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Abstract

Active domain adaptation (ADA) aims to select a small set
of target samples for annotation and use them for training
to maximally boost the adaptation performance. However,
most existing ADA methods only rely on the original output
of the model, without considering the relationship between
the source and target domain features, which may lead to se-
lecting uninformative samples. In this paper, we propose an
effective ADA framework: Prototype-Driven Active Domain
Adaptation with density consideration (PDADA). It selects
the most valuable target samples in the presence of domain
shift through two criteria: Density-Conscious Domainness
(DCD) and Prototype-Driven Informativeness (PDI). Fur-
thermore, considering the class imbalance and cluster loose-
ness issues in sample selection and domain adaptation, we
develop a Class Balanced Expansion (CBE) algorithm and
the Adversarial Active Domain Adaptation via Protecting
Structured Information (AADA-PSI). Extensive experiments
demonstrate that under the cooperation of the above com-
ponents, PDADA outperforms previous methods on several
challenging benchmarks and can be generalized to multi-
source active domain adaptation setting.

Introduction

Domain adaptation (DA) effectively mitigates the depen-
dence of deep learning on manually labeled data by trans-
ferring the knowledge learned in the labeled source domain
to the unlabeled target domain. Although DA methods have
recently achieved marvelous results, there is still a signifi-
cant gap in their performance compared to supervised learn-
ing methods (Fu et al. 2021). Actually, annotating a small
portion of target samples is possible. However, not all target
samples have annotation values, such as simple samples or
outliers. Due to the limited labeling budget, we hope to se-
lect the most valuable target samples for annotation. These
samples, annotated by experts, can be used for training to
maximize performance in the target domain.

Active learning (AL) aims to select the most valuable
samples for annotation (Tang and Huang 2021; Zhan et al.
2021; Ren et al. 2022; Parvaneh et al. 2022). However, AL
assumes that the unlabeled and labeled data are subject to
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Figure 1: (a) Previous ADA methods may select uninforma-
tive samples or outliers from the target domain. (b) PDADA
can select the most valuable target samples.

the same distribution. Therefore, in the presence of domain
shift, traditional AL methods may be ineffective. Therefore,
active domain adaptation (ADA) has been proposed. How-
ever, most existing ADA methods simply rely on the origi-
nal output of the model (Su et al. 2020; Xie et al. 2022), or
clustering in the target domain (Prabhu et al. 2021) to select
target samples, without considering the relationship between
the features of the source and target domain, which can lead
to selecting the uninformative samples or outliers from the
target domain, as shown in Figure 1(a).

Thus motivated, we propose an effective ADA frame-
work: Prototype-Driven Active Domain Adaptation with
density consideration (PDADA). We first design a sam-
ple selection strategy that utilizes two criteria to measure
the value of target samples: Density-Conscious Domainness
(DCD) and Prototype-Driven Informativeness (PDI). DCD
can not only identify target domain-specific samples but
also avoid selecting outliers with the assistance of density-
conscious weight. Then, PDI can further select informa-
tive samples that can maximally boost the adaptation per-
formance. In summary, our sample selection strategy can
select more valuable samples than existing ADA methods,
as shown in Figure 1(b). Furthermore, considering the class
imbalance issue during sample selection in previous ADA
methods, we develop a Class Balanced Expansion (CBE) al-
gorithm, which expands the labeled target domain in a class-
balanced manner. Finally, in response to the cluster loose-



ness issue during domain adaptation, we design the Adver-
sarial Active Domain Adaptation via Protecting Structured
Information (AADA-PSI). It incorporates the supervised in-
formation from the target domain during training and pro-
tects the structured information of the labeled data to alle-
viate the cluster looseness issue caused by adding labeled
target samples to training.
In summary, we make the following contributions:

* We propose an effective ADA framework: Prototype-
Driven Active Domain Adaptation with density consider-
ation (PDADA). It can select a compact subset of target
samples for annotation and leverages them during train-
ing to maximally enhance adaptation performance.

