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Abstract

Pre-trained Vision-Language Models (VLMs), e.g. CLIP,
have become essential tools in multimodal transfer learn-
ing. However, fine-tuning VLMs in few-shot scenarios poses
significant challenges in balancing task-specific adaptation
and generalization in the obtained model. Meanwhile, cur-
rent researches have predominantly focused on prompt-based
adaptation methods, leaving adapter-based approaches un-
derexplored and revealing notable performance gaps. To ad-
dress these challenges, we introduce a novel Reconstruction-
based Multimodal Adapter (RMAdapter), which leverages a
dual-branch architecture. Unlike conventional single-branch
adapters, RMAdapter consists of: (1) an adaptation branch
that injects task-specific knowledge through parameter-
efficient fine-tuning, and (2) a reconstruction branch that pre-
serves general knowledge by reconstructing latent space fea-
tures back into the original feature space. This design facil-
itates a dynamic balance between general and task-specific
knowledge. Importantly, although RMAdapter introduces an
additional reconstruction branch, it is carefully optimized
to remain lightweight. By computing reconstruction loss lo-
cally at each layer and sharing projection modules, the over-
all computational overhead is kept minimal. A consistency
constraint is also incorporated to better regulate the trade-
off between discriminability and generalization. We compre-
hensively evaluate the effectiveness of RMAdapter on three
representative tasks: generalization to new categories, gen-
eralization to new target datasets, and domain generalization.
Without relying on data augmentation or duplicate prompt de-
signs, our RMAdapter consistently outperforms state-of-the-
art approaches across all evaluation metrics.

Introduction

Vision-Language Models (VLMs) (Jia et al. 2021; Yao et al.
2021; Yuan et al. 2021; Zhai et al. 2022; Yu et al. 2022)
have rapidly advanced in recent years, achieving promising
performance in various tasks. CLIP (Contrastive Language-
Image Pretraining) (Radford et al. 2021) is a prominent
VLM that learns a unified alignment space for language and
visual features through large-scale cross-modal contrastive
learning. By effectively bridging the semantic gap between
texts and images, CLIP enables robust open-vocabulary
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Figure 1: Conceptual illustration of our method. Existing
adaptation methods rely on task-specific optimization ob-
jectives, which leads to the loss of generalizable knowledge
(pink line). Our RMAdapter (green line) preserves general-
izable knowledge through the introduction of a reconstruc-
tion loss (blue line). It guides the training trajectory toward
the point between two optimal solution manifolds (green
dot) while learning task-specific representations.

recognition and strong generalization to unseen visual con-
cepts (Zhou et al. 2022c; Gu et al. 2021). In its origi-
nal design, CLIP employs a fixed handcrafted prompt tem-
plate, e.g. “a photo of a <category>", to generate text-based
class embeddings for zero-shot predictions. Although these
static prompts capture general textual knowledge and sup-
port strong generalization, they lack task-specific nuances,
resulting in suboptimal discrimination in downstream tasks.
Meanwhile, the model’s large-scale architecture and the lim-
ited availability of training data in few-shot scenarios make
full fine-tuning for specific tasks impractical.

To address these challenges, researchers have recently ex-
plored Parameter-Efficient Fine-Tuning (PEFT) strategies,
primarily focusing on Prompt Learning (Jia et al. 2022;
Lester, Al-Rfou, and Constant 2021; Bulat and Tzimiropou-
los 2023) and Adapter-based methods (Chen et al. 2022b;
Hu et al. 2021; Mou et al. 2023; Zhang et al. 2021; Gao et al.
2023). Prompt Learning techniques (Zhou et al. 2022a,b;
Khattak et al. 2023a,b; Yao, Zhang, and Xu 2024; Roy and
Etemad 2024) introduce learnable prompt vectors to replace
static handcrafted prompts, enabling the model to adapt dy-
namically to different tasks. Although this approach en-
hances task-specific discriminability, it also introduces an
inherent trade-off: the knowledge acquired from few-shot
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Figure 2: Structural evolution from the standard adapter and
AutoEncoder to our proposed RMAdapter. Left: The inter-
nal structure of a general adapter module. The input z un-
dergoes a down projection W5, @ nonlinear activation,
and an up projection W, to obtain Adapter(x), which is
then fused with the input = through a residual connection.
Middle: The general structure of an AutoEncoder. The in-
put z is passed through an encoder g to obtain a latent rep-
resentation z, which is then reconstructed by a decoder f
to produce &. The reconstruction loss argming ,L(x, &) is
then computed to optimize the model. Right: The general
structure of our RMAdapter. Inspired by the structural simi-
larity between adapters and AutoEncoders, RMAdapter em-
ploys a dual-branch architecture by integrating AutoEncoder
branch to reconstruct input x to preserve general knowledge,
while the Wy, parameters are shared to further enhance
the model’s performance.

