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Abstract—Universal Domain Adaptation (UniDA) aims at han-
dling both domain and category shifts between different domains.
Its primary goal is to transfer the learned knowledge of the
source domain to the target domain and, moreover, identify
‘“unknown” classes in the target domain. Recently, methods
leveraging multiple one-vs-all classifiers with open-set entropy
minimization have emerged to detect unknown classes, eliminat-
ing the need to set thresholds or proportionally reject unknown
classes manually. However, this method overlooks the fact that a
target sample contributes differently to the one-vs-all classifiers,
leading to sub-optimal adaptation performance. Besides, we
experimentally found that the performance of this method is
heavily influenced by the number of categories in the source
domain, with larger class numbers resulting in degraded results.
To address these limitations, we propose a simple yet effective
solution: Adaptive One-Vs-All Network (AOVANet). This method
dynamically assigns weights to each one-vs-all classifier based
on its importance to a given sample, enabling the model to
focus more effectively on the more relevant classifiers adaptively.
We conducted extensive experiments on both UniDA and open-
set domain adaptation settings on three cross-domain image
classification datasets. AOVANet achieves significant performance
gains of 5.6%, 0.4%, and 7.1% on Office-31, Office-Home, and
VisDA than OVANet, validating its effectiveness.

Index Terms—Domain Adaptation, Open-set DA

I. INTRODUCTION

Domain adaptation aims to transfer knowledge from a
labeled source domain to an unlabeled target domain. While
both domains share the same task, they typically originate from
different data distributions. Traditional unsupervised domain
adaptation assumes that the source and target domains have
identical label sets, but this assumption does not always hold
in practice. Based on the category relationship of the source
domain and the target domain, domain adaptation can be
divided into Closed-set adaptation(CDA) [1]-[4], Open-set
Domain Adaptation (ODA) [5]-[7], Partial Domain Adaptation
(PDA) [8], and Universal Domain Adaptation (UniDA) [9].
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Among them, universal domain adaptation (UniDA) is intro-
duced to handle cases where the label distributions between the
source and target domains differ, but the specific discrepancies
are unknown. In such situations, both domains may contain
private classes. As a result, the model must not only perform
distribution matching to address the domain shift across the
common label sets, but also identify and label unknown classes
as “unknown”, without prior knowledge of their existence.

Existing methods typically employ three distinct strate-
gies to address the challenge of unknown class detection in
UniDA. The first approach involves setting explicit thresholds
to identify unknown classes, as seen in models like UAN [9],
DANCE [10], and CPR [11]. These methods rely on man-
ually defined thresholds without prior data from the target
domain, introducing potential subjective bias and undermining
accuracy. The second strategy uses categorical rejection of
unknown classes at a fixed ratio, as demonstrated by ROS [6].
However, this method is also limited, as its effectiveness di-
minishes when the proportion of unknown samples fluctuates.

To address these limitations, a new set of methods uses
adaptive threshold learning to identify unknown classes more
effectively [12], [13]. Among these, OVANet [12] is a pio-
neering approach. It assumes that the minimum inter-class
distance serves as a reliable threshold for determining whether
a sample belongs to a class. Specifically, OVANet trains
a one-vs-all classifier for each class in the source domain,
where each classifier determines whether a sample belongs
to the corresponding class. Additionally, OVANet introduces
open-set entropy minimization for unlabeled target samples,
minimizing the entropy across all one-vs-all classifiers for
each target sample. This approach enables the model to assign
unlabeled target samples to either known or unknown classes.
By eliminating the need for manual threshold setting, one-
vs-all classifier-based methods like OVANet have become an
effective solution in UniDA.

