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Dataset Bias

Dog is not recognized

Test Image Deep Model
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Dataset Bias

Low resolution
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Dataset Bias
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Why not collect new annotations?
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Why not collect new annotations?

Proprietary Private



Domain Adaptation: Train on Source Test on Target

E AT A, & 2 " s ¢ v
WAV TR0 5 S YRR 9
WL e e e

i ‘..' ." ' 4 Faily B

Source Domain ~ Ps(Xs, Ys Target Domain ~ Pr(Xr, Yr
lots of labeled data unlabeled or [Imited labels



Adversarial Domain Adaptation
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Adversarial Domain Adaptatlon
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Adversarial Domain Adaptation
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Synthetic to Real Pixel Adaptation
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Synthetic to Real Pixel Adaptation

N '. oL \ v 7 y

— e
g AU

\# 1 ST [ ,!y 'vuj, ll'lﬂ.‘,'f;
LY :_‘.'] :o‘tll I!U .)

offman et.al. ICML 2018



Synthetic to Real Pixel Adaptation

Hoffman et.al. ICML 2018



Synthetic to Real Pixel Adaptation

Zhu*, Park®, Isola, Efros. ICCV 2017.



Synthetic to Real Pixel Adaptation

Zhu*, Park®, Isola, Efros. ICCV 2017.



CyCADA Results CityScapes Evaluation
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CyCADA Results: CityScapes Evaluation
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o Far: Adapting to Natural Shifts
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What about
adversarial shifts?



Adversarial Examples

+ .007 x —
g ien(Ved(0.2.9)) on(v,.0(6, 2, y))
“panda” “nematode” “g1bbon”
57.7% confidence 8.2% confidence 99.3 % confidence

Goodfellow et al. ICLR 2015.
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Visualize Perturbation Space
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Visualize Perturbation Space
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Visualize Perturbation Space
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MNIST LeNet Decisions Around Training Point
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MNIST LeNet Decisions Around Training Point
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Small perturbations
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MNIST LeNet with L2 Reqgularization
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Jacobian Reqgularization

Hoffman, Roberts, Yaida, In submission, 2019.



Jacobian Reqgularization
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: Jacobian matrix :
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Hoffman, Roberts, Yaida, In submission, 2019.



Jacobian Reqgularization
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MNIST LeNet with Jacobian Regularization
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MNIST LeNet with Jacobian Regularization
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Decision Boundary Comparison

No L2 Jacobian
Regularization Regularization Regularization

Hoffman, Roberts, Yaida, In submission, 2019.




Robustness to Random Perturbations

100 & .
80 .
=\

I

llllllllll

MNIST

E 2 . .
20k ——L Regularlzatlor.l | \
—— Dropout Regularization \ E
10 | —f— Jacobian Regularization 1 2.
E Combine Three 3
0

0 0.5

O noise Hoffman, Roberts, Yaida, In submission, 2019.

> 70 E '\ LeNet Model
= 60 "
S 50 \ -\I
s 0 \ f
v 40t T +
=~ 30 -3 No Regularization \ﬂ\{f\g




Test Accuracy

Robustness to Adversarial Perturbations
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Next Steps

Jacobian regularizer as
unsupervised adaptive 10ss?

Domain Adversarial

Adaptation Robustness

Adaptation to an adversarial
domain®/
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