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Abstract

Once the human brain learns a concept, it can easily transfer
the learned knowledge across diverse environments without re-
ferring back to the original learning materials. Inspired by this
cognitive process, Black-Box Domain Adaptation (BBDA) has
been purposed to transfer the knowledge learned in a black-
box source model to the target domain without any premise
for source data or model parameters. Existing BBDA methods
mainly rely on knowledge distillation or sample selection with
pseudo labels, overlooking the different learning difficulties of
classes. This results in easy-learning classes dominating the
adaptation process and thus degrades adaptation performance.
Motivated by the significant success of Vision-Language mod-
els (ViL model), we propose an novel method that integrates
the knowledge of ViL model to achieve adaptation while mit-
igating learning imbalance. Experiments on various datasets
demonstrate the effectiveness of the proposed method.

Keywords: Black-box; Domain Adaptation; Learning Imbal-
ance

Introduction

Deep learning models achieves remarkable success in vari-
ous applications. However, the model performance may be
severely degraded when the environment is changed. The
cause of this phenomenon lies in the fact that the new do-
main data (target domain) and the training data (source do-
main) do not adhere to independent identical distribution as-
sumption, which is also referred to as domain shift (L. Zhang
& Gao, 2022). Regarding humans, cognitive adaptation is
a fundamental ability of human to perceive the world (Crisp
& Turner, 2011; Dunwoody, Haarbauer, Mahan, & Marino,
2000). Once a concept has learned, human could leverage the
concept to recognize object that similar but different one in
new environment. Motivated by the cognitive adaptation of
human, Unsupervised Domain Adaptation (UDA) has been
proposed to adapt deep learning models to the new domain.
UDA transfers knowledge from the sufficient labeled data
of source domain to the unlabeled target domain (Zhou, Liu,
Qiao, Xiang, & Loy, 2022; Oza, Sindagi, Sharmini, & Pa-
tel, 2023). Existing UDA methods are designed under the
premise that the source data or source model parameters are
always available for conducting target domain adaptation.
However, in practical scenarios, the premise may be unable
to fulfill due to privacy protection, storage issues or transmis-
sion overheads, etc. As to the premise for cognitive adap-
tation in humans, once a concept about an object has been
learned, using the concept to recognize the object in a new

environment requires only the learned knowledge. there is no
necessity to reuse the previous learning materials. However,
most of UDA methods become infeasible in the absence of
source data or model parameters.

To circumvent the need for source data, Source-Free
Domain Adaptation (SFDA) was proposed and attempted to
adapt the source model to the target domain without using
source data (Li, Yu, Du, Zhu, & Shen, 2024; Fang, Yap, Lin,
Zhu, & Liu, 2024). However, SFDA methods are devised
under the premise that the internal output and parameters of
source model are assumed to be accessible during the train-
ing. Therefore, there are still significant constraints on flexi-
bility, and the issue of source privacy remains unresolved. In-
spired by the ability of human cognition adaptation process,
Black-Box Domain Adaptation (BBDA) has been proposed.
BBDA utilizes only the output prediction of source model to
achieve adaptation to the new target domain, thereby avoid-
ing the necessity for source data or model parameters, which
is arguably the minimal requirement of domain adaptation
(Liang, Hu, Feng, & He, 2022). Current BBDA methods
mostly focus on distilling knowledge from source model, or
selecting reliable unlabeled target domain samples by certain
criterion for adaptation. However, none of these methods take
into account the learning imbalance problem due to the dif-
ferent learning difficulty of each class during the adaptation
process, which results in sub-optimal performance.

The learning imbalance problem primarily originates from
the uneven numbers of learning samples among different
classes, which results from the intrinsic cross-domain bias
hidden in the source model. For target domain, there will
be a large number of misclassified pseudo labels predicted by
the source model, leading to an uneven quantity of samples
for certain classes. We refer to the classes with a large num-
ber of samples as easy-learning classes, and the classes with
few samples as hard-learning classes. This situation leads to
a more rapid learning pace for easy-learning classes in con-
trast to the hard-learning classes. Consequently, the training
process becomes biased towards the easy-learning classes,
thereby failing to achieve entire target domain adaptation.