Despite its promising results, OVANet has two major short-
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Fig. 1: The illustration of our method. A target sample
contributes differently to the one-vs-all classifiers. OVANet
assigns equal weight to each one-vs-all classifier, while AO-
VANet operates with an adaptive model weight strategy.

comings. First, it fails to account for the fact that a target
sample contributes differently to each one-vs-all classifier
during model adaptation. As illustrated in Figure 1, OVANet
minimizes the entropy across all one-vs-all classifiers for target
samples, implicitly assuming that all samples are equally
important to each classifier. However, a given sample exhibits
varying distances to different class boundaries. Classes farther
from the sample tend to have lower entropy due to the larger
distance, meaning that more weight should be assigned to the
class whose boundaries are closer to the sample. In contrast,
OVANEet treats each class equally, which leads to suboptimal
performance.

Secondly, our experiments show that OVANet’s performance
deteriorates significantly as the number of source classes
increases. As illustrated in Figure 2, OVANet’s performance
drops rapidly with the increasing number of source domain
categories in the Amazon-to-Webcam task from the Office-31
dataset, particularly when the number exceeds 12. This decline
can be attributed to OVANet assigning equal importance to
each open-set classifier. As the number of source categories
grows, the attention given to each category decreases, es-
pecially for the most relevant class, which results in lower
classification accuracy.

To address these issues, we propose a simple yet effective
method called Adaptive One-Vs-All Network (AOVANet),
which enables adaptive learning based on one-vs-all classifiers
for UniDA. Our approach aims to identify an index that
quantifies the importance of each one-vs-all classifier and in-
corporates it as a weight in the open-set entropy minimization.
This weighting mechanism ensures that the model focuses on
refining decision boundaries for the most relevant classifiers.
Specifically, we use the probability output from the closed-set
classifier as the weight, as it adaptively reflects the contribution
of each one-vs-all classifier with higher relevance assigned
larger weights. Our method is both simple and effective,
requiring no additional hyperparameters due to the adaptive
weighting scheme. Moreover, experimental results demonstrate
that our method experiences less performance degradation as
the number of known classes increases.

The main contribution is summarized as follows:

« We found that a target sample contributes differently to
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Fig. 2: The performance changes between OVANet and AO-
VANet with the increasing number of source classes.

one-vs-all classifiers in UniDA and propose an adaptive
learning method to highlight the effect of the more relevant
classifier.

« We introduce AOVANet, and design a dynamic weight
allocation mechanism, supported by a closed-set classifier,
which enables adaptive adjustments across different one-
vs-all classifiers.

« We conduct extensive experiments in both universal and
open-set domain adaptation settings on multiple image
classification datasets. The results validate the effectiveness
of the proposed method.

II. ReLaTED WORK
A. Universal Domain Adaptation

Universal Domain Adaptation (UniDA) addresses both
domain-shift and category-shift between source and target
domains. It aims to transfer labeled knowledge from the source
domain to the target domain, particularly when the target domain
lacks labels. Adversarial methods rely on a feature extractor
and domain discriminator to extract domain-invariant features.
UAN [9] introduced generative adversarial concepts to UniDA,
using entropy and domain similarity to assess sample uncer-
tainty and assign weights to samples. Uni3DA [14] maximizes
the weight difference between high-confidence samples and
a threshold. CMU [15] combines entropy with confidence
and consistency measures to quantify sample uncertainty. I-
UAN [16] employs the Pseudo-Margin Vector (PMV) and Target
Pseudo-Margin Register (TPMR) for shared class estimation
and updates during training. UMAN [17] extends I-UAN to
multi-source domains by employing classifiers for all source
categories. However, these methods often require manually
set thresholds, which leads to erroneous rejection of unknown
categories.

B. Entropy Minimization

Entropy, in a general sense, is a measure of uncertainty or
randomness. Entropy minimization, therefore, involves reducing
this uncertainty or randomness. Entropy minimization is often
used in the fields of information theory, machine learning, and
statistical mechanics. In machine learning, entropy minimiza-
tion is utilized to exploit unlabeled data in semi-supervised
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Fig. 3: Overview of AOVANet. It is composed of three
components: 1) a feature extractor F'(-), 2) a closed-set classifier
C(-), and 3) one-vs-all classifiers O(-) consisting of |Cs| binary
classifiers 07 ().

learning [18] and domain adaptation [4], to enforce the decision
boundaries in the unlabeled data traverse low-density regions.

