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Abstract

Vision-language models (VLMs) pre-trained on natural im-
age and language data, such as CLIP, have exhibited signif-
icant potential in few-shot image recognition tasks, leading
to development of various efficient transfer learning meth-
ods. These methods exploit inherent pre-learned knowledge
in VLMs and have achieved strong performance on standard
image datasets. However, their effectiveness is often limited
when confronted with cross-domain tasks where imaging do-
mains differ from natural images. To address this limitation,
we propose Consistency-guided Multi-view Collaborative
Optimization (CoMuCo), a novel fine-tuning strategy for
VLMs. This strategy employs two functionally complemen-
tary expert modules to extract multi-view features, while in-
corporating prior knowledge-based consistency constraints
and information geometry-based consensus mechanisms to
enhance the robustness of feature learning. Additionally, a
new cross-domain few-shot benchmark is established to help
comprehensively evaluate methods on imaging domains dis-
tinct from natural images. Extensive empirical evaluations on
both existing and newly proposed benchmarks suggest Co-
MuCo consistently outperforms current methods.

Introduction
Current deep learning methods often require vast amounts of
labeled data which may be prohibitively expensive and diffi-
cult to obtain in domains such as rare disease diagnosis and
industrial defect detection. To address this challenge, vari-
ous few-shot learning techniques (Gharoun et al. 2024; Vet-
toruzzo et al. 2024) have been developed to enable models to
learn effectively from limited data. While previous methods
are effective in some scenarios, they generally suffer from
limited generalization ability.

In recent years, the emergence of pre-trained vision-
language models (VLMs) (Gao et al. 2024b; Huang et al.
2024b; Jia et al. 2021; Wei, Pan, and Owens 2024; Li et al.
2023), especially CLIP (Radford et al. 2021), offer new so-
lutions for few-shot learning. An image encoder and a text
encoder are commonly included in these models to align
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Figure 1: Accuracy comparison on in-domain (ImageNet)
and cross-domain (Aircraft & IP102) datasets under 16-shot
setting using ResNet-50 (left) and ViT-B/16 (right). The ‘+’
marks improvement of our method over the best baseline.

image features and text embeddings. The alignment is fa-
cilitated by enhancing the cosine similarity of the corre-
sponding image-text pairs. After being pre-trained on large
amounts of data, these models acquire strong semantic un-
derstanding and effective zero-shot image recognition abil-
ities. The powerful feature representation ability and open-
vocabulary recognition ability effectively alleviate the prob-
lems faced by few-shot learning. To enable efficient transfer
learning of pre-trained VLMs in few-shot scenarios, a series
of fine-tuning techniques have been proposed, e.g., methods
based on prompt tuning (Zhou et al. 2022b,a; Chen et al.
2023; Khattak et al. 2023; Zhu et al. 2023) or adapter tun-
ing (Gao et al. 2024a; Zhang et al. 2022; Huang et al. 2024a).

As shown in Fig. 1, since these methods are initially de-
signed to leverage intrinsic knowledge in VLMs, their per-
formance is inherently dependent on the alignment between
pre-learned knowledge in VLMs and the to-be-learned
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knowledge in the downstream task. Strong alignment typi-
cally results in better performance, whereas in cross-domain
settings with substantial domain shifts, the reduced align-
ment significantly limits their effectiveness. Furthermore,
simple fine-tuning strategies may only assimilate a subset of
discriminative features present in the training dataset, while
comprehensive discriminative characteristics remain inade-
quately captured (Allen-Zhu and Li 2023), thus constraining
model performance especially on cross-domain datasets.

To address the challenges of applying VLMs to few-shot
learning in cross-domain scenarios and enhance the extrac-
tion of discriminative features with VLMs, we propose Co-
MuCo, a consistency-guided multi-view collaborative opti-
mization framework. By establishing diverse learning pref-
erences, this framework effectively facilitates the acquisition
of multi-view features. Specifically, our framework consists
of two functionally complementary expert modules, i.e., a
Feature Integrator, which extracts and refines knowledge rel-
evant to cross-domain classification from pre-trained mod-
els, and a Feature Refiner, which actively learns task-specific
features from cross-domain data. Both modules are gov-
erned by a consensus constraint based on information geom-
etry theory, which promotes the learning of mutually com-
patible and robust feature representations. Additionally, a
prior consistency constraint is implemented to preserve log-
its consistency across the fine-tuning process by constrain-
ing logits deviations to follow a Laplacian prior distribution,
mitigating catastrophic forgetting of general knowledge.

