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Abstract. Domain adaptation addresses the distributional shifts be-
tween source and target domains. Given increasing data privacy con-
straints, Source-Free Domain Adaptation (SFDA) has attracted growing
interest, as it precludes access to raw source data during adaptation.
While existing SFDA methods predominantly rely on source-like data
generation or heuristic pseudo-labeling, their connection to target error
generalization is often unclear. In this work, we first present a theoretical
analysis by establishing an upper bound on the target error that over-
comes explicit dependence on the classical joint-error term. Guided by
this analysis, we propose an optimization principle based on Adversarial
Proxy Perturbation (APP), serving as a practical bridge between the
derived bound and empirical training. We further extend the framework
to multi-source scenarios and enable the integration of zero-shot priors
from vision-language models (e.g., CLIP) through mutual distillation.
Extensive experiments on standard benchmarks demonstrate consistent
improvements over state-of-the-art methods in both unimodal and multi-
modal settings, validating the proposed theoretical framework in practice.
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1 Introduction

In many real-world scenarios, models trained on well-annotated source domains
often fail to generalize to new target environments due to distribution shifts. To ad-
dress this challenge, Unsupervised Domain Adaptation (UDA) |2] has achieved no-
table success across diverse machine learning and computer vision tasks, including
image recognition [34511/55], semantic segmentation [73|, and object detection |29].
Representative approaches—such as adversarial learning [12,|35}50,(65L/691|72],
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self-supervised learning [4,20,37./58], and self-training |59}/76]—have demonstrated
substantial effectiveness in reducing cross-domain discrepancies. However, as ma-
chine learning systems are increasingly deployed in privacy-sensitive environments,
access to raw source data is often restricted. Regulations such as the General Data
Protection Regulation (GDPR) directly challenge conventional UDA methods
that assume full source data availability during adaptation. These constraints
motivate Source-Free Domain Adaptation (SFDA), where only a pre-trained
source model—rather than source data—is available for target adaptation. SFDA
preserves privacy and reduces communication overhead, making it particularly
relevant in applications such as medical imaging and surveillance.

Despite promising empirical progress, much of the existing SFDA literature
[4,/201/26,/31,/1321/52,/53,/62}/68| relies primarily on heuristic objectives. Meanwhile,
classical UDA theories [1], which typically assume access to both source and target
data for learning domain-invariant representations, are not directly applicable
in the source-free setting. This gap raises a fundamental question: how can we
analyze and guide SFDA from a target-error generalization perspective without
access to source data?

In this work, we first present a theoretical analysis tailored to SFDA by
deriving an upper bound on the target error that overcomes explicit dependence
on the classical joint-error term. The bound is established under a finite-sample
realizability assumption and provides a principled objective for optimization.
Guided by this analysis, we propose Adversarial Proxy Perturbation (APP), which
operationalizes the bound through adversarial optimization and enables adaptive
refinement of target hypothesis beyond fixed source classifiers [31]. Furthermore,
we extend the framework to multi-source scenarios and show that it naturally
accommodates zero-shot priors from vision-language models (e.g., CLIP) via
mutual distillation, enabling knowledge integration across heterogeneous pre-
trained models. Our primary contributions are summarized as follows:

- Learning Theory: We establish a target error upper bound for SFDA
under a finite realizability assumption. Unlike classical bounds relying on
small joint-error assumptions, our analysis decouples target realizability from
source—target label conflict, thus making it more suitable for large domain
shifts.

- Algorithmic Bridging: We propose Adversarial Proxy Perturbation (APP),
which operationalizes the derived bound through a proxy distribution and
yields a tractable adversarial optimization for refining the target hypothesis.

- Multi-source FExtension: We generalize the framwork to incorporate multi-
ple source models, including Vision-Language Models (VLMs), and establish
a co-training scheme via mutual distillation.

- Empirical Validation: Extensive experiments on standard benchmarks
demonstrate consistent improvements over state-of-the-art methods in both
unimodal and multimodal settings.
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2 Related Works

