Learning from Noisy Web Data with Category-level Supervision
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Our Method Is Based on VAE

Our method is built upon Variational Autoencoder (VAE) [1].
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Our Method Is Based on VAE

Our method is built upon Variational Autoencoder (VAE) [1].

1. Autoencoder can be used for outlier detection.
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Our Method Is Based on VAE

Our method is built upon Variational Autoencoder (VAE) [1].

1. Autoencoder can be used for outlier detection.
2. Hidden layer of autoencoder can be injected with category-level information.

2. category-level information
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Our Method to Handle Label Noise

VAE Our Method
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Our Method to Handle Label Noise

VAE Our Method
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However, we only know the noisy labels ¥ instead of the ground-truth labels 1 .
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Our Method to Handle Label Noise

Our Method
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Our Method to Handle Label Noise

Our Method

-

_min | —pg, (x'|z") (log p(y’ = ¢'|z") +1og C) —logpp, (x'|z') | (3)

classification network objective function

o ————————
- ~
,/ N\

———————————————————

~
7’
PRd

category-level e A
information

===

—log pe, (y'=c'|x")

JETITISSE o

o

v

—————————————————
——————————————————————————————————

SSO|

=
D
'—l
—~
x@
N
-~
—

B
3
uoI119NnJisuodal

N e —

web | |mages

So -
________________________________

~ ’
~ -
i ——————————— -




Extension to Handle Domain Shift

Extend our method to address the domain shift using two strategies.

Strategy 1: use the same VAE to reconstruct unlabeled test samples.
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Extension to Handle Domain Shift

Extend our method to address the domain shift using two strategies.

Strategy 2: refine the latent variables Z* of target domain samples.

low-rank representation [8]

target domain Z? source domain Z° representation matrix (low rank) error
225|253/ 74 25| Zo| |2 |25 |25 |25 |25 |2 ef[es|ef|efj et ef

[2] Liu et al., ICML 2010



training testing
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