Published in Transactions on Machine Learning Research (04/2026)

Adapt via Bayesian Nonparametric Clustering: Fine-Grained
Classification for Model Recycling Under Domain and Cate-
gory Shift

Zeya Wang* zeya.wangQuky. edu
Dr. Bing Zhang Department of Statistics
University of Kentucky

Longwen Shang longwenshang@uuic.ca
Department of Mathematics and Statistics
University of Victoria

Yang Ni yang.ni@austin.utexas. edu
Department of Statistics and Data Sciences
The University of Texas at Austin

Chenglong Ye chenglong.ye@Quky.edu
Dr. Bing Zhang Department of Statistics
University of Kentucky

Reviewed on OpenReview: https: //openreview. net/ forum? id=J5B4yt7C37

Abstract

Recycling pretrained classification models for new domains, known as Source-Free Domain
Adaptation (SFDA), has been extensively studied under the closed-set assumption that
source and target domains share identical label spaces. However, this assumption does
not hold when unseen classes appear in the target domain. Addressing this category shift
is challenging, as unknown target classes usually arise with no prior knowledge of their
identities or number, and becomes particularly difficult in the source-free setting, where
access to source data is unavailable. Most existing methods treat all unknown classes as
a single group during both training and evaluation, limiting their capacity to model the
underlying structure within the unknown class space. In this work, we present Adapt via
Bayesian Nonparametric Clustering (ABC), a novel framework designed for SFDA scenarios
where unknown target classes are present. Unlike prior methods, ABC explicitly achieves
fine-grained classification of unknown target classes, offering a more structured vision of
the problem. Our method first identifies high-confidence target samples likely to belong to
known source classes. Using these as guidance, we develop a guided Bayesian nonparametric
clustering approach that learns distinct prototypes for both known and unknown classes
without requiring the number of unknown classes a priori, and assigns target samples
accordingly. We further introduce a training objective that refines the source model by
encouraging prototype-based discriminability and local prediction consistency. Experiments
show that our method achieves competitive performance on standard benchmarks while
simultaneously providing effective clustering of unknown classes.
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1 Introduction

Deep learning models usually require large labeled datasets, but due to costly annotation (Ganin et al.,
2016), labeled data in a source domain is often used to train models for unlabeled data in target domains.
However, due to domain shift (Torralba & Efros, [2011), these models often fail to generalize, motivating
the development of Unsupervised Domain Adaptation (UDA) techniques to bridge the gap. Traditional
UDA methods typically assume no category shift, meaning the label sets of the source and target domains,
denoted as Cg and C¢, are identical, i.e., Cs = C¢, a setting known as closed-set domain adaptation. With
the progress of UDA, increasing attention has been paid to the more realistic category shift scenarios that
relax this assumption, allowing Cs + C¢, and thus permit the presence of unknown target classes. While many
methods have been proposed to handle different category shift settings, most still follow traditional UDA
approaches that require access to source data. This requirement limits the practicality of UDA methods due
to factors such as privacy concerns, bandwidth constraints in distributed systems, and the lack of access to
source data, for example when it is sensitive, too large to transmit, or lost due to corruption (Kundu et al.|
2020). In such cases, it is desirable to recycle the source model without access to the original source data.
These challenges have motivated the development of source-free domain adaptation (SFDA) methods, which
perform UDA without the source data. Despite their potential, existing SFDA research has primarily focused
on the closed-set setting. More realistic scenarios with label mismatches, where unknown target classes may
be present (as illustrated in Figure [1)), remain underexplored due to their increased complexity and ambiguity,
with only a few works addressing these challenges (Liang et all 2021} |Qu et al., [2023; |[Liang et al., |2020)).

While these prior works have demonstrated effective performance in classifying known classes and effectively
detecting samples from unknown classes, they typically frame the problem within a standard classification
setting, treating all unknown classes as a single unified “unknown” category. However, collapsing all unknown
classes into one label risks overlooking the latent structure within them, potentially hindering transfer learning
performance. Furthermore, with the growing interest and development in deep clustering (Min et al.| |2018)),
where unlabeled samples are automatically grouped based on their learned embeddings, there is increasing
practical value in partitioning samples from unknown classes into finer-grained clusters. This not only
enhances interpretability, but also supports downstream tasks that benefit from more granular classification.
For example, in medical imaging, it may reveal previously unobserved patient subpopulations when adapting
a diagnosis model to data from a new cohort; in robotics, it could help systems distinguish novel sensory
patterns in unfamiliar settings; and in security, it can facilitate identifying and separating unseen attacks
or anomalous behaviors when deploying a recognition model to a new environment, enabling more effective
handling of different unknown patterns.

A promising strategy is to integrate clustering into the adaptation process, enabling the model to simultaneously
classify known classes and cluster unknown samples (i.e., samples from unknown classes) into distinct latent
groups. This joint task presents additional challenges: not only is the identity of unknown classes unavailable
during adaptation, but the number of unknown classes is also unknown. The number of ways to cluster n
samples into K non-empty subsets is given by the Stirling numb he second kind S(n, k), whereas allowing
an unknown number of subsets yields the Bell number Bn = | _,S(n,K), which grows much more rapidly
with n. Traditional methods that tune the number of clusters K (e.g., using internal measures such as the
Silhouette score (Rousseeuwl, [1987) or Elbow methods (Thorndike, [1953))) often require repeatedly refitting
the clustering model across a set of candidate K values, which can introduce non-negligible computational
overhead and make integration into the SFDA pipeline less straightforward. More critically, such tuning
procedures require defining a search space for the number of clusters K, e.g., for a grid search, which relies
heavily on prior knowledge of the true K and whose range depends on the dataset scale. For instance,
target-domain datasets with many classes demand much broader search ranges than those with only a
few, making grid design not very practical for real-world scenarios where prior knowledge of the number of
target-domain classes is usually unavailable.

In this paper, we propose a novel algorithm to Adapt via Bayesian Nonparametric Clustering (ABC), which
simultaneously classifies known-class samples and clusters unknown ones, while recycling a source model when
unknown classes arise in the new domain. ABC first identifies target samples with high confidence of belonging
to known classes. Using these detected samples as anchors, a guided Bayesian nonparametric clustering (BNC)
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Figure 1: An illustration of the SFDA problem with unknown target classes (with both source- and target-
private classes displayed) and the goal of our method.

model is introduced to assign the remaining samples either to existing known classes or to newly formed
unknown classes, while simultaneously learning prototypes for all classes, both known and unknown. We
further incorporate a prototype regularizer, which aligns samples with their assigned prototypes, and a local
consistency regularizer, which promotes prediction agreement within local neighborhoods, together facilitating
iterative re nement of the source model for adaptation to target samples. In our model, the BNC component
automatically learns the number of unknown classes, allowing their structure to emergea posteriori and
eliminating the need for costly grid searches to determinek . We conduct extensive experiments and analyses,
and demonstrate its e ectiveness and solid performance compared to competitive baselines.

2 Related Work

Unsupervised Domain Adaptation (UDA): UDA methods improve the generalization ability of deep
neural networks across di erent domains and mitigate the performance degradation caused by domain shift.
Among the most widely adopted approaches are discrepancy minimization methods(Tzeng et al., 2014; Lang
et al., 2015; Sun et al., 2016; Long et al., 2016; 2017; Chen et al., 2019) and adversarial training techniques
(Ganin & Lempitsky, 2015; Ganin et al., 2016; Tzeng et al., 2017; Zhang et al., 2018; Wang et al., 2020).
To reduce domain shift, discrepancy minimization methods introduce a divergence measure between data
distributions across domains and minimize it, while adversarial training, inspired by generative adversarial
networks (GANs)(Goodfellow et al., 2014), leverages a domain discriminator to classify samples as originating
from the source or target domain, thereby encouraging the learning of domain-invariant features (Ganin
& Lempitsky, 2015; Ganin et al., 2016). More recent research has begun to address the UDA problem
under category shift. Research has examined partial(Cao et al., 2018a;b; Wang et al., 2020; Li et al., 2021),
open-set(Liu et al., 2022; Panareda Busto & Gall, 2017; Saito et al., 2018; Jang et al., 2022; Li et al., 2021),
and open-partial domain adaptation scenarios(You et al., 2019; Li et al., 2021). Furthermore, there is a
growing interest in developing general methods that can handle di erent settings (Chen et al., 2022; Saito
et al., 2020; Li et al., 2021). Many of these approaches detect samples from unknown classes by identifying
uncertain instances based on indicators derived from prediction outputs, such as entropy values (You et al.,
2019; Jang et al., 2022). Other approaches leverage clustering-based strategies to identify shared classes.
For example, Domain Consensus Clustering (Li et al., 2021) clusters samples in both source and target
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domains and then evaluates semantic consensus among cluster centers to identify shared classes. Global and
Local Clustering (Qu et al., 2023) performs one-vs-all clustering by comparing target samples to source-class
prototypes and negative prototypes obtained via clustering, assigning known-class labels based on higher
similarity to source prototypes. While these methods provide exible clustering-based frameworks that aid
identifying shared classes, most still rely on standard clustering algorithms like KMeans (MacQueen et al.,
1967) and require repeated re tting across candidateK values.

Source-free Domain Adaptation (SFDA): SFDA focuses on adapting a model pre-trained on the
source domain to a target domain without requiring access to the source data. Many methods have been
proposed to address this problem, often concentrating on conventional settings where no category shift is
assumed between source and target domains (Liang et al., 2020; Qu et al., 2022; Yang et al., 2021b; Ding
et al., 2022; Yang et al., 2022). Some approaches utilize the source model to extract anchor features and
then assign pseudo-labels based on these anchors (Ding et al., 2022), while others adapt the source model by
promoting consistency among local neighborhood features in the target domain (Yang et al., 2022). Only
a few works have tackled SFDA under category shift conditions, where target classes may not completely
overlap with source classes (Qu et al., 2023; Kundu et al., 2020; Liang et al., 2021). Although these methods
represent signi cant progress, they often treat all unknown classes uniformly in both modeling and evaluation,
and seldom explicitly explore the clustering behavior of samples from unknown classes in the target domain.

