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Abstract

Black-box Domain Adaptation (BDA) utilizes a black-box
predictor of the source domain to label target domain
data, addressing privacy concerns in Unsupervised Domain
Adaptation (UDA). However, BDA assumes identical label
sets across domains, which is unrealistic. To overcome
this limitation, we propose a study on BDA with unknown
classes in the target domain. It uses a black-box predic-
tor to label target data and identify “unknown” categories,
without requiring access to source domain data or predic-
tor parameters, thus addressing both data privacy and cat-
egory shift issues in traditional UDA. Existing methods face
two main challenges: (i) Noisy pseudo-labels in knowledge
distillation (KD) accumulate prediction errors, and (ii) re-
lying on a preset threshold fails to adapt to varying cate-
gory shifts. To address these, we propose ADU, a frame-
work that allows the target domain to autonomously learn
pseudo-labels guided by quality and use an adaptive thresh-
old to identify “unknown” categories. Specifically, ADU
consists of Selective Amplification Knowledge Distillation
(SAKD) and Entropy-Driven Label Differentiation (EDLD).
SAKD improves KD by focusing on high-quality pseudo-
labels, mitigating the impact of noisy labels. EDLD cate-
gorizes pseudo-labels by quality and applies tailored train-
ing strategies to distinguish “unknown” categories, improv-
ing detection accuracy and adaptability. Extensive experi-
ments show that ADU achieves state-of-the-art results, out-
performing the best existing method by 3.1% on VisDA in
the OPBDA scenario.

1. Introduction
Unsupervised domain adaptation (UDA) [12] aims to trans-

fer knowledge from a well-labeled source domain to an un-

labeled target domain, which can ease the burden of man-

ual labeling. Recently, UDA has been applied in a range

of computer vision tasks, including image classification
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[13, 33, 48], objection detection [7, 20, 56] and semantic

segmentation [6, 35, 47]. However, UDA methods may

raise concerns about data privacy and portability issues due

to their requirement for access to raw source data and source

model parameters. Therefore, source-free domain adapta-

tion (SFDA) [19, 27, 58] is proposed to protect the source

data privacy. In the SFDA scenario, only the source model

is provided to the target domain without access to source

data. However, it still faces the issue of source informa-

tion privacy, which can be compromised through techniques

such as white-box attacks [45, 46]. To mitigate these con-

cerns, Black-box Domain Adaptation (BDA) [28, 61] has

been proposed recently, as shown in Figure 1(a), which aims

to learn a model solely using the unlabeled data from the

target domain, based on the predictions from a black-box

predictor trained on the source data. This setting can effec-

tively mitigate data privacy issues related to data and model

parameter leakage.

However, traditional BDA [28, 57, 60] always assumes

that the source and target domains share identical category

sets, which frequently fails to apply in practice. In real-

world scenarios, the target domain is typically unlabeled,

making it difficult to satisfy this assumption due to poten-

tial category shifts. Currently, there are two UDA settings

that involve unknown classes in the target domain: Open-

Set Domain Adaptation (OSDA) [36, 42] and Open-Partial

Domain Adaptation (OPDA) [25, 41, 59]. OSDA deals with

scenarios where the target domain contains private classes

that are unknown to the source domain, while OPDA han-

dles cases where both the source and target domains each

have their own private classes. Black-box Domain Adapta-

tion has been applied to OPDA recently [9]. As shown in

Figure 1(b), this setting is designed to learn a robust model

for the target domain that not only recognizes classes shared

by two domains but also identifies “unknown” categories

absent in the source domain despite having no information

about difference of two label sets.

Currently, only one study has addressed the above prob-

lem. [9] applies knowledge distillation to train the target

model to mimic source predictor outputs and uses a man-
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Figure 1. Black-box domain adaptation and Open-partial black-box domain adaptation settings with respect to label sets of source and

target domains (red labels indicate common labels of two domains). Compared to BDA, ADU is able to deal with BDA with unknown

classes in the target by adaptively detecting unknown categories.

ually preset threshold to identify “unknown” categories.

Though inspiring, it still has the following limitations. (i)

Due to domain and category shifts between the source and

target domains, predictions from the source model are in-

evitably noisy. Directly utilizing these noisy pseudo-labels

will accumulate model prediction errors, making the adap-

tation process unreliable. (ii) Employing a preset threshold

fails to accommodate the variability and complexity of cate-

gory shifts in different target domains, which is inadequate

for accurately detecting “unknown” classes across diverse

domains, often resulting in misclassification and reduced

adaptability.