As described in [67], research in Source-Free Domain Adaptation (SFDA) is
generally categorized into model-centric and data-centric methods.
Model-centric methods typically involve fine-tuning a pre-trained encoder
while keeping the source classifier fixed, often utilizing self-supervision. Early
advances, such as Source Hypothesis Transfer (SHOT) [31], demonstrated that
a frozen classifier from the source model can serve as a potent hypothesis for
adaptation. In this framework, the target-specific encoder is optimized via in-
formation maximization and self-supervised pseudo-labeling. Building on this
foundation, subsequent methods introduced mechanisms to mitigate pseudo-label
noise, capture neighborhood consistency, or integrate external supervision. Specif-
ically, these approaches utilize pre-trained source models to generate auxiliary
signals for feature alignment, including multi-hypothesis classifiers [24}/60|, pro-
totypes [181/46,/47], memory-banks [4}/22], clusters [26},/6163,|70], and source
distribution estimations [9]. Recently, researchers have explored multimodal
foundation models to transcend the limitations of source-only knowledge. For
example, the DIFO [52] framework distills task-specific information from VLMs
(e.g., CLIP |48]), alternating between customizing the multimodal model via
prompt learning and transferring its knowledge to the target model. While these
approaches successfully align target features with fixed classifier weights, they
generally suffer from two issues: i) the instability of self-supervision; as observed
in training trends, the model may achieve high accuracy in early epochs but
eventually converges to a lower performance due to the degrading quality of
pseudo-labels; and 4i) architectural constraints; since alignment relies on the
similarity between target features and the source classifier, the framework often
necessitates the use of normalized vectors.

Data-centric methods explicitly align a "pseudo-source" domain with the
target domain [6}/114191/28}|54], treating SFDA as a specialized case of UDA. This
alignment is frequently achieved by reconstructing the source domain through
generative models. However, such generative pipelines are often computationally
intensive and struggle to synthesize highly structured domains. Furthermore,
recovering source-like imagery may inadvertently violate the core privacy preser-
vation principles of the SFDA setting.

Theoretical Foundations in recent work [75] revisited the target risk upper
bound, defined by source error on reliable pseudo-labeled target data and intra-
domain divergence. However, the target data splitting remains heuristic, and the
theory follows the classical framework of 1], which is often insufficient for large
domain shift scenarios due to an unbounded joint-error term. Similarly, while [41]
investigated the insights of existing SFDA algorithms through discriminability and
diversity losses, the resulting theorem introduced intractable constraints, leaving
a significant gap between theory and practice. Motivated by these limitations,
we propose a simple yet effective learning theory for SFDA that bypasses the
intractable joint-error, which is known to degrade adaptation performance in large
domain shift tasks [65,/66}/71]. Our theory is designed to be smoothly optimized
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in practical settings, directly bridging the gap between theoretical bounds and
actual algorithmic implementation.

3 Learning Theory for SFDA

In this section, we establish a target error upper bound based on the deviation
between true and approximated labeling functions. We address the intractability
of the true function by introducing a finite realizability assumption that holds
across varying degrees of domain shift. Finally, we clarify the gap between the
theory and practice and discuss constraints on the hypothesis space to mitigate
potential failures when updating the target classifier in the source-free setting.

3.1 Theoretical Analysis and Insights

We formulate SFDA as a multi-class classification task on a target domain 7.
The learning algorithm is provided with a model f§ € H : X — K pre-trained
on a source dataset S = {(xf,y5)}7, sampled i.i.d. from source distribution S,
where zf € X CRP and y5 € Y = {1,..., K}. We are also given an unlabeled
target dataset 7' = {z!}™, sampled i.i.d. from the target distribution T Let
K={ceRE: > ey clyl = 1,cly] € [0,1]} denote the output space, facilitating
multi-class labeling via the softmax function.

Lemma 1 (Target Error Upper Boun(fl). Let fs, fr : X — K be the true
labeling functions for the source and target domains, respectively, outputting
one-hot vectors. Let € : K x K — R denote a distance metric, and let ep(f, f') :=
E.~pe(f(z), f'(x)) measure the disagreement between f, f' over distribution D.
Let f§ = argmingcq, e5(fs, f) be the pre-trained source model. For V f € H, the
minimal target error is bounded by:

ggﬁ ET(fth) < 6T(fTa f;’) < GT(f;“vf) + ET(fva)a (1)

implying that the target error is bounded by er(fr, f), the deviation between
any f and the true labeling function f7. To render this upper bound optimizable
in the absence of true target labels, we introduce a finite realizability assumption
to circumvent the intractability of fr.

Assumption 1 (Finite Realizability ). f, € Hr € H and p £ 0 s.t.

~
~

er(fr, fp) < p given a finite sample T and an appropriate hypothesis space H.

By setting f = f, (p-approximated labeling function) in Lemma [1| and
leveraging Assumption [T} we derive a generalized upper bound based on empirical
Rademacher complexity that avoids the intractable true labeling function fr.

