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Abstract

Universal Domain Adaptation (UniDA) focuses on transfer-
ring source domain knowledge to the target domain under
both domain shift and unknown category shift. Its main chal-
lenge lies in identifying common class samples and aligning
them. Current methods typically obtain target domain seman-
tics centers from an unconstrained continuous image repre-
sentation space. Due to domain shift and the unknown num-
ber of clusters, these centers often result in complex and less
robust alignment algorithm. In this paper, based on vision-
language models, we search for semantic centers in a se-
mantically meaningful and discrete text representation space.
The constrained space ensures almost no domain bias and
appropriate semantic granularity for these centers, enabling
a simple and robust adaptation algorithm. Specifically, we
propose TArget Semantics Clustering (TASC) via Text Rep-
resentations, which leverages information maximization as
a unified objective and involves two stages. First, with the
frozen encoders, a greedy search-based framework is used
to search for an optimal set of text embeddings to represent
target semantics. Second, with the search results fixed, en-
coders are refined based on gradient descent, simultaneously
achieving robust domain alignment and private class cluster-
ing. Additionally, we propose Universal Maximum Similarity
(UniMS), a scoring function tailored for detecting open-set
samples in UniDA. Experimentally, we evaluate the univer-
sality of UniDA algorithms under four category shift scenar-
ios. Extensive experiments on four benchmarks demonstrate
the effectiveness and robustness of our method, which has
achieved state-of-the-art performance.

Code — https://github.com/Sapphire-356/TASC

Introduction
Deep neural networks have achieved remarkable success
across various computer vision tasks (Carion et al.; Doso-
vitskiy et al.; He et al.; Deng et al.; He et al.). However, the
high cost of annotated data and the limitation of the inde-
pendent and identically distributed (i.i.d.) assumptions be-
tween training and test datasets pose challenges in practi-
cal applications. To tackle these issues, Unsupervised Do-
main Adaptation (DA) (Pan and Yang; Ben-David et al.;
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Figure 1: Illustration of our core idea. The left part abstractly
represents the updating process of semantic centers in exist-
ing clustering-based UniDA methods. These centers grad-
ually become domain-specific and have uncontrollable se-
mantic granularity, such as separating diamonds into two
categories. In the right part, we constrain the search space of
semantic centers to a semantically meaningful and discrete
space, alleviating the issues of domain bias and inappropri-
ate semantic granularity.

Ganin and Lempitsky; Long et al.; Li et al.; Zhang et al.;
Li et al.; Zhang, Li, and Wang; Gao et al.) has emerged,
aiming to transfer models trained on labeled source do-
mains to unlabeled target domains. Although DA has shown
success, traditional DA methods rely on the closed-set as-
sumption, which assumes that the source and target domains
share the same label set, and this assumption can be easily
violated in real-world scenarios. In light of this, Open-set
DA (ODA) (Saito et al. 2018) and Partial DA (PDA) (Cao
et al. 2018) consider the existence of private classes in the
target and source domains, respectively. However, in ODA
and PDA, prior knowledge about the locations of private
classes is still required. To adapt to more general scenarios,
Universal Domain Adaptation (UniDA) (You et al. 2019)
has been proposed, aiming to achieve DA without any prior
knowledge of category shifts, i.e., UniDA methods should
be able to handle Closed-set DA (CDA), ODA, PDA, and
Open-Partial DA (OPDA) simultaneously.

Currently, researchers have proposed many solutions,
among which the target domain clustering based approach
has been widely adopted (Saito et al. 2020; Li et al. 2021a;
Chang et al. 2022; Qu et al. 2023). Target domain cluster-
ing can effectively mine the intrinsic structure of the tar-
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get domain to enhance discriminability, which is almost im-
mune to category shift. Nevertheless, a more critical issue in
UniDA is common class detection for cross-domain align-
ment. In existing methods, the prototype-based classifier in
the source domain and the cluster centers in the target do-
main, both obtained from a continuous image representa-
tion space, are expected to accurately represent the corre-
sponding semantic categories. Based on these semantic cen-
ters, common class detection is achieved through cluster-
level matching (Li et al. 2021a) or sample-semantic cen-
ter matching (Saito et al. 2020; Chang et al. 2022; Qu
et al. 2023), which are all based on representation similar-
ity. However, these semantic centers are actually difficult to
use for UniDA: 1) they are domain biased; 2) the number
of target domain clusters (or semantic granularity) is hard
to estimate. The former makes the representation similarity
unreliable and challenging to discriminate common classes
across domains. This leads to complex matching and align-
ment mechanisms (Chang et al. 2022; Li et al. 2021a). The
latter causes the algorithm less robust when facing differ-
ent category shift scenarios as we cannot determine which
domain has private classes and how many there are. Conse-
quently, (Chang et al. 2022; Qu et al. 2023) are compelled to
assume that private classes must exist in the target domain.

