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Domain Adaptation (DA) VS Domain Generalization (DG)
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@ — source domain @ — seen target domain ( E /\ — unseen target domain

Difference: @O In DA, both the source domain and target domain are accessible (There
is only unlabeled target domain data in unsupervised DA, i.e., UDA);

@ In DG, the target domain are not accessible!
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Conventional Domain Generalization (DG)

Conventional

domain generalization
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Matsuura T, Harada T. Domain generalization using a mixture of multiple latent domains[C] AAAI 2020
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Semi-Supervised Domain Generalization (SSDG) + unknown classes

Source Domains

Cartoon Photo
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known classes

Labeled Samples

Unlabeled Samples

Target Domain

Sketch
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Testing Samples

known classes (green box)

seen unknown classes (blue box)

unseen unknown classes (red box)

The label set: Cl C C* C Ct
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Domain Generalization (DG) vs  Semi-Supervised DG + unknown classes
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Out-of-Distribution + Semi-Supervised + Domain Generalization

v v

@ Detecting Known and Unknown Classes (@ Improving Target Domain Generalization

N— -
—

Method name: Class-Wise Adaptive Exploration and Exploitation (CWAEE)
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@ Detecting Known and Unknown Classes

deep neural network model fg = h,, o gg

; . ct
a |C'|-way linear classifier h, = [hl;...; hiS l] a feature extractor gg

i

Since no extra classifiers are designed for new classes,

a naive idea is to
I) replace the softmax function with the sigmoid function; { p{ =o(z{ ) }
IT) set a fixed threshold § = 0.5 for known and unknown classes. { p; = & as known }

{ p; <& as unknown }
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@ Detecting Known and Unknown Classes

7¢ = argmin — Z I(y; = c)log (o(z5 /7)) + 1 (y; # c)log (1 — o (25 /7°))

(xi,y; ) EDY
To get well-calibrated probabilities :
) pi =o(z]) > pi =o(z{/
- - : B “] > 5/ as known classes
A more reasonable way is to use the class-wise adaptive threshold : knw
1)) 5=05 S 5}{mw and 511mk — J < 5 i as unknown classes
l Sénw <pl < 6,inw as null

use a two-component beta mixture model to model the score distributions of known classes and unknown classes
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@ Detecting Known and Unknown Classes

o) J and 61{“,{ can be set as the mean values of two fitted beta distributions.

knw

Procedure 1 Calculating Thresholds

el . . :|ct W
Input: Score queues ¢~/¢ |, feature extractor gy, linear classifiers h&j'c , validation dataset D",

number of known classes |C!|.
1:|C|

ol
Output: Temperatures 7’| thresholds 5;15) and L

1: for ¢ = 1to |C!| do
2:  Calculate temperature 7° to calibrate gy, h{, on D" with Eq.1;

3:  Fit a two-component beta mixture model af.,, 3{.o on queue ¢° with EM algorithm;

; ¢ o B e . By
4:  Calculate known and unknown classes thresholds 67 = av34p7 Ounk = az¥Ag"

5: end for
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@ Improving Target Domain Generalization

The overall loss of the training process is formulated as:

L= El + )\1 Tlénw + )\ZLgnk + )\3[’3071

/\
el N

For labeled training data, we use the following supervised loss,

nt |CY
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@ Improving Target Domain Generalization

The overall loss of the training process is formulated as:

L= El + )\1 lenw + )\Zﬁunk + )\3£con

/\
el N

For unlabeled training data predicted as known classes (i.e., §; € C!), the loss is defined as

nknw |C |

1 . i
}ﬂbnw T Z Z ]I 11’1 pz strong) + |cl| (y% % C) 11'1(]. o pg,st"rong)

n
knw ;-1 =1

For unlabeled training data predicted as unknown classes (i.e., §; = unknown), the loss is defined as

T'LLL?'Lk - _nul Z Z ln(l - f)g,st'r'ong)

unk ;=1 c=1
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@ Improving Target Domain Generalization

The overall loss of the training process is formulated as:
L= El + A1 lenw + )\Q'Cunk + )\3£con

To avoid overfitting on domain-related low-level statistics, we minimize the consistency regularization
loss between the original unlabeled samples and the augmented ones to push the model to pay attention
to the high-level semantics of the samples, defined as

n® |C'|

con:—ZZh)z X?» f)'f|2

i=1 c=1

How to make the augmented X; ?
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Specifically, for each x, its Fourier Transformation F (x) is

