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Abstract

Open Set Domain Adaptation (OSDA) aims to minimize domain variation while distinguishing between known and unknown
samples. However, existing OSDA methods, which rely on deep neural network classifiers, often lead to overconfident
predictions and fail to clearly demarcate known from unknown samples. To address this limitation, we propose the Energy-
based Open Set domain adaptation (EOS) method. EOS introduces a novel two-stage approach involving a separation stage
followed by an alignment stage. In the separation stage, we employ an energy-based anomaly detection strategy to identify
unknown samples, transforming the traditional K-class classification task into a K+1-dimensional classifier by introducing an
additional dimension to model the uncertainty of out-of-distribution samples. To further refine separation, we apply a coarse-to-
fine method that iteratively improves the separation outcomes, which are integrated as weighted inputs in the alignment process
to enhance feature distribution alignment. In the alignment stage, we employ a dynamic weighted synergistic mechanism,
where the separation network and alignment network co-evolve through continuous alternating training. This mechanism
enables the system to better adapt to invariant features across domains. We evaluate EOS on standard benchmarks, including
Office-31, Office-Home, and VisDA-2017, with experimental results demonstrating that EOS consistently outperforms other
state-of-the-art methods.
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Introduction

The widespread application of Domain Adaptation (DA)
demonstrates its effectiveness in adapting a model trained

& ?Oélg Li@‘; J on the source domain to perform classification tasks in the
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. g target domain [1-3]. Traditional Closed Set Domain Adap-
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share the same category space. However, in practice, the com-
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maintaining this assumption becomes challenging. In such
cases, applying domain adaptation methods under the closed
set condition not only fails to accurately classify the samples
but also increases the risk of negative transfer.

To address this issue, Open Set Domain Adaptation
(OSDA), first introduced by Busto and Gall [4], provides
a promising solution. A commonly used OSDA setting is
shown in Fig. 1. In this setting, the target domain contains not

chaihao21 @mails.jlu.edu.cn

Hunan Engineering Research Center of Advanced Embedded
Computing and Intelligent Medical Systems, Xiangnan
University, Chenzhou 423300, China

College of Computer Science and Technology, Jilin
University, Changchun 130012, Jilin, China

School of Computer and Artificial Intelligence, Xiangnan

University, Chenzhou 423300, China

Key Laboratory of Medical Imaging and Artificial
Intelligence of Hunan Province, Xiangnan University,
Chenzhou 423300, China

only the information present in the source domain but also
additional unknown data that does not belong to the source
domain’s class space. OSDA allows target samples that differ
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(a) CSDA Setting

Fig.1 The figure shows the comparison of CSDA and OSDA. a Is the
case of Closed Set Domain Adaptation: the source and target domains
share the same category space. b Is the case of Open Set Domain Adap-

from the source domain’s label space to be classified into an
‘unknown’ class, effectively adding an extra dimension to the
model to reject identified OOD samples. However, existing
methods face a significant challenge: classifiers trained by
deep learning networks often become overconfident in their
predictions, leading to the misclassification of OOD samples
as known classes. This, in turn, exacerbates negative transfer
during the alignment process in the second stage.

In recent years, with the success of energy-based anomaly
detection methods, we propose using the high or low val-
ues of the energy function in the separation stage of OSDA
to distinguish whether a sample is in-distribution or out-of-
distribution (OOD). The primary cause of overconfidence
in existing models is the closed-world assumption inher-
ent in the softmax layer used for multi-class classification
tasks, which forces OOD samples in open environments to
be classified into known categories. To address this issue,
in this thesis, we modify the original K-way classifier into
a K+1-dimensional classifier during the separation stage of
unknown samples. Instead of relying solely on softmax out-
put, the classification result is determined by the energy
value: a higher energy value indicates that the sample is
more likely to be OOD, while a lower value suggests that
the sample is closer to a known class. This approach effec-
tively models the uncertainty of unknown samples through
the newly added dimension.

In this paper, we propose a two-stage approach called
EOS, which leverages an energy-based anomaly detection
method to address OSDA. EOS is an end-to-end network
module, where the first stage trains a separation network,
and the second stage trains an alignment network while fine-
tuning the separation module. In the first stage, to improve
the classifier’s ability to identify unknown samples, an addi-
tional dimension is introduced to model the uncertainty in an
open-world environment. The effective sample size in this
extra dimension is increased by adding noise to the source
domain. This leads to a classifier capable of effectively dis-
tinguishing unknown samples, although it may only coarsely
classify some unknown samples due to distribution differ-
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(b) OSDA Setting

tation: the target domain contains the same categories as the source
domain, in addition to some unknown samples that do not belong to
any of the classes in the source domain

