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Abstract

In image-to-image translation the goal is to learn a map-
ping from one image domain to another. In the case of su-
pervised approaches the mapping is learned from paired
samples. However, collecting large sets of image pairs is
often either prohibitively expensive or not possible. As a re-
sult, in recent years more attention has been given to tech-
niques that learn the mapping from unpaired sets.

In our work, we show that injecting implicit pairs into
unpaired sets strengthens the mapping between the two do-
mains, improves the compatibility of their distributions, and
leads to performance boosting of unsupervised techniques
by over 14% across several measurements.

The competence of the implicit pairs is further displayed
with the use of pseudo-pairs, i.e., paired samples which only
approximate a real pair. We demonstrate the effect of the
approximated implicit samples on image-to-image transla-
tion problems, where such pseudo-pairs may be synthesized
in one direction, but not in the other. We further show
that pseudo-pairs are significantly more effective as implicit
pairs in an unpaired setting, than directly using them explic-
itly in a paired setting.

1. Introduction

The goal of image-to-image translation is to learn a
mapping from one image domain to another. In recent
years, a plethora of methods has arisen to solve the prob-
lem using deep neural networks. A straightforward super-
vised approach is to learn the mapping from paired sam-
ples [16]. However, collecting large sets of image pairs is
often prohibitively expensive or infeasible. Learning the
mapping from unpaired data is thus more attractive, but
significantly more technically challenging, as the problem
becomes highly under-constrained. Many solutions were
suggested which find proxies for the signal of paired sam-

ples [47, 146, 21], but ultimately they still reach worse per-
formance than equivalent supervised versions. Our aim is
to improve these results without requiring costly collection
of supervised data by improving and augmenting the data
which the models learn from.

Data augmentation is a well known and widely used
method to improve learning processes by augmenting the
distribution of the training data with new samples and has
been using for training neural networks since at least lenet-
5 [22]. Common and widely used augmentation tech-
niques are geometric transformation such as flipping, ro-
tating, cropping and translating the images [33].

Using data augmentation methods is also common prac-
tice when training GANs. Most common are random flip-
ping and cropping of the data [47, |16, 20, [1, [25] but
other, less prevalent practices are used such as random
jittering [16]], color space translation and grayscale inver-
sion [25]. Some case-specific augmentations are crafted
[31} 134, 28] 132]] or learned [15} |9 30] to complement the
specific task while others aim at utilizing known theoretical
and empiric qualities of the algorithms which they are used
to improve [10, 36} 42| 44]. However, although augmenta-
tion methods have been shown to be of great benefit when
training models, to the best of our knowledge there has been
no research into data augmentation methods which leverage
the peculiarities of the GAN framework and our understand-
ing of it.

In this paper we propose an augmentation method
specific for the unsupervised Image-to-Image translation
framework in which synthetic samples are injected to the
datasets to form pairings. We start by establishing our main
claim that Image-to-Image translation models are able to
utilize pairing information even in unsupervised training
regimes and demonstrate its veracity with extensive exper-
imental results. We then show that the quality of the map-
pings learned depends on the portion of implicit pairs in the
dataset. Following that, we analyze these results and estab-



lish an interpretation for how an unsupervised model could
reliably benefit from implicit pairs.

This non-intuitive finding encourages the use of pseudo-
pairs in an unsupervised setting. We propose this as a data
augmentation method in which synthetic samples are gen-
erated to construct pseudo-pairs and enrich the datasets. We
further detail our approach, sample synthesis methods and
our evaluation metrics.

Finally, we demonstrate the efficacy of pseudo-pairs for
solving unsupervised Image-to-Image translation problems.
We further argue that pseudo-pairs are significantly more
effective when used as implicit pairs in an unpaired setting,
than when used explicitly in a paired setting.

Explicitly stated, our contributions are:

e We demonstrate that unsupervised image-to-image
translation networks benefit from the latent signal that
pairs add to the dataset.

e We analyze the effect of the percentage of pairs in the
dataset and demonstrate that having even a small per-
centage of pairs enhances the datasets and allows the
model to reach peak performance rates.

e We introduce a unique data augmentation method for
the image-to-image translation framework and demon-
strate that it is more effective in an unpaired setting
than as explicit pairs in a paired setting.

