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Few-shot classification aims to recognize novel categories from limited labeled samples. In this work, we study
this task in a cross-modal setting by leveraging both visual and textual cues from pre-trained models. Although
recent approaches based on pre-trained vision-language models have demonstrated strong performance, their
visual branches typically rely on instance-level contrastive paradigms such as CLIP, which can be limited
in fine-grained visual representation. Moreover, existing frameworks often underexplore the integration of
high-quality features from external vision-only models, leaving room for improvement in low-shot regimes.
To address these challenges, we propose Auxiliary Model Enhancement (AME), a framework that enriches
the CLIP visual embedding space through the collaborative fusion of self-supervised auxiliary models. AME
introduces a feature-initialized predictor to absorb complementary visual information and further refines the
fused representation via soft-label knowledge distillation. In addition, we develop a cross-modal adaptation
strategy that incorporates semantically enriched class information as supplementary one-shot samples, thereby
improving the use of scarce multimodal supervision. Extensive experiments on ImageNet and multiple standard
benchmarks validate the effectiveness of AME, demonstrating competitive performance on challenging few-shot
classification tasks.

1. Introduction residual blending of pre-trained features, enhancing task-specific repre-

sentations. Auxiliary model integration goes a step further by leverag-

Few-shot learning, namely the ability to adapt to new tasks with
minimal supervision, is a critical capability for intelligent systems.
Traditional few-shot learning approaches [1] often rely on single-
modality data and predefined class labels, which limit their ability
to generalize across diverse and complex tasks. Recently, the emer-
gence of large-scale pre-trained vision-language models [2-5], such as
CLIP [6], has opened new avenues for few-shot learning by leveraging
rich multimodal embeddings. CLIP aligns images and texts in a shared
representation space, enabling zero-shot and few-shot classification
with minimal prompt engineering. However, while CLIP-based meth-
ods have demonstrated strong performance, they often struggle with
task-specific adaptation, especially in low-data regimes [7-9].

To address these limitations, as illustrated in Fig. 1, researchers
have explored strategies such as prompt tuning [7,8], feature adap-
tation [9], and auxiliary model integration [10,11]. Prompt tuning
methods, like context optimization, aim to optimize continuous vectors
as task-specific prompts, but their reliance on text-only modifications
limits their versatility. Feature adaptation approaches, such as CLIP-
Adapter [9] and Tip-Adapter [12], introduce additional layers for
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ing multiple foundation models to provide diverse prior knowledge. For
instance, CaFo [10] incorporates vision-contrastive, vision-generative,
and language-generative models to improve few-shot learning through
a combination of synthetic data generation and cache-based prediction
blending [12]. AMU-Tuning [11] optimizes logit bias using auxiliary
features and uncertainty-based fusion to enhance CLIP-based few-shot
learning performance.

Despite significant progress in few-shot learning, most visual en-
coders still rely on contrastive pre-training with image-text pairs, such
as CLIP. Current studies reveal that such approaches suffer from the
“CLIP-blind pairs” phenomenon [13], where CLIP erroneously per-
ceives visually distinct images as similar samples. Recent adapter-based
studies have also highlighted the need for stronger task-specific re-
finement under few-shot settings [14]. For semantic representation,
existing methods primarily rely on manually designed templates or
learnable tokens, limiting semantic scalability. Regarding cross-modal
fusion strategies, mainstream approaches typically employ additional
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Fig. 1. Examples of CLIP-based few-shot learning are as follows: (a) CoOp learns prompt embeddings but lacks visual adaptation. (b) CLIP-Adapter/Tip-Adapter
introduces learnable MLPs to better adapt CLIP features. (¢) AMU-Tuning/CaFo enriches visual representations with frozen auxiliary encoders but overlooks
semantic cues. (d) AME (Ours) fuses dual visual encoders through a feature-initialized MLP and cross-modal adaptation for improved few-shot performance.

projection layers to align image-text category prototypes, yet still strug-
gle to obtain discriminative cross-modal prototypes under limited su-
pervision.

To address these challenges, we propose Auxiliary Model Enhance-
ment (AME), a unified framework that integrates multi-source visual
representation fusion, cross-modal feature alignment, and soft-label-
based knowledge distillation. Different from Tip-Adapter, which mainly
adapts CLIP features, AME introduces a DINOv2 auxiliary branch to
provide complementary fine-grained visual cues. Compared with CaFo,
which relies more on generated data or prediction-level fusion, AME
explicitly coordinates CLIP-based semantic adaptation with auxiliary
visual refinement. Compared with AMU-Tuning, which focuses on logit-
bias correction, AME learns feature-initialized branch adapters and fur-
ther refines the DINOv2 branch through soft-label distillation. Specif-
ically, AME combines DINOv2 [15] and CLIP [6] through parallel
pathways with residual adapters initialized from pre-trained features.
The CLIP branch adopts a cross-modal joint training strategy [16],
where semantic features serve as auxiliary support samples to enrich
the conventional n-shot setting. The DINOv2 branch serves as an inde-
pendent visual auxiliary encoder and is optimized with teacher—student
distillation. An overview of AME is illustrated in Fig. 2. Compared with
the evaluated baselines, AME maintains competitive performance in
the low-shot regime and benefits more clearly as the number of shots
increases, suggesting improved scalability across few-shot scenarios.

