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Motivation |

Data Challenge: Existing data-hungry deep-learning models for perception
tasks usually require a large amount of data with labor-intensive and expensive
pixel-level annotations to achieve significant progress.

generative semantic and compositional power for image generation with cross
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Background: Recent DALL-E, and Stable Diffusion , have shown phenomenal :
|
attention map. |

Insight: Can we leverage the diffusion models to generate
perceptlon annotat:ons ?
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(a) Generic Segmentation
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GPT-4: A nighttime cityscape
with a blue luxury car and a
yellow sports car driving on a
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DatasetDM can produce synthetic images, along with various perception
annotations, including depth, segmentation, and human pose estimation.

Method Overview |
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5' 1. “Two cars are parked on the urban street.” |
| 2."A busy city street with multiple lanes of traffic”. |
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One P-Decoder is proposed to produce corresponding perception annotations such
as masks and depth maps.

GPT-4: A white car and
a gray car drive along
a busy street.
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GPT-4: A man with a

ISR
crew cut in a white polo ;
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shirt, light wash jeans,
and white low-top
sneakers confidently
down a city street.

seed: 107474
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(b) Open-Vocabulary Segmentation

(c) Human Centnc Domam
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(c) Depth/Pose Estimation

The proposed decoder is a generalized architecture for the six supported tasks, with only minor variations required for
different downstream applications, i.e., determining whether to activate certain layers.

VOC (Semantic Seg.)/% | COCO2017 (Instance Seg.)/% | NYU Depth V2 (Depth Est.) | COCO2017 (Pose Est.)/%
method #real #synth. | mloU | #real # synth. AP #real #synth. | REL| | #real # synth. AP
Baseline 100 - 65.2 400 - 14.4 50 - 0.31 800 - 42.4
DatasetDM | 100 40k 78.5 400 80k 26.5 50 35k 0.21 800 80k 47.5

Performance for Downstream Tasks
method backbone | #real image # synthetic image AP AP AP” AP® APM APt
Baseline R50 400 - 4.4 9.5 3.5 4] 33 121
DatasetDM | R50 - 80k (R:400) 12.2 24.3 10.9 1.6 11.3 30.9
DatasetDM | R50 400 80k (R:400) 14.8 297 13.0 23 15.1 36.0
Baseline Swin-B 400 - 113 23.0 9.6 32 10.1 271
DatasetDM | Swin-B - 80k (R:400) 17.6 34.1 15.8 34 17.8 39.5
DatasetDM | Swin-B 400 80k (R:400) 233 43.0 209 Tl 26.1 48.7
Baseline Swin-B 800 - 14.4 28.8 12.7 5.6 15.7 29.2
DatasetDM | Swin-B 800 80k (R:800) 26.5 46.9 25.8 Tl 29.8 33.3

Instance segmentation on COCO val2017. ‘R: * denotes the real data used to train.

Zero-Shot Setting

Method seen  unseen | harm.
Baseline(no Syn.) 61.3 10.7 18.3
Li et al. [38] 62.8 50.0 5.7
DiffuMask [62] 71.4 65.0 68.1
DatasetDM 78.8 60.5 68.4
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