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Data annotation is efficient and low-cost
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Weakly Supervised Annotations
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Weakly Supervised Annotations
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Solutions

Weakly labeled imagery is widely available on the Web
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Weakly labeled imagery is widely available on the Web
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(1) Instance (object and object part) are collected with a clique partition module;
(2) Object clique discovery with a global min-entropy model;

(3) Object localization with a local min-entropy model



Our works-Min-entropy latent model

Proposals

Clique partition: =1
Ve£cd, He UHe =10



Our works-Methodology

Obijective
function

Epocht

Epoch O P

Continuation Optimization



Our works-Continuation Multiple Instance Learning

Positive
instance

Negative

w .
instance

Loss function
Instance
subset

Learning

Learned instance procedure

Activation map

- ’ ~ \'
. j,/ S
| Localization result | i Localization result

F. Wan, C. Liu, J. Jiao, Q. Ye, “CMIL: Continuation Multiple Instance Learning for Weakly Supervised object Detection (CVPR2019)



Our works-Min-entropy latent model

CONVs
Input Image with ROI
O | Pooling

Region Proposals

[ FC 4096>

= Network Connection
-------- »  Forward-only Connection

Object Clique Discovery

Element-wise

g Multiplication | , TImage
= - Cliqll(‘ . . I|nage
N ,8 Partition Classification g Label
@) . . Loss
= ; :
L : Object: Probabiliy
] []
E Object Localization
]
E Local
E Min-Entropy ‘:'
E Object Pseudo
? Detection € Object
E Softmax Loss Label
+ Object Score H

Object Score Heatmap

M2




Our works-Recurrent Learning

/

\

Image

| Classifier

I CNN HN Clique Object Clique
mage Layers Partition Discovery [
A Object ":
Probability;
Object |y
Localization
Object Score f

\ B ossooooed

Object
Detector

J

1

Recurrent Learning

Accumulated

Recurrent Learning

Object
¥ Score
Tmage CNN (.ll(lll.le ) Objlect Clique i ‘Imalge
Layers Partition Discovery Classifier
: /% Object
Object 4 by obability
Localization | ! :
Object Object
Localization Detector
i Object
* Score
CNN Clique Object Clique Image
e > g >
(Image Layers Partition Discovery Classifier
Object | i Object
Localization [, ;Probability
Object ) Object
Localization Detector
i Object
Y Score
IEEE
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Proc. of IEEE Int. Conf. on Computer Vision (ICCV), 201
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The future

Beyond regularization and continuation optimization
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The future

Beyond weakly supervised detection and segmentation




The future

Fill the gap of supervised and weakly supervised methods

mAP on PascalVOC 2007 with Fast—RCNN framework
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The future

Weakly supervised detection meets X

X= Few-shot Active Learning | Online Feedback | Temporal
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X= Few-shot Active Learning | Online Feedback | Temporal
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Q. Ye, Z. Zhang, Q. Qiu, B. Zhang, J. Chen, and G. Sapiro, "Self-learning Scene-specific Pedestrian Detectors using a
Progressive Latent Model," IEEE CVPR, 2017
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