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Abstract

Vision-Language models (VLMs) have shown great poten-
tial in enhancing open-world visual concept comprehension.
Recent researches focus on an optimum multimodal collabo-
ration strategy that significantly advances CLIP-based few-
shot tasks. However, existing prompt-based solutions suf-
fer from unidirectional information flow and increased pa-
rameters since they explicitly condition the vision prompts
on textual prompts across different transformer layers using
non-shareable coupling functions. To address this issue, we
propose a Dual-shared mechanism based on LoRA (DsRA)
that addresses VLM adaptation in low-data regimes. The pro-
posed DsRA enjoys several merits. First, we design an inter-
modal shared coefficient that focuses on capturing visual and
textual shared patterns, ensuring effective mutual synergy be-
tween image and text features. Second, an intra-modal shared
matrix is proposed to achieve efficient parameter fine-tuning
by combining the different coefficients to generate layer-wise
adapters placed in encoder layers. Our extensive experiments
demonstrate that DSRA improves the generalizability under
few-shot classification, base-to-new generalization, and do-
main generalization settings. Our code will be released soon.

Introduction

Pre-trained Vision-Language Models (VLMs) such as
CLIP (Radford et al. 2021) have demonstrated promising
generalization power and transferability on various down-
stream tasks, including image segmentation (Rao et al. 2022;
Wang et al. 2022), object detection (Shi and Yang 2023;
Zang et al. 2022), image caption (Wang et al. 2023; Mokady,
Hertz, and Bermano 2021; Shen et al. 2021), and so on,
opening up new possibilities in these fields. Through con-
trastive training on a web-scale dataset of image-text pairs,
VLMs achieve a global alignment between images and tex-
tual descriptions with the help of rich supervision provided
by natural language. This alignment greatly enhances the
representations provided by VLMs, enabling compelling
zero-shot inference even in the absence of training samples.

Although CLIP is highly effective for generalizing to new
concepts, the large scale of VLMs and the limited availabil-
ity of training data in many downstream tasks (e.g., few-shot
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Figure 1: The existing paradigm aligns the features be-
tween different modalities by using unshareable coupling
functions, which leads to insufficient modal interaction
and increased complexity. Our DsRA effectively enhances
the mutual perception between different features through a
lightweight Dual-shared design.

settings) make it difficult to fine-tune the entire model. Pre-
vious works (Zhou et al. 2022b; Gao et al. 2023; Shu et al.
2023) reveal that naively fine-tuning CLIP on downstream
few-shot tasks may cause catastrophic forgetting and over-
fitting. In sample-scarce cross-modal scenarios, the inabil-
ity to achieve mutual synergy between vision and language
modalities increases the difficulty of aligning features, re-
sulting in unsatisfactory recognition performance (Khattak
et al. 2023a). Therefore, designing a strategy for effective
multimodal collaboration in few-shot settings poses a sig-
nificant challenge.

To address the challenges mentioned above, recent works
such as MaPLe (Khattak et al. 2023a), ALIGN (Wang et al.
2024), and CoPrompt (Roy and Etemad 2024) adopt a vi-
able prompt-based solution by explicitly conditioning the vi-
sion prompts on textual prompts across different transformer
layers. This process involves mapping the textual prompts
into visual prompts using MLPs, thereby aligning the fea-
tures between different modalities. While this paradigm has



Method Paras  Fps I-shot 2-shot 8-shot
CoOp* 0.03m 5050 68.80 7142 75.68
MaPLe* 0.80m 348.1 68.05 73.04 78.04
MaPLe 3.55m 3483 6930 7329 78.75
ALIGN 358m 51.2  70.04 73.56  79.58
CoPrompt 4.74m 2858 67.58 7099 77.67
Ours 0.17m 466.2 73.28 76.10 81.34

Table 1: Complexity analysis over various methods. We re-
port the number of trainable parameters (Paras), frames per
second (Fps), and few-shot classification results. CoOp*
means our reproduced results with visual prompt tuning.
MaPLe* denotes the MaPLe version with a shared coupling
function across all layers.