We design a sample selection strategy that utilizes PDI
and DCD criteria to select the most valuable target sam-
ples in the presence of domain shift.

We further develop the CBE algorithm and AADA-PSI to
alleviate the class imbalance and cluster looseness issues
in sample selection and domain adaptation respectively.

PDADA significantly outperforms previous ADA meth-
ods on multiple benchmarks. Further analysis verifies
that PDADA is an effective ADA method and can be gen-
eralized to different domain adaptation settings.

Related Work
Domain Adaptation

Most previous methods follow the unsupervised domain
adaptation (UDA) paradigm, which assumes that the target
domain is completely unlabeled. Methods based on discrep-
ancy metric minimization (Long et al. 2015, 2017) use sta-
tistical measures to measure the distribution discrepancy be-
tween the source and target domains, and then minimize the
distribution discrepancy metrics to address the domain shift.
While the methods based on adversarial learning utilize the
idea of adversarial training in GAN, utilizing the adversarial
between feature extractor and domain discriminator (Ganin
and Lempitsky 2015; Long et al. 2018) or bi-classifier (Saito
et al. 2018; Li et al. 2021) to learn domain invariant fea-
tures. Recently proposed semi-supervised domain adapta-
tion (SSDA) (Ao, Li, and Ling 2017; Saito et al. 2019; Jiang
et al. 2020; Qiao et al. 2023) allows access to a few labeled
target data, but all labeled target data are passively given at
the beginning and fixed.

Active Learning

Active learning (AL) aims to select the most valuable sam-
ples for annotation (Tang and Huang 2021; Zhan et al.
2021; Ren et al. 2022; Parvaneh et al. 2022). The commonly
used sample selection strategies are uncertainty sampling
(Wang and Shang 2014; Lewis and Catlett 1994), query-by-
committee (Yan et al. 2011), diversity sampling (Sener and
Savarese 2018). However, AL assumes that the unlabeled
and labeled data are subject to the same distribution. There-
fore, in the presence of domain shift, AL may be ineffective.

The closest method to the PDI criterion proposed in this
paper is ALFA-Mix (Parvaneh et al. 2022). ALFA-Mix (Par-
vaneh et al. 2022) proposes to form linear combinations of
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an unlabelled instance and labeled ones features and devises
a method to calculate the interpolation ratio automatically
to select the unlabelled samples that have novel features to
learn from. Different from it, our PDI criterion considers
mixing the target sample features with the source domain
prototype features in the presence of domain shift with a
fixed mixing ratio, and utilizes the degree of discrepancy
in predicted probability distribution before and after mix-
ing to select the most informative target samples. More im-
portantly, PDI also considering the issue that the classifier
trained on the source domain may be more sensitive to cer-
tain categories or features.

Active Domain Adaptation

Active domain adaptation (ADA) selects the most valuable
target samples in the presence of domain shift to further im-
prove the adaptation performance. AADA (Su et al. 2020)
uses the output of domain discriminator and the entropy
of prediction probability to select target samples. CLUE
(Prabhu et al. 2021) proposes uncertainty-weighted clus-
tering, which jointly considers the uncertainty and diver-
sity of target samples. S3VAADA (Rangwani et al. 2021)
uses a submodular strategy to select target samples. TQS
(Fu et al. 2021) jointly uses transferable committee, trans-
ferable uncertainty, and transferable domainness criteria.
DBAL (de Mathelin et al. 2022) designs the sample selection
strategy under the assumption of Lipschitz function. SDM-
AG (Xie et al. 2022) focuses on hard samples, and designs
the maximum margin loss and margin sampling. TL-ADA
(Han et al. 2023) addresses the transferable issue and low
diversity of the existing loss-based sample selection method
(Yoo and Kweon 2019) under the domain shift.