2. Related Works

Pix2Pix [16] was the first successful attempt to use a con-
ditional GAN to learn a mapping between two image distri-
butions. As a supervised method it requires paired sam-
ples, one from each distribution, to be explicitly linked in
the training phase.

Since gathering a large paired dataset can be difficult and
expensive, various unsupervised architectures were sug-
gested which do not require such explicit pairing [47, 25|
46l 21117, 120, [1]. Several methods bridge the difference be-
tween supervised and unsupervised architectures by allow-
ing the use of a small set of paired images, together with
a large set of unpaired ones in a semi-supervised fashion.
They accomplish this by alternating between supervised and
unsupervised phases during training [17, [37]]. Other semi-
supervised solutions separate the learning of the joint dis-
tribution and the marginal distribution of the domains, by
independently learning the translation from the supervised
set and the unsupervised set [[12} [24].

Deep neural networks require large amounts of data to
train properly, which can prove prohibitively expensive in
some cases. To cope with this problem various methods
have been devised to create more samples by augmenting
existing data into new samples in order to create meaningful

expressions of the underlying distribution. Simple augmen-
tation methods for images include rotation, skewing, crop-
ping and other affine transformations. These simple meth-
ods are quite ubiquitous and have been used since the early
days of deep neural networks [22], but are limited in the
amount of data they can generate, as well as the amount of
effective information that they add to the dataset.

Other more complex augmentation methods could be
model-based, use learned generative models, and even
GANSs [40, 16} 138, 141143 (11}, 127, 135]].

Lastly, while there are works which tailor on augmenta-
tion methods for specific algorithms or tasks [44} 142} 36/ 10,
341132128 131]] we are not aware of any such prior work that
is focused on augmenting a dataset that is used to train a
GAN. This leaves the field restricted in ways that other ML
domains are not.

3. Implicit pairs

Denote ' : A — B as a translation we wish to learn.
A pair are two samples a € A,b € Bs.t. T(a) = band
a paired dataset is a dataset D = (Ap, Bp) where Va €
A D T(a) € Bp

In the Image-to-Image translation literature pairs are
mostly considered when used in a supervised manner, while
unsupervised approaches do not consider whether there are
any pairs in the dataset at all [47, 25/ 46, [21] unless they are
used to augment the learning process in a semi-supervised
model [17, 37]. This is done even though many unsuper-
vised Image-to-Image translation papers show results on
paired datasets and without considering what effect having
paired samples in the dataset has on the learning process.

It seems reasonable not to consider the effect of paired
samples on unsupervised learning as there is no explicit us-
age of such information in the algorithms. Consider for ex-
ample the supervised Pix2Pix algorithm [[16] where samples
are drawn in pairs (a;, T'(a;) and a translated image G(a;))
is explicitly compared to the target paired sample T'(a;) in
the objective function. Its unsupervised variant, the Cycle-
GAN algorithm [47], samples without regard to their pair-
ing (a;,T(a;)) and does not even use the sample from do-
main B when training the generator G4 : A — B. Instead
the domain information is only conferred through the dis-
criminator which is exposed to T'(a; ), but is not explicitly
expected to use any information about paired samples.

Consider two scenarios - in the first one we train an unsu-
pervised Image-to-Image translation model using a paired
dataset while in the second we only have an unpaired
dataset, i.e. Ya € Ap, T(a) ¢ Bp. For simplicity as-
sume that Ap is shared between the scenarios. If indeed
unsupervised translation algorithms do not use the informa-
tion inherent in the pairings we would expect similar results
when training with either the paired or unpaired datasets.

