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A. Appendix
A.1l. Implementation details

Triplet selection requires computing the set of nearest and
furthest neighbors to each anchor image. When pre-training
using a large dataset, we found it sufficient to randomly
sample a subset of 8000 images and sample triplets from
this subset. This number was chosen to ensure fast nearest-
neighbor computation.

The generator network GG has a symmetric encoder-
decoder architecture based on [ 1], with extra skip connec-
tions by concatenating feature maps of the encoder and de-
coder. We use a multiscale-patchGAN discriminator [!]
with 3 scales and employ a LSGAN [2] loss. The mapper
network M is a multi-layer perceptron (MLP) with three
128-dimensional hidden layers and a tanh activation function.
For the reconstruction loss, we use the perceptual loss [3]
evaluated at conv; o for i € [1, 5] of VGG [4] with linear
weights of w; = 1/267% for i € [1,5]. The architecture
of the style encoder E' is adopted from [5], and we use a
latent style vector = € R®. Our optimizers setup is simi-
lar to that in [6]. We use three Adam optimizers: one for
the generator G and encoder F, another for the discrimi-
nator D, and another optimizer for the generator G alone
with 81 = 0, B2 = 0.99 for the three optimizers, and learn-
ing rates of 0.001, 0.001 and 0.0001 respectively. We use a
separate Adam optimizer for the mapper network M with
B1 = 0.5,8: = 0.99, and a learning rate of 0.01 with a
decay rate of 0.7 applied every 50 steps. Relative weights for
the loss terms are Acgan = 1, Arec = 0.02 and Ay = 0.01
for the GAN loss, reconstruction loss, and L2 latent vector
regularization respectively. When sampling triplets for any
anchor image I, we use k. = 5, ky = 13 for the size of the
set of close and far neighbors respectively.

A.2. Training time

Simplifying the training objective allows for faster train-
ing, as well as a larger batch size due to lower memory
usage. Table 1 shows the processing time per 1000 training
images for the baselines as well as different variations of our
approach as defined in Table 2 in the main text.

Table 1: Training time (in seconds) per 1000 images for
the baselines, as well as different versions of our approach
(defined in Table 2 in the main text).

Batch time/kimg) Max time/kimg
A h
pproac size (sec) batch size (sec)

Bicycle v1 8 93.11 12 85.36
MUNIT-p 8 155.72 8 155.72
Ours vl 8 145.50 8 145.50
Ours v2 8 98.55 12 93.04
Ours v3 8 64.92 16 53.80
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Figure 1: Convergence comparison between the proposed
staged training (ours - v3) and the BicycleGAN baselines
measured by the reconstruction error (LPIPS) of the valida-
tion set of the edges2handbags dataset. Dotted line shows
the transition between stages 2 and 3 of our training (i.e,
switching from a fixed E to finetuning both G and E to-
gether).

A.3. Convergence analysis

Figure 1 compares the convergence of our staged training
compared to the BicycleGAN baselines. The dotted line
in the graph marks the transition between stages 2 and 3
of our training (i.e, switching from a fixed pre-trained en-
coder F to finetuning both G and F together). We measure



Figure 2: Style interpolation. Left column is the input to the gener@taecond and last columns are input style images to
the style encoder, and middle images are linear interpolation in the embedding space ( gure better seen in zoom).

Figure 3: Style interpolation. Left column is the input to the gener@taecond and last columns are input style images to
the style encoder, and middle images are linear interpolation in the embedding space ( gure better seen in zoom).

the reconstruction error (LPIPS) of the validation set of the lines. This shows the importance of the netuning stage to

edges2handbags dataset as the training progresses. Resuttgeak the pre-trained embeddings to better serve the image

show that with a xed pre-trained encoder, our staged train- synthesis task for the target domain.

ing starts with higher error than the baselines, but quickly

drops to show similar performance as the baselines, and evem 4. More quantitative comparison

beats the baselines before switching to stage 3 (marked by a

dotted line). When starting to netune the encoéierwe get We report the Inception Score (IS) computed over the

a spike in the reconstruction error as the network adapts tovalidation set of various datasets in Table 2. Surprisingly,

the shift in the pre-trained embeddings, but then our stagedresults after netuning (“ours - stage 3”) are slightly worse

training steadily widens the performance gap with the basethan those before netuning (“ours - stage 2"), but both are
still better than the baselines except for the maps dataset. We



Figure 4: Style transfer comparison on different datasets. For each dataset, we apply different styles to the same input image
and show the output of different methods.

also note that Inception Score is not very suited to image-to-transfer compared to the baselines.

image translation tasks, since it prefers output diversity with .

respect to ImageNet classes, not within-class diversity as in”-6- Style transfer comparison

our case. We compare style transfer performance of our approach

Table 2 | i . higher is better) f against that of the baselines in Figure 4. Our approach faith-
able 2: Inception score comparison (higher is better) for fully captures and transfers colors and weather conditions

different datasets. (including sky and surface lighting) compared to the base-
. lines. We attribute the inferior results of the baselines to the
handbags shoes facades nightzday maps spaceneedie \ojiance on VAES to train the latent space. This is because

Bicycle vi 213 283 141 165 326 182 noise added by VAEs means that slight changes to one style

MUNIT-p 207 264 145 174 35T 117 would still be mapped to the same point in the latent space,

Ours -stage2  2.22 2.75 161 1.76 3.32 1.90 . .. . . .

Ours-stage3 215 285 156 184 308 189 which limits the capacity of Iqw dlmen5|onal latent space.
On the other hand, our pre-trained embeddings don't rely on
VAEs and hence, can discriminate between more styles.

A.5. More style interpolations A.7. Latent space visualization

Figure 2 shows style interpolation on more datasets. No- Figure 5a visualizes the latent space learned by the style
tice that, in the edges2handbags results, not only the coloencodelE after pretraining and before netuning (a), af-
is transferred, but also the texture varies from non-smoothter netuning (b), and the latent space learned by Bicycle-
to smooth leather. Also, in the maps dataset, the densityGAN [6] (c). The embedding learned through pre-training
of bushes varies smoothly. Figure 3 further compares our(i.e. before training the generat@) shows meaningful
interpolation results with the baselines. Our results showclusters, which veri es the validity of the proposed style-
more complex interpolations, as evidenced by the changebased pre-training. Finetuning smooths the style clusters and
in lighting and cloud patterns, as well as more faithful style brings the latent space closer to that of Bicycle GAN.