K oo
c.,: 25 Eﬁag g /
formulated as: « 0 IR s b

H—-1W-1

F(x)(u,v) = Z Z x(h,w)e” Jom(frutipv)

h=0 w=0

L Nt

Original Image

27p —)
Fourier Image &ﬁﬁﬂ
The amplitu ( onent P(x) are
then respect 2%
>
A(x)(u,v)

“P(x)(u,v) = arctan [ 1{2 8&“}
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@ Improving Target Domain Generalization — Fourier Transformation

Amplitude Mix (AM)

P
-

Figure 1. Examples of the amplitude-only and phase-only recon- (b)

struction: (a) original image; (b) reconstructed image with ampli- Figure 3. Illustration of (a) AS and (b) AM strategy.
tude information only by setting the phase component to a con-

stant; (c) reconstructed image with phase information only by set-

ting the amplitude component to a constant.

~

Alxi) = (1= N)AG) + M), % = F71 (Alxi) + e /P00

Xu Q, Zhang R, Zhang Y, et al. A fourier-based framework for domain generalization. CVPR 2021
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@ Improving Target Domain Generalization

Algorithm 1 Class-Wise Adaptive Exploration and Exploitation (CWAEE)

Input: Labeled dataset D!, unlabeled dataset D, validation dataset D?, training epoch 7', number of
known classes |C!|.

L1l
Output: Feature extractor gy, linear classifiers hi,‘lc .

1t1al1 ifis? -lct ol 1t 1ol
1: Initialize gg, hi,‘lc i, score queues qulcl temperatures 721€Y thresholds 511€.|C | gulc!.

nw * “unk °?
2: fort =1to 71 do
3:  fori =1 to max_iteration do

4: Draw a batch of labeled samples B! and unlabeled samples B* from D! and D¥;
5 Calculate loss £! on B! with Eq.2;
6: Predict on B* with 7'1:|C” to get scaled confidence scores }3““;
7. Split B* into known classes By, ., unknown classes B, , and null B} ., with P and
51:]C!| 61:|C£|.
knw * Yunk °
: Calculate loss £}, ,, and £ , on B! —and B , with Eqs.3 and 4 respectively;
9: Conduct data augmentation within B* to get B with Eqs.5-7;
10: Calculate loss LY on B* and B with Eq.8 and get total loss £ with Eq.9;
L1 Backward loss £ and update gy, hiflctl with SGD;
12: Update q1‘|cl| with P¥;
13: Update T1:|Cl|, (Siygl and 5&?' with Procedure 1.
14:  end for

15: end for
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Main Results
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Table 1: Leave-one-domain-out results of known classes accuracy (left of the slash) and unknown
classes AUROC (right of the slash) on PACS, OfficeHome and miniDomainNet.

PACS

Target Domain Art Cartoon Photo Sketch Average

DeepAll 62.96/60.06 53.41/58.15 79.17/71.26 48.60/50.16 61.03/59.91
UDG [32] 4298/49.83 46.92/48.52 58.75/57.28 38.82/4521 46.87/50.21
DAML [@31 42.07/5027 57.774/54.80 42.87/54.00 4529/4720 46.99/51.57
FixMatch [37] 81.32/68.67 61.85/56.34 85.63/64.87 76.39/48.01 76.30/59.47
OpenMatch [’;ﬁa] 83.28 /6897 7539/66.60 91.45/68.37 58.05/47.42 77.04/62.84
StyleMatch [16] 82.66/63.35 71.95/56.86 90.81/67.40 77.34/4333 80.69/57.73
CWAEE 87.08/81.21 76.65/72.88 93.19/80.30 79.87/82.46 84.20/79.21