To address the issues mentioned above, we propose a

simple yet effective framework called ADU, specifically

designed for Open-Set BDA (OSBDA) and Open-Partial

BDA (OPBDA). ADU incorporates two core modules: Se-

lective Amplification Knowledge Distillation (SAKD) and

Entropy-Driven Label Differentiation (EDLD). For the first

challenge, SAKD enhances traditional knowledge distilla-

tion techniques, specifically tailoring KD to BDA with un-

known classes in the target domain by amplifying learning

from high-quality pseudo-labels produced by source API.

This refinement ensures that the target model emphasizes

learning from high-quality pseudo-labels, effectively mit-

igating the impact of noisy data. For the second chal-

lenge, EDLD enhances the framework’s ability to handle

diverse domain conditions. Initially, EDLD categorizes

pseudo-labels based on their quality and then applies tai-

lored training strategies to widen the distance between “un-

known” classes and the others, while minimizing the im-

pact of noisy pseudo-labels. This adaptive differentiation

of labels heightens the effectiveness of employing the av-

erage entropy of the target model’s predictions as a thresh-

old. Consequently, this refined approach significantly im-

proves the detection accuracy of “unknown” categories and

adapts more adeptly to category shifts across various tar-

get domains. Additionally, we iteratively refine the pseudo-

labels generated by the source API, which can significantly

enhance their quality.

Our main contributions in this paper could be summa-

rized as follows:

1. We propose Selective Amplification Knowledge Distil-

lation (SAKD), a refined knowledge distillation tech-

nique specifically designed for the OPBDA and OSBDA

scenarios, which can effectively mitigate the impact of

noisy pseudo-labels.

2. We introduce Entropy-Driven Label Differentiation

(EDLD), which categorizes pseudo-labels by quality

and applies customized training strategies to enhance

the distinction between “unknown” and others, thereby

improving detection accuracy and domain adaptability

through adaptive entropy-based thresholding.

3. Extensive experiments on four public benchmarks

demonstrate the superior performance of our proposed

method compared with existing SOTA works, surpass-

ing the best existing method by 3.1% on VisDA in the

OPBDA scenario.

2. Related work

Black-box domain adaptation. Unsupervised Domain

Adaptation (UDA) [12] aims to adapt a model trained on a

labeled source domain to an unlabeled target domain. Many

early methods relied on techniques such as instance weight-

ing [52, 55], feature transformation [18, 26, 43], and feature

30589



space [30, 51]. Despite their effectiveness, these methods

require access to source domain data, raising privacy and

portability concerns [22]. To address privacy issues associ-

ated with UDA, Source-Free Domain Adaptation (SFDA)

methods [19, 27, 58] have been proposed. These meth-

ods adapt models using only the source model and unla-

beled target data, eliminating the need for source data dur-

ing adaptation. Techniques such as entropy minimization

[2] and pseudo-labeling [62] have been explored. However,

SFDA methods still face potential privacy risks due to the

use of generative models and other techniques that might

inadvertently reveal source data characteristics. Therefore,

Black-box Domain Adaptation (BDA) [28, 61] has emerged

as a solution to further mitigate privacy concerns by only

accessing the source model’s outputs without any internal

details. This approach ensures better privacy preservation

compared to traditional UDA and SFDA methods. Recent

methods such as DINE [28] and BETA [57] have made sig-

nificant strides in this area. Nevertheless, they struggle with

inconsistent label sets between domains.

Open-set and open-partial domain adaptation.
Closed-set domain adaptation assumes identical label sets

between source and target domains, focusing on minimiz-

ing distribution shifts using techniques like discrepancy

minimization [31, 32] and adversarial training [8, 15].