To tackle the learning imbalance problem, we propose
Overcoming Learning Imbalance with Fusing Vision-
Language Model Knowledge for Black-Box Domain
Adaptation (OLIVA) to achieve target domain adaptation.
Specifically, we first utilize a novel entropy-weighted fusion
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strategy to fuse knowledge from the black-box source model
and vision-language model (ViL model) (Radford et al.,
2021). The predictions from ViL model and black-box
source model serve as generic knowledge, since the Vil
model are pre-training on various data collecting from
Internet. The predictions from black-box source model are
regard as the task-specific knowledge. Introducing generic
knowledge would mitigate the bias of the source model,
while task-specific knowledge can complement the generic
knowledge for the specific adaptation task. Then we leverage
a Gaussian Mixture Model (GMM) (Reynolds, 2009) to
divide clean and noisy samples. The clean/noisy division
is unevenly distributed, the easy-learning classes have large
numbers of samples, and the hard-learning classes have
a relatively small number of samples. To overcome the
imbalance learning, we propose learning degree-guided
complementation to complement the hard-learning classes
in the clean set from the noisy set. Finally, we achieve
adaptation via contrastive negative learning by using the
clean/noisy divided samples.

In summary, this work tackles the critical yet understud-
ied learning imbalance problem in BBDA, proposing OLIVA
framework that integrates generic and task-specific knowl-
edge from both ViL and source model for target adaptation.
OLIVA consists of three core components: 1) An entropy-
weighted knowledge fusio that reconciles task-specific pre-
dictions from black-box source models with generic knowl-
edge of ViL model. 2) Target domain division with learn-
ing degree-guided complementation. 3) contrastive negative
learning for adaptation. Multiple experiments are conduct
on various benchmark datasets validate the superiority of our
purposed method.

Related Works
Conventional and Source-free Domain Adaptation

Conventional UDA aims to utilize both labeled data of source
domain and unlabeled target domain data to learn a target
model for target domain adaptation. The main approaches
of Conventional UDA mainly include explicitly reducing the
domain discrepancy and learning domain-invariant features
via adversarial training. Discrepancy minimization methods,
such as those developed by (Y. Zhang, Liu, Long, & Jordan,
2019; Sun, 2015; Zellinger, Grubinger, Lughofer, Natschlger,
& Saminger-Platz, 2017), focus on reducing the differences
of feature space between the source and target domain. Ad-
versarial based methods, such as (X. Chen, Wang, Long, &
Wang, 2019; Long, Cao, Wang, & Jordan, 2018; Lee, Kim,
Kim, & Jeong, 2019), employ adversarial training to learning
domain-invariant feature representation for adaptation. How-
ever, these methods require simultaneous access to source and
target data, raising privacy and storage concerns in real-world
practice.

SFDA adapts to the target domain without source domain
data. SHOT (Liang, Hu, Wang, He, & Feng, 2021) freezes the
source feature extractor and optimizes mutual information be-

tween target features and predictions. NRC (S. Yang, Van de
Weijer, Herranz, Jui, et al., 2021) enforces prediction consis-
tency among neighbors in the feature space to leverage local
semantic structures. GSFDA (S. Yang, Wang, Van De Wei-
jer, Herranz, & Jui, 2021) activate domain-specific channels
to enhance neighborhood consistency for adaptation. AaD
(S. Yang, Jui, van de Weijer, et al., 2022) optimizes two reg-
ularization terms for an upper-bound of the neighborhood
clustering objective to achieve adaptation. Although SFDA
method achieve target domain adaptation without source data,
it still requires the parameters or internal outputs of the source
model, limiting its applicability in more practical scenarios.

Black-Box Domain Adaptation

BBDA methods conduct domain adaptation relying solely on
black-box source predictor and unlabeled target data. LNL
(H. Zhang, Zhang, Jia, & Zhang, 2021) adopt noisy label
learning techniques, using iterative sample selection to re-
fine pseudo-labels. DINE (Liang et al., 2022) pioneers a
two-stage framework combining knowledge distillation, in-
formation maximization, and MixUp regularization to trans-
fer source knowledge. BETA (J. Yang et al., 2023) divides
the target domain into easy/hard subset and employs twin
networks for mutual distillation, reducing confirmation bias.
HD/SD-SHOT (Liang et al., 2021) adapt SHOT to BDA by
leveraging source-predicted labels but struggle with minority
class forgetting. RFC (S. Zhang, Shen, Lii, & Zhang, 2024)
addresses this by introducing Selection Training (ST) to re-
visit forgotten classes and Neighborhood Clustering (NC) to
balance feature learning. Despite the progress achieved by
these methods, they fail to take into account the learning im-
balance problem during the adaptation process, and thus re-
sulting in sub-optimal performance.