Bayesian Nonparametric Clustering (BNC): Clustering aims to group similar observations into a xed
number of clusters. Common methods like K-Means and nite mixture models require specifying the number
of clusters, K, in advance (JAIN et al., 1999; Reynolds, 2015). While internal validation approaches can help
tune this parameter by evaluating internal metrics across di erent values of K, including in deep clustering
settings (Wang & Ye, 2026), they often require repeated model re tting, selection of evaluation criteria,
and careful design of a search range. BNC addresses this limitation by inferring the number of clusters
as part of the model (Hjort et al., 2010), allowing clustering without prede ning the number of clusters.
BNC encompasses a exible family of mixture models, such as Dirichlet Process Mixtures (Ferguson, 1973;
Antoniak, 1974), Pitman Yor Process Mixtures (Pitman & Yor, 1997), and Normalized Generalized Gamma
Process Mixtures (Lijoi et al., 2007), which can approximate complex data distributions. Advances in scalable
inference techniques, such as variational inference (Blei & Jordan, 2006; Ni et al., 2020b) and consensus Monte
Carlo (Ni et al., 2020c;a), have enabled BNC to handle large datasets, making it applicable in large-scale
scenarios. Recent advances have integrated BNC with deep neural networks, enabling automatic discovery of
the number of clusters when clustering high-dimensional data(Wang et al., 2021; Ronen et al., 2022). Together,
these developments make BNC accessible to a wide range of large-scale and high-dimensional data settings.
Compared to conventional clustering strategies in SFDA methods such as Domain Consensus Clustering and
Global and Local Clustering, BNC o ers a clear advantage: it can directly estimate the number of unknown
target-domain classes while clustering, eliminating the need for repeated model re tting or manual grid
searches ovelK . This allows the unknown class structure to emergea posteriori, reduces computational
overhead, facilitates seamless integration into SFDA pipelines, and makes the approach more robust to
datasets where the number of unknown classes varies widely. Unlike other clustering-based approaches, which
primarily use clustering to assist in identifying shared classes, our method leverages BNC to directly discover
individual unknown classes, supporting more precise and ne-grained adaptation.

3 Methodology

In SFDA, neither source data Xs, source labelsYg, nor target labels Y, are accessible during adaptation. To
address scenarios with unknown classes, we consider the setting where the source and target class €gts
and G satisfy G\C; 6 ;,and G nG 6 ;. For clarity, we dene C= G \C; as thecommon label space
C = G n QG as the source-private label spaceand G = G n G as the target-private label space We will refer
to the classes within G, as known classes and those withirG as unknown classes. While prior work typically
treats classes inG as a single categorycynk , We aim to distinguish these classes individually, denoting the set
of discovered unknown classes b(ﬁf. Our learning objective is twofold: to classify target instances as the
estimated label ¢! 2 C if they belong to known classes, and to assign them to discovered groug¥ if they
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Figure 2: An overview of Adapt via Bayesian Nonparametric Clustering (ABC).

belong to unknown classes. The overall work ow of the proposed algorithm is illustrated in Figure 2, with
detailed steps described in the following sections.

3.1 High-Con dence Common Class Samples

We rst focus on detecting samples most likely to belong to the common label seC. Let the source model be
denoted as = g f, wheref represents the feature extractor mappingx; 2 X to a feature representation

zi 2 R™, and g is the classi er that maps z to source classesy = f1;2; ;Ks0, where K¢ represents
the number of source classes. Letv® 2 R™ Ks denote the weight matrix of the classi er g, where each
columnw] 2 R™ corresponds to the weight vector associated with source class Eachwy can be interpreted

as an anchor representing thek-th source class in the feature space, and has been leveraged to initialize
source cluster centers for spherical k-means clustering in previous SFDA methods, where target instances are
assigned to source classes by maximizing cosine similarity to these centers (Ding et al., 2022). The cosine

zi”wl

similarity between a target feature z and each source class anchos, de ned as cog(z;w}) = e
! k

measures proximity to known classk. Consequently, the maximum similarity over all source classes provides
an interpretable measure of the sample's a liation with the known classes. A low maximum similarity
indicates the sample may not belong to any known class.

The source model's output is often used to initialize the detection and classi cation of known-class samples
and can provide informative indicators, denoted as , for identifying known-class versus unknown-class
samples (Jang et al.,, 2022; Qu et al.,, 2023). Building on the discussion above, we deng =1
max cog(z;;wy) and model its marginal distribution using a mixture of two Beta distributions, a choice that

is both natural and e ective in many prior UDA work targeting unknown classes.

P()= knownP( JY2GC)+ unknown P( JY ZCs5) 1)
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where nown and unknown represent the probabilities P(y 2 C) and P(y 2 Cy), respectively. Given this
Beta mixture model, we can estimate the posterior probability P(y 2 Csj ), which represents the con dence
that a sample belongs to the source classes. The parameters of the Beta distributions, along withnown
and unknown , are estimated by tting the Beta mixture model using the Expectation-Maximization (EM)
algorithm (Arazo et al., 2019; Jang et al., 2022). Once the parameters are obtained, the posterior probability
P(y 2 CSJ ) is given by: P(y 2 Cs] ) = known p( J y 2 CS) :[ known p( J y 2 Cs) *  unknown p( J y 2Cs:)]
The decision boundaryP(y 2 Csj ) >P(y 2Csj ), which indicates that the posterior probability of
belonging to the known classes exceeds that of the unknown classes, correspondsiy 2 Cs j ) > 0:5.
Consequently, we can identify high-con dence common-class samples by applying a thresholkRi(y 2 C;j ) >
with = 0:5 as the default. The threshold can be slightly adjusted around 0.5 using an auto-tuning strategy,
and the details of this implementation will be discussed in Section 4.3. For samples that meet this criterion,
we assign their predicted label to the class with the highest cosine similarity, computed aarg max, cos(z; ; wy).
We denote the identi ed high-con dence samplesand their estimated labels asX! and Y{', respectively.
Based on?tH , we can derive an estimate of the common label seE, denoted as®. The remaining target
samples, for which the source-class con dence is insu cient, are considered ascertain samplesand denoted
by X. We useZ{! and Z to denote the embeddings extracted by the encoder corresponding t%," and
XY, respectively.

3.2 Guided Bayesian Nonparametric Clustering

Uncertain samples may include both instances outside the common label set (i.e., from target-private label
space) and those within it that received low-con dence predictions. High-con dence common-class samples
can serve as anchors or references to guide the clustering of uncertain samples, making the problem more
aligned with weakly-supervised clustering. Furthermore, clustering samples from unknown classes requires a
method that does not rely on a prede ned number of clusters, as this information is usually not available. To
this end, we propose a guided Bayesian nonparametric clustering (GBNC) framework that automatically
discovers previously unseen classes while simultaneously classi es samples into known classes.

Given the embeddingsz = fz};:::; z,‘;’u g of uncertain samples with sizeny, we consider leveraging Bayesian
nonparametric clustering (BNC) technique to estimate the corresponding cluster labelsy = fyV;::: ;y,ﬁ’U (o}
as it can both handle unknown class discovery and incorporate weak supervision e ectively. Speci cally, we
build our model on the Dirichlet Process Mixture (DPM) framework, a widely used Bayesian nonparametric
approach known for its simplicity of implementation and extensive literature support. The DPM-based
formulation naturally accommodates a exible and potentially unbounded number of clusters, allowing the
model to adjust automatically to the number of clusters as the data grows. Our method can also be extended
to other Bayesian nonparametric mixture models, such as Pitman Yor process mixtures and Normalized
Generalized Gamma process mixtures, which, like the DPM, allow the number of clusters to emerge from the
data. The Dirichlet Process (DP) is a stochastic process that de nes a distribution over distributions, meaning
that each draw from it is itself a probability distribution. A key property of the DP is its almost surely
discrete realizations, which naturally induces clustering by allowing parameter sharing among individual data
points and eliminates the need to specify the number of clusters in advance. A DPM constructed from the
observed dataz can be formulated within a Bayesian hierarchical framework,

z’i i p(z’ji); G G; G DP(;Go): )

p( j i) denotes the likelihood function, following a probability distribution parameterized by i, where

is drawn from a DP-distributed prior G. The DP prior is characterized by the concentration parameter

and the base distribution Gy, which speci es a prior probability distribution over the parameters. The base
distribution Gy is typically chosen to be conjugate to the likelihood to make the inference tractable and thus
simplify computation. Due to the discrete nature of G, multiple ; associated with di erent observations may
take the same value, naturally forming clusters. Cluster assignments arise from these shared values, meaning
that yU = yjU when ; = ;. The concentration parameter is directly related to the prior expected number

of clusters, which can be set in a noninformative manner, as discussed in our Section 4.3.
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therefore treated as xed. Accordingly, for the embeddingsZ{' = fz}';:::;z g, we can directly model their
distribution given these xed labels asz'  p(zM] ;iH ), where ;H denotes the parameters associated with
the cluster corresponding to the predicted labelg! . Let j@j denote the number of estimated common classes,
i.e., the number of unique classes i} . To address the potential mismatch in cluster indices betweery!
and YU, we assume that allp/ take values from the index setf1;2;::: ;j@jg In our experiments, we include
an additional step to align and remap the estimated Iabels?tH to this index range, facilitating the subsequent
prototype-based regularization. Further details on this step are provided in Appendix B.

By marginalizing out G in Equation 2, the hierarchical model can be reformulated as an in nite mixture
model, as in Equation A2, also known as the stick-breaking representation (with more details in Appendix
A). We then integrate this representation with the distribution of z to yield:

z’jy’ =k p@’i i @ opEge)i & Go
" e 3)
yrio Cat( ) =( 1 2 5 ) k=« (I j) « Beta(l)
j=1
where is a probability vector over clusters for k = 1;2;:::. The categorical distribution Cat( ) assigns
cluster memberships to the uncertain samples with probabilitiesP (y”’ = k) = . Beta( ) denotes the beta
distribution.

We model the mixture components using a multivariate Gaussian distribution, p(j 7) = N(j «; «), where

k is the inverse covariance matrix (i.e., precision matrix). While deep embeddings may deviate from ideal
normality, Gaussian mixture models are exible, can approximate a wide range of distributions in practice,
and have been widely used in deep clustering literature (Wang & Jiang, 2018; Wang et al., 2021; Ronen et al.,
2022). We adopt a conjugate Normal-Wishart prior, Go = N( «j; «) W( «jb;) , where is a scaling
factor, bis the degrees of freedom, and is the scale matrix. The overall model is therefore parameterized
by f «; k; «Oi-; and latent cluster labelsfy gy . The constructive stick-breaking representation allows
us to derive a tractable joint distribution for posterior estimation. For computational e ciency, we choose
Variational Bayes (VB) to approximate the posterior of these parameters. The joint probability distribution
of all random variables can be factorized as follows, where boldface symbols denote vectorized forms of the
corresponding variables in Equation 4.

pY;z™ Y s s ) =pY iy s ety os ey e )eC jo)e( ) (4)

The goal of VB is to nd a variational distribution that minimizes the Kullback Leibler (KL) divergence to
the true posterior. We assume a fully factorized variational family, as in Equation 5, which allows us to apply
mean- eld approximation to yield tractable updates in our VB implementation (Bishop & Nasrabadi, 2006).