samples tends to be highly discriminative for seen cate-
gories but biased against unseen ones, leading to perfor-
mance degradation in unseen domains. This phenomenon is
common in prompt-based methods, where the adaptation of
task-specific knowledge often comes at the cost of forgetting
general knowledge, thereby compromising the model’s zero-
shot generalization ability. On the other hand, adapter-based
methods improve adaptability by integrating lightweight
modules into the model (Zhang et al. 2021; Gao et al. 2023).
However, most of them focus on single-modal optimization
and lack explicit mechanisms for cross-modal interaction.
Multimodal Adapters (MMA) (Yang et al. 2024) attempt
to address this limitation recently by incorporating shared
projection layers to enhance alignment between image and
text representations. Nevertheless, they still struggle to ef-
fectively balance task-specific discriminability and general-
ization. Overall, despite advancements in both prompt-based
and adapter-based methods, achieving an optimal trade-off
between task-specific adaptation and generalization remains
a significant challenge, as shown in Figure 1. The key is-
sue, therefore, lies in designing adaptation strategies to ef-
fectively capture task-specific knowledge while preserving
the model’s generalization capability.

To address this challenge, we propose a Reconstruction-
based Multimodal Adapter (RMAdapter) in this paper. As
illustrated in Figure 2, RMAdapter employs a dual-branch
architecture, including (1) an Adaptation Branch, which
injects task-specific knowledge through parameter-efficient
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fine-tuning, and (2) a Reconstruction Branch, which pre-
serves general knowledge by imposing feature space con-
straints to remap latent features back to their original distri-
bution. By leveraging this structural innovation, RMAdapter
achieves a dynamic trade-off between task-specific adapta-
tion and general knowledge retention, ensuring both effec-
tive few-shot learning and robust zero-shot generalization.
Furthermore, we reveal that sharing the down-projection
layer achieves a Pareto-optimal trade-off between adaptation
and reconstruction in few-shot settings. Additionally, we in-
troduce a consistency constraint, validated in (Khattak et al.
2023b; Roy and Etemad 2024), to further refine the trade-off
between discriminability and generalization.

We comprehensively evaluate our RMAdapter on three
representative tasks: Generalization from Base to-Novel
Classes, Cross-dataset Evaluation, and Domain Generaliza-
tion. RMAdapter consistently outperforms state-of-the-art
approaches across all evaluation metrics, demonstrating its
effectiveness in both few-shot and zero-shot scenarios.

In summary, our contributions are as follows:

* We propose a novel dual-branch adapter architecture
which dynamically balances task-specific adaptation and
generalization, enabling few-shot adaptation without sac-
rificing zero-shot capabilities.

* We introduce a hierarchical sharing strategy and consis-
tency constraints across both branches to further enhance
generalization performance in few-shot settings.

» Experimental results demonstrate that our RMAdapter
consistently surpasses prior approaches, setting new
state-of-the-art performance.

