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MaskCLIP

¥ Contrastive Language-Image Pre-training
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« Webley-crawled Image-Text (Annotation free)
« Alignment between Image and text

» Classical vision/language tasks
» Zero-shot tasks
« Text-guided generation
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® Contrastive Language-Image Pre-training
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¥ Contrastive Language-Image Pre-training

MaskCLIP

Dense Fine-grained
« Data property difference Vision Supervision semantic
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® CLIP + Vision Self-Supervise Learning

- Contrastive Learning ’ Still Global Supervision
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® CLIP + Vision Self-Supervise Learning

« Mask Image Modeling
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MaskCLIP

’ Low Level Pixel for prediction
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+ Mask Image Modeling

Advantages
- Local Supervision
- Small computation cost

Weaknesses
- Inefficient pretraining
- Unnecessary target-specific
information memorization

- Semantical Conflict with
CLIP



® CLIP + Vision Self-Supervise Learning

« Two desired properties

Contrastive
Loss
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Local Supervision

- Fine-grained semantic learning

- Complementary for CLIP global representation
Semantic Output

- Efficient pretraining

- Consist with CLIP output
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Token-wise
Distillation Loss
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® Analysis on MaskCLIP

* Vision self-supervision helps VL contrastive

Training IN-1K Flicker30K
Memory Time |0-shot Linear Finetune| I2T T2I

CLIP 146 1.00x0 3760 665 823 [529 328
CLIP+SimCLR| 30G 2.67x] 42.8] 72.1 826 |58.6 413
CLIP+MAE 16G  1.30x] 42.1. 685 832 |573 41.1

MaskCLIP 196 175x1 4451 737 836 [70.1 45.6
= =l
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® Analysis on MaskCLIP

« Masked self-distillation learns semantic representations for local patches,

Teddy bears Sled Fake Snow Full Caption

Three teddy bears sit in a sled in snow
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® Analysis on MaskCLIP

« Masked self-distillation learns semantic representations for local patches.

Teddy bears Sled Fake Snow Full Caption

Three teddy bears sit in a sled in snow



® Experiments

* Vision Tasks

IN-1K ADE20K |MS-COCO
Method —1Epoch] ) o\ “ 10 FT | mIoU |APY AP™
DeiT [59] |300%| —  — 81.8] 474 |44.1 398
SimCLR [9]| 25 | — 64.0825| 480 |44.6 402
MAE[26] | 25 | - 562825 465 [432 39.1
CLIP [51] 25 | 37.6 66.5823| 47.8 |43.6 39.5
SLIP[49] | 25 | 428 72.1 82.6| 485 |44.0 403
MaskCLIP | 25 ([44.5 |73.7[83.6/1[505 | [45.4 40.9

+6.9%  +1.3% +2.8 mloU

MaskCLIP
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® Experiments

« Zero-shot classification on ICinW challenge

Image Classification in the Wild
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Pretraining on YFCC-15M
CLIP 34.0|58.6 68.5 36.9 10.8 21.4 30.5 169 5.1 51.6 6.5 51.1 259 5.0 52.7 28.6 51.7 52.5 224 45 79.1
SLIP 37.81709 82.6 48.6 11.8 26.6 19.8 18.1 56 599 12.6 51.8 294 9.8 56.3 31.4 553 51.5 285 54 80.5

MaskCLIP 40.1|72.0 80.2 57.5 12.6 27.9 44.0 20.3 6.1 649 8.5 52.0 343 49 57.0 343 50.1 499 35.7 6.7 82.1

Pretraining on ICinW Academic Track Stting: YFCC-15M , GCC3IM+12M, ImageNet-21K(ImageNet-1K is removed)

Ist MaskCLIP |48.9|86.4 95.3 78.3 11.6 33.0 57.7 18.8 8.0 789 17.3 52.8 16.0 7.3 742 744 52.1 46.2 54.3 26.5 82.3
2nd KLITE* [45.5(87.4 92.7 68.8 8.2 322 279 174 43 724 114 484 31.1 12.8 75.6 65.9 50.6 52.9 444 10.2 82.3
3rd YT-CLIP ([44.5|77.8 83.5 58.4 11.9 319 40.7 27.1 6.9 68.7 18.8 52.3 9.1 18.8 53.1 69.3 51.5 50.3 52.7 19.7 79.3
4th UniCL{ |44.0|84.8 90.2 67.8 6.7 254 353 30.8 35 683 11.1 51.0 179 11.3 71.7 449 52.1 49.5 414 242 81.3
Sth Gramer* ([43.2(83.9 929 69.5 7.3 255 244 304 27 71.0 9.0 526 124 10.1 704 52.4 50.6 50.1 448 13.8 81.3

« Zero-shot image-text retrieval

Flickr30K MS-COCO
Training Image-to-text Text-to-image Image-to-text Text-to-image
Epoch R@l R@5 R@l10 | R@l R@5 R@I0 | R@l R@5 R@l0 | R@l R@5 R@l10
CLIP [51] 25 529 79.6 87.2 328  60.8 71.2 275 535 65.0 17.7  38.8 50.5
SLIP [49] 25 58.6  85.1 91.7 413 687 78.6 334 598 70.6 215 444 56.3
MaskCLIP 25 70.1  90.3 95.3 45.6 734 82.1 414 679 77.5 255  49.7 61.3




Thanks



	幻灯片 1
	幻灯片 2
	幻灯片 3
	幻灯片 4
	幻灯片 5
	幻灯片 6
	幻灯片 7
	幻灯片 8
	幻灯片 9
	幻灯片 10
	幻灯片 11
	幻灯片 12
	幻灯片 13
	幻灯片 14

