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1. Introduction 2. Learning co-segmentation
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Challenges
* No training data available. 3. Experiments
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4. Object discovery 5. Training pairs

@  ©  Correspondences graph

Main contributions

Nodes : correspondences

* A method of generating synthetic pairs to learn co-segmentation ¥ i = smimseap(—1 22y gy NE = @
Edges - Gt (o)
b + exp(— - )
: : : & @ o
* A transformer-based architecture for co-segmentation producing
competitive performances on art detail retrieval and place recognition o socs T Fosis— s [0 or | woe—sis fov o (@ Source Image () TargetImage ~ (0) Stylised Source Image (0 Stylised Target Image
Joulin et al. [28] 0.493 0.15 | 0.587 0.37 | 0.638 0.30 | 0.572 0.27
Kim et al. [30] 0.802 0.08 | 0.689 0.00 | 0.751 0.06 | 0.754 0.05
Rubinsteinetal. [51] | 0.880 0.56 | 0.854 0.64 | 0.828 0.52 | 0.827 043
Chen et al. [9] 0902 040 | 0.876 0.65 | 0.893 0.58 | 0.890 0.54 ° °
. . L \ qman (1o o o vg o on o 0w || Project page (code, more experimental
e Spectral clustering on a correspondence graph for discovery in image irslane | cepil)  oms el s jam o W s ,
collections mmmadl] 4 0 i i s i e || and visual results):
b Chen et al. [10] 0941 0.65 | 0940 082 | 0.922 0.63 | 0.935 0.70 o o
T o o m o 0 one 00 || DEEP://imagine.enpc.fr/~shenx/SegSwa
Car Ours + COCO segments [35]
tl:I?:nls\I::rn . 0.655 0'23 0-857 0.61 0‘873 0'43 0-795 0.42 -&/

* learned with strong supervision (i.e., manually annotated object masks)

Co-segmentation results in Internet dataset for the Horse, Airplane and Car categories.
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