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Webly-Supervised Learning (WSL) 1 R

 How to learn noise-tobust representations of visual concepts from web data?
e Various types of noise, especially the semantic noise, are under-explored.

o Self-bootstrapping on each sample is prone to overfitting.
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Preliminary: MoPro

* Prototypes
representative embeddings for a group of semantically similar instances

e Contrastive Learning
self-supervised learning method

samples from the same instance closer
samples from different instances farther

e Momentum
smooth and consistent optimization policy for prototypes and networks

@ Fine-grained prototypes (e.g. horse with man)

@ Coarse-grained prototypes (e.g. horse)
Instance-wise Contrastive Learning

- Prototypical Contrastive Learning




Cross-modality Aligned Prototypes (CAPro)
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e What can we do with multi-modal web data (images and texts) for WSL?

e  Our contributions:

o Cross-modality alignment to formulate semantically-correct textual and

visual prototypes

o Collective bootstrapping to provide wiser, smoother labels with collective

knowledge

Drumstlck*

“chicken
drumstick

— recipes”

A
Gww
X

Cross-Modality
Visual-Semantic l

. Alignment
& Drumstick

- “drumstick]

8.\ music

bands”

*Incorrect semantics 1(11 olysemy classes
a

ML
E e

sflsual Dictionary

Reference
< Look-up |

' Collectlve '
] Bootstrapping

Reference :
:

(b)

Effect of Visual Prototypes

2 I WebVisionlk
73 //-""-.-Webvmonzfss*
73.5 *

71 71.0 71.9 WebVision765
69 L . ImageNetlk

| I —e—ImageNet235*
o1 ImageNet765*
65 64.2
63 |62.4 61.6
61
Vanilla MoPro CAPro(ours)

(©)



of iffE

Overall Model Architecture

Model components
« Siamese image encoders, a text encoder, a classifier, a projector, a

reconstructor, an auxﬂmry cla351f1er a dictionary
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Cross-modality Alignment 3 e
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Cross-modality Alignment 3 e

o Text Enhancement
e Visual Guidance from Neighbots
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Cross-modality Alignment o B

e Text Enhancement
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Cross-modality Alignment

Textual Prototypes
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Keyword tiger car (definition by WordNet)

+: a cat having a striped coat; domestic_cat,

house_cat, felis_domesticus, felis_catus: any
domesticated member of the genus Felis
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Cross-modality Alignment 3 e
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Cross-modality Alignment 3 e
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* Query-Key Dictionary Look-up
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Results

o Comparison with SOTA methods
e Performance on single-label datasets

Table 1: Results on WebVisionlk and Google500. Best/2nd best are marked bold/underlined.
Method Back- WebVisionlk ImageNetlk Google500 ImageNet500
bone Topl Top5 Topl Top5 Topl Top5 Topl Top5
MentorNet [17] IRV2[90] 72.6 889 642 848 - - - -
Curriculum [16] IV2[91] 72.1 89.1 648 849 - - - -
Multimodal [92] IV3[93] 732 89.7 - - - - - -
Vanilla [22] R50D [94] 75.0 892 672 84.0 754 88.6 68.8 84.6

SCC [22] R50D 753 893 679 847 764 89.6 69.7 85.3
Vanilla [78] R50 742 898 682 862 669 82.6 61.5 78.8
CoTeach [20; 78] R50 = - - - 676 840 62.1 809
VSGraph' [78] R50 754 90.1 694 872 68.1 844 63.1 814
Vanilla [28] R50 724 890 657 8.1 - - - -
SOMNet [8] R50 722 895 650 8.1 - - - -
Curriculum [16] RS0 707 886 627 834 - - - -
CleanNet [18] RS0 703 877 634 845 - - - -
SINet [24] R50 738 90.6 668 859 - - - -
NCR [58] R50 739 - - . = = = -
NCR' [58] R50 757 - = - = = = -
MILe [26] R50 752 903 671 8.6 - - - -
MoPro [28] R50 739 900 678 870 - - - -
Vanilla (ours) R50 726 89.7 67.0 86.8 699 86.5 64.5 83.1
CAPro (ours) R50 742 90.5 68.0 872 760 913 72.0 89.2

t Results on WebVision1k are under optimized training settings with batch size of 1024.
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Comparison with SOTA methods

e Performance on multi-label datasets
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Table 2: Results on NUS-WIDE (Web).

Back- NUS-WIDE
Method bone C-FI O-FI mAP
Vanilla [78] R50 37.5 39.6 439
VSGraph [78] R50 38.6 40.2 448
MCPL [95] RI101 225 172 474
Vanilla (ours) R50 37.8 424 383
CAPro (ours) R50 39.3 454 48.0
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Results

* Discussion on Open-Set Recognition

Table 3: Results on open-set recognition.
WebVision ImageNet

Method C-F1 C-F1
Vanilla [78] 50.5 46.4
CoTeach [20; 78] 51.0 47.7
VSGraph [78] 57.2 52.8
Vanilla (ours) 54.6 48.3

CAPro (ours) 62.2 57.8
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Table 4: Ablation study on text encoding, enhancement, and reference provider.