Consider a sample’s output through a multi-class classifier
represented as p = {p1, p2, ..., p|L|}, Where Zlﬂ pi; = 1 and
|L| denotes the number of classes. The entropy of this output,
defined as H(p) = —le.ﬂ pilog(p;), serves as a measure
of the model’s prediction confidence, where lower entropy
indicates higher confidence. For open-set problems, where
traditional entropy minimization techniques are inadequate,
OVANet [12] introduced open-set entropy minimization. This
approach computes the entropy across all binary classifiers in
a one-vs-all network and employs the average entropy as a loss
function to optimize the model.

III. PROBLEM STATEMENT

Consider a labeled source dataset Dy = {(xg,Vs) : X5 €
X,ys € Cs}, where Cs represents the source label set, X
represents the input space, and x; is sampled from the marginal
distribution pg. Additionally, consider an unlabeled dataset
D, = {x; : x; € X}, with each x; sampled from the marginal
distribution p,. Let C; denote the target label set. In UniDA,
there is no prior knowledge related to the relationship between
Cs and C; [9]. For simplicity, the shared label set is denoted
as C = Cy N C; with |C| = K, and the private label sets for
the source and target domains are defined as C; = C, \ C; and
C/ = C¢ \ Cy, respectively. The goal of UniDA is to correctly
classify samples x; € C, while detecting samples x; € C; as
unknown.

IV. AOVANET
A. Approach Overview

As shown in Figure 3, our model has three components:
1) a feature extractor F(-), 2) a closed-set classifier C(-)
which outputs a probability vector p € RICs!, and 3) one-vs-
all classifiers O(-) consisting of |C| binary classifiers 07 (),
j €{1,...,|Cs|}. First, we introduce the one-vs-all classification
loss, which is used to train the one-vs-all classifiers on the source
domain. Next, we describe how the models are adapted using
the proposed adaptive open-set entropy minimization loss.

B. One-vs-All Classification Loss

In this subsection, we first review the one-vs-all classification
(OVA) loss. The one-vs-all classifiers are able to detect unknown
samples in the target domain by delineating a class boundary
between inliers and outliers for each class. Specifically, each
classifier is trained with its corresponding samples from this
class as positive and samples from other classes as negative. For
instance, the open-set classifier for class j, denoted as 0/ (), out-
puts a two-dimensional vector z; = Softmax(0/ (F(x))) € R?,
where each dimension corresponds to the sample’s likelihood
of being an inlier or an outlier, respectively. The function
ol (x) = z?. represents the probability of x being an inlier for
class j, while o/ (x) = 1 — 0/ (x) = z}. signifies the probability
of x being an outlier.

To train one-vs-all classifiers, for each O/(-), the source
domain samples of the category j are positive samples, while
those of other categories are negative samples. However, this
approach creates an imbalance between positive and negative
sample classes. Therefore, we follow OVANet and adopt the
Hard Negative Classifier Sampling (HNCS), which randomly
selects one sample from the corresponding class to act as a
positive sample and the most challenging negative sample from
other classes as the negative sample. This addresses the issue
of class imbalance and saves computational resources. We use
HNCS as the strategy for training the one-vs-all classifiers, with
the specific loss function as follows:

Lova(xj,y7) = ~log(0” (x})) = minlog(@’ (x})) (1)
J#Y;

For a source domain sample, Equ.1 maximizes the positive
output for the correct label’s open-set classifier and the lowest
negative output for other categories.

C. Adaptive Open-Set Entropy Minimization

As OVANet do not consider the importance of different one-
vs-all classifiers. We propose the adaptive open-set entropy
minimization for better adaptation.