ences between the source and target domains. To enhance
precision, we incorporate a more refined separation mech-
anism by ranking samples based on energy function values
derived from the logit layer. Since the lowest and highest
energy values correspond to known and unknown class sam-
ples, respectively, this ensures that unknown samples are
excluded during the second stage of domain alignment. In the
alignment stage, we employ a dynamic weighted synergis-
tic mechanism, where the separation network and alignment
network co-evolve through continuous alternating training,
allowing the system to better adapt to changing feature distri-
butions. We construct an adversarial generative network for
the separation stage. Through continuous alternating train-
ing, we obtain a classifier that can accurately determine
whether a target sample belongs to the known label space.
Samples that do not belong to a known class are classified as
unknown and rejected. we continue optimizing the separator
during the alignment stage to better adapt to the evolving
generative adversarial network.
This paper makes the following key contributions:

(1) We propose a novel two-stage OSDA framework, com-
prising a separation stage and an alignment stage. In
the separation stage, we introduce an innovative energy-
based anomaly detection strategy, which extends the
traditional classification task by incorporating an addi-
tional dimension specifically designed to capture the
uncertainty of OOD samples.

During the alignment stage, we leverage a dynamic
weighted synergistic mechanism, where the separation
network is continuously co-evolved and refined along-
side the alignment network, allowing the energy-based
classifier to flexibly adapt to shifting feature distribu-
tions across domains.

We conducted extensive experiments on several stan-
dard benchmarks, including Office-31, Office-Home,
and VisDA-2017. The results show that our method
consistently outperforms other advanced approaches,
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demonstrating its strong ability to balance classification
accuracy and OSDA.

The following structure of this paper is set up as follows:
Sect. “Relate work™ provides an overview of the preceding
relevant research. Section “Method” delves into the details
of our proposed methodology. Section Experiment presents
comprehensive experimental results followed by in-depth
analyses. Section “Conclusion” concludes with a summary
of our research and outlines directions for future research.

Relate work
Closed set domain adaptation (CSDA)

In the CSDA setting, the source and target domains share
the same label space. All samples in the source domain are
labeled, while the target domain has no annotations. Existing
methods for CSDA can be broadly categorized into three
types:

Discrepancy-based Methods: These methods aim to min-
imize the difference between feature distributions in the
source and target domains. For instance, the unsupervised
domain adaptation method DDC [5] utilizes Maximum
Mean Discrepancy (MMD) [6], which maps data from
both domains into a reproducing kernel Hilbert space and
computes the difference between their mean feature rep-
resentations. By reducing this distance, domain shift is
minimized. Additionally, TPDS [7] introduces a Target Pre-
diction Distribution Searching paradigm for Source-Free
Domain Adaptation. It uses proxy distributions and pairwise
alignment with category consistency to minimize adaptation
errors, achieving state-of-the-art performance.

Adversarial-based Methods: Inspired by Generative
Adversarial Networks (GANs) [8], these methods learn
domain-invariant features through adversarial training. A
notable example is DANN [9], which incorporates a domain
discriminator sub-network to distinguish the data source,
while a generative network is trained to confuse the dis-
criminator. SPA [10] introduces a graph spectral alignment
framework that balances transferability and discriminabil-
ity by aligning domain graphs in eigenspaces and refining
the target domain structure with fine-grained message prop-
agation. S2ADAP [11] further extends this approach with
a privacy-preserving, source-free domain adaptation frame-
work for person re-identification (RelD). It uses GAN-based
style diversity augmentation and adversarial mutual teach-
ing to address inter- and intra-domain style discrepancies,
enhancing target adaptation without requiring source data.

Reconstruction-based Methods: These methods focus
on improving pseudo-labeling and distribution alignment
through reconstruction. CPD [12], for example, introduces

a class prototype discovery method for source-free domain
adaptation. By optimizing semantic class prototypes, it
addresses limitations in existing self-training and data gen-
eration methods.

However, the above methods are not suitable for Open Set
Domain Adaptation (OSDA) due to the presence of unknown
samples. These unknowns increase negative transfer, making
it challenging to directly extract domain-invariant features.

Open set domain adaptation (OSDA)