Recently, the emergence of Vision-Language Mod-
els (VLMs), such as CLIP (Radford et al. 2021), has of-
fered a promising alternative for visual representation learn-
ing. Benefiting from training on web-scale image-text pairs,
CLIP exhibits strong cross-modal matching capabilities. The
encoded text representations of CLIP possess a certain ex-
tent of domain generalization. Moreover, it provides decent
representations for open-world images. Therefore, we be-
lieve that CLIP provides significant advantages for address-
ing domain shift and detecting private samples in UniDA.
However, how to better leverage these capabilities in CLIP
to address the UniDA problem remains largely unexplored.

Considering the above analysis, in this paper, our core
idea (Fig. 1) is that uniformly representing the image se-
mantics of both domains in the text representation space to
facilitate simple and robust UniDA algorithms on CLIP. For
source domain, we obtain a set of embeddings from class
names, as its semantic centers. For target domain, we search
for a set of optimal text embeddings from the semantically
meaningful and discrete text representation space. Within
the constrained search space, our algorithms ensure that the
two sets of embeddings possess the following properties: 1)
almost no domain bias, and the embeddings between com-
mon classes across two domains are identical or very close;
2) appropriate semantic granularity. These properties enable:
1) simple matching of common classes through similarity
and unifying the losses of common class alignment and pri-
vate class clustering; 2) simple estimation of the number of
private classes, and being aware of category shift.

Specifically, we propose TArget Semantics Clustering
(TASC) via Text Representations. It employs information
maximization as a unified optimization objective to robustly
adapt the model to the target domain in the presence of
unknown category shifts. Mathematically, TASC is formu-
lated as a Mixed-Integer Nonlinear Programming problem,

which we solve through a two-stage optimization process.
In the first stage, the continuous parameters of encoders are
fixed, and a set of text embeddings representing the target
semantics is searched from a semantically meaningful and
discrete text representation space based on a greedy search
framework. In the second stage, the discrete variables in the
search results are fixed, and the encoders in the continuous
parameter space are further optimized based on gradient de-
scent, achieving robust domain adaptation and target private
class clustering simultaneously. Additionally, based on the
semantic centers of both domains, we explicitly model the
category shift. Benefiting from this, we design the Universal
Maximum Similarity (UniMS), which is capable of perceiv-
ing category shift and is tailored for detecting target private
sample in the UniDA task. We optimize the Gaussian Mix-
ture Model to obtain the optimal threshold instead of using
hand-tuned ones as in previous approaches.

Experimentally, we simultaneously evaluate UniDA algo-
rithms under three types of category shift scenarios (OPDA,
ODA, PDA) and one non-category shift scenario (CDA). We
compare our method with existing ones using H-score met-
ric on four common benchmarks. Extensive experimental re-
sults demonstrate that our method is sufficiently robust and
achieves state-of-the-art performance.

Our contributions are summarized as follows:

• We propose to uniformly represent the image semantics
in the semantically rich and discrete text representation
space to facilitate simple and robust UniDA algorithms.

• We propose TArget Semantics Clustering (TASC) via
Text Representations, which employs information max-
imization as a unified objective and involves two opti-
mization stages. It achieves robust domain adaptation and
target private class clustering.

• We propose Universal Maximum Similarity (UniMS),
which is capable of perceiving category shifts and accu-
rately detecting target private samples.

• We evaluate UniDA algorithms under four different cat-
egory shift scenarios. Our method is robust and achieves
state-of-the-art performance on four benchmarks.

