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Introduction to

Vision-Language Pretraining (VLP)

* Vision-Language pretraining

Learning visual and linguistic representation from large-scale data
pairs with weak correlation.
e Downstream tasks * VLP model architectures
»  Dual-stream model

Image Captioning,
»  Single-stream model

Visual Question Answering,
Cross-modal Retrieval
Text to Image Generation

YV V VY



VLP Datasets

Dataset Language  Available Size

. CC3M|[9] English Yes 3,000,000

e Most of the publlc | arge_sca|e MS5Product[10] English Yes 5,000,000
_ JFT-300M[11] English No 300,000,000
multi-modal datasets are based on WIT[12] = | multlingual  Yes 11,500,000

] CC12M[13] English Yes 12,000,000
Eng||5h corpus. YFCC100M[ 14] English Yes 99,200,000
LAION-400M[15] |  English Yes 400,000,000
: JFT-3B[16] English No  3,000,000,000
* Almost all the large-scale multi- IG-3.5B-17K[17] | English No  3.500.000,000
. LAION-5B[18] multilungual Yes 5,850,000,000

modal datasets only provide one ProductIM[19] | Chinese — Yes 1,000,000

. . WudaoMM]| 8] Chinese Yes 5,000,000
caption for each image. M6-Corpus6] |  Chinese No 60,500,000
WuKong|[7] Chinese Yes 101,483,885

TaiSu(Ours) Chinese Yes 166,000,000

TaiSu is the largest public Chinese multi-modal dataset
where one image may have more than one captions.



Main Contributions

A pipeline for the construction of a
large-scale multi-modal dataset.

text-based filtering,
Image-text matching,
text augmentation

* The largest public multi-modal
dataset for Chinese VLP.

166M images
219M Chinese captions

« Our experiments show that the pretrained models can benefit from

the filtering process and the combination of the web data and the
generated captions.

Text-based Image-Text
& Texts Filtering  Matching




Summary of the pretraining methods

* Dual-stream architecture
Image encoder + text encoder.

» Contrastive loss with global similarity — i EIEE R

~ollow the settings of CLIP

* LiT-tuning

The pretrained image encoder = frozen,

The text encoder - need to be trained. Locked ot

- Three kinds of data / oose \ /encoder\
tex:TN

encoder
Raw web data
~lltered web data
ltered web data + generated data




Zero-shot Image-text Retrieval &

Zero-shot Image Classification & Text-to-image Generation

Zero-shot Image-text Retrieval Zero-shot Image classification
) Image-to-Text Text-to-Image . . RNI101 ViT-B
Dataset Method  p@1 R@5 R@10 R@l R@5 Relo MR Dataset  Metric  BriVLI44] [ po “fet " 1 RD  TSwe  TSu
BriVL[44] 134 312 407 80 207 295 239
Flickr8K-CN  Wukongvirs[7] 554 823 900 432 713 813  70.6 CIFARIO  R@I 72.3 798  8L0 741 879 892 855
Wukongsyini[7] 472 788 876 366 648 762 652 CIFAR100 R@1 35.9 43.3 43.0 43.0 55.5 56.7 55.4
Oursgnior 55.1 826 909 449 742 843 720 Caltechl101 R@1 72.0 714 71.8 73.5 72.6 73.2 74.2
Oursyir.g 576 834 906 454 744 841 726 Caltech256 R@1 58.0 685 699 702 69.1 710 72.0
BrivL|44] 17,7 423 4.5 10.5 21.9 37.9 3.7 DTD R@1 18.8 24.9 26.2 298 26.5 203 28.7
Flickr30K-CN ~ Wukongyirs[7] 662 887 943 457 738 822 751 . : : . - : -
Wukongguini [71 587 867 927 409 680 784 709 Flowers R@1 184 24.3 233 21.3 23.8 30.6 22.4
Oursgnior 653 886 941 512 79X 895 770 EuroSAT R@1 25.5 29.9 23.6 397 36.0 29.5 52.6
SU\r{ﬁEJ f-’;-? Z[ﬂ g‘:-g f{g ;’53 EZ-S m ImageNet R@1 24.3 333 342 334 337 354 340
Il . . . . . . r
COCO-CN  Wukongyirp[7] 483 778 888 492 794 879 719 AVG 40.65 46.93 4663 4813 50.64 S51.86 53.10
Wukongguni [7] 473 780 883 464 77.0 876 70.8 e ik i i
Our SRN101 54.1 82.8 91.8 54.3 82.7 92.4 76.4 (Chinese landscape painting) (sketch) (oil painting) (watercolor painting)
Oursyir.p 525 815 914 536 837 924 759 2 » - .
BrivL[44] - - - 12.7 300 418 285
MUGE Wukongyirs[7] - - - 334 593 697 541
Wukonggint [7] - - - 345 606 712 555 in B
Oursgx o1 - - - 275 539 648 487 the flelds)
OUI'SViT-B - - - 29.7 57.0 67.4 514
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Ablation study