The target domain of OSDA is set closer to the real-world
situation. The target domain contains OOD samples outside
the sample space of the source domain, this constraint was
first proposed by Saito et al. [13] and is also used in our
paper. ATI-A [4] constructs a function from the source domain
to the target domain and optimizes the distance between
the two domains by continuously training. the distance can
determine whether this sample belongs to the unknown class
or the source class. OSBP [13] cleverly combines the idea
of adversarial, by adding an extra dimension to the classi-
fier to represent the probability that a sample belongs to
an unknown class. The method chooses a threshold value
to indicate whether the current sample should be identified
as unknown or not, and the choice of the threshold value
largely determines the accuracy of the classification and also
indicates the limitations of the method. STA [14] avoids the
problem of hyperparameter selection. It computes the dis-
tance between each data and source class through a stepwise
fine separation process, selects the closest and farthest sam-
ple set in the target domain as known and unknown data, and
uses that distance as an instance-level weight in the adversar-
ial network to achieve alignment of the two domains. ROS
[15] exploits the inherent properties of self-supervision to
solve the OSDA problem. Not only a more robust OSDA
metric (HOS) is defined, but also the rotation classifica-
tion method in self-supervised training is used to distinguish
OOD samples. MAOSDAN [16] introduces attention-aware
backpropagation for distinguishing unknown classes, auxil-
iary adversarial learning to mitigate negative transfer, and
adaptive entropy suppression to enhance classification con-
fidence and accuracy in complex adaptation tasks.However,
the above method leads to a model that is always overcon-
fident in its predictions due to softmax classifiers forcing
classification into a known class when separating unknown
samples.

Energy-based models (EBMs)
EBMs capture the dependencies between variables by impos-
ing a range-constrained energy on each configuration of the

variables, which has been implemented extensively in the
field of generative modeling [17-19]. In [20], the authors

@ Springer



250 Page4of13

Complex & Intelligent Systems (2025) 11:250

Fig.2 The overall framework
diagram for EOS. G, in the
figure is our energy-based
separation module. The data
first enters our feature extractor
G ¢ and then flows into G,
which is combined with an
energy model to improve the
recognition of unknown classes,
resulting in a weight w. The
generative adversarial network
G and the classifier G are the
network models of our
alignment stage. w is used in
this stage as instance-level
weights to participate in the
process of domain adaptation

Source X,

Target x,

theoretically demonstrate that OOD data can easily lead to
over-prediction by softmax classifiers. JEM [21] successfully
calibrated the classification accuracy of the model by opti-
mizing the joint distribution with an energy-based function
[22]. Later, EOW-softmax [23] replaced softmax classifiers
in the closed world by combining the results generated by the
logits layer with the energy function, solving the problem of
high confidence and also better detecting OOD samples. In
this paper, we also use an energy-based loss function. When
putting an unknown sample into an energy model trained in
the source domain, the higher energy values are more likely
to be unknown samples, and the lower energy values are more
likely to be known samples. Since it is very difficult to get
OOD samples that can participate in the training directly in
the energy model [24], we use a sampler called SGLD [25] to
generate samples. This method, during training, injects noise
into the parameter updates and anneals the step size.

Method

In this section, we first introduce the basic settings, provide an
overview of EOS, and present an energy separation strategy.
Then, we offer the dynamic weighted synergistic mechanism
in detail. Finally, we reveal the complete two-stage training
process. The framework of EOS is shown in Fig.2.

Preliminaries

We define a source domain dataset Dy = {(xs, y5) @ X
~ PxsYs ™ Py x} that has been tagged and a target domain
dataset D; = {x; : x; ~ p;} that does not contain labels at
all. x; denotes the sample in the source domain, while y;
denotes the label of the corresponding sample in the source
domain. The data in the target domain we denote by x, and
these samples are without labels. py and p; show the dis-
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tribution of edge inputs in the source and target domains,
respectively, where we explicitly specify ps # p:. We repre-
sent the conditional output distribution of the source domain
as py|x. However, we cannot provide the conditional output
distribution for the target domain because we lack the true
labels needed to calculate it. In CSDA, for the label set Cy of
the source domain and the label set C; of the target domain,
we then obtain the relationship: C; = C;. However, due to the
presence of unknown samples, in OSDA, it directly results
that the class space of the target domain is contained in the
source domain, i.e., C; C C;. We treat the classes in C as
known classes and those belonging to Cs \ C; as unknown
classes. Also due to unknown samples, we can know that
ps = p,C * which is denoted as the edge input distribution of
known category samples in the target domain. This means
that the main task of our OSDA is not only to achieve the
alignment of known categories but also to reject unknown
samples from participating in this process.

Overview

The two major challenges of OSDA are the domain discrep-
ancy problem and the inability to effectively discriminate
between known and unknown classes, respectively. When
matching the whole source and target domains directly ignor-
ing the unknown samples, this mandatory alignment method
directly leads to the unknown samples directly participating
in the training process of the known samples, which leads to
negative migration. Thus, we should only focus on the shared
category space of the two domains in the alignment process
and reject the unknown samples. That is, if we can find an
effective separation strategy to separate the unknown samples
first, then we can use the traditional SCDA-related methods
in the alignment process afterward. Based on the above analy-
sis, we decide to use a two-stage approach (EOS). EOS uses
an energy-based OOD detection method in the separation



Complex & Intelligent Systems (2025) 11:250

Page50f13 250

stage, and two progressively finer separations to first train
a classifier that can effectively identify unknown samples.
Then, we use the known target domain samples predicted in
the first stage to align with the source domain, while train-
ing an extra dimension in the network to model the unknown
samples, and finally, reduce the domain differences by adver-
sarial learning to also reject the unknown samples.

