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Abstract

Recently, few-shot learning (FSL) has become a popular task
that aims to recognize new classes from only a few labeled ex-
amples and has been widely applied in fields such as natural
science, remote sensing, and medical images. However, most
existing methods focus only on the visual modality and com-
pute prototypes directly from raw support images, which lack
comprehensive and rich multimodal information. To address
these limitations, we propose a novel Multimodal Prototype
Augmentation FSL framework called MPA, including LLM-
based Multi-Variant Semantic Enhancement (LMSE), Hier-
archical Multi-View Augmentation (HMA), and an Adaptive
Uncertain Class Absorber (AUCA). LMSE leverages large
language models to generate diverse paraphrased category
descriptions, enriching the support set with additional seman-
tic cues. HMA exploits both natural and multi-view augmen-
tations to enhance feature diversity (e.g., changes in view-
ing distance, camera angles, and lighting conditions). AUCA
models uncertainty by introducing uncertain classes via inter-
polation and Gaussian sampling, effectively absorbing uncer-
tain samples. Extensive experiments on four single-domain
and six cross-domain FSL benchmarks demonstrate that MPA
achieves superior performance compared to existing state-of-
the-art methods across most settings. Notably, MPA surpasses
the second-best method by 12.29% and 24.56% in the single-
domain and cross-domain setting, respectively, in the 5-way
1-shot setting.

Code — https://github.com/ww36user/MPA

Introduction

In recent years, few-shot learning (FSL) has attracted
widespread attention for its ability to learn efficiently with
limited labeled data (Song, Wang, and Zhong 2024; Liu et al.
2025b; Zou et al. 2024; Zhu et al. 2025; Li et al. 2024), and
has been widely applied in many fields such as image recog-
nition (Su, He, and Li 2025; Cai et al. 2024), crop disease di-
agnosis(Zhang et al. 2024b), and remote sensing (Ma et al.
2025). Prototype-based metric methods have been a popu-
lar direction in FSL due to their simplicity, efficiency, and
generalization ability (Zhang et al. 2021a). These methods
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Figure 1: Unlike existing methods that typically focus
on original image feature-based prototype, MPA integrates
multimodal feature-based prototype (i.e., LLM-based multi-
variant semantic features and hierarchical Multi-View fea-
tures), significantly improving the model’s generalization
performance and robustness across diverse tasks.

typically focus on single-modal, single-view image features
to construct prototypes and classify based on the distance
between query samples and prototypes.

For example, FSL-PRS utilizes a self-attention mecha-
nism to jointly leverage support sets and query sets, dynam-
ically adjusting visual prototypes to enhance classification
discrimination capabilities (Zhao et al. 2024). However, due
to its focus solely on the visual modality, its performance
remains limited.

Similarly, TEFSL proposes a few-shot learning frame-
work that enhances spectral-spatial embedding, improving
classification performance through attention feature embed-
ding and graph iterative prototype optimization. However,
it still focuses solely on the visual modality, neglecting the
importance of semantic information (Xi et al. 2025; Wu
etal. 2025). A key limitation remains: existing methods often
overlook the potential of multimodal prototypes and multi-
view representations in few-shot scenarios.

As shown in Figure 1, single-modal/single-view-based



methods may fail to adequately capture the diverse charac-
teristics of limited-support set image samples.

For example, consider a bird image where different
species share very similar visual appearances—similar col-
ors, patterns, and shapes—making it difficult for single-
modal methods to distinguish between them. However, in-
corporating semantic information such as species descrip-
tions (“small, with a sharp, curved beak and a bold stripe
across its wings”) can provide crucial clues that comple-
ment the visual data, enabling more accurate recognition.
(1) This highlights the limitation of relying solely on vi-
sual modality and the advantage of leveraging semantic
modality, since a bird’s representation is inherently multi-
dimensional and cannot be fully captured through visual
information alone. Especially by leveraging large language
models to fully harness the semantic representation capabil-
ities of language-based multimodal information, the seman-
tic richness of samples can be significantly enhanced.

