GANSs for Biological Image Synthesis
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Motivation

GenerativeAdversarialNetworks (GANs)[ 1] to synthesizebiological
iImages(fissionyeastcellsimagedby fluorescencamnicroscopy.

Proteins

Real 1mages Generated 1mages

LIN dataset

LIN dataset [2] contains 170,000 cell images each with two
fluorescenttags red andgreen

RedshowsBsd! protein which showsthe areaof activegrowth.
Greenshowsone of other 41 proteinsof interest.

Thereis technologyto imageup to 3-5 channelsat a time, but more
than 2 iIshardandexpensive

Goal

A Synthesizenulti-channelimagesgiven2-channeldata
A Capturerandomnesf the greengiventhe red

A Learnalatent spaceto interpolate betweencells

A Quantitativelymeasurequality

Approach

A Separablgeneratorinsteadof conditioning

A WGANGP[3] to avoidmodecollapse

A Starshapedmulti-channelmodeltrained on two channeldata
A Neuralnetwork two-sampletest (C2ST)4] to measurequality
A Interpolationbetween GANnoisevectors
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Adaptationfor multiple greens
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DCGAN generator |

Fighting mode collapse
Separable GAN
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Interpolating cell growth cycle
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separable generator

Separable Wasserstein GA
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Quantitative evaluation: two-sample test

With amodelfixed,onetrainsa networkto classifyreal vsfake.
Testaccuracystakenasasimilaritymeasure

Correlation of C2ST and quality Comparing different C2ST
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C2ST for evaluating different conditional WGABP

one-class one-class multi-channel  multi-channel

real images non-separable separable non-separable  separable star-shaped

separable red/green | - X v X v v

class conditioned - X X v v v

Alpl4 0.1 £0.2 0.6 = 0.3 1.2 £0.2 324+04 2.3 +0.5 0.6 +0.3
Arp3 0.8 +04 1.2 + 0.3 24+04 324+04 42+04 2.1 £0.5
Ckiz -0.2 +£0.3 0.3 + 0.5 1.0 £ 0.3 25+0.3 3.6 0.5 1.2 £0.3
Mkh1l -0.2+04 0.8 +0.6 0.5+04 4.6 £0.5 6.6 + 0.5 2.4 +0.6
Sid2 -0.6 £ 0.3 0.8+ 04 1.0+ 0.5 45 +0.5 3.2+ 0.6 1.1 £0.6
Teal -0.1 £04 0.8 + 0.5 0.8 + 0.5 44 +0.3 2.8+ 0.5 1.1 £04
6 proteins -0.1 £0.2 0.8 + 0.2 1.1 £0.2 3.7 +£0.1 3.8 0.2 1.4 £0.1
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