Energy separation strategy

As mentioned above, traditional softmax classifiers force
an unknown sample to be classified into one of the known
classes due to the uncertainty of the open world. We used
a new energy-based softmax classifier [23] that successfully
identified the unknown samples. The network model changes
the traditional softmax layer by adding an extra dimension to
the logits layer to model the unknown samples, as shown in
Fig.2, where the traditional K-way classification is changed
to K+1 dimensions and the final softmax layer produces prob-
abilistic results for K+1 classes. We first assume that our
network model is f: RP? — REK*! We stipulate that this
model is an incomplete model that does not include the final
softmax first, so the model yields only K+1 logits layer pro-
cessed values. For any one sample x, f(x)[i] denotes the
corresponding i-th logit, with i € {1, ..., K, K + 1}. Finally,
our complete model Fy(x) is composed of a combination of
f(x) and a softmax layer. The results obtained are shown
below:

exp (f(O)[i])
YA exp (F (D

Fo(0)li] = (1

With the help of EBMs [22] and EOW-softmax [23], we
obtain an energy function formula:

Eg(x) = log Fp(x)[K + 1] @

and the final energy-based optimization function Le:

min B, | — log Fy(0l] |
3)
+Epy ) [ “log Fo(0)[K + 1] ]

For equation (2), [23] explains that Ey(x) can assign high
energy to variables that are not observed (i.e., unknown sam-
ples), and conversely lowerEy(x) is more likely to be a
sample of a known category. For Equation (3), the first term
optimizes the classification accuracy of the first K classes by
using the true labels of the source domain data to calculate
the maximum log-likelihood objective, and the second term
indicates that we optimize the probability prediction for the
K+1-th term, which belongs to the unknown class. However,
we notice that there are no directly labeled unknown samples

for our model to use, so we take a sampler based on SGLD
to generate unknown samples. The network parameters of
the second term are the same as those of the first term, but
the parameters of the second term are frozen because it is
necessary to ensure that the noise samples are generated on
the basis of the samples from the source domain and cannot
participate in the gradient update to avoid negative effects
on the optimization of the first K classes. It is also explained
theoretically in EOW-softmax that optimizing the final result
of our formulation (4) can make the softmax score of the first
K categories proportional to our edge input distribution py,
while the result of the K+1-th category is inversely propor-
tional to p;.

At this point, according to the energy value we can find out
which data are closer to the shared class and which are more
likely to be unknown samples, but for a significant portion
of the data, we cannot determine their classification when
their probability of belonging to the K+1-th class is close
to 0.5, so we propose a finer second separation. In the final
obtained softmax scores, based on the value of the K + 1-
th class sorted from largest to smallest, we choose only the
highest and lowest sorted data, which have high confidence
levels, at which point we can basically determine that these
data belong to the unknown and known samples, respectively.
These samples are then pseudo-labeled and used as input for
the second stage of alignment training.

Dynamic weighted synergistic mechanism

After the process of separation network G, in the first stage,
the scene is now more like a traditional CSDA. Dynamic
Weighted Synergistic Mechanism (DWSM) in doing domain
alignment uses adversarial domain adaptation [9, 13, 14],
where we use a feature extractor G to obtain domain
invariant features and a classifier Gy to calculate the final
classification accuracy. Since the source domain has | Cs |
categories, the final classification resultis of | Cs |+1 dimen-
sions, with extra dimensions to calculate the likelihood of
belonging to unknown samples. We first define the classifi-
cation loss on the source domain as follows:

cls__ Z

S
x; €Dy

(G1|C| Gf(xz)), i) @)

where L, is cross-entropy loss, also, since the source domain
does not contain unknown samples, we use G )lf‘cll to denote
the probability that a sample belongs to each of the first
| Cs | known classes. Based on our separation results,
the probability of a sample belonging to an unknown class
that can be clearly known is expressed using w, i.e., w; =
G;IlC‘Yl (G s (xi)), which represents the probability that the
energy-based separator G, assigns a sample to an unknown
class. The higher the value of w, the higher the probability
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of belonging to the unknown class. Similarly, 1-w implies
the probability that this sample belongs to the known class.
In this way, when doing a multi-class classification tasks,
we don’t need to train another binary classifier to indicate
Whether the current data is an OOD sample. To more accu-
rately use the data from the target domain in the calculation
of the adversarial loss, we use its corresponding w as a soft
instance-level weight, as follows:

1

La=—3"L.(Ga(Gs (). d;)

ng
1 )

° x; €Dy
ZLe<Gd (Gy (xi))vdj>

_l’_ -
ZXjEDt (1 - wj)XjGD[

where G4 denotes our domain discriminator network, G 7 is
our feature discriminator, and d; is used to indicate whether
the current data is from the source or target domain, corre-
sponding to a value of 0 and 1, respectively.