Methodology
Problem Definition

BBDA aims to transfer knowledge from source domain to
target domain without access to source data or model pa-
rameters. Concretely, we have a black-box source model
fs (x) = hg (g5 (x)) that consists of a feature extractor g : X; —
R? to map the input data to feature space and a classifier
module &, : R — RX. f(x) is pre-trained on the labeled
source domain data D containing n, samples {(x},y?)}?",.
D, = {(x)}, denotes n; unlabeled samples from the target
domain. The distribution of source and target domain is not
identical, i.e. Dy # D;. Both the source and target domain
have the same K classes, i.e., Ys = Y;. The objective of BBDA
task is to learn a target model f; (x) = h (g, (x)) by utilizing
unlabeled target domain 2, and noisy predictions Y, =f, (X)
from the black-box source model, without access to source
data 2 and internal output or parameters of f (x).

Entropy-Weighted Knowledge Fusion

The black-box source model is trained on the source domain.
Inevitably, there inherently exists domain bias when making
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Figure 1: The OLIVA framework. We first use entropy-weighted knowledge fusion to fuse both the generic knowledge and
task-specific knowledge. Then the fused knowledge is leveraged to warm up the target model. Subsequently, we employ a
GMM to divide the samples of target domain into clean/noisy set. Learning degree-guided complementation strategy is devised

for mitigating the imbalance in the division. Lastly, the complemented clean/noisy sets is utilized for target adaptation.

predictions on target domain data. The domain bias would
cause a large number of noisy pseudo-label on target samples,
and increasing the learning imbalance.

Inspired by the recent success of the ViL foundation model
in various tasks, we integrate the knowledge of the ViL model
to mitigate the domain bias. The ViL model is trained with a
large amount of image-text pairs data collected from the In-
ternet. Thus, it has less bias and can provide more general
knowledge, yet it lacks task-specific knowledge regarding the
target domain. We adopt the most representative ViL model
CLIP in our proposed method, given the fact that it has be-
come a widely used foundation ViL model and has empow-
ered numerous works. On the other hand, despite the sig-
nificant domain bias hidden in the source model, it contains
task-specific knowledge for adaptation.

To combine the advantages of the source model and the
ViL model, we present the entropy-based knowledge Fusion.
Specifically, we obtain the predictions of the source model
and the ViL model for each target sample. For the ViL model,
it consists of an image encoder and a text encoder, parame-
terized by Oy and 0;. The image and text encoder take an
image x; and text prompt #; as input, and output correspond-
ing encoded image feature 6y (x;) and prompt feature 0y (r¢)
respectively. The standard text prompt "a photo of {class}”
is utilized as text prompt for text encoder, the {class} is de-
pends on the name of classes in the dataset. The prediction
of a target sample is calculated by the cosine similarity be-
tween encoded image and text prompt feature. For the source
model, we take the output probability as prediction for each
samples. Then we calculate the normalized entropy values of

predictions from source and ViL model by:

XK yilog(y)

Hyorm = 1
norm log(K) ( )
Next, we leverage both the normalized source H;),,,, and ViL
entropy H,,,,,to obtain the fuse weight:
HS H)
T R T )
warm J’» Hn()rm Hh()rm J’» Hnarm
Vfi = WsVs,i +wyPy 3)

The fuse weight wy and w, is employed to adjust the propor-
tion of knowledge from the corresponding model for knowl-
edge fusion. The fused knowledge ¥ ; is regarded as the final
predictions for each target sample.