However, these methods often struggle when label sets are

not perfectly aligned. To address this issue, Partial Domain

Adaptation (PDA) assumes that only the source domain

contains private classes, with methods such as SAN [4]

employing class-wise domain discriminators, and ETN

[5] using progressive weighting schemes. Meanwhile,

Open-Set Domain Adaptation (OSDA) handles scenarios

where the target domain has private classes unknown to

the source. Besides, Open-Partial Domain Adaptation

(OPDA) addresses both domains having their own private

classes. UAN [59] quantifies sample-level uncertainty

using entropy and domain similarity, and Fu et al. [11]

combines entropy, confidence, and consistency for better

uncertainty measurement. To address the challenges faced

by black-box domain adaptation, [9] combines OPDA with

BDA to address both category shift and privacy concerns.

It applies knowledge distillation to train the target model to

emulate source predictor outputs, using a preset threshold

to identify “unknown” categories. Though inspiring, it still

faces significant limitations regarding pseudo-label quality

and the detection of “unknown” categories. To address

these issues, we propose the ADU framework, applying

it to Open-Set BDA (OSBDA) and Open-Partial BDA

(OPBDA) to mitigate the impact of noisy pseudo-labels

and enhance adaptability to category shifts across varied

target domains. This approach provides a robust solution to

the limitations of existing methods.

Learning with noisy labels. Deep learning models often

overfit on noisy labels, leading to poor generalization [60].

To address this, various approaches have been proposed, in-

cluding noise-robust losses [23, 44], noise-transition ma-

trix estimation [14], clean sample selection [53], and loss

reweighting [34]. However, these methods often require

noise-free validation sets or make assumptions about the

noise distribution, which are impractical in BDA settings.

These methods [29, 34] differ by not assuming any spe-

cific noise distribution and leveraging noisy scores from

source training classes. Recently, NEL [1] introduced a

novel approach by integrating a Negative Learning loss with

a pseudo-label refinement framework that leverages ensem-

bling techniques. Negative Learning [23] is an indirect

learning method that employs complementary labels to ad-

dress noise issues effectively. In our work, we use Negative

Learning to refine high-quality pseudo-labels without en-

sembling, reducing computational cost and making our ap-

proach more flexible and robust for OSBDA and OPBDA.

3. Methodology
In this paper, we are provided with a target domain Dt ={
xi
t

}Nt

i=1
with Nt unlabeled samples where xi

t ∈ Xt, and

a black-box predictor fs trained by a source domain Ds ={(
xi
s, y

i
s

)}Ns

i=1
with Ns labeled samples where xi

s ∈ Xs.

We use Ls and Lt to denote the label spaces of the source

domain and target domain respectively. In general, model

f consists of a feature extractor G and a fully connected

layer-based classifier C. We have no access to the source

domain data Ds and the parameters of the source model fs.

Only a black-box predictor trained on the source domain,

i.e., an API, is available. The objective is to leverage the

predictions of the API of the source domain to learn a map-

ping model ft which can label the target samples with either

one of the Ls labels or the “unknown” label. The overall

workflow is shown in Fig. 2.

3.1. Selective amplification knowledge distillation
Knowledge distillation (KD) [17] has been widely ap-

plied to address the black-box domain adaptation problem

[9, 28, 57], as it enables the transfer of knowledge from

one model (teacher) to another (student) by guiding the tar-

get model (student) to emulate the predictions of the source

model (teacher), This approach is particularly suitable for

BDA scenarios, where only the predictions of the source

model are accessible. To better leverage the information

available from the source domain’s API, we use a knowl-

edge distillation loss with both the source model’s probabil-

ities and hard pseudo-labels. This can be formulated as:

LKD = Ext∼Xt
[CE(ỹt, pt) + CE(ps, pt)], (1)

where CE(·, ·) denotes the cross entropy function, and
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Figure 2. An overview of the proposed ADU framework. We utilize the black-box source predictor solely as an API service, obtaining

only the source predictions from it. “PL” in the figure means pseudo-labels.

ỹt is a one-hot pseudo-label derived from fs (xt). In addi-

tion, we use ps and pt to replace fs (xt) and ft (xt) for sim-

plity. However, due to domain and category shifts, the pre-

dictions from the source model are inevitably noisy. Con-

sequently, Eq. (1) processes information from these predic-

tions equally, which can adversely affect the performance

of the target model. In order to solve the issue, we propose

Selective Amplification Knowledge Distillation (SAKD), a

method that enhances knowledge distillation by leverag-

ing the confidence of pseudo-labels produced by the source

model.

