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Deep neural network models achieve great and impressive successes

on a variety of machine learning tasks. However, their perfor-

mances always become frustrating once applied in the real-world

scenarios where the test and training set no longer meet the inde-

pendent and identically distributed (i.i.d.) hypothesis [1]. To cope

with this problem, unsupervised domain adaptation (UDA) [1] as

a popular paradigm is proposed to boost the prediction of the

unlabeled target domain by transferring the knowledge from the

labeled source domain.

Existing UDAmethods usually rely on access to fully-annotated

source data, which can hardly be guaranteed in some practical

applications with sparse annotations due to data privacy protec-

tion. In these resource-constrained scenarios, it is difficult to train

effective UDA models, let alone some large-scale models for do-

main adaptation. Therefore, few-shot unsupervised domain adap-

tation (FUDA) issues are gradually attracting attention and re-

search [2–4]. Existing FUDA methods persistently strive to learn

an effective discriminative space through various approaches such

as self-supervised learning, thereby implicitly achieving distribu-

tion alignment between source and target domains. Although

these approaches demonstrate promising progress by employing

diverse auxiliary representation tasks to learn discriminative la-

tent spaces for cross-domain knowledge transfer, they overlook a

critical limitation: latent space learning is inherently an infor-

mation selection process. In few-shot settings, such methods can

hardly ensure that the latent space retains sufficient task-relevant

semantic information for effective discrimination. In other words,

due to the absence of sufficient supervisory information, the net-

work prioritizes learning simple latent patterns, often at the cost

of losing important discriminative semantics, which can lead to

disastrous negative transfer.

To address this challenge, drawing inspiration from diffusion

models [5], we propose a prototype-guided diffusion alignment

(PGDA) method for FUDA, which aligns the source and target

domain distributions in the original feature space while leveraging

richer semantic information. By doing so, PGDA effectively mit-

igates negative transfer induced by unreliable latent representa-

tions. Specifically, we construct a diffusion alignment module that

realizes domain alignment by transferring inputs into the noise dis-

tribution and then transforming the noise distribution back into

the training distribution, where we embed the class prototypes

as condition guidance to ensure the precision of the distribution

transformation and the consistency of discriminative information.

For the purpose of learning such effective guidance, we employ a

representation learning module that selects high-confidence source

domain samples to enrich the discriminative representations for

prototype learning and performs coarse-grained cross-domain con-

trastive learning on the clustered target domain prototypes to

bring the class prototypes closer together while avoiding nega-

tive transfer. Additionally, during the prediction phase, we de-

sign a confidence-based strategy to dynamically adjust the scale

of the noise alignment, further ensuring accurate knowledge trans-

fer. Extensive experiments on various benchmark datasets demon-

strate the superiority of the proposed method. Please refer to

Appendixes A–C for more details about motivation and related

studies.

Methods. The method aligns feature representations in the orig-

inal feature space with more comprehensive semantic information,

thereby mitigating the negative transfer caused by inadequate la-

tent representation, which consists of class-prototype learning and

diffusion alignment, as shown in Figure 1(a). Specifically, class

prototype learning employs a pre-trained feature extractor to ob-

tain sample features, which are then stored in a memory bank

via momentum updating. Category prototypes for the source and

target domains are computed by selecting high-confidence samples

based on cosine similarity. Building on this, prototype learning ap-

plies contrastive learning within each domain to encourage the fea-

tures of each sample extracted by the model to align more closely

with their respective class prototypes. Additionally, a spatial prox-

imity learning loss is used to minimize the distance between each

sample’s corresponding class prototype and the class prototypes

from the reverse domain, thereby capturing semantic invariance

and spatial similarity. Diffusion alignment leverages the learned

class prototypes to guide the sampling of target domain samples

toward the source domain, achieving alignment between domains.

Meanwhile, a pre-trained classifier serves as a supervisor, accept-

ing high-confidence samples while applying larger noise steps to

resample those with low confidence. Our proposed method per-

forms alignment in the original feature space, effectively mitigating

the semantic loss that may occur when aligning in the latent space
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Figure 1 (Color online) (a) Illustration of PGDA. The feature extractor fϕ is trained by the prototype learning to guide the knowledge

transfer of the alignment module. The diffusion model ǫθ with U-Net architecture trained on the source domain is responsible for transforming

the noise-added target domain distribution into the source domain distribution under the guidance of class prototypes, which is supervised by

the classifier fω pre-trained on the source domain, accepting high-confidence samples while resampling low-confidence samples with an increased

noise scale. (b) Adaptation accuracy (%) on 1-shot/3-shots labeled source per class on Office-31. The best and second-best results are highlighted

in bold and underlined, respectively.

under label-scarce scenarios. Please refer to Appendix D for more

detailed methods.

Experiment. We evaluate the performance of PGDA on

datasets with various scales including the small-sized Office-31,

the medium-sized Office-Home, and the large-sized VisDA-C and

DomainNet. We conduct the source only method as the baseline,

which is training on the labeled source images and classifying the

target images. Then we compare our method with the related

UDA and FUDA methods. Figure 1(b) presents the comparison

of our proposed method with baselines on Office-31. It can be

observed that our method demonstrates clear advantages over ex-

isting few-shot domain adaptation approaches, achieving optimal

or sub-optimal results on most tasks. This validates the bene-

fits of performing alignment in the original feature space under

label-scarce scenarios. Additionally, further experiments on vari-

ous datasets, ablation studies, parameter sensitivity analysis, and

implementation details are provided in Appendix E.

Conclusion. In this study, we propose a PGDA method for

FUDA, aiming to address the negative transfer problem caused by

the loss of task-related semantic information during the process of

latent space learning under sparsely labeled scenarios. The pro-

posed PGDA method leverages class prototypes to guide the dif-

fusion model in aligning the distribution discrepancy between the

source and target domains across the entire space. In addition,

PGDA employs a confidence-based strategy to adaptively select

the noise scale, ensuring that each sample is aligned while preserv-

ing semantic consistency and reducing computational overhead. In

addition, we offer a theoretical upper bound on the alignment er-

ror, offering insights into the design motivation of our method.

Finally, extensive experiments on various datasets demonstrate

the superiority of the proposed method.
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