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BACKGROUND: Open-Vocabulary Panoptic Segmentation

Panoptic Segmentation

(a) image (b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation
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BACKGROUND: CLIP

CLIP

(1) Contrastive pre-training (2) Create dataset classifier from label text
Pepper the Text I
aussie pup — - A photo of Text
o : ; Mo ; Encoder '
Y Y - -, i
T Tz Ty Tn
» | LTy | LT | T, I Ty '
(3) Use for zero-shot prediction Y v v ¥
» I LTy | BTy | 1Ty Ty T, | T2 | Ts Tn
image | . | 15Ty | 15T RS Iy T
Emr i 3 3 %) 343 I N —> tmma — ll || || ll [1 ll .[.j !J ]h

Encoder

—» IN |_\|| |\|: l\l; I."l [N




BACKGROUND: CLIP

CLIP
 Training Data: 400 Million Image-Text Pairs

Deficiency:

Confuses the spatial relations between objects

IIIII
EEEEEEE




BACKGROUND: CLIP

CLIP
 Training Data: 400 Million Image-Text Pairs

Deficiency:

Confuses the spatial relations between objects

Bottleneck for Open-Vocabulary
Panoptic Segmentation
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BACKGROUND: Diffusion

Diffusion
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BACKGROUND: Diffusion

Text-to-Image Diffusion Model

« Stable Diffusion
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BACKGROUND: Diffusion

Text-to-Image Diffusion Model B
« Stable Diffusion
« Training Data: 5.8 Billion Image-Text Pairs E-
* Parameters: More than 1 Billion Pixel Space
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BACKGROUND: Diffusion

Text-to-Image Diffusion Model
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BACKGROUND: Diffusion

Text-to-Image Diffusion Model
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BACKGROUND: Motivation
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METHOD

Training Pipeline

Implicit Captioner
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METHOD

Testing Pipeline
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EXPERIMENTS

Text-to-Image Diffusion Model: Stable Diffusion
Diffusion Time Stept=0
Mask generator: Mask2Former

Detalls
 Training for 90k iterations on COCO(BSZ=64)
« 28.1M trainable parameters(1.8%)

Evaluation
« Panoptic Quality(PQ), mAP, mloU

PQ = Lifn-r;m TP loU(p, g)

~ |TP|+ |FP|+ i|FN|



EXPERIMENTS: Comparisons

Comparisons on Open-Vocabulary Panoptic Segmentation
« Training on COCO, testing on ADE20K

Supervision

ADE20K

COCO
Method label mask caption PQ mAP mloU PQ mAP mloU
MaskCLIP [16] v v 151 6.0 23,7 - - -
ODISE (Ours) v v 22.6 14.4 29.9 554 46.0 65.2
ODISE (Ours) v v 234 13.9 28.7 45.6 38.4 524
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EXPERIMENTS: Comparisons

Comparisons on Open-Vocabulary Semantic Segmentation
« ADEZ20K: A-150, A-847

» Pascal Context: PC-59, PC-459

« Pascal VOC dataset

Training Supervision mloU
Method Dataset label mask caption A-847 PC-459 A-150 PC-59 PAS-21 COCO
SPNet [82] Pascal VOC v v - - - 24.3 18.3
Z53Net [4] Pascal VOC v v - - - 194 38.3
LSeg [40] Pascal VOC v v - - - - 474
SimBaseline [84] COCO v v - - 15.3 - 74.5
ZegFormer [ 15] COCO v v - - 16.4 - 73.3 -
LSeg+ [23] COCO v v 3.8 7.8 18.0 46.5 - 55.1
MaskCLIP [16] COCO v v 8.2 10.0 23.7 459 - -
ODISE (Ours) COCO v v 11.1 14.5 29.9 57.3 84.6 65.2
GroupViT [83] GCC+YFCC v 4.3 4.9 10.6 25.9 50.7 21.1
OpenSeg [23] COCO v v % 9.0 21.1 42.1 - 36.1
ODISE (Ours) COCO v v 11.0 13.8 28.7 55.3 82.7 524



EXPERIMENTS: Ablation Study

Visual Representations

Training ADE20K COCO
Model Data | PQ mAP mloU| PQ mAP mloU

Pre-trained with class labels

DeiT-v3(H) [75] | IN-21k |21.4 114 28.0 |41.4 292 523
Swin(H) [51] IN-21k (20.9 10.7 27.7 |424 31.6 54.0
ConvNeXt(H) [52] | IN-21k {21.0 11.0 27.8 |43.1 33.1 54.3
MVIT(H) [46] IN-21k (21.1 11.6 28.1 [44.0 36.3 545
LDM [66] IN-1k |{20.7 109 26.5 |41.7 353 50.6
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DINO(B) [6] IN-1k |20.6 105 26.3 |395 298 495

MAE(H) [2¥] IN-1k [21.5 109 27.6 |37.9 31.6 46.3 category oo, person, ... -_| | - fT(CWd) cross‘;:;fopy
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ODISE LAION (23.3 13.0 29.2 |44.2 383 538




EXPERIMENTS: Ablation Study

Captioning Generators
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AD EEU K COCO Mask Generator $ Frozen during training
Captioner PQ mAP mloU | PQ mAP mlioU i i
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EXPERIMENTS: Ablation Study

Diffusion Time Steps

ADE20K
time step PQ mAP mloU | PQ

COCO

mAP mloU

0 233 130 292 | 44.2

100 228 125 293 | 43.2
200 215 113 28.0 | 424
500 209 11.] 27.0 | 38.2
0+100+200 | 23.1 12.9 29.7 | 43.7

38.3
36.4
35.1
31.1
37.4
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EXPERIMENTS: Ablation Study

Mask Classifiers
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EXPERIMENTS: Other attempts

sidewalk, mongoose

handbag
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EXPERIMENTS: Other attempts

sidewalk, mongoose
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CONCLUSION

« Taking the first step in leveraging the frozen internal representation of
large-scale text-to-image diffusion models for downstream recognition
tasks

« This work demonstrates that text-to-image diffusion models are not only

capable of generating plausible image but also of learning rich semantic

representations
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