Ky 1 ¥ U
af kO HF kO f WOk s fyPoly) = a ) ok k) Ayl (5)
k=1 k=1 i=1

whereq( «), 9 k; «), and q(y") denote the variational distributions for the corresponding variables and
form the factors of the factorized variational distribution. This structure enables e cient optimization via
coordinate ascent. Following the standard approach of applying a truncated stick-breaking representation
in VB for DPMs (Blei & Jordan, 2006), we truncate the stick-breaking process at levelK such that
g k = 1) = 1. The value K serves as a practical upper bound, fundamentally di erent from the
number of clustersK in tuning-based methods which is repeatedly adjusted, and consistent results can be
expected with any su ciently large K (e.g., 100). In our model, the variational distributions are speci ed
as: q( «) = Beta( kj k1; k2), o k; k) = N( kim; « k) W( «jc;Dx), and q(y?’) = Cat( i), where

i =( i1; i2;::0). The variational parameters f mg; «;ck;Dk; k1; k20« andf ;g are updated via the VB
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algorithm. Both the full conditional and variational distributions belong to the exponential family, allowing
the variational distributions for the parameters to be derived fgom their full conditionals (Blei & Jordan,
2006). Building on this, we derive our VB algorithm. Let Al = i":”l I (" = k). The iterative update steps
for each variational parameter in our inference procedure are presented below, with detailed derivations and
further implementation details provided in Appendix B. Finally, with the estimated ;, each uncertain sample

Update steps within each iteration:

1. Compute (fic;Z,; S, ):

= L s g = o2
A = Eq ngl = ik Zg = — ik Z& + | 9i = Kk)z
i=1 A+ My i=1
1 v T X T
Sk = —— K z0 Z 7 7 o+ Lot =k z' 7z z' oz ]
A + /hk o i
i=1 i=1
2. Update variational parameters ( k1; «2):
X X
k1 = Eq[nk+1]:’hk+l; k2 = Eq[ nj + ]: nj +
>k >k

3. Update variational parameters ( i; mg; c; Dk):

P P
+ N owz?+ Nl =k

= +AM +’hH; my =
k k7 Tk k + My +
i+ hl)
=h.+ht + b 1= 14 +HH + (P +hi) >
& =Mk +My + b Dy (Mk + Ny ) S, ¥ M+ MY (z« )z )
4. Update variational parameters ; =( j1; j2;:::):

i 1
log( i)/ (k1) (k1t w2+ [ (j2) (j1t+ j2)
j=1

1 L 1
+o e +logiDd Sl + e m) DK mol
where () and 4() represent the digamma and multivariate digamma functions, respectively.

3.3 Optimization and Inference

Prototype-based Regularization: To enhance target sample separation, we alternate clustering updates
with end-to-end training using pseudo-cluster labels generated in Sections 3.1 and 3.2, optimized under a
clustering-based objective. Inspired by prior work on non source-free settings (Li et al., 2021), we incorporate a
prototype-based regularizer that promotes intra-cluster compactness and inter-cluster separation. Speci cally,
we rst compute a centroid ¢ for each clusterk, used as its prototype, based on all target samples and
their predicted labels ¥; = [¥; Y], where ¥/' and YV are obtained from Sections 3.1 and 3.2, respectively.

obtained target clusters. These prototypes are dynamically updated during each training iteration, and
recomputed after each update off; = f9i;9%; 9. Before applying the regularizer, we convert each predicted
label y} into its one-hot representation, wherey!, =1 if ¢/ = k. The prototypical regularizer for a minibatch
B is then de ned as:

X X .
Lieg = 9i;k log p{i;k) ©
i2B k=1
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¢ p ewe(E) a=01)
where, e (7 ono)”

gradually regulate the in uence of Leq and avoid premature over-expansion, we adopt the ramp-up schedule

from (Li et al., 2021), using a dynamic weight g = € 3 @ ) wherel is the current step and L the total
training steps, yielding the term gL eg in the training objective.

and # denotes the L2-normalized featurez; of target samplei. To

Local Prediction Consistency Regularization: To further re ne the source classi er g and align similar
target samples, we introduce a local consistency lods,c, which enforces prediction consistency within local
neighborhoods.

X X o
Lioc = log(gi)” g (7)
i2B j2N

g' denotes the softmax prediction of a target sample from the source classi eg, representing a probability
distribution over source classes. The seN; refers to the local neighborhood of target sampléd, de ned as

its top Knn nearest neighbors based on cosine similarity in the feature space. To implement the nearest-
neighbor computations during minibatch training, we follow prior work (Yang et al., 2021a; 2022; 2021b)
and maintain two memory banks: one storing all target features and the other storing their corresponding
softmax predictions, both updated incrementally using minibatch data. During training, gjt is retrieved from
the memory bank and treated as a xed reference, so gradients are only backpropagated througtj. Similar

to methods that align neighboring samples by maximizing the dot product of their predictions (e.g., Yang
et al. (2022)), this regularizer maximizes the dot product between a query sample's log prediction and the
predictions of its neighbors. This encourages consistency among nearby samples while reducing the tendency
toward overly peaked (i.e., one-hot-like) softmax outputs over the source classes, so that high-entropy (less
con dent) predictions are aligned more softly. Since gradients are only propagated throughy!, our objective
also resemblesKL(gjt kg'), minimizing the KL divergence between a xed neighbor distribution and the query
sample.

Training Objective and Inference: The nal training objective integrates two components: the proto-
typical regularizer L ey and the local prediction consistency regularizer o, balanced by their respective
weighting coe cients g and |oc. The overall loss function is formulated as:L = reglreg + 1ocLioc. With

this overall objective, the work ow of ABC, comprising the iterative steps detailed in Sections 3.1, 3.2, and

sample is assigned the label of the most similar prototype based on cosine similarity between its L2-normalized
feature and the normalized prototypes, according tog! = arg maxyhe}; ci.

Algorithm 1 Adapt via Bayesian Nonparametric Clustering

1: Input: Unlabeled target samplesX;; pretrained classi cation model =g f
2: Output:  Predicted labels¥};9:; ; prototypes fc;co;iii;ck g
3: for epoch=1;2;:::;T do
4:  a. Identify high-con dence samplesX;" with pseudo-labels Y/
: b. Identify uncertain samples X
c. Estimate Iabels?tU for XY via guided Bayesian nonparametric clustering

if epoch <T; for iteration =1;2;::: do
: Backpropagate w.r.t. the loss L and update c
10: end for
11: end for
12: Inference: Assign nal labels §;9%;:::
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Table 1: H-score (%) on O ce-Home, O ce-31, and VisDA under OPDA settings. "SF' indicates source-free
methods, and "FG' refers to ne-grained discovery of unknown classesBold blue numbers  highlight top
non-SF methods, andbold red numbers highlight leading SF methods (excluding the GBNC-only module).

(a) O ce-Home

Methods SF FG A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg

UAN (You et al., 2019) 51.6 51.7 543 61.7 57.6 619 504 476 615 629 52.6 652 56.6
CMU (Fu et al., 2020) 56.0 56.9 59.2 67.0 64.3 67.8 54.7 511 66.4 68.2 57.9 69.7 61.6
DCC (Li et al., 2021) 58.0 541 580 746 706 775 643 73.6 749 810 751 804 702
OVANet (Saito & Saenko, 2021) 628 756 78.6 70.7 68.8 750 713 586 805 76.1 64.1 789 718
GATE (Chen et al., 2022) 63.8 759 814 740 721 798 747 703 827 79.1 715 817 756

Best Epoch (Best H-score)

ENENENENEN]
ENENENENEN]

SHOT-O (Liang et al., 2020) X 7 432 561 574 575 545 603 56.7 457 622 57.6 444 585 545
0.8 0.2 17 0.8 1.6 0.9 12 0.8 0.2 05 0.4

GLC (Qu et al., 2023) X 7 538 780 896 645 747 890 755 543 882 785 524 843 73.6
0.5 0.6 0.2 0.2 34 0.4 0.8 0.6 0.1 0.7 0.4 0.0

ABC X X 567 806 845 714 803 829 712 551 838 711 569 79.8 729
0.9 1.0 0.4 0.7 1.3 0.2 11 0.8 0.4 0.9 0.3 0.8

Final Epoch

SHOT-O (Liang et al., 2020) X 7 319 308 396 498 201 383 508 349 430 516 326 359 390
0.7 0. 19 0.8 0.8 0.3 0.8 1.9 0.4 0.9

GLC (Qu et al., 2023) X 7 106 775886 168 746 8803 748 134 878 761 145 835 58.9

GBNC-only .- 521 749 827 619 662 780 610 50.9 80.1 62.8 53.3 775 ®66.8
0.7 1 0.7 3.1 2.7 1.6 1.8 2.0 1.1 0.5 0.8

ABC X X 545 771 821 703 729 813 69.7 53.6 832 69.1 551 755 704
0.4 2.2 0.8 1.9 3.0 0.4 0.7 1.0 0.8 0.3
(b) O ce-31 and VisDA

Methods SF FG VisDA O ce-31

S2R A2D A2W D2A D2W W2A W2D Avg

34.8 59.7 58.6 60.1 70.6 60.3 71.4 635
32.9 68.1 673 714 793 722 804 731
43.0 885 785 70.2 79.3 759 88.6 80.2
53.1 85.8 79.4 80.1 954 84.0 943 86.5
56.4 87.7 816 842 948 834 941 876

UAN (You et al., 2019)

CMU (Fu et al., 2020)

DCC (Li et al., 2021)

OVANet (Saito & Saenko, 2021)
GATE (Chen et al., 2022)

Best Epoch (Best H-score)

ENENENENEN]
ENENENENEN

SHOT-O (Liang et al., 2020) X 7 3jéf55 Gjbfas 5802 64055 78 8 60. 8 73. 6 66.3
GLC (Qu et al., 2023) X 6523 81&36 830653 870§ 90 1 86. O 90. 2 86.6
ABC X X 63&27 8%;1 94182 88. %594 9 89 1 93 5 91 2
Final Epoch