Related Work
Universal Domain Adaptation. UniDA (You et al. 2019)
aims to address the domain adaptation without prior knowl-
edge of label set relationship. (You et al. 2019; Fu et al.
2020; Zhu et al. 2023) propose multiple criteria for unknown
detection. (Saito and Saenko 2021; Yang et al. 2022) de-
sign the special classifiers. In (Chen et al.; Chen et al.; Saito
et al.; Chen et al.; Lu et al.), neighborhood structures are ex-
ploited. (Deng and Jia 2023) explores the foundation models
for UniDA. (Liu et al. 2023) address UniDA with few-shot
settings. Recently, target domain clustering (Qu et al. 2023;
Chang et al. 2022; Li et al. 2021a) has been developed to
discover target domain categories and detect common class
samples. However, all these methods search for semantic
centers in the sub-optimal unconstrained continuous image
representation space. In contrast, we explore the semanti-
cally meaningful and discrete text representation space.
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Vision Task with Vision-language Models. Recently,
Vision-language Models (VLMs) have attracted increasing
attention in multiple vision tasks (Zhang et al.; Radford
et al.; Yao et al.; Li et al.). In this paper, we focus on the im-
age clustering (Cai et al. 2023; Li et al. 2023; Joseph et al.
2022) and open-set adaptation (Min et al. 2023; Zara et al.
2023; Yu, Irie, and Aizawa 2023). (Min et al. 2023) lever-
aging open-set unlabeled data in the wild for open-set task
adaptation. (Zara et al. 2023) consider the adaptation of ac-
tion recognition model in the open-set scenario. (Yu, Irie,
and Aizawa 2023) explore the potential of CLIP for ODA.
(Cai et al. 2023; Li et al. 2023) propose leveraging external
knowledge from text modality to facilitate clustering. More-
over, (Han et al. 2022) introduces a new task of obtaining
class names for unlabeled datasets. In this paper, we empha-
size the role of the semantically meaningful text representa-
tion space in developing a simple and robust UniDA method.

Preliminary
Before we describe the details of our method, we firstly
present the preliminaries used in our framework and formal-
ize Universal Domain Adaptation (UniDA).
Model. In this paper, we focus on adapting the vision-
language model CLIP (Radford et al. 2021) to target domain
in the UniDA settings. CLIP consists of image encoder f and
text encoder g. For a given image x and a set of class names
T s = {ts1, ts2, . . . , tsm}, CLIP can make prediction by com-
paring image embedding with the text embeddings. Let’s de-
note z = f(x) and sj = g(tsj) as the L2-normalized embed-
dings of the image and class name j respectively. Then, the
probability that x belongs to class i is calculated as

pi = P (si|z; τ) =
exp(sim(z, si)/τ)∑m
j=1 exp(sim(z, sj)/τ)

, (1)

where sim(·, ·) is the cosine similarity and τ is the softmax
temperature. For simplicity, let define the function h as:

h(z;S, τ) ≜ [p1, p2, . . . , pm]T = p, (2)

where S = [s1, s2, . . . , sm]. Also for simplicity, we omit the
prompting strategy as default. Actually, we use the ensemble
text templates from (Lin et al.). To efficiently transfer the
CLIP model to the target domain, inspired by (Smith et al.;
Doveh et al.; Cascante-Bonilla et al.), we fine-tune both the
image encoder f and text encoder g via LoRA (Hu et al.).
Universal Domain Adaptation. In the UniDA problem, we
are given a labeled source domain Ds = {(xs

i , y
s
i )}

ns
i=1 and

an unlabeled target domain Dt = {xt
i}

nt
i=1, where a domain

gap exists between them. We denote Cs and Ct as the label
sets of source and target domain respectively. Additionally,
let T s and T t denote the sets of the class names. Notably, we
lack any prior information about Ct and T t during training.
The common label set is represented by C = Cs ∩ Ct. Let
Cs = Cs\C and Ct = Ct\C as label sets of source-private and
target-private, respectively. UniDA aims to train a model on
Ds and Dt that can accurately classifies the target domain
common class samples into |C| classes and, if target-private
class samples exist, assigns them to a single unknown class.

Notations. First, all vectors in this paper are column vec-
tors. When a matrix is constructed from vectors, these vec-
tors are organized in a column-wise manner. Let Ws =
[ws

1,w
s
2, . . . ,w

s
|Cs|] denote the text embeddings of T s,

where ws
j = g(tsj). Additionally, Given the prototypes and

temperature, the entropy of an embedding can be defined
based on predicted probabilities using prototypes. For sim-
plicity, on the basis of Eq. (2), we define the this function:

Entropy(p) ≜ −
m∑
i=1

pi log pi, (3)

where p = h(z;S, τ) and pi is the i-th item in p.

