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CUPS €8 — Scene-Centric Unsupervised Panoptic Segmentation — leverages self-
supervised representations, motion, and depth from stereo image pairs to generate
pseudo labels for training a monocular panoptic network, achieving state-of-the-art
results across multiple scene-centric benchmarks.
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Figure 1. CUPS pseudo-label generation and training overview.
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Unsupervised Panoptic Segmentation aims to partition images into semantically meaningful
regions and detect object instances without any form of human supervision.

Motivation:

= Mitigate limitations of human-labeled data (e. g., high cost, inherent bias, etc.)
= Shift “starting point” for solving tasks with supervision

= Single previous work on unsupervised panoptic segmentation - U2Seg [3] - struggles

on scene-centric data due to: P Ours (motion-based)

» MaskCut [7] instance pseudo-labeling requires object-centricity §8
= Bypass the classification into “thing” and “stuff” categories i
» | ow-resolution semantic pseudo labeling

Goal: Propose the first unsupervised panoptic segmentation method that directly learns
from scene-centric data.
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CUPS comprises three stages: (1) Generating panoptic pseudo labels; (2) bootstrapping

a panoptic network with these pseudo

Stage 1: Pseudo-label generation prov
bels for scene-centric data.
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labels; and (3) self-training of the network.

ides (sparse) high-resolution panoptic pseudo la-

1c: Instance and Semantic Fusion
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1a: Ensembled SF2SE3 [5] motion clustering yields scene-centric instance pseudo labels.

1b: Depth-guided semantic pseudo labels wei

predictions of DepthG [4], obtaining high-

ghts sliding window unsupervised semantic segmentation
resolution semantic pseudo labels.

1c: Align semantic prediction inside instance masks. Distinguish between “thing” and “stuff” semantic
pseudo classes. Ignore “thing” regions without an instance mask.

Stage 2: Panoptic bootstrapping trains

" Using DropLoss [7] we only supervise “thi
mask R;.

a panoptic network using the pseudo labels.

ng” instances R; with ToU > 7°Y with a pseudo instance

EdFOD(Rjy Rl) =1 ( IOU?MX > TIOU) £Th (Rj, ].:A{z)

= Self-enhanced copy-paste augmentation:
copy-paste pseudo instance masks and
confident model predictions at runtime to
augment “thing” masks and discover more
static objects.
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Stage 3: Panoptic self-training applies a teacher-student training on self-labels from
ensembling and confidence thresholding of augmented predictions.

= Self-Labeling: infer on flipped + multi-scale views, inverse-transform and average soft predictions.
= Instance: keep masks with confidence ; > v on averaged R € [0, 1]/

» Semantic: for each class k, threshold ¢

" Training: supervise panoptic network with

standard panoptic loss w.r. t. self-labels;
update student by SGD, update momentu

network with EMA; train only heads of the

network.
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Results

Setup: We train the CUPS Panoptic Cascade Mask R-CNN [2] on pseudo labels generated
using Cityscapes training sequences and evaluate on Cityscapes val as well as generalization
to five different domains. CUPS predicts semantic pseudo |IDs which are aligned to the
ground truth via Hungarian matching for evaluation.

Table 1. Unsupervised panoptic segmentation comparison using PQ, SQ, and RQ (all in %, 1).

Cityscapes KITTI BDD MUSES Waymo MOQOTS (O0OD)

Method

PQ SQ RQ PQ SQ RQ PQ SQ RQ PQ SQ RQ PQ SQ RQ PQ SQ RQ
Supervised (Cityscapes) 623 818 751 31.9 71.7 404 330 763 420 381 624 496 315 701 409 738 864 846
DepthG [4] + CutLER [7] 161 454 211 110 345 138 144 419 192 101 30.1 131 134 373 170 496 784 60.6
U2Seg [3] 184 558 227 206 529 252 158 572 192 203 458 265 198 508 234 507 792 643
CUPS (Ours) 278 574 352 255 581 325 199 603 259 244 485 33.0 264 60.3 33.0 67.8 864 76.9
vs. prev. SOTA +94 +1.6 +125 +49 +52 +73 +41 +3.1 +6.7 +4.1 +2.7 +65 +6.6 +95 +9.6 +17.1 +7.2 +12.6

Table 2. Unsupervised semantic Table 3. Unsupervised instance
segmentation on Cityscapes val, segmentation results on Waymo
using Acc. and mloU (all in %, 1). using APsqg and AP (all in %, 1). o
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Method Acc mloU Method Training data APsq AP CUPS Ourg) ——
Supervised 947 76.7 Supervised Cityscapes 44.6 27.6 200/ 1 U25eg [3] -
w/o 5 10 30 (~ 1% 60 (~ 2%

STEGO [1] 732 210 U2Seg 3] COCO &ImageNet 4.3 2.3 fine-tune (~1%) (~2%)
DepthG [4] 81.6 231 CutLER[7] ImageNet 91 52 Annotated Images
U2Seg [3] 791 21.6 MOD-UV [6] Waymo 251 111 _. . .

Figure 2. Label-efficient learning on
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Figure 3. Qualitative comparison of the previous SotA U2Seg [3] and CUPS.

Conclusion

= Combine self-supervised visual representation, unsupervised depth, and motion cues
effectively for unsupervised panoptic scene-understanding

= Significantly improved panoptic segmentation accuracy on scene-centric data and
generalization to various scene-centric datasets

= Achieve state-of-the-art accuracy in unsupervised semantic and instance
segmentation as well as strong label-efficient learning results

Code: github.com/visinf/cups


https://visinf.github.io/cups/
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