OfficeHome

Target Domain Art Clipart Product Real-World Average

DeepAll 61.95/69.97 50.80/60.96 7523/71.38 84.55/76.63 68.13/69.73
UDG [3Z] 52.25/60.71 41.97/55.58 63.64/64.74 72.24/6590 57.52/61.73
DAML [23] 45.73/6296 43.98/5546 58.50/67.09 64.46/67.775 53.17/63.31
FixMatch [37] 65.25/67.60 59.32/62.18 73.31/67.72 82.35/73.16 70.06/67.67
OpenMatch [B8] 64.95/69.27 55.82/61.60 75.20/72.93 81.76/75.71 69.43/69.90
StyleMatch [16]  67.83/67.40 63.02/60.15 75.46/69.16 84.79/74.44 72.77/67.79
CWAEE 70.55/75.85 64.00/66.57 76.22/76.56 86.60/81.82 74.34/75.20

miniDomainNet

Target Domain Clipart Painting Real Sketch Average

DeepAll 52.58/66.31 52.13/6296 66.10/73.17 44.15/64.90 53.74/66.83
UDG [32] 56.30/68.49 49.51/61.47 61.70/70.21 36.99/57.25 51.12/64.36
DAML [23] 56.16/67.16  50.32/65.62 57.23/69.14 46.52/65.15 52.55/66.77
FixMatch [37] 59.71/62.83 59.71/6237 65.63/63.58 64.78/6490 62.01/63.42
OpenMatch [B8] 64.53/72.70 61.55/69.80 70.61/74.87 61.40/71.30 64.52/72.17
StyleMatch [16] 62.42/63.63 61.23/62.21 66.02/62.58 65.44/63.46 63.77/62.97
CWAEE 66.68/73.38 65.65/73.07 69.86/7598 66.36/74.96 67.14/74.35
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Ablation Study

Table 3: Ablation study on the used modules.

Ablation Accuracy / AUROC

68.13+0.88 / 69.73+1.01
72.30+0.18 / 64.47+0.60

Supervised loss
+ Unsupervised loss on known classes

Table 2: Leave-one-domain-out average AUROC of seen (left ~ with fixed thresholds
of the slash) and unseen unknown classes (right of the slash) + Unsuperv1sed loss on unknown classes ) B0 16 165, T 048
on PACS, OfficeHome and miniDomainNet. with fixed thresholds -D 0L -100.4

+ Class-wise adaptive thresholds 73.70+0.39 / 74.44+0.92

Dataset PACS OfficeHome miniDomainNet + COHSiStCI’lC}/ regularization loss 74.34+0.35 / 75.20+0.74

DeepAll 58.28/60.89 68.48/71.04 69.21/67.89

UDG 50.73/49.08  63.35/60.07  64.26/64.33 Table 4: Average accuracy / AUROC on OfficeHome with

DAML 504575294 62.21/64.46 67.20/ 66.36 different numbers of labeled samples.

FixMatch 53.84/67.87 64.05/71.39 58.56/67.45

OpenMatch  55.61/73.73  68.12/71.72  72.86/71.55 ETabls 5 0 >0

StyleMatch  49.77/68.91 63.46/72.27 56.57/68.31
DeepAll 62.87/67.77 68.13/69.73 72.17/70.83
DAML 52.67/64.15 53.17/63.31 50.95/63.07
FixMatch 66.90/64.29 70.06/67.67 71.92/70.21
OpenMatch 66.24/69.81 69.43/69.90 70.14/69.81
StyleMatch  70.16/63.57 72.77/67.79 75.36/70.45
CWAEE 71.24/73.23 74.34/75.20 76.09/73.96
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Some Figures
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Figure 2: The accuracy of pseudo-labels on unla-
(a) Class 0 in epoch 1 (b) Class 0 in epoch 20 beled samples.

%= 16 o Unknown classes threshold -+ Unknown classes threshold

] I
el —-+ Knawn classes threshald | —-+ Known classes threshold |
Q77 = Unknown classes | mEm Unknown classes | 76 76
o s Known classes i e Known classes i
£ 8 : i i 72 72
B i i >, ::':\/\4-‘ T 5
(¥} e
UEJ 4 J ' e 1. 1 - H " ¢ ) .\“‘g). 2 68
0 - L] il n b o =
00 02 04 06 08 1.0 02 04 06 08 1.0 B -+ Deepall —— StyleMatch b e DeepAll —— StyleMatch -,
Score Score 641 FixMatch —=— QOurs I 641 FixMatch —=— Qurs
—+— OpenMatch —+— OpenMatch
¥ 2 60 60 g
0 5 10 15 20 25 30 0 5 10 15 20 25 30
(C) ClaSS 1 n ePOCh 1 (d) ClaSS 1 n ePOCh 20 Number of seen unknown classes Number of seen unknown classes

Figure 4: The empirical p.d.f. of the confidence scores (a) Accuracy (b) AUROC

of unlabeled data. Figure 3: The results with various numbers of seen

unknown classes.
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