Furthermore, recent efficient transfer learning methods
commonly adopt the CLIP Benchmark1 for performance
evaluation. However, many of its datasets have substan-
tial domain overlap with CLIP’s pretraining corpus. While
datasets such as DTD (Cimpoi et al. 2014) and Eu-
roSAT (Helber et al. 2019) provide some cross-domain vari-
ation, their diversity remains limited. To enable a more com-
prehensive evaluation across distinct visual domains, we cu-
rated a set of datasets that differ significantly from natural
images and proposed a new cross-domain few-shot bench-
mark. Our method was evaluated on both the CLIP Bench-
mark and our proposed benchmark, consistently achieving
state-of-the-art performance. The main contributions of this
study are summarized below.

• A novel Consistency-guided Multi-view Collaborative
Optimization (CoMuCo) is proposed to effectively learn
knowledge from downstream task data in few-shot sce-
narios, especially on cross-domain tasks.

• A prior consistency constraint is proposed, achieving the
preservation of prior knowledge by constraining logits
drift to satisfy the Laplace distribution.

• A novel multi-view geodesic consensus mechanism is
proposed to facilitate the learning of more robust dis-
criminative representations.

• Extensive empirical evaluations were performed on both
the existing benchmark and the cross-domain bench-
mark, with SOTA performance achieved by CoMuCo.

1The CLIP Benchmark (Zhou et al. 2022b) consists of 11
widely used datasets for evaluating few-shot learning.

Related Work
Vision-Language Models The recently developed pre-
trained VLMs (Gao et al. 2024b; Huang et al. 2024b; Jia
et al. 2021; Wei, Pan, and Owens 2024; Li et al. 2023; Zhai
et al. 2023; Tschannen et al. 2025; Sun et al. 2023; Cherti
et al. 2023; Xu et al. 2024) have been widely applied to few-
shot learning. Among these VLMs, CLIP (Radford et al.
2021) has garnered significant attention for its generaliza-
tion capability for downstream tasks. CLIP is pre-trained on
a vast number of image-text pairs, learning the semantic re-
lationships between images and text, which enables it to ex-
tract visual features rich in semantic information. This pow-
erful pretraining capability renders CLIP a promising base
model for transfer learning.
Efficient Transfer Learning To fully leverage the pre-
trained knowledge of VLMs in few-shot learning scenarios,
a series of efficient transfer learning methods have been de-
veloped (Zhou et al. 2022b; Chen et al. 2023; Guo et al.
2023; Huang et al. 2024a; Khattak et al. 2023; Yao, Zhang,
and Xu 2024; Zhang et al. 2024; Zhou et al. 2022a; Zhang
et al. 2022; Yu et al. 2023). These methods can be primarily
divided into two groups, prompt-tuning (Chen et al. 2023;
Khattak et al. 2023; Yao, Zhang, and Xu 2024; Zhou et al.
2022b,a; Zhang et al. 2024) and adapter-tuning (Huang et al.
2024a; Zhang et al. 2022; Gao et al. 2024a; Yu et al. 2023).
Prompt-tuning methods like CoOp (Zhou et al. 2022b) use
learnable prompts in the text encoder, while adapter-tuning
methods such as CLIP-Adapter (Gao et al. 2024a) add
lightweight modules to encoders. Although these methods
demonstrate robust performance, their model adaptations are
predominantly constrained to input tokens and output fea-
tures, thereby limiting their effectiveness in cross-domain
scenarios. By introducing two complementary expert mod-
ules alongside prior constraints and information-geometric
consensus constraints, our method markedly mitigates this
issue and improves the model’s generalization ability.