achieved encouraging results, several factors make this ex-
plicit alignment of features potentially suboptimal. (1) Uni-
directional Information Flow: When handling inputs from
different modalities, using prompt-based mapping struggles
to manage the synergy between the two modalities. As
shown in Figure 1, existing works explicitly map textual
prompts P, from the text encoder into visual prompts P,
and feeds them into the vision encoder (P; — P,). Al-
though this allows textual information to be conveyed to the
visual branch, this unidirectional flow cannot enhance the
perception of text features to visual branches. The intermedi-
ate feature representation from the vision encoder cannot in-
teract with the textual information, potentially leading to in-
adequate modal alignment. (2) Layer-wise Computational
Complexity: To capture varying visual and textual patterns
across different network layers, for example, MaPLe uses
layer-wise coupling functions to encode features at vari-
ous levels. Each layer of textual prompts in the encoder re-
quires non-sharable linear layers for visual prompt mapping.
The use of multiple MLPs significantly increases parameter
overhead, specifically by 118 times compared to the origi-
nal prompt learning method CoOp (Zhou et al. 2022b). This
layer-wise mapping design undoubtedly adds to the model’s
complexity and computational load, leading to a higher risk
of overfitting, especially in the extreme low-shot scenario
(e.g., comparison of 1-shot task results among MaPLe, Co-
Prompt, and CoOp in Table 1). To tackle the above chal-
lenge, exploring a more effective and efficient strategy to
enable better information interaction at various levels across
layers is imperative.

In this work, we focus on exploring a novel multimodal
synergy strategy and proposing a Dual-shared mechanism
to enhance the reusability of module parameters, thereby
improving efficiency. We propose a LoRA-based approach
called the DsRA for the adapter design using a bottle-
neck operation. As illustrated in Figure 1(b), our Dual-
shared mechanism shares the up/down projection matri-
ces M,/ ML or M;/M? in low-rank design across dif-
ferent layers of the same encoder. Additionally, we learn
inter-modal shared coefficients R to recombine these lin-
ear projections as layer-adaptive adapters within the en-
coder. To achieve more effective interaction between dif-
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ferent modalities, we design inter-modal shared coefficients
within the encoder. These shared coefficients encode varying
visual and textual shared patterns while reconciling the in-
herent tension between textual and visual features. By plac-
ing different coefficients in various layers of the encoder,
DsRA implicitly enhances the compactness of the feature
space, leading to better multimodal alignment. To achieve
more efficient parameter fine-tuning, each encoder shares
the intra-modal shared matrix, which, combined with inter-
modal shared coefficients, forms a layer-specific adapter.
This clever Dual-shared design enhances the reusability of
the module while reducing parameter overhead. Besides,
our designed adapters can be seamlessly integrated into pre-
trained networks without adding extra computation during
inference due to their linear nature (Luo et al. 2023). We
strive for our work to become a fundamental reference in
CLIP-based transfer learning, establishing a new baseline
for future research.

In summary, the contributions of this work include: (1)
We propose a novel method, DsRA, with a Dual-shared
mechanism by jointly exploring an efficient and effective
strategy to fully boost CLIP’s adaptability across layers and
modalities for few-shot recognition. (2) DsRA incorporates
the inter-modal shared coefficients to achieve interaction be-
tween different modalities and the intra-modal shared matrix
to maintain parameters and computation efficiency. Addi-
tionally, Our DsRA is compatible with existing prompt tun-
ing methods as a general plugin module. (3) Experiments
show that DsRA consistently outperforms other state-of-the-
art CLIP adaptation methods on 11 challenging benchmarks
and three settings while maintaining the trade-off between
accuracy and efficiency.

Related Works

In this section, we introduce several lines of research in
Vision-Language models and parameter-efficient transfer
learning.

Vision-Language Models (VLMs) aim to connect visual
and language aspects through extensive pre-training. CLIP
achieves this by training on a large dataset of image-text
pairs, creating a shared embedding space for images and
textual descriptions. The cross-modal alignment between vi-
sion and language enables CLIP to recognize various visual
contents. By inserting a class name into a text template (e.g.,
“A photo of a [CLASS]”), CLIP can generate classification
weights to classify new classes in the real world. Despite the
effectiveness of VLM, efficiently applying these pretrained
models to downstream tasks is still crucial, especially in sit-
uations with limited data, such as the few-shot setting. In
addition, the immense size of these models makes it difficult
to fine-tune them without sacrificing generalization ability.
Consequently, recent studies have focused on adapting large
foundational models for downstream tasks while keeping the
pretrained backbones frozen. To effectively adapt CLIP for
zero-shot and few-shot recognition tasks, we propose a novel
LoRA-based Dual-shared strategy to enhance the percep-
tion between vision and text features while improving the
reusability of the module and reducing the number of pa-
rameters.