However, the above methods only rely on the original out-
put of the model, without considering the relationship be-
tween the source and target domain features and may select
valueless target samples. In contrast, our PDADA uses PDI
and DCD criteria to alleviate the above issue, and it can also
alleviate the class imbalance issue during sample selection
and the cluster looseness issue during domain adaptation.

Methodology

In this section, we first present the definition of ADA and
associated notations, and then introduce the components of
the proposed Prototype-Driven Active Domain Adaptation
with density consideration (PDADA) in detail. An outline of
our PDADA framework is illustrated in Figure 2.

Problem Statement

In ADA, there is a source domain Dg = {(zf,y)}.~,
with n labeled data and a target domain Dy = {4}
with n,; unlabeled data, where Dg and Dy are sampled
from two different distributions P and @, respectively. In
ADA, sample selection is a reciprocating process in which
target samples are selected in |R| rounds, with n, sam-
ples selected in each round. The labeled target samples will
be removed from Dy and form a labeled target domain

Drr = {(zlt,y!*)} ", where ny, = |R| * n, is the labeling
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Figure 2: Illustration of PDADA framework. The sample selection process (left) utilizes Prototype-driven Density-conscious
Value (PDV) and Class Balanced Expansion (CBE) algorithm to select the most valuable target samples in a class-balanced
manner. The training process (right) utilizes all queried data for Adversarial Active Domain Adaptation via Protecting Struc-
tured Information (AADA-PSI). These two processes alternate until the labeling budget is exhausted.

budget. The network structure of PDADA includes a fea-
ture extractor F', a classifier H, and a domain discriminator
D, which are parameterized by 0, 05, and 6 respectively.
Given an image z, f = F(z) € R is the feature extracted
by F, where d is the feature dimension; p = H(f) € R®
is the prediction probability, where c is the number of cat-
egories. The domain discriminator D is used to determine
whether x comes from the source or target domain.

Prototype-Driven Density-Conscious Sample
Selection Strategy

To select the most valuable target samples in the presence
of domain shift, we propose the prototype-driven density-
conscious sample selection strategy that includes two cri-
teria: Prototype-Driven Informativeness (PDI) and Density-
Conscious Domainness (DCD).

Density-conscious domainness. Density-conscious do-
mainness criterion aims to select the samples with strong
domainness, which means these samples are target domain-
specific. These samples contain the knowledge that can not
be learned from the source domain. Following (Su et al.
2020), for an unlabeled target sample z%¢, its domainness
score can be measured as:

| L= DG
D(F@)

The gap in domainness score for target domain-specific
samples is not significant, which makes it difficult to se-
lect the target samples with the strongest domainness, re-
sulting in a suboptimal sample selection strategy. Based on
the observation that samples with stronger domainness tend
to have neighbors with similarly strong domainness, we de-
fine the samples that are close to z%* in the feature space
as its neighbors, and utilize the domainness scores of the K

DOM (z** (1)
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nearest neighbors of 2% to further enlarge this gap. The en-
hanced domainness score of %! can be formulated as:

K
DOM(z"*) +~ DOM(z*) + % > DOM(z™),  (2)

i=1

where {m;m}fil are K nearest neighbors of 2%,

Outliers also contain target domain-specific knowledge,
that is, samples with large DOM scores may be outliers.
Training with annotated outliers will damage the perfor-
mance and waste the valuable labeling budget. We propose
density-conscious weight to this issue. For each class in the
target domain, we attain its prototype. Denote 7' € R¢*¢ as
the global prototypes, which can be formulated as:

2oy H(F (")) F(x;")

Z"“tH(( )

where t; € R? is the prototype of j-th class. The prototypes
only participate in sample selection and do not participate
in training. Therefore, we only need to calculate prototypes
once before sample selection. It is noteworthy that since the
number of normal target samples is much greater than out-
liers, these normal samples will dominate the calculation of
prototype, so the impact of outliers can be ignored. The out-
liers are generally far from the target domain prototypes,
thus we consider the similarity between candidate samples