To demonstrate the effectiveness of the proposed AME method,
we evaluate its performance across eleven diverse downstream bench-
marks [17-27], utilizing multiple backbone architectures including
ResNet [28] and Vision Transformer (ViT) [29]. The main contributions
of this work are outlined as follows:

* We propose Auxiliary Model Enhancement (AME), a unified
method that integrates a vision-language model with an aux-
iliary self-supervised visual model. This design enriches multi-
modal representations and improves downstream performance by
effectively leveraging heterogeneous prior knowledge.

AME incorporates a cross-modal adaptation strategy, an initial-
ized feature-guided MLP, and a knowledge distillation mechanism
to improve learning from very limited data while mitigating
overfitting.

Extensive experiments on ImageNet and multiple benchmarks
show that AME achieves competitive results in few-shot classi-
fication, maintaining strong accuracy in 1- to 4-shot settings and
delivering clear gains from 4-shot to 16-shot.

The remainder of this article is organized as follows. Section 2
reviews the related work in few-shot classification and multimodal
adaptation. Section 3 details our proposed method, including visual

feature fusion, cross-modal adaptation, and knowledge distillation. Ex-
perimental results and analysis are presented in Section 4, followed by
the conclusion in Section 5.

2. Related work

This section reviews the literature on three topics central to our
work: few-shot classification, strategies for vision model pre-training,
and the ecosystem of large-scale pre-trained models.

2.1. Few-shot classification

Few-shot learning aims to recognize novel categories from only
a few labeled examples and has been widely studied through metric
learning [1], meta-learning [30], and fine-grained discrepancy mod-
eling [31]. With the emergence of vision-language models such as
CLIP [6], recent few-shot methods increasingly exploit pre-trained mul-
timodal knowledge. Representative approaches include prompt tuning
methods such as CoOp [7] and CoCoOp [8], as well as adapter-based
methods such as CLIP-Adapter [9] and Tip-Adapter [12]. Recent stud-
ies further show that CLIP-based few-shot learning can benefit from
more targeted adaptation strategies: ProLIP [32] adapts the CLIP vi-
sual projection layer with regularization, AT-Adapter [33] introduces
attribute-level semantic knowledge into category-specific adapters, and
Cross-Modal Mapping [34] mitigates the image-text modality gap by
aligning visual features with textual prototypes. These works suggest
that efficient adaptation, semantic enrichment, and cross-modal align-
ment remain important for few-shot recognition. In this context, AME
integrates CLIP with an auxiliary self-supervised visual model and uses
multi-branch adaptation to combine semantic and visual cues for more
robust few-shot prediction.

2.2. Pre-training of vision models

Pre-training has become a cornerstone in computer vision, with
early models leveraging supervised pre-training on datasets like Ima-
geNet [19] to achieve strong transferability to downstream tasks such
as classification, object detection [35], semantic segmentation [36],
and 3D recognition [37]. Self-supervised learning, which eliminates the
need for labeled data, has advanced significantly through techniques
such as contrastive learning [38], self-distillation without labels [39],
and masked image modeling [40]. These approaches substantially en-
hance the transferability of pre-trained models. Among vision-language
models, CLIP [6] emerged as a breakthrough, using contrastive pre-
training on large-scale image-text pairs to achieve zero-shot and few-
shot generalization. Building on these advances, recent works such
as CaFo [10] combine multiple pre-trained models (e.g., CLIP [6],
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Fig. 2. Overview of AME. Class-name prompts and support images are encoded by frozen CLIP and DINOv2 encoders, then adapted by feature-initialized MLPs.
The CLIP branch uses cross-modal alignment, the DINOv2 branch is refined by soft-label distillation, and their logits are fused for prediction.

DINO [39], and DALL-E [41]) to improve few-shot learning perfor-
mance. However, such auxiliary-model methods often emphasize gen-
erated data or prediction-level fusion, while the relationship between
semantic adaptation and auxiliary visual refinement is less explicitly
modeled. In AME, we extend this idea by incorporating a residual MLP
structure with knowledge distillation after both the CLIP and auxiliary
branches. This design encourages better complementarity and enhances
feature representation for few-shot learning tasks.