To evaluate this assumption we have conducted experi-



Cityscapes CVC —14 Facades
! A2B B2A A2B B2A A2B B2A
0 (unpaired) 0.26 022 0.23 024 0.36 0.84
0.25 024 021 0.28 029 0.33 0.84
0.5 024 022 022 023 0.37 0.80
0.75 027 022 024 022 037 0.84

1 (paired) 025 022 023 025 0.33 0.87

Table 1: Reconstruction loss for different implicit pairing
ratios, . lower is better. A2B is photo — labels, B2A is
labels — photo.

o Per-pixel acc. Per-class acc. Class IOU
0 0.46 0.09 0.07
0.25 0.69 0.20 0.15
0.5 0.69 0.18 0.14
0.75 0.55 0.17 0.13
1 0.65 0.20 0.15

Table 2: FCN-scores for different implicit pairing ratios, «,
on Cityscapes labels—photo, higher is better. Remarkably
using a mix of paired and unpaired samples is always better.

ments where we train models using the exact same archi-
tecture, parameters and dataset size while varying the ratio
of paired samples (denoted «) in the dataset. Concretely,
we train a dual generator-discriminator architecture (Cycle-
GAN) on the following datasets: Cityscapes [8]], Facades
[39] and CVC-14 [13]. We split the datasets into train and
test sets and sample the train sets to generate various a-
paired dataset configurations. In all our experiments, we
select |A| = | B| samples to generate balanced datasets.

To evaluate the performance on the test set, we measure
the MSE between the generated images and their true coun-
terparts. Additionally we use the FCN-score metric intro-
duced in [16] to evaluate the learned translations for the
Cityscapes [8] dataset. Please refer to the supplementary
material for more information regarding the evaluation met-
ric and its use as well as additional information regarding
the CycleGAN architecture and parameters used.

We report our evaluation in Tables [T} 2] 3] The first
thing to note in the results is that 1-paired datasets gen-
erally yield better performance than 0-paired datasets with
an average improvement of 14.2%. This shows that unsu-
pervised Image-to-Image translation algorithms such as Cy-
cleGAN do indeed use implicit pairing information. Even
more interesting is the fact that having even a low 25% of
the samples paired improves the results dramatically com-
pared to having no pairs at all. Remarkably and unexpect-
edly, it seems that in most cases using a completely paired
dataset is not the best option. Instead using a mix of paired

«a Per-pixel acc. Per-class acc. Class IOU
0 0.571 0.132 0.100
0.25 0.657 0.138 0.108
0.5 0.663 0.142 0.111
0.75 0.582 0.141 0.108
1 0.658 0.141 0.110

Table 3: FCN-scores for different implicit pairing ratios, «,
on Cityscapes photo—labels, higher is better. Remarkably
using a mix of paired and unpaired samples is always better.
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Figure 1: Illustration of implicit pairs ratio experiments.
Pixel accuracy for a random test sample using models
trained with varying pairing ratios.

and unpaired samples is usually a better strategy, surpassing
completely paired datasets on average by 3.4%.

In Figure [T} we illustrate a random sample from the
Cityscapes dataset and its results given different training
dataset configurations. Refer to supplementary material for
more results.

3.1. How unsupervised Image-to-Image translation
algorithms uses implicit pair information

It has been shown that when various GAN models opti-
mize their objective function they essentially learn to min-
imize some f-divergence between the distribution of the
generated samples and that of the real data [29] [19]:

Pfake(@)
D Paa Pae - Paa ———|d 1
HPaaalPrase) = [ Puae)s (G2 o o

where Pyatq, Prake are the distributions of the discrim-
inator in relation to the real and generated samples respec-
tively, f is a convex function with f(1) = 0 and D; > 0,
i.e. aminima of Dy is when V& Pygio(z) = Prake ().

For example the original GAN model [14] can be de-
scribed as minimizing:



2P, data 2P fake
/Xlog Pdata + Pfake Pdata * log Pdata + Pfake Pfake
2

Where as can be seen, if for a given « we reduce the
term | Proge(2) — Paata(x)] we get better minimization of
the objective.