T= [tj]jzla tj =

3)

and prototypes. The density-conscious weight of % can be
formulated as:
DEN(z%!) = max Sim(F(z*),t;), 4)

where Sim(.,.) is the cosine similarity. Finally, we in-
tegrate the enhanced domainness score DOM(z"!) and



density-conscious weight DEN(z“?) into a unified density-
conscious domainness score:

DCD(2"") = DEN(2**) - DOM (2*). (5)

Prototype-driven informativeness. Samples with high
DCD scores (i.e. strong domainness), are not always valu-
able. Some of them have been correctly classified, as shown
by the red squares selected in Figure 1(a). Such samples
can not provide valuable information to further improve the
adaptation performance. To further select the most informa-
tive target samples, we propose the prototype-driven infor-
mativeness criterion. For each class in the source domain,
we attain its global prototype S = [s;]%_, similar to Eq. (3).

Then, we mix the target sample features with the source
domain prototype features of each class separately and use
the consistency of model predictions of mixed and original
features to select the most informative target samples. The
mixed features are formulated as:

@) = Asj + (1= NF@™), j=1,....c. (6

where A € (0,1) is the feature mixing ratio. If the
classification results of the mixed features and origi-
nal feature are inconsistent, that is, 35 € {1,...,¢c},
argmaxy, H(F(z"")), # argmaxy H(f]"""(z""))s, the
sample is considered as a potential informative sample. Us-
ing the degree of discrepancy in predicted probability distri-
bution before and after mixing with the prototype features
of different classes as the prototype-driven informativeness
score for z“¢:

PDI(z") = % Z Div(H(F(a™)), H(f™(x))), (7)

where Div(p,q) = E;|p; — gi| is used to measure the di-
vergence between two prediction probabilities. It should be
noted that, since the classifier trained on the source domain
may be more sensitive to certain categories or features, the
traditional product-based prediction probability may lead to
selecting pseudo-informative target samples. Therefore, we
utilize the similarity-based prediction probability:

H(f) = softmax([Sim(f,w1), ..., Sim(f,w.)]), (8)

where w; € R? (j = 1,...,¢) is the j-th component of the
classifier weights.

Prototype-driven density-conscious value. We integrate
DCD(z“t) and PDI(z%*?) into a unified prototype-driven
density-conscious value to jointly consider the domainness
and informativeness of target samples:

PDV(2"*) = DCD(2"*) + PDI(2"?), C)
where DCD(z“*) and PDI(z"") are normalized using Min-
Max Normalization, and we do not impose trade-off be-
tween the two criteria. Samples in the top n, of PDV are
selected for annotation. The labeled target samples will be
added to Dy and removed from Dyr. The above sample
selection process will alternate until the labeling budget is
exhausted.
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Class Balanced Expansion in Dy

In ADA, the labeling budget in each round is very small (e.g.
1%), and the model will be biased towards frequent classes,
which will lead to a class imbalance in Dy r. The class im-
balance issue will continue to worsen with sample selection
and model training. Therefore, we propose a Class Balanced
Expansion (CBE) algorithm. After a round of sample selec-
tion, the initial number of samples in each class within D1
is calculated as:

Nl

1 [ylt

jli=1... (10)

,C.

D

(z!t y')YeDLr

Target samples with unchanged classification results be-
fore and after feature mixing and the confidence of predic-
tion also exceeds the threshold are considered as reliable
pseudo-labeled samples. When there are insufficient sam-
ples of a particular class in Dy, we expand Dy using the
above reliable samples whose pseudo-labels belong to that
class. The samples used to expand Dy constitute Dgx p:

DEXP:{J"EDUT |p[:lﬂ >T /\N[g] <Nmam/\
Vie{l,....c}(9; =9},

where p = H(F(z)), § = argmaxy py, is the pseudo la-
bel, 7 is the confidence threshold, N = max$_; N[j]
is the number of samples in the most frequent class, and
y; = arg maxy H(f;””(x))k is the pseudo label for mixed
feature f}’”:”’(x). Every time a sample with pseudo label
is added to Dgx p, N[§] will increase by 1. Then, we ex-
pand D7 in a class-balanced manner by merging Dz and
Dexp. And Dgx p will be refactored before each training
epoch to avoid the accumulation of pseudo label errors.