Target Division with Learning Degree-guided
Complementation

The fused pseudo-labels are naturally noisy due to the domain
distribution gap between source and target domain. Previous
studies (J. Yang et al., 2023) indicate that the loss value of
clean samples tends to be smaller than that of noisy samples
during the initial training stages, and the loss value distri-
bution of all target samples exhibits a bi-modal pattern. In
light of this property, we are motivated to divide the pseudo-
labeled target domain data into clean and noisy subsets by
utilizing the distribution of loss values. Firstly, we leverage
knowledge distillation from (Liang et al., 2022) to warm up
the target model based on the fused predictions:

Lia (f1: X, f5) = Exex, D (51 || fi (x0)) “)
Lim = h(Exex fr (x)) = Exex h (fi (xr)) (5)
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where the £y, and L;, is the knowledge distillation and in-
formation maximization loss. The Dy; denotes the Kullback-
Leibler divergence, and i denotes i (p;) = — Y y;logy;. After
distillation, we adopt cross entropy loss to calculate the loss
value of target samples to pseudo label:

K
Leo(x)) = = Y 1og (B (21(2)) ) ©)
k=1

where /f is the softmax probability for class k output by target
model. After calculating the loss value of target samples, we
then fit the loss distribution via GMM.

By using the fitted GMM, we can assign a probability of
belonging to the clean cluster based on the loss value of each
target sample. Concretely, the probability of a sample belong-
ing to the clean cluster is equivalent to the posterior probabil-
ity p(c|l;(xt)), where c indicates the Gaussian component as-
sociated with a lower loss value. Then the clean and noisy set
can be divided by the a given threshold 7 of clean probability:

)(Clean = {X,‘|X,‘ S Xrap,c > 1}7

-Xnoisy = {(X,’|Xi € ‘Xf?plc < T}
The clean set is divided based on the loss value, the major-
ity of classes within it belong to the easy-learning classes,
whereas the noisy set mainly consists of hard-learning
classes. This deteriorates the adaptation of target domain.

To overcoming the learning imbalance problem, we pur-
pose learning degree-guided complementation strategy to
complement the hard-learning classes in clean set. In detail,
the global learning degree Y, is defined as the proportion of
clean samples in the target domain n;, which reflects the cur-
rent target model learning degree with respect to the entire
target domain:

@)

Nclean

B B Max(né‘,l)
Ve = n = Mean (nejean)

®)

The local learning degree 7; is defined as the ratio of sam-
ples in each class relative to the average value of samples
across all classes in the clean set. Note that the max opera-
tion Max (-) is used to avoid the numerator being zero value.
The local learning degree indicates the concrete learning de-
gree of each class in the clean set, which reflects how well
the target model learns the specific class. Classes with sam-
ple numbers below the average value across all classes in the
clean set are identified as hard-learning classes and will be
complemented from noisy set according to their global and
local learning degrees.

With the global and local learning degrees, we utilize the
Beta distribution to determine the number of samples to be
complement for the hard-learning classes. The Beta distri-
bution involves two parameters, ¢ and y. The larger alpha is
relative to gamma, the closer the sampling expectation will be
to 1. Conversely, the closer it will be to 0. The complement
co-efficient 1 is calculated as:

T (1)

N = Round(Beta(1 —,,Yg)), Beta(o,u) = F(T‘i‘ﬂ)

€))

Where I'(+) is Gamma function. In (9), if the o is greater than
the u, it indicates that the number of samples in this hard-
learning class is much less than the average number of all
classes in the clean set. Therefore, more samples of this class
need to be complemented. When the u is greater than the «,
it means that most of the samples in the target domain have
been learned, and the remaining samples in the noisy set are
highly likely to be mislabeled. In this case, only a limited
number of samples should be complemented.

After obtaining M, we calculate the entropy of each hard-
learning classes in the noisy set. Then, we sort entropy value
in ascending order and select the first N% samples as comple-
mented samples:

Uchomp = argsortyiending (Hj) * [0: (x*n{mrd], J € Kpara (10)

The complemented clean/noise set division after complemen-
tation will be leveraged for the adaptation training.

Contrasitve Negative Learning for Adaptation

After obtaining clean/noisy division of target domain, con-
trastive negative learning is devised to conduct adapta-
tion. Conventional contrastive learning (T. Chen, Kornblith,
Norouzi, & Hinton, 2020) that learning representation with
all samples may introduce noise into feature space. Consid-
ering that the divided sets have distinct label qualities, it is
reasonable to treat them in different ways. Following this
spirit, we introduce contrastive negative adaptation method
designed to learn representations from each set with differen-
tiated treatments, thus preventing noise accumulation.