Related Work
Vision-Language Models

In recent years, large-scale Vision-Language Models
(VLMs) have exhibited remarkable potentials for multi-
modal understanding and reasoning (Radford et al. 2021; Jia
et al. 2021; Yao et al. 2021; Yuan et al. 2021). These mod-
els are typically pre-trained on massive paired image-text
datasets collected from the internet using self-supervision,
and often use a contrastive loss to pull together matched
image-text features and push apart those unmatched. For in-
stance, CLIP (Radford et al. 2021) and ALIGN (Jia et al.
2021) respectively employ about 400 million and 1 billion
image-text pairs for training. By virtue of their ability to un-
derstand open-vocabulary concepts, VLMs not only perform
well in few-shot or zero-shot visual recognition but have also
been successfully applied to various tasks, e.g. image clas-
sification (Zhou et al. 2022c), object detection (Gao et al.
2023), segmentation (Chen et al. 2022a), etc. Nevertheless,
these models are typically very large in scale. Fully fine-
tuning them on downstream tasks often leads to a deterio-
ration in their original generalization capability, while lin-
ear probing typically does not perform sufficiently well in
downstream adaptation (Khattak et al. 2023a). Hence, re-
cent studies have focused on efficiently adapting founda-
tional models without modifying their pre-trained weights.
The primary solutions involve prompt learning (Zhou et al.



2022a; Khattak et al. 2023a,b; Roy and Etemad 2024) and
incorporating adapters (Zhang et al. 2021; Gao et al. 2023;
Yang et al. 2024).

Prompt Learning

Prompt Learning is originated in Natural Language Pro-
cessing (NLP) (Lester, Al-Rfou, and Constant 2021) and
has later been introduced to both vision-language models
(Bahng et al. 2022; Zhou et al. 2022b,a) and purely vision-
based models (Tsimpoukelli et al. 2021; Jia et al. 2022). Its
core idea is to add a small number of learnable prompt to-
kens at the input or inner layers to allow the original model
weights to remain frozen while providing additional tunable
parameters for downstream adaptation. CoOp (Zhou et al.
2022b) introduces continuous prompts into the language
branch for few-shot recognition but struggles with unseen
classes. CoCoOp (Zhou et al. 2022a) conditions prompts
on image features to enhance generalization. KgCoOp (Yao,
Zhang, and Xu 2023) reduces the gap between general and
specific textual embeddings for better transferability. MaPLe
(Khattak et al. 2023a) jointly learns prompts in both modal-
ities for multimodal synergy. PromptSRC (Khattak et al.
2023b) adds self-regulation to encourage task-agnostic gen-
eralization. Coprompt (Roy and Etemad 2024) integrates
both the prompt and adapter methods to optimize additional
parameters to enhance performance and also applies a con-
sistency constraint to potentially improve the model’s capa-
bilities in zero-shot learning scenarios. 2SFS (Farina et al.
2025) is a two-stage PEFT framework that separates feature
adaptation and classification, enabling efficient and effective
few-shot learning. MMRL (Guo and Gu 2025) introduces a
shared, modality-agnostic representation space and feature
alignment strategy to enhance few-shot adaptation of vision-
language models while preserving generalization. Although
these methods implicitly mitigate overfitting and maintain
better generalization capabilities to some extent, they lack
explicit structural designs to control the balance between
discriminative ability and generalization performance.

Adapter Methods

Adapters are usually placed inside the network as a shal-
low feature transformation module (Zhang et al. 2021; Chen
et al. 2022b; Gao et al. 2023; Yang et al. 2024). Repre-
sentative works e.g. Clip-Adapter(Gao et al. 2023), Clip-
Adapter (Zhang et al. 2021) and AdaptFormer (Chen et al.
2022b) fuse outputs of the pre-trained model with outputs of
adapters, thereby adapting the model to downstream tasks
while preserving the original knowledge of the base net-
work. However, earlier adapter approaches primarily fo-
cus on single-modal optimization and lack explicit cross-
modal interaction mechanisms. Recent studies have sought
to combine multimodal interactions or more flexible fea-
ture alignment strategies. The Cross-Modal Adapter is in-
troduced for text-video retrieval (Jiang et al. 2022), allow-
ing encoder-level implicit cross-modal interactions. Multi-
modal Adapters (MMA) (Yang et al. 2024) aim to bridge
this gap by incorporating shared projection layers, facilitat-
ing enhanced alignment between image and text representa-
tions. Although adapters mitigate some of the overfitting is-
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sues, they still struggle to simultaneously maintain discrim-
ination and generalization. Compared with prompt method,
adapter based methods are still far from full exploration. Our
work aims to address this problem by proposing a novel re-
construction adapter framework to effectively balance dis-
crimination and generalization.