2.3. Large-scale pre-trained models

Large-scale pre-trained models have become fundamental to visual
representation learning, with foundational architectures evolving from
Convolutional Neural Networks like ResNet [28] to more scalable
Vision Transformers (ViT) [29] and Swin Transformers [42]. Building
on these powerful backbones, models such as CLIP [6], SLIP [43],
and CoCa [44] further enhanced generalization by pre-training on
massive image-text datasets to learn an aligned and multimodal embed-
ding space. In parallel, advances in self-supervised learning, including
contrastive methods like MoCo [45], and masked autoencoders like
MAE [40], have unlocked the ability to learn highly adaptable features
from visual data alone. Recent work has also shown that pre-trained
representations can be refined for fine-grained class-incremental sce-
narios through pseudo-set frequency modeling [46]. Our work, AME,
is built on the insight that these different pre-training paradigms yield
complementary strengths. For instance, we harness auxiliary features
from both a vision-language model like CLIP, which excels at high-level
semantics, and a powerful self-supervised model like DINOv2 [15],
known for its rich structural and textural features. By integrating
these diverse features into a residual adapter guided by knowledge
distillation, our method provides a principled framework to align and
enhance embeddings across models, fostering stronger and more robust
generalization for few-shot learning.

3. Proposed method

AME consists of three coupled components: a dual-branch CLIP-
DINOv2 fusion framework, a cross-modal adaptation strategy for the
CLIP branch, and a soft-label knowledge distillation strategy for the
DINOV2 auxiliary branch. The fusion framework defines how comple-
mentary semantic and visual logits are combined, while cross-modal
adaptation and knowledge distillation serve as branch-specific training
mechanisms that refine the two logits before final prediction. In this
section, we first introduce the CLIP-DINOv2 feature fusion design, then
describe cross-modal adaptation and DINOv2-branch distillation. The
overall architecture is illustrated in Fig. 2.

3.1. Fusion of CLIP and self-supervised visual embeddings

We propose a multi-branch training framework that integrates the
pre-trained models CLIP [6] and DINOv2 [15] to enhance representa-
tion learning in few-shot classification tasks. This design is motivated
by the observation that contrastive vision-language models such as
CLIP often suffer from the “blind pair” problem [13], in which visually
distinct samples are incorrectly mapped to similar embeddings due
to their reliance on image-text alignment rather than fine-grained
visual discrimination. In contrast, DINOv2, trained purely through
self-supervised objectives, excels at capturing structural and textu-
ral cues, thereby providing complementary and more reliable visual
evidence. Leveraging this complementarity, AME employs two inde-
pendent multilayer perceptrons (MLPs), corresponding to CLIP and
DINOV2 respectively, trained in parallel to jointly refine and align their
representations.

For each model branch (model € {CLIP,DINOv2}), the weight
matrix of the linear projection layer is initialized using the class-wise
mean feature:

x

i

m =

_ T 1
Winodel = [my,my,, ... ,mq]", =%
i

fmodel,i,j’ (1)
1
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Fig. 3. Few-shot accuracy (%) versus the number of training samples per class
(1, 2, 4, 8, and 16). Comparison among five prediction heads (LP, FI.LP, MLP,
ResMLP, and FI_ResMLP) with error bars shows that FI ResMLP achieves strong
performance, especially under low-shot settings.

where fi04e1,,; denotes the feature of the jth sample from class 7, and
K; denotes the number of support samples in that class.

To enhance feature alignment, a residual adapter g qq () With a
learnable weighting parameter f is applied before the classifier:

Binodel = B8model (fmodel) + (1 = B)fmodels  Smodel = WinodetPmodel- (2)

For inference, the final prediction is obtained by aggregating the
two branches through a weighted fusion controlled by a hyper-
parameter:

s = Ascup + (1 — 4) Spivovas 3

where A controls the contribution of each encoder during logit fusion
at test time. This fusion allows DINOv2 to compensate for CLIP’s blind-
pair weaknesses, while CLIP provides high-level semantic priors that
complement DINOv2’s structural cues.

During training, each branch is optimized through its own objective
rather than through a supervised loss directly imposed on the fused
logits in Eq. (3). The branch-wise supervised objective is written as:

N C

Lonodel = —% ; CZ{ Vi log(softmax(syodel)e ) » 4
where softmax(sy,ogel;). is the predicted probability for class ¢, y; . is
the ground-truth indicator, C is the number of classes, and N is the
batch size. In AME, this generic form is instantiated as cross-modal
supervision on the CLIP branch and cross-entropy plus distillation on
the DINOv2 branch, while the fused logits are used only for final
prediction (see Fig. 3).

3.2. Cross-modal adaptation via text-augmented support

To address the limitations of unimodal few-shot learning, which
often struggles to form discriminative decision boundaries under scarce
supervision, we adopt a cross-modal adaptation strategy on the CLIP
branch that explicitly leverages the complementary nature of visual and
textual modalities. Specifically, textual embeddings produced by the
CLIP text encoder are incorporated as additional support cues alongside
visual embeddings from the CLIP image encoder, conceptually enrich-
ing each n-shot class with one additional class-level textual support
prototype. Built upon the pre-trained vision-language model CLIP,
this strategy maps both images and texts into a shared d-dimensional
feature space, enabling more robust prototype formation and mitigating
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the representation bias commonly observed in purely visual few-shot
models.