SHOT-O (Liang et al., 2020) X 1%:21 571j97 SGlZ 59125 75 2 57. 6 69. 1 62.6
GLC (Qu et al., 2023) X 633.; 7(1:3 8102 79 8 88 6 75. 8 84017 80.1
GBNC-only - - 34.%.2 81&9 892§ 85 1 88 8 80. 8 9%1(()) 86.6
ABC X X 5%@1 84(1)3 93267 87. O 93 6 85 3 03 882.? 88.7

4 Experiments

4.1 Experiment Setup

Datasets: We evaluate on three widely-used benchmark datasets: 10 ce-31 (Saenko et al., 2010),
comprises more than 4k images from 31 categories across three domaimsmazon (A), DSLR (D), and
Webcam (W ). 2. O ce-Home (Venkateswara et al., 2017), includes about 15,500 images categorized into 65
classes across four domaingArtistic (Ar ), Clip Art (Cl), Product (Pr), and Real-World (Rw ); 3. VisDA-
C (Peng et al., 2017) is a challenging synthetic-to-real benchmark with 12 object categories, featuring around
152k synthetic images in the source domain and 55k real-world images in the target domain. In the main
experiments, we focus on the setting where neithe€; nor G is a subset of the other G * G and G + Q),
which is known as open-partial domain adaptation (OPDA) (Qu et al., 2023). We follow the class split
settings used in prior OPDA works (Qu et al., 2023), using 10/10/11 shared/source-private/target-private
classes for O ce-31, 10/5/50 for O ce-Home, and 6/3/3 for VisDA-C. We also discuss the case whereG, Cq,
known as open-set domain adaptation (OSDA) (Qu et al., 2023), in Appendix D.5.
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Evaluation Protocol: We follow the standard evaluation protocol used in prior works (Chen et al., 2022;
Liang et al., 2021; Qu et al., 2023), reporting the harmonic mean (H-score) between the average accuracy on
known classes and the accuracy on unknown-class samples, along with the average per-class accuracy (mean
accuracy), treating the unknown class as a single category. Since these widely used metrics treat all unknown
ground-truth classes as a single category, we additionally report Normalized Mutual Information (NMI (Vinh

et al., 2010); described in Appendix C) to evaluate ne-grained classi cation. NMI measures the alignment
between predicted and ground-truth labels across individual classes, independent of class label permutations,
thereby treating each unknown class separately. For all metrics, we report the average performance of our
method and the reproduced source-free baselines across three independent random experiments, together
with the standard deviation for each transfer task.

We compare our method against representative non-SFDA baselines in terms of H-score, with their results
reprinted from previous work (Chen et al., 2022; Qu et al., 2023). Additionally, we evaluate against two
recent SFDA methods: SHOT (Liang et al., 2020) and GLC (Qu et al., 2023), with results reproduced using
their publicly available codebases. As both methods predict all unknown samples as a single unknown class
and do not directly produce ne-grained classi cations, we apply the DPM, using the same con guration as
in our model, to the unknown target samples predicted by SHOT and GLC, and then combine the resulting
cluster assignments with their known-class predictions to compute NMI against the ground-truth labels.

Implementation Details: For a fair comparison, we adopt the same backbone, ResNet-50 pretrained (He
et al., 2016) on ImageNet (Deng et al., 2009), in line with existing benchmark methods SHOT (Liang et al.,
2020) and GLC (Qu et al., 2023). We pretrain the source model using the code provided by GLC (Qu et al.,
2023), following the source model pretraining procedure recommended in SHOT (Liang et al., 2020) to apply
a 90/10 split for training and validation. Instead of a random split, we employ strati ed sampling to maintain
the class distribution across both training and validation sets, reducing the impact of class imbalance during
source pretraining. Due to space constraints, implementation details and con guration settings of our method
are provided in Appendix C.

4.2 Experiment Results

H-score, mean accuracy, and NMI results for all three datasets are reported in Tables 1a, 1b, Al, A2, 2a, and
2b, respectively. Due to the absence of standardized epoch selection criteria in SFDA methods, results are
reported for both the Best Epoch (the highest H-score) and theFinal Epoch (the last training epoch)
for the two SFDA baselines and ours. Best Epoch metrics ensure comparability with prior literature, while
Final Epoch metrics provide a practical, label-free evaluation that better re ects real-world performance. As
shown in Tables 1a, 1b, Al, and A2, on both O ce-31 and O ce-Home, ABC outperforms GLC under the
Final Epoch setting and consistently outperforms SHOT in terms of average H-score and mean accuracy.
Notably, although GLC is one of the strongest baselines, ABC surpasses it by a substantial margin in the
Final Epoch setting on both datasets, achieving at least a 10% improvement in average H-score, while also
attaining higher mean accuracy under both settings. Furthermore, ABC delivers performance comparable to
non-SFDA methods on O ce-Home, and achieves higher average H-score on O ce-31, regardless of whether
results are taken from the best or nal epoch. This demonstrates that ABC can achieve strong adaptation
performance even without access to source data. On VisDA, while GLC slightly outperforms ABC, the gap is
small, and ABC remains among the top-performing methods; both ABC and GLC signi cantly outperform
SHOT, and surpass all compared non-SFDA methods.

From Tables 2a and 2b, which report NMI between true and predicted labels, including unknown classes, we
observe that ABC achieves the highest average NMI on O ce-31 (both settings) and on O ce-Home under
the Final Epoch, while closely matching GLC+DPM on O ce-Home under the Best Epoch. On VisDA,
ABC shows slightly lower average NMI compared to GLC+DPM. Note that the compared methods group
all unknown classes into a single category and do not inherently support ne-grained (FG) classi cation by
explicitly predicting labels for individual unknown classes. The NMI results of these methods are obtained by
applying the DPM module, which is central to our approach, to their predicted unknown samples. Compared
to appending a separate BNC step to existing methods, our approach integrates it into a uni ed framework,
enabling joint optimization, minimizing error propagation between clustering and adapting the source model,
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Table 2: NMI (%) on O ce-Home, O ce-31, and VisDA datasets under OPDA settings.

(a) O ce-Home

Methods A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg

Best Epoch

SHOT-O (Liang et al., 2020) + 48.6 66.5 64.3 57.6 63.3 63.1 574 48.0 640 58.0 48.8 67.4 589

DPM 0.5 0.1 0.5 0.5 0.2 0.5 0.7 0.1 0.9 0.6 0.5 0.5

GLC (Qu et al.,, 2023) + DPM 49.3 753 739 57.7 756 73.8 627 47.6 73.6 63.7 488 746 64.7
0.2 0.3 0.3 0.4 0.3 0.2 0.3 0.2 0.3 0.8 0.5 0.0

ABC 483 740 751 61.0 745 734 61.8 478 734 629 480 754 64.6
0.4 0.6 0.8 03 05 0.8 0.6 0.6 0.7 0.9 0.6 0.6

Final Epoch

SHOT-O (Liang et al., 2020) + 46.9 62.0 609 56.6 61.3 59.8 57.0 46.4 60.1 57.1 47.2 62.8 56.5

DPM 0.9 0.1 0.8 0.3 0.5 1.2 05 0.6 1.0 0.1 0.7 0.9

GLC (Qu et al.,, 2023) + DPM 404 755 73.7 49.0 756 73.7 63.6 354 731 645 403 742 61.6
0.3 0.4 0.3 03 0.3 0.3 0.2 0.4 11 0.2 0.5 0.0

GBNC-only 499 736 73.0 499 68.1 649 539 464 703 574 48.7 73.7 60.8
0.2 0.3 0.8 0.9 0.9 0.6 1.1 0.4 0.6 0.1 0.5 0.2

ABC 48.0 73.2 73.2 609 734 728 617 47.3 734 625 47.4 743 64.0
0.2 0.8 0.7 0.2 0.2 0.4 0.2 0.1 0.1 0.4 0.2 0.4

Methods VisDA Oce-31
S2R A2D A2W D2A D2W W2A W2D Avg
Best Epoch
SHOT-O (Liang et al., 2020) + 39.4 780 776 683 821 678 830 76.1
DPM 0.4 0.5 0.4 1.2 0.2 0.7 0.2
GLC (Qu et al., 2023) + DPM 47.2 796 820 67.6 831 669 819 76.9
0.3 0.2 0.4 04 0.9 0.2 0.2
ABC 46.7 80.8 848 69.2 852 69.2 829 787
0.2 0.3 0.1 03 06 05 12
Final Epoch
SHOT-O (Liang et al., 2020) + 435 795 79.1 700 824 68.6 836 77.2
DPM 0.6 0.2 0.2 0.7 0.3 0.6 0.3
GLC (Qu et al., 2023) + DPM 48.1 817 830 696 838 701 825 78.4
0.2 0.3 0.2 05 0.3 03 03
GBNC-only 324 788 842 69.1 835 699 832 78.1
0.1 0.2 0.7 0.1 0.4 0.7 0.0
ABC 46.9 81.0 851 704 849 705 815 789
0.3 0.2 0.3 0.6 0.4 0.4 0.5

and eliminating the need for post hoc processing. We also evaluate the GBNC component in isolation
(GBNC-only), which performs competitively on O ce-31 and O ce-Home but signi cantly worse on VisDA,
demonstrating both its e ectiveness and the added value of the full learning framework. Furthermore,
we evaluate ABC's performance in estimating the number of unknown clusters in Appendix D.3, focusing
on major clusters containing more than 1% of the data. As shown in Figure Al, the estimated number
closely matches the ground truth for O ce-31 and VisDA, and is underestimated for O ce-Home. Although
estimating K without prior knowledge is inherently challenging, ABC provides a reasonable approximation
across datasets, demonstrating its ability to achieve ne-grained classi cation.

While our experimental validation primarily focuses on the OPDA setting, we also provide an additional
evaluation under the Open-Set Domain Adaptation (OSDA) setting in the Appendix, where the source-private
class setis empty (i.e..G C ). As shown in Appendix D.5, ABC also performs well in this setting, suggesting
that it can generalize e ectively to other scenarios involving unknown classes.

4.3 Experiment Analysis

To better understand the robustness and reliability of our method, we conduct comprehensive sensitivity
and ablation analyses on key hyperparameters. For the sensitivity analyses, average results across tasks are
reported in the main paper; per-task results are in Appendix D.6. All results are based on a single run. The
results demonstrate that our method achieves robust performance across a wide range of hyperparameter
values. In addition to the analyses presented in the main text, we include further studies in the Appendix
on runtime and memory (Appendix D.2), clustering evaluation of the discovered unknown clusters samples
(Appendix D.1), and t-SNE visualizations (Van der Maaten & Hinton, 2008) of discovered unknown clusters
(Appendix D.4).