Now consider how the samples a; € A,T(a;) € B af-
fect this minimization process. By enriching the data with
T'(a;) allow the discriminator to be more discerning in its
estimation of Py,.4 (7T (a;)). Assuming a passable generator
would translate a; to the neighborhood of T'(a;) by gener-
ating G 4(a;) =~ T'(a;), and using Occam’s Razor, we could
expected the enriched discriminator to provide better gradi-
ents for G 4(a;) w.r.t. the transformation we wish to learn.
Our experimental results suggest that although the injection
of T'(a;) into the dataset does not constrain the algorithm to
use it for improving the model, it nevertheless does. This
also suggests why using completely paired datasets results
in weaker models compared to a mixture of paired and un-
paired samples - by using only paired samples we constrain
the perceived distribution Py,, and the learning process,
i.e. overfit.

We would like to note two limitations for this approach.
First, when using a generator which exhibits pathological
behaviors, such as mode collapse, adding such data points
would not improve the results since the added data point is
either outside of the pathology and is not used with respect
to the generator or it is within the pathology and can only
reinforce the pathology. Similarly, if the generator is very
poor and translates a; to some point very far from T'(a;) we
can expect the beneficial signal of the paired sample to be
diminished in favor of closer samples.

4. Data augmentation using implicit pseudo-
pairs

4.1. Implicit pseudo-pairs

In Section[3]we have shown that unsupervised Image-to-
Image translation models can use the information presented
implicitly by the occurrence of pairs in the dataset during
training. Unfortunately, there are many situations where ob-
taining pairs, even implicitly, is hard or impossible, and in
order to use pairing information without first obtaining pairs
we will need to create them.

With that aim in mind we extend the explanation of how
implicit pairs are beneficial when training unsupervised
Image-to-Image translation models. From Equation [T] we
surmised that the learning process will utilize the existence
of T'(a;) to enhance translation of a; into G(a;) ~ T(a;).
But the majority of translation tasks are not interested in
translation between completely disparate domains, instead
focused on translation in limited dimensions (hair color,

Figure 2: illustration of pseudo-pairs. (a) Pseudo-smiling
and neutral faces (b) Pseudo-eyeglasses and faces without
eyeglasses.

color space, image modality, etc.). In that case we can de-
scribe a; by its two parts: dimensions which are affected by
the translation and dimensions which are not.

Assume we are given a transformation 7" s.t. 7’ only
affects the dimensions which are affected by 7', and that we
use 7" to create synthetic image samples (a;, T'(a;)) to cre-
ate implicit pseudo-pairs and train an unsupervised Image-
to-Image translation model on. Consider how the pseudo-
pairs affect the training process: the unaffected dimensions
(i.e. the parts of the image which are still a “real pairing”)
would be improved just as in the real implicit pairs case.
The affected dimensions would depend on how close T” is
to T" but as we will show in the following sections, even a
poor estimation of T" could improve the translation for the
changed dimensions. Therefore we suggest a data augmen-
tation method in which pseudo-pairs are synthesized as in
Figure[2]and used to enrich an existing dataset implicitly.

In reality the cases where we cannot easily obtain an ap-
proximating transformation 7" are more interesting, there-
fore we will focus on cases where we can obtain an approx-
imation of the inverse transformation, M ~ T~1 : B — A.
In other words, we want to improve the learned transforma-
tion G4 : A — B by introducing synthetic samples M (b)
to domain A. Given such a generative model M we evaluate
how effective these imperfect pseudo-pairs are by extending
our experiments to pseudo-paired datasets where the pairing
is carried out between generated pseudo-samples in domain
A and real samples in domain B. See Figure 2] for an illus-
tration of pseudo-pairs in different datasets.

Figure 3] provides an overview of our approach in this



Figure 3: Learning using implicit pseudo-pairs with o =
0.5. Given a model M, we augment domain A by generat-
ing approximations using samples from domain B.

setting. Given an unpaired dataset, we construct an a-
pseudo-paired dataset using a generative model M to inject
pseudo-samples to the unpaired sets.

In the following section, we report on experiments that
show that implicit pseudo-pairs boost the performance in
the unpaired setting, and that using them as explicit pairs in
a paired setting is significantly less effective.