Parameter-Efficient Transfer Learning (PETL) aims
to approach the fully tuned performance on downstream
tasks by updating a few parameters or additional param-
eters, reducing the training and storage burdens. One of
the popular techniques in PETL is prompt tuning, which
has proven effective in various natural language processing
tasks (Brown et al. 2020). Inspired by this success, prompt
learning has also been explored in vision-language models.
Specifically, CoOp introduces learnable prompts to enable
efficient finetuning and adaptation of the CLIP text encoder.
CoCoOp (Zhou et al. 2022a) addresses the inferior perfor-
mance of CoOp on novel classes by explicitly conditioning
prompts on image instances, alleviating the generalization
issue. ProDA (Lu et al. 2022) extends CoOp by estimat-
ing the distribution of multiple text prompts. MaPLe (Khat-
tak et al. 2023a) conditions visual prompts on textual
prompts across transformer layers. PromptSRC (Khattak
et al. 2023b) proposes a self-regulating loss to improve
the generalization of prompts. ALIGN (Wang et al. 2024)
leverages the optimal transportation to learn and align a
set of prompt tokens across modalities. TCP (Yao, Zhang,
and Xu 2024) proposes a textual-based class-aware prompt
combined with class tokens to generate task-specific textual
knowledge.

Another line of research adopts an adapter strategy for
VLM-based transfer learning. CLIP-Adapter (Gao et al.
2023) impressively introduces a lightweight residual style
adapter to efficiently fine-tune CLIP. Tip-Adapter (Zhang
et al. 2022) leverages the visual prototypes obtained from
the few-shot support samples to compute the similarity with
the test image’s visual embedding, which is later used to
modify the CLIP visual embedding. CaFo (Zhang et al.
2023) proposes a cascade of foundation models, includ-
ing DINO (Caron et al. 2021), DALL-E (Ramesh et al.
2021), and GPT3 (Brown et al. 2020), to create a powerful
cache model for refining the Tip-adapter. CoPrompt (Roy
and Etemad 2024) combines prompt tuning with adapters
and proposes a consistency constraint loss to optimize them.
Different from previous works, we introduce a novel LoRA-
based approach called the DsRA, which enables VLMs to
effectively exploit multi-level relations between visual and
textual cues while ensuring parameter and compute effi-
ciency.

Method

In this section, we first revisit CLIP to provide an introduc-
tion to the notations. Then, we introduce the details of our
proposed DsRA.

Revisit CLIP

In our approach, we adopt CLIP as the pre-trained vision-
language model. CLIP consists of a visual branch and a text
branch. The model in each branch contains a transformer
encoder with multiple layers.

In the text branch, the CLIP text encoder g generates
feature representations by projecting the tokenized words to
input embeddings t = {w;,wa,...,wr_1,¢c} € RLXd
where the last token ¢ denotes the embedding of class name
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and {, } is concatenation operation. ¢ is then fed into several
consecutive transformer layers, each consisting of a Multi-
head Attention Block (MAB) and a Feed-forward Network
Block (FNB). LayerNorm (LN) is applied before each block,
and residual connections are applied thereafter. The process
of each encoder layer is defined as:

£ = MAB (LN (¢070)) 4 ¢,

) — FNB (LN (i(“)) + 9, 2)

where £~V denotes input text embeddings in i-th trans-

(D

former layer, f(l) indicates intermediate features produced
by MAB, t%) is the output of i-th layer.

In MAB, self-attention module take (1) a9 queries Q,
keys K and values V. The {Q, K, V} triplets are generated
by the independent linear projection layers:

Q=t""Yxw,, 3)
K =t0—Y x Wy, 4)
V =t0D x W, (5)

where W,, W, and W, € R9*% are linear projection
layers. The attention score can be obtained by:

Q x K7
Vi,

where /d; is a scaling factor. Then we can obtain the output
of MAB by:

attn = Softmax(

) (6)

i = (attn x V) x W, + (D), )

where W, € R%*dt denotes linear projection. The FNB
block contains an MLP with the GELU activation function:

(?) (@) (8)

where W € R9*4d: and W, € R*+*d: are linear pro-
jections. Given the prompt ¢ with the class name ¢,,, a text
feature g, = ¢ (t,) is obtained by the text encoder g of
CLIP.