12



Published in Transactions on Machine Learning Research (04/2026)

(a) Beta mixture detector vs. OOD detectors (a) HOS(%) vs. Epoch

(b) Sensitivity to (c) Sensitivity to
(b) NMI(%) vs. Epoch

Figure 4: Performance curve on VisDA
for dierent |oc.

(d) Sensitivity to K nn (e) Sensitivity to  joc

Figure 3: Hyperparameter sensitivity and ablation study (H-score)
on O ce-31 and O ce-Home under OPDA.

4.3.1 High-Con dence Sample Selection

The anchor-based mechanism used in the rst step to identify high-con dence common-class samples plays a
critical role in the overall method. In this section, we present an ablation study to evaluate the impact of the
Beta-mixture detector on high-con dence sample selection, along with a sensitivity analysis examining the
e ect of the decision-boundary threshold, .

Ablation Study of Beta-Mixture Detector: In our method, we employ a Beta mixture model (BMM)

to estimate the posterior probability P(y 2 Csj ), representing the likelihood that a sample belongs to the
common classes. To evaluate its role in high-con dence sample selection, we compare it with an alternative
strategy based on out-of-distribution (OOD) detection for identifying unknown-class samples. Unlike the
BMM, which explicitly models indicator values of known and unknown samples as two mixture components,
OOD approaches treat unknown-class samples as outliers relative to the distribution of known-class samples.
We consider two widely used statistical OOD methods based ol : a quantile-based approach and the
interquartile range (IQR) method (Tukey et al., 1977). For both, we adopt automatic threshold selection.
Speci cally, for the quantile method, the quantile is searched overf 0:05; 0:1; 0:15; 0:2; 0:25g; for the IQR
method, the multiplier k is varied overf 0:5; 1:0; 1.5; 2:0; 3:0g using a one-sided (lower-tail) criterion. In each
case, the threshold that maximizes the Silhouette score is selected. We evaluate these detectors on O ce-31
and O ce-Home and compare them with BMM. When the OOD detectors classify too many samples as
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known-class, yielding too few outliers, we adaptively reducek to ensure GBNC remains computationally
feasible. We report the comparison between BMM and the OOD approaches at the nal epoch. H-scores are
shown in Figures 3a, with additional metrics in Figures A4. The results demonstrate that BMM consistently
achieves superior performance in terms of H-scores, while the OOD approaches not only perform worse but
also the IQR method fails on one task (marked by crosses). Regarding detection errors, two failure modes
may occur when high-con dence labels are incorrect: (1) misassigned known-class samples, where confusion
between similar source classes causes the GBNC step to propagate incorrect labels and bias class estimation;
and (2) unknown samples treated as known, where excessive inclusion of unknown samples as anchors prevents
discovery of some unknown classes. Empirically, the second case dominates: manual inspection shows the rst
case is rare (accounting for 0% of incorrect labels in the majority of O ce-31 tasks and <5% on average
across O ce-Home tasks). The poor performance of OOD alternatives therefore illustrates these failure
scenarios, where inaccurate detectors misclassify many unknown samples as known. Overall, the results
underscore the importance of the Beta mixture model, which explicitly models the indicator distributions of
known and unknown samples rather than treating unknown samples merely as outliers.

for High-Con dence Sample Selection: To select high-con dence samples, we applfP(y 2 Csj ) >
Setting too high results in too few selected samples, potentially omitting entire common classes, while a low

may admit too many, increasing the risk of including misclassi ed unknown-class samples. The natural
decision boundary, whereP(y 2 Csj )>P (y 2Csj ), suggests a default threshold of =0:5, but it need
not always be xed at this value. For O ce-31 and O ce-Home, we tune per epoch within the range
[0:4; 0:6] (with a step size of 0.05), selecting the value that maximizes the Silhouette score (Rousseeuw, 1987)
based on the embedded data and the estimated labels from the GBNC. To assess sensitivity, we also rerun
our algorithm using xed values 2 f 0:4;0:45; 0:5; 0:55; 0:6g and compare the results to our tuning strategy
(denoted as auto ). As shown in Figures 3b, A8, A9, and Al10, performance remains relatively stable around

= 0:5. The auto-tuning strategy yields similar results to xed settings, further mitigating sensitivity to the
choice of without requiring manual selection.

4.3.2 DPM Hyperparameter

The concentration parameter plays a key role in the DPM model, controlling its ability to infer the
number of clusters. Following a common practice, we set = — with =1 as a noninformative prior,
allowing the in uence of the hyperparameters to diminish with increasing sample size. To assess sensitivity,
we further report the H-score on O ce-31 and O ce-Home using 2 £0:010:1; 1; 10G 200G, 400y (i.e.,
2110 4;10 %;10 ?;1;2;4g for K =100), as shown in Figures 3c, with additional metrics provided in
Figures A8, A9, and Al10. Results demonstrate robust performance, supporting the use of a non-informative
prior. While  can also be estimated via empirical Bayes or assigned a hyperprior, where the hyperparameters
are either inferred from the data or exert less in uence higher in the model hierarchy, the performance
stability across values suggests that our choice achieves reliable performance while providing both e ciency
and simplicity, making the modeling process more controllable. In general, we prefer non-informative priors in
our model to let the data drive the clustering process while keeping the implementation simple and e cient.

4.3.3 Ky, for the Calculation of Lo

For O ce-31 and O ce-Home, we evaluate performance with di erent number of nearest neighbors K, 2
f5;10; 20; 509, reporting H-scores in Figures 3d and additional metrics in Figures A8, A9, and A10. Our
method demonstrates robustness to the choice df ., , with H-scores remaining stable across tested values.
Given the size of these two datasets, this range ok ,, is appropriate: too few neighbors (e.g., 1 or 2) can
lead to unstable estimates, especially when those neighbors are misclassi ed, while too many may introduce
noise by incorporating samples from di erent classes, as noted in similar settings (Yang et al., 2022). For
larger datasets like VisDA, we adopt a higherK ,, to account for its much larger target domain.

4.3.4 loc for Local Prediction Consistency Regularizer

We evaluate the impact of o 2 f 0;0:001 0:01; 0:1; 1g. H-scores on O ce-31 and O ce-Home are shown in
Figures 3e, with NMI and mean accuracy provided in Figures A8, A9, and A10. Results show that performance
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remains generally stable, indicating robustness to ¢, though larger values may degrade performance on
O ce-31. For VisDA, we analyze performance across training epochs (Figure 4). oc shows a stronger impact:
small . values performs better compared to |, = 0, and it shows more stable, gradual convergence while
larger values lead to faster convergence but compromise nal performance. Across small,: values, metrics
steadily improve over time, indicating stable and e ective learning. This suggests thatL ,c can be particularly
helpful when baseline adaptation performance is weak, typically in challenging tasks, as in VisDA.

5 Conclusion

In this paper, we propose Adapt via Bayesian Nonparametric Clustering (ABC) for SFDA with unknown
target classes, enabling both discovery and ne-grained classi cation of unknown classes. Through the
development of a guided Bayesian nonparametric clustering algorithm, our approach rst identi es high-
con dence target samples from known classes and then uses them as anchors to e ectively cluster known-class
samples and discover previously unseen ones, without requiring prior knowledge of the number of unknown
classes or specifying it in advance. A prototype-based regularizer and a local prediction-consistency term are
incorporated to further re ne the source model for adaptation to the target data. Experiments demonstrate
that ABC achieves solid performance across various benchmarks and evaluation metrics. By enabling the
identi cation and classi cation of unknown classes in new domains without access to source data, ABC has
the potential to provide important practical values across a range of real-world applications.
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Appendix

Appendix Description

Appendix A More Details about Guided Nonparametric Bayesian Clustering
Appendix B Approximate Posterior Inference via Variational Bayes
Appendix C Additional Experiment Setup

Appendix D Additional Results

A More Details about Guided Nonparametric Bayesian Clustering

Treating the embedding data Z = fz{;:::;z] g as observed data, a Dirichlet Process Mixture (DPM)
model for ZU can be naturally represented within a Bayesian hierarchical framework (same as Equation 2),
z’ii pz’'ii); G G G DP(;Go): (A1)

The probability function p( j i) is parameterized by ;, which is drawn from a DP-distributed prior G. In our
method, we adopt a Dirichlet Process Gaussian Mixture Model (DPGMM), wherep( j ;) is a multivariate
Gaussian, and ; consists of the mean and covariance parameters of the Gaussian. Equation Al can be
equivalently formulated as an in nite mixture model in Equation A2 by marginalizing out G.

iy’ =k pz’i Q) v Cat( )i =( 1 o2 )
Y (A2)

?

k=« (@ ), « Beta(l; ); ¢ Go
j=1

where [ represents the parameters of the distribution associated with the mixture componenk and is a
probability vector specifying the mixing distribution over clusters k =1;2;:::. The categorical distribution,
denoted by Cat( ), assigns cluster memberships according tgV | Cat( ), which is equivalent to the
probability expression P(y”’ = k) = . Equation A2 adopts the stick-breaking representation, where the
DP prior G is explicitly expressed as an in nite mixture of point masses weighted by ¢ (Sethuraman, 1994;
Blei & Jordan, 2006). In Equation A2, the mixing proportions ¢ can be viewed as being generated by
sequentially breaking a unit-length stick into in nitely many pieces, with each piece determined by ¢ from
the remaining stick.

For the embedding data from high-con dence samplesz = fz[';:::;z g, we treat their labels Y/ =
fgi';:::;9H g obtained during the high-con dence sample selection step, as xed, giving:
2" pEy ) (A3)

With the alignment mentioned in Section 3.2, we can combine Equation A3 with Equation A2 to obtain
(same as Equation 3):

2y = kR0 A e )

y'i  Cat( ), =( 1 20 &)
by 1 .

k= k (@ ), « Betad; ); ¢ Go
j=1

(A4)

wherep(j 2) = N(j «; «). We place a conjugate Normal-Wishart prior, N( «j; «) W( «jb;) on
( x; k), where ,band are Bayesian hyperparameters.
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B Approximate Posterior Inference via Variational Bayes

Our model is parameterized by four sets of parameters and latent variablesf «gi,, f «Gi-;, f kGi-;, and
fy’d'y , whereny denotes the size oZ{’. We employ Variational Bayes (VB) to approximate the posterior
distribution. VB approximates the true posterior by minimizing the KL divergence between a variational
distribution and the posterior. To facilitate this, we apply the mean led approximation and assume a fully
factorized variational distribution (Bishop & Nasrabadi, 2006),

K 1 K K U v ¥ LAY
af kG=1 F kG=1:f kO=1::fyrgiti)= at «) o x» &) alyr); (A5)
k=1 k=1 i=1

The stick-breaking process is truncated at a valueK with gq( xk = 1) =1 for computation purpose, a
construction known as the truncated stick-breaking representation. It should be noted thatKk does not
represent a pre-determined number of clusters, as in conventional clustering algorithms like K-Means. Instead,
it serves as a practical upper bound on the number of clusters, and any su ciently large value (e.g., 100) is
generally expected to yield consistent results. We now present the model speci cations.

