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1. Background

> Domain adaptation
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1. Background

> Domain adaptation
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1. Background

> Self-ensemling
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1. Background

> Knowledge Distillation: Teacher—Student learning
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1. Background

» Mean—teacher
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2. Introduction

> Unsupervised domain adaptation
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3. Proposed method

> Adapting to domain adaptation
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3. Proposed method

> FIEU FAFY
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4. Experiment
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{Small image example Images)

A =(train on target)

Dataset Target Classes Resolution Channel
USPS Digits 10 16 * 16 Mono
MNIST Digits 10 28 * 28 Mono
SVHN Digits 10 32 %32 RGB
Syn-Digits Digits 10 32 *32 RGB
Syn-Signs Traffic signs 43 40 * 40 RGB
GTSRB Traffic signs 43 Varies RGB
CIFAR-10 Object ID 10 32 *32 RGB
STL Object ID 10 96 * 96 RGB

{(Dataset summary)

19 & A: French, G & Mackiewicz, M. & Fisher, M . (2018, Sep). Self-ensembling for visual domain adaptation

11



4. Experiment

> A g A it

USPS MNIST SVHN  MNIST CIFAR STL Syn Syn
Digits Signs
MNIST USPS MNIST SVHN  STL CIFAR SVHN GTSRB
TRAIN ON SOURCE
SupSre” 77.55 82.03 66.5 25.44 72.84 51.88 86.86  96.95
+0.8 +1.16 +1.93 +2.8 +0.61 +1.44 +0.86  +0.36
SupSrc+TF 77.53 95.39 68.65 24.86 75.2 59.06 87.45  97.3
+4.63 +0.93 +1.5 +3.29 +0.28  +1.02 +0.65  +0.16
SupSre+TFA 91.97 96.25 717 28.69 75.18 50.38 87.16  08.02
+2.15 +0.54 +5.73 +1.59 +0.76  +0.58 +0.85  +0.20
Specific aug.? - - - 61.99 - - - -
+3.0
RevGrad® [ 74.01 91.11 73.01 35.67 66.12 56.91 91.09  8R.65
DCRN [2] 73.67 91.8 81.97 40.05 66.37 58.65 - -
G2A B 90.8 92.5 84.70 36.4 - - - -
ADDA [1] 90.1 80.4 76.00 - - - - -
ATT (8] - - 86.20 52.8 - . 93.1 06.2
SBADA-GAN I8 97.60 95.04 76.14 61.08 - - - -
ADA [7] - - 97.6 - - - 91.86  97.66
UUR HESULTS
MT4TF 98.07 98.26 99.18 13.96° 80.08 18.3 1594  98.63
+2.82 +0.11 +0.12 +4.41 +0.25  49.03 +0.0 +0.09
MT+CT" 92.35 88.14 03.33 33.87° 77.53 71.65 96.01 98.53

+8.61 +0.34 +5.88 +4.02 +0.11 +0.67 +0.08  +0.15
MTH+CT+TF 97.28 98.13 98.64 34.15° 79.73 T4.24 96.51 98.66
+2.74 +0.17 +0.42 +3.56 +0.45 +0.46 +0.08  +0.12
MT4+CT+TFA  99.54 98.23 09.26 37.49¢° 80.09 69.86 97.11  99.37
+0.04 +0.13 +0.05 +2.44 +0.31 +1.97 +0.04  +0.09

Specific aug.P - aT.0"
+0.06
TRAIN ON TARGET
SupTgt” 99.53 97.29 99.59 95.7 67.75 58.86 95.62 98.49
+0.02 +0.2 +0.08 +0.13 +2.23 +0.38 +0.2 +0.32
SupTgt+TF 99.62 97.65 99.61 96.19 70.98 89.83 96.18 98.64
+0.04 +0.17 +0.04 +0.1 +0.79 +0.39 +0.09  +0.09

SupTgt+TFA 99.62 97.83 99.59 96.65 T0.03 90.44 96.59 99.22
+0.03 +0.17 +0.06 +0.11 +1.13 +0.38 +0.09  +0.22
Specific aug.P - - - 97.16 - - - -
+0.05

{Small image benchmark classification result)
13 & A: French, G & Mackiewicz, M. & Fisher, M . (2018, Sep). Self-ensembling for visual domain adaptation



5. Conclusion

> Conclusion
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Thank you.