In our implementation, the textual support features are constructed
in a simple and fixed manner. For each class ¢, we insert the corre-
sponding class name into the prompt template “a photo of a [CLASS]”.
The resulting sentence is encoded with the frozen CLIP text encoder. No
learnable prompt vectors, prompt ensemble, or text generation module
is used. The obtained text embedding is treated as a fixed class-level
semantic support feature and is not updated during training. During
mini-batch training, this class-level text feature is indexed according
to the label of each visual support sample. Thus, the CLIP branch is
optimized with both image-support and text-support features. Before
computing logits, both CLIP image embeddings and CLIP text embed-
dings are #,-normalized. Therefore, the dot product is equivalent to
cosine similarity in the shared CLIP embedding space.

The cross-modal learning objective on the CLIP branch is defined
over the class-prototype logits:

CLIP _ T 4 CLIP C
Ecross-modal - 2 H (yi’ {wc ¢m,- (xi)}c=l) ’ 5
1

where H(y, -) denotes the softmax loss, m; € {image, text} indicates the
modality type, ¢%Ip(x,-) represents the corresponding CLIP modality-
specific encoder, and w, denotes the class prototype/classifier weight
of class ¢ in the CLIP branch. All embeddings are aligned within the
same shared feature space:

wy, p57() € RY. (6)
During inference, the prediction for a test sample x is given by:
y=arg max w,y - qbfnLIP(x). (2]

¥

By introducing CLIP-based textual embeddings as auxiliary support
samples, the proposed cross-modal strategy enriches visual represen-
tations and improves generalization under low-shot conditions. Com-
pared with unimodal baselines, this unified CLIP cross-modal design
provides additional semantic cues that stabilize prototype learning and
effectively alleviate performance degradation when training data are
extremely limited.

3.3. Knowledge distillation for auxiliary model compression

In contrast to prototype-based or symmetric distillation schemes, we
apply soft-label knowledge distillation to the auxiliary DINOv2 visual
branch, aiming to reduce the adapter-side parameter overhead while
preserving its complementary discriminative capability. Although in-
corporating a self-supervised encoder such as DINOv2 provides stronger
fine-grained visual representations, it increases the number of learnable
parameters in the adapter module. To mitigate this issue, we adopt a
teacher—student distillation framework in which a stronger DINOv2-
based model with a wider adapter acts as the teacher, and a lightweight
adapter-enhanced model with a reduced hidden dimension is trained
as the student. This asymmetric design allows the teacher to provide
more expressive supervisory signals during training, while the compact
student is retained for inference to reduce adapter-side parameter
overhead. Through soft-label distillation, knowledge from the auxiliary
branch is transferred into a compact representation, enabling efficient
inference with limited accuracy degradation.

Specifically, we adopt a soft-label distillation loss based on
Kullback-Leibler (KL) divergence between the temperature-scaled out-
puts of the teacher and student models. For compactness, let the su-
perscript D denote the DINOv2 branch, and define pj. = softmax(z? /7)
and p%, = softmax(z2 /7). The KL term is:

LR =D (py Il Py)s ®

where z? and z? are the logits produced by the DINOv2 teacher and
student, and 7 is the temperature parameter. In the main experiments,
we set 7 = 5.
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The overall distillation objective and final training objective are:

L£p =ald + (1 -a)’Ly . 9)

_ pCLIP D
Linal = Ecross-modal + Lyps 1o

where EgE denotes the cross-entropy loss between the student pre-
dictions and ground-truth labels, and a« € [0, 1] balances hard-label
supervision and soft-label distillation. L, is used to optimize the two
branches during training, whereas Eq. (3) is used at inference time
to combine the resulting CLIP and DINOv2 logits. We do not impose
an additional loss on the fused logits, because our goal is to preserve
branch-specific learning signals and perform a lightweight test-time
ensemble after both branches have been optimized.

The complete training procedure is summarized in Algorithm 1. The
pipeline uses fixed class texts (no text generation) together with CLIP
and DINOv2 features, and optimizes the final objective in Eq. (10).

Algorithm 1 AME Training with Cross-Modal Adaptation and DINOv2

Distillation

1: Input: Few-shot support set D = {(x;,y;)}, class-name texts 7 =

{t. }f=1, frozen CLIP image/text encoders, frozen DINOv2 encoder.
2: Extract and cache CLIP image features, CLIP text features, and
DINOV2 visual features.

3: Initialize the CLIP branch head, a wider DINOv2 teacher head, and
a compact DINOv2 student head with class-wise mean features.

: Set distillation temperature = and soft-label distillation weight a.