4 See proofs and justifications for the theorems and assumption in Suppl. 7 & 8.
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Definition 1 (Vector-Valued Rademacher Complexity [40]). Given a
class of functions F : X — RX, finite samples D= {z;}, drawn i.i.d. from a
distribution D, and independent uniform random variables o, € {—1,+1}, the
vector-valued Rademacher complexity of F is defined as:

RS(F) = B fsupyer o 30 S0 ot )] @

Theorem 1 (Generalization EI‘I‘OIEl). Given an € satisfying L-Lipschitz w.r.t.
the second argument and bounded functions x — e(f§(x), f(z))+e(fr(z), f(z)) <
M: feHt, forV o e (0,1], with probability at least 1 — ¢ :

SC0,

miner(fr,h) < sup ex(f3, fr) +4\/§L§3TK(H) +3M

heH fh GHTT

adv

Minimizing the RHS of Eq. —by parameterizing hypotheses via a shared
encoder G : X — Z and seeking a representation space Z that minimizes
L qqv—effectively constrains er(fr, f&) toward the minimum target error. Unlike
[75] relying on the classical UDA theory [1] with its unbounded joint-error, our
finite realizability assumption remains robust even under large domain shifts
(Suppl. 8), ensuring the tractability of the upper bound during optimization.

3.2 Gap between Theory and Practice

Theorem [1| suggests that Hp containing the best empirical target approximator
[ = argmin; 4 e;(fr, f) provides the strongest generalization if the supremum
is not achieved at f7 . However, an improperly constrained hypothesis space
may yield a loose bound—either through an inflating approximation error p or
excessive maximization that drives the target hypothesis f7. significantly away
from the pre-trained fg. Such divergence risks semantic drift from inherited
source knowledge, which can be catastrophic particularly for large-scale VLMs.
While a conventional remedy involves incorporating source error terms into the
optimization objective, this is precluded in the source-free setting. To bridge
this gap between theory and practice, we propose a distributional proxy to
approximate this constrained optimization. By recovering source-aligned feature
representations, we transform the theoretical bound into a tractable task that
can be solved via adversarial perturbation, as detailed in the following section.

4 Methodology

Domain Adaptation (DA) seeks domain-invariant representations. In SFDA, the
absence of source data prevents direct distribution alignment. Methods such as
SHOT |[31] preserve source prototypes via rigid, weight-normalized classifiers,
enabling feature-to-classifier alignment. However, such architectural constraints
are restrictive for arbitrary pre-trained models. To alleviate these limitations and
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bridge the gap identified in Theorem [I| we propose a flexible framework that
approximates source prototypes without imposing structural constraints on the
classifier, ensuring applicability across diverse architectures.

4.1 Adversarial Proxy Perturbation

Definition 2 (Distributional Proxy Set). 7o model the missing source
features, we define a distributional prozy set Q = {Q(z,y) = 7, Q(z|y) }yey over
Z x Y. In the absence of prior label knowledge, we further set a uniform class
prior m, = 1/K. Each conditional distribution satisfies Q(z|y) € Be(duw), the
Wasserstein-1 ball of radius £ centered at the class prototype pY :

Be(0uv) = {Q(z2ly) € P(2) : Wi(Q(2y), 0pv) < &}, (4)
and for a Dirac measure d,u, W1(Q(2|y),0uv) = E.ogezpyllz — 1¥|].

Unlike parametric models (e.g., Gaussians), this non-parametric formulation
provides robustness against arbitrary distributional shifts within a transport
budget £. In Theorem [I the adversarial loss L,q4, prefers a supremum over
the space Hr C H containing f7.. Given the absence of target labels, predictive
consistency on the source data serves as an effective surrogate constraint [50465,69).
To compensate for missing source data, we replace the source distribution with
its proxy counterpart @, yielding an upper bound on predictive consistency.

Corollary 1 (Predictive Consistency®). Let QY := Q(z|y) and SY := S(z|y)
denote the conditional distributions over the feature space Z and input space X,
respectively. Given a decomposed source model f&oG* : X — K and pre-trained
encoder G* : X — Z, the following holds for VQ € Q andV f. e H' : Z - K
provided QY and SY share the same label distribution m, :

es(f5, [1:G7) < eq(f&, fr)+ > my sup |equ(f, f') —esu(f, '5G7)],  (5)
N—— freH’

fs
Lee yey

dyr A (QY,S8Y;G%)

dyran (QY, SY; G*) quantifies the divergence between QY and features from SY.
According to [12], the surrogate for dyya (QY, SY;G*) can be expressed by the
following if we consider f§ as a domain discriminator that distinguishes Q¥ from
features of SY for Vy by maximizing:

2(14 B los(1~ 5B + B, loe(F5(0" (@)l ) Y

However, optimizing f§ as a discriminator is problematic without source data
to maintain its classification utility. Therefore, by noticing that E, . gv log(f&(G*(2))[y])
is nearly zero for a well-trained source model, we instead optimize over Q¥:

s E_log(1—f3(=)ly]) = inf {ﬁ& + supllog(1 — £2(=)[y]) — Bllz ,ﬂm} ,
QVEBe(6,w) #~RQ7 B20 z2€Z
)
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which represents the Distributionally Robust Optimization (DRO) objective and
its corresponding Kantorovich dual form with Lagrange multiplier 8 |23]. The
absence of source data necessitates estimating proxy centroids p¥ via the only
available target data. Specifically, we employ an encoder G : X — Z (initialized
as G *) to extract target representations and compute class-wise prototypes via
soft assignments induced by f&. To avoid costly full-updates at every iteration,
we compute batch-wise prototypes ,u% and update the global prototype p¥ with
Exponential Moving Average (EMA):

W ot (1= oy, i = e SO G@) o
B TB Ywen [5(9(2))[Y]

While the exact dual form is theoretically complete, it is often computationally
prohibitive for non-convex models because it requires a nested optimization over
B and a global search for the worst-case distribution support. To arrive at a more
tractable objective, we follow the approach in |42] by substituting z := p¥ + 1Y,
where ¥ represents an adversarial perturbation. Since the Wasserstein-1 ball is
centered at a Dirac measure, its worst-case distribution concentrates on a single
adversarial point |27]. Hence, we can simplify the minimax problem in Eq. @
into a constrained optimization over a perturbed prototype:

ming Zyey mylog(1 — f3(u¥ + 7Yy, [w])
Ldis (9)
subject to: 1y, = argmax,,<¢log(l — f5(u¥ +1Y)[y]),

yielding an objective analogous to GANSs [15], where minimizing Lg4;s with respect
to G encourages reduction of a surrogate Jensen—Shannon divergence between
QY and SY. Since a closed-form solution for r¥, is generally unavailable, we
approximate the inner maximization. Rather than optimizing the dual variable
B, which can introduce instability during initialization, we employ projected
gradient descent [39]. For a first-order approximation, the worst perturbation is:

Yy
P 5®, with g% = V. log(1 — f5(2)[u])]_,,.- (10)

Consequently, the worst-case proxy distribution collapses to QY = ¢, Y

for each class. We therefore define L. in Eq. and the constrained hypothesis
space Hp. = {fr € H' : L. < 7} at these adversarial anchors.

4.2 Surrogate Objectvie

The derivation of Lemma [I] relies on the triangle inequality of the 0 — 1 loss e,
which is non-differentiable and thus unsuitable for gradient-based optimization.
To address this, we define a surrogate loss to enable smooth optimization.

Definition 3 (Cross-Entropy Discrepancy). Let f, f' : X — K denote multi-
class labeling functions, where f(x)[y] indicates the probability of x labeled as y.
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Given induced labeling function ly(x) = argmax,y f(z)[y], the Cross-Entropy
Discrepancy (CED) between f, f over a distribution D is defined by:

cedp(f, f') = —Eonp f(@)[ls(2)]log f'()[lf(2)]. (11)

CED is non-negative and locally Lipschitz continuous with respect to its
second argument, ensuring the model complexity remaining tractable as 3231]5 (H)
during optimization. Crucially, it serves as an upper bound for the 0 — 1 loss such
that ep(f, f/) < 10[; scedp(f, f) while ensuring stable adaptation. Consequently,
we formulate L.. and L,g, using CED to preserve the validity of the inequalities
required in Theorem and Corollary (up to a constant scaling factor). Moreover,
this specific design ensures that L,q, aligns the proxy distribution @ with target

domain T via minimal balanced Jensen-Shannon divergence (Suppl. 9).

Remark 1. For training stability and avoid vanishing or exploding gradients
typical in adversarial optimization, we follow the modification proposed in [15].
Specifically, we optimize E,..p f(2)[y]log(1 — f'(z)[y]) as a surrogate for Lgqy.

4.3 Algorithm

In this section, we incorporate self-supervised regularizations L to refine the
constrained space Hp = {fr € H' : Lee +vLss1 < 7} since the proxy distribution
primarily maintains consistency with source predictions, rather than directly
ensuring reliable target domain classification.