Image-to-Text

Text-to-Image

Dataset Model R@l R@5 R@10 R@l R@5 R@io MR
RD-RNI0I 410 690 800 283 544 668 566
TSwe-RN101 442 692 802 294 560 683 57.9

Ficege  TSarRNIOL 551 826 909 449 742 843 720
RD-VIT 355 633 768 269 524 647 538

TSy ViT 408 701 806 313 574 690 582

TS, -ViT  57.6 834 906 454 744 841 726

RD-RNIOI 470 755 853 319 615 729 624
TSwe-RNI01 48.5 774 862 352 635 738 641

) TSu-RN101 653 886 941 512 791 895 776
Flicke30k RD-VIT 423 716 828 2907 571 686 587
TSwer-ViT 498 773 872 347 630 730 642

TSu-ViT  65.6 90.1 949 499 789 870 717

RD-RNTOT - - %7 24 638 476
TSwer-RN101 301 564 674 513

TS, -RN101 275 539 648 487

MUGE RD-ViT 276 536 651 488
TSyep-ViT 207 570 674 514

TS ViT . . . 285 542 652 493

RD-RNIOT 418 716 842 398 609 SI5 648
TSwa-RNI0I 434 751 857 418 706 848 669
TS,-RN10l 541 828 918 543 827 924 764

COCO-CN " RD-VIiT 408 703 833 372 686 822 637
TSy VIT 444 733 848 398 723 839 664

TS, -ViT 525 815 914 536 837 924 759

. . RN101 ViT-B

Dataset Metric BriVL[44] RD  TSwe TS RD  TSwe TSui
CIFAR10 R@1 72.3 79.8 81.0 74.1 87.9 89.2 85.5
CIFAR100 R@l1 359 433 43.0 43.0 555 56.7 554
Caltechl0l R@1 72.0 714 71.8 735 726 73.2 74.2
Caltech256 R@1 58.0 68.5 69.9 70.2  69.1 71.0 72.0
DTD R@1 18.8 24.9 26.2 208 265 293 28.7
Flowers R@1 18.4 24.3 23.3 21.3 238 30.6 22.4
EuroSAT R@1 25.5 299 23.6 39.7  36.0 20.5 52.6
ImageNet R@1 243 333 34.2 334 337 354 34.0
AVG 40.65 46.93 46.63 48.13 5064 51.86 53.10

The filtering based on image-text matching can

Improve the performances of the pretrained models
both on the zero-shot image-text retrieval task and on
the zero-shot image classification task.

The addition of the generated captions can
significantly improve the performance on the zero-

shot image-text retrieval task.



Comparison with CLIP + translator

Image-to-Text Text-to-Image MR

Dataset Method  p@1 R@5 R@I0 R@I R@5 R@I0

CLIPgnio[1] 502 774 869 322 590 700 626
FlickrSK-CN  CLIPyirps S 77.1 859 343 605 712 634

Ours 55.1 826 909 449 742 843 720] ’ NI .
Oursirj;_(: 57.6__ 834 906 454 744 841  72.6/ CLIP S tralnmg data'

CLIPrnioi[1] 572 838 91 342 588 685 656 i
Flickr30K-CN  CLIPyizps  58.5 839 902 344 60.1  69.1 66.0 400M Eﬂg|SIh

Oursgnior 053 88.6 941 512 791 895 776 image—text pairs

Oursy;rp 65.6 __ 90.1 949 499 789 87.0 77.7
CLIP[1] 37.8. 662 776 332 626 758 589

COCO-CN CLIPvitpsz2  37.5 65.0 76.8 343  63.1 75.3  58.7

Oursgn o] 54.1 82.8 91.8 543 827 924 1764]

Oursyir.y 525 815 914 536 837 924 759

CLIPgn101[1] - - 8.8 182 241 170

MUGE CLIPvite/3 - - - 84 183 235 167
Ourspnio - - - 27.5 33.9 04.5 48.]

Oursvir.p - - - 297 570 674 514

On the Chinese image-text retrieval task, TaiSu’s models obtain better
performance than CLIP’s models. This can reveal the necessity of the
construction of a large-scale Chinese multi-modal dataset