Z' iy 5 N (s yo)
Z'j 5 N (gns gn) (9" considered as xed)
v Cat( )
ki o« NG w)
k W (b))
k{l

k= k@ )
j=1

k Beta(l; ) (AB)

Given Equation A6, the joint distribution of all random variables, expressed in their vectorized forms, can be
factorized as:

pz%zMsy Y s s )= @YY s ey o5 ety e e o)eC ) (A7)

The full conditional distributions in our model belong to the exponential family.  Accordingly,
we select variational distributions also from the exponential family: q( ) = Beta( «j k1, «2),
aC ki k) = NCk i M k )W( k | &;Dk), ay’) = Cat( i), and apply mean-eld variational
inference for exponential families (Blei & Jordan, 2006). Variational inference typically proceeds via a
coordinate ascent algorithm, updating the parameters of each variational distribution sequentially. Under
the mean- eld framework, the variational parameters for each distribution are updated by computing the
expected natural parameters of the corresponding full conditional, evaluated with respect to the current
variational distributions. For completeness, we provide below the detailed update steps for our model.

Variational distributions:

Al k; K= NCkjimg k WW( kjo; D)
a( «) = Beta( kj «1; «2)
ay’ = k= Y (A8)
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Update variational parameters ( x; mg; c; Dk):

P P P
To simplify the notations, we let n = % 1(yY = k), A = Eqlnk] = 4 i, and Al = 1 19 = k).
Also, we set

1 Xu XH

> - T U = 1)U H o~ 1y H
Zk = S [i=1 Iy = k)z + ~ L7 = k)z'] (A9)
— 1 R U _ u - u - T R — H H o T
Sk=——5xl Iy =k z° z 7z Z + L =Kk z0 z 7z Z ] (A10)
nk + Ihk i=1 i=1

For the likelihood of the parameters associated with clusterk, given the embedding dataz” and z*, we have

YU U _ YH H _
N(Zin K. k)l(y‘ =k) N(ZiH ik k)I(SV. =k)
i-1 i1 |
Xu '
I exp > Ly? = Kf@z" «)” «(@  «) logj «ig
)i(:l [ (A11)
1 X N o
exp 5 Lo = kf(z! K k(2 k) logj «jg

i=1

ng + hi ng + hH ng + hi o
I exp %tr(sk k) %(Zk K k(e W+ %'091 ki

Let d denote the dimensionality of the embedding data. We can easily show that the full conditional
distribution of each , «.

Yu WH

PO ki)l N@YT w00 N@E T 6 )TN W kb))
i=1 i=1
I exp @tf(sk k) %(Zk K k(ze K+ wbgj ki
exp %(k ) k(o )+%|091' ki
ep S + S og) ]

Few itz W ko 0F (o ) k(e )

1 1 o
ST+ hDSc+ D) 0+ S+l + b d)log] i

1 +(ng + M)z +(ng + M)z (A12)
= + + HH k k JEk > k k )2k
/ exp 2[( Nk k)( k " nk+/hE ) k( k " nk+/th )
(nk+/th) >
+W(Zk )" k(@ )]
1 . " 1 y o
étf(( +(ng +M)Sk) )+ E(nk"'/hk +b d)logj «j
1 H +(nk + M)z s +(ng + M)z
Z( + ng +
I exp 2( ng + M )0 RN )" k( ok RN )
(e + M)

S e (mrmhscr @ @ Y)W

+ ny + Mt

# e+l + b dlogj

22



Published in Transactions on Machine Learning Research (04/2026)

Thus the natural parameters are

(N + M)
+ nk+’hl':I

( +(ne+Nz)( +(nk+/h|t|)zk)>)
+ nk+’hE

1=veq T+ (ng+M)Sc+ (zZ Nz

Xu X

N
1

3= N +hy +

4=nk+/h|';|+b d

Solve

( +Me+ny)

+’hk+/hr

N
=~
1

Solve my

Xu X+

kM = Eq[  1(y’ = Kz’ + Lo = k)z +

i i
Ry U X H roH
kMg = + ikZ + z' 1 (97 = k)
i=1 iF:)l
Wowzl o 2l = k)
+ M+ hf

) mg =

Solve ¢,

& d=Egnk+hf +b d
&« d=b d+hg+hy
) Ck=’hk+’hr +b

Solve Dy

23

+ (N + M)z = L(y? = k)z’ + L9 = Kz +

]

(A13)

(A14)

(A15)

(A16)
(A17)

(A18)

(A19)
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D, '+ «mymy = E Lo (ne+mfhse+ M(Zk Wz ) (A21)
k k q k P
L + (i + M)z )( +(nk+’ht')2k)>]
+ ny + it
Xu T
D .+ wmymp = Eq 1+ l(y? =k) 2 z z° =z (A22)
i=1
)G T
+ 19 =k ' oz ' oz (e mDzzg 7]
i=1
Ku XH
D P+ wmkmg = Eq Y+ (1 =KM@+ 109! =0 ('))
i=1 i=1
Xu XH
2z (LY = k) 1o = k) ) 2+ ) zezg + ]
i=1 i=1
Xu )G
D'+ wkmmg = Eq  +( 1 =Kz + 1@ =K@+ 7]
i=1 i=1
Xu X
D, = '+ wzP(z)” + I = ki @@y + > «memg (A23)
i=1 i=1
If we further set:
L s g = o2 (A24)
4= —— Kz + 17 = K)z
A+ My i=1
1 R u - u o T X H - H T
Sc= —— ol ik ZT  Zo L ot L9 =k z° Zp z7 Z ] (A25)
A+ My i=1
We can rearrange Equation (A23) to have:
_ (A + M)
Dy t= L (hy + 'hE )Sk + T"‘k’hf(zk )z ) (A26)
Update variational parameters ( k1; «2):
. P
Given fy = Eqlnk]= Y -
= Eqlnk +1]=" +1 A27
k1 q[Xk ] K (A27)
k2e=Eq[ n+ = fAj + (A28)
>k >k
Update variational parameters ; =( i1; j2;::%):
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log( &)/ Egllog « +log N(z’j «; «)]
K1 1
/ Eq log « + log(1 j)+ éIogj ki
=1

%(Ziu DT k@ W

b(l
I (k1) (ka+ w2+ [ (j2)  (ja+ 2
j=1
1

o1 >
+2 % +logiDid S, e mo DG mol (A29)

where () and 4() represent the digamma and multivariate digamma functions, respectively.

Given these update steps for the variational parameters, we employ a coordinate descent algorithm to
iteratively re ne them until a convergence criterion is met, such as the convergence of the Evidence Lower
Bound (ELBO), which is typically used as the objective in standard Dirichlet Process Mixture (DPM) models
(Blei & Jordan, 2006). For initialization, we assign clusters using a variant of the KMeans algorithm, adapted
to our setting (standard KMeans is commonly used in the variational Bayes (VB) procedure for DPMSs). In
this variant, we incorporate the labels of high-con dence samples during updates of the source-class cluster
centers and modify the KMeans++ initialization (Arthur & Vassilvitskii, 2006) to consider class-center
information from these samples at the start of KMeans. Finally, using the estimated values of j, the

In our method section, we assume all estimated labelg!" take values from the index setf 1;2;::: ;j@jg(for
clarity, we use one-based indices in the method description, while in practice zero-based indices are used). This
allows unknown clusters to be represented by indices larger thai@j (j@j 1in zero-based indexing), enabling
prototype-based regularization to use one-hot encodings of cluster labels. Inference is then performed by

all datasets use zero-based class indices, and transfer tasks are designed so that unknown classes are assigned
indices greater than or equal to the number of source classefsj (following the conventions of prior work).

For example, in O ce-31 with a 10/10/11 split (shared/source-private/target-private classes), shared classes

get indicesO 9, source-private classes get0 19, and unknown target classes get indices 20. After the
GBNC step, we add jG;j only to the labels of samples whose class is not among those represented by the
high-con dence samplesY{!, ensuring clear separation between known and unknown classes for subsequent
implementation. We then reindex all estimated labels to consecutive zero-based indicd®); 1;2;:::g using a
monotonic mapping that preserves ordering. This produces both the reindexed label array and a reverse
mapping from new indices to original labels, which we use during inference to identify unknown-class samples
and recover original cluster indices for known classes.

C Additional Experiment Setup

Normalized Mutual Information (NMI) (Vinh et al., 2010). NMI is a standard metric for evaluating
the agreement between two label assignments, invariant to permutations of the class labels. Given label
assignmentsY, and Yy, NMI can be computed by scaling the mutual information betweenY, and Yy, by the
arithmetic mean of their respective entropies:

2 I(Ya;Yb) .

NMI(YaiYo) = oy Hve)

(A30)

wherel ( ; ) represents the mutual information between two random variables andH () represents the entropy
of a random variable. NMI takes values between 0, suggesting no mutual information, and 1, indicating
perfect alignment, with higher values re ecting better correspondence between the two label assignments. In
our evaluation, we computeNMI (YY), comparing ground-truth labels Y with predicted cluster labels ¥
across all samples. To evaluate NMI for the compared methods in our experiments, which requires estimated
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labels for unknown-class samples, we apply th®PM component, using the same model con gurations as
in our approach, to the unknown target samples predicted by SHOT and GLC, then combine the resulting
cluster assignments with their known-class predictions to compute NMI against the ground-truth labels.