Method
Preliminary
Our method is built upon CLIP, which consists of an image
and a text encoder. To perform zero-shot classification for an
image into one of C classes , with each class associated with
a textual sentence, CLIP firstly extracts the image feature
z ∈ Rd and text embeddings t ∈ RC×d via the image en-
coder and the text encoder, respectively, where d represents
the feature dimension. Then, the similarity between the im-
age feature and each text embedding is computed, resulting
in a similarity vector s = sim(z, t) ∈ RC , where sim(·, ·)
represents the cosine similarity measurement. Consequently,
the probability output is given by p = softmax(s/τ),
where τ is the temperature coefficient. The class with the
highest similarity score is selected as the prediction.

Overview
To facilitate the comprehensive learning of discrimina-
tive features from downstream task data, CoMuCo, a
consistency-guided multi-view collaborative optimization
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Figure 2: Overview of CoMuCo. The proposed framework is constructed around two core modules: the Feature Integrator (FI)
and the Feature Refiner (FR). A consensus constraint aligns FI and FR for enhanced feature learning, while a prior consistency
constraint regulates logit deviation to preserve zero-shot knowledge. Feature vectors zFI , zFR, and zZS are extracted from FI,
FR, and frozen CLIP modules, with corresponding logits sFI , sFR, and sZS obtained through class text embedding alignment.
“Attention Pooling” is configured at the final transformer block in the ViT architecture.

framework, is introduced. As illustrated in Fig. 2, this frame-
work facilitates the learning of features from different per-
spectives by incorporating two functionally complementary
modules: the Feature Integrator (FI) and the Feature Re-
finer (FR). Specifically, FI is designed to extract and refine
knowledge pre-learned by the VLM that remains relevant
to the downstream classification task, whereas FR actively
learns novel task-specific knowledge from downstream data.
To prevent excessive forgetting of the pre-trained model’s
general knowledge within each module, a prior consistency
constraint is enforced in the logit space. Specifically, the de-
viation between each module’s logits and those of zero-shot
CLIP is encouraged to follow a zero-mean Laplacian dis-
tribution, thereby promoting minimal modifications to the
logits and ensuring that pre-learned knowledge is preserved
throughout the training process of each module. Further-
more, to enhance the robustness of feature learning, we pro-
pose a multi-view consensus mechanism grounded in in-
formation geometry theory, which approximately minimizes
the squared geodesic distance between probability distribu-
tions from different perspectives on a statistical manifold,
thereby fostering compatibility across views and promoting
more robust feature learning.

Dual-Expert Framework
To comprehensively learn discriminative features for down-
stream tasks, two structurally decoupled and functionally
complementary expert modules are introduced. As shown
in Fig. 3, these modules are designed to implicitly capture
features from different perspectives of the downstream task
data through distinct fine-tuning strategies:

• Feature Integrator (Invariant Expert) is designed to pre-
serve existing knowledge from the VLM through conser-
vative parameter modifications, focusing updates solely
on the last module.

ResNet50 ViT-B/16
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Figure 3: Illustrations of FI and FR under different archi-
tectures. They are initialized with the same architecture and
weights as the pre-trained model, with intermediate results
from frozen CLIP forward propagation being reused as FI
and FR inputs to reduce computation.

• Feature Refiner (Adaptive Expert) captures novel pat-
terns induced by downstream task data, employing fine-
tuning of deeper network layers to achieve superior adap-
tation to domain-specific data distributions.

By learning features from different perspectives, this dual-
expert framework enables effective information extraction.

Prior Consistency Constraint
Since substantial prior knowledge is embedded in pre-
trained models during their pre-training phase, its complete
erasure during fine-tuning is considered harmful. To ad-
dress catastrophic forgetting of prior knowledge triggered
by fine-tuning, a prior consistency constraint is implemented
to reduce the number of elements modified in the fine-
tuning branch’s logits when compared to original CLIP log-
its, thereby necessitating sparsity in the logits offset. This
sparsity is enforced by requiring that the logits offset fol-
lows a sparse prior distribution, modeled using zero-mean
Laplacian distribution.
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We consider the deviation between the expected logits s
produced by each expert and the zero-shot logits sZS from
frozen CLIP. Let δ = s− sZS denote the deviation vector in
the logit space.

