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CUPS — 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.

Introduction

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:

MaskCut [7] instance pseudo-labeling requires object-centricity

Bypass the classification into “thing” and “stuff” categories

Low-resolution semantic pseudo labeling

MaskCut Ours (motion-based)

Goal: Propose the first unsupervised panoptic segmentation method that directly learns

from scene-centric data.
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Method

CUPS comprises three stages: (1) Generating panoptic pseudo labels; (2) bootstrapping

a panoptic network with these pseudo labels; and (3) self-training of the network.

Stage 1: Pseudo-label generation provides (sparse) high-resolution panoptic pseudo la-

bels for scene-centric data.
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1b: Semantic Pseudo Labeling

1a: Instance Pseudo Labeling 1c: Instance and Semantic Fusion

1a: Ensembled SF2SE3 [5] motion clustering yields scene-centric instance pseudo labels.

1b: Depth-guided semantic pseudo labels weights sliding window unsupervised semantic segmentation

predictions of DepthG [4], obtaining high-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 a panoptic network using the pseudo labels.

Using DropLoss [7] we only supervise “thing” instances Rj with IoU > τ IoU with a pseudo instance

mask R̂i.

Ldrop(Rj, R̂i) = 1
(

IoUmax
j > τ IoU)LTh(Rj, R̂i)

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.

Panoptic Network

Fire

S
e
lf
-E
n
h
a
n
c
e
d

C
o
p
y
-P
a
st
e

A
u
g
m
e
n
ta
ti
o
n

Image Batch

Pseudo Label Batch

Predictions

LPseudo Labels

Im
a
ge
s

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 κj > γ on averaged R̃ ∈ [0, 1]J×H×W .

Semantic: for each class k, threshold ζk = ζ̂ max(P̃k) so that

Lsemh,w =

{
arg maxk P̃k,h,w, maxk P̃k,h,w ≥ ζk,

ignore, otherwise.

Training: supervise panoptic network with

standard panoptic loss w. r. t. self-labels;

update student by SGD, update momentum

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 aswell 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 %, ↑).
Cityscapes KITTI BDD MUSES Waymo MOTS (OOD)

Method
PQ SQ RQ PQ SQ RQ PQ SQ RQ PQ SQ RQ PQ SQ RQ PQ SQ RQ

Supervised (Cityscapes) 62.3 81.8 75.1 31.9 71.7 40.4 33.0 76.3 42.0 38.1 62.4 49.6 31.5 70.1 40.9 73.8 86.4 84.6

DepthG [4] + CutLER [7] 16.1 45.4 21.1 11.0 34.5 13.8 14.4 41.9 19.2 10.1 30.1 13.1 13.4 37.3 17.0 49.6 78.4 60.6
U2Seg [3] 18.4 55.8 22.7 20.6 52.9 25.2 15.8 57.2 19.2 20.3 45.8 26.5 19.8 50.8 23.4 50.7 79.2 64.3

CUPS (Ours) 27.8 57.4 35.2 25.5 58.1 32.5 19.9 60.3 25.9 24.4 48.5 33.0 26.4 60.3 33.0 67.8 86.4 76.9
vs. prev. SOTA +9.4 +1.6 +12.5 +4.9 +5.2 +7.3 +4.1 +3.1 +6.7 +4.1 +2.7 +6.5 +6.6 +9.5 +9.6 +17.1 +7.2 +12.6

Table 2. Unsupervised semantic

segmentation on Cityscapes val,

using Acc. and mIoU (all in %, ↑).
Method Acc mIoU

Supervised 94.7 76.7

STEGO [1] 73.2 21.0
DepthG [4] 81.6 23.1
U2Seg [3] 79.1 21.6

CUPS (Ours) 83.2 26.8

Table 3. Unsupervised instance

segmentation results on Waymo

using AP50 and AP (all in %, ↑).
Method Training data AP50 AP

Supervised Cityscapes 44.6 27.6

U2Seg [3] COCO& ImageNet 4.3 2.3
CutLER [7] ImageNet 9.1 5.2
MOD-UV [6] Waymo 25.1 11.1

CUPS (Ours) Cityscapes 30.5 12.4
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Figure 2. Label-efficient learning on

Cityscapes val using PQ (in %, ↑).
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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
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