To this end, we devise contrastive negative learning to learn
representation from clean and noisy sets respectively. Our
contrasitive negative learning consists of two components tai-
lored for clean and noisy sets. Given the fact that the clean
set have high quality labels, we leverage instance contrastive
learning with negative learning to learn target domain with
clean set. Specifically, we employ instance contrastive learn-
ing with the weak and strong augmented versions of a sample:

€xXp (xjw,ivva,i)
exp (xfw’,.,xgy,.) + ):;(;ll exp (xtw,xfw)

Where the weak augmented sample x,,; utilizes its corre-
sponding strong augmented view x;; as a positive pair, while
the remaining samples within the batch are regarded as the
negative pairs. Then, negative learning with class balance
regularization is introduced for target domain adaptation.
Mixup (Li, Socher, & Hoi, 2019) and Co-teaching (Qiao,
Shen, Zhang, Wang, & Yuille, 2018) is also applied along
with negative learning. The negative learning formula is writ-
ten as :

Licon = _]0g

(1)

C
Ln = —Eyex, lzy”l%’(lpf)] (12)

c=1

Due to the noisy nature of the noisy set, directly learning
from its noisy pseudo labels would result in error accumu-
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lation, thereby degrading the adaptation performance. How-
ever, these still exist valuable information of target domain in
the noisy set. To harness this information to benefit adapta-
tion, we propose selective contrastive learning to learn repre-
sentation while preventing error accumulation introduced by
noisy labels.

In detail, the prediction of a sample signifies the degree of
certainty with which the target model assigns labels to the tar-
get sample. Although the label in the noisy set is often inac-
curate, the confidence score still reflects the general learning
trend. The lower the confidence score of a class is, the less
likely a sample belongs to that class. To this end, ¢ percent-
age of classes with the lowest confidence are selected as the
negative classes for class-wise selective contrastive learning.
Formally, we select ¢ percent of samples from the class with
the minimal confidence as negative classes by:

Uneg = argsortascending ()71) [O 10* Knum] (13)

The ¢ * K, denotes the percentage of class numbers. J; de-
notes the probability output by the target model. We sort
the probabilities of a target sample in ascending order and
select the top portion by 6 * Kj,,,,. With the selected nega-
tive classes, we regard those classes in the batch as negative
classes for conducting contrastive learning. We leverage the
strong augmented view corresponding to the sample as the
positive pair, and all the weak and strong views of the nega-
tive classes are regarded as negative pairs. The selective con-
trastive learning is formulated as:

exp (xtw,ﬂxg,i)
Um."
exp (xtw,i?xts,i) +X; 5 exp (xiv.,j’xg-,j)

Lycon = —10g (14)

By Eq.(14), the representations learned from selected nega-
tive classes would facilitate the noise sample closer to the po-
tentially correct classes, and vice versa for negative classes.
The overall objective of contrastive negative learning is:

Lpsca = Lnl +}\-* (Licon + anon) (15)

where A is a hyper-parameter to control the magnitude of con-
trastive representation learning.

Experiments
Datasets and Evaluation Protocol

To verify our proposed method, we conduct experiments
on three representative domain adaptation datasets: Of-
fice31, OfficeHome, and VisDA. Office-31(Saenko, Kulis,
Fritz, & Darrell, 2010) consists of three different do-
mains: Amazon (A), DSLR (D), and Webcam (W).
Each domain has 31 classes and 4652 images in total.
Office-Home(Venkateswara, Eusebio, Chakraborty, & Pan-
chanathan, 2017) contains 15,500 images and shares 65
classes for four domains: Art (Ar), Clipart (Cl), Product (Pr),
and Real-world (Rw). VisDA(Peng et al., 2018) is the most

Table 1: Classification accuracies (%) on Office-31 dataset
for BBDA. (The right arrow — denotes “adapt to’)

Method A—-D A—-W D—A D—-W W—=A W=D | Avg.