In the visual branch, the image encoder first splits the
image into some fixed-size patches which are projected into

i, € Rdv szl}, where K de-

notes the number of image patch tokens. Then, the input
sequence for the image encoder can be formulated as e =
{m, ;5 }» which is sent into the visual encoder f to encode
the image feature. pt;, denotes the learnable c/s token. Sim-
ilarly to the process in the text branch, we can derive the ¢-th
image feature by:

& = MAB (LN (e01)) + €D,

t(i)zGELU<f ><W1>><W2+£ ,

patch embeddings p

)
e) — FNB (LN (é“))) + &, (10)

where e(*~1) denotes image embeddings in i-th vision trans-
former layer, & indicates intermediate features produced
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Figure 2: Illustration of the proposed DsRA in the first layer
of the CLIP encoders. DsRA utilizes the inter-modal shared
coefficient to effectively capture diverse visual and textual
patterns and the intra-modal shared matrix to optimize pa-
rameter fine-tuning.

by MAB, e is the output of i-th layer. The final image
representation f is can be obtained by: f = f (e). Notice
that each encoders have a projection, which projects features
of different dimensions into the same space to calculate sim-
ilarity.

The zero-shot classification probability is computed based
on the similarity between the image and text features:

exp (sim (f,g,,) /7)
Sy exp (sim (f,g,) /7))

where sim (, ) is the similarity function and 7 is a tempera-
ture parameter learned by CLIP.

ply=n|=z)= (1D

Our DsRA

Most existing methods (Khattak et al. 2023a; Wang et al.
2024; Roy and Etemad 2024) introduce prompts into various
layers and learn layer-specific mapping functions to align
text features with image features for fine-grained recogni-
tion. Despite the encouraging results, the unidirectional in-
formation flow and layer-specific coupling increase param-
eters make the explicit alignment of intermediate modalities
potentially suboptimal. Drawing inspiration from these find-
ings (Hu et al. 2021; Lian et al. 2022; Luo et al. 2023; Dong
et al. 2024; Yin et al. 2024; Liu et al. 2024), we propose a
new LoRA-based Dual-shared approach called DsRA to en-
hance the perception between vision and text features while
increasing the module’s reusability to reduce parameter size.

Dual-shared mechanism. The DsRA incorporates a
Dual-share mechanism, which consists of two key compo-
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nents: the inter-modal shared coefficient for capturing vary-
ing visual and textual patterns and the intra-modal shared
matrix for more efficient parameter fine-tuning.

As illustrated in Figure 2, to reconcile the inherent ten-
sion between textual and visual features, we design an inter-
modal shared coefficient, which is then diagonalized into a
specific diagonal matrix R? € R 4" for each layer i. d,.
denotes the hidden dimensionality of the low-rank adapter,
where d, < d; < d,. This inter-modal shared diagonal
matrix aims to enable efficient and effective adjustment of
the adaptation parameters at each layer while enhancing the
perception between text and visual features. To place dif-
ferent coefficients in various layers from different encoders,
we design an intra-modal shared matrix to form a low-rank
adapter using the bottleneck operation. Specifically, in the
text branch, we use symmetric down-projection and up-
projection within a single bottleneck structure:

T
My =(M{)" (12)
where M; € R9*d is the up-projection and M7 €
R?*d¢ i the down-projection. Then, we can combine the
inter-modal shared coefficients in a layer with the text shared
matrix to generate a layer-specific adapter. Formally, given
a text embeddings t;,, output from the (i-1)-th layer, we can
get the output as follows:
towr = A (ti,) = i, MIR'M{ + 1, (13)
where A denotes the composed adapter. Then, our DsRA
proposes inserting the composed adapter sequentially before
both the MAB and FNB blocks in the transformer. The text
encoder incorporating our modules can be formulated as fol-
lows:

i — MAB (AMAB (LN (t(H)))) +t0-0 (14)

() — FNB (AFNB (LN (t‘“)))) +i% s
where Aj;4p and Apy g represent the adapter A placed in
positions before MAB and FNB, respectively. That is to say,
the projection matrices of the two adapters are independent
between of each other. Similarly, in CLIP’s visual branch,
we can recombine the inter-modal shared coefficient with
image shared matrix to derive the image features:

&) — MAB (AMAB (LN (e“'*l)))) +el=D (16)

e = FNB (Apyp (LN (9))) +e. a7
Compared to previous methods based on prompt-based
cross-modal alignment solutions (Khattak et al. 2023a;
Wang et al. 2024; Roy and Etemad 2024), our proposed
DsRA enables the CLIP model to comprehensively exploit
multi-level relations between visual and textual cues while
decreasing the parameter size used in the adaptation process.
Thus, it strengthens the efficiency and robustness of cross-
modal alignment for few-shot recognition in open-set tasks.
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Figure 3: The accuracy performance on the few-shot classification setting. DSRA consistently outperforms the previously top-
performing methods MaPLe, ALIGN, and PromptSRC, achieving higher average accuracy across 11 datasets. CoOp* denotes
our reproduction version with additional visual prompt tuning.

Experiments

In this section, we introduce the benchmark settings and im-
plementation details and then present the experimental re-
sults comprehensively. We evaluate the adaptation and gen-
eralization capability of our method in three settings. (1)
Few-Shot Classification (FSC). (2) Base-to-New General-
ization (B2N). (3) Domain Generalization.

Dataset. In line with CLIP (Radford et al. 2021), we uti-
lize 11 image benchmark datasets: ImageNet (Img) (Deng
et al. 2009), Caltech101 (Cal) (Fei-Fei, Fergus, and Per-
ona 2004), FGVCAircraft (FGV) (Maji et al. 2013),
Flower102 (Flo) (Nilsback and Zisserman 2008), Food101
(Foo) (Bossard, Guillaumin, and Van Gool 2014), Oxford-
Pets (Pet) (Parkhi et al. 2012), StanfordCars (Car) (Krause
etal. 2013), EuroSAT (Eur) (Helber et al. 2019), DTD (Cim-
poi et al. 2014), SUN397 (SUN) (Xiao et al. 2010), and
UCF101 (UCF) (Soomro, Zamir, and Shah 2012). To ensure
fairness, we follow the experimental methodologies outlined
in CoOp (Zhou et al. 2022b) and CoCoOp (Zhou et al.

2022a), including dataset splits, data augmentation, and
backbones. Additionally, we conduct experiments to eval-
uate DsRA’s domain generalization capabilities, leveraging
ImageNet (Img) as the source dataset and considering its
diverse domain variants, such as ImageNetV2 (V2) (Recht
et al. 2019), ImageNetSketch (S) (Wang et al. 2019),
ImageNet-A (A) (Hendrycks et al. 2021b), and ImageNet-
R (R) (Hendrycks et al. 2021a), as the target datasets.
Implementation Details. All experiments are conducted
using the CLIP model with a ViT-B/16 backbone. The hid-
den dimension d, is set to 50. SGD is used for optimization
with a learning rate of 2.7e-3 and a batch size of 4. All ex-
periments are conducted on a single RTX 3090 GPU. The
main results are averaged over three runs.

Few-shot Classification

We first evaluate our model on few-shot classification, where
models are trained on 1, 2, 4, 8 and 16 shots and then applied
to the test sets. Figure 3 summarizes the accuracy compari-
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son between DsRA with other methods. Our method consis-
tently outperforms previous pipelines in average accuracy
across 11 datasets, demonstrating its effectiveness and gen-
eralization ability. Compared with prompt-based solutions
such as MaPLe and ALIGN, DsRA significantly outper-
forms them in various shot settings. Specifically, it exceeds
MaPLe by 3.98% and 2.75% in average accuracy for 1-shot
and 4-shot settings, respectively. DsRA exhibits accuracy
3.24% and 1.71% improvements compared with ALIGN for
1-shot and 16-shot tasks. In addition, we find that our DsRA
performs better on extremely low-shot settings. It achieves
73.28% and 76.10% average accuracy for 1-shot and 2-
shot scenarios, respectively. The above improvements ben-
efit from our Dual-share design, which effectively and effi-
ciently enhances the mutual perception between vision and
text features, even with extremely few samples. These out-
comes illustrate DsRA’s adaptability across diverse CLIP-
based models and its effectiveness in enhancing few-shot
adaptability.

