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

[1] Kingma and Welling, ICLR 2014
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1. Autoencoder can be used for outlier detection.
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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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1. Autoencoder can be used for outlier detection.

2. Hidden layer of autoencoder can be injected with category-level information.

regulate reconstruct

2. category-level information

encoder network decoder network

en
co

d
er

d
eco

d
er

sam
p
le

reco
n
stru

ctio
n
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Our method is built upon Variational Autoencoder (VAE) [1] .
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However, we only know the noisy labels       instead of the ground-truth labels      .
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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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Extend our method to address the domain shift using two strategies.

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

low-rank representation [8]

target domain source domain representation matrix (low rank) error

Extension to Handle Domain Shift
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[2] Liu et al., ICML 2010



Background Background

NTU Rice

Image classification:   Google images               AwA, CUB, SUN  

training testing
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