Similarly, while few-shot images offer limited expressive
information on their own, leveraging multiple views can
fully capture their representations. (2) In other words, nat-
ural variations in viewing distance, camera angles, and
lighting conditions provide diverse perspectives that en-
hance feature diversity. In short, incorporating multimodal
and multi-view augmentations can enrich sample represen-
tations and significantly enhance both discrimination and
generalization.

Based on the above analysis, we propose a novel multi-
modal prototype augmentation FSL framework called MPA,
which integrates LLM-based multi-variant semantic en-
hancement (LMSE), hierarchical multi-view augmentation
(HMA), and adaptive uncertain class absorption (AUCA),
effectively overcoming these limitations and providing a
more comprehensive and robust solution to improving pro-
totype representativeness in few-shot learning. Specifically,
LMSE is designed to capture high-quality semantic features
during prototype construction, thereby breaking the depen-
dence on image features. Then, HMA is proposed to lever-
age natural variations and geometric views to generate di-
verse representations, effectively enriching the support set
and enhancing feature diversity. Finally, AUCA combines
interpolation with normal distribution dynamic sampling to
generate an adaptive uncertain class for absorbing uncertain
samples and mitigating inter-class interference. Throughout
the process, we utilized the CLIP model to extract multi-
modal features from multi-variant semantic information, and
multi-view visual information. Finally, we trained a logis-
tic regression classifier using these features, whose effec-
tiveness was thoroughly validated across multiple evaluation
tasks. The major contributions of this study are outlined as:

* We introduce an LLM-based Multi-Variant Semantic En-
hancement module that generates high-quality semantic
features from class names and descriptions, reducing re-
liance on image-only features in prototype construction.

We design a Hierarchical Multi-View Augmentation
module that leverages natural data augmentations and ge-
ometric views to generate diverse feature representations,
thereby significantly enriching feature diversity and en-
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hancing prototype robustness.

We propose an Adaptive Uncertain Class Absorber that
generates uncertain classes via interpolation and nor-
mal distribution sampling, effectively absorbing uncer-
tain samples and reducing inter-class interference.

Extensive experiments on both single-domain and cross-
domain FSL datasets, validate the effectiveness of MPA
in addressing the challenges of limited data and com-
plex labeling in healthcare, achieving outstanding perfor-
mance across diverse settings.

Related Work
Few-shot Learning

Few-shot learning aims to generalize to novel classes us-
ing only a limited number of labeled samples. Existing ap-
proaches can be grouped into metric-based (Su, He, and
Li 2025; Li et al. 2022; Zhang et al. 2024b), optimization-
based (Ma et al. 2025; Song, Wang, and Zhong 2024; Zou
et al. 2024), transfer-based (Fu et al. 2023; Liu et al. 2025b),
and data augmentation-based methods. Metric-based meth-
ods aim to construct an embedding space where samples
from the same class are closely clustered, while those from
different classes are well separated. For instance, Prototype-
Former (Su, He, and Li 2025) introduces a transformer-
based Prototype Extraction Module that leverages learn-
able prototype tokens to capture highly discriminative class
representations. Additionally, it employs a Prototype Con-
trastive Loss to improve the robustness and generalization of
prototypes, achieving state-of-the-art performance on few-
shot learning benchmarks. Similarly, SEVPro (Cai et al.
2024) improves prototype quality by mapping semantic cues
to boost class separation, making it easier to distinguish sim-
ilar categories. This method significantly improves perfor-
mance across various prototype-based FSL tasks.