Y

Adpversarial Active Domain Adaptation via
Protecting Structured Information

Previous ADA methods may suffer cluster looseness issue
when using the labeled target samples for domain adapta-
tion. This is because adding labeled target samples leads to
a more diverse of samples within each class, resulting in an
increase in within-class scatter. Motivated by this, we pro-
pose Adversarial Active Domain Adaptation via Protecting
Structured Information (AADA-PSI). AADA-PSI uses the
similarity-based prediction probability to calculate the cross
entropy loss L. of labeled data to encourage all features
of the same class to be better clustered with correspond-
ing classifier weight. Therefore, the intra-class difference of
labeled data can be reduced, the inter-class difference can
be increased, that is, the structured information of labeled
data can be protected. The supervised loss function used in
AADA-PSI is:

Lpsi :E(zf,yf)NDs [LCE (y;7 H(F(l‘;)))}-i—

(12)
E(wljt W) ~DrrUDExp [Lce (y.é't’ H(F(Z‘

it
J

)]

Since the target samples selected in PDADA have strong
domainness, utilizing these samples for adversarial domain



Algorithm 1: PDADA

Input: Labeled source data Dg, unlabeled target data Dy,
labeled target data Dy = () and expand pseudo labeled tar-
get data Dpx p = (), epochs M, selection rounds R, labeling
budget for each round n,., mixing ratio A, neighborhood size
K, confidence threshold 7
for m = 1to M do
Va € Dyr, calculate PDV (z) with Eq. (9)
if m € R then
D, < select n,. of PDV with the highest values as
active samples for annotation
Drr < Dy UDy, Dyr < Dyt \ Dy
end if
Construct Dgx p with Eq. (11)
Update F', H, D with Eq. (14)
end for

1:
2
3:
4

adaptation may damage the adaptation performance. Thus,
we only utilize source and unlabeled target domain data for
adversarial domain adaptation in AADA-PSI:

I+

Ladv :]EJ:';NDS [log(D(F(‘TS

(2

u (13)
IEx_’]’“NDuT [log(l - D(F('/E]t)))]
Overall, the final objective can be stated as:
min max Lps; + Lady- (14)

05,0n 04

AADA-PSI can not only alleviate the domain shift, but
also assist DCD and PDI in selecting the most valuable sam-
ples from the remaining target samples. We summarize the
proposed framework in Algorithm 1.

Experiments
Experiment Setup

Datasets. We evaluate PDADA on four datasets: Office-31
(Saenko et al. 2010) contains 31 categories from three do-
mains: Amazon (A), Webcam (W), DSLR (D). Office-Home
(Venkateswara et al. 2017) contains 65 categories from four
domains: Artistic (A), Clipart (C), Product (P), Real-World
(R). VisDA (Peng et al. 2017) contains 12 categories from
two domains: Syntatic (S) and Real (R). MiniDomainNet
(Zhou et al. 2021) is a subset of DomainNet that maintains
the complexity of DomainNet and reduces the requirements
for computing resources. It contains 126 categories from
four domains: Clipart (C), Painting (P), Real (R), Sketch (S).