LNL-OT(Asano, Rupprecht, & Vedaldi, 2020) | 88.8 85.5 64.6 95.1 66.7 987 | 832
LNL-KL(H. Zhang et al., 2021) 89.4 86.8 65.1 94.8 67.1 98.7 | 83.6
HD-SHOT (Liang et al., 2021) 86.5 83.1 66.1 95.1 68.9 98.1 | 83.0
SD-SHOT(Liang et al., 2021) 89.2 83.7 67.9 95.3 71.1 97.1 | 84.1
DINE(Liang et al., 2022) 91.6 86.8 72.2 96.2 73.3 98.6 86.4
BiMem(J. Zhang, Huang, Jiang, & Lu, 2023) 92.8 88.2 73.9 96.8 75.3 99.4 87.7
BETA(J. Yang et al., 2023) 93.6 88.3 76.1 95.5 76.5 99.0 | 882

RFC(S. Zhang et al., 2024) 94.4 93.0 76.7 95.6 71.5 98.1 89.2

OLIVA (Ours) 94.2 91.6 81.5 98.2 83.0 978 | 911

challenging dataset among all, comprising 152k synthetic im-
ages as source domain and 55k real images as the target do-
main. Adhering to the standard BBDA evaluation protocol,
we compare the top-1 accuracy on the target domain. For
fair comparison, we directly report the results of all baselines
from their original papers.

Implementation Details

We follow the pioneer BBDA works (Liang et al., 2022)
to choose the same backbone network and learning rate for
training source model. The ViL model CLIP is directly
adopted from their public repository(Radford et al., 2021).
For training OLIVA, we use the same learning rate setting in
source model training. The values of the hyper parameters 7,
6 and A are set to 0.9, 0.2 and 0.3 respectively on all tasks.
The training epoch is set to 30 for Office31 and OfficeHome,
and 10 for VisDA. The code will be available soon.

Main Results

Results on Office31. From Table 1, OLIVA demonstrates
superior performance on the Office31 dataset, achieving the
highest average accuracy of 91.1% among all compared
methods. This represents a notable improvement over pre-
viously state-of-the-art methods. In challenging adaptation
tasks like D—A and W—A, OLIVA outperforms the second
best method RFC by a large margin (+4.8% and +5.5% re-
spectively), which indicates OLIVA performs well in tasks
with a large domain gap. Results on OfficeHome As shown
in Table2, OLIVA achieves the highest average performance
among 12 tasks compared with other BBDA baselines. Since
the OfficeHome dataset has 65 classes in each domain, this
superior result suggests that OLIVA is effective in handling
BBDA scenarios with a large number of classes, implies its
potential in real-world scenarios where multi-class and cross-
domain data are prevalent. Results on VisDA. For the VisDA
dataset, we report the accuracy of each class and per-class
accuracy, following the standard BBDA evaluation proto-
col. Table 3 presents the adaptation result on VisDA. OLIVA
achieves high per-class accuracy of 85.3% on VisDA, out-
performing compared baselines across multiple classes, high-
lighting its effectiveness in handling diverse object categories
in large-scale domain shift.

Ablation Study

Components Contribution Table 4 present ablation study
on the A—D task in Office31, the performance of the OLIVA

4153



Table 2: Classification accuracies (%) on OfficeHome dataset for BBDA. (The right arrow — denotes ’adapt to”)

