SlotCon: Self-Supervised Visual Representation Learning
with Semantic Grouping
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Scene-centric data are easier to collect, Solving object discovery & representation learning jointly Evaluation on unsupervised semantic segmentation
and contain more information per image.
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Inverse Augmentation Table 5: Main results in COCO-Stuff
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But effective pre_training on them requires more than Onllne Ob]eCt dISCOvery Ob]eCt-level COntraStlve Iearnlng
l:n;r:frr;(;iislesfenarpr:innatlon. We endorse object-level « Rand. init. the prototypes « Pool obj-level rep.(slots) from each view
g * Train w/ pixel-level deep clustering « Slots w/o assigned pixels are filtered out
» Pixels w/ same assign. form an object ¢« Contrastive learning between slots
Then, how to find the objects w/o supervision?
Hand-crafted object-proposal methods like saliency, selective- New SOTA on scene-centric pre trainin g Figure 3: Examples of visual concepts discovered by SlotCon from the COCO val2017 split.
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P VOC and ADE20K [86]. Compared with other image-, pixel-, and object-level self-supervised granularities regardless of small object size and occlusion. (best viewed in color)
learning methods, our method shows consistent improvements over different tasks without leveraging
multi-crop [6] and objectness priors. (f: re-impl. w/ official weights; %: full re-impl.) h h ) ) )
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 First learn semantic prototypes from the whole dataset, where each Ours (Con) 800 X X 410 6L1 450 37.0 583 08 es 2 el
prototype can represent a semantic class (e.g., cat, dog).
* Then assign a nearest-neighbor prototype to each pixel.
» Pixels with the same pseudo-label forms a group (object). Eqv. Performance to ImageNet with only %5 data
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