Definition 1 (Laplace Prior on Logits Deviation) Each
component δc of the deviation vector δ is independently
drawn from a zero-mean Laplace distribution:

p(δc) =
1

2b
exp

(
−|δc|

b

)
, (1)

where b is a scale hyper-parameter.

Then, we demonstrate the negative log-prior can be inter-
preted as an L1 regularization:
Theorem 1 (Laplace Prior Equivalence) Imposing an L1

regularization on the deviation vector δ is equivalent to as-
suming an independent Laplace prior:

− log p(δ) ∝ 1

b
∥δ∥1. (2)

Proof is provided in Appendix A.1
Based on this theory, the resulting prior consistency losses
are defined as:

LR = ∥sFR − sZS∥1, LI = ∥sFI − sZS∥1. (3)

This Laplace-based regularization enforces sparse adapta-
tion during fine-tuning. The model is encouraged to modify
its predictions only for a small set of classes while main-
taining consistency with the powerful prior for most cat-
egories. This mechanism enables local adaptation without
erasing general visual knowledge.

Multi-view Consensus Constraint
As the features derived from different perspectives are in-
tended to collaboratively address the same classification
task, a consensus between their predictions is expected
rather than mutual contradiction. To facilitate this, the ex-
pected predictive distributions generated by the two expert
branches are aligned by minimizing Jeffreys divergence on
the statistical manifold MP of output probabilities.

Definition 2 (Jeffreys Divergence) The Jeffreys diver-
gence is defined as the symmetric form of KL divergence:

DJ(p∥q) = DKL(p∥q) +DKL(q∥p). (4)

The consensus loss is defined via the Jeffreys divergence:

LD =
1

2
DJ(pFR,pFI). (5)

This formulation is grounded in the intrinsic geometry of
statistical manifolds. Specifically, we demonstrate that the
Jeffreys divergence admits a higher-order approximation to
the squared geodesic distance between two probability dis-
tributions on such a manifold:
Theorem 2 (Geodesic Divergence Approximation) Let
M be a statistical manifold, where points on M are param-
eterized by a local coordinate system π. For any two points
P and Q on M, with coordinates πP and πQ respectively,

the squared geodesic distance d2(P,Q) connecting them
can be approximated to fourth order through the Jeffreys
divergence:

DJ(P,Q) = d2(P,Q) +O(∥πQ − πP ∥4), (6)

where ∥πQ − πP ∥ represents the norm of the parametric
coordinate difference between the two points. (Proof is pro-
vided in Appendix A.2)
This geometric perspective suggests that minimizing LD

effectively reduces the geodesic distance between the pre-
diction distributions of the two experts on the statistical
manifold, thereby encouraging predictive consensus and en-
hances the robustness of each expert.

Training and Inference
For each image xi, the fused logits, used for both training
and inference, are obtained by aggregating the logits from
FR, FI, and the frozen CLIP, which are denoted as sFR(xi),
sFI(xi), and sZS(xi), respectively:

si = α · sFR(xi) + β · sFI(xi) + γ · sZS(xi), (7)

The weights α, β, and γ are expert coefficients, with γ =
1−α−β. The cross-entropy loss over the training set serves
as the expected likelihood objective:

LCE = − 1

N

N∑
i=1

log p(yi|si). (8)

where p(yi|si) represents the predicted probability for the
ground-truth label yi given the fused logits si.

The complete training objective integrates multiple regu-
larization terms:

L = LCE︸︷︷︸
Joint Likelihood

+λ1LR + λ2LI︸ ︷︷ ︸
Prior Regularization

+ λ3LD︸ ︷︷ ︸
Consensus Regularization

.

(9)

Experiments
Experimental Settings
Datasets To address the CLIP Benchmark’s limitations in
evaluating model performance across various visual do-
mains, a novel benchmark is introduced, which incorporates
seven diverse image datasets, i.e., Skin40 (Yang et al. 2023)
with 40 classes of skin disease, TCGA12 (Chen et al. 2022)
with 12 classes of tissue pathology, RFMiD12 (Panchal et al.
2023) with 12 classes of fundus, NWPU-RESISC45 (Cheng,
Han, and Lu 2017) with 45 classes of remote sensing, NEU-
CLS (Song and Yan 2013) with 6 classes of hot-rolled steel
defect, IP102 (Wu et al. 2019) with 102 classes of crop pest
and disease, and Galaxy10 DECaLS (Leung and Bovy 2019)
with 10 classes of galaxy. Collectively, these datasets cover
a wide range of fields, enabling more comprehensive assess-
ment of model adaptability.

