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Prior work: domain adaptation

 Minimizing distribution distance

e Borgwardt 06, Mansour 09, Pan 09, Fernando 13

 Deep model adaptation

» Chopra 13, Tzeng 14, Long 15, Ganin 15
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Adapting across domains minimize discrepancy
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Adapting across domains minimize discrepancy
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Verify confusion
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Class correlation transfer loss
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Class correlation transfer loss
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Class correlation transfer loss

Source softlabels
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Office dataset Experiment

31 categories
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Office dataset Experiment

A—-W A—D D—-A D-—-W W-—=A W —D |Average
MMDT [ 18] — 44.6 + 0.3 — — — 583 +£0.5 —
Source CNN 542 +06 63.2+04 3644+0.1 89.34+05 347+0.1 945+02| 62.0
Ours: dom confusion only 5524+£0.6 63.7+09 412+0.1 91.3+£04 41.14+0.0 965 +0.1| 6438
Ours: soft labels only 56.8+04 652+09 41.7+£03 89.64+0.1 388+04 965+02| 64.8
Ours: dom confusion+soft labels 59.3 0.6 68.0+0.5 43.1+0.2 90.0+0.2 40.5+0.2 97.5+0.1 | 664

Multiclass accuracy over 16 classes which lack target labels
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Source soft labels
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Cross-dataset Experiment Setup

Source: ImageNet
Target: Caltech256
40 categories

Evaluate adaptation performance with 0,1,3,5
target labeled examples per class

[tommasi 14]



ImageNet adapted to Caltech
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Summary: simultaneous transfer
across domains and tasks

Domain confusion aligns the distributions
Softlabels transfer class correlations

Paper presented in poster session
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Adapting Deep Visual Models

Adapting across domains

@ Yo

Adapting across tasks

lamp
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Adapting across modalities

1. e

Error bounds on adapted deep models

Generally applicable to adaptation with deep learning in Al
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