In addition, we need to train the unknown samples that can
be effectively distinguished by the classifier G . L ensures
that the model is very accurate in classifying shared classes,
but is unable to model the dimensionality corresponding to
unknown samples. After we sort the samples in the separa-
tion stage based on w values from largest to smallest, the
top few samples belong to the unknown class with a very
high confidence level. Using these data and assigning w to
each data as a weight, we can define a weighted loss used to
distinguish the unknown class:

t 1 —w;
Lcls - Zx_/eD, (1 _ wj) Z (1 ])

x;€D; 6)
H (Y Gy (1) )

where y, denotes the unknown class and this loss assigns
samples with high w values to the unknown class. GIyCS|+1
(G f) is the probability of assigning the target sample to the
unknown class by the classifier G,. Finally, we define an
entropy loss that forces the decision boundary to pass through
the low density region of the target domain[26, 27].

] Y (1—w))

ij-eD, (1 - wj) x;eD;
H(GYN (G (x) )

where H is the entropy loss and H(p) = — Y, pk log pr. In
optimizing this loss, we only need to minimize the entropy
of the data belonging to known classes in the target domain,
so we use 1 — w as the instance-level weights of the sam-
ples. These are the loss functions we need to use in the
domain alignment stage, and minimizing these losses can

Ly, =
@)
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Fig. 3 The diagram of the second-stage learning process. Since the
domain-invariant features are learned through the adversarial network,
which are different from the features trained solely on the original data,
we further adapt the model to these domain-invariant features in the
second stage by freezing the parameters of G y and retraining the energy-
based separation module G,

achieve our goal of multi-class classification tasks under
OSDA. However, there is still a problem in our experiments,
which directly leads to the deterioration of our classification
accuracy. In order to get better performance and faster con-
vergence of the classifier G, in the source domain during
the alignment stage, the feature extractor G 7 in this stage
directly uses the network model and parameters from the
completion of the separation stage. We keep obtaining invari-
ant features in both domains through the adversarial network
during the domain adaptation process. After many iterations,
G obtains better predictions using the features extracted by
G 7, but this also directly leads to a significant change in
the distribution of the final extracted features compared to
the beginning of the second stage, as shown in Fig. 3. This
means that if G, still uses G s to predict the energy separa-
tion values, the confidence level will be reduced. To address
this issue, we alternate training G, once after each round of
training the ground adversarial network in the second stage
to ensure that the accuracy of our ground energy separation
prediction does not decrease due to changes in G y. When
we need to update the network parameters of G, the param-
eters of G y are frozen because we want G, to achieve better
separation using domain invariant features instead of only
performing well on the source domain, thus avoiding nega-
tive migration while achieving domain alignment.

Training process
Step 1

The main function of this stage is to be able to separate
the known samples from the unknown samples. We use the
energy-based softmax function to finally determine a feature
extractor Gy and a classifier G.. Our goal in this stage is
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to minimize the classification loss L, of G, to improve the
accuracy of separating unknown samples as much as possi-
ble. If we use 8¢, 0, to denote the optimal parameters of G ¢
and G, respectively, then our objective can be expressed by
the following equation:

P4 1G] :
(ef,ee |C:1) = argmin L, 8)

c
Or.0e |l-=s1‘

Step 2

This stage starts with training a classifier G that performs
well on the source domain based on G/ in the first stage.
We then obtain the weights w we need by processing the
extra dimensions of G, in the first stage, which will be added
to Ly and Lj to be used as instance-level weights. Then,
in the adversarial, we get the domain invariant features by
optimizing L4, while we have to continue minimizing Le
again when Gy keeps changing because of L,. These two
processes are performed alternately. If 6, 6y, 6, are used to
denote the most available parameter values of G ¢, Gy, and
G4 respectively, then our final optimization objective can be
written as:

(9} 9;1) =argmin L}, + Léls +ALg + Ly, )
0y,04
(0}) =argmin L}, + L), —ALs+ Ly, (10)
Of
(6’1) =argmin L, (11)
0

where A is a hyperparameter used to measure our adversarial
loss.

We propose a two-stage training model. In the first stage,
we introduce an energy-based separation strategy to develop
a classifier that effectively distinguishes between known and
unknown samples. In the second stage, we refine the separa-
tion results from the first stage by leveraging DWSM, which
simultaneously improve the performance of the unsupervised
multi-class classification task.

Theoretical complexity analysis
First stage: energy function and pseudo-label generation

e Energy function calculation: Analyze the time com-
plexity of computing the energy value for each sample
through the classifier. Suppose that the forward propaga-
tion of the classifier has a complexity of O ( f(n)), where
n is the dimensionality of the input features, the com-
plexity for m samples would be O (m - f(n)).

e Pseudo-label generation: In secondary separation, the
sorting based on energy values may have a complexity of
O (mlogm).