Method

Following prior researches (Khattak et al. 2023b; Yang et al.
2024; Roy and Etemad 2024), we utilize the pre-trained
transformer-based CLIP model (Radford et al. 2021). In the
following subsections, we first provide an overview of CLIP
and key concepts related to AutoEncoder. Then we delve
into a detailed explanation of our proposed RMAdapter.

CLIP Preliminaries

CLIP is a foundational VLLM that has gained significant trac-
tion in both natural language processing and computer vi-
sion. It comprises two core components: a text encoder and
a vision encoder. These encoders are jointly pre-trained on
large-scale web-sourced image-text pairs using a contrastive
learning objective (Oord, Li, and Vinyals 2018), ensuring
that semantically aligned image-text pairs are mapped closer
in the embedding space while unrelated pairs are pushed
apart.

Image Encoder Given an input image I € R7>W>3 the
vision encoder {V; } X | extracts its feature representation as
follow. The input image [ is first split into M patches, and
then these patches are projected into features By € RM>hv
by a Patch Embed function. Patch embeddings E; are then
input to the (i + 1) transformer block V. ; along with a
learnable class (CLS) token c¢; and sequentially processed
through K transformer blocks as:

[ci, Bi] = Vi([ci—1, Eia]), i=1,2,...,K. (1)
To obtain the final image representation z, the class token
ck of last transformer layer Vi is projected to a common

V-L latent embedding space h; via a function ImageProj
as ¢ = ImageProj(ck).

Text Encoder  Similarly, the text encoder in CLIP {7;}X
generates feature representations for text description by tok-
enizing the words and projecting them to word embeddings
Wo = [wh,w?,...,w)] € RN*"t where N is the length
of text. At each stage, W is input to the (i+1)!" transformer
layer of text encoding branch 7; 1 as:

Wi=T, i=12,...,K. 2)
The final text representation w is obtained by projecting the
text embeddings corresponding to the last token of the last

transformer block 7 to a same latent embedding space h;
via the Text Proj function as w = TextProj(w¥).

Zero-shot Classification For zero-shot classification, text
prompts with class {1, 2, ..., C'} are hand-crafted with class
labels (e.g. “a photo of a <category>"). Given those fea-
tures, cosine similarity scores with image representation x
are computed as:

exp(sim(z,wy)/T)

chzl exp(sim(x, wk)/T)’

plyle) = 3)
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Figure 3: The framework of our RMAdapter. RMAdapter optimizes only the additional adapters (colored parts), while the
entire pre-trained CLIP model remains frozen. RMAdapter employs a dual-branch architecture consisting of: (1) an adaptation

branch, RMAdapter, . and (2) a reconstruction branch, RMAdapter,

ec- Notably, the reconstruction loss is computed locally

within each layer, without the need for layer-wise backpropagation or inter-layer transmission, making the computation highly
efficient. Similar to previous methods, we fine-tune only the higher layers k of each encoder to achieve a better balance between
discriminability and generalization. The orange and green lines represent the adapted outputs, while the black lines indicate the

original CLIP outputs.

where y corresponds to the prediction label of image I and
T i a temperature parameter.