Cross-Domain Few-shot Learning

Despite its progress, FSL models often suffer performance
degradation when applied to classes with significant domain
shifts. To tackle domain shift, various approaches have been
proposed (Zhou et al. 2023; Wang et al. 2023, 2025; Cai
et al. 2024; Zhang et al. 2024a; Liu et al. 2025b,a). For ex-
ample, Zhou et al. (Zhou et al. 2023) proposed a local-global
distillation framework, representing the first effort to com-
bine both local and global distillation strategies to tackle do-
main shifts and improve cross-domain generalization. Sim-
ilarly, SPM (Song, Wang, and Zhong 2024) introduces se-
mantic information as prompts to adaptively guide the fea-
ture extractor, enhancing class-specific representations and
boosting generalization under domain shift. However, previ-
ous prototype-based methods often lack semantic richness
and multi-view representations, which limits their ability
to fully capture feature distributions and reduces their ro-
bustness in few-shot scenarios. However, although SPC (Wu
et al. 2025) focuses on local semantic cues to refine models,
it still ignores the importance of multi-view diversity and
rich textual semantics. The method mainly relies on intra-
image spatial relations, lacking complementary visual views
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Figure 2: Overview of MPA. Our framework includes three components: LLM-based Multi-Variant Semantic Enhancement
(LMSE), Hierarchical Multi-View Augmentation (HMA), and Adaptive Uncertain Class Absorber (AUCA). LMSE produces
high-quality semantic features by leveraging LLM, reducing reliance on visual inputs for prototype construction. HMA im-
proves data diversity and feature robustness through multi-view and feature-level augmentations. AUCA mitigates sample bias
by interpolating between prototypes and sampling from a normal distribution, where the interpolation weight A is adaptively
determined based on prototype differences. Finally, logistic regression is applied to optimized features for classification.

and textual guidance. As a result, its representations are bi-
ased toward limited visual contexts, reducing adaptability
and generalization to unseen domains or ambiguous classes.

Methodology
Overview

As shown in Figure 2, we propose a multimodal support set
enhancement framework to improve prototype quality and
generalization in few-shot learning. Specifically, we first in-
troduce an LLM-based multi-variant semantic enhancement
method, which provides high-quality class-level semantic
features to complement visual features and alleviate reliance
on limited image data. Then, a hierarchical multi-view aug-
mentation strategy is employed, combining naturally trans-
formed naturalistic-views and geometric-views to enrich the
diversity of the support set and enhance the expressiveness
of feature representations. To further enhance robustness,
we introduce an adaptive uncertain class absorber that adap-
tively constructs uncertain classes via interpolation and nor-
mal distribution sampling, helping to absorb uncertain sam-
ples. Together, these components form a unified approach
that strengthens prototype representations, mitigates noise
interference, and significantly improves model generaliza-
tion in FSL scenarios.
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LLM-based Multi-Variant Semantic Enhancement

To enrich class representations, we generate diverse seman-
tic variants using an language model, encode them, and in-
tegrate them into the support set. Unlike images with noisy
backgrounds, semantic descriptions focus on key attributes,
thus improving feature diversity. The support image features
are extracted using the CLIP image encoder (Radford et al.
2021), and can be expressed as:

Fo= (L) = {f(h), f(I2),.... f(In)}, (D)

where {I,})_, represents the set of all N images in the
support set, and f(-) is the CLIP image encoder function
applied to each image individually.

To obtain richer and more diverse semantic representa-
tions, we use a large language model (LLM, e.g., GPT-4.0)
to generate multi-variant semantics for each class with the
prompt: “Please generate an appearance description for
{class name}, with four paraphrased variants.” Specifically,
we define a generation function Gy 1y that takes a class label
c as input and produces a set of semantically enriched in-
formation {t,, }*!_, (including the original description and
four paraphrased variants) to capture diverse and comple-
mentary semantic features. These semantic representations
are then projected into the embedding space using the CLIP
text encoder h(-), expressed as:

Fi=h (gLLM(C)) , )



where Grim(c) = {tm}M_, represents the set of M multi-
variant semantic informations generated for class ¢, and h(-)
represents the CLIP text encoder that projects the textual
variants into a shared semantic space. As aresult, [} € R4 is
the resulting semantic embedding that captures the enriched
textual information. By incorporating LLM-generated vari-
ants, we introduce contextual diversity and latent knowledge
into the textual representation, which significantly enhances
generalization under few-shot conditions and alleviates the
limitations of fixed or manually written class names.

