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Unsupervised Panoptic Segmentation

Monocular image Panoptic map

Unlabeled stereo videos



High-Level Idea

Result: Panoptic Segmentation

Visual representations + depth + optical flow for pseudo labeling



Relation to Previous Work

Features U2Seg [1] CUPS (Ours)
Unsupervised panoptic segmentation v v
High-resolution pseudo labels X v
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Scene-centric training X v
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Features U2Seg [1] CUPS (Ours)
Unsupervised panoptic segmentation v v
High-resolution pseudo labels X v
Thing-stuff separation ~ v
Scene-centric training X v

askCut Ours (motion-based)

[1] D. Niu et al., “Unsupervised universal image segmentation,” in CVPR, 2024.



Relation to Previous Work

Features U2Seg [1] CUPS (Ours)
Unsupervised panoptic segmentation v v
High-resolution pseudo labels X v
Thing-stuff separation ~ v
Scene-centric training X v
MaskCut Ours (motion-based)

U2Seg performs poorly on scene-centric data (e.g., Cityscapes and KITTI)

[1] D. Niu et al., “Unsupervised universal image segmentation,” in CVPR, 2024.
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CUPS:=:+<: Framework Overview

Unsupervised Panoptic Training
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CUPS:==: Pseudo Label Generation
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CUPS::: Pseudo Label Generation VPR

Flow/Depth &

Network

/\

'\/
Semantic &

Semantic
Network Predictions

Semantic Pseudo Labeling

v/ Scene-centric instance pseudo labels
v High-resolution semantic pseudo labels

Depth-guided
Semantic Inference

Instance & Semantic Fusion

o -
Semantic

fRstance
Pseudo Label

| e

bk PaHSptic

Pseudo Label

= |

| |

Pseudo Label

v" High-precision (sparse) panoptic pseudo labels with “thing” and “stuff” split

v Fully unsupervised pseudo labels
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CUPS::: Unsupervised Panoptic Training cvr

Panoptic Pseudo Label Training
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CUPS::: Unsupervised Panoptic Training

CVPR{ED=<

Panoptic Self-Training

Self-label Augmentation

Photometric Aug.

M

Momentum Network

EMA*
9

Panoptic Network

/\

212 ,,,ihi,,w\hh

Predictions
—N\

Catia uiu""‘-,g WA ‘Juh‘h

Self Label



CUPS::: Results Panoptic CvPR(D =

Method Cityscapes KITTI BDD MUSES Waymo MOTS (OOD)
etno

PQ S@Q RQ PQ SQ@ RQ PQ S@ RQ PQ S@Q RQ PQ SQ@Q RQ PQ SQ RQ
Supervised (Cityscapes) 62.3 81.8 751 319 717 404 33.0 76.3 420 381 624 496 315 701 409 738 86.4 84.6
DepthG [3] + CutLER [4] 16.1 454 211 11.0 345 138 144 419 19.2 10.1 30.1 13.1 134 373 17.0 496 784 60.6
U2Seg [2] 18.4 558 227 20.6 529 252 158 572 19.2 20.3 458 265 19.8 50.8 23.4 50.7 79.2 64.3
CUPS (Ours) 278 57.4 352 255 58.1 325 19.9 60.3 259 244 485 33.0 264 60.3 33.0 67.8 86.4 76.9
vs. prev. SOTA +94 +16 +125 +49 +52 +73 +4.1 +31 +6.7 +41 +2.7 +6.5 +6.6 +9.5 +9.6 +17.1 +7.2 +12.6

PQ: panoptic quality =~ SQ: segmentation quality =~ RQ: recognition quality  (all in %, 1)
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Method Cityscapes KITTI BDD MUSES Waymo MOTS (OOD)
etno