Additional Settings: During target model adaptation, we use the SGD optimizer with a momentum of
0.9 and weight decay 0f0:001, following the conventional inverse learning rate decay schedule de ned as
where g is the initial learning rate. ¢ is set to 10 2 for the classi er on O ce-31,

I = @10 min(ol L)oo
10 4 for O ce-Home, and 10 2 for VisDA, with a scaling factor of 0.1 applied to the extractor and bottleneck
layers. The batch size is xed at 64 for all benchmark datasets. The weight for o is set to 0.01. The
number of nearest neighborsK,, is set to 5 for both O ce-31 and O ce-Home, and 100 for VisDA to
account for its considerably larger data scale. We run Algorithm 1 for 10 epochs across all three datasets.
For high-con dence sample selection, we use the default threshold value = 0:5 for the VisDA dataset. For
the other two smaller datasets, we tune over the range[0:4; 0:6] in increments of 0.05, selecting the value
that maximizes the Silhouette score (Rousseeuw, 1987) computed on the embedded data and the estimated
labels produced by the GBNC. This choice is supported by the sensitivity analysis in Section 4.3. The
hyperparameters in the DP base distribution Gy are set to = z, which is the mean of embedding data,

=1,b=d and '=0:001 d Iq, whered is the dimension of the embedding, which i256 in our
model. K is chosen with 100 for all the datasets. The VB algorithm, as well as KMeans and KMeans++
initialization, for our GBNC model is implemented by adapting the DPM implementation provided in the
scikit-learn library (Pedregosa et al., 2011). All experiments are conducted on a server with AMD EPYC
7413 24-Core processors and eight NVIDIA RTX A5500 GPUs, using PyTorch (Paszke et al., 2019).

D Additional Results
This section presents additional results, including tables, gures, and sensitivity analyses.

D.1 Additional Results for OPDA

We report the mean accuracy of all methods under the OPDA settings, as shown in Table A1 and Table A2
for the O ce-Home, O ce-31, and VisDA datasets. These results are consistent with the trends observed in
H-scores and NMI metrics (Tables 1a, 2a, 1b, 2b). Our method achieves the highest average mean accuracy
on O ce-Home and O ce-31, and performs comparably to GLC, the best-performing method, on VisDA.

Table Al: Mean Accuracy (%) on the O ce-Home dataset under OPDA settings.

Methods SFFG A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg

Best Epoch

SHOT-O (Liang et al., 2020) X 7 369 559 581 52.0 55.2 62.0 50.7 410 62.7 53.1 36.9 56.5 51.8
18 0.5 3.0 3.8 21 27 0.8 12 0.4 0.6 0.3 0.6

GLC (Qu et al., 2023) X 7 445 744 89.1 57.8 68,5 89.2 70.3 47.8 879 745 476 79.7 69.3
0.4 1.7 11 0.2 4.9 0.5 0.9 1.0 0.2 0.7 0.5 0.0

ABC X X 50.6 82.8 90.1 73.9 822 886 72.0 484 86.9 79.0 50.5 81.8 73.9
1.7 2.0 0.2 18 1.0 0.3 0.2 1.9 0.6 0.8 11 11

Final Epoch

SHOT-O (Liang et al., 2020) X 7 410 56.0 58.1 54.7 544 62.0 539 426 60.7 55.3 429 57.7 533
0.8 0.8 3.9 0.4 1.2 0.2 15 0.3 2.0 0.6 15 0.9

GLC (Qu et al., 2023) X 7 473 745 909 59.3 685 89.9 701 30.8 88.2 773 38.3 819 68.1
0.2 1.6 0.3 16 5.0 0.2 15 0.2 25 0.0

GBNC-only - - 446 774 90.1 65.9 667 827 663 438 864 746 467824 69.0

29 0.5 17
ABC X X 483 77.7 885 735 716 869 727 469 877 779 492 740 71.2

0.1 4.0 2.3 18 3.7 0.3 0.4 0.6 1.2 14 2.7 24

To further assess clustering quality on the discovered unknown classes, we additionally report NMI (Vinh
et al., 2010) and Purity (Manning, 2008) computed exclusively on the unknown-class samples identi ed by
ABC, GLC, and SHOT in Figures A3, A4, A5, and A6. Since GLC and SHOT do not directly produce
individual unknown-class labels, we follow the same procedure used for computing NMI on the full dataset:
we use the cluster assignments obtained by applying DPM to the unknown samples detected by these methods,
and then compute NMI and Purity based on these assignments. This more ne-grained analysis complements
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Table A2: Mean Accuracy (%) on the O ce-31 and VisDA datasets under OPDA settings.

Methods SF FG VisDA Oce-31
S2R A2D A2W D2A D2W W2A W2D Avg

Best Epoch

SHOT-O (Liang et al., 2020) X 7 29.5 585 556 566 769 555 65.6 61.5
1.0 24 0.8 1.7 3.0 23 0.7

GLC (Qu et al., 2023) X 7 70.6 81.1 848 884 928 87.1 95.6 88.3
1.9 15 13 15 1.2 13 0.0

ABC X X 61.5 90.0 92.8 89.3 91.3 89.6 94.0 91.2
12 0.4 15 0.6 0.7 0.2 1.6

Final Epoch

SHOT-O (Liang et al., 2020) X 7 34.3 59.1 621 552 755 551 657 62.1
24 0.6 2.0 0.3 3.7 35 0.1

GLC (Qu et al., 2023) X 7 73.2 80.4 88.2 90.7 93.7 90.8 92.5 89.4
0.9 1.0 0.7 0.2 0.1 0.3 0.3

GBNC-only - - 29.5 804 89.1 841 836 801 943 85.3
0.2 0.0 2.7 3.6 55 0.4 0.0

ABC X X 63.4 88.7 923 89.9 895 898 944 90.8

0.3 11 2.0 0.3 1.8 0.4 12

the standard evaluation metrics and demonstrates that ABC, as well as the DPM module when applied to
di erent baseline methods, achieves reasonable performance in distinguishing individual unknown classes.

Overall, ABC achieves the highest average NMI in most settings: Final Epoch on O ce-31, Best Epoch
on O ce-Home, and both settings on VisDA. Although this evaluation is conducted on the discovered
unknown-class samples of each method, the results suggest that a uni ed Bayesian nonparametric framework
that jointly detects known classes and separates unknown classes can yield better separation than performing
a separate BNC step on the unknown samples produced by existing source-free universal domain adaptation
methods. On O ce-31 and O ce-Home, ABC attains an average NMI of approximately 65% on the unknown
subsets, indicating good agreement between ground-truth and estimated labels. On VisDA, the lower
NMI highlights the greater di culty of this dataset, which is consistent with its lower overall classi cation
performance reported in the main results. For Purity, we observe a similar trend on O ce-Home, where ABC
achieves moderate agreement with an average value around 60%. On VisDA and O ce-31, ABC attains
higher average Purity scores (approximately 67% and 87%, respectively) than NMI. Since Purity emphasizes
cluster homogeneity, the gap between NMI and Purity suggests that clusters are relatively homogeneous
but more numerous than the true classes, meaning some true classes are split into multiple smaller clusters.
A similar discrepancy between Purity and NMI is also observed when applying the BNC module, DPM,
to SHOT and GLC. This behavior is consistent with the well-known tendency of Bayesian nonparametric
clustering (BNC) methods to produce numerous small clusters that are often di cult to interpret (Muller

et al., 2013; Miller & Harrison, 2013). Because ABC relies on a BNC module to cluster unknown samples,
this over-clustering phenomenon also appears in ABC's results. In the BNC literature, it is common to apply
post-processing to Iter out tiny clusters and focus on larger, meaningful clusters for downstream analysis
(Wang et al., 2021; Ni et al., 2020a; Guha et al., 2021). Additionally, several methods handle small clusters
through cluster merging as a post-processing step; for example, SIGN (Ni et al., 2020c) merges clusters
using a clustering the clusters strategy. In our downstream analyses (Appendices D.3 and D.4), we do not
integrate this merging step, and thus our post-processing focuses solely on ltering. Incorporating merging
strategies will be considered as future work.

D.2 Runtime and Memory Analysis

The computational cost of ABC is primarily dominated by the VB procedure in the GBNC step. Assuming
the truncation level K is chosen as a multiple of the expected number of clusterk , each VB iteration has
time complexity O(NKd 2), where N denotes the number of samples andl is the embedding dimension. In
contrast, popular clustering-based domain adaptation methods (Qu et al., 2023; Li et al., 2021) typically
rely on KMeans or similar centroid-based algorithms to detect unknown-class samples, with per-iteration
complexity O(NKd). Thus, both approaches scale linearly with respect taN ; however, VB exhibits quadratic
complexity in d, whereas KMeans scales linearly ird. This di erence explains why our method is generally
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Table A3: NMI score (%) for discovered unknown-class samples on the O ce-Home dataset under OPDA
settings.

Methods A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg

Best Epoch

SHOT-O (Liang et al., 2020)+ 46.6 68.8 62.8 54.0 64.6 62.0 529 47.2 63.7 554 47.2 69.7 57.9

DPM 0.4 05 08 08 03 1.0 10 07 12 06 03 02

GLC (Qu et al., 2023)+ DPM 47.7 719 69.1 56.6 72.3 69.5 574 475 69.0 58.148.7 72.0 61.7
0.4 0.4 06 03 03 0.4 06 0.4 03 10 0.9 0.0

ABC 49.6 75.6 72.1 61.9 75.2 71.2 63.6 49.6 72.4 65.1 48.0 76.8 65.1
038 09 10 17 10 0.7 06 06 10 09 08 08

Final Epoch

SHOT-O (Liang et al., 2020)+ 53.3 62.6 58.3 54.0 64.1 58.8 53.5 528 57.0 54.6 53.6 63.8 57.2

DPM 14 0.4 15 0.6 11 14 13 06 08 11 05 13

GLC (Qu et al., 2023)+DPM 725 723 69.0 774 723 695 58.9 66.8 68.6 59.3 65.6 71.6 68.7
0.7 07 0.4 20 03 0.4 05 20 15 03 06 0.0

ABC 499 754 71.2 61.2 74.1 70.1 64.3 49.1 723 63.3 483 75.1 645
03 11 09 07 06 0.9 038 02 05 12 08 05

Table A4: NMI score (%) for discovered unknown-class samples on the O ce-31 and VisDA datasets under
OPDA settings.

Methods VisDA Oce-31
S2R A2D A2wW D2A D2W W2A W2D Avg

Best Epoch

SHOT-O (Liang et al., 2020)+ 26.9 723 752 50.0 71.8 48.7 70.3 64.7

DPM 1.0 13 03 18 0.8 17 03

GLC (Qu et al., 2023)+DPM 26.1 74.4 74.0 49.9 72.1 50.3 70.2 65.2
0.3 0.7 0.7 0.9 0.3 13 0.2

ABC 34.8 69.0 742 509 747 510 70.6 65.1
02 08 03 0.2 07 038 35

Final Epoch

SHOT-O (Liang et al., 2020)+ 25.3 68.4 70.3 47.6 70.3 50.6 67.1 62.4

DPM 02 12 11 0.6 0.6 25 07

GLC (Qu et al., 2023)+DPM 24.4 714 72.8 48.4 714 494 70.2 64.0
1.4 0.5 0.4 0.6 0.5 1.0 0.1

ABC 34.5 712 747 53.1 753 49.1 66.5 65.0
0.5 1.2 0.9 1.8 0.9 0.7 1.3

Table A5: Purity score (%) for discovered unknown-class samples on the O ce-Home dataset under OPDA
settings.