Hierarchical Multi-View Augmentation

The hierarchical multi-view augmentation module aims to
enrich the support set and improve generalization in few-
shot scenarios by introducing diverse visual perspectives.
We first apply transformations such as central cropping, ro-
tation, and color perturbation to simulate natural variations.
Visually diverse yet label-consistent, these augmented sam-
ples help reduce dependence on scarce data.

Specifically, given a support image I, the naturalistic-
view is generated as:

I, = {Tn(I) ‘ Tn € T}7 3)

where 7 represents the set of individual augmentation func-
tions applied independently to I, and Z,, is the resulting set
of augmented images generated by applying each transfor-
mation 7,, separately. In HMA, to enhance the diversity of
visual inputs, we apply hierarchical augmentations includ-
ing central crops (120, 170, 200 pixels), rotations (45°, 90°,
180°, 270°, 315°), and color jitter (brightness = 0.5, contrast
= 0.5, saturation = 0.5, hue = 0.2). The corresponding fea-
tures are then extracted by an image encoder:
Fy = F({II ) = {FUD) FUD). - 1UED) ]
“
where {/, {m) M_ | represents the set of M naturalistic views
generated from a raw support image 7, and f(-) is the CLIP
image encoder function applied to each naturalistic-view in-
dividually, resulting in a set of feature vectors F}, € RM*d,
In parallel, complementary views are generated via hor-
izontal reflection of support images, and their features are
combined with the originals to enrich representation and
boost few-shot generalization.

Adaptive Uncertain Class Absorber

To enhance model generalizability, we introduce an adap-
tive uncertain class absorber by leveraging interpolation
and sampling from a normal distribution. The interpolation-
based data can be formulated as:

|\

where the interpolation coefficient a ranges from 0.2 to 0.8
in our experiments, and F;, Fj, denote features from different
classes. Next, the normal distribution is expressed as:

DH ~ N(Oa 1)7

F;

D;=[a 1-a] [Fk )

(6)

26968

where Data, € R'*7%8, Then, the cosine similarity S; j, be-
tween the prototypes of class j and class k is computed as:

C; Cy
Sjk = ot J <k, (N
Gk
where || - || represents the Euclidean norm of a vector. Based

on the cosine similarity, construct a symmetric matrix S,
where the lower triangular part is set to 0:

51,1 51,2 Sl,N
0 SQ’Q SZ,N

S=1| . . - ®)
0 0 Sw.n

where N is the total number of classes. Normalize the matrix
S globally to map the cosine similarity to the range [0, 1]:

S = argmin |8 — (1= 8)Smin + BSmac)[*, 9)

J
where Spin and Spax are the minimum and maximum values
of the matrix S, respectively.

Finally, compute average of the normalized similarities
for all class pairs and convert it into a difference measure:

c-1 C

/
> 2 Siw
j=1 k=j+1
where () is the combination number. As a result, the un-
certain class data can be expressed as:

E[D,] = (1 - A)- Dy + A- D,

D~ D,, P(D,=D,)=1-2A\

! Di, P(D,=D;) =X ’
where A is a dynamic factor determined by the inter-
prototype differences within each batch. Dy, D,, and D;
denote uncertain-class, Gaussian-sampled, and interpolated
data, respectively.

In cross-domain scenarios, where features are more clus-
tered and harder to distinguish, A is typically smaller; in
contrast, it tends to be larger in single-domain datasets with
more separable features. MPA injects diversity via interpola-
tion and Gaussian sampling to foster robust decision bound-
aries and flexible overlap with real classes.