5. Experiments and Results

In the following section we demonstrate through exper-
iments the efficacy of implicit pseudo-pairs when training
unsupervised Image-to-Image translation algorithms.

5.1. Sample synthesis

We use model-based generative techniques to estimate
the inverse transformation to the one we are trying to learn,
M ~ T-': B — A. For each sample in domain B we
generate a paired pseudo-sample to augment the samples
in domain A. This creates pseudo-paired datasets with a
50% pairing ratio. An overview of this method is shown in

Figure[3]

Dataset. For the experiments on pseudo-pairs, we use the
CelebA dataset [26]. We generate two different types of
pseudo a-paired datasets on which we evaluate our method:
(i) faces with and without eyeglasses and (ii) smiling and
neutral faces. The datasets can be obtained using the la-
beling information available for each image in the CelebA
dataset. In (i), we generate pseudo-samples with eyeglasses
using simple heuristics. Using the available facial land-
marks, we generate ellipses around the eyes by sampling
arandom height h in the range of [10, 25] pixels, a random
width in the range of [h/2, 2 - h] and a transparency coeffi-
cient in the range [0.1, 1.0]. The two ellipses are connected
by a line with the same transparency and with width in the

range of [h/5 , h/2]. In (ii), we use the technique of Aver-
buch et al. [5] to generate smiling pseudo-samples. It is
important to note that in both cases, it is significantly more
challenging to generate clean samples in the inverse direc-
tion. See Figure [2]for an illustration of pseudo-pairs in both
types of datasets.

Evaluation metrics. As described before, Image-to-
Image translation is often a translation in some of the image
dimensions but not in all of them. This is clearly observed
in tasks related to the CelebA dataset where one or more
attributes of the image are translated (hair color, existence
of eyeglasses, gender, etc.) while the identity of the person
is expected to remain the same after the translation. This
leads us to frame the evaluation of our results in terms of
task completion (how well the translation of the attributes
in question was done) and identity preservation (how well
other attributes were conserved).

According to our description of implicit pairs we would
expect that using pseudo-pairs would improve the conser-
vation of the identity after the transformation as it is part of
the image dimensions which should not be affected by the
model-based techniques outlined above.

Following previous works that use the MSE in represen-
tation space as either a perceptual or an identity loss term
[450 31123, [18L 41]], we will use a representation-space simi-
larity measure which we denote InfoSIM, to measure the
preservation of information not related to the task between
the input sample and its generated counterpart. In the case
of measuring how well the facial identity is preserved af-
ter the translation we use the representations learned by the
OpenFace network [2]]. This network is trained for facial
recognition and is invariant to transient features, such as
smiling or wearing eyeglasses. To measure the similarity
we use the MSE between the representation of the input and
output images.

To evaluate task completion we perform a user study
where human participants evaluated the task completion of
several variants of our method.

Experimental setup. In our experiments, we sample
1000 unpaired samples from CelebA [26] from each do-
main, which we augment with another 1000 samples ac-
cording to the augmentation method used in the specific ex-
periment. The resolution of the images is 128X128. Unless
stated otherwise, all of the experiments were done using the
CycleGAN model described above.

Comparing implicit pseudo-pairs to baseline methods.
We evaluate our pseudo-pairs augmentation technique
against three augmentation baselines: (i) no-augmentation,
(ii) pseudo-unpaired augmentation and (iii) natural aug-
mentation of real images belonging to the corresponding



Source baseline  +natural  +unpaired

Figure 4: Eyeglass removal results using different dataset
configurations. Above we illustrate our results (on the right)
compared against three augmentation baselines, described

in Section |§|

domain. In (i), we do not augment the basic dataset con-
figuration with any samples. In (ii), we augment the ba-
sic dataset configuration with pseudo-samples whose paired
real samples are not in the dataset. In (iii), we simply aug-
ment the basic dataset with more real images, sampled from
the full dataset.

