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1 Proposed Algorithm

Algorithm 1: DEGAA: Offline Training Paradigm

Data. S = UL, 5;, T =U",T;,D =SUT
Step 1: Domain Embedding Extraction
Input. Number of sampled domains N;, Number of support points N, and query points N,
Initialize. Feature Extractor G(x; %)) initialized with pre-trained ImageNet weights
forr=1ToNdo
D; + RANDOMLY SAMPLE(D, Ny) ; // sample N, domains
for d in D; do
| Sa,Sq < RANDOMLY SAMPLE(Dy, N), RANDOMLY SAMPLE(Dg4, Ny) ;
end
fip, <= KME(Sq, G(x;9))
Jy <= PROTOTYPICAL LOSS(fip,, S¢, G(x;v)) ; // Following [1l]
<= Sap(J(t),9) ;
end

Output. d. + KME(D, G(x;%)) ;

Step 2: Warm - Up

Input. DorilainA Embedding d., source images and labels (xf ‘ yjs DBl € (Si)fy, training
images (xf,yf)?':l esScs

Initialize. Feature Extractor F'(x; 1)) initialized with pre-trained ImageNet weights

fort=1To N’ do

Jo < CROSS ENTROPY(ijA, F(CONCAT(x
6 < SGD(J(t),0) ;

Jg,de))) ; // Supervised training
end
tep 3: Compute Centroids
ori=1]Tondo
forj=17Top; do
| T + F(CoNCAT(x}",d); 0) ;
end

wn

ey

end
C < CENTROIDS(T) ; // Per - class centroid from source feature maps
Step 4: Pseudo - Labelling and Adaptation Stage
Input. Domain Embedding d., trained backbone F'(x; ), number of episodes per batch K,
batch for K episodes (x5, y>*)* | € Sk C S, (XJTK);”:/1 € Tk C T, target loss weight A
fort=1ToN” do
Sk, Tr <+ RANDOMLY SAMPLE(S,n'), RANDOMLY SAMPLE(T, m') ;
for k =1 To K do
forj=1Tom’ do
D; + F(CONCAT(X?K, de);0); // Concatenated feature maps(target)

end
D;,D,, < LoF(D;) ; // Known classes D) and unknown D)
Ypseudo < KNN(Dj,,C) ; // Assign nearest centroid class

fori=1Ton do
D+ F(CONCAT(X;SK,CZE); 0); // Concatenated feature maps(source)
Yoy

end

Y., Y, SOFTMAX(GAA(D,, D;)); // Source and target labels using GAA

Jg < CROSS ENTROPY (Y, Y3 ) + ACROSS ENTROPY (Y7, Vpseudo) :
6 SGD(J(t),6) :

end
end




2 Dataset Details

» Office31: The Office31 dataset [2]] contains 31 object categories in three domains: Amazon, DSLR
and Webcam. The object categories include everyday objects such as keyboards, laptops and file
cabinets. Amazon Domain contains 2817 images captured against clean background and at a
unified scale. The DSLR domain contains 498 high resolutions images while the WebCam contains
795 low resolutions images.

* OfficeHome: The OfficeHome dataset [3]] contains images in 4 different domains consisting of
65 object categories found typically in Office and Home settings. Total 15,500 images are present
with images in each class vary between 70 images to a maximum of 99 images.

* VisDA-2017: This large scale dataset [4] contains over 280,000 images across 12 categories. The
training images are generated from the same object under different conditions while the validations
images are sourced from MSCOCO.

* DomainNet: The DomainNet dataset [S]] contains over half a million images in 6 different domains,
each consisting of 345 categories of objects. The domains include clipart, real world photos,
sketches, infograph, QuickDraw and paintings

3 Tables

Following previous works OS indicates normalized accuracy for all the classes including the unknown
as one class and OS* shows normalized accuracy only on known classes.

Table 1: Classification Accuracy (%) of open set domain adaptation tasks on Office-31 (ResNet-50)

A—-W D—-W W—-D A—D D—A W—A Avg
OS OS* OS Os* OS O0S* O0S O0Ss* O0S O0s* OS 0S8 O0S O0s*

ResNet 6] 825 8277 852 855 941 943 966 970 71.6 715 755 752 842 844
ATI-A[7] 874 889 843 86.6 936 953 965 987 780 79.6 804 814 86.7 884
OSBP[8] 865 876 88.6 892 970 965 979 987 889 906 858 849 90.8 913
STA [9] 89.5 921 937 96.1 975 965 995 99.6 89.1 935 879 874 929 941
JPOT [10] 928 922 952 960 981 962 995 986 930 941 889 884 946 943
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Table 2: Classification accuracy (%) of open set domain adaptation tasks on Office-Home (ResNet-50)

Method Ar—Cl Pr—Cl Rw—Cl Ar—Pr Cl—-Pr Rw—Pr Cl—-Ar Pr—Ar Rw—Ar Ar—Rw Cl-Rw Pr—Rw Avg.

ResNet [6] 534 52.7 51.9 69.3 61.8 74.1 61.4 64.0 70.0 78.7 71.0 74.9 65.3
ATI-\ [7 552 52.6 53.5 69.1 63.5 74.1 61.7 64.5 70.7 79.2 72.9 75.8 66.1
OSBP [8 56.7 515 49.2 67.5 65.5 74.0 62.5 64.8 69.3 80.6 74.7 71.5 65.7
STA 9] 58.1 53.1 54.4 71.6 69.3 81.9 63.4 65.2 74.9 85.0 75.8 80.8 69.5
JPOT |10 59.6 542 54.6 72.3 70.1 82.1 62.9 68.3 75.1 84.8 77.4 81.2 70.2
PGL |11 61.6 584 65.0 77.1 72.0 83.0 68.8 722 78.6 85.9 82.8 82.6 74.0

Ours

Table 3: Classification accuracy (%) of open set domain adaptation tasks on VisDA-2017 (VGGNet)

Method Bic Bus Car Mot Tra Tru UNK OS OS*

AATI-A[7] 462 575 569 79.1 816 327 650 599 590
OSBP [8] 51.1 67.1 428 842 81.8 28.0 851 629 59.2
STA [9] 524 69.6 599 878 865 272 841 668 639
PGL [[11] 93,5 938 757 98.8 962 385 68.6 80.7 828

Ours -
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Table 4: Classification accuracy (%) of Multi Source Open Set domain adaptation tasks on Office-31.

AD—W AW—D WD—A Avg
oS OS* OS O0Ss* OS O0S* O0S oSs*
MOSDANET [12] 99.0 982 994 983 81.0 793 931 919

Ours R

Method

Table 5: Comparison with the state-of-the-art methods on the DomainNet dataset.

Method R—»S R—»C R—I R—P P—=S P—-R P—C P—=I Avg

CGCT [13] 489 603 269 57.1 434 588 485 21.7 457
D-CGCT [13] 484 59.6 253 556 453 582 51.0 21.7 456
DCC [14] 43.1 - - 50.25 43.66 56.90 - - 48.5

Ours -
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