PQ S@Q RQ PQ SQ@ RQ PQ S@ RQ PQ S@Q RQ PQ SQ@Q RQ PQ SQ RQ
Supervised (Cityscapes) 62.3 81.8 751 319 717 404 33.0 76.3 420 381 624 496 315 701 409 738 86.4 84.6
DepthG [3] + CutLER [4] 16.1 454 211 11.0 345 138 144 419 19.2 10.1 30.1 13.1 134 373 17.0 496 784 60.6
U2Seg [2] 18.4 558 227 20.6 529 252 158 572 19.2 20.3 458 265 19.8 50.8 23.4 50.7 79.2 64.3
CUPS (Ours) 278 57.4 352 255 58.1 325 19.9 60.3 259 244 485 33.0 264 60.3 33.0 67.8 86.4 76.9
vs. prev. SOTA +94 +16 +125 +49 +52 +73 +4.1 +31 +6.7 +41 +2.7 +6.5 +6.6 +9.5 +9.6 +17.1 +7.2 +12.6

PQ: panoptic quality =~ SQ: segmentation quality =~ RQ: recognition quality  (all in %, 1)

v Outperform SOTA by a significant margin
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Method Cityscapes KITTI BDD MUSES Waymo MOTS (OOD)
etno

PQ S@Q RQ PQ SQ@ RQ PQ S@ RQ PQ S@Q RQ PQ SQ@Q RQ PQ SQ@ RaQ
Supervised (Cityscapes) 62.3 81.8 751 319 717 404 33.0 76.3 420 381 624 496 315 701 409 738 86.4 84.6
DepthG [3] + CutLER [4] 16.1 454 211 11.0 345 138 144 419 19.2 10.1 30.1 13.1 134 37.3 17.0 496 784 60.6
U2Seg [2] 18.4 558 227 20.6 529 252 158 572 19.2 20.3 458 265 19.8 50.8 23.4 50.7 79.2 64.3
CUPS (Ours) 278 57.4 352 255 58.1 325 19.9 60.3 259 244 485 33.0 264 60.3 33.0 67.8 86.4 76.9
vs. prev. SOTA +94 +16 +125 +49 +52 +7.3 +4.1 +31 +6.7 +41 +2.7 +6.5 +6.6 +9.5 +9.6 +17.1 +7.2 +12.6

PQ: panoptic quality =~ SQ: segmentation quality =~ RQ: recognition quality  (all in %, 1)

v Outperform SOTA by a significant margin
v Generalize to different datasets, including an OOD setting
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Method Cityscapes KITTI BDD MUSES Waymo MOTS (OOD)
etno

PQ S@Q RQ PQ SQ@ RQ PQ S@ RQ PQ S@Q RQ PQ SQ RQ PQ SQ RQ
Supervised (Cityscapes) 62.3 81.8 751 319 717 404 33.0 76.3 420 381 624 496 [81.5 701 409 738 86.4 84.6
DepthG [3] + CutLER [4] 16.1 454 211 11.0 345 138 144 419 192 10.1 30.1 131 134 373 170 496 784 60.6
U2Seg [2] 18.4 558 227 206 529 252 158 572 192 20.3 458 265 19.8 50.8 234 50.7 79.2 64.3
CUPS (Ours) 278 57.4 352 255 58.1 325 19.9 60.3 259 244 485 33.0 264 60.3 33.0 67.8 86.4 76.9
vs. prev. SOTA +94 +16 +125 +49 +52 +73 +4.1 +31 +6.7 +41 +2.7 +6.5 +6.6 +9.5 +9.6 +17.1 +7.2 +12.6

PQ: panoptic quality =~ SQ: segmentation quality =~ RQ: recognition quality  (all in %, 1)

v Outperform SOTA by a significant margin
v Generalize to different datasets, including an OOD setting
v Performance across datasets is stable, different from supervised learning



CUPS:==: Qualitative Results
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Conclusion

We presented CUPS for unsupervised scene-centric panoptic segmentation
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Conclusion

We presented CUPS for unsupervised scene-centric panoptic segmentation
e Motion & depth cues, combined with self-supervised visual representations, are effective for
unsupervised panoptic scene understanding
« Significantly improved unsupervised panoptic accuracy on scene-centric data
e CUPS generalizes to various scene-centric datasets
« State-of-the-art performance in unsupervised semantic & instance segmentation
 Strong label-efficient learning results
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