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Deep Learning

Learner: f :x — y Distribution: (x,y) ~ P(x,y)
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Deep Transfer Learning

o Deep learning across domains of different distributions P # Q
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Deep Transfer Learning: Why?
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Andrew Ng. The Nuts and Bolts of Building Applications using Deep
Learning. NIPS 2016 Tutorial.

M. Long et al. (Tsinghua Univ.) JAN: Joint Adaptation Networks ICML 2017 5/25




Deep Transfer Learning: How?

@ Learning predictive models on transferable features s.t. P(x) = Q(x)
e Distribution matching: MMD (ICML'15), GAN (ICML'15, JMLR'16)
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Related Work
Deep Adaptation Network (DAN)
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Deep adaptation: match distributions in multiple domain-specific layers
Optimal matching: maximize two-sample test power by multiple kernels
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Domain Adversarial Neural Network (DANN)
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Adversarial adaptation: learning features indistinguishable across domains
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Main Idea
Behavior of Existing Work

e Adaptation of marginal distributions P(x) and Q(x) is not sufficient

Before Adaptation After Adaptation

P(x)2Q(x) P(x)=Q(x)
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N (UG Main Idea
Main ldea of This Work

o Directly model and match joint distributions P(x,y) and Q(x,y)

Match Marginal Distributions Match Joint Distributions

P(x)=Q(x) P(x.y)=Q(x.y)
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Kernel Embedding of Distributions

Distributions
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Le Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
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ensllepecriry
Kernel Embedding of Joint Distributions
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Le Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013.
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MM
Joint Maximum Mean Discrepancy (JMMD)

Distance between embeddings of P(Z°!,...,Z°l) and Q(Z%,...,Z!%))
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IMMD
How to Understand JMMD?

o Set last-layer features Z = ZL~1, classifier predictions Y = ZL € R¢

@ We can understand JMMD(Z,Y) by simplifying it to linear kernel
@ This interpretation assumes classifier predictions Y be one-hot vector
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Equivalent to matching distributions P and @ conditioned on each class!
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JMMD
How to Understand JMMD?

@ JMMD can process continuous softmax activations (probability)

@ In practice, Gaussian kernel is used for matching all orders of moments
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AN
Joint Adaptation Network (JAN)
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Learning Algorithm

Linear-Time O(n) Algorithm of JMMD (Streaming Algorithm)
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____Mewod JEU
Adversarial Joint Adaptation Network (JAN-A)
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Optimal matching: maximize JMMD as semi-parametric domain adversary
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Datasets
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Results

Learning transferable features with joint adaptation and optimal matching

Method A—-W D—-W W — D A—D D—A W — A Avg
AlexNet  61.6+0.5 95.44+0.3 99.0+0.2 63.8+0.5 51.1+0.6 49.8+04 70.1
TCA 61.0+0.0 93.2+0.0 95.2+0.0 60.8+0.0 51.6+0.0 50.9+0.0 68.8
GFK 60.4+0.0 95.64+0.0 95.0+0.0 60.6+0.0 52.4+0.0 48.1+£0.0 68.7
DDC 61.8+0.4 95.0+0.5 98.5+0.4 64.4+0.3 52.1+0.6 52.24+0.4 70.6
DAN 68.5+£0.5 96.0+0.3 99.0+0.3 67.0£0.4 54.0£0.5 53.1+£05 729
RTN 73.3+0.3 96.8+0.2 99.6+0.1 71.0£0.2 50.5+0.3 51.0+0.1 73.7
RevGrad  73.0+0.5 96.4+0.3 99.2+0.3 72.3+0.3 53.44+0.4 51.2405 74.3
JAN 74.9+0.3 96.6+0.2 99.5+0.2 71.84+0.2 58.3+0.3 55.0+0.4 76.0
JAN-A 75.2+0.4 96.6+0.2 99.6+0.1 72.840.3 57.5+0.2 56.3+0.2 76.3
ResNet 68.4+0.2 96.7+0.1 99.3£0.1 68.9+0.2 62.5+0.3 60.7£0.3 76.1
TCA 72.7£0.0 96.7+£0.0 99.6+0.0 74.1+£0.0 61.7£0.0 60.9+0.0 77.6
GFK 72.8+£0.0 95.0+£0.0 98.2£0.0 74.5+0.0 63.4+0.0 61.0+£0.0 77.5
DDC 75.6+0.2 96.0+0.2 98.2+0.1 76.5+£0.3 62.2+04 61.5+05 78.3
DAN 80.5+0.4 97.1+£0.2 99.6+0.1 78.6+£0.2 63.6+£0.3 62.8+0.2 80.4
RTN 84.5+0.2 96.840.1 99.4+0.1 77.5+0.3 66.2+0.2 64.8+0.3 81.6
RevGrad  82.0+0.4 96.9+£0.2 99.1£0.1 79.7+0.4 68.2+0.4 67.4+05 82.2
JAN 85.44+0.3 97.4+0.2 99.8+0.2 84.7+0.3 68.6+0.3 70.0+0.4 84.3
JAN-A 86.0+0.4 96.7+0.3 99.7+0.1 85.1+0.4 69.2+0.4 70.7+0.5 84.6
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Results

ACCURACY (VISDA CHALLENGE 2017)
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Summary

A joint adaptation network framework for deep transfer learning
@ Two main contributions:

o Joint adaptation of multilayer features and classifier predictions

o Adversarial adaptation with semi-parametric domain discriminator

State-of-the-art results on cross-domain & simulation-to-real datasets

Open Problems

o Randomized method for the multilinear operation across feature maps
o Kernel approximation of the universal kernel for distribution matching

Code available at: https://github.com/thuml/transfer-caffe
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