2
2

Y

Experiments
Datasets and Evaluation

We conducted extensive experiments on ten datasets, in-
cluding four single-domain and six cross-domain datasets.
The publicly available datasets used in our experiments are
divided into two groups. The single-domain datasets con-
sist of minilmageNet (Vinyals et al. 2016), tieredImageNet
(Hariharan and Girshick 2017), CIFAR-FS (Bertinetto et al.
2018), and FC100 (Oreshkin, Rodriguez Lopez, and Lacoste
2018). The cross-domain datasets include fine-grained clas-
sification benchmarks CUB (Welinder et al. 2010) and Cars
(Krause et al. 2013), which present subtle inter-class dif-
ferences, as well as more general domain datasets such as
Places (Wang et al. 2020), Plantae (Van Horn et al. 2018),
EuroSAT (Helber et al. 2019), and CropDisease (Mohanty,
Hughes, and Salathé 2016).



Method Marker  PT | minilmageNet tieredImageNet CIFAR-FS FC100 | Average
Meta-UAFS IICAI-21 X 64.22 69.13 74.08 41.99 62.36
HCTransformers CVPR-22 X 74.62 79.57 78.88 48.15 70.31
CPEA ICCV-23 X 71.97 76.93 77.82 47.24 68.49
Diff-ResNet TPAMI-24 X 73.47 79.74 - - -
FedFSL-CFRD  AAAI-25 X 56.66 60.52 63.00 - -
SP-CLIP CVPR-23 72.31 78.03 82.18 48.53 70.26
CAML ICLR-24 v 96.20 95.40 70.80 - -
SEVPro ICAI-24 v 71.81 72.77 80.36 - -
SemFew-Trans  CVPR-24 78.94 82.37 84.34 54.27 74.98
SPM AAAI-24 v 93.70 88.79 82.40 68.35 83.31
ECER-FSL AAAI2S 81.14 81.81 86.01 57.34 76.58
MLVLM AAAI-2S v 98.24 98.06 95.02 - -
MPA (Ours) - v 98.87 98.57 97.47 87.47 | 95.60

Table 1: Performance comparison of state-of-the-art methods on 5-way 1-shot single-domain datasets. PT represents a public
pre-trained model. The best results are in bold, and the second-best are underlined.

Method Mark PT \ CUB Cars Places Plantae EuroSAT CropDisease \ Average
TPN+ATA  IJCAI-21 x | 51.89 38.07 57.26 40.75 70.84 82.47 56.88
RDC CVPR-22 x | 50.09 3994 61.17 41.30 70.51 85.79 58.13
LDP-net CVPR-23 x | 5594 3744 62.21 41.04 73.25 81.24 58.52
TPN+FAP  1JCAI-24 x | 50.56 3439 57.34 37.44 62.62 76.11 53.08
PRM-Net NIPS-24  x | 5948 38.86 62.90 44.06 69.56 84.01 59.81
StyleAdv-FT CVPR-23 v | 84.01 4048 72.64 55.52 74.93 84.11 68.62
FloR CVPR-24 v | 5594 40.01 61.27 41.70 71.38 86.30 59.43
SPM AAAI-24 v | 8439 4171 7235 53.85 74.97 84.43 68.62
SVasP AAAI-25 v | 8556 4051 7593 56.25 75.51 83.98 69.62
DAMIM AAAI-25S - - - - 77.23 86.74 -
ECER-FSL  AAAI-25 - - - - 74.13 82.13 -
MLVLM AAAI-25 v | 96.64 99.74 - - - - -
MPA (Ours) - v | 9895 9851 9355 91.73 87.05 95.28 | 94.18

Table 2: Comparison with state-of-the-art methods on 5-way 1-shot classification across cross-domain datasets.