The identity preservation results for the baseline meth-
ods are reported in Table 4 Figures [] [5] demonstrate the
qualitative results of these experiments. As the results il-
lustrate, using implicit pseudo-pairs improves the quality
of the translation while better preserving the facial identity.
For instance, it is especially noticeable that using implicit
pseudo-pairs introduces fewer artifacts in comparison to the
other approaches.

Task ‘ ours @) (ii) (iii)
Smile 0.00160 0.00365 0.00282 0.00372
Eyeglass | 0.00181 0.00482 0.00313 0.00418

Table 4: InfoSIM comparison between the baseline aug-
mentation methods described in Subsection [5.11 Lower is
better.

Pseudo-pairs ratio analysis. In Section [3, we demon-
strated that having different ratios of pairs in the dataset
can have a significant effect on the results. Here we con-
tinue this line of inquiry by evaluating the effect differ-
ent ratios of pseudo-pairs have. We test the following -
paired configurations: o = 0.25,0.5,0.75, 1.0. To create a
a = 0.25 pseudo-paired dataset, half of the augmentation

+unpaired

Source baseline  +natural +paired

Figure 5: Results for the smile removal task using different
dataset configurations. Above we illustrate our results (on
the right) compared against three augmentation baselines,

described in Section@

samples are paired and the other half are unpaired. To create
datasets with a pairing ratio higher than 50% we remove do-
main A samples from the initial dataset and augment with
more pseudo-pairs. For example, the 0.75-pseudo-paired
dataset has 500 unpaired real samples augmented with 1500
pseudo-pairs.

The identity preservation results for these experiments
are reported in Table 5] The results clearly demonstrate
that the more pairs we have in the dataset, the better the
identity is preserved. The qualitative results for these ex-
periments are demonstrated in Figures[6} [7] As the figures
illustrate, having more pairs allows us to better preserve the
facial identity which supports our hypothesis that implicit
pairs enhance the preservation of dimensions not directly re-
lated to the transformation used. At the same time, it is also
apparent that higher pairing ratio leads to poor task comple-
tion as the model is exposed to more pseudo-pairs and fewer
examples of the real domain, and is thus less able to gener-
alize to the real task. This is especially pronounced in the
smile removal task as the generation model M is based on
a closed set of smile templates and generalizing from such
a limited set is hard.

Task completion user study. To further quantify the suc-
cess of different ratios, we conduct a user study in which
participants are presented with translated results generated
using models trained with 0%,50% and 100% pseudo-
paired datasets and asked which model completes the task
better. To allow for fine-grained comparison, the partici-
pants are shown the results of only two models at a time
(or one model and the source image) to choose one, both or



Source 25% 50% 75% 100%

Figure 6: Pseudo-pair ratio analysis for the smile removal
task. Above we illustrate a few results using various pair-
ing ratios. As the figure illustrates, using a 50% pairing
configuration yields identity-preserving results which still
perform the task (smile removal in this case) better than a
higher pairing ratio.

none if both are equally good or bad.
We had a total of 43 participants which completed sepa-
rate studies for 50 eyeglass wearing and 41 smiling samples.
In Table [6] we report the rate by which participants pre-
ferred one model over the other. It is clear that using a 50%
pseudo-paired yields the best results in terms of task com-
pletion.

Task \O.ZS—Paired 0.5-Paired 0.75-Paired 1-Paired

Smile 0.00293 0.00160  0.00093 0.00025
Eyeglass | 0.00153 0.00181  0.00110 0.00025

Table 5: InfoSIM values for pairing ratios experiments.
Lower is better.

Profonc Rejected | o0, 509 100%
0% (Smile) - 0.257 0.486
50% (Smile) 0742 - 0.663
100% (Smile) 0.513 0.336 -

0% (Eyeglass) - 0.264 00915
50% (Eyeglass) 0.735 - 1.0
100% (Eyeglass) 0.084 0.0 -

Table 6: Task completion preference rate according to user
study

Pseudo-pairs in different image-to-image translation
settings. In previous experiments we have used the gen-

Source 25% 50% 75% 100%

Figure 7: Pseudo-pair ratio analysis for the eyeglass re-
moval task. Above we illustrate a few randomly selected
results using various pairing ratios. As the figure illus-
trates, using a 50% pairing configuration yields reasonable
identity-preserving results while perform the task (eyeglass

removal in this case) better than a higher pairing ratio.