Implementation details. To ensure the fairness of the ex-
periment, similar to (Rangwani et al. 2021; Han et al. 2023),
we use ResNet-50 (He et al. 2016) which pre-trained on Im-
ageNet (Krizhevsky, Sutskever, and Hinton 2017) as back-
bone network. We use SGD optimizer (Bottou 2010) with
momentum 0.9, weight decay Se-4, and learning rate 0.01.
We set the labeling budget to 5%, the sample selection
rounds |R| to 5, the mixing ratio A in Eq. (6) to 0.1, and
the confidence threshold 7 in Eq. (11) to 0.9 for all datasets.
The neighborhood size K in Eq. (2) is 9 for Office-31, 20 for
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Method A—-DA—-WD—-AD—-WW—-AW—D Avg
Source Only 81.5 75.0 63.1 952 65.7 99.4 80.0
Random 87.1 84.1 755 981 758 99.6 86.7
Entropy 91.0 89.2 76.1 99.7 77.7 100.0 88.9
CoreSet 825 81.1 703 965 724 99.6 83.7
BADGE 90.8 89.1 79.8 99.6 79.6 100.0 89.8
AADA 89.2 873 782 995 78.7 100.0 88.8
CLUE 92.0 873 790 992 79.6 99.8 89.5
S3VAADA 93.0 93.7 759 994 78.2 100.0 90.0
TQS 92.8 922 80.6 100.0 80.4 100.0 91.1
DBAL 882 889 752 994 77.0 100.0 88.1
SDM-AG  94.8 93.5 819 100.0 81.9 100.0 92.0
TL-ADA 96.6 96.8 799 99.8 81.7 99.8 922
PDADA 954 97.0 83.2 100.0 84.6 100.0 93.4

Table 1: Comparison results (Accuracy: %) on Office-31
with 5% labeling budget.

Office-Home, 5 for VisDA and MiniDomainNet. The batch
size is 64 for VisDA and 32 for other datasets. In each adap-
tation scenario, we report the average accuracy over 3 trials.
More implementation details can be seen in the Appendix.
Code is available at https://github.com/jluzeyuz/PDADA.

Comparative Results

We compare PDADA with two baseline methods, includ-
ing Source Only (ResNet-50 trained with source data only)
and Random (samples are selected randomly from the un-
labeled target domain); several traditional AL methods, in-
cluding Entropy (Wang and Shang 2014), CoreSet (Sener
and Savarese 2018), and BADGE (Ash et al. 2020); and sev-
eral ADA methods, including AADA (Su et al. 2020), CLUE
(Prabhu et al. 2021), S3VAAD (Rangwani et al. 2021), TQS
(Fu et al. 2021), DBAL (de Mathelin et al. 2022), SDM-AG
(Xie et al. 2022), and TL-ADA (Han et al. 2023).

Office-31. Results on Office-31 are shown in Table 1. We
can observe that PDADA outperforms the existing AL and
ADA methods on most tasks and average accuracy. Espe-
cially for some difficult tasks, PDADA achieves +1.3% im-
provement in D—A and +2.7% in W—A.

Office-Home. Results on Office-Home are shown in Ta-
ble 2. Compared with SDM-AG (Xie et al. 2022) and TL-
ADA (Han et al. 2023), PDADA achieves +5.1% and +2.6%
improvement in average accuracy, respectively. Specifically,
PDADA outperforms existing methods on some difficult
adaptation scenarios, such as A—C and P—C. It demon-
strates that PDADA is effective in ADA issues and suitable
for tasks with large domain shift.

VisDA. As shown in the first column of Table 2, PDADA
is still significantly superior to existing AL and ADA meth-
ods on VisDA. It demonstrates that PDADA is also suitable
for large-scale datasets.

MiniDomainNet. Results on MiniDomainNet further
demonstrate the effectiveness of PDADA. As shown in Ta-