To enhance the separation in low-density areas of the
unlabeled target domain, OVANet [12] proposed Open-set
Entropy Minimization, depicted in the upper portion of Figure 4.
This method computes the entropy for each open-set classifier
and averages the entropy across |Cy| classifiers to derive the
final open-set entropy minimization loss, namely,

|Cs]
Loem(xf) == 3" x[0’ (x))log (o7 (x))
Jj=1
+07 (x))log(0o! (x1)]

2

However, OVANet fails to consider that a target sample con-
tributes differently to each one-vs-all classifier during model
adaptation. Specifically, OVANet minimizes the entropy across
all one-vs-all classifiers for target samples, implicitly assuming
equal importance for all classes. In reality, a given sample may
exhibit varying distances to different class boundaries. Classes
farther from the sample may have lower entropy due to the large
distance, so more weight should be given to the class whose
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Fig. 4: The differences between OVANet and AOVANet for
model adaptation on target samples.

boundaries are closer to the sample. By treating each class
equally, OVANet leads to sub-optimal performance. Moreover,
this issue exacerbates as the number of source domain categories
increases, causing a decrease in the H-score.

To address this, we propose adjusting the model weights
adaptively based on the importance of each open-set classifier
for a target sample. This adaptive weighting mechanism can
improve the model’s ability to distinguish unknown categories
and enhance overall transfer performance. Accordingly, as
shown in Figure 4, we introduce the Adaptive Open-set Entropy
Minimization (AOEM) loss. The computation of AOEM loss is
as follows:

1Cs |

Lavem(x}) == Y w(j) x [0 (xDlog(o! () + 3 (x))log (3 (]

j=1
3)
where w(j) represents the adaptive weight for each open-set
classifier. To compute this weight, we follow previous self-
calibrated work [19] and adopt the prediction probability of
the closed-set classifier as the weight:

w(j) = p(3'|xh) 4

Where p(§7 |x!) means the j-th dimension of p($x}). With this
strategy, if a target sample is closer to an open-set classifier,
the prediction probability of the closed-set classifier for that
class is likely to be larger. Therefore, the closed-set classifier’s
prediction probability serves as a good estimator for the adaptive
weight, with a larger weight indicating a more relevant open-set
classifier.

D. Learning Objective

The overall optimization objective of the model can be
formulated by integrating the AOEM loss, the loss of the closed-
set classifier C(-), and the loss of one-vs-all classifiers. The
overall loss is shown in the Equ.5,

Lan (X, }’) = E(xf,yf)~2)s Lrc (x?v yf) + /UExI?~Z), Lacem (xtt)

-Esrc (Xf, yf) = Lcls (va’ yf) + Lovu ()Cf, yf) (5)

where A is a hyper-parameter; L. is the loss in the source
domain, which includes the closed-set classifier loss L.;s and
the one-vs-all classifier loss £,,,. The loss L., is calculated
using cross-entropy loss.

During the inference stage, following previous work, the
closed-set classifier is first applied to predict a closed-set label
9 € {1,...,|Cs|}. Then, if the corresponding open-set classifier
o’ predicts an inlier, then the output class is §; otherwise, the
output is “unknown”.

V. EXPERIMENT
A. Setup

Datasets. This paper conducts experiments on three
benchmark datasets: Office-31 [20], Office-Home [21] and
VisDA [22]. We follow previous work [9], [10] and divide the
datasets into three parts: source domain private labels Cy, target
domain private labels C/, and shared classes between source
and target domains C. This subsection adopts the same strategy
for categorizing the datasets as these studies. To display the
data settings in the experimental results table, we use the format
(C/Cl/C), suchas (10/ 10/ 11), to explicitly show the number
of classes in these three parts. We also consider a special case of
UniDA, i.e., C; = 0, which is called open-set domain adaptation
(ODA) [23], [24].

