FID of swap-generated images of
our method is placed between the FID of unconditionally generated StyleGAN and StyleGAN2 images.
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Method Church FFHQ Waterfall Mean
Swap Autoencoder (Ours) 52.34 59.83 50.90 54.36

Im2StyleGAN (1; 8) 219.50 123.13 267.25 203.29
StyleGAN2 (9) 57.54 81.44 57.46 65.48
STROTSS (11) 70.22 92.19 108.41 83.36

WCT2 (17) 35.65 39.02 35.88 36.85

Table 1: FID of swapping on the validation set. We compare the FIDs of content-style mixing on the validation
sets. Note the utility of FID is limited in our setting, since it does not capture the quality of embedding or
disentanglement. Our method achieves second-lowest FID, behind WCT2 (17), a photorealistic style transfer
method. Note that the values are not directly comparable to different datasets or to the training splits (Table 2),
since the number of samples are different. Please see Figure 7 for visual results.

Method Church FFHQ Waterfall
Swap Autoencoder (Ours) 3.91 3.48 3.04

StyleGAN (8) 4.21 4.40∗ 6.09
StyleGAN2 (9) 3.86∗ 2.84∗ 2.67

Table 2: FID of swapping on the training set, in the context of unconditional GAN. We compute the FID of
swapped images on the training set, and compare it with FIDs of unconditionally generated images of StyleGAN (8)
and StyleGAN2 (9). The result conveys how much realism the swap-generated images convey. Note that randomly
sampled images of StyleGAN (8) and StyleGAN2 (9) models are not suitable for image editing. Asterisk(∗)
denotes FIDs reported in the original papers.
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Figure 1: Swapping results of our FFHQ model. The input photographs are collected from pixabay.com.
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Figure 2: Region editing. The results are generated by performing vector arithmetic on the structure code. The
vectors are discovered by a user with our UI, with each goal in mind.
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Figure 3: Global editing. The results are generated using vector arithmetic on the texture code. The vectors are
discovered by a user with our UI, with each goal in mind.
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Figure 4:Swapping results of our method trained on Flickr Mountains. The model is trained and tested at
512px height.

Figure 5:User editing results of our method trained on Flickr Mountains. For the input image in red, the top
and bottom rows show examples of editing the structure and texture code, respectively. Please refer to Figure??on
how editing is performed. The image is of 1536� 1020 resolution, using a model trained at 512px resolution.
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