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Publicly available large-scale datasets of natural scenes and common
objects, like ImageNet, COCO or Pascal VOC, not only provide the means

We propose an efficient framework of conditioning a single model for the multi-class Computed tomography images
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While often diverse, the images in these datasets do not overlap. Thus, they — Function ¢ creates a conditional

Conditional tensor

cannot be simply combined to train a multi-class model.
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Traditional solutions
Use weakly-labeled dataset
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Which part of the model is the best to condition?

| reining date @ Pancreas Spleen @ Liver .
" il Cityscapes
Q@ N 0 — 5 & N zoolo ’\%‘6 0IOOIO aA 'Dg)lloolo 51 0Ioolo P fllgo
g §I<) 8 o O,DJ ° O*J 0 ’J ’lb‘\' el ’l\b'?]OIO ’1\9‘1010 7940 92 a0
2 o > g} [ool|]- A W e 957 95.29 [35]
O m 4| Flower — — 92.8% [35]
U) Conditioningé ’|; 070
a_ : —:I 3 - ©@ @ i 5 - " 82.4% [48]
_ o _ T Gnssiabais @ T
This approach assumes the availability of weak annotations for every object cond: 2nd channel =
of the target classes. 5
Develop separate models for each class —
Encoder
Model 1 }-» = -
) nioning
i cond: encoder | - fa ot " o
| ineffici | Our approach allows the model to share S NS ) e L= SR N
This approach leads to inefficient usage of computational resources. Jur app _ L P Rl L=
- - implicitly all of its parameters by all target S = L et
Find multi-class datasets Base model CT + MRI Classification

classes, which drastically reduces the

complexity and the total number of
parameters and improves the performance

Depending on the domain, such datasets
are often small and publicly unavailable,
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