Baseline Methods

We compare our model with a broad range of state-of-
the-art baselines to validate the effectiveness of MPA. For
cross-domain FSL tasks, we evaluate against: TPN+ATA
(Wang and Deng 2021), RDC (Li et al. 2022), LDP-Net
(Zhou et al. 2023), TPN+FAP (Zhang et al. 2024b), PRM-
Net (Zhou et al. 2024), StyleAdv-FT (Fu et al. 2023), FloR
(Zou et al. 2024), SVasP (Li, Fang, and Xue 2025), and
DAMIM (Ma et al. 2025). For standard FSL tasks, we ad-
ditionally include comparisons with: Meta-UAFS (Zhang
et al. 2021b), HCTransformers (He et al. 2022), CPEA (Hao
et al. 2023), Diff-ResNet (Wang et al. 2023), FedFSL-CFRD
(Wang et al. 2025), SP-CLIP (Chen et al. 2023), CAML
(Fifty et al. 2024), SEVPro (Cai et al. 2024), SemFew-Trans
(Zhang et al. 2024a) and DAMIM (Ma et al. 2025). Notably,
SPM (Song, Wang, and Zhong 2024), ECER-FSL (Liu et al.
2025b), and MLVLM (Liu et al. 2025a) are evaluated under
both single-domain and cross-domain FSL settings.
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Implementation Details

Our model is implemented using the PyTorch framework,
employing the CLIP model with the ViT-L/14 backbone as
the feature extractor. In each epoch, we randomly sample
100 episodes from the target domain. For each task, the sup-
port set consists of 5 classes, with each class containing ei-
ther 5 or 1 sample, while the query set includes 15 images
per class. All experiments were conducted on a worksta-
tion equipped with an NVIDIA RTX 4090 GPU, Intel(R)
Xeon(R) Silver 4310 CPU, and 32GB RAM.

Comparison with State-of-the-arts

Overall Results. As shown in Tables 1, 2, 3, and 4,
MPA exhibits outstanding classification performance and
broad applicability across all experimental conditions.
Notably, our method performs effectively not only in natural
scenarios (e.g., minilmageNet and CIFAR-FS datasets)
but also achieves strong results in fine-grained tasks
(CUB and Cars datasets). Moreover, MPA demonstrates



Method Mark PT | minilmageNet tieredImageNet CIFAR-FS FC100 | Average
Meta-UAFS IJCAI-21 X 79.99 84.33 85.92 57.43 76.92
HCTransformers CVPR-22 X 89.19 91.72 90.50 66.42 84.46
CPEA CVPR-23 X 87.26 90.12 88.98 65.02 82.85
Diff-ResNet TPAMI-24  x 83.86 87.10 - - -
FedFSL-CFRD AAAI-25 X 72.15 78.95 74.58 - -
SP-CLIP CVPR-23 v 83.42 88.55 88.24 61.55 80.44
CAML ICLR-24 v 98.60 98.10 85.50 - -
SEVPro IJCAI-24 v 78.88 84.04 86.12 - -
SemFew-Trans CVPR-24 v 86.49 89.89 89.11 65.02 82.63
SPM AAAI-24 v 98.30 96.20 93.10 83.78 92.85
MPA (Ours) - v ‘ 99.07 98.79 97.64 90.57 ‘ 96.52

Table 3: Performance comparison of state-of-the-art methods on 5-way 5-shot single-domain datasets.

Method Mark PT \ CUB Cars Places Plantae EuroSAT CropDisease \ Average
TPN+ATA IJCAI-21 x | 70.14 5523  73.87 59.02 85.47 93.56 72.88
RDC CVPR-22 x | 67.23 5349 7491 57.47 84.29 93.30 71.78
LDP-Net CVPR-23 x | 73.34 53.06 75.47 59.64 82.01 89.40 72.15
TPN+FAP IJCAI-24 x | 64.17 4738 72.05 53.58 80.24 88.34 67.63
PRM-Net NeurIPS-24  x | 76.68 55.44 7698 63.08 83.22 93.09 74.75
StyleAdv-FT ~ CVPR-23 v | 9582 66.02 88.33 78.01 90.12 95.99 85.72
FloR CVPR-24 v | 7406 5798 74.25 61.70 83.76 93.60 74.23
SPM AAAI-24 v 19595 62.89 88.79 74.52 89.72 96.11 84.66
SVasP AAAI-25 v’ | 9595 6647 89.19 78.67 90.55 96.17 86.17