Evaluation Metric. In the context of UniDA, it is essential to
accurately distinguish between known and unknown categories.
An effective evaluation metric should balance the classification
performance of known categories with the rejection effective-
ness of unknown categories. To this end, we utilize the H-
re [15] to assess model performance. An increase in the
=score reflects an enhancement in overall model performance.
Specifically, the H-score calculates the harmonic mean of the
accuracies for known categories (acc.) and unknown categories
(accy), thereby providing a comprehensive measure of the
model’s ability to identify unknown categories:

2Xacce X accy
H-score = ———
acc. + acc;

S
,acce, = E Z acc; (6)
j=1

The acc. represents the average accuracy across the known
categories, and k.., is the total number of known categories.
The H-score is an essential metric for evaluating performance
in UniDA tasks, offering the unique advantage of increasing
only when both the accuracy of known categories (acc.) and
unknown categories (acc;) are high. This property effectively
reflects the model’s overall performance.

Besides, the accuracy of known category classification (Acc
Close), the accuracy of unknown categories (UNK), and the
distinguishability between known and unknown categories
(AUROC) are also adopted.

Implementation. The experiments were conducted using
PyTorch on a single NVIDIA Tesla V100 GPU. In alignment
with prior research [12], [15], [25], we utilized ResNet50, pre-
trained on the ImageNet [26] dataset, as our backbone network.
We modified this network by removing its final fully connected
layer to transform it into a feature extractor F. For the closed-set



TABLE I: UniDA H-score(%) on the Office-31 dataset

(10/10/11)
Method | A2W A2D W2A W2D D2A D2W| Avg.
UAN 586 597 603 714 601 70.6 | 63.5
CMU 673 681 722 804 714 793 | 73.1
I-UAN 794 715 830 807 81.0 815 | 795
ROS 713 714 792 953 810 946 | 82.1
DANCE | 715 786 722 879 799 914 | 803
DCC 785 885 759 886 702 793 | 80.2
PCL 805 828 657 935 687 788 | 783
OVANet | 773 845 818 958 769 947 | 852
OVANet* | 80.9 854 825 975 825 923 | 869
SNAIL 80.6 824 864 942 842 965 | 87.4
CPR 814 844 913 968 855 934 | 88.8
AOVANet | 883 892 886 954 879 953 | 90.8

TABLE II: ODA H-score(%) on the Office-31 dataset (10/0/11)

Method | A2W A2D W2A W2D D2A D2W  Avg
UAN 468 389 549 530 680 688 551
DCC 548 583 853 809 672 894 726
DANCE | 788 849 683 889 791 788 79.8
ROS 717 658 820 982 872 948 833
OSBP | 775 810 729 910 782 950 826
CPR 894 904 886 927 867 985 9Ll
OVANet | 87.0 851 884 994 849 984 9Ll
OVANet* | 90.2 897 868 826 998 969 91.0
AOVANet | 915 851 914 955 912 964 919

classifier C and the one-vs-all classifier O, we implemented a
single fully connected layer for each. The primary distinction
between them lies in the output dimensions: |Cy| for the closed-
set classifier and 2 X |C| for the one-vs-all classifier. For hyper-
parameter selection, a fixed optimal hyper-parameter A of 0.1
was consistently applied.

Baselines. To rigorously evaluate our method, we selected
benchmark methods for both UniDA and ODA. These include:
Open Set Back Propagation (OSBP) [5]; Techniques that
integrate domain discriminators and weighting mechanisms
such as UAN [9], CMU [15], I-UAN [16], and SNAIL [27];
Domain Consensus Knowledge Mining (DCC) [25]; self-
supervised learning approaches like DANCE [10] and ROS
[6]; OVANet [12], employing one-vs-all classifiers; and class
prototype-based methods such as SPA [28], CPR [11], and PCL
[29]. Significantly, when SPA is integrated with OVANet, it is
referred to as OVANet*. We will not compare with UniAM [30]
and the recent work by Deng et al. [31] because they utilized
large-scale pre-trained models (such as CLIP [32] and ViT [33]),
which gives them an unfair advantage over our work and other
baselines.

