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Why do we care about domain
generalization/invariance?
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Can we disentangle the staining and the
Virus?
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Disentanglement

Two latents:

$

NN NN
De %0 ¥ 00 Do Oy \e 00 00 oo ¢
NN ASASDNANC
NV OLOUOU\YNe 9090
WhLbobyLupew
PTEET>O_INTITIT
MOMOMMN MO
NNANNONYNX NN

VAKOO0ONNOO0

z,-> Content
z,-> Style



Disentanglement

Two latents:

$

?7799?74qu
De %0 B 00 Do Oy N 00 OO oo ¢
NN ASASDANC S
NV OLOUOU\YNe 9090
WVhlLbbhyLuouon
PTEEIT>_INT T
MOMOMMNH Ny MO
NNANNONYPNY N

VAKOO0ONNOO0

z,-> Content

z,-> Style
Changing one doesn’t change the other



Disentanglement

Two latents:
z, -> Content
z,-> Style
Changing one doesn’t change the other

ldea: Just use z1for classification
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Generative
Think of: d = patient, x = cell, y = infected/uninfected -> training tuple (x, vy, d)
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Our model: DIVA
O ®

Generative Inference

Think of: d = patient, x = cell, y = infected/uninfected -> training tuple (x, vy, d)
Red: CNN for classification of y, dashed arrows == auxiliary classifiers
Green: Reconstruction of x

Blue: Conditional prior distributions
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1X ~ po(X|Zd, Z:c,zy)




Qualitative results

X ~ pg(X|2d, 2z, Zy)

x ~ py(x|zq4,0,0)
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Quantitative results

Table 3: Results of the supervised experiments for the first part of domains. We report the average
and standard error of ROC AUC.

Model  C116P77  C132P93  C137P98 C180P141 C182P143 (C184P145
Baseline 90.6+0.7 97.8 0.5 989+0.2 985+02 967+04 98.1+0.2
DA 906+17 983+04 99.0+0.1 988+0.1 96904 97.1+£0.38
DIVA  933+04 984+03 99.0+0.1 99.0+01 965+03 98.5+0.3

Table 4: Results of the supervised experiments for the second part of domains. As well as the average
across all domains. We report the average and standard error of ROC AUC.

Model C39P4 C59P20 C68P29 C99P60 | Average
Baseline 97.1+04 828+£28 953+0.6 962+0.1|952+1.6
DA 974 +£03 832+33 963+01 96.14+03|954+1.6
DIVA 97.8+0.2 82.1+£3.0 963+0.2 96.6+03|958+1.6
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If | want to generalise to this patient

(a) C116P77



Unsupervised domains

If | want to generalise to this patient

(h) C59P20
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(h) C59P20

Training data Baseline DA DIVA
Labeled data from C59P20 90.6 £ 0.7 90.6+1.7 93.3+04
Unlabeled data from C59P20 - 7205 +22 794+ 28

No data from C59P20 700+£26 692+19 71.9£27



Thank you for your attention!