Weighted Pseudo-Labeling. For = € T and its random augmentation z’ both
encoded by G, we minimize a CED-like objective between f§ and f7., which favors
high-confidence predictions, thereby mitigating the impact of noisy pseudo-labels:

Lpse === 3" Fa(G@)ligzeg(@)]log f(GaNligzea@]. (12)

Regularized Entropy Minimization. As introduced in [14], we add a class
balance regularization by encouraging a uniform estimated label distribution
Pyl := >, eq f7(G(x))[y]/m to circumvent the trivial solution where all unlabeled
data have the same one-hot encoding resulting from entropy minimization [16]
for a more diversity-promoting solution:

Lot = =30 o FG@) i og GG + Yl logplul. (13

yey

Overall Optimization. Following the requirements of Theorem [I} our algorithm
(Algorithm [I) minimizes the proxy-based consistency losses (Lce, La;s) alongside
the self-supervised constraints Lsg = Lpse + Lens to fulfill the constraint on H/..
By noticing that mingey er(fr, h) < ming SUD 7 c3r e(fé0G, froG)+ Const.
given Assumption [ over Z and a bounded parametric family G with controlled
capacity, we optimize the adversarial loss L,4, through a min-max game over
G and f4 using a trade-off parameter A (acting as the Lagrange multiplier that
implicitly determines 7):
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Fig. 1: Pipeline of APPM learning integrated model based on a pre-trained ResNet
model f§ oGy and a VLM such as CLIP fg§, 0G3, where the classifier of CLIP fg, is given
by the encoded prompts as "a photo of a [CLS]" (learnable parameters Gi,Ga, fr,, fr,
are initialized by Gi, G5, f&,, f5,; Lent & L5t are omitted for simplicity).

minfq’wE'H’ Lce + 'yLssl - >\Ladv7
ming Lgis + Lee + vLss + ALgdy-

4.4 Co-training with Vision-Language Models

Vision-Language Models (VLMs), such as CLIP and ALIGN [21], have demon-
strated remarkable success by learning modality-invariant representations across
vast datasets. Recent literature explores two primary paradigms for leveraging
VLMs as external knowledge: zero-shot application , which exploits inherent
generalization, and domain-specific tailoring via prompt tuning or adapters |5].
In the context of SFDA, DIFO aligns target features to a customized VLM
latent space via alternatively updating CLIP and pre-trained model based on
predictive consistency minimization. Building on this, we generalize Theorem
to integrate knowledge from multiple models through a co-training framework
with mutual distillation (see Fig. [I]).

Theorem 2 (Multi-Source Knowledge Integration IZ'). Let f5. € H; C
H : X — K denote i-th source model. Suppose for Vi, 3f, € Hr, C H; s.t.
er(fr, fp) < p. Given an € satisfying L-Lipschitz w.r.t. the second argument and
bounded functions for all N sources x — €(f§ (), f(z)) + e(fr(z), f(x)) < M :
f €M, forV é € (0,1], with probability at least 1 — ¢ :

N
miner(fr,h) < sup log Y ecrs Jr) 4 4v/2L max RE (H;)
hew (1, €M), ; ot

M2 N
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Algorithm 1 APP

Input: source model f%oG* : X — K, unlabeled target data 7T
Parameter: encoder G : X — Z, target hypothesis f; € H': Z — K; w = (G, fr)
Hyper-parameter:coefficients A, v, o, £; learning rate n
Initialization: fr < f5,G < G", ¥ <
for iteration = 1,2,... do
randomly sample a mini-batch B from T
compute the perturbation loss Lg;s and hypothesis constraints Lce, Lss; given B
compute the adversarial loss LY, given the gradient reversal operator R(:):
LE, =cedg(fioRoG, ffoRoG)
minimize overall objective w.r.t. all parameters w:

_ (LgistLeetvLsa—ALE; )
ow

w <+ w + nAw, Aw =
end for

We adopt a prompt learning framework [74] where the learnable components
include the image encoder G, and text-encoded prompts f’T2 each assigned for
a specific class initialized as "a photo of a [CLS|" s.t. f}, o Go € Ha (|CLS]
denotes the classname). A significant challenge in SFDA is customizing these
domain-generic VLMs for a specific target domain without reliable supervision.
To address this, we leverage the "wisdom of the crowd" through predictive
interaction. Specifically, we replace the standard weighted pseudo-labeling in
Eq. with mutual distillation among models, minimizing the cross-entropy
discrepancy between f; =3, f§ 0G;/(N —1) and fr, o G;:

L= = 37 Fal@)lig,, ()] log f, (Gl )iy, () (16)
zeT

such that we can co-train both models based on Theorem [2] to learn an integrated
target model which leverages wider knowledge from multiple domains. This
co-training strategy encourages the model to inherit specific domain expertise
from the source model while maintaining the broad contextual knowledge of the
VLM. This interactive paradigm avoids the pitfalls of over-reliance on a single,
potentially biased model.