Firstly, we simplify Eq. (1) to derive the following for-

mulation:

LKD = −Ext∼Xt
(log pĉt +

|Ls|∑
c=1

pcs log p
c
t)

= −Ext∼Xt [(1 + pĉs) log p
ĉ
t +

|Ls|∑
c=1
c �=ĉ

pcs log p
c
t ],

(2)

where ĉ represents the label predicted by the source

model, defined as ĉ = argmaxc p
c
s. Subsequently, we for-

mulate the SAKD loss by incorporating a modulating pa-

rameter θ ≥ 1 into the term
(
1 + pĉs

)
, which only pertains

to ĉ:

LSAKD = −Ext∼Xt [(1+pĉs)
θ log pĉt +

|Ls|∑
c=1
c �=ĉ

pcs log p
c
t ], (3)

Discussion of SAKD loss: For simplicity, we consider the

case with a single sample, where the SAKD loss simplifies

to:

LSAKD = −[(1 + pĉs)
θ log pĉt +

|Ls|∑
c=1,c �=ĉ

pcs log p
c
t ] (4)

Next, we apply the generalized binomial theorem to ex-

pand
(
1 + pĉs

)θ
as follows:

LSAKD = −
⎡
⎣ ∞∑
k=0

(
θ

k

)(
pĉs
)k

log pĉt +

|Ls|∑
c=1,c �=ĉ

pcs log p
c
t

⎤
⎦

= LKD −
[ ∞∑
k=1

(
θ

k

)(
pĉs
)k − pĉs

]
log pĉt

≈ LKD −
[
(θ − 1) pĉs +

θ (θ − 1)

2

(
pĉs
)2]

log pĉt

(5)

In Eq. (5), the first term LKD represents the original KD

loss in Eq. (2), while the second term introduces an addi-

tional term, which is positive and solely depends on the tar-

get class ĉ. We demonstrate that this additional term enables

the SAKD loss to capture more information from pseudo-

labels with high confidence, meaning those with higher val-

ues of pĉs, thereby reducing the impact of noisy pseudo-

labels. A comprehensive proof of this claim is provided in

the supplemental material.
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3.2. Entropy-driven label differentiation
As stated above, the outputs from the source model are

highly likely to be inaccurate and noisy due to the domain

shift [3] and category shift. Even if we propose a promising

solution in Eq. (3), we still face a tough challenge to detect

the “unknown” categories, which means we should widen

the difference between “unknown” and others. [59] shows

entropy is an effective tool to detect “unknown” in domain

adaptation. Entropy quantifies the prediction uncertainty,

and smaller entropy represents a more certain prediction.

In order to effectively address the influence brought by the

category shift, we implement an automatic threshold deter-

mined by average entropy. The prediction process can be

formulated as follows:

yt =

{
argmaxc p

c
t H(pt) < w

unknown H(pt) ≥ w,
(6)

where H(pt) and w are computed as:

H(pt) = −
|Ls|∑
c=1

pct log p
c
t , (7)

w = Ext∼Xt
H(pt). (8)

Taking the average as a threshold eliminates the require-

ment of per-dataset hyper-parameter tuning and makes our

selection process highly adaptive. As we employ entropy as

a threshold to detect “unknown” categories, we still face a

challenge to widen the gap between “unknown” and others.

In order to address the issue, we propose Entropy-Driven

Label Differentiation (EDLD) to make the “unknow” dis-

tinguishable and enhance the quality of pseudo-labels with

high certainty. We use entropy to calculate the uncertainty

level of pseudo-labels. Higher entropy always shows more

uncertain predictions. We define the EDLD loss by dividing

pseudo-labels into high-quality (HQ) and low-quality (LQ)

by their entropy, the loss is defined as follows:

LEDLD = Ext∼Xt

[{
LHQ(pt) if H(pt) < w

LLQ(pt) if H(pt) ≥ w

]
, (9)

LHQ = H(pt)+LNL(pt, ȳt), LLQ = −H(pt), (10)

In the EDLD module, we not only use the entropy loss

to widen the entropy gap between high-quality and low-

quality pseudo-labels but also use a negative learning loss

[21] to refine the high-quality pseudo-labels, the negative

loss is the following:

LNL(pt, ȳt) = −
|Ls|∑
c=1

ȳc
t log (1− pct) , (11)

where is ȳt a complementary label ȳt ∈ {1, ..., |Ls|} \
{yt} chosen randomly from the set of labels, and ȳt is one-

hot label derived from ȳt. Eq. (11) enables the probabil-

ity value of the complementary label to be optimized as

zero, resulting in an increase in the probability values of

other classes, which can effectively refine the high-quality

pseudo-labels.

