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Background: Object Recognition
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Background: Domain Adaptation

@ Domain adaptation helps bridge when test data is
drawn from different distribution (domain) than training data.
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o Feature Transformation Techniques: Saenko (ECCV 2010), Kulis
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o All previous methods require datasets separated into
homogeneous domains
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Goal: Separate heterogeneous data into homogeneous
domains
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Method 1/4: Separate by category label
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Method 2/4: Cluster each category independently
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Method 3/4: Constrained clustering algorithm

Constrained Clustering with class constraints
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Method 4/4: Iterate steps (2-3) - Output domains

| Constrained Clustering with class constraints |
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Hierarchical Gaussian Mixture Model
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Results

o Office dataset with three known domains: amazon(a), webcam(w),
dslr(d)

@ 31 Categories, 10-20 images per category
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Results

@ Bing web search data set. Heterogeneous and weakly-labeled data.

@ 30 Categories, 50 Images per Category, Set Number of Domains = 3
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(a) “Cartoon Images” (b) “Cluttered Scenes” (c) “Product Images”
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Results

@ Bing web search data set. Heterogeneous and weakly-labeled data.
@ 30 Categories, 50 Images per Category, Set Number of Domains = 3
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Conference in Computer Vision (ECCV), 2012.
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Conclusion

@ Domain adaptation algorithms can bridge the performance gap when
train and test data are drawn from different domains.
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Thank you!
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