Method
In this work, we aim to solve the challenging UniDA prob-
lem with Vision-Language Models (VLMs). As mentioned
in the preliminary, we lack any prior knowledge about Ct
and T t, resulting in uncertainty about the number of private
classes in both domains. Empirical evidence (You et al.; Fu
et al.; Saito et al.; Cao et al.) suggests that sub-optimal do-
main alignment will emerge when target-common or target-
private classes are mistakenly aligned with source-private
or source-common classes, respectively. Therefore, the pri-
mary challenge of UniDA lies in common class detection
and the subsequent domain alignment.

Existing Clustering-based Methods
Recently, numerous target domain clustering-based UniDA
methods (Li et al. 2021a; Chang et al. 2022; Qu et al. 2023)
have been proposed and achieved promising results. In this
paper, we consider that the key prerequisite for the effec-
tiveness of these methods can be summarized as accurately
representing the semantics of both domains:

• DCC (Li et al. 2021a): DCC utilizes source labels to
compute source semantic centers and employs K-means
centroids as target target semantic centers. Subsequently,
common class matching is performed by cycle-consistent
matching which is based on representation similarity.

• GLC (Qu et al. 2023): For each class, in the target do-
main, GLC acquires positive prototypes using prediction
results and negative prototypes via K-means. Then, GLC
identifies common class samples based on similarity be-
tween samples and prototypes.

• UniOT (Chang et al. 2022): UniOT first calculates the
similarity between target samples and source prototypes,
and then solves the optimal transport (OT) problem to
classify samples as either common or unknown. More-
over, UniOT also obtains target prototypes through OT
within the target domain.

In summary, although these methods employ different
techniques, they all aim to acquire semantic centers (i.e.,
prototypes or cluster centers) of both domains and detect
common classes based on representation similarity. How-
ever, the derived semantic centers are less than ideal, leading
to complex and less robust algorithms. We argue that this is
caused by two factors: 1) the derived semantic centers are
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Figure 2: Overview of the proposed Target Semantics Clustering via Text Representations.

domain-biased; 2) the number of classes in target domain
is unknown. These factors reduce the reliability of similar-
ity and make it difficult to determine which domain contains
private classes and how many such classes exist. Unfortu-
nately, current methods are powerless against them.

In this paper, we argue that this difficulty largely stems
from the use of an unconstrained continuous image repre-
sentation space in the process of representing semantics.
First, these semantic centers are iteratively updated based
on image representations in an unconstrained space lack-
ing domain-invariant regularization, leading to the incorpo-
ration of domain-specific information. Moreover, the points
in this space are almost semantically meaningless and can
possess any level of semantic granularity. Consequently, re-
gardless of the number of clusters, the clustering loss can
be effectively minimized, leading to the inability to estimate
the number of clusters.

Based on these analyses, a straightforward idea emerges:
constraining the search space of semantic centers to a se-
mantically meaningful and less domain-biased representa-
tion space to facilitate simple and robust UniDA algorithm.

Target Semantics Clustering (TASC)
In this section, we will provide a concrete implementation
of this idea. Since the embeddings of T s are sufficient to
serve as the source semantic centers, we focus on the target
domain. We first propose the mathematical formulation of
Target Semantics Clustering (TASC) and then provide a two-
stage optimization method, as shown in Figure 2.

Mathematical Formulation. Benefiting from training on
web-scale image-text pairs, text representations encoded by
CLIP are inherently semantically meaningful and exhibit
less domain bias. Therefore, we leverage the embeddings of
source class names T s = (ts1, t

s
2, . . . , t

s
|Cs|) and all nouns

from WordNet (Miller 1995) T nouns = (tn1 , t
n
2 , . . . , t

n
N ) to

construct the search space, where N is the number of nouns.

Base on this, we can formulate the target domain clustering
as the process of finding the optimal set of nouns T and the
optimal model parameters θ to minimize Lclu, i.e.,

min
T ,θ

Lclu(T , θ ;Dt)

s.t. T = (t1, t2, . . . , tK)

ti ∈ T s ∪ T nouns ∀ i = 1, 2, . . . ,K

(4)

where K is the number of clusters. During optimization, the
embeddings of T will serve as target semantic centers.