3.3. Adaptive refinement of pseudo labels
To further mitigate the impact of noise in the pseudo-labels

generated by the source model, we employ an exponen-

tial moving average (EMA) of the target predictions. This

allows for a gradual and controlled update of the pseudo-

labels supplied by the source model at each iteration. The

update process is defined as follows:

ps ← γps + (1− γ)ft(xt), ∀xt ∈ Xt, (12)

where γ is a smoothing factor that determines the ex-

tent to which the pseudo-labels should adapt to the most

recent predictions from the target model. A higher value of

γ places more weight on the existing pseudo-labels, while a

lower value allows quicker adaptation to new information.

This strategy refines the pseudo-labels iteratively, bal-

ancing consistency with adaptability. By adjusting the

pseudo-labels in a controlled manner, the model can better

handle noise and gradually align the source model’s outputs

with the distribution of the target data. The EMA strategy

ensures that updates are not overly reactive to fluctuations,

thus enhancing the robustness of the model and improving

performance in scenarios with diverse target domains.

3.4. The overall objective
Integrating these objectives introduced in Eqs. (3, 9) to-

gether, we obtain the final loss function as follows:

L = LSAKD + λLEDLD, (13)

where λ is a hyper-parameter empirically set to 1.0, con-

trolling the importance of LSAKD and LEDLD during dis-

tillation.

4. Experiments
4.1. Setup
Datasets. To assess the effectiveness of our approach, we

conduct experiments using the Office31 [40], OfficeHome
[50], VisDA [38], DomainNet [39] datasets. Office31 is a

popular benchmark for UDA, consisting of three domains

(Amazon, Webcam, Dslr) in 31 categories. OfficeHome is

a more challenging benchmark for its distant domain shifts,

which consists of four domains (Art, Clipart, Product, Real

World) in 65 categories. VisDA is a large-scale benchmark

containing 2 different 12-class domains, with a source do-

main with 152k synthetic images and a target domain with
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Table 1. H-score (%) comparison in OPBDA scenario on the OfficeHome dataset.

Method Ar→Cl Ar→Pr Ar→Re Cl→Ar Cl→Pr Cl→Re Pr→Ar Pr→Cl Pr→Re Re→Ar Re→Cl Re→Pr Avg.

No Adapt. 55.8 67.3 72.8 64.2 62.3 70.5 65.7 52.1 71.7 66.1 56.7 69.2 64.5

DINE [28] 45.3 46.1 54.6 51.0 45.3 52.4 49.9 44.5 52.1 52.4 46.7 45.7 48.8

BETA [57] 45.9 47.4 54.8 49.3 45.1 50.1 49.3 45.5 53.5 51.5 45.8 48.8 48.9

SEAL [54] 40.6 46.8 47.8 44.5 42.7 45.2 47.3 40.0 47.1 45.5 46.7 46.6 45.1

UB2DA [9] 60.9 69.6 76.3 74.4 69.2 76.5 74.5 60.3 76.2 74.1 62.0 71.1 70.4

ADU 61.2 72.7 77.9 70.3 72.5 77.3 75.9 62.0 84.7 73.2 64.1 74.9 72.2

Table 2. H-score (%) comparison in OPBDA scenario on the Office31, VisDA, and DomainNet datasets, respectively.

Method
Office31 VisDA DomainNet

A→D A→W D→A D→W W→A W→D Avg. S→R P→R P→S R→P R→S S→P S→R Avg.