5 Evaluation

As for the evaluation setting, the trade-off parameter A and self-supervised
coefficient + is set to 0.01 and 0.1 during the training procedure according to [65].
In addition, we empirically set EMA ratio a to 0.9 and adversarial perturbation
coefficients £ to 1.0 for ResNet while 0.1 for CLIP since its features are normalized
(Suppl. 11 for sensitivity analysis and statistics). Source models are prepared based
on the protocol established in [31] using label smoothing [43]. All experiments
are conducted with the ImageNet [8] pre-trained ResNet-50 (for Office-Home &
DomainNe),/ ResNet-101 [17] (for VisDA) and ViT-B/32 [10] as the encoder G.
For ResNet backbone, we deploy 2-layer neural network for classifiers, trained
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Table 1: Closed-set SFDA on Office-Home & VisDA-C (%). SF and M means source-
free and multimodal, respectively.

Method Venue

SF M|Ar—Cl Ar—Pr Ar»Rw Cl—Ar Cl=Pr Cl-Rw Pr—Ar Pr—Cl Pr—»Rw Rw—Ar Rw—Cl Rw—Pr|Avg.|VisDA-C
Source - |- -] 437 670 739 499 601 625 517 409 726 642 463 781 |59.2| 49.2

SHOT BI] ICML20|v X| 562 762 8L1 682 778 791 688 544 820 747 584 842 |718| 827
NRC [62] NIPS21|v X| 57.7 803 820 681 798 786 653 564 830 7LO 586 856 |722| 859
AaD NIPS22 | v x| 59.3  79.3 821 689 798 795 672 574 831 721 585 854 |727| 880
AdaCon [4] CVPR22| v X| 472 751 755 60.7 733 732 602 452 766 656 483 791 |650| 868
CoWA [26] ICML22| v X| 569 784  8L0 691 80.0 799 677 572 824 728 605 845 [725| 869
ELR ICLR23|v X| 584 787 815 692 795 793 663 580 826 734 598 851 |726| 85.8
PLUE [32] CVPR23|v X| 491 735 782 629 735 745 622 483 786 686 518 815 [669| 883
LSFDA [ CVPR24| v X| 607 789 820 69.9 795 797 671 588 823 742 613 864 |73.4| 884
RGV [75] CVPR25|v X| 612 809 827 693 812 8l4 681 588 834 746 624 857 [741| 891
DVD [57] NIPS25 |/ X| 60.1 79.6 825 691 808 806 679 585 843 735 593 876 |737| 889

APP - v x 616 798 829 714 812 818 701 581 843 750 640 849 [746] 895
DIFO [52] CVPR24|v v| 70.6 906 888 825 906 888 0.9 701 889 834 70.5 912 |83.1| 90.3
DUET (35| NIPS25|v v/| 736 904  91.0 836 907 909 827 737 912 836 740 912 |847| 914
APP” - v v 72 918 901 848 921 902 848 781 904 846 774 924 [86.2] 917

Table 2: Closed-set SFDA on DomainNet (%). SF and M means source-free and
multimodal, respectively. The slash denotes full avg./subset avg.

Method Venue |SF M|C—P C—R C—S P—C P—R P—S R—C R—P R—S S—C S—P S—R| Avg.
Source - |- -]446 598 475 533 753 46.2 553 62.7 464 55.1 50.7 59.5| 54.7

SHOT ICML20|v X |63.5 782 59.5 67.9 81.3 61.7 67.7 67.6 57.8 70.2 64.0 78.0| 68.1
NRC NIPS21 | v X |62.6 77.1 583 682 81.3 60.7 64.7 69.4 57.3 66.5 65.0 78.7| 67.1
AdaCon CVPR22| v X |60.0 74.8 559 62.2 783 582 63.1 67.1 55.6 67.1 66.0 75.4| 654
CoWA ICML22|v X |646 80.6 60.0 66.2 79.8 60.8 69.0 67.2 60.0 69.0 64.5 79.9| 68.4
PLUE CVPR23| v X |59.8 74.0 56.0 61.6 785 57.9 61.6 659 53.8 67.3 64.3 76.0 | 64.7
TPDS 1JCV23 | v X|629 771 59.9 65.1 79.0 61.5 66.4 67.0 582 68.4 64.0 753| 67.1
RGV ~ CVPR25| v X | — - 680 719 8.2 - 776 - 673 - 7lL2 - —/73.2
APP = v X 655 755 67.8 76.2 81.3 722 77.6 742 69.0 78.0 70.2 77.5|73.8/73.8
DIFO CVPR24|v v |76.6 87.2 749 80.0 87.4 75.6 80.8 77.3 75.5 80.5 76.7 87.3| 80.0
DUET NIPS25 ‘ v v ‘ 80.1 89.6 79.0 824 89.8 79.2 82.8 80.6 78.8 83.0 80.3 89.6| 829
APPM = v v 8.1 902 80.0 86.4 89.4 80.2 86.5 81.5 79.9 86.0 81.9 90.0| 84.5

with Stochastic Gradient Descent optimizer with a le-3 learning rate annealed
according to and a momentum of 0.9. For CLIP backbone, the encoded
prompts are used as classifiers, trained with AdamW with a le-6 learning
rate annealed by cosine decay.

