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Deep Domain Confusion A& D

Approaches

1. Feature-level approach :

BEHEBEEICT., FAA Y7 MILYRET AT — 29T ERA

XA REGEMAEST A 28T, EHERADT t#f%

2. Input-level approach :
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3. Pseudo-labeling approach :
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1. Feature-level approach
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[1. Statistic Criterion (MMD. CORAL) : #7%RIgss+ M 23424 1\ 5
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MMD-based
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2. Adversarial-based : BOUHIEZEAB W15
Reconstruction-based : B HA=4HAL 5
Normalization-based : IE3R{LE4 B W3

1-1. Statistic Criterion
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Deep domain confusion
[Tzeng2014]

Domain Adaptation D3

Maximum mean discrepancy (MMD)
[Borgwardt2006]

RKHS
= Kernel trick
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Deep Domain Confusion
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Minimize classification
error
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Network architecture

« 5ECNN + 3ZFC(4096, 4096, |C|)
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« Domain adaptationf @ Office dataset|Saenko]| TLELER
« OfficeNICH DY E%z &L BEERDDataset

Supervised Unsupervised
A—-W D-—-W W —=D |Average A—-W D—=W W —= D |Average

GFK(PLS.PCA)[16] 464 4+0.5 61.3+£04 66.3+04]| 530 GFK(PLS,PCA)[I6] 150£04 446403 49.7+05| 364
SA[173] 45.0 64.8 69.9 59.9 SA[173] 15.3 50.1 56.9 40.8
DA-NBNN [ 1] 528 £3.7 76,6 £1.7 762425 685 DA-NBNN [31] 233 +£27 672419 674+£3.0| 52.6
DLID [%] 51.9 78.2 89.9 73.3 DLID [¥] 26.1 68.9 84.9 60.0
DeCAFg S+T[11] 807423 948+ 1.2 _ _ DeCAFg S[11] 22417 915415 - -

DaNN [ 14] 53.64+£0.2 71.2+£00 835+£0.0]| 694 DaNN [ 4] 35.0+£0.2 70.5+£0.0 743+£0.0 599
Ours 84.14+0.6 954 +04 96.3+03| 919 Ours 594+08 925+03 91.7+0.8| 81.2
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MMD - Maximum Mean Discrepancy @
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https://www.ism.ac.ip/~fukumizu/ISM lecture 2010/Kernel 2 basics.pdf



https://www.ism.ac.jp/~fukumizu/ISM_lecture_2010/Kernel_2_basics.pdf
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(Gauss kernel
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https://mathwords.net/gausskernel
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« EHMESTFAH. Universal RKHS EDOEAMBERTHNIL. MMDA Y O
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THEOREM 2.2. Let p, g be Borel probability measures on X a
compact subset of a metric space, and let H be a universal repro-
ducing kernel Hilbert space with unit ball . Then MMD[T, p, g] =
0 if and only if p = q.

Moreover, denote by w, = E,[d(x)] the expectation of ¢d(x)
in feature space (assuming that it exists).” Then one may rewrite
MMD as

MMD ¥, p. q] = ||JLLI}—,{L(!,
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MMD[ F,p.q] = Lfs|up..] E,[f(x)] — E4[f (»)]
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COROLLARY 2.3. Under the assumptions of theorem 2.2 the fol-
lowing is an unbiased estimator of MMD?[F, p.q]:
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