AutoEncoder Method

AutoEncoders (AEs) (Baldi 2012) are a class of neural
networks designed for unsupervised representation learn-
ing by reconstructing input data through an encoder-decoder
framework. The encoder maps the input into a lower-
dimensional latent space, while the decoder reconstructs the
original input from this latent representation. The objective
of an AutoEncoder is to learn a compressed and meaningful
feature representation that captures essential characteristics
of the input data. Mathematically, given an input z € RY,
the encoding process can be formulated as:

Z = fe(x) = U(Wencm + benc)a €]

where fy represents the encoder function parameterized by
0, and We,. and b, are the encoder’s weight matrix and
bias, respectively. o is a non-linear activation function (e.g.
ReLU or Sigmoid), and z € R? is the latent representation
where d, < d.

The decoder attempts to reconstruct the original input
from z as:

= g¢(z) = U(Wdecz + bdec)a (5)

where g4 represents the decoder function parameterized by
¢, Waee and bge. are the decoder’s weight matrix and bias,
and 2 is the reconstructed output.

The AutoEncoder is trained by minimizing the recon-
struction loss, typically measured using the Mean Squared
Error (MSE) as:

(6)

EAE = ||x — JA?H2
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RMAdapter

Adapters (Houlsby et al. 2019) are small modules that are
added to the transformer layers. Instead of tuning the pa-
rameters of the whole network, only the adapter parameters
and the classifier are trained. Adapters are structured as bot-
tlenecks with an inner dimension of r < d, where r is re-
ferred to as the rank of the adapter. Specifically, the adapter
first performs a down-projection from hidden dimension d
to dimension r using weights Wyown € RY*" and biases
bgown € R". This is followed by a non-linear activation
function o, which is typically a GELU function (Hendrycks
and Gimpel 2023), and then an up-projection with weights
Wiy € R™*? and biases by, € RY, which maps the repre-
sentation back to the hidden dimension d of the transformer
layer as:

Adapter(z) = 0 (zWaown + baown) Wen* + (7)

Inspired by the structural similarities between autoen-
coders and adapters as shown in Equations 4, 5, 7, we pro-
pose RMAdapter as a novel integration as shown in Fig-
ure 3 . RMAdapter employs a dual-branch architecture con-
sisting of: (1) an adaptation branch, RMAdapter,,.., pa-
rameterized by an up-projection matrix W&’;se € R4

and biases bﬁgse € R">4 and (2) a reconstruction branch,
RMAdapter,., parameterized by two up-projection matri-
ces, Tec

wpi € R and W5 € R4, along with corre-

sponding biases, b € R™" and 0, € R™*, for re-
construction. Notably, we share Wyown and bdown across both
branches to further enhance the model’s performance.

This results in the following base adapter module:

base
+ oase,

®)

LTdown = U(szown + bdown)a



RMAdapter,,, .. (z) = mdowan;se + bﬁgse, )
RMAdapter,.(7) = 0(ZaownWap1 + bupi ) Wapz + 532: )

Following settings in MMA (Yang et al. 2024), the adapter
module is added into a few higher-layers ¢ € {k,k +
1,..., K} of both image and text encoders. We calculate the
reconstruction loss terms £Y, and L£L_ from the k-th trans-
former block for visual branch and text branches respec-

tively:
K
‘Cr‘gc = Z ”[Civ El] - RMAdapterrec([cia Ei])HQa (11)
i=k

K
L =" |W; — RMAdapter,.. (W;)|*.
i=k
We tested L2, L1, and cosine objectives; L2 yielded the
most stable and consistent results, and we therefore adopt it
for our reconstruction module. Then the total reconstruction
loss L. are:

12)

T
Erec?

Lree = ML + o (13)
where \; and Ay are loss balancing hyper-parameters. For
the image encoder V and text encoder 7, our adaptation

branch Adapter,, . from the k-th transformer block are for-
mulated as:

lci, Bi] =Vi([ci—1, Ei—1])

14
+ aRMAdapter,’ ([c;—1, Ei_1]), (19
W; = T:(Wi—1) + aRMAdapter: __(W;_1),  (15)

where « is a scale factor. After obtaining the final text
representation w® and image representation x® based on
RMAdapter, the supervised loss are calculated as:

exp(sim(z®, wZ)/T)