Explicit
0.000342

Implicit
0.00181

Table 7: InfoSIM values for explicit and implicit experi-
ments on the Eyeglass removal task. Lower is better.

erated pseudo-pairs in an implicit fashion. To understand
more fully the effect the pairs have on training of mod-
els we further experiment with using them in an explicit
setting. For explicit training we use the previously men-
tioned Pix2Pix model [16] with the completely pseudo-
paired dataset and compare it against the our 0.5-pseudo-
paired implicitly trained results.

From the InfoSIM values in Table [7] and the qualita-
tive results in Figure 8 it is clear that the explicit algorithm
barely changes the input, thus achieving a very good iden-
tity preservation while not actually completing the task.

We suggest that this happens because the explicit exper-
iment is completely pseudo-paired, i.e. there are no real
samples of eyeglass images which leads the model to overfit
to the dataset and particularly to the features of the pseudo-
glasses which are different from real eyeglasses. This pre-
vents it from generalizing to the real eyeglasses in the test
set.

This result suggests that as long as the generation model
M is not perfect, it would introduce features that the explicit
method will overfit on, and the only efficient way to use the
pseudo-samples might be in an implicit manner.



Source Explicit
Figure 8: Eyeglass removal with pseudo-pairs in different
settings. Above we illustrate a few randomly selected re-
sults by models trained using either an explicit [16] and im-
plicit settings. As the figure illustrates, an implicit set-
ting leads to the best and most consistent results.

Distribution analysis. In Section[dwe discussed our hy-
pothesis that by injecting pseudo-pairs into the dataset we
add two signals to the learned transformation - The first sig-
nal comprises of all of the information in the image that
wasn’t affected by our synthesis model M and the sec-
ond by all of the information that was. By looking at the
enriched dataset from a perspective of image features we
might be able to visualize this effect.

To do so we look at the feature spaces for expressions
in celebA. we trained a simple CNN to distinguish between
smiling and natural faces on a hold-out set from the dataset,
extracted the model representations for the entire celebA
dataset, fit a PCA model to them and projected them to
2D space. We trained Pix2Pix and CycleGAN models on
100% pseudo-paired dataset and extracted the representa-
tion of their results for the test set.

As we can be seen in Figure 9 there is a prominent di-
vergence between the expression representation of the real
data (in gray, black and orange) and the representation of

Space of test data

Space of training data

Figure 9: Pseudo-pairs visualized on learned expression-
related features for the smile removal task. We use PCA
to visualize training data (on the left) and test data (on the
right). The PCA model is fitted on the entire CelebA dataset
(Shown in gray). Real smiling and neutral samples are de-
noted in and black respectively. Generated aug-
mentation samples are in fuchsia and the result samples of
translation using the Pix2Pix and CycleGAN algorithms are
in red and cyan respectively with corresponding fitted el-
lipses. Both models were trained on a 100% pseudo-paired
dataset.

the generated samples (in fuchsia). When training on a
dataset which comprises solely of generated pseudo-pairs
we can see that the divergence is repeated in the results of
the Pix2Pix model (in red) but not in the results for the same
samples by the unsupervised CycleGAN model (in cyan).
We fit ellipses to the results for emphasize.

The similarity in the behavior of the generated data and
the results of the Pix2Pix model compared to those of the
CycleGAN model suggests that the more powerful and su-
pervised algorithm is able to pick on a signal which the un-
supervised model does not, namely that of the fake smiles.
This shows that the information the pseudo-samples intro-
duce can be thought of as two separate signals as well as
why using explicit pairs can so thoroughly overfit to the data
compared to using implicit ones.

Conclusions. It is well established that many of the most
fundamental human abilities are learned implicitly. In this
work, we analyzed the positive effect of learning with im-
plicitly paired samples in an image-to-image translation
problem. We have shown, through numerous experiments
and examples, that learning from implicit pairs can effec-
tively guide the network to learn a better mapping, more
than additional unpaired or random samples.