Methods A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg

Best Epoch

SHOT-O (Liang et al., 2020)+ 364 69.1 61.1 43.2 61.2 58.2 421 36.9 614 456 36.4 695 518

DPM 0.1 14 18 14 0.4 17 22 08 23 1.0 0.3 05

GLC (Qu et al., 2023)+DPM 38.0 714 68.7 46.6 711 68.6 50.5 36.3 67.9 51.3 36.7 71.0 56.5
13 06 07 07 03 03 11 03 06 1.0 10 0.0

ABC 39.7 73.9 73.0 56.1 73.3 69.7 58.2 40.8 71.9 56.7 38.3 75.5 60.6
1.0 11 17 20 16 17 11 16 12 07 10 17

Final Epoch

SHOT-O (Liang et al., 2020)+ 40.8 60.2 51.3 41.3 56.0 526 41.1 41.1 51.8 40.8 405 61.2 482

DPM 14 19 3.1 0.4 16 39 14 08 19 17 06 17

GLC (Qu et al., 2023)+DPM 62.2 72.0 68.6 66.9 71.2 69.2 525 475 67.6 52.8 50.5 70.7 62.6
21 04 0.9 28 03 02 07 32 24 11 09 0.0

ABC 412 734 719 554 718 684 586 39.9 704 56.0 39.4 73.8 60.0
09 14 13 08 15 04 03 06 09 16 20 12
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Table A6: Purity score (%) for discovered unknown-class samples on the O ce-31 and VisDA datasets under
OPDA settings.

Methods VisDA Oce-31
S2R A2D A2W D2A D2W W2A W2D Avg

Best Epoch

SHOT-O (Liang et al., 2020)+ 57.9 99.8 98.7 66.3 98.7 65.6 100.0 88.2

DPM 0.9 0.4 0.4 14 0.4 3.2 0.0

GLC (Qu et al., 2023)+DPM 63.1 99.1 98.1 66.1 98.7 65.1 100.0 879
07 07 0.4 0.6 0.9 14 0.0

ABC 67.4 96.6 98.6 67.2 97.0 67.2 95.8 87.1
05 13 03 03 1.0 15 038

Final Epoch

SHOT-O (Liang et al., 2020)+ 52.8 100.0 99.6 65.2 989 69.6 100.0 88.9

DPM 0.2 0.0 06 06 0.7 36 0.0

GLC (Qu et al., 2023)+DPM 62.6 100.0 98.2 66.9 995 67.6 100.0 88.7
15 0.0 02 07 05 29 0.0

ABC 66.8 98.5 99.0 70.1 97.8 66.1 96.2 87.9

0.4 0.8 0.2 2.3 11 0.6 0.4

slower than KMeans-based approaches in the runtime comparisons (Tables A7a and A7b). Nevertheless, the
linear scalability with N ensures that our method remains practical for large-scale datasets. For example,
on the VisDA dataset with tens of thousands of target-domain images, much larger than the other two
datasets, our method achieves a reasonable runtime, approximately twice that of GLC/SHOT in average
time per epoch, and requires about 2.5 hours of total training time compared to 2 hours for GLC/SHOT,
demonstrating good scalability in practice.

Furthermore, as discussed in the introduction, the true number of unknown clusters is not knowra priori .
Unlike VB, which automatically infers the e ective nhumber of clusters given only an upper bound K
KMeans requires a xed pre-speci ed value ofK . In practice, this often necessitates repeated clustering over
multiple candidate values of K, resulting in additional computational overhead. If clustering is performed
over M candidate values, the total complexity becomesO(NKdM ). When M scales proportionally with
K (e.g., searching over a range such g&=2; 2K ] with unit step size), the overall complexity increases to
O(NK 2d), leading to quadratic dependence orK . Even with more e cient search strategies, the cumulative
cost of repeated clustering can be substantial. In this sense, the proposed method may exhibit increasing
computational advantages asKk grows or when ner granularity in estimating K is required. Furthermore, the
guadratic dependence ord in VB arises from modeling the full precision matrix, which captures covariance
structure in the embedding space, information that KMeans does not incorporate. This richer representation
can improve cluster quality in practice. If computational e ciency is prioritized, the precision matrix in
our method can be easily constrained to be diagonal, reducing the complexity t® (NKd) while retaining
automatic cluster number estimation and eliminating the need for repeated clustering.

Next, we evaluate both the training time and memory consumption of ABC and compare them with two
baseline SFDA methods, SHOT and GLC, which are also included in our performance comparison. Tables
A7a and A7b reports both total training time (in minutes) and average time per epoch (in seconds). Despite
modeling the covariance structure across features using a Dirichlet Process Gaussian Mixture Model, ABC
remains computationally e cient. On O ce-31 and O ce-Home, entire training completes in under 10
and approximately 20 minutes on average, respectively, comparable to SHOT and GLC, a clustering-based
approach using K-means. On the larger-scale VisDA-C dataset, ABC requires around 2.5 hours compared
to GLC's 2 hour, demonstrating reasonable scalability despite the added modeling complexity. While ABC
is slightly slower than GLC, both methods exhibit similar orders of magnitude for total and per-epoch
training time, indicating that ABC achieves a favorable balance between computational cost and modeling
capability. Table A7c reports peak memory usage during training. ABC consumes roughly twice the memory
of SHOT and GLC, likely due to calculations involving the precision matrix. However, memory usage
remains comparable to baseline methods and scales similarly across datasets of di erent sizes, suggesting that
ABC also exhibits good scalability in terms of memory. It is worth noting that GLC accelerates several of
its KMeans steps using the FAISS library(Johnson et al., 2019), a highly optimized implementation with
GPU acceleration and vectorized operations. In contrast, the iterative updates of our VB procedure are
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Table A7: Runtime and memory comparison under OPDA settings.

(a) Runtime comparison: O ce-Home

Methods A2C A2P A2R C2A C2P C2R P2A P2C P2R R2A R2C R2P Avg
Total Training Time (min)
SHOT-O (Liang et al., 2020) 145 155 513 128 156 520 132 156 521 129 155 134 23.7
GLC (Qu et al., 2023) 255 27.4 251 11.1 205 21.7 123 181 217 123 180 204 195
ABC 17.2 17.1 355 125 17.0 355 12.6 17.1 358 125 17.3 17.2 20.6
Average Time per Epoch (s)
SHOT-O (Liang et al., 2020) 58 62 205 51 62 208 53 62 208 52 62 54 95
GLC (Qu et al., 2023) 31 33 30 13 25 26 15 22 26 15 22 24 23
ABC 103 103 213 75 102 213 75 103 214 75 104 103 123
(b) Runtime comparison: O ce-31 and VisDA (c) Memory comparison
Methods VisDA Oce-31 Methods O ce- O ce- VisDA
S2R  A2D A2W D2A D2W W2A W2D Avg 31 Home
Total Training Time (min) Peak Memory (GB)
SHOT-O (Liang et al., 1213 42 33 79 35 78 42 52 SHOT- L7 18 2.5
2020) Gt . 2020)
GLC (Qu et al., 2023) 117.6 45 58 152 58 144 44 84 etal,
ABC 146.0 37 38 83 39 84 37 53 GLC (Qu 19 27 21
et al., 2023)
Average Time per Epoch (s) ABC 42 43 49
SHOT-O (Liang et al., 485 17 13 32 14 31 17 21
2020)
GLC'(Qu et al., 2023) 353 5 7 18 7 17 5 10
ABC 875 22 23 50 23 50 22 32

implemented in standard Python without specialized acceleration. Therefore, ABC's runtime could be further
reduced through optimized implementations leveraging high-performance computing techniques such as GPU
parallelization or optimized linear algebra libraries.

D.3 Finding the Number of Estimated Clusters

As part of our downstream analysis, we report the estimated numberK y« of unknown clusters and compare
it with the true value. Figure Al shows this comparison, with results reported separately for the best epoch
and the nal epoch. As discussed in Appendix D.1, BNC models tend to generate many tiny clusters, and
thus post-processing steps to Iter out such clusters are commonly adopted. Following the same practice as
in (Wang et al., 2021), in Figure Al, we focus only on the major clusters with> 1% of the total images when
counting K ynk - As shown in Figure Al, for O ce-31 and VisDA, the estimated number of unknown clusters
closely matches the ground truth, indicating that ABC reliably estimates K across multiple transfer
tasks on O ce-31 and on the VisDA transfer task. In contrast, the number of clusters is underestimated
for O ce-Home. While estimating K n without prior knowledge is inherently challenging, ABC produces
accurate estimates in some tasks and generally provides a reasonable approximation across datasets.

D.4 Visualization of Discovered Unknown Clusters

In this section, we present t-SNE visualizations of discovered unknown clusters based on their learned
embeddings. The t-SNE algorithm produces a low-dimensional representation that preserves local structure
by maintaining the relative proximity of similar points from the original high-dimensional embedding
space (Van der Maaten & Hinton, 2008). Speci cally, we apply t-SNE to obtain a nonlinear two-dimensional
mapping for visualizing the sample distribution of the major unknown clusters described in Appendix D.3.
The resulting visualizations are shown in Figures A2 and A3, corresponding to the Best Epoch and Final
Epoch, respectively. In each gure, individual points are colored according to their estimated cluster labels.
Across most settings, the visualizations exhibit well-separated groups that align closely with the estimated
labels, indicating that ABC e ectively partitions samples from discovered unknown classes and supports
ne-grained discrimination.
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(a) Final epoch

(b) Best epoch

Figure Al: Evaluation of Unknown Cluster Number Estimation. The hatched bars represent the true number
of unknown clusters, while the solid bars represent the estimated number.
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(a) Oce-31 (b) O ce-31 (c) O ce-31 (d) O ce-31
(e) Oce-31 (f) Oce-31 (g) VisDA-C (h) O ce-Home
(i) O ce-Home () O ce-Home (k) O ce-Home (I) O ce-Home
(m) O ce-Home (n) O ce-Home (o) O ce-Home (p) O ce-Home
(q) O ce-Home (r) O ce-Home (s) O ce-Home

Figure A2: t-SNE visualization of discovered unknown classes (Best Epoch). Each point is colored according
to its predicted cluster label.
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