C B .
> k=1 exp(sim(z®, wy)/7)
Besides the supervised loss, we impose a constraint on the

adapted visual and text features to ensure their consistency
L con, With the original CLIP’s pre-trained features as:

Lee=— log (16)

d d
Loon =3 _|a* —al+ XD [w—w], (A7)
i=1 i=1

where A3 and A4 are loss balancing hyper-parameters. Then
the final loss is defined as:

L= Ece + ACcan + ‘Crec~ (18)

Experiments
Benchmark setting

To evaluate the proposed method, we adopt the experimental
setup and protocols established in (Zhou et al. 2022a,b). We
follow the hyperparameter settings outlined in (Khattak et al.
2023b; Yang et al. 2024). To ensure a fair comparison, we
select baselines that are implemented under the same exper-
imental settings. We describe training details and evaluation
protocols in the Supplementary Material.
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Base-To-Novel Generalization

From the experimental results in Table 1, we draw sev-
eral key conclusions regarding the effectiveness of our
RMAdapter. First, across 11 datasets, RMAdapter consis-
tently achieves the highest average performance across all
evaluation metrics, including base class accuracy, novel
class accuracy, and their harmonic mean (HM). These re-
sults confirm that an effective dual-branch adapter design
can simultaneously enhance both task-specific adaptation
and generalization.

Without utilizing any data augmentation or additional
modifications to the prompt mechanism, RMAdapter sur-
passes CoPrompt with an average HM of 80.62, show-
ing a 0.5 improvement in base class accuracy and a 0.13
gain in novel class accuracy. Unlike CoPrompt, RMAdapter
adopts a structurally simpler design, which allows it to en-
hance base class performance more effectively while main-
taining competitive generalization to novel classes. Further-
more, compared to the representative adapter-based method
MMA, the introduction of the reconstruction branch and
self-consistency constraints in RMAdapter leads to signifi-
cant performance gains. Specifically, RMAdapter improves
base class accuracy, novel class accuracy, and harmonic
mean (HM) by 1.32, 0.56, and 0.75, respectively. These find-
ings further validate the effectiveness of incorporating a re-
construction branch and consistency constraints in adapter
design, demonstrating that RMAdapter can achieve supe-
rior adaptation without compromising generalization perfor-
mance.

Cross-Dataset Evaluation

We also conduct experiments under the cross-dataset setting.
The model is first trained on 1,000 categories of ImageNet
and then evaluated in a zero-shot manner on the other 10
datasets used in previous experiments. As shown in Table 2,
RMAdapter achieves performance improvements on 5 out
of 10 target datasets. Overall, RMAdapter attains an aver-
age accuracy of 67.56, outperforming MMA by 0.95 and
CoPrompt by 0.56. Additionally, RMAdapter demonstrates
highly competitive performance on the source dataset, Im-
ageNet, surpassing MMA by 0.37 and CoPrompt by 0.57.
These results further validate the superior zero-shot transfer-
ability of RMAdapter, confirming its effectiveness in adapt-
ing to unseen datasets.

Domain Generalization

In Table 3, we present the domain generalization experimen-
tal results. In this setting, the original ImageNet dataset is
used as the source dataset for fine-tuning, and the model
is then evaluated on four ImageNet variants that origi-
nate from different distributions. In this evaluation, our
RMAdapter achieves the best performance on three out-of-
domain datasets, outperforming Bayesian Prompt by 0.23
and CoPrompt by 0.29. These results demonstrate the ro-
bustness of RMAdapter in handling domain shifts, further
validating its effectiveness in domain generalization task.