Method VisDA Office-Home

Syn—+Real A—-C A—-P A—-R C—-A C—»P C—»R P—A P—-C PR R—-A R—=C R—=P Avg
Source Only 44.7 42.1 66.3 73.3 50.7 59.0 62.6 51.9 379 712 65.2 42.6 76.6 583
Random 78.1 52.5 74.3 77.4 56.3 69.7 68.9 57.7 509  75.8 70.0 54.6 81.3  65.8
Entropy 82.7 58.0 78.4 79.1 60.5 73.0 72.6 60.4 542 719 71.3 58.0 83.6 68.9
CoreSet 81.9 51.8 72.6 75.9 58.3 68.5 70.1 58.8 48.8 752 69.0 52.7 80.0 65.1
BADGE 84.3 58.2 79.7 79.9 61.5 74.6 72.9 61.5 56.0 783 71.4 60.9 842 69.9
AADA 80.8 56.6 78.1 79.0 58.5 73.7  71.0  60.1 53.1 77.0  70.6 570 845 683
CLUE 85.2 58.0 79.3 80.9 68.8 71.5 76.7 66.3 57.9 81.4 75.6 60.8 86.3 725
S3VAADA 71.7 57.3 73.9 76.6 60.3 76.5  T1.1 57.6  56.0 78.7 71.4 63.1 833 68.8
TQS 83.1 58.6 81.1 81.5 61.1 76.1 73.3 61.2 547  79.7 73.4 58.9 86.1 70.5
DBAL 82.6 58.7 71.3 79.2 61.7 73.8 733 62.6 545 78.1 72.4 59.9 843 69.6
SDM-AG 80.3 61.2 82.2 82.7 66.1 77.9 76.1 66.1 58.4 81.0 76.0 62.5 87.0 73.1
TL-ADA 86.8 63.7 83.9 82.5 69.7 827 814 703 612 846 774 634 859 756
PDADA 87.3 68.3 84.4 84.2 703 85.0 812 718 68.7 848 79.1 70.7 903 78.2

Table 2: Comparison results (Accuracy: %) on VisDA and Office-Home with 5% labeling budget.

Method C—»p C—-»R C—»S P—-C P—-R P—=S R—-C R—=P RS S—=C S—=P S—R Avg
Source Only  52.1 63.0 494 559 730 51.1 568 610 500 540 489 603 563
Random 61.6 787 616 640 787 637 605 643 61.1 648 587 752 66.1
AADA 624 775 617 619 797 611 656 660 608 651 62.1 800 67.0
CLUE 576 775 586 589 768 659 663 602 605 662 587 760 65.3
TQS 678 8.0 654 675 848 661 638 672 625 7.1 644 81.6 704
DBAL 629 792 608 646 781 625 656 652 592 663 613 803 672
PDADA 670 816 696 724 833 670 783 727 707 715 669 812 74.0

Table 3: Comparison results (Accuracy: %) on MiniDomainNet with 5% labeling budget.

ble 3, PDADA is superior to existing ADA methods on most
tasks, especially for some difficult tasks: R—C and R—S. It
demonstrates that PDADA is effective on large-scale dataset
with significant domain shift.

Further Analysis

Ablation studies. To illustrate the effect of each compo-
nent of PDADA, we conduct ablation studies on Office-
Home, the results are shown in Table 4. When both PDI
and DCD are removed, we use the random sample selection
strategy instead. Removing PSI means not using similarity-
based prediction probability to calculate the cross entropy
loss and utilizing Dy for adversarial domain adaptation.
By comparing (g) with (f), the class imbalance in Dy will
damage performance, thereby in turn emphasizing the need
for CBE. Note that to eliminate the influence of Dgx p and
more accurately analyze the effectiveness of other compo-
nents, we removed the class balance strategy in other vari-
ants. In short, PDADA outperforms all of the variants by a
large margin on average accuracy, demonstrating the effec-
tiveness of PDI, DCD, AADA-PSI, and CBE. More experi-
ments and analyses can be seen in the Appendix.

Sensitivity to hyperparameter. To show the sensitivity of
PDADA to the mixing ratio A\, neighborhood size K, and
confidence threshold 7, we conduct experiments on VisDA.
The results are shown in Figure 3, we can observe that
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PDI DCD AADA-PSI CBE | Office-Home
(a) 722
(b) v 74.5
© v v 76.0
d v v 77.2
() v v 73.8
o v v v 77.6
@ v v v v 78.2

Table 4: Ablation study results on Office-Home.