B. Results on UniDA

Office-31. Table I showcases the comparison results on the
Office-31 dataset in the UniDA scenario, where the highest H-
scores for each task are highlighted in bold and the second
highest scores are highlighted in underlined. The experimental
design involved defining 10 classes as private classes for the
source domain, 10 classes as shared classes across domains,
and 11 classes as private classes for the target domain, with a
degree of sharing between the domains denoted by & = 0.32.

Our method demonstrated superior performance in three of the
six tasks, achieving an average H-score of 90.8%, which is
an improvement of 2.0% over the highest scores of competing
methods. Particularly notable is the Amazon to Webcam task,
where our method surpassed other leading scores by 6.9%,
marking the most substantial improvement for a single task.

Office-Home. Table III presents the results of our method
applied to UniDA experiments on the Office-Home dataset.
The experimental setup included 5 classes exclusive to the
source domain, 10 shared classes, and 50 exclusive classes for
the target domain, resulting in a sharing degree between the
source and target domains of & = 0.15. Our method achieved
the highest average performance on the Office-Home dataset in
this division. However, under the (10/5/50) configuration, our
method surpassed the second-highest method, OVANet, by only
0.4, which may be due to the larger domain shifts.

VisDA. We conducted UniDA experiments exclusively on
the VisDA dataset, a large-scale testbed for unsupervised
domain adaptation across visual domains. We selected six
shared categories, and three categories each that are private
to the source and target domains. The experimental results are
presented in Table III. Our method outperformed OVANet [12]
by 7.1% and surpassed SNAIL [27], achieving the best result.

C. Results on ODA

Office31. Table II displays the comparison results on the
Office-31 dataset in the ODA scenario. In this scenario, the
source domain did not have private categories but included
10 shared categories, while the target domain had 11 private
categories, resulting in an increased sharing degree between the
source and target domains to ¢ = 0.48. Despite the smaller
gains in the (10/0/11) setup compared to the (10/10/11) setup
in Table I, our method still attained the optimal H-score,
outperforming OVANet and CPR [11]. Moreover, our method
achieved the highest scores in two tasks and the second highest
in another.

Office-Home. Table IV presents the outcomes of the ODA
experiments on the Office-Home dataset. In this configuration,
the source and target domains share 25 categories, with the
source domain’s labels being a subset of the target domain. The
target domain contains 40 private categories, leading to a sharing
degree between the source and target domains of £ = 0.38. Our
method achieved the highest average performance on the Office-
Home dataset in this division. Under the (25/0/40) configuration,
our method improves better than the (10/5/50) configuration in
Table III, demonstrating its advantages in dealing with more
source classes effectively.

D. Insightful Analysis

Ablation Study. The results of the ablation study are
displayed in Table VI, examining the individual contributions
of the AOEM loss and One-vs-All Classification (OAC) loss
in the ODA scenario for the Webcam to Amazon task on
the Office-31 dataset. This experiment systematically evaluates
the impact of removing each module separately. The model



TABLE III: UniDA H-score (%) on the Office-Home (10/5/50) and VisDA(6/3/3) dataset

Method Office-Home(10/5/50) VisDA
A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg.  (6/3/3)
OSBP 39.6 451 462 457 452 46.8 453 405 458 451 41.6 469 445 27.3
UAN 51.6 51.7 543 617 576 619 504 476 615 629 526 652 56.6 30.5
SNAIL 559 579 63.1 525 554 564 668 535 61.1 643 538 632 586 59.8
CMU 56.0 569 592 670 643 678 547 511 664 682 579 69.7 61.6 34.6
DANCE 61.0 604 0649 657 588 618 731 612 666 677 624 637 639 42.8
I-UAN 54.1 63.1 652 705 683 732 619 518 638 698 556 70.7 64.0 -
ROS 540 77.6 853 621 71.0 764 688 524 832 716 578 792 70.0 50.1
DCC 58.0 54.1 580 746 706 775 643 736 749 810 751 804 702 43.0
PCL 529 717 845 708 729 821 668 438 842 764 842 765 703 -
OVANet | 600 776 792 697 6384 752 695 553 80.1 757 622 787 710  53.1
AOVANet | 549 768 788 739 718 754 69.1 542 836 782 589 SLI TL4 602
TABLE IV: ODA H-score (%) on the Office-Home dataset (25/0/40)
Method ‘ A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg
DCC 56.1 67.5 667 496 665 640 558 53.0 705 616 572 719 61.7
DANCE 619 613 637 642 586 626 674 61.0 655 659 613 642 630
OVANet 584 663 693 603 65.1 672 588 524 687 67.6 58.6 66.6 633
AOVANEet ‘ 583 653 66.1 63.8 677 693 589 525 702 701 580 68.6 64.1