: Stage 1: DINOv2 teacher training.

: for each teacher-training iteration do

Sample DINOv2 support features and labels.

Train the wider DINOv2 teacher with cross-entropy loss on

ground-truth labels.

9: end for

10: Freeze the DINOv2 teacher and compute teacher logits z’T).

11: Stage 2: Joint CLIP-branch and DINOv2-student training.

12: for each joint-training iteration do

13: Sample CLIP image features, matched text features, DINOv2

features, and labels.

. CLIP
14:  Compute llcross_mo dal

using CLIP image/text features with Eq. (5).
15:  Compute student logits zg and the cross-entropy loss ECDE; com-
pute £D using Eq. (8), and then compute £ using Eq. (9).

16:  Optimize L, in Eq. (10) to update the CLIP branch and DINOv2
student.
17: end for
18: Output: Trained AME model; discard the teacher and fuse CLIP and
DINOV2 student logits using Eq. (3) at inference.

4. Experiments and discussions
4.1. Implementation details

To validate the proposed method, we evaluate its performance on
a suite of 11 standard classification datasets, including Food-101 [17],
DTD [18], ImageNet-1 K [19], Caltech-101 [20], EuroSAT [21], Stan-
ford Cars [22], FGVC-Aircraft [23], Oxford Flowers-102 [24], Ox-
ford Pets [25], UCF-101 [26], and SUN397 [27]. Unless otherwise
specified, all main experiments use CLIP RN50 as the default vision—
language backbone, while DINOv2-Large serves as the auxiliary visual
encoder. Only the dedicated backbone-comparison experiment in Table
2 additionally reports results with RN101, ViT-B/32, and ViT-B/16.

In terms of architecture, both CLIP and DINOv2 encoders are frozen
during training, and we optimize only the residual adapter layers built
on top of the extracted features. To enhance expressive capacity, the
teacher network adopts a wider MLP bottleneck, while the student net-
work uses a more compact bottleneck selected according to validation
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performance. This setting is also consistent with recent discrepancy-
based transfer strategies for few-shot image classification [47]. Based
on the sensitivity study in Table 5, we use a hidden dimension of 4D
by default for the adapter bottleneck in the main experiments. For each
dataset, we evaluate the model under the [1,2,4, 8, 16]-shot settings per
class and report results on the full test sets.

During training, we adopt a knowledge distillation strategy in which
a wider teacher network is first introduced to provide soft targets, and a
more compact student network is then optimized for final deployment.
The training loss is a weighted combination of cross-entropy loss and
KL divergence loss, with the temperature set to = = 5 in the main
experiments and the soft-label distillation weight fixed to ¢ = 0.6
according to the sensitivity analysis in Fig. 6. For the inference-time
logit fusion in Eq. (3), we set 4 = 0.6 when the number of shots is fewer
than 4 and 1 = 0.4 otherwise, following the trend observed in Fig. 5.
This design combines soft and hard supervision signals while reducing
the number of adapter parameters required at inference time.

Since both CLIP and DINOvV2 encoders are frozen, the additional
trainable complexity of AME comes mainly from the residual MLP
heads. Under the default RN50/DINOv2-Large setting on ImageNet-
1 K, the CLIP head has 17.81M parameters and the compact DINOv2
student has 9.42M, totaling 27.23M inference-time head parameters;
the 17.81M-parameter DINOv2 teacher is training-only. Thus, AME
adds one frozen DINOv2 forward pass relative to CLIP-only methods,
while cached-feature training optimizes only the heads.

For all experiments, we adopt the PyTorch framework and train
for 100 epochs using the Adam optimizer, with an initial learning
rate of le-4 and a batch size of 1024 for cached feature training.
All parameters of the pre-trained models remain fixed during training
to preserve their prior knowledge. In comparison to strong baselines
such as CoOp [7], CLIP-Adapter [9], and Tip-Adapter-F [12], our
approach delivers clear gains in the 2-, 4-, 8-, and 16-shot settings while
remaining competitive in the 1-shot regime. Furthermore, under 8- and
16-shot conditions, the use of a refined MLP bottleneck results in more
discriminative embeddings and consistent performance gains. All exper-
iments are executed on RTX 4090 GPUs to ensure high computational
efficiency and experimental reproducibility.

4.2. Performance

As illustrated in Fig. 4, the proposed AME method demonstrates
competitive classification performance across the majority of down-
stream tasks when compared with existing approaches. Fig. 4 shows
that AME performs favorably against AMU-Tuning [11] and other
strong baselines across the 10 downstream tasks shown, highlighting
its generalization ability in diverse few-shot scenarios. However, it is
worth noting that on some datasets, such as EuroSAT, SUN397, and
Caltech-101 under the 1-shot setting, AME does not surpass CaFo [10].
A likely reason is that CaFo leverages generated or retrieved similar
samples to augment the training set, which directly increases visual
diversity in the extremely low-shot regime.