Second stage: adversarial network training

e Adversarial network complexity: Adversarial training
involves alternating optimization of the generator and
discriminator. For each training batch, analyze the for-
ward and backward propagation complexity. Assuming
the model has k parameters, the complexity for a batch
size bis O(k - b).

e Dynamic weight updates: The complexity of comput-
ing instance-level weights. Calculating weights based on
alignment loss have a complexity of O (m).

Overall complexity Summing up the components, the
overall complexity of the algorithm can be expressed as:

Opos = O(m- f(n))+O(mlogm)+T -(O(k-b)+ O(m))
12)

where T is the number of iterations in adversarial training.

Experiment
Experimental details

We applied our method on three widely used standard data
sets Office31, Office-Home, and VisDA-2017, and compared
it with other state-of-the-art methods. Office31 [28] con-
tains three different domains, Webcam (W), Amazon (A),
and Dslr (D), and each domain contains 31 categories, and
all three domains contain the same category space. In our
experiments, we use the same setting as OSBP. We sorted all
classes by initial alphabet and selected the first ten classes
at the top as known classes and the last eleven classes as
unknown classes. We finally completed a multiclassification
task with 11 categories in the Office31 dataset. Office-Home
[29] contains 4 different domains, namely Product (Pr), Art
(Ar), Real World (Rw), and Clipart (Cl), and each domain
contains 65 categories. Our method selects the first 25 cat-
egories in alphabetical order as known classes and all other
category samples as unknown classes. The number of classes
and domain differences on this dataset exceeded those on the
Office31 dataset. VisDA-2017 [30] contains two domains,
Synthetic and Real, each containing 12 classes. The Syn-
thetic one is a series of 2D renderings synthesized from 3D
items, and the Real one is composed of real images. We run
only one task on this dataset, where the source domain uses
Synthetic and the target domain uses Real. For the division
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which also ensures that our approach can be evaluated more
comprehensively. % P
. . X > I = O N X
EOS is compared to the following methods: OSVM [31], SIFeXITRIIS
MMD + OSVM, DANN + OSVM,ATI-x [4], OSBP [13], a) -
Moz O = ot SN A
STA [14], UAN [32], SE-CC[33], DAOD [34], ROS [15], and 28|35 z493E5 <
SURC[35]. We apply the maximum mean discrepancy [6] to
. s %8} — —
QSVMtoobtamMMD+OSVM.Slmllarly,DANN+OSVM % % S E % 2 S E :;‘: E
is the method obtained by combining the domain adversarial
network [9] and OSVM. The backbone network used in our % NS 4 oMo e A o
paper on all three datasets is the pretrained Resnet-50 [36]. S|l$8LTX2EER
In our experiments, we choose different random seeds to run ? s ] o m o oo oo —
three times and finally record the average of the three results. 2|8ls g e
Building on previous work [13, 15]: we chose three met-
rics: (1) OS*:averaging the accuracy over all known classes; é 5 g g g § § § E g
(2) UNK: the accuracy of the network over unknown classes.
(3) HOS: we use this metric to estimate the normalized accu- % A N R
. . D Vv e A on T 0 O O
racy over all samples, which is calculated based on OS* and Pl S0~ s S
UNK, as follows: = -
Ao |23 T 88&8&&X=
HOS 2x 0S*xUNK (13)
= wn —
0S* +UNK oldadczsl2as
TS0 O K n >~ &
[}
=
In our experiments, we record OS*, UNK, and HOS for each ji % E % E ‘:’5 ; E—F ; § ;
domain adaptation task and calculate the average accuracy = 2
of all tasks on a dataset. In this study, we focus on HOS % T slm == nee e = %
evaluation metrics. Our initial learning rate is set to 0.001 and Zlplo|l I3 S EREITIT LS _§
. . . . Q
the weight decay of the learning rate is 0.0005. the gradient r:: £
. <= Al oS 0oy n = O =&
descent algorithm uses momentum SGD and the momentum g % — 6 a8 S ad | E
. >~ >~ 0 < v >~ 0 0 R o
is set to 0.9. B S
% |l o oaooin~un =
kS Z|l s = & = 8 & 8 v =~ 20
—_ Pl ok o>~ ~ |5
Results Tz £
8 Meg oS emo gt oalg
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The experimental results on Office-31 are shown in Table 1, o g
where we compared all six subtasks. Our method achieved _; dleazacnsqgls
the highest precision on four out of the six tasks, and the £ Tlom weas & ood §~
. . Q @
average HOS of our method is 2.0% higher than that of the g M 2
- R = Zlo v & % 00 qw|y
second-best method, ROS. Additionally, it can be observed % S5l eI els
that methods such as STA, UAN, SE-CC, and SUCR exhibit . o) =
P . * <+ o n e A v n o |.C
a significant gap between their OS* and UNK performance, < J: Blessuvsanss|E
S T . . . . ) SN R XXX |E
which is primarily due to their poor classification capabil- £ %
ity for unknown target domain samples. In contrast, when <8 T = = = TE
. X = o — o
comparing these two metrics for our method, the smaller b g % = q 8 AT ‘Dﬁ 3
. .. . = | d =} — = s
gap indicates that our method better distinguishes known and 2 3 zZE&Ez0 820 ¢|5
Q| = EEx <@nDo0o0< 3|7
unknown samples. = 1O n OB unn&AdOolm
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Table 3 Accuracy (%) of all