Base-to-New Generalization

To test the base-to-new generalization ability, we follow Co-
CoOp to train our model only on the base classes in a 16-
shot setting and evaluate the model on base and new cate-
gories. We summarize the comparison between the proposed
method and existing methods in Table 2.

Some key findings can be found: (1) Compared to CoOp
and CoCoOp that do not involve deep multimodal inter-
action, DsRA significantly outperforms them by exploring
a multimodal synergy strategy, achieving 2.67% improve-
ments on average results in base classes (vs. CoOp) and
an impressive improvement of 3.56% (vs. CoCoOp) in per-
formance on new classes. The improvements highlight the
effectiveness of our design in improving multimodal per-
ception capabilities. (2) Based on prompt learning, meth-
ods like MaPLe, ALIGN, and CoPrompt condition the vi-
sion prompts on textual prompts to conduct deep modal in-
teractions using non-sharable linear layers. Compared with
the excessive parameters approach, our method outperforms
them in base and new classes performance with fewer pa-
rameters. Specifically, on the harmonic mean (HM) results
across 11 datasets, our method outperforms MaPLe and

Method Base New HM

CoOpiucvar 82.69 63.22 | 71.66
CoCoOpicvrr22 80.47 71.69 | 75.83
MaPLe cvrros) 82.28 75.14 | 78.55
ALIGN Neurps23) 83.38 75.51 | 79.25
PromptSRCricevos;  84.26  76.10 | 79.97
CoPromptjiciro4) 84.00 77.23 | 80.48
DePTicvrroa 85.19 76.17 | 80.43
TCPicvrro4 84.13 75.36 | 79.51
Ours 85.36 77.25 | 81.10

Table 2: The average results under the base-to-new general-
ization setting on 11 datasets. More detailed results can be
found in the supplementary material.
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Source Target

Method Img V2 S A R Avg
CLIP 66.73  60.83 46.15 47.77 73.96 57.18
CoOp 7151 64.20 47.99 49.71 75.21 59.28
CoCoOp 71.00  64.07 48.75 50.60 76.20 59.91
MaPLe 70.72  64.07 49.15 50.90 77.00 60.28
PromptSRC 71.27  64.35 49.55 50.90 77.80 60.65
ALIGN  72.03  64.64 49.96 50.94 76.16 60.43
CoPrompt 70.80  64.25 49.43 50.50 77.51 60.42
Ours 72.00  65.87 49.73 50.19 77.60 60.85
Table 3: Performance of DsRA on domain generalization

setting and its comparison to existing methods.

ALIGN by 2.55% and 1.85%, respectively. Additionally,
our method outperforms CoPrompt by 1.36% on the base
class while maintaining comparable performance on the new
class. It is worth noting that DsRA has fewer trainable pa-
rameters than CoPrompt (0.17m vs. 4.74m). These results
prove that our approach is more effective and efficient than
the prompt-based solution for enabling better information
interaction. (3) Compared to DePT (Zhang et al. 2024),
which uses PromprSRC as the baseline, like our method
does. DsRA outperforms DePT on base and new classes,
reaching 85.36% and 77.25%, respectively. Our design can
be plugged into more methods to improve performance fur-
ther, and the results are in the section on ablation experi-
ments.

Domain Generalization

To evaluate the DsRA’s robustness under domain shifts,
we initially train it using the source dataset ImageNet and
then evaluate its performance on target datasets. The over-
all results are summarized in Table 3. Specifically, DsRA
achieves a performance comparable to the experimental re-
sults of the existing methods. Our method is slightly lower
than the accuracy performance of previous methods on the
ImageNet-A dataset. However, DsRA performs better on
ImageNetV2, reaching 65.87%. In general, the above exper-
iments demonstrate the generalization ability and robustness
of our method to domain shifts.