No Adapt. 79.9 71.9 80.1 91.5 78.7 89.8 82.0 37.7 52.8 35.0 43.6 32.5 35.7 51.8 41.9

DINE [28] 50.3 51.4 56.6 63.0 54.0 60.1 55.9 43.5 48.4 39.5 43.4 38.1 37.6 45.6 42.1

BETA [57] 52.4 54.0 51.6 61.2 53.4 57.6 55.0 45.5 49.2 40.3 43.1 38.2 38.0 48.4 42.9

SEAL [54] 73.8 70.3 51.1 55.6 47.0 57.0 59.1 45.6 52.7 39.9 43.6 38.4 39.2 49.7 43.9

UB2DA [9] 80.9 78.2 92.6 92.6 89.4 87.9 86.9 45.2 57.1 47.2 54.8 44.0 41.4 51.5 49.3

ADU 87.5 85.2 87.0 94.4 83.8 90.5 88.1 48.7 59.8 47.8 52.5 46.6 42.7 56.4 51.0

55k real images from Microsoft COCO. DomainNet is the

largest DA dataset with about 0.6 million images. Like

[11, 24], we conduct experiments on three subsets of it,

i.e., Painting, Real, and Sketch. Following existing works

[11, 24, 59], we separate the label set into three parts: com-

mon (|Ls∩Lt|), source-private (|Ls−Lt|) and target-private

(|Lt −Ls|). The classes are separated according to their al-

phabetical order. We evaluate ADU in OPBDA using the

four datasets, and in OSBDA using the first three datasets.

Evaluation protocols. Considering the trade-off between

the accuracy of known and unknown classes is important in

evaluating OSDA and OPDA methods. We evaluate meth-

ods using H-score [11]. H-score is the harmonic mean of

the accuracy on common classes (Accc) and accuracy on

the “unknow” classes (Accu) and is defined as:

h = 2 · Accc ·Accu
Accc +Accu

(14)

So, this metric is designed to provide a more comprehen-

sive evaluation by ensuring that improvements in one area

do not come at the expense of the other. It can measure both

accuracies well.

Implementation details. All experiments are implemented

in Pytorch [37]. For fair comparisons to previous methods,

we use the same backbone of ResNet50 [16] pre-trained on

ImageNet [10] as the feature extractor in all experiments.

For the source model, we fine-tune the model on source

examples optimizing with cross-entropy loss function and

then treat it like a black-box by only requiring the input-

output interfaces of this model in our experiments. We

use SGD optimizer with a learning rate of 0.01, a momen-

tum of 0.9 with a weight decay of 5e-4 and a batch size of

128. Concerning the parameters in ADU, We set θ = 1.1,

γ = 0.6 and λ = 1.0 for all datasets and tasks. Additionally,

following [23], we set the ratio of LNL(pt, ȳt) to H(pt) as

0.01:1 in Eq. (10).

Baselines. We compare the proposed ADU with (i) BDA:

DINE [28], BETA [57], SEAL [54] (ii) OPBDA: UB2DA
[9]. These methods represent the state-of-the-art in their re-

spective settings. Notably, owing to black-box DA lacking

the capability to identify “unknown” categories, we apply

the average entropy as the threshold to them, similar to our

setting. The term “No Adapt.” refers to the baseline sce-

nario where the source model is used directly for target label

prediction, without any form of adaptation.

4.2. Results
Results for OPBDA. We first perform experiments under

the most challenging scenario, namely OPBDA, in which

both the source and target domains contain private cate-

gories. The results for the OfficeHome dataset are presented

in Table 1, while those for the Office31, VisDA, and Do-

mainNet datasets are shown in Table 2. As illustrated in

these tables, our proposed ADU method achieves a new

state-of-the-art, surpassing all existing methods across the

four datasets. Notably, ADU consistently improves the H-

score compared to the “No Adapt.” baseline in each ex-

perimental setting, with a significant increase of 11.0% on

the VisDA dataset. This improvement demonstrates that

our method effectively mitigates the influence of noise from
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Table 3. H-score (%) comparison in OSBDA scenario on the OfficeHome dataset.

Method Ar→Cl Ar→Pr Ar→Re Cl→Ar Cl→Pr Cl→Re Pr→Ar Pr→Cl Pr→Re Re→Ar Re→Cl Re→Pr Avg.

No Adapt. 59.6 68.1 75.7 67.1 66.7 70.4 63.8 54.9 55.7 71.4 58.6 70.5 65.2

DINE [28] 47.0 45.8 52.2 49.7 47.1 50.0 48.2 43.8 50.4 52.6 46.0 46.8 48.3

BETA [57] 46.6 48.3 54.9 47.7 48.4 50.5 49.1 42.9 51.8 50.2 45.2 48.9 48.7

SEAL [54] 43.3 46.5 47.1 43.7 45.9 45.4 45.3 40.8 45.6 43.5 41.3 46.5 44.6

UB2DA [9] 65.5 70.4 75.5 67.8 69.3 74.4 71.2 56.7 75.0 70.7 63.3 69.8 69.1

ADU 66.0 70.5 77.4 72.2 70.1 75.0 69.0 63.6 76.1 73.4 64.1 75.2 71.1

Table 4. H-score (%) comparison in OSBDA scenario on the Of-

fice31 and VisDA datasets, respectively.