PDADA is insensitive to A in a reasonable range. When A
is abnormally small or large, it causes an inappropriate pro-
portion of prototype features in mixed features, resulting in
many uninformative target samples being selected. There-
fore, the performance will decrease. Within a wide range
of K, the performance of PDADA is stable. Besides, when
T is abnormally high or low, it causes insufficient samples
with credible pseudo label or selects some samples with er-
ror pseudo label, resulting in damaged performance.

Variation with different labeling budget. We further an-
alyze the performance on the target domain as the labeling
budget gradually increases from 1% to 10%. The results are
shown in Figure 4. We can observe that PDADA achieves the
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Figure 3: Hyper-parameter sensitivity analysis of A, K and
7 on VisDA with 5% labeling budget.
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Figure 4: Performance variation with different labeling bud-
get (1% to 10%) on Office-Home.

best results regardless of the labeling budget, and the perfor-
mance of PDADA can increase steadily with the increase of
the labeling budget. It demonstrates that PDADA is effective
across a wide range of labeling budgets.

Expanding to Multi-source Active Domain Adaptation
(MADA) Setting. In addition to using PDADA for stan-
dard setting, we also extend PDADA to MADA setting,
where multiple source domains are available during train-
ing. For simplicity, when using PDADA for MADA set-
ting, we only merge multiple source domains into one, while
the sample selection and domain adaptation process re-
main unchanged. We conduct experiments on Office-31 and
compare PDADA with the first and latest MADA method:
D3AAMDA (Liu et al. 2023). The experimental results are
shown in Table 5. We can observe that PDADA is superior to
D3AAMDA without specifically designing for the MADA
setting. It demonstrates that PDADA is a universal method
that can be well generalized to other settings.

Effect of Protecting Structured Information (PSI). To
further investigate the effect of PSI in adversarial active do-
main adaptation, we visualize the representations with and
without PST in task D— A on Office-31 by t-SNE in Figure 5.
We can observe that the feature distribution when trained
using PST has smaller intra-class difference and larger inter-
class difference. It demonstrates that PSI can effectively re-
duce the within-class scatter, which means that PSI can pro-
tect the structured information of data during training.
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Method D,W—=A A, W=D A,D—>W Avg

D3AAMDA 81.3 100.0 100.0 938
PDADA 83.9 99.9 99.8 94.5

Table 5: Comparison results (Accuracy: %) on Office-31
with 5% labeling budget under MADA setting.
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Figure 5: T-SNE of representations with and without PSI in
task D—A on Office-31.

Ratio (%)
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(a) PDADA w/o CBE (b) PDADA w/ CBE

Figure 6: Ratio of samples per class in the labeled target do-
main with and without CBE in task P—C on Office-Home.

Effect of Class Balanced Expansion (CBE). To further
investigate the effect of CBE in PDADA, we visualize the ra-
tio of samples per class in the labeled target domain with and
without CBE in task P—C on Office-Home. The results are
shown in Figure 6, and we can observe that the labeled tar-
get domain used for training is dominated by major classes
without using CBE. On the contrary, when CBE is used, the
class distribution will be more balanced. Moreover, training
the model in a class-balanced manner is more conducive to
improving the adaptation performance, as can be seen from
(g) outperforming (f) in Table 4.

Conclusion

In this paper, we introduce an effective active domain adap-
tation framework, named Prototype-Driven Active Domain
Adaptation with density consideration (PDADA). We design
a prototype-driven density-conscious sample selection strat-
egy that utilizes PDI and DCD criteria to select the most
valuable target samples in the presence of domain shift. In
addition, to alleviate the class imbalance issue during sample
selection and the cluster looseness issue during adversarial
active domain adaptation, we develop a Class Balanced Ex-
pansion (CBE) algorithm and a domain adaptation strategy:
AADA-PSI, respectively. Extensive experiments and analy-
ses demonstrate the superiority of PDADA.
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