Although the above formulation constrains the search
space of semantic centers, it relies on a predefined number
of clusters K. To enable the optimization of the number of
clusters, we additionally introduce a hidden state vector as:
r = [r1, r2, . . . , rK0

] ∈ {0, 1}K0 , where K0 serves as the
fixed upper bound of K. The value of ri represents the status
of ti, i.e., whether ti participates in the clustering: if ri = 1,
ti is retained; if ri = 0, ti is discarded. Therefore, K is dy-
namically determined by r, i.e., K =

∑K0

i=1 ri. Finally, the
TArget Semantics Clustering (TASC) via Text Representa-
tions can be formulated as:

min
T ,r,θ

LTASC(T , r, θ ;Dt) ≜ Lclu(T r, θ ;Dt)

s.t. T = (t1, t2, . . . , tK0)

ti ∈ T s ∪ T nouns ∀ i = 1, 2, . . . ,K0

r = [r1, r2, . . . , rK0
]T ∈ {0, 1}K0

T r = (ti|ri = 1, i = 1, 2, . . . ,K0)

(5)

where T r consists of all retained nouns from T based on r.
The text embeddings of T r will serve as the target domain
semantic centers, denoted as St = [st1, s

t
2, . . . , s

t
K ].

In terms of the loss function, we leave the explicit func-
tional form of Lclu unspecified in the above discussion.
This demonstrates that TASC is essentially an optimization
framework that constrains the search space of clustering cen-
ters and enables estimating of the number of clusters. In this
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paper, inspired by numerous works in source-free domain
adaptation (Liang, Hu, and Feng; Zhang, Wang, and He), we
adopt information maximization as the objective for cluster-
ing. Using the notations in Eq. (3), we instantiate Lclu as:

Lclu = Lent + λdivLdiv,

= Ext∈Dt Entropy(p(xt))− λdivEntropy(p̄),
(6)

where p(xt) = h(f(xt);St, τ) is the prediction score of
xt, p̄ = Ext∈Dtp(xt) is the mean prediction score of all
samples, and λdiv is a trade-off hyperparameter.

We have now successfully formulated the Target Seman-
tics Clustering via Text Representations. However, as evi-
dent from Eq. (5) and Eq. (6), this is an extremely challeng-
ing Mixed-Integer Nonlinear Programming (MINLP) (Be-
lotti et al. 2013) problem. To address this, in this paper, we
offer a practicable solution that consists of two stages.

Greedy Search-based Discrete Optimization. In this op-
timization stage, the model parameters are fixed, and only
the discrete variables, i.e., T and r, are optimized. During
initialization, r is set to an all-ones vector. For T , we place
T s at the front part of it and randomly initialize the remain-
ing K0 − |Cs| nouns, i.e.,

T = (ts1, t
s
2, . . . , t

s
|Cs|, t|Cs|+1, . . . , tK0

). (7)

Due to the excessively large search space of T and r, we
employ a greedy optimization strategy. Specifically, at the
i-th step, we optimize only the noun ti and its status ri while
keeping the other variables in T and r fixed. Regarding a
single step, we provide the following summary and analysis:
1. First, construct the feasible space to be searched. For ti,

randomly select nc candidates T c from T nouns; for ri,
it is binary, being either 0 or 1. Moreover, when ri = 0,
ti will not participate in calculating LTACS since it is
discarded. Therefore, we only need to explore (nc + 1)
possible solutions. Let use Ti|t′ to denote that the i-th
item of T is replaced by t′ and similarly for ri|0 and ri|1.

2. Then, find the optimal t′∗ from the nc candidates when
ri = 1, as follows:

Lmin = min
t′∈T c

LTASC(Ti|t′ , ri|1, θ ;Dt). (8)

The loss when ri = 0 is calculated as:

Ldis = LTASC(T , ri|0, θ ;Dt). (9)

3. Finally, update the discrete variables. Use Ti|t′∗ to update
T . Set ri to 1 if Lmin < Ldis; otherwise, set it to 0.

Based on the single step update, we traverse i from 1 to
K0 to perform a total of K0 steps, constituting one outer
iteration. Throughout the entire discrete optimization, we
will conduct Nouter outer iterations. To enhance clarity and
rigor, we’ve summarized the above process in Appendix.