Method
Office31 VisDA

A→D A→W D→A D→W W→A W→D Avg. S→R

No Adapt. 81.4 80.8 85.3 88.1 78.0 88.0 83.6 44.6

DINE [28] 60.5 54.6 56.8 69.0 56.3 61.5 59.8 43.1

BETA [57] 48.3 53.0 54.3 60.6 54.4 57.3 54.7 48.3

SEAL [54] 50.4 43.7 53.4 44.8 54.0 50.8 49.5 40.6

UB2DA [9] 85.7 87.4 91.0 89.2 85.1 84.1 87.1 48.1

ADU 86.9 84.9 89.7 91.3 86.3 89.2 88.1 50.8

source model predictions on the target model and accurately

identifies unknown categories within the target data. An

examination of Tables 1 and 2 reveals that methods such

as DINE [28], BETA [57], and SEAL [54] perform poorly

compared to our approach and UB2DA [9], with perfor-

mance even falling below the “No Adapt.” baseline on

the Office31 and OfficeHome datasets. This underperfor-

mance is likely due to the lack of design tailored specifically

for the OPBDA scenario in these methods, which hinders

their ability to effectively differentiate unknown categories

from other classes. These results underscore the importance

of our ADU approach, which is specifically designed for

OPBDA. When compared to UB2DA [9], ADU achieves

higher H-scores on the Office31, OfficeHome, VisDA, and

DomainNet datasets, with improvements of 1.2%, 1.8%,

3.5%, and 1.7%, respectively. These gains further highlight

the effectiveness of our proposed approach.

Results for OSBDA. We subsequently conduct experi-

ments under OSBDA scenarios, where only the target do-

main includes categories absent from the source domain.

The results for the OfficeHome dataset are provided in Ta-

ble 3, while those for the Office31 and VisDA datasets are

presented in Table 4. As shown in these tables, our pro-

posed ADU method achieves performance that surpasses

the current state-of-the-art. Specifically, ADU consistently

outperforms the “No Adapt.” baseline in terms of H-score

across all experimental settings. Notably, for the Pr→Re

scenario, it achieves an improvement of 20.4%. This sub-

stantial enhancement demonstrates that our method effec-

tively reduces the influence of noise from source model pre-

Table 5. Ablation Study. H-score (%) of different variants in

OPBDA scenarios. L1
HQ, L2

HQ, LLQ refer to the objectives cor-

responding to the negative loss in LHQ, entropy loss in LHQ, and

loss associated with low-quality labels, respectively.

L1
HQ L2

HQ LLQ

Office31 OfficeHome
Avg.

A → W D → W Ar → Cl Cl → Re Pr →Ar Re → Cl

- - - 82.9 92.6 61.2 72.9 71.5 62.0 73.7

� - - 84.3 93.5 61.1 73.0 72.0 62.7 74.6

- � - 83.5 92.7 61.7 74.3 72.1 62.5 74.5

- - � 84.1 93.8 61.4 74.1 72.6 62.6 74.8

� � - 84.3 94.1 62.7 73.7 71.7 61.3 74.6

� - � 83.1 94.2 63.3 74.7 72.3 62.6 75.0

- � � 85.1 94.0 62.6 74.6 72.1 62.8 75.2

� � � 85.2 94.4 61.2 77.3 75.9 64.1 76.3

dictions on the target model, allowing for accurate identifi-

cation of unknown categories within the target data. Com-

pared to UB2DA [9], ADU achieves higher H-scores on the

Office31, OfficeHome and Visda datasets, with improve-

ments of 1.0%, 2.0%, and 2.7%, respectively. These results

further validate the effectiveness of our proposed approach.

