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Training Set

Train-Dev Set Dev Set Test Set

Training Error high?

No

Yes

Train-Dev Error high?

Dev Error high?

Yes

Variance

Yes

Dataset Shift

Overfit Dev Set

Yes

Deeper Model
Longer Training

Bigger Data
Regularization

Transfer Learning
Data Generation

Bigger Dev Data

Andrew Ng. The Nuts and Bolts of Building Applications using Deep
Learning. NIPS 2016 Tutorial.
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Office-31

Method
A—->W D—-W W—=D A—D D—A W—=A Avg
ResNet [15]  75.59£1.09 96.27+0.85 98.09+0.74 83.44+1.12 83.92+0.95 84.97+0.86 87.05+0.94
DAN [21]  59.324+0.49 73.90+£0.38 90.45+0.36 61.78+0.56 74.95+£0.67 67.64+0.29 71.34+0.46
DANN [10] 73.56+0.15 96.27£0.26 98.73+£0.20 81.53+0.23 82.78+0.18 86.12+0.15 86.50+0.20
ADDA [37] 75.67£0.17 95.38+£0.23 99.85+0.12 83.41+£0.17 83.62+0.14 84.25+0.13 87.03+0.16
RTN [22]  78.98+0.55 93.22+0.52 85.35£0.47 77.07+£0.49 89.25+0.39 89.46+0.37 85.5610.47
IWAN [43] 89.15£0.37 99.32+0.32 99.36+£0.24 90.45+0.36 95.62+0.29 94.26+£0.25 |94.69+0.31
SAN [5] 93.90+£0.45 99.32+0.52 99.36+£0.12 94.27+0.28 94.15+0.36 88.73+£0.44 94.96+0.36
PADA [6] 86.54+0.31 99.32+0.45 100.00+.00 82.17£0.37 92.69+0.29 95.41+0.33 92.69+0.29
ETN 94.52+0.20 100.00+£.00 100.00+.00 95.03+0.22 96.21+0.27 94.64+0.24 |96.73+0.16
1.50 shared classes 150“ shared classes
outlier classes outlier classes
1.25 1.25
1.00 1.00
0.75 0.75
0.50 0.50
0.25 0.25
0'000123456789101112 0'000123456789101112
w w
(a) IWAN (b) ETN
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Closed Set DA Partial DA

Open Set DA (Bustoef al. 2017)  Open Set DA (Saito et al. 2018)

Universal DA
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Table 1. Average class accuracy (%) of universal domain adaptation tasks on Office-Home |(§ = 0.15)| dataset (ResNet)
S
Office-Home

Ar — Cl Ar - Pr Ar - Rw Cl - Ar C1 -+ Pr C1 = Rw Pr -+ Ar Pr -+ Cl Pr - Rw Rw — Ar Rw — Cl Rw — Pr Avg

ResNet [13] 59.37  76.58 87.48 69.86 71.11 81.66 7372 5630  86.07 78.68 59.22 78.59 73.22
DANN [6] 56.17  81.72 86.87 68.67 7338 83.76 6992 56.84  85.80 79.41 57.26 78.26 73.17
RTN [23] 50.46  77.80 86.90 65.12 73.40 85.07 67.86 4523  85.50 79.20 55.55 78.79 7091
IWAN [45] 52.55 8140 86.51 70.58 7099  85.29 7488 57.33  85.07 77.48 59.65 7891 73.39
PADA [45] 39.58 6937  76.26 62.57 6739 7747 4839 3579  79.60 75.94 44.50 78.10 6291

ATI [28] 5290  80.37 85.91 71.08 7241 8439 7428 57.84  85.61 76.06 60.17 78.42 73.29
OSBP [35] 47.75 6090  76.78 59.23 6158 7433  61.67 4450 79.31 70.59 54.95 75.18 63.90

UANw/od 61.60 8186 87.67 7452 7359 8488 73.65 5737 86.61 81.58 62.15 79.14 75.39
UANw/oy 56.63 7751 87.61 7196 69.08 83.18 7140 56.10 84.24 79.27 60.59 78.35 7291
UAN 63.00 8283 8785 7688 7870 8536 7822 58.59  86.80 83.37 63.17 79.43 77.02

Method

Table 2. Average class accuracy (%) on Office-31 (£ = 0.32)| ImageNet-Caltech [£ = 0.07) and VisDA2017 (¢ = 0.50)|(ResNet)

Method Office-31 ImageNet-Caltech VisDA
A—-W D—-W W—D A—D D—A W — A Avg I—-C C—o1
ResNet [13] 75.94 89.60 90.91 80.45 78.83 81.42 82.86 70.28 65.14 52.80
DANN [6] 80.65 80.94 88.07 82.67 74.82 83.54 81.78 71.37 66.54 52.94
RTN [23] 85.70 87.80 88.91 82.69 74.64 83.26 84.18 71.94 66.15 53.92
IWAN [45] 85.25 90.09 90.00 84.27 84.22 86.25 86.68 72.19 66.48 58.72
PADA [45] 85.37 79.26 90.91 81.68 55.32 82.61 79.19 65.47 58.73 4498
ATI [28] 79.38 92.60 90.08 84.40 78.85 81.57 84.48 71.59 67.36 54.81
OSBP [35] 66.13 73.57 85.62 72.92 47.35 60.48 67.68 62.08 55.48 30.26

UAN 85.62 94.77 97.99 86.50 85.45 85.12 89.24 75.28 70.17 60.83
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@ Supervised Learning

(1,91) ~ p (2,92) ~ p (z3,Y3) ~ p
I I ] ]
Training Validation Test

@ Semi-Supervised Learning (SSL)?
@ Unsupervised Domain Adaptation (UDA)?

Source Domain Target Domain
(#1,91) ~ D @ (2,92) ~ g
I I I
(z1, Y1) Validation (22, Y2)

Training Test
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Elz] = ¢,E[f] = 7
> =24t —1)
E[z*] = E[2] + nE[t — 7] = ¢ + n(E[t] — E[r]) = ¢.
Var[z*] = Var[z + n(t — 7)] = n*Var[t] + 2nCov(z,t) + Var[z]

Cov(z,t)
Var|t]

min Var[z*] = (1 — pZ ,)Var(z], when 7 = —
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