methods on VisDA-2017 with Synthetic—Real

ResNet50 backbone bcycl  Bus Car mcycl  Train  Truck OS*  UNK  HOS
ResNet [36] 42.6 6.4 305 67.1 84.0 0.2 347 551 42.6
DANN [9] 20.1 714 295 744 67.8 10.4 456 789 57.8
OSVM [31] 317 51.6 665 704 88.5 20.8 549 380 44.9
MMD+0OSVM [31] 39.0 50.1 642 799 86.6 16.3 56.0 4438 483
DANN+OSVM [31]  31.8 56.6 717 714 87.0 223 57.8 419 48.6
ATI-2 [4] 46.2 575 569  79.1 81.6 327 59.0 650 61.9
OSBP [13] 53.9 776 564  89.1 74.4 222 623 713 66.5
STA [14] 38.2 69.1 512 876 78.0 11.1 559 752 64.1
Ours 61.1 756 523 707 85.3 20.8 61.0 9038 73.0

Boldface values indicate the best performance among the compared methods

Table 2 presents the experimental results on Office-Home,
where the domain differences are significantly larger. In these
experiments, our method achieved the highest average HOS,
reaching 67.3%. While ROS achieved the highest average
HOS among all baseline methods, it is still 1.0% lower than
our method. Our proposed method outperformed all other
comparison methods in 8 out of the total 12 tasks. Addition-
ally, it can be observed that methods such as DANN, UAN,
and DAPD performed even worse than ResNet-50. This is
primarily due to their incorrect alignment of source domain
features with unknown target features, which resulted in neg-
ative transfer. The failure of these methods can be attributed
to their poor ability to separate known and unknown target
domain samples. A similar phenomenon to that observed in
Table 1 occurs here, where some methods show high accuracy
on the OS* metric but perform poorly on the unknown class.
For instance, the UNK results of UAN on all 12 tasks are
essentially 0, indicating that this method is unable to effec-
tively separate unknown samples. In contrast, the average
UNK of our method is the highest, exceeding the second-
best method, ROS, by 3.4%. Furthermore, it is observed that
the OS* and HOS metrics of our method are nearly identical,
demonstrating that our method achieves balanced classifica-
tion performance for both known and unknown classes.

Table 3 shows the experimental results on VisDA-2017.
We present the classification accuracy for all classes, and
the results demonstrate that the average HOS of our method
is the highest, reaching 73.0%. This further confirms that
EOS remains effective on datasets with significant domain
discrepancies. Additionally, considering the experimental
results from Tables 1, 2, and 3, it can be observed that the main
advantage of our method lies in its ability to effectively distin-
guish between known target domain samples and unknown
samples. This is particularly evident in Table 3, where some
comparison methods achieve average OS* scores similar to
ours, but our method achieves a much higher UNK score.

@ Springer

This result indicates that our method is highly effective in
separating known and unknown target domain samples.

Analysis
Ablation studies

Table 4 shows the results of the experiments on Office-Home
for our method and its related variants. We tested all 12 sub-
tasks on this dataset. In the table, we use HOS metrics to
compare the differences. (1) w/o s is a variant that we use
the traditional softmax classifier instead of the energy-based
classifier we propose in this thesis, and in the second stage
we use only the adversarial network, eliminating the process
of optimizing the first stage of the separation network. (2)
w/o ¢ is a variant that we propose using the energy separa-
tion strategy, but the alignment stage does not alternatively
train the separation network, only the adversarial network is
used. (3) w/o e is a variant we propose based on w/o s, which
only adds the optimization training of the first-stage separa-
tion network in the alignment stage, and the other settings
are the same as w/o s.