Office-Home is a widely-used medium-sized domain adaptation benchmark,
which consists of 15,500 images from 65 categories and four distinct domains:
Artistic images (Ar), Clip Art (Cl), Product images (Pr), and Real-World images.

DomainNet is a challenging benchmark dataset for large-scale domain
adaptation that has 345 classes and 6 domains. Following the protocol established
in [49|, we pick four domains (Real, Clipart, Painting, Sketch) with 126 classes.

VisDA-C is a challenging large-scale benchmark that focuses on the 12-
class synthetic-to-real object recognition task. The source domain contains 152k
synthetic images generated by rendering 3D models while the target domain has
55k real object images sampled from Microsoft COCO.
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Table 3: Comparison of Partial-set and Table 4: Ablation Studies on Office-Home

Open-set SFDA methods. & DomainNet Dataset.
Partial-set SFDA Venue Avg“Open—set SFDA Venue Avg. Config. Office-Home DomainNet
Source - 62.8[Source - 466 Ar— Cl | Ar— Rw P=s P=R
SHOT [CML20 79.3 |SHOT ICML20 72.8 Acc. A-dist.|Acc. A-dist.|Acc. A-dist.|Acc. A-dist.
HCL [20] NIPS21 79.6 [HCL NIPS21 726  Source [43.7 1.72 |73.9 099 [462 155 |75.3 1.04
CoWa ICML22 83.2|CoWa ICML22 73.2

AaD NIPS22 79.7 |AaD NIPS22 718 |BBE [61.6 0.63 [82.9 0.36 |722 0.56 |81.3 0.41
CRS |68| CVPR23 80.6 |CRS CVPR23 732 w/o Lyis + Lee|57.6  1.01 |82.1 0.53 |67.8 0.92 |80.6 0.60
DIFO CVPR24 85.6 |DIFO CVPR24 75.9 /o Lagy 58.3 0.95 |81.9 0.56 |68.6 0.88 |80.3 0.59
APPY - 88.3|APPM - 852 w/oL 60.2 0.70 |81.4 049 |70.5 0.62 |79.7 0.53

5.1 Object Recognition (closed-set)

We evaluate APP across three diverse object recognition benchmarks: Office-
Home, DomainNet, and VisDA-C, under the standard closed-set setting (Ys =
Yr). In Tabs. [1|and 2, APP consistently outperforms existing baselines across
all benchmarks, both in unimodal and multimodal configurations. Our empirical
results suggest that the performance gain is particularly pronounced in scenarios
characterized by significant domain shift. For instance, on the VisDA-C bench-
mark, the performance margins are more subtle. We attribute this to the fact that
standard backbones (e.g., ResNet, CLIP) are pre-trained on ImageNet, which
shares a high degree of structural and semantic similarity with the VisDA-C Real
target domain, thereby providing a strong initial feature prior. Similarly, on the
medium-scale Office-Home dataset, the advantage of APP is relatively moderated
in transitions towards Product and Real-World domains. This is expected, as
both domains consist of realistic imagery, resulting in a narrower distribution gap.
Conversely, when the target domain shifts to more abstract representations such
as Clipart or Art, APP demonstrates superior robustness, effectively reducing tar-
get error despite the increased domain discrepancy. Notably, on the Clipart target
domain, APPM surpasses the previous state-of-the-art, DIFO, by approximately
7%. This trend is further validated on the large-scale DomainNet dataset. Here,
the improvements are even more substantial, as domains such as Clipart, Sketch,
and Painting deviate significantly from natural image distributions. In these
challenging contexts, the integration of multimodal information acts as a key
catalyst, bridging the gap where visual-only features struggle; APPM achieves
a remarkable 84.5% average, a 4.5% improvement over the competitor. Finally,
while graph-based methods [41}[61,/62] perform competitively on tasks with lim-
ited categories, their efficacy may diminish as the label space expands. This is
because Euclidean-based neighbor selection loses discriminative power as the
density of the feature space increases; with more clusters present, the probability
of neighbors being sampled from overlapping class boundaries rises, leading to
misaligned affinity graphs. In contrast, APP maintains robust performance by
utilizing proxy-induced perturbations that effectively manage high-dimensional
class boundaries regardless of category density.
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(a) that ensures consistent improvement (Pr—Ar) of APP on target accuracy throughout
training (b), and efficiency of APP on addressing large domain shift (c).

