THel g drss &
M2k =0 e &Etst

(ECCV 2020)

J°|' 0h0

=y
F A
=



ion)

C el 80l =Xl (Domain Adaptat

N

hy)
=
¥

Coel &0l

JIEt

Sketch

oJ

0y

=

Photo

Cartoon

Art painting

oJ

A

I
<



C Ol dBtst 2 Ml (Domain Generalization)

o ST [Q MOl (Domain adaptation) Z Al :
=S A 22 e =0 &5 H0lH

AN CHO S HOIH + 28E

Sig=NEllVi=
S0z e A2 =0

uo
=
00
0

S|
%%IH

Photo

Art painting Cartoon



M| (Domain Generalization)
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& 713} (Normalization)

CIOIE 2 == B0 Holldl AHE = XA = HE

= Feature scaling

Ao AL

r

|

A 0 A




B X| & 7+ 3} (Batch Normalization)
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Batch normalization: Accelerating deep network training by reducing internal covariate shift 22462 2015

S loffe, C Szegedy
arXiv preprint arXiv:1502.03167



B X| & 7+ 3} (Batch Normalization)
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Art painting Cartoon Sketch Photo | Avg.
BN fixed 79.25 74.61 71.52 95.99 | 80.34
BN finetuned 78.47 70.41 70.68 95.87 | 78.86
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I (Domain-Specific Batch Normalization)
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(a) Batch Normalization

(b) Domain-Specific Batch Normalization
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[1] Chang, W.G., You, T., Seo, S., Kwak, S., Han, B.: Domain specific batch normalization for unsupervised domain
adaptation. CVPR 2019



A A 13} (Instance Normalization)
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A 113} (Instance Normalization)
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(a) Input (b) Batch Normalization (c) Instance Normalization
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(Domain Specific Optimized Normalization)
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(Domain Specific Optimized Normalization)
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Table 2. Comparision with the state-of-the-art domain generalization methods (%) on
the PACS dataset using ResNet-18 and ResNet-50 architectures. Column title indicates
the target domain. *All experiments use the “train” split for the source domains, except
MetaReg [2], which uses both “train” and “validation” splits.

Archictecture  Method Art painting Cartoon Sketch Photo | Avg.
Baseline 7847 7041 7068  95.87 | 78.86

JiGen [/] 79.42 7525  71.35  96.03 | 80.51

D-SAM [6] 77.33 7243  77.83  95.30 | 80.72

Epi-FCR [1 82.10 7700  73.00  93.90 | 81.50

HesNet=1d MetaReg*[ [:} 83.70 77.20 7030  95.50 | 81.70
MASF [7] 80.29 7717 7169 94.99 | 81.04

MMLD [1¢] 81.28 7716 7229 96.09 | 81.83

DSON (Ours) 84.67 77.65  82.23 95.87 | 85.11

Baseline 80.22 7852 7610  95.00 | 82.48

MetaReg* [2] 87.20 7920  70.30 97.60 | 83.60

ResNet-50  \iasF [7] 82.89 80.49 7229  95.01 | 82.67
DSON (Ours) 87.04 80.62  82.90 95.99 | 86.64
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Fig. 3. Analysis of the mixture weights with single-source and multi-source scenarios
on the PACS (left) and Office-Home (right) datasets. We present the weight ratio of
IN to BN in our DSON module. (Best viewed in color.)
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Table 10. Single-source domain generalization accuracy on the PACS dataset. Rows
and columns denote source and target domains, respectively. We compare DSON (ours)
with BN in terms of the amount of change (%p).

BN (%) DSON (%p)
A C S P A C S P
Art painting 89.42 60.71 48.74 9425 | —1.20 + 7.42 -+ 20.36 — 0.4
Cartoon  69.68 94.51 71.60 81.56 | + 2.83 —0.11 -+ 0.88 + 3.65
Sketch ~ 44.34 63.65 93.50 49.28 | + 8.64 + 0.64 —0.67 -+ 9.82
Photo  61.72 29.10 33.98 97.86 | + 3.56 + 16.85 -+ 1.19 — 0.52
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Paper : https://arxiv.org/abs/1907.04275
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