It is worth mentioning that, from the perspective of do-
main adaptation, we should ensure that the semantic cen-
ters of common classes across the two domains are identical
or highly similar, so that the target domain clustering can
substantially contribute to enhancing the classifier’s perfor-
mance. To this end, for the first |Cs| items in T and r, we

employ two dedicated designs: 1) Starting from the initial-
ization, never update the first |Cs| items in T . 2) Obtain tar-
get domain prototypes µ using the current predictions based
on T r. When Entropy(h(g(tsi );µ, τ)) < γent, set ri to 1;
otherwise, update ri based on Lmin and Ldis as normal.

After this stage, we obtain the optimal T ∗ and r∗. Due to
the dedicated designs, the source-private classes initially in-
cluded in T will be adaptively discarded, while the common
classes are retained, and the unknown target-private classes
will be represented by the searched nouns.

Model Refinement. In this optimization stage, the dis-
crete variables (T ∗ and r∗) are fixed, and only the model
parameters θ are optimized. Consequently, based on Eq. (5),
TASC reduces to a standard neural network optimization
problem that can be addressed via gradient descent:

min
θ

LTASC(T ∗, r∗, θ ;Dt) = Lclu(T ∗r∗ , θ ;Dt). (10)

Moreover, consistent with existing DA methods, we utilize
the Cross Entropy loss on source domain to guide the adap-
tation of the generic VLMs to the target task. In summary,
we adopt the following losses for model refinement:

min
θ

Lall = LCE + LTASC . (11)

It is worth noting that, we calculate LCE using the source
domain semantic centers Ws obtained from T s; whereas
in LTASC , we compute it using the target domain semantic
centers St derived from T ∗r∗ . Benefiting from the the dedi-
cated designs in the discrete optimization, the semantic cen-
ters of common classes in Ws and St are nearly identical,
enabling LTASC achieves common class alignment and pri-
vate class clustering simultaneously. Additionally, from the
perspective of loss design, we employ the information max-
imization criterion derived from Closed-set DA, achieving
simple and robust Universal DA, without explicitly identify-
ing target-private samples during optimization.

Universal Maximum Similarity
During inference, we need to assign target-private samples
to a single unknown class. For unknown detection, exist-
ing methods often construct a scoring function based on en-
tropy (You et al.; Fu et al.; Saito et al.), confidence (Fu et al.
2020), similarity (Li et al.; Chang et al.), etc., with a manual
threshold for the final decision. However, they lack robust-
ness across different category shift scenarios due to their in-
ability to accurately perceive category shifts. In this paper,
based on the high-quality semantic centers, we first explic-
itly model the category shift and then embed it into the sim-
ilarity score for more robust unknown detection.

First, functionally speaking, both St and Ws can serve
as image classifiers. More broadly, we can utilize them to
classify for each other. Based on the classification scores,
the following two entropy vectors can be further defined:

ents = [ents1, ent
s
2, . . . , ent

s
|Cs|]

T ∈ [0, 1]|Cs|, (12)

entt = [entt1, ent
t
2, . . . , ent

t
K ]T ∈ [0, 1]K , (13)

where entsi = Entropy(h(ws
i ;S

t, τ))/ logK and enttj =

Entropy(h(stj ;W
s, τ))/ log |Cs| are the normalized entropy
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DANCE⋆ 89.7 90.7 88.1 87.5 89.0 83.9 65.4 84.6 81.7 78.9 66.0 62.1 65.3 63.9 62.6 66.4 64.4 75.3
UniOT⋆ 91.1 93.7 71.2 88.9 86.2 86.3 80.3 74.8 82.1 80.9 72.0 63.8 66.5 66.5 62.0 72.8 67.3 75.3
OVANet⋆ 92.1 94.5 95.2 86.7 92.1 85.0 76.2 81.9 80.0 80.8 72.5 64.5 65.6 65.2 61.8 72.1 67.0 79.1
Ours 91.3 96.1 96.3 90.1 93.5 89.4 83.8 89.2 86.7 85.4 80.5 69.7 69.1 69.3 69.6 81.5 73.3 90.4

Table 1: Performance comparison between state-of-the-arts and our method. The left part shows the results on Office (average
on 6 tasks) and Office-Home (average on 12 tasks) under four different category shift scenarios, and the right part shows the
results on large-scale DomainNet and VisDA under OPDA scenarios. We report the H-score for OPDA and ODA, as well as
the classification accuracy for PDA and CDA. Some results are referred to previous work (Qu et al. 2023).