We further analyzed the power of implicit learning us-
ing pseudo-pairs. These pseudo-pairs can be obtained auto-
matically either using simple geometric models, as we have
shown in the case of faces augmented with eyeglasses, or by
more complicated models, such as neutral faces augmented
with smiles. In both cases, implicitly providing the network
with these pairs yields plausible mappings that better pre-
serve non-task related information. Additionally, we have



shown that datasets augmented with pseudo-pairs can be
significantly more effective in an implicit setting than in an
explicit one.

The fact that the contribution of the implicit pairs is ef-
fective despite their signal being hidden across the dataset,
raises the question of what other types of implicit signals a
deep neural network may exploit effectively. In the future,
we believe that exploring the mechanisms by which neural
networks learn from implicit signals may shed light on the
understanding of how neural networks learn in general and
allow for finer control in the configuration of datasets.
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Architectures
CycleGAN

In all of our experiments with CycleGAN we have used
the vanilla architecture that they have used with 9 residual
blocks. Following the naming conventions used in [47] we
express the generator layer parameters as follows: Define a
7 x 7 Convolution-InstanceNorm-ReLU layer with £ filters
and stride 1 as ¢7sl1-k, a 3 x 3 Convolution-InstnceNorm-
ReLU layer with k filters and stride 2 as dk, a residual block
with 3 x 3 convolutional layers with equal numbers of fil-
ters on both layers as Rk and a 3 x 3 fractional-stridded-
Convolution-InstanceNorm-ReLU layer with £ filers and
stride 1/2 as uk. For the discriminator we denote a 4 x 4
Convolution-InsanceNorm-LeakyReLU layer with & filters
and stride 2 with Ck.

Using these definitions the generator network can be ex-
pressed as:
c7sl — 64, d128, d256, R256, R256, R256,

R256, R256, R256, R256, R256, R256,
u128,u64,c7s1 — 3

The discriminator network can be similarly expressed
as:

C64 — C128 — C'256 — C512.

Pix2Pix

All experiments involving the Pix2Pix architecture were
done using the vanilla version as well. Using the conven-
tions used in [16] for the Pix2Pix network we denote the
Convolution-BatchNorm-ReLU layer with k filters as Ck
and the Convolution-BatchNorm-Dropout-ReLU layer with
50% dropout rate as k filters as C' Dk.

The generator is comprised of an encoder expresses as:
C64—-C128—(C256—-C512—-C512—-C512—-C512—-C512
and a decoder expressed as:
CD512—CD512—-CD512—C512—C256—-C128 - C64

The discriminator can be expressed as:

C64 — C128 — C256 — C512

FCN-score

photo — labels To convert the generated image to a label
matrix we mapped every pixel’s rgb value to the label with
the lowest mean distance according to the label <+ rgb value
conversion table provided with the Cityscapes [8] dataset.

labels — photo In this direction we use the same FCN-
8 network that was used in [16] to segment the generated
image into a label matrix.

Finally in either direction we used the evaluation script
provided in Zhu’s github repository[]_-]

CVC-14 dataset

The dataset contains paired sequences of road scenes
taken during the day and during the night. To break the
temporal dependence between the frames we only sample
every 100-th frame from the day sequences.

Uhttps://github.com/junyanz/pytorch-CycleGAN-and-pix2pix
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Figure 10: Additional examples of the effect of learning image-to-image translation with varying pairing ratios
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Figure 11: Additional results for the smile removal task using different dataset configurations. Above we illustrate our
randomly selected results (on the right) compared against three augmentation baselines.
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Figure 12: Additional Eyeglass removal results using different dataset configurations. Above we illustrate our randomly
selected results (on the right) compared against three augmentation baselines.
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Figure 13: Additional pseudo-pair ratio analysis results for the smile removal task
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Figure 14: Additional pseudo-pair ratio analysis results for the eyeglass removal task
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Figure 16: Additional Eyeglass removal results with pseudo-pairs in different settings.
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