. Text Text Enhan-  Reference Google500 ImageNet500 NUS-WIDE
i Ablatlon StUdY Encoding cement Provider Topl Top5 Topl Top5 C-F1 O-F1 mAP

. X
o Text Encoding and Enhancementjmini VSGragh (78]
ours

VSGraph [78]

v’ (ours)

VSGraph [78]

v
MiniLM v (ours) Bootstrap [33] 755 90.8 713 88.4 38.1 432 46.0
MiniLM v (ours) Label smooth [100] 754 90.8 712 88.4 369 42.1 468
MiniLM v (ours) SCC [22] 73.8 899 70.2 88.0 356 413 450
MiniLM v (ours) NCR [58] 75.5 91.1 715 888 37.6 434 468
MiniLM v (ours) v' CB (ours) 76.0 913 720 89.2 393 454 48.0
MiniLM v (ours) v CB (ours) + MU 76.5 91.1 719 888 404 46.7 499
GPT-Neo v (ours) v' CB (ours) 76.1 914 721 894 393 449 477

GPT-Neo v (ours) v CB (ours)+ MU 765 912 720 888 407 452 50.0
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Table 4: Ablation study on text encoding, enhancement, and reference provider.

Ab]. N S d Text Text Enhan-  Reference Google500 ImageNet500 NUS-WIDE
i ation >tu Y Encoding cement Provider Topl Top5 Topl Top5 C-F1 O-F1 mAP
X X X 715 87.8 665 84.6 372 424 462

MiniLM VSGraph [78] X 72.0 88.0 669 854 392 444 468

R f P MiniLM v (ours) X 755 910 715 88.8 393 449 474

° 1 XLNet  VSGraph [78] X 716 87.8 668 84.8 38.6 434 476
ererence tOVIder XLNet v (ours) X 754 910 715 88.8 393 451 475
GPT-Neo VSGraph [78] X 720 88.0 672 853 392 450 474

PT-Neo ours X 757 91.1 71.6 88.8 92 45.1 476

p
v’ (ours) Bootstrap [33]
v’ (ours) Label smooth [100]
v’ (ours) SCC [22]
v’ (ours) NCR [58]

v’ (ours) v' CB (ours)
v’ (ours) v' CB (ours) + MU
v’ (ours) v' CB (ours)
v’ (ours) v' CB (ours) + MU
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Figure 4: Impact of hyper-parameters AP** and top-K on CAPro.
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Results

e Ablation Study

Table 7: Effect of v on CAPro without collective bootstrapping.
Reference  Google500  ImageNet500 NUS-WIDE
e Threshold % Provider ~ Topl TopS Topl Tops CFl O-F1 mAP
0.6 Xx 720 880 669 854 83 9.1 6.9
08 x 712 877 659 848 -
09 x -

- - - 39.2 444 468
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Results

e Ablation Study

Table 8: Effect of prototype update frequency on CAPro. By default, we update visual prototypes
every epoch using high-quality examples in each mini-batch. For 0-epoch per update, we do not
introduce additional high-quality web examples to polish prototypes, but only update them with the
top-K matched semantically-correct examples with their latest visual embeddings.

# Epochs Google500  ImageNet500 NUS-WIDE
per update Topl Top5 Topl TopS C-F1 O-F1 mAP
. Update Frequency of Prototypes 0 755 OL1 716 888 392 444 472

1 (by default) 76.0 91.3 720 892 393 454 48.0
5 759 912 718 892 39.6 450 47.6
10 760 912 717 89.1 393 458 432
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Noise Removal Policy
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Table 9: Effect of noise removal policy on CAPro. We compare with MoPro to show the effectiveness
of keeping labels of top-K matched semantically-correct examples unchanged.

Noise Removal ~ Google500  ImageNet500 NUS-WIDE
policy Topl TopS Topl Top5 C-F1 O-F1 mAP

MoPro [28] 75.8  91.1 71.7 89.0 388 422 472
CAPro (ours) 76.0 913 72.0 892 393 454 480
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e Qualitative Results

Figure 3: Top-matched WebVisionlk instances are chosen: (a) without text enhancement, (b) with
text enhancement in VSGraph [78], and (c) with our text enhancement.
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Spotlight (lamp)

Qualitative Results

Figure 5: Top-matched WebVisionlk instances are chosen: (a) without text enhancement, (b) with
text enhancement in VSGraph [78], and (c) with our text enhancement.
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Airport (atrdrome)

Qualitative Results

Figure 6: Top-matched NUS-WIDE (Web) instances are chosen: (a) without text enhancement, (b)
with text enhancement in VSGraph [78], and (c) with our text enhancement.
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