LCE LTASC UniMS Office Avg
OPDA ODA PDA CDA

✓ 82.9 90.9 95.1 87.3 89.1
✓ ✓ 89.6 95.2 95.1 87.3 91.8
✓ ✓ ✓ 91.3 96.1 96.3 90.1 93.5

Table 2: Ablation studies on training loss and scoring func-
tion. Experiments conduct on Office (average on 6 tasks).

that bounded in the range of [0, 1]. Due to the constrained
space and dedicated designs, the representation similarity
is reliable enough for ents and entt to perceive category
shifts. In other words, lower values of entsi and enttj indicate
a higher probability that ws

i and stj correspond to common
classes. To leverage this information, we embed both ents

and entt into the widely adopted MLS (Vaze et al. 2021) to
derive the Universal Maximum Similarity (UniMS) as:

UniMS(xt) =max{(1− entsi ) ∗ sim(f(xt),ws
i )}

|Cs|
i=1

−max{enttj ∗ sim(f(xt), stj)}Kj=1.
(14)

Intuitively, if an image embedding f(xt) is close to ws
i and

entsi is near 0, it will obtain a higher UniMS score; con-
versely, if it is close to stj and enttj is near 1, the UniMS
score will be suppressed.

Inspired by (Jahan and Savakis; Jang et al.), we optimize a
2-component Gaussian Mixture Model (GMM) to obtain the
adaptive threshold of UniMS for unknown detection. During
optimization, unlike existing works, we utilize the propor-
tion of target-private classes estimated by TASC and fix it
as the mixture weights. Specifically, the number of target-
private classes can be estimated via

∑K0

i=|Cs|+1 ri. During
prediction, we set the mixture weights to be uniform to
achieve theoretically optimal results. More details and theo-

Weights Office Office-Home Avg
OPDA ODA OPDA ODA

✗ 91.0 96.3 84.9 81.9 88.5
✓ 91.3 96.1 89.4 83.8 90.2

Table 3: H-score (%) on Office-Home (average on 12 tasks)
and Office (average on 6 tasks) under OPDA and ODA.
“Weights” indicates whether the estimated proportion of
target-domain private classes is used in GMM optimization.

retical proofs are provided in the Appendix.

Experiments
Setup
Dataset. Our method will be validated on four popular
datasets in Domain Adaptation, i.e., Office (Saenko et al.
2010), Office-Home (Venkateswara et al.), VisDA (Peng
et al. 2018), and DomainNet (Peng et al. 2019). Due to
the large amount of data, we only conduct experiments on
three subsets from DomainNet, i.e., Painting(P), Real(R),
and Sketch(S), following existing works (Chang et al.; Saito
and Saenko; Qu et al.). We evaluate our method on 4 dif-
ferent category shift scenarios to demonstrate its robustness,
i.e., CDA, PDA, ODA, and OPDA. Detailed classes split in
these scenarios are summarized in Appendix, which is the
same as dataset split in (Qu et al. 2023).
Implementation Details. We use pre-trained CLIP
model with ViT-B/16 (Dosovitskiy et al.) and Trans-
former (Vaswani et al.) as image and text encoders,
respectively. LoRA (Hu et al. 2021) is used in all trans-
former blocks in both image and text encoders with
rank = 8. More details about LoRA can be found in
the Appendix. We adopt the same learning rate scheduler
η = η0 · (1 + 10 · p)−0.75 as (Long et al.; Liang, Hu, and
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Method Office Office-Home Avg
OPDA ODA OPDA ODA

MS-t 58.4 73.3 59.4 51.4 60.6
MS-t w/ entt 90.3 91.0 84.2 75.5 85.2
MS-s 93.1 99.0 95.1 92.2 94.8
MS-s w/ ents 93.4 99.0 95.9 92.0 95.1
UniMS 96.6 99.1 96.4 92.6 96.2

Table 4: AUROC (%) on Office-Home (average on 12 tasks)
and Office (average on 6 tasks) under OPDA and ODA. Let
denote the first item of UniMS as MS-s w/ ents and its un-
weighted version as MS-s; similarly for the second item.