Method Ar—Cl Ar—Pr Ar—Rw Cl—Ar Cl—Pr Cl-Rw Pr—Ar Pr—Cl Pr—Rw Rw—Ar Rw—Cl Rw—Pr | Avg.
LNL-OT(Asano et al., 2020) 49.1 71.7 713 60.2 68.7 73.1 57.0 46.5 76.8 67.1 52.3 79.5 64.9
LNL-KL(H. Zhang et al., 2021) 49.0 71.5 77.1 59.0 68.7 72.9 56.4 46.9 76.6 66.2 523 79.1 64.6
HD-SHOT(Liang et al., 2021) 48.6 72.8 77.0 60.7 70.0 732 56.6 47.0 76.7 67.5 52.6 80.2 65.3
SD-SHOT(Liang et al., 2021) 50.1 75.0 78.8 63.2 729 76.4 60.0 48.0 794 69.2 54.2 81.6 67.4
DINE(Liang et al., 2022) 522 78.4 81.3 65.3 76.6 78.7 62.7 49.6 82.2 69.8 55.8 84.2 69.7
BiMem(J. Zhang et al., 2023) 54.5 78.8 81.4 66.7 78.7 79.6 65.9 53.6 82.3 73.6 57.8 84.9 71.5
BETA(J. Yang et al., 2023) 57.2 785 82.1 68.0 78.6 79.7 67.5 56.0 83.0 719 589 84.2 72.1
RFC(S. Zhang et al., 2024) 57.4 80.0 82.8 67.0 80.6 80.2 68.3 57.8 82.8 72.8 59.3 859 729
OLIVA (Ours) 61.4 84.4 83.8 72.0 82.0 81.1 70.5 60.8 84.1 75.2 63.9 86.2 75.5
Table 3: Classification accuracies (%) on VisDA dataset for BBDA.
Method plane bicycle bus car horse knife motocycle person plant skateboard train truck | Per-class
LNL-OT(Asano et al., 2020) 82.6 84.1 762 448 90.8 39.1 76.7 720 826 81.2 827 50.6 72.0
LNL-KL(H. Zhang et al., 2021) | 82.7 834 7677 449 909 385 78.4 71.6 824 80.3 829 504 71.9
HD-SHOT(Liang et al., 2021) | 75.8 858 78.0 43.1 920 410 79.9 78.1 84.2 86.4 81.0 655 74.2
SD-SHOT (Liang et al., 2021) 79.1 858 772 434 916 410 80.0 783 847 86.8 81.1 65.1 74.5
DINE(Liang et al., 2022) 81.4 86.7 779 551 922 346 80.8 799 8713 87.9 843 587 75.6
BETA(J. Yang et al., 2023) 96.2 839 823 710 953 731 88.4 80.6 955 90.9 883 451 82.6
RFC(S. Zhang et al., 2024) 95.6 89.7 878 758 965 96.5 90.4 82.8  96.0 70.0 85.7 55.1 85.2
OLIVA (Ours) 93.4 824 846 76.0 945 939 89.2 85.0 942 93.0 90.3 47.6 85.3

Table 4: Result of ablation study on A—D task in Office31.

Method Result (%)
OLIVA (Full) 94.2
w/o Entropy-weighted Knowledge Fusion 92.6
w/o Learning Degree-guided Complementation 93.3
w/o Instance Contrastive Learning 93.6
w/o Selective Contrastive Learning 93.8

is compared with variants lacking specific components. Re-
moving Entropy-weighted Knowledge Fusion leads to a de-
crease to 92.6%, indicating the importance of fusing knowl-
edge of ViL model. Without Learning Degree-guided Com-
plementation, the result drops to 93.3%. Similarly, eliminat-
ing Instance Contrastive Learning and Selective Contrastive
Learning results in scores of 93.6% and 93.8% respectively.
These results demonstrate that each component contributes to
the overall adaptation performance of the purposed method.

(a) Before complementation (b) After complementation

Figure 2: Visualization of learning degree-guided comple-
mentation at epoch 5 in A—W.

Visualization Fig. 2 shows the before and after of comple-
mentation for hard-learning classes in the A—W tasks during
adaptation. It can be seen that the complementation mecha-
nism of OLIVA has complemented samples for hard-learning

Figure 3: The t-SNE visualization of VisDA feature space.
Each color represents a class.

classes. Especially for class 14, the number of samples was 0
before the complementation. If conducting adaptation with-
out complementation, it will lead to a bias towards othe easy-
learning classes. After complementation, it is possible to cor-
rect the deviation in the adaptation process. Fig. 3 presents
the feature space of the target model on VisDA. As can be
observed, each class has learned a distinct decision boundary.
This represents that OLIVA can effectively learn to adapt to
target domain via contrastive negative learning.

Conclusion

In this paper, we investigate the learning imbalance problem
in BBDA. This learning imbalance issue mainly stems from
the domain bias inherent in the source model. To surmount
this problem, we propose OLIVA, which fuses knowledge
from the ViL model, devises a complementation strategy to
mitigate the imbalance during adaptation, and then employs
contrastive negative learning for target adaptation. Extensive
experiments are conducted on multiple benchmark datasets
validate the effectiveness of OLIVA.
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