DAMIM AAAI-25 v - - - - 91.08 96.49 -

MPA (Ours) - v 19932 99.63 9337 95.37 91.77 98.21 | 96.28

Table 4: Comparison with state-of-the-art methods on 5-way 5-shot classification across cross-domain datasets.

robust capabilities in single-domain few-shot learning
(minilmageNet, tieredImageNet, CIFAR-FS and FCI100
datasets), cross-domain few-shot learning (EuroSAT and
CropDisease), and fine-grained recognition tasks (Cars,
CUB, Places and Plantae datasets). These results highlight

CUB Cars

Method 1-shot 5-shot | 1-shot 5-shot
TPN+ATA 51.89 70.14 | 38.07 5523
RDC 50.09 67.23 | 3994 5349
LDP-net 5594 7334 | 3744  53.06
TPN+FAP 50.56 64.17 | 3439 47.38
PRM-Net 5948 76.68 | 38.86 55.44
StyleAdv-FT | 84.01 95.82 | 4048 66.02
FloR 55.94  74.06 | 40.01 57.98
SPM 84.39 9595 | 41.71 62.89
SVasP 85.56 9595 | 4051 6647

MLVLM 96.64 - 99.74 -
MPA (Ours) | 98.95 99.32 | 98.51 99.63

Table 5: Comparison results on fine-grained datasets (CUB
and Cars) under 5-way 1-shot and 5-shot settings.
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MPA’s potential for practical use across a wide range of
real-world scenarios.

Results on single-domain FSL datasets. As shown in
Table 1, under the 5-way 1-shot setting, the average classifi-
cation accuracy of MPA surpasses the second-best method
by 12.29%. Specifically, MPA improves the average accu-
racy by 5.17%, 9.78%, 15.07%, and 19.12% compared to
the second-best method on minilmageNet, tieredlmageNet,
CIFAR-FS and FC100 datasets, respectively. As shown
in Table 3, under the 5-way 5-shot setting, the average
classification accuracy of MPA surpasses the second-best
method (SPM) by 3.67%. Specifically, MPA improves the
average classification accuracy by 0.77%, 2.59%, 4.54%,
and 6.79% compared to the second-best method on mini-
ImageNet, tieredImageNet, CIFAR-FS and FC100 datasets,
respectively.

Results on cross-domain FSL datasets. As shown in Table
2, MPA achieves superior performance on all six datasets
under the 5-way 1-shot setting. Specifically, MPA achieves
the best performance on CUB, Places, Plantae, EuroSAT,
and CropDisease datasets and ranks second-best on Cars,

"The appendices and supplementary materials are available at
https://github.com/ww36user/MPA.



with an average improvement of 24.56%. As shown in
Table 4, under the 5-way 5-shot setting, MPA achieves the
best performance across all six datasets. Specifically, MPA
improves the average accuracy by 3.37%, 33.16%, 4.18%,
16.7%, 1.22% and 2.04% compared to the second-best
method on CUB, Cars, Places, Plantae, EuroSAT and
CropDisease datasets, respectively.

Results on fine-grained FSL datasets. As shown in
Table 5, MPA performs exceptionally well on the CUB and
Cars datasets in the 5-way 1-shot and 5-way 5-shot settings,
achieving the best results in three metrics and ranking
second in the other. Specifically, in the 5-way 5-shot classi-
fication task on the Cars dataset, MPA achieves a 33.16%
improvement in accuracy compared to the second-place
model. These results demonstrate that MPA possesses
significant advantages and strong generalization capabilities
in low-sample fine-grained classification tasks.