Feng), where p is the training progress changing from 0 to 1
and η0 = 0.0001. For the hyper-parameters, we empirically
set the λdiv to 0.6, which differs from SHOT-IM (Liang, Hu,
and Feng), and we will discuss this in details later. τ is set to
0.02. In the discrete optimization step of TASC, nc = 300,
γent = 0.3, and Nouter = 20. K0 is set to 100 for Office,
Office-Home, and VisDA, but 400 for DomainNet.
Evaluation Protocols. For a fair comparison, we follow
the same evaluation metric as previous works (Qu et al.;
Liu et al.; Fu et al.; Chang et al.; Li et al.). In OPDA and
ODA scenarios, we report the H-score (Fu et al. 2020). The
H-score, as defined by (Fu et al. 2020), is the harmonic mean
of the accuracy aC on common classes and the accuracy aC̄t

on a single unknown class. In PDA and CDA scenarios, we
report the classification accuracy over all target samples fol-
lowing (Li et al. 2021a; Qu et al. 2023).
Compared Methods. We select multiple state-of-the-art
methods for comparison, including DCC (Li et al. 2021a),
DANCE (Saito et al.), OVANet (Saito and Saenko),
GLC (Qu et al.), UniOT (Chang et al.). Additionally, we uti-
lize CLIP (Radford et al. 2021) as backbone and fine-tune it
via LoRA (Hu et al. 2021), while most existing state-of-the-
arts fully fine-tune ResNet-50 or ViT-B/16 pre-trained on
ImageNet (Deng et al. 2009). Therefore, for a fair compar-
ison, we conduct experiments on following methods under
the same conditions as ours: Source-Only (SO), DANCE,
OVANet, UniOT, marked as ⋆.

Results
Comparison with state-of-the-arts. As shown in Table 1,
our method achieves the best average performance on all
the four benchmarks without tuning any hyper-parameters
(except K0). Notably outstanding is that we exceed existing
methods by considerable margins of 6.0% and 11.3% on the
large-scale DomainNet and VisDA, respectively. All these
results demonstrates that our approach is quite effective and
more robust when addressing different category shifts.
Ablation studies of TASC. For all experiments in Ta-
ble 2, we perform the discrete optimization stage of TASC,
followed by the selective use of UniMS and LTASC in
the model refinement stage. The consistent improvements
demonstrate their effectiveness.
Estimation of the number of clusters. To evaluate the
adaptive estimation mechanism, we vary the dataset split and

 

Figure 3: (a) Effectiveness of the adaptive estimation of K.
(b) Sensitivity of K0. (Office-Home, OPDA, AC) (c) Sensi-
tivity of λdiv . (Officehome, OPDA, average on AC, CP, PR,
RA). (d) Sensitivity of γent. (Office, OPDA, average on AD,
DW, WA).

plot the estimated K in a line chart. Let use ”|C|/|C̄s|/|C̄t|”
to denote different category shifts. In Figure 3(a), we con-
sider two settings: “150/0/x” and “150/50/x”, on SR of
DomainNet, where x represents the varying numbers and
K0 = 400. As shown by the two color lines, although with
the same initial K0, when varying the number of categories,
our algorithm consistently converges towards the ground
truth number adaptively.
Effectiveness of perceiving category shifts. First, we con-
duct ablation studies on the different components of UniMS
based on AUROC metric. As shown in Table 4, MS-s serves
as a good baseline. Moreover, the category shift informa-
tion perceived by entt and ents enhances MS-t and MS-
s. Finally, MS-t w/ entt provides complementary informa-
tion to MS-s w/ ents, enabling UniMS to achieve the high-
est performance. Second, we evaluate the effectiveness of
setting GMM mixture weights to the estimated proportion
of target-private classes by TASC. Table 3 demonstrates
that using this proportion is more effective, especially for
severely imbalanced category shifts like Office-Home under
OPDA (10/5/50) and ODA (25/0/40).
Parameter sensitivity. Figure 3 (b-d) presents our sensitiv-
ity analysis on γent, K0, and λdiv , showing their stability
within specific ranges. Notably, the optimal λdiv is lower
than 1.0 in SHOT-IM, likely due to partially undiscarded
private classes and over-clustering in T r, necessitating a re-
duction in the requirement for diversity.

Conclusion
In this paper, we propose that uniformly represent the im-
age semantics of both domains in the semantically rich and
discrete text representation space can facilitate simple and
robust UniDA algorithm. Based on this idea, we propose
target semantics clustering via text representations and uni-
versal maximum similarity. Extensive experiments demon-
strate the robustness and effectiveness. Finally, considering
the universality of TASC, we expect the development of ad-
ditional UniDA algorithms built upon this framework.
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