In addition, the CLIP Benchmark was still used to thor-
oughly evaluate the model’s performance, which includes 11
datasets, i.e., ImageNet (Deng et al. 2009), Caltech101 (Fei-
Fei, Fergus, and Perona 2007), Food101 (Bossard, Guil-
laumin, and Gool 2014), DTD (Cimpoi et al. 2014), Eu-
roSAT (Helber et al. 2019), FGVCAircraft (Maji et al.
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Figure 4: Performance comparison on the cross-domain benchmark. Dashed lines for ResNet50 and solid lines for ViT-B/16.

2013), Flowers102 (Nilsback and Zisserman 2008), Oxford-
Pets (Parkhi et al. 2012), StanfordCars (Krause et al. 2013),
SUN397 (Xiao et al. 2010), and UCF101 (Soomro, Zamir,
and Shah 2012). Moreover, ImageNet-Sketch (Wang et al.
2019) and ImageNet-V2 (Recht et al. 2019) are incorporated
to assess the model’s domain generalization capability.
Implementation Following previous studies (Yu et al. 2023;
Zhou et al. 2022b), we trained models under K-shot set-
tings (K = 1, 2, 4, 8, 16) with K images per class and eval-
uated on the full test set. Unless otherwise stated, ResNet-50
was used as the visual backbone, and pre-defined text tem-
plates (Yu et al. 2023) were used for text encoding. Train-
ing was conducted using SGD with cosine learning rate de-
cay for 50 epochs (300 for cross-domain settings), start-
ing with a warm-up from 1e−5 to 0.002 in the first epoch.
The default batch size was 32. Data augmentations from
CoOp (Zhou et al. 2022b) (random crop and flip) were ap-
plied. Hyperparameters were fixed as α = β = 0.2, and
λ1 = λ2 = λ3 = 0.1. All results were averaged over three
runs with different seeds.
Baselines To validate the effectiveness of our method, com-
parisons were made with SOTA efficient transfer learn-
ing methods, including CoOp (Zhou et al. 2022b), Tip-
Adapter-F (Zhang et al. 2022), TaskRes (Yu et al. 2023),
MaPLe (Khattak et al. 2023), TCP (Yao, Zhang, and Xu
2024), DePT (Zhang et al. 2024), TextRefiner (Xie et al.
2024) and SkipT (Wu et al. 2025).

Efficacy of the Proposed Method
Results on Cross-Domain Few-Shot Benchmark Our
method was first assessed on the cross-domain few-shot
benchmark. To confirm the challenges for cross-domain
few-shot recognition, zero-shot CLIP as the naive baseline
was evaluated on the benchamrk, which revealed that the
frozen pre-trained CLIP model is unable to perform effec-
tive classification in cross-domain tasks (Appendix C.2).

As shown in Fig. 4, our method CoMuCo consistently
outperforms all baselines. With ResNet50 as the visual en-
coder, it achieves superior results, particularly with a slightly
larger number of training images, surpassing the strongest
baseline by 5.27% and 7.03% under the [8, 16]-shot settings.

Components Datasets

LCE FI FR LI LR LD ImageNet Stanford Cars Galaxy

58.18 55.61 13.90
✓ ✓ 65.40 79.27 51.23
✓ ✓ ✓ 65.50 79.53 50.10
✓ ✓ 64.33 81.27 53.30
✓ ✓ ✓ 65.10 83.53 56.23
✓ ✓ ✓ 64.47 81.23 53.26
✓ ✓ ✓ ✓ 65.73 80.23 54.43
✓ ✓ ✓ ✓ ✓ 65.63 83.87 55.67

✓ ✓ ✓ ✓ ✓ ✓ 66.27 85.07 56.83

Table 1: Ablation study of our method on 3 representative
datasets under the 16-shot setting.