Studying the data in Table 4 we find that our proposed
method improves by 9.9% relative to w/o s. This is also direct
evidence that our proposed two innovations can effectively
improve the classification accuracy under the OSDA prob-
lem. In addition, comparing w/o s and w/o ¢ we find that the
improvement on HOS reaches 6.9%. By comparing these
two experiments, we confirm that the traditional softmax
network cannot effectively distinguish the unknown sam-
ples, while the energy-based separation strategy proposed
in this paper can effectively separate the unknown samples.
Besides, when comparing w/o s and w/o e, we notice that
w/o e is only 1.6% higher than w/o s in terms of average
HOS, and this improvement is relatively small compared to
the other variants. Because w/o e is only optimized on the
traditional softmax, which does not effectively distinguish



Complex & Intelligent Systems (2025) 11:250

Page 110f 13 250

Table 4 Results of EOS and its three variants on Office-Home (Resnet-50)

Ar—Pr Ar—Rw Cl—Ar Cl—Pr Cl—Rw Pr— Ar Pr—Cl Ar—Rw Rw— Ar Rw—Cl Rw—Pr Avg

Ar—Cl

Method

66.3 452 56.1 63.9 62.6 55.3 62.5 62.1 473 60.8 52.7 54.5 57.4

EOS w/o s

70.8 54.3 59.2 69.6 71.2 63.9 66.9 72.4 57.1 65.2 57.8 63.3 64.3

EOS w/o ¢

67.4 45.7 57.6 65.8 63.2 57.1 63.8 65.9 49.5 61.7 54.4 56.3 59.0
65.2

EOS w/oe
EOS

67.3

66.6

60.7

68.3

61.8

74.6

69.8

73.4

72.0

63.5

579

73.6

Boldface values indicate the best performance among the compared methods

unknown samples, this also leads to the fact that we are opti-
mizing the alignment stage under the influence of negative
migration, so the accuracy of the improvement is not high.
Finally, we compare w/o s, w/o c, and our method, and the
experimental results also prove that both of our innovations
combined are better than adding only any one of them.

Parameter sensitivity

In Fig. 4a we show the effect of different values of the hyper-
parameter X (in(9)) on the accuracy of our experiments. We
randomly selected three tasks on Office-Home, and in this
experiment, we choose Pr-Rw, Ar-Pr, and Rw-Cl. The val-
ues of A were 0.5, 1, 2, 4, 6, 8, and 10, respectively, and
the changes in experimental results of the three tasks were
recorded by HOS indicators. In the figure, we find that the
accuracy of the experiment increases and then decreases as
A changes from 0.5 to 10. The experimental accuracy is
highest when A = 2. The results show that the adversar-
ial network helps us to improve the overall accuracy, and the
effect of adversarial on the overall results is nonlinear. Fig-
ure 4b shows the changes of three metrics OS*, UNK, and
HOS for a subtask Cl-Rw in Office-Home under the influ-
ence of different A values. We find that the value of UNK
is gradually smaller when A keeps increasing, but the result
of OS* gradually increases, in addition, HOS first increases
and then decreases. This shows that the classification effect of
the adversarial network on the known classes is reduced due
to the presence of unknown samples, and when we increase
the weight of adversarial learning in the whole network, i.e.,
when we increase the value of A, our effect on the known
classes is improved.

Conclusion

In this paper, we proposed a two-stage method called EOS.
This method leverages an energy-based separation strategy
to tackle the OSDA problem. In the first stage, we enhanced
the traditional classifier by introducing energy functions,
allowing for the identification of unknown samples with
high confidence and the generation of pseudo-labels through
secondary separation. In the second stage, we employed
an adversarial network with instance-level weights and
alternated the training of the classifier to refine the separa-
tion results. This dynamic weighted synergistic mechanism
enables the separation and alignment networks to co-evolve
through continuous alternating training, allowing the model
to adapt to shifting feature distributions across domains. The
integration of these two stages forms a robust, end-to-end
solution for open-set domain adaptation. Our experiments
on multiple datasets demonstrate that the model is highly
effective across datasets with varying degrees of domain
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Fig.4 Parameter sensitivity 90
analysis: a shows the variation 0 0
of HOS metrics following 4 . | ’ * "
lambda for the three subtasks on ) A e + " i) = | 1 - ;
the Office-Home dataset. b s = . - L “o0 ] : ot = - 1
shows the three metrics on the g 4 * * )
Cl-Rw task when different 3 %
lambda values are taken #=Pr-Rw 40 08>
10 &= Ar-Pr 30 A= UNK
&= Rw-Cl #—-HOS
20 20
0.5 1 2 4 6 8 10 0.5 1 2 4 6 8 10
» »
(a) (b)

divergence, showcasing strong robustness and adaptability.
In the future, we aim to address the limitation that pseudo-
label quality heavily relies on the accuracy of the initial
separation. To improve this, we plan to explore leveraging
pre-trained models like CLIP for generating more reliable
pseudo-labels. Additionally, we will work on extending the
EOS model for source-free open-set domain adaptation to
enhance its applicability in real-world scenarios.
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