As shown in Table 1, under the extremely low-shot setting, espe-
cially 1-shot, the performance improvements of AME are relatively
limited. In this setting, each class has only one labeled image, so the
class-wise feature initialization degenerates into single-sample initial-
ization and becomes highly sensitive to sample noise. Although the
CLIP text feature provides useful semantic information, it cannot fully
compensate for the lack of intra-class visual diversity. Similarly, the
DINOv2 student branch has very limited visual variation from which
to learn complementary cues. Therefore, it is intrinsically difficult to
obtain large gains in the 1-shot regime for adapter-based methods with
additional trainable heads. As more support samples become available,
the adapters can form more stable class representations, cross-modal
alignment receives more reliable supervision, and the auxiliary branch
can better exploit fine-grained visual variations. This explains why
AME benefits more clearly in the 4-, 8-, and 16-shot settings. Such
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Fig. 4. Accuracy (%) on 10 benchmark datasets. Our approach achieves competitive performance against prior methods under various few-shot scenarios,

demonstrating robust and transferable performance.

Table 1
ImageNet-1 K performance (%) and trainable head/adapter parameters (M),
excluding frozen encoders.

Table 2
Performance (%) of compared methods with various CLIP visual backbones on
ImageNet-1 K under the 16-shot setting.

Methods Params (M) Acc (%) Methods Backbone
1-shot 2-shot 4-shot 8-shot 16-shot RN50 RN101 ViT-B/32 ViT-B/16

CoOp [7] 8.20 57.15 57.81 59.99 6156 62.95 CoOp [7] 62.95 65.53 63.80 68.73
CLIP-Adapter [9] 18.72 61.20 61.52 61.84 62.68 63.59 CLIP-Adapter [9] 63.59 65.39 66.19 71.13
Tip-Adapter-F [12]  16.38 61.32 61.69 6252 64.00 65.51 Tip-Adapter-F [12] 65.51 68.56 68.65 73.69
CaFo [10] 49.15 63.80 6434 65.64 66.86 68.79 CaFo [10] 68.79 70.82 70.82 74.48
AMU-Tuning [11] 2.05 62.60 64.25 65.92 68.25 70.02 AMU-Tuning [11] 70.02 71.58 71.65 74.98
AME (Ours) 27.23 62.85 68.18 7213 76.11 80.30 AME (Ours) 80.30 81.56 81.54 81.92

challenges can become more pronounced when the label distribution
is additionally imbalanced, as discussed in prior long-tailed few-shot
studies [48].

Table 1 also compares AME on ImageNet-1 K against several strong
CLIP-based methods for few-shot classification, including CoOp [7],
CLIP-Adapter [9], Tip-Adapter-F [12], CaFo [10], and AMU-
Tuning [11]. For transparency, we report inference-time trainable
head/adapter parameters, excluding frozen CLIP and auxiliary en-
coders. The baseline results in Tables 1 and 2 are quoted from the cor-
responding papers or their officially reported results. For consistency,
the comparisons follow the same ImageNet-1 K few-shot evaluation
setting. The support set contains the specified number of labeled images
per class, and accuracy is evaluated on the ImageNet-1 K validation
set. Unless otherwise specified, Table 1 uses CLIP RN50 as the default
visual backbone. In Table 2, the shot number is fixed to 16, and the
CLIP visual backbone is varied consistently across methods. For AME,
DINOv2-Large is kept as the fixed auxiliary visual encoder, while the
CLIP branch follows the backbone specified in each column. The results
show that AME achieves substantial improvements in accuracy under
the 4-shot, 8-shot, and 16-shot conditions. In these settings, AME effec-
tively leverages the availability of additional training samples to learn
more comprehensive feature representations, resulting in significant
performance gains. Specifically, compared with AMU-Tuning, AME
yields absolute accuracy improvements of 6.21%, 7.86%, and 10.28%
in the 4-shot, 8-shot, and 16-shot settings, respectively. These results
further demonstrate the performance improvement of AME in few-shot
classification.

4.3. Results on different vision backbones

We further benchmark AME against strong few-shot classifica-
tion methods across multiple CLIP visual backbones, including RN50,

RN101, ViT-B/32, and ViT-B/16, as shown in Table 2. In our method,
auxiliary features are derived from DINOv2-Large, providing com-
plementary information to the CLIP encoder during inference. AME
achieves the best performance among the compared methods across all
encoder variants, highlighting the benefit of integrating self-supervised
and vision-language representations within a unified learning paradigm.

4.4. Ablation study

Our AME method comprises three key components: auxiliary fea-
tures (AUX), knowledge distillation (KD), and cross-modal adaptation
(CMA). To evaluate the contribution of each module, we conduct
ablation studies on EuroSAT, DTD, and FGVC-Aircraft. The baseline is
built on CLIP auxiliary features with a simple linear probe followed by
p-fusion, without AUX, KD, or CMA. Table 3 reports the results under
different component settings.