TABLE V: Comparison between our method and the new weight
method.

Task Our Method  Weight based on one-vs-all classifier
A2D 0.89 0.85
A2W 0.88 0.78
D2A 0.88 0.64
D2W 0.95 0.96
W2A 0.89 0.79
W2D 0.95 0.97
Average 0.91 0.83

employing solely the AOEM loss yielded the lowest H-
score, illustrating its dependence on the foundational OAC
loss. Without the integration of OAC loss, the classifiers do
not effectively assimilate knowledge from the source domain,
leading to suboptimal transfer performance. Conversely, the
model utilizing only OAC loss registered an H-score of 79.1%,
an accuracy of 93.3%, an UNK score of 83.1%, and an AUROC
of 89.4. Incorporating AOEM loss significantly enhanced the
H-score to 91.4%, accuracy to 95.6%, UNK score to 90.6%,
and AUROC to 96.3. These substantial improvements across all
metrics underscore the critical role of AOEM loss in boosting
the model’s overall performance.

Besides, to show the effectiveness of weighting strategy, we
design a new weight method, where the output of a one-vs-all
classifier followed by softmax is adopted as a weight method.
The comparison results are shown in Table V. As we can see,
the proposed method achieves better results than a random
weight or one-vs-all classifier-based method, which could show
its effectiveness.

Feature Visualization. We employed T-SNE to visualize
feature distributions under the ODA scenario for the Amazon
to DSLR task on the Office-31 dataset. Figure 5a illustrates
the feature space distribution for both the source and target
domains. In this figure, red sample points denote source domain
data, blue points indicate known class data from the target
domain, and green points represent unknown class data from

TABLE VI: Ablation study results (%) on Office-31: Webcam
to Amazon task (10/0/11)

OAC AOEM \ H-score Accclose UNK  AUROC
X v 42.1 94.2 85.6 55.0
v X 79.1 93.3 83.1 89.4
v v 91.2 95.6 90.6 96.3

the target domain. These distributions show that known class
samples in the target domain closely align with corresponding
categories in the source domain, forming clusters that facilitate
classification. Additionally, unknown class samples are clearly
separated, aiding the identification of these categories. Figures
5b and 5c present the distributions of true labels and predicted
values in the target domain, respectively, with different colors
marking various categories: pink for unknown classes and other
colors for known classes. It is evident that most samples are
accurately classified, although occasional misclassifications do
occur.

VI. CoNCLUSION

In this paper, we focus on UniDA. Considering that previous
one-vs-all classifier-based methods, e.g., OVANet, have not
considered that a sample contributes differently to the one-
vs-all classifiers, we propose to adapt the model with an
adaptive model weight. Specifically, we propose AOVANet,
which utilizes the prediction probability of close-set classifiers
as weights for the one-vs-all classifiers. This strategy could
adaptively evaluate the relevance of each one-vs-all classifier,
with a more relevant classifier having a larger weight. Despite its
simplicity, the results on three cross-domain image classification
datasets show that AOVANet significantly outperforms the
baseline method, OVANet, especially when the source domain
has a large number of known classes. We believe that this simple
yet effective method can significantly advance the application
of UniDA in real-world scenarios.
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Fig. 5: T-SNE visualization for ODA: Amazon to DSLR on the Office-31 dataset.
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