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A large gap between machine (artificial) intelligence and human intelligence

Language A Language B

Human Machine

Domain adaptation
leveraging the prior knowledge from source domain on the similar task 
of target domain and alleviating the affect of manual labeling.

Unsupervised domain adaptation

the label of the target data is unavailable
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Li et al. 2014
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Labeled source data

Unlabeled target data

Domain-invariant space has a good 
property of domain-invariance, but it is 
not class-discriminative
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Label propagation

The hidden script behind LP
The sample should be more 
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the nearest samples.
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Label propagation

Min ℓ(𝑋, 𝑌) + 𝜆 
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The hidden script behind LP
The sample should be more 
likely to have the same label as 
the nearest samples.
Maximizing the consistency 
between pseudo label structure 
and data structure.
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Label propagation

a) probabilistic transition matrix 
H according to

b) Compute the soft label L using

The hidden script behind LP
The sample should be more 
likely to have the same label as 
the nearest samples.
Maximizing the consistency 
between pseudo label structure 
and data structure.
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Gong et al. 2012

Experiment

- Object recognition

Caltech-256 (C)

Amazon (A)

DSLR (D)

Webcam (W)

Office-Caltech dataset

• Four domains

• Features
• Bag-of-SURF

• Classifier
• 1-NN
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Experiment

Books (B)

Dvd (D)Electronics (E)

Kitchen (K)

Multi-domain sentiment dataset

• Four domains

• Features
• Bag-of-SURF

• Classifier
• 1-NN

- Sentiment adaptation

Blitzer et al. 2007
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Experiment

- Convergence analysis

Multi-domain sentiment datasetOffice-Caltech dataset

Degradation cases are marked as the lines with dots.
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