From the results, we observe that the auxiliary DINOv2 branch
brings clear gains over the baseline on all three datasets, especially
in the 4- and 16-shot settings. KD provides additional improvements
in most higher-shot cases through softened supervisory signals, while
CMA improves the use of semantic information by introducing textual
features as additional support cues. When these modules are com-
bined, the full AME model achieves the best overall results across
EuroSAT, DTD, and FGVC-Aircraft. The improvements are particularly
pronounced on DTD and FGVC-Aircraft in the 16-shot setting, indicat-
ing that the proposed components become more effective when more
support samples are available.

To further validate the high ImageNet-1 K results, we report the
mean accuracy and standard deviation over three random seeds in
Table 4. The small standard deviations indicate that the reported
performance is stable across different seeds. Full AME achieves the best
mean accuracy in the 4- and 16-shot settings and remains comparable
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Table 3

Ablation results of AME on EuroSAT, DTD, and FGVC-Aircraft with various modules.
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Component EuroSAT DTD FGVC-Aircraft

AUX KD CMA 1-shot 4-shot 16-shot 1-shot 4-shot 16-shot 1-shot 4-shot 16-shot
Baseline 65.60 81.40 89.10 33.13 44.78 57.40 23.13 25.89 27.59
v 67.20 83.20 90.10 48.62 61.42 73.45 25.87 41.95 63.12
v v 67.80 83.80 90.20 48.53 61.55 73.58 25.74 42.19 63.28
v v 69.30 84.50 91.40 52.72 62.71 73.76 26.86 43.82 63.35
v v v 70.10 85.10 92.10 53.05 62.85 73.95 27.00 44.00 63.50

Table 4

Statistical validation on ImageNet-1 K over three random seeds. Results are reported as

mean accuracy (%) + standard deviation.

Component Acc (%)

AUX KD CMA 1-shot 4-shot 16-shot

Baseline 61.01 + 0.50 62.33 + 0.29 65.34 + 0.20

v 61.14 + 0.55 70.48 + 0.12 79.66 + 0.10

v v 61.19 + 0.54 70.52 + 0.11 79.61 + 0.09

v v 62.55 + 0.67 72.10 + 0.05 80.18 + 0.05

v v v 6285 + 0.61 7213 + 0.08 80.30 + 0.06
Table 5 Combined Accuracy vs. Alpha
Sensitivity study of different feature dimensions on EuroSAT and ImageNet in 78.8

the 16-shot setting.

Dimension D/8 D/4 D 4D 8D
EuroSAT [21] 89.71 91.00 91.77 92.10 92.07
ImageNet [19] 81.50 81.53 81.05 81.92 81.30

Table 6
Sensitivity study of different distillation temperatures on EuroSAT and Ima-
geNet in the 16-shot setting.

Temperature 1 3 5 7 9
EuroSAT [21] 91.43 91.49 92.10 91.47 91.45
ImageNet [19] 81.20 81.80 81.92 81.77 81.28
Accuracy Comparison (16-shot vs 4-shot)
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Fig. 5. Comparison of AME performance with different values of 4, which bal-
ances the contribution between cross-modal (CLIP) and visual-only (DINOv2)
logits.

to the best variant in the 1-shot setting, which is consistent with the
observation that the 1-shot regime is more sensitive to sample noise
and limited visual diversity.

~
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Fig. 6. Comparison of KD performance with different values of a, where «
controls the balance between the cross-entropy loss on ground-truth labels and
the KL divergence from the teacher’s soft labels.

4.5. Parameter analysis

Unless otherwise stated, the key hyperparameters used in the main
experiments are selected according to the following sensitivity analy-
ses. They are then kept fixed across datasets. Specifically, we set the
distillation temperature to = = 5 and the soft-label distillation weight to
a = 0.6 for all datasets. The logit fusion weight is not tuned separately
for each dataset. Instead, we set A = 0.6 for settings with fewer than 4
shots and 4 = 0.4 for settings with 4 shots or more, following the trend
observed in Fig. 5.

Parameter Analysis of the Feature Dimension Scaling Factor:
To investigate the impact of the scaling factor applied to the feature
dimension extracted from the pre-trained model, we conduct exper-
iments on the EuroSAT [21] and ImageNet [19] datasets under the
16-shot setting. The feature dimension is scaled in multiples ranging
from one-eighth (1/8) of the original dimension to eight times (8x) the
original dimension. As shown in Table 5, both EuroSAT and ImageNet
achieve the best performance at 4x the original feature dimension,
reaching 92.10% and 81.92%, respectively. This indicates that increas-
ing the feature dimension can improve feature expressiveness up to
an appropriate scale, while an overly large dimension may introduce
redundancy and slightly degrade performance. Therefore, we use 4D as
the default feature dimension scaling factor in the main experiments.