Ablation Experiments

Impact of the hidden dimensions d,. in DsRA. Figure 4
(a) reveals the impact of different d,.. Even when the value
is as small as 5, the performance remains comparable to pre-
vious methods, highlighting the effectiveness of our design.
The accuracy of base and new classes increases when the di-
mension becomes larger, which could deliver richer context
knowledge. However, the accuracy slightly decreases when
the value exceeds 50, as an excessive amount of parame-
ters may introduce redundancy and noise. We have not at-
tempt a larger value as it would introduce more parameters
and increase the risk of overfitting. In general, the accuracy
changes relatively smoothly for different values of d,..
Shared vs. non-shared inter-modal coefficients. The
inter-modal shared coefficients are an essential design in
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Figure 4: (a) The impact about the value of the inter-modal shared coefficients. We conduct experiments in the base-to-new
generalization setting on ten datasets. (b) Ablation on shared and non-shared inter-modal coefficients. We report the absolute
improvements compared with the baseline across five datasets in the few-shot classification. (c) The t-SNE visualization of
MaPLe and DsRA on EuroSAT.

our Dual-share mechanism. In this section, we ablation Method ‘ FSC | B2N
on shared and non-shared inter-modal coefficients by con-

ducting experiments with modal-shared (shared) or modal- I-shot 4-shot 16-shot HM
specific (non-shared) coefficients, as depicted in Figure 4 KgCoOp 68.73 7342  75.68 77.00
(b). It is noted that by using non-shared coefficients, the KgCoOp + DsRA 70.54 77.35  82.87 79.08
Pe(rjfor““?l“lce iﬁrdpffisisrﬁ‘e bafsﬁel;‘]ﬁ tmtode] bte‘;a“f}f cach fg ProGrad 70.57 7457 81.98 76.16
coter can fearh CItierent Coch IWEnts 1o captite the spectiic ProGrad + DsRA 71.50 7635 8431 77.91

patterns of various layers, thereby improving the recognition
performance. With modal-shared coefficients, accuracy rises
as shared R enables the CLIP to exploit multi-level relations
between visual and textual context knowledge, strengthen-
ing the robustness of cross-modal alignment for few-shot
tasks. The results prove that our method can promote col-
laboration between multiple modalities more effectively.
Different placing strategies for adapters. In DsRA, we
implement CLIP’s adaptation by positioning the composed
adapter in MAB and FNB. We investigate the impact of var-
ious positioning strategies for the composed adapter in the
few-shot classification. The results are presented in Table 4.
Placing the adapters in the MAB (refer to MAB only) and
FNB (refer to FNB only) reduces the number of learnable
parameters, but it leads to performance degradation. How-
ever, using both adapters increases performance compared
to using only one type of adapter for either MAB or FNB.
This implies that our design allows for a more comprehen-
sive adaptation of CLIP to the target task without signifi-
cantly increasing the number of trainable parameters.
DsRA on more methods. To further evaluate the effec-
tiveness of our proposed DsRA approach, we plug it into
KgCoOp (Yao, Zhang, and Xu 2023) and ProGrad (Zhu et al.
2023) and present the results in Table 5. We observe consis-

Strategy Paras FGV Car UCF DTD Eur Avg.

MAB only 0.11m 40.12 78.36 80.90 64.30 83.82 69.50
FNB only 0.11m 40.62 78.42 80.72 64.40 84.64 69.76
Ours 0.17m 41.56 78.80 81.20 65.40 86.24 70.64

Table 4: Impact of different placing strategies for recom-
posed adapter in DsRA. We report the number of learnable
parameters (Paras) and few-shot classification results.
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Table 5: Few-shot classification and base-to-new generation
of other approaches w/ or w/o our DsRA.

tent performance increases. Specifically, combining DsRA
with KgCoOp results in a considerable improvement in ac-
curacy for few-shot classification, contributing to an overall
increase in the harmonic mean (from 77.00% to 79.08%) for
base-to-new generalization. Compared to ProGrad, DsRA
with the ProGrad attains significantly stronger performance
across most shot settings, e.g., 1.11% on the 2-shot setting
and 2.33% on the 16-shot setting. These outcomes illustrate
DsRA’s adaptability across diverse CLIP-based models and
its effectiveness in enhancing few-shot learning.

Visualization. We further visualize the image embed-
dings of MaPLe and ours. As shown in Figure 4 (c), DsRA
prefers to learn separable representations in base and new
classes, which demonstrates that DsRA can effectively en-
able information interaction.

Conclusion

This paper proposes a novel DsRA approach to adapt CLIP
for few-shot tasks. DSRA contains a Dual-shared mechanism
to improve synergy between vision and language modalities
while maintaining parameters and computing efficiency. Ad-
ditionally, DsRA is compatible with existing methods and
consistently improves performance as a general plugin mod-
ule. Experiments show the effectiveness.
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