5.2 Object Recognition (beyond closed-set)

To further demonstrate the robustness of APP against complex distributional
discrepancies, we extend our evaluation: Partial-set DA (PDA), where Yr C Vs,
and Open-set DA (ODA), where Vs C Yr. Following , for the Office-Home
dataset, the PDA task involves 25 target classes sub-sampled from 65 source
classes. Conversely, the ODA task utilizes the same 25 classes for the source
domain while the target domain encompasses all 65 classes, with the remaining 40
classes treated as unknown. As summarized in Tab. [3] APP significantly exceeds
previous baselines, particularly in the ODA setting where it achieves a ~10%
gain, suggesting it is particularly effective at navigating both covariate shift
(feature-level misalignment) and label shift (asymmetric category spaces). These
findings reinforce our central claim on the distinct advantage in large domain
shift scenarios, as the model maintains high discriminative power even when the
target domain contains extraneous or missing categories (Suppl. 10).

5.3 Quantification of Domain Shift

To intuitively present domain shift, we quantify it with a well-established metric
A-distance [2| in Fig.[2¢l For simplicity, we consider CLIP as the only source model
pre-trained on a large scale realistic domain, where the text features of initial
prompts "a photo of a [CLS|" can be viewed as source features. Target features
can be obtained by encoded target images from DomainNet. We train an SVM
to distinguish source from target features and the A-distance is proportional to
the accuracy. The results demonstrate that APP is highly effective at reducing
large domain shifts. This reduction is particularly pronounced when the target
domain is unrealistic (e.g., Clipart and Sketch), confirming the algorithm’s ability
to bridge significant distributional gaps.

5.4 Ablation Study

We conduct an ablation study in Tab. [4] to evaluate the contribution of each
component. While all loss functions consistently improve performance, their
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impact varies with the degree of domain shift. In large domain shift tasks (e.g.,
Ar—Cl and P—S), the alignment-based losses Lg;s and Lgg, provide the most
significant gains and lead to a notable reduction in A-distance. This empirically
suggests that these components effectively minimize the distributional discrepancy
between domains.Conversely, for small domain shift tasks where the target is a
realistic dataset (e.g., Ar—»Rw and P—R), the initial A-distance is lower, and the
contribution of L,y becomes more prominent. In these cases, since the features are
already relatively well-aligned, the focus shifts from global distribution matching
to refining local cluster discriminability through self-supervised learning.

5.5 Validity and Stable Convergence

To avoid the looseness, we propose the distributional proxy and self-supervised reg-
ularization to create constrained hypothesis space H/.. While it remains difficult to
ensure the decomposed empirical target approximator f7 = argmin ;c4 €7(fr, fo
G) is covered in practice, the empirical validity of our theoretical proposal is
confirmed in Fig. 2a] which shows that the APP objective remains a consistent
upper bound of the ground truth throughout the entire training process. This
validity results in superior training dynamics: APP offers remarkably stable
convergence without suffering from performance decay after reaching an optimum
(Fig. due to the lack of theoretical guarantees.

5.6 Feature Visualization

Prior works such as SHOT, often rely on a fixed, weight-normalized linear
classifier to preserve source prototypes and guide feature alignment. While this
architecture is widely adopted due to its efficiency [41}/52L|61L[62], it restricts the
richness of the hypothesis space and imposes rigid architectural limitations on
the pre-trained models. As illustrated in Fig. |3] existing approaches struggle
to effectively group target features when these specific architectural constraints
are absent. For instance, the t-SNE visualizations for AaD and I-SFDA show
significant cluster overlap and less distinct category boundaries. In contrast, APP
yields clearly separated and compact clusters. This superior performance stems
from APP’s ability to align target features with proxy centroids, ensuring high
discriminative power without requiring specific classifier architectures.

6 Conclusion

We tackle SFDA by proposing a simple yet effective learning framework grounded
in a finite realizability assumption, which remains robust under large domain
shifts. To bridge the gap between theory and algorithm, we introduce a proxy
distribution to approximate source prototypes through adversarial perturbation,
enabling smooth optimization. Furthermore, we extend our formulation to multi-
source scenarios and seamlessly integrate the zero-shot prediction capability of
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Fig. 3: Target features visualized with t-SNE of Rw—Cl in Office-Home, where
APP offers clearly separated clusters.

VLMs via co-training to enhance performance. Extensive experiments on multi-
ple benchmarks, including open/partial-set tasks, demonstrate that our model
consistently outperforms recent baselines across both unimodal and multimodal
backbones, validating the effectiveness of our approach.
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