Parameter Analysis of the KD with Different Temperature z: To
investigate the effect of the temperature parameter z in the distilla-
tion process, we conduct experiments on the EuroSAT and ImageNet
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(a) Original image

(b) CoOp
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(c) Tip-Adapter-F (d) AME (ours)

Fig. 7. Grad-CAM visualization of CoOp [7], Tip-Adapter-F [12], and our AME. AME is trained in a 1-shot setting. Examples are from Stanford Cars [22],

FGVC-Aircraft [23], Oxford Pets [25], and Flowers-102 [24].

datasets across a range of temperature values. As reported in Table
6, setting = = 5 yields the most favorable performance, indicating an
effective compromise between maintaining informative soft predictions
and avoiding over-smoothing. When ¢ is too low, the softened outputs
approximate hard labels, diminishing the value of distillation. In con-
trast, overly large ¢ values lead to excessively uniform distributions,
diluting the teacher’s guidance. Therefore, we adopt = 5 in the main
experiments to enable stable and effective knowledge transfer.

Parameter Analysis of the Logit Fusion Weight A: In Eq. (3),
we introduce a hyper-parameter 4 to balance the contributions of the
CLIP and DINOv2 logits during inference. In Fig. 5, we evaluate the
performance of the AME method on the EuroSAT [21] dataset under 4-
shot and 16-shot settings with various values of 1. The results indicate
that the performance of the AME method remains stable when 1 is
within the range of 0.2 to 0.6, with fluctuations below 0.05%. Further
analysis suggests that CLIP is more effective in extremely low-shot
scenarios (fewer than 4 shots), while DINOv2 becomes more helpful
with larger sample sizes (4 shots or more). Based on these observations,
we set 4 = 0.6 in scenarios where the number of shots is fewer than 4,
and A = 0.4 in those where it is 4 or more, thereby improving adaptation
to tasks with different sample sizes.

Parameter Analysis of the Soft Label Weight a: To evaluate
the influence of the distillation weight a in Eq. (9), which balances
the standard cross-entropy loss Lcg and the KL divergence term Ly,
we perform experiments on the EuroSAT [21] and Oxford Pets [25]
datasets under both 4-shot and 16-shot settings. As illustrated in Fig.
6, setting a to around 0.6 yields the best performance, suggesting

an effective trade-off between ground-truth supervision and the soft
targets provided by the teacher model. Extremely small « values lead
to over-reliance on potentially noisy soft labels, while excessively large
values diminish the advantages of knowledge distillation. Accordingly,
we use « = 0.6 in the main experiments.

4.6. Visualization of attention map

Fig. 7 illustrates the Grad-CAM visualizations on the test sets of four
benchmark datasets: Stanford Cars [22], FGVC-Aircraft [23], Oxford
Pets [25], and Flowers-102 [24]. The first column displays the original
input images. The second to fourth columns present the attention maps
generated by CoOp [7], Tip-Adapter-F [12], and our AME method
under the 1-shot setting, respectively.

The qualitative results suggest that AME can focus more accurately
on the target objects than the baseline methods, CoOp and Tip-Adapter-
F. As observed in the examples across all four datasets, the attention of
CoOp and Tip-Adapter-F sometimes focuses on local regions of the tar-
get or disperses into the background. In contrast, AME tends to produce
a more complete focus on the target object, thereby extracting more
discriminative features. These visualizations suggest that AME helps
alleviate feature-localization limitations in the compared baselines.
This advantage is also consistent with the performance improvements
observed across these four datasets.

In summary, our AME method introduces cross-modal learning and
leverages foundation models to enrich the few-shot feature space. By
incorporating enhanced adapters and a knowledge distillation strategy,



C. Yu et al.

the classifier effectively utilizes limited data and jointly benefits from
the pre-trained text and image encoders. This comprehensive approach
improves object recognition and few-shot classification performance in
the evaluated settings.

5. Conclusion

To further advance few-shot learning with CLIP, this paper proposes
a unified Auxiliary Model Enhancement (AME) method that integrates
a visual branch leveraging self-supervised DINOv2 for fine-grained
visual embeddings, together with a cross-modal fusion mechanism and
soft-label knowledge distillation. Extensive experiments demonstrate
that AME achieves competitive performance against strong baselines
across 11 datasets under various few-shot settings. Nevertheless, AME
still has limitations. Although the DINOv2 teacher is discarded dur-
ing inference, the training stage requires auxiliary DINOv2 feature
extraction and teacher-student distillation, making the pipeline more
complex than single-branch CLIP adaptation methods. Moreover, its
gains in the extremely low-shot setting, especially 1-shot, remain rela-
tively limited due to the scarcity of support samples. Future work will
explore lighter auxiliary-model integration and more robust low-shot
adaptation strategies.
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