CLEVRTEX: A TEXTURE-RICH BENCHMARK FOR UNSUPERVISED
MULTI-OBJECT SEGMENTATION
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Summary (TL;DR) CLEVRTEX Dataset

Recently, multiple models aimed at unsupervised multi-object
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segmentation have been proposed. They rely on simpler
synthetic data. Scaling to real-world data remains an open
problem.

 We introduce a new dataset and benchmark, CLEVRTEX,
featuring complex, diverse shapes and 60 photo-mapped
materials.

Benchmark

Inp  GT SA MONet IODINE eMORL

Create an extra out-of-distribution test set featuring
different shapes and 25 new materials.

Benchmark recent models on CLEVR’ and CLEVRTEX.

Design dataset variants controlling for different aspects of
scene complexity and probe current approaches for
shortcomings.
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Key Findings
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* Despite impressive performance on CLEVR, no method
achieves satistfactory performance on CLEVRTEX.

* No approaches exploit global context cues for objects.

* Most models rely on consistency in object appearances
and, thus, struggle with textures.
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« All methods overfit overall scene appearance, missing
small objects or recognising background patterns as
foreground.
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