When ViT-B/16 is used, CoMuCo exhibits superior perfor-
mance across all competing approaches, yielding improve-
ments of 2.03%, 3.23%, 3.59%, 2.83%, and 2.78% over the
best baseline under the [1, 2, 4, 8, 16]-shot settings. Notably,
even with ResNet50, the performance of CoMuCo remains
comparable to certain ViT-B/16-based baselines, exceeding
TextRefiner and TCP while matching MaPLe under [8, 16]-
shot settings. These results support that our method can
more effectively learn knowledge from the limited training
data when the imaging modality of the downstream task is
significantly different from those used in CLIP pre-training.
Results on CLIP Benchmark As shown in Fig. 5 (top-left
subfigure), on the widely used CLIP Benchmark for few-
shot learning, our method consistently achieves superior av-
erage performance compared to SOTA methods across all
the few-shot settings. As the number of training samples in-
creases, the performance gap progressively widens. Under
the [1, 4, 16]-shot settings, our method outperforms the best
baseline by 1.48%, 2.77%, and 4.65% on ResNet50, and by
0.25%, 0.54%, and 1.70% on ViT-B/16, respectively. No-
tably, our method excels on the two fine-grained datasets
StanfordCars and FGVCAircraft, and on the texture dataset
DTD. Classification of fine-grained classes often requires
more specialized knowledge (Gao et al. 2024a), as does clas-
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Figure 5: Performance comparison on the CLIP Benchmark. Dashed lines for ResNet50 and solid lines for ViT-B/16.
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Figure 6: Average results on CLIP and cross-domain bench-
marks for different FR fine-tuning strategies. Here, ‘n’ indi-
cates the count of fine-tuned layers closest to output.

sification in the texture classes, which is less frequently en-
countered during CLIP’s pre-training phase. In this case, our
method enables the model to effectively learn from new data,
resulting in superior performance. Conversely, on the Ima-
geNet, Flowers102, and Food101 datasets, our method per-
forms on par with competing methods, as CLIP’s pre-trained
knowledge is sufficient to acquire substantial task-specific
knowledge with minimal additional learning. To conclude,
our method exhibits marked superiority in standard few-shot
learning tasks, particularly in the domains of fine-grained
classification and cross-domain data recognition.

Ablation Study
Ablation Study on Model Components Ablation studies
were performed on ImageNet, Stanford Cars, and Galaxy10
DECaLS (‘Galaxy’) under the 16-shot setting to evaluate
the impact of key components in the proposed framework.
These datasets respectively represent natural image classifi-
cation, fine-grained classification, and cross-domain classi-
fication tasks, allowing for a comprehensive evaluation. As

shown in Tab. 1, FR is more advantageous for fine-grained
and cross-domain classification, whereas FI excels in natu-
ral image classification (row 2 vs. 4). This discrepancy arises
because FI retains most pre-learned knowledge and efficient
learning from natural image data is achieved through the
correction of attention pooling. However, in tasks involving
fine-grained distinctions or large domain shifts, FR demon-
strates superior results by enabling more comprehensive fea-
ture refinement and enhanced knowledge adaptation. Com-
bining FR and FI (row 6) yields intermediate performance.

Adding Prior Consistency Constraint improves results by
1.99% for FR (row 4 vs. 5) and 2.07% for the dual-expert
integration (row 6 vs. 8), which supports that the prior con-
straint alleviates the overfitting issue by preventing exces-
sive forgetting of pre-learned knowledge in CLIP. Addition-
ally, inclusion of the multi-view consensus constraint en-
hances the performance of dual-expert integration (row 6
vs. row7). When prior constraint was employed, the consen-
sus mechanism demonstrated enhanced performance gains
(rows 7 & 8 vs. row 9), indicating that prior constraints as-
sist the consensus mechanism in improving the model’s gen-
eralization capability. These ablation results confirm the ef-
fectiveness of all CoMuCo components.
Impact of Fine-tuning Layer Configurations in FR The
impact of fine-tuning depths in the FR was evaluated. Fig. 6
shows that, performance generally declines with more fine-
tuned layers, especially with fewer or cross-domain samples.
Under the 16-shot setting, fine-tuning 3 layers or the entire
visual encoder reduced average performance by 0.64% and
7.01% on the CLIP benchmark and by 3.08% and 9.18% on
the cross-domain benchmark, relative to tuning the last layer
only. In the 1-shot cross-domain case, declines extended to
3.67% and 11.73%. These findings indicate that early layers
are more prone to overfitting when data is scarce, and that
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Figure 7: Sensitivity study on ImageNet. TCP is a representative strong baseline.