4.3. Analysis
Ablation study. To comprehensively assess the individual

contribution of the components comprising our method, we

conduct extensive ablation studies on two tasks from the Of-

fice31 dataset and four tasks from the OfficeHome dataset

in OPBDA scenarios. The results are summarized in Ta-

ble 5. Here, L1
HQ, L2

HQ, LLQ refer to the objectives cor-

responding to the negative loss in LHQ, entropy loss in

LHQ, and loss associated with low-quality labels, respec-

tively. More detailed results can be found in supplementary

material. It is important to emphasize that in all ablation ex-

periments, we consistently employ the SAKD loss, which

is a critical component of the ADU framework. Without it,

the model would be unable to transfer knowledge from the

source domain to the target model effectively. From the ab-

lation study results, we can draw the following conclusions:

(i) The introduction of any component alongside the SAKD

loss leads to performance improvements, underscoring the

vital role of the EDLD module. (ii) The full EDLD loss,

which includes the negative loss term, yields better perfor-

mance compared to its version without the negative loss,
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Figure 3. Parameters sensitivity analysis for six tasks. (a-b) plot the H-score with different values of λ, θ; (c) plot the H-score, Accc, Accu
with different values of γ. The default values of these hyperparameters are set to λ = 1.0, θ = 1.1, and γ = 0.6.

(a) No Adapt. (b) ADU

Figure 4. t-SNE feature visualization of target representations in

D→A OPBDA task. Blue dots represent target “known” examples

(Ls ∩ Lt) while red dots are “unknown” examples (Ls − Lt).

demonstrating the effectiveness of incorporating this term.

(iii) The integration of all components results in the high-

est H-scores, providing clear evidence of the synergy and

efficacy of the combined modules.

Feature visualization. Fig. 4 displays the visualization

of the target feature with t-SNE [49], providing a clear rep-

resentation of the feature distribution. As expected, ADU

achieves excellent alignment between the source and target

domain features. Taking a closer look at the visualization, it

is evident that ADU excels in distinguishing the “unknown”

categories from the other classes. This improvement aligns

well with the intended function of the EDLD module, which

is designed to enhance the separation of “unknown” cate-

gories from known categories. This result further highlights

the effectiveness of ADU in handling the challenges posed

by unknown classes in black-box domain adaptation tasks.

Parameters sensitivity analysis. To better assess the

impact of different hyperparameters, we conduct a detailed

sensitivity analysis. We investigate the sensitivity of the

parameters λ, θ, and γ by performing experiments on two

tasks from the Office31 dataset and four tasks from the Of-

ficeHome dataset in OPBDA scenarios, as shown in Fig. 3.

The parameter λ is varied over the range [0.0, 0.2, 0.5, 1.0,

2.0, 5.0], θ spans [1.00, 1.05, 1.10, 1.15, 1.20, 1.25], and γ
is explored within the range [0.0, 0.2, 0.4, 0.6, 0.8, 1.0]. It is

evident that the results are stable around the selected values

of λ = 1.0, θ = 1.1, and γ = 0.6. Additionally, as shown

in Fig. 3(b), we examine the effect of varying θ in Eq. (3).

The results around the chosen parameter θ = 1.1 remain

stable, and we also observe that increasing θ slightly from

1.0 leads to an improvement in the H-score, thereby high-

lighting the effectiveness of Eq. (3). Finally, we analyze the

impact of γ. As shown in Fig. 3(c), there is an inverse rela-

tionship between Accc and Accu. However, when γ = 0.6,

the two metrics reach a relatively balanced state, and at this

point, the H-score achieves an optimal result.

5. Conclusion

In this paper, we introduce the ADU model, a framework

specifically designed to tackle Black-box Domain Adap-

tation with unknown classes in the target domain. ADU

integrates two key innovations: Selective Amplification

Knowledge Distillation (SAKD) and Entropy-Driven La-

bel Differentiation (EDLD). SAKD enhances model ac-

curacy by selectively amplifying high-confidence pseudo-

labels, thereby effectively mitigating the influence of noisy

pseudo-labels. Meanwhile, EDLD improves the recognition

of unknown categories through an entropy-driven threshold,

expanding the difference between unknown categories and

others and bolstering the robustness of the method across a

range of diverse target domains. Experiments across four

benchmark datasets demonstrate that ADU outperforms ex-

isting state-of-the-art approaches, highlighting its excep-

tional adaptability and efficacy, setting a new benchmark

for future research in the field.
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