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Abstract

Unpaired image-to-image translation methods aim at learning a mapping of images
from a source domain to a target domain. Recently, these methods showed to be
very useful in biological applications to display subtle phenotypic cell variations
otherwise invisible to the human eye. However, while most microscopy experiments
remain limited in the number of images they can produce, current models require
a large number of images to be trained. In this work, we present an improved
CycleGAN architecture that employs self-supervised discriminators to alleviate the
need for numerous images. We demonstrate quantitatively and qualitatively that
the proposed approach outperforms the CycleGAN baseline including when it is
combined with differentiable augmentations. We also provide results obtained with
small biological datasets on obvious and non-obvious cell phenotype variations
demonstrating a straightforward application of this method.

1 Introduction

Image-to-image translation is defined as transferring images from a source domain to a target domain
while preserving the content. Image-to-image translation became popular in various fields[[16}20] and
recently in biological imaging[10]. Because cell-to-cell variability within an image often largely over-
laps the cell-to-cell variability between phenotypes, the last is often invisible[[10]. Therefore, spotting
differences in visual cell pheneotypes from medical or biological images has many applications in
fundamental research, drug discovery and medicine.

The existing image-to-image translation methods[[19; |8} |15 [12; 2] require a large number of images in
both the source and the target domains to be trained effectively. Several strategies were proposed to
tackle this issue [175; 145 [12]]. In general, these alternative methods still assume the availability of a
large image dataset from a close domain that can be exploited using different strategies. However
this assumption is often not met.

Self-supervised learning (SSL) [9; 3] is a paradigm that attempts to overcome the problem of the
lack of labelled data by obtaining a supervision signal from the data itself in order to learn a useful
representation. Recently, several works proposed to leverage SSL to solve tasks in settings where little
training data is available[6; [3; [11]]. In this work, we present Self-Supervised CycleGAN(SCGAN), a
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model based on cycle-consistency[[19] and self-supervised learning for an efficient image-to-image
translation with limited data.

2 Proposed Method

Given a source domain X and a target domain Y, the goal of an image-to-image translation model is
to learn a mapping G : X — Y such that the output § = G(z), € X, is indistinguishable from
images y € Y. Our method (SCGAN) consists of two generators and two discriminators with the
following architectures:

Generator For the generators, we adopt the architecture used in [19]. The models contain three
convolutions followed by 9 residual blocks[7]], then we use two fractionally-strided convolutions and
finally one convolution that maps the features to RGB. We also use instance normalization[15].

Self-supervised discriminator For the discriminator we rely on the architecture proposed in [[11]],
where a strong regularization for the discriminator is provided through a self-supervised learning
strategy. In this configuration the discriminator acts as an encoder trained with small decoders. These
are simple networks made of four conv-layers which are jointly optimized with the discriminator on
a simple reconstruction loss using the real samples only. For Dx, the adversarial discriminator for
images from domain X, the SSL loss reads:

La(Dx) = E || Dec(T'(Ene(x))) - T(z)| (1)
where Enc produces an intermediate feature map in D, the function T is a simple degradation process
(such as crop) on z and T” is a similar degradation process on the internal representation provided
by Enc. Finally, Dec is a decoder from the degraded internal representation to the degraded image
T'(z). Furthermore, in order to stabilize the training of the generators and the discriminators, we use
the least square loss [I13]].

3 Experiments
3.1 Datasets and training

Horse2Zebra. The images of horses and zebras were downloaded from ImageNet[4]. The images
were scaled to 256 x 256 pixels. The training set size of each class is: 939 (horse) and 1177 (zebra).

BBBC021. Microscopy images of MCF-7 cancer cells untreated (DMSO) and treated for 24h with
Cytochalasin B at high dosages (30uM). Training was performed on 200 images from each condition.

Organoids. Microscopy images of neural organoids (mini-brains) induced from the stem cells
of a rare neuro-developmental disorder. We used three marker: ZO1 for the cell-to-cell junctions,
phosphohistone H3 for the dividing cells and DAPI for the nuclei. Training was performed on 56
images of healthy organoids and 83 images of diseased organoids.

3.2 Results

The FID and KID curves in fig. [T show that SCGAN improves the translation with any quantity
of data for the horse2zebra dataset. While differentiable augmentations|[ 18] can slightly improve
over CycleGAN, our method remains significantly better. Qualitatively, our method achieves a better
translation when trained with only 40 percent of the horse2zebra dataset (fig. [3).

In figl] we show that we also achieved better translation on a biological dataset where untreated
cells (DMSO) were treated with a high concentration of compound (Cytochalasin B) which produces
an obvious change in phenotypes with as little as 200 images from each class. Quantitatively, we
obtained FID = 77.84 and KIDx100 = 6.53 with CycleGAN and FID = 55.36 and KIDx100 = 2.56
with our approach. This indicates that our method outperforms CycleGAN by a large margin.

In fig. [2] we then applied our approach to decipher invisible phenotypic changes between two
conditions on organoids. The translated images showcase some changes: 1) the intensity of the blue
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Figure 1: Comparing the CycleGAN, CycleGAN+DiffAug and SCGAN in terms of (a) FID and (b)
KID using different percentages of the horse2zebra dataset. We trained three times our model, for
each data size.
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Figure 2: In the first row we have the real images of the healthy organoids and in the second row we
have their translation to the other class.

marker has diminished indicating a decrease in the number of neural cells attained with the syndrome.
There are also less red cells in the translated images compared to the real ones indicating a decrease
in cell divisions in the sick cells. In order to validate these subtle differences further biological
experiments should of course be conducted.
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Figure 4: Translated images of untreated
(DMSO) cell (first row) into drug treated cells us-
ing CycleGAN and SCGAN (2nd and 3rd rows
Figure 3: Translating horse images to zebraim-  respectively, we can see that the translations
ages using only 40 percent of the dataset. We  made by SCGAN closely approach the real im-
can see that our method outperforms CycleGAN.  ages of treated cells (4th row).



4 Conclusion

In this work, we presented SCGAN, a self-supervised, cycle-consistency based method for unpaired
image-to-image translation with limited size datasets. We showed through experiments that our
method outperforms the standard CycleGAN with and without augmentation strategies used to
overcome data scarcity. We then showed how image translation can be applied in biology to identify
subtle phenotypes when the number of available images is limited. This approach can be used to guide
the intuition of the experts to understand subtle biological processes or to identify new therapeutic
biomarkers.
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