Ablation Study

Effect of MPA Components. As presented in Table 6, to
comprehensively evaluate the contributions of each compo-
nent in our MPA framework, we conduct an ablation study
across three datasets. Without introducing HMA and AUCA,
using LMSE alone can significantly improve performance
on EuroSAT and CIFAR-FS. After introducing HMA, per-
formance is further improved on Places and CIFAR-FS, in-
dicating that multi-view augmentation helps model gener-
alization. Finally, when the three modules are used together,
the best performance is achieved on all datasets, showing the
effectiveness and complementarity of each module.

LMSE HMA AUCA |EuroSAT Places CIFAR-FS

X X X 76.41 87.24 93.69
v X X 83.03 93.43 95.36
X v X 79.44  84.71 94.17
v v X 85.69  92.64 96.32
v v v 87.05  93.55 97.47

Table 6: Ablation study on the effects of the three compo-
nents across three datasets in 5-way 1-shot setting.

Effect of Backbone. To evaluate the generalizability of
MPA under the challenging 5-way 1-shot setting, we con-
duct experiments on multiple CLIP backbone variants, in-
cluding ViT-L/14, ViT-B/32, ViT-B/16, and ResNet101. As
shown in Table 7, MPA consistently outperforms the base-
line across all backbones and datasets, demonstrating strong
robustness and adaptability in few-shot scenarios.

Extended Evaluation and Analysis. To further validate
the generality and robustness of our approach, we provide
several extended experiments and analyses. Specifically, Ta-
ble 8 examines the impact of different large language models
on semantic enhancement, and GPT-4.0 achieves the best ac-
curacy. Appendix. A2" evaluates the effectiveness of AUCA
under extreme conditions with uncertain samples. A statis-
tical analysis of the dynamic factor A is presented in Ap-
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Method Backbone \ EuroSAT Places FC100
Baseline  ViT-L/14 76.41 87.24 77.18
Ours ViT-L/14 87.05 93.55 87.47
Baseline  ViT-B/32 65.47 82.32 60.20
Ours ViT-B/32 74.15 91.08 75.95
Baseline  ViT-B/16 71.19 83.92 67.95
Ours ViT-B/16 78.92 92.00 79.73
Baseline ResNet101 57.88 78.71 46.40
Ours ResNet101 65.99 83.99 51.61

Table 7: Performance comparison across different CLIP
backbones on three datasets under the 5-way 1-shot setting.

pendix. A3 to demonstrate the adaptability of AUCA across
various domains. UMAP visualizations of MPA features on
five target-domain datasets are provided in Appendix. A4",
showing that MPA clearly separates category boundaries
compared with the baseline. Additional feature visualiza-
tions and analysis are presented in Appendix. A5

These findings consistently support the effectiveness of
our method in learning transferable representations and ad-
dressing diverse data distributions.

LLM | tieredImageNet CIFAR-FS
GPT-3.5 97.88 97.20
GPT-4.0 98.57 97.47

DeepSeek-V3 97.79 97.01
DeepSeek-R1 97.79 97.25
ChatGLM-3 97.99 97.19
Claude-4 98.17 97.39
Gemini-2.5 98.17 96.53
InternVL3 98.16 97.15
Qwen2.5 98.15 97.36
ERNIE X1 98.03 97.32

Table 8: Performance comparison of LMSE using different
LLMs, evaluated on 5-way 1-shot tasks across two datasets.

Conclusion

In this paper, we propose MPA, a novel multimodal few-
shot learning framework called MPA, which includes LLM-
based Multi-Variant Semantic Enhancement (LMSE), Hier-
archical Multi-View Augmentation (HMA), and Adaptive
Uncertain Class Absorber (AUCA) for improving general-
ization and stability. LMSE is designed to generate high-
quality semantic features, reducing reliance on image data.
HMA enriches support representations by combining natu-
ral augmentations and geometric views. AUCA dynamically
generates adaptive uncertain classes through interpolation
and normal distribution sampling to address uncertain sam-
ples and reduce class overlap. Experiments on four single-
domain datasets and six cross-domain datasets show state-
of-the-art performance, demonstrating strong generalization
and effectiveness in various FSL scenarios.
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