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Mask-free OVIS: Open-Vocabulary Instance Segmentation

without Manual Mask Annotations
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Motivation Network Architecture Experiments and Results
- - — - — - - - - ~ . Table 1. Object Detection (mAP) performances for MS-COCO under constrained and generalized setting. Cg and Cy are subset of Cq,
,’ i Manual Mask \l BOX-LEVB] PlXE]-LeVEI where Cq, contains training vocabulary larger than COCO categories.
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Weakly-supervised Segmentation Loss:

Vis of activation map and pseudo-bbox Vis of pseudo-mask
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A zebra grazing and a giraffe A zebra and a giraffe foraging

walking 1n a green field.
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A) RPN vs WSPN Proposal for Base and Novel Class

B) RPN vs WSPN Proposal for COCO Novel Classes
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¢ RPN relies on fully-supervised learning with bounding box annotations,
while WSPN uses weak supervision with image-labels.

< WSPN outperforms fully-supervised RPN by generating better quality
proposals for novel object categories, mitigating the overfitting 1ssue faced aske q " Activaion
by RPN on base classes. [mage Map ( &)

Region and Text embedding Similarity:

Combined 7 exp(hems(ri) - bg) + >, exp (hems(ri) - Ck) Pl . o .. | £
Map (P,) | Visualization of GradCAM activation for Object of Interest




