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Active Domain Adaptation Based on Neighbor Environment
Perception Sample Selection

Chen Xin-yu, Zhu Jian, Chen Bing-feng, Cai Rui-chu
(School of Computer Science and Technology, Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Active domain adaptation (ADA) aims to train an effective model under the context of domain
adaptation with as few queried instances as possible. However, existing algorithms tend to select instances that are
either uninformative, redundant, or outliers due to domain shift. To address this issue, a novel approach called
neighbor environment perception sample selection (NEPS) for active domain adaptation is proposed. NEPS
explores the target sample informativeness in a neighbor environment-aware manner to select instances that are
potentially most valuable under domain shift. Specifically, from informativeness perspective, NEPS aims to acquire
knowledge not only from individual data points but also from their neighboring samples. This is achieved by
measuring neighbor awareness informativeness score (NAIS) , which ensures the selected samples have both high
individual informativeness score and environment informativeness score. Additionally, NEPS ranks and selects
samples based on their similarity scores with labeled samples to ensure diversity among the chosen instances.
Furthermore, NEPS makes effective use of all labeled samples as well as a large amount of unlabeled data from the
target domain to enhance the model's performance. Experimental results demonstrate that NEPS exhibits strong
sample selection capability and outperforms existing models in terms of classification performance on various
benchmark datasets.
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NEPS 93.6 80.1 985 80.6 972 943 90.7

B0 satgh 3R, v LUE HUNEPS w/o TISF
NEPS w/o NISPH & 7E T A 1L F2AT 55 Hh R ILARALL, T
NEPSHE— 04 PR R 52 T, I AE R ZETE 5+

SEHL LR PR RE  IX Ui W] T 45 5 25 R A K SR
FUHAR JE A5 B A B . 5 4k, il MEENEPS 5
Random Bk IR HL 45 RiT LUAEIL, A S ik il
o Bk FE B BRI, BE T TR R
RE, R WERH T AR M w15 B SR AL 52 TT
PRI 5 2 ST e 7 T B A B L

ARSI XS IR T R A B 2R T 3
DSSA (Diverse Sample Selection Algorithm) 217 1 74
RBIEFL, S5 R a2 R « G5 R AT LA HNEPSJL
TAET A ITBAE S LRI T NEPS w/o
DSSA, JXUEH] 1 STt U ARFEASHERR T 221
A R [R5 B A ST R T ) 2 R PR 3505 %
XTI B 2 IR B B S B T R SR G
ARG FAESE | AR AR & B

2 TURFEAHERREEDSS AT S0 1 73 FEUERG %
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Table 3 Classification accuracy on Office-Home dataset for various active methods %

ik arsal ATA coar asee 9T msar pea BT Rwoar Rwsa YT Ave
Pr Rw Rw Rw Pr

AADA 56.6 78.1 79.0 58.5 73.7 71.0 60.1 53.1 77.0 70.6 57.0 84.5 68.3
Ac-DA 57.2 75.9 76.9 61.3 76.4 73.4 59.4 56.7 77.8 74.1 62.4 84.7 69.7
CLUE 58.0 79.3 80.9 68.8 71.5 76.7 66.3 57.9 81.4 75.6 60.8 86.3 72.5
DBAL 58.7 773 79.2 61.7 73.8 73.3 62.6 54.5 78.1 72.4 59.9 84.3 69.6
S3VAADA 57.3 73.9 76.6 60.3 76.5 71.1 57.6 56.0 78.7 71.4 63.1 83.3 68.8
TQS 58.6 81.1 81.5 61.1 76.1 73.3 61.2 54.7 79.7 73.4 58.9 86.1 70.5
EADA 63.6 84.4 83.5 70.7 83.7 80.5 73.0 63.5 85.2 78.4 65.4 88.6 76.7
TL-ADA 63.7 83.9 82.5 69.7 82.7 81.4 70.3 61.2 84.6 774 63.4 85.9 75.6
NEPS 63.9 85.1 85.3 72.9 84.2 82.3 74.5 63.0 85.3 78.0 65.5 88.5 77.4
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Table 4 Classification accuracy on Image-CLEF dataset for
various active methods %

LS C=>1 C=P I=C I=P P=C P=I Avg
AADA 9.5 792 953 781 928 903 879
Ac-DA 90.5 752 931 774 918 902 864
CLUE 913 761 946 786 918 90.1 871
DBAL 9.0 765 941 784 921 902 870

S3VAADA 924 763 968 79.1 940 913 883

TQS 920 763 970 786 938 902 88.0

EADA 933 785 975 802 962 920 896
TL-ADA 925 776 968 793 947 912 887
NEPS 936 801 985 80.6 972 943 907
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Table 5 Classification accuracy on Office-31 dataset for various
methods %

. A=
ik b

AADA 89.2 873 78.2 99.5 78.7  100.0 88.8
Ac-DA 88.0 875 77.4 98.4 79.2 98.9  88.2
CLUE 88.1 914 76.1  100.0  76.1 98.6 884

A=W D=A D=>W W=A W=D Avg

DBAL 882 889 75.2 99.4 77.0  100.0 88.1
S3VAADA 93.0 937 75.9 99.4 782  100.0 90.0
TQS 922 928 804 1000 80.6 100.0 91.0
EADA 977  96.6 82.1 1000 828  100.0 932

TL-ADA  96.6  96.8 79.9 99.8 81.7 99.8 922
NEPS 973  97.0 83.1 100.0 84.0 99.8 935
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Fig.2 The comparison between our method NEPS and other

ADA methods on the C1= Ar task of the Office-Home
dataset, by using increasing percentages of labeling budget
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Table 6 Comparison with other methods under traditional AL
setting on the CIFAR-10 dataset, while using different

labeling budgets %
HE 10% 15% 20% 25% 30%
Random 68.0 72.4 75.1 76.3 78.0
BvSB 68.7 72.7 74.9 76.7 78.5
Core-set 69.0 72.8 74.7 77.0 78.7
WAAL 68.9 73.0 75.4 76.9 78.4
CDAL 61.7 72.6 75.2 78.0 80.4
NEPS 71.6 74.4 76.8 78.5 81.1

Kl 3 fEOffice-Home % 4 (FIRw =CI{E 55 1, NEPS 73 64
RIt-SNER ML o

Fig.3 Visualization of the classification results with t-SNE of
sampling using NEPAS on the task of Rw = Cl in Office-
Home dataset.
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Fig.7 Accuracy convergence curve
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