Method Visual Backbone Source Target

ImageNet -V2 -Sketch

Zero-Shot CLIP

ResNet-50

58.18 51.34 33.32
Linear Probe CLIP 55.87 45.97 19.07
CoOp 62.95 55.11 32.74
TCP 64.8 56.27 34.23
CoMuCo 66.27 57.13 35.03

Zero-Shot CLIP

ResNet-101

61.62 54.81 38.71
Linear Probe CLIP 59.75 50.05 26.80
CoOp 66.60 58.66 39.08
TCP 67.53 59.10 40.37
CoMuCo 69.30 60.60 41.93

Zero-Shot CLIP

ViT-B/32

62.05 54.79 40.82
Linear Probe CLIP 59.58 49.73 28.06
CoOp 66.85 58.08 40.44
TCP 67.73 58.50 41.50
CoMuCo 69.60 60.17 42.57

Zero-Shot CLIP

ViT-B/16

66.73 60.83 46.15
Linear Probe CLIP 65.85 56.26 34.77
CoOp 71.92 64.18 46.71
TCP 72.40 64.83 48.17
CoMuCo 74.90 66.80 49.47

Table 2: Performance in domain adaption and with different
CLIP visual backbones.

limiting fine-tuning to the final layer helps preserve general-
izable representations learned during pre-training.

Sensitivity Study
Our method contains five hyperparameters, including the
logit weights α and β, the consistency constraint weights λ1

and λ2, and the consensus constraint weight λ3. The sensi-
tivity study (Fig. 7) of these parameters on ImageNet under
the 16-shot setting shows that our method’s performance re-
mains stable when each hyperprameter varies within certain
range, demonstrating its robustness to hyperparameters.

Generalization Study
Domain Adaption A domain adaptation study was per-
formed to assess the adaptability of CoMuCo to new do-
mains during inference. The model was trained on ImageNet
with 16-shot samples and evaluated on ImageNet-V2 and
ImageNet-Sketch. As presented in Tab. 2, CoMuCo achieves
up to 1.97% and 1.56% higher accuracy than the best base-
line on the two target datasets, demonstrating solid general-
ization across domains.

Figure 8: GradCAM visualization on exemplar images.
Columns show: (left) original images, (center-left to right)
GradCAM heatmaps from CLIP visual encoder, FI, and FR
respectively. Warmer colors indicate higher attention.

Backbone Generalization We evaluate CoMuCo on var-
ious visual backbones, including ResNet-50, ResNet-101,
ViT/B-32, and ViT/B-16. As shown in Tab. 2, CoMuCo con-
sistently outperforms all baselines, with an average gain of
1.53% across all three datasets. These results confirm its ro-
bustness across different architectures.

Visualization Analysis
To further elucidate CoMuCo, a visual analysis of its dual
modules was performed. Specifically, GradCAM (Selvaraju
et al. 2017) was employed to visualize the model’s atten-
tion regions when presented with category text and query
images. Fig. 8 reveals that while the original CLIP model
fails to properly focus on the target object, the adapted FR
and FI successfully identify it. Moreover, when the CLIP
model successfully detected the targets, enhanced compre-
hensive attention to target objects is achieved through the
adapted FR and FI. Refer to Appendix D for more results.

Conclusion
In this study, we propose CoMuCo, a Consistency-guided
Multi-view Collaborative Optimization framework, for few-
shot learning especially in cross-domain scenarios. The
method employs dual expert modules with prior consis-
tency constraint and multi-view consensus mechanism to en-
hance learning capacity. Additionally, we establish a novel
cross-domain benchmark for thorough performance assess-
ment across various imaging domains. Extensive exper-
iments support that CoMuCo substantially boosts model
performance. This study offers a new perspective on effi-
cient transfer learning with vision-language models, and Co-
MuCo is expected to work well under more scenarios.
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