(a) Average (b) ImageNet (c) Caltech101
Methods Base Novel HM Methods Base Novel HM Methods Base Novel HM
CLIP 69.34 7422 71.70 CLIP 7243 68.14 7022 CLIP 96.84 94.00 95.40
CoOp 82.69 6322 71.66 CoOp 76.47 67.88 71.92 CoOp 98.00 89.81 93.73
Co-CoOp 80.47 71.69 75.83 Co-CoOp 7598 7043 73.10 Co-CoOp 97.96 93.81 95.84
KgCoOp 80.73 73.60 77.00 KgCoOp 75.83 69.96 72.78 KgCoOp 97.92 9399 95091
MaPLe 82.28 75.14 78.55 MaPLe 76.66 70.54 73.47 MaPLe 98.10 9399 96.02
TCP 84.13 7536 79.51 TCP 7727 69.87 73.38 TCP 98.23 94.67 96.42
PromptSRC | 84.26 76.10 79.97 PromptSRC | 77.60 70.13  73.66 PromptSRC | 98.27 94.00 96.08
MMA 83.20 76.80 79.87 MMA 7731 71.00 74.02 MMA 98.40 94.00 96.15
CoPrompt 84.00 77.23 80.48 CoPrompt 77.67 7127 7433 CoPrompt 98.27 9490 96.55
RMAdapter | 84.52 77.36 80.62 RMAdapter | 77.87 71.50 74.52 RMAdapter | 98.40 94.27 96.26
(d) OxfordPets (e) StanfordCars (f) Flowers102
Methods Base Novel HM Methods Base Novel HM Methods Base Novel HM
CLIP 91.17 9726 94.12 CLIP 63.37 74.89 68.65 CLIP 72.08 77.80 74.83
CoOp 93.67 9529 94.47 CoOp 78.12  60.40 68.13 CoOp 97.60 59.67 74.06
Co-CoOp 9520 97.69 96.43 Co-CoOp 70.49 7329 72.01 Co-CoOp 94.87 71.75 81.76
KgCoOp 94.65 97.76  96.18 KgCoOp 7176  75.04 73.36 KgCoOp 9592 72.60 83.06
MaPLe 9543 97.76  96.58 MaPLe 7294 74.04 7347 MaPLe 9592 7246 82.05
TCP 94.67 97.20 95.92 TCP 80.80 74.13 77.32 TCP 97.73 75.57 85.23
PromptSRC | 95.37 98.10 96.72 PromptSRC | 76.87 75.00 75.94 PromptSRC | 97.27 76.00 85.71
MMA 95.40 98.07 96.72 MMA 78.50 73.10 75.70 MMA 97.77 7593 8548
CoPrompt 95.67 98.10 96.87 CoPrompt 76.97 7440 75.66 CoPrompt 97.27 76.60 85.71
RMAdapter | 95.70 98.10 96.89 RMAdapter | 80.60 75.10 77.75 RMAdapter | 98.10 77.47 86.52
(g) Food101 (h) FGVCAircraft (i) SUN397
Methods Base Novel HM Methods Base Novel HM Methods Base Novel HM
CLIP 90.10 91.22 90.66 CLIP 27.19 3629 31.09 CLIP 69.36 7535 7223
CoOp 88.33 82.26 85.19 CoOp 40.44 2230 28.75 CoOp 80.60 65.89 72.51
Co-CoOp 90.11  91.29 90.99 Co-CoOp 3341 2371 2745 Co-CoOp 79.74 76.86 78.27
KgCoOp 90.71 91.70 91.19 KgCoOp 36.21 35.12 35.83 KgCoOp 80.00 77.77 78.87
MaPLe 90.71 92.05 91.38 MaPLe 37.44 35.61 36.50 MaPLe 81.24 7841 79.79
TCP 90.57 91.37 9097 TCP 4197 3443 3783 TCP 82.63 7820 80.35
PromptSRC | 90.67 91.53 91.10 PromptSRC | 42.73 37.87 40.15 PromptSRC | 82.67 7847 81.31
MMA 90.13 91.30 90.71 MMA 40.57 3633 3833 MMA 82.27 78.57 80.38
CoPrompt 90.73  92.07 91.40 CoPrompt 40.20 39.33 39.76 CoPrompt 82.63 80.03 81.31
RMAdapter | 90.53 91.67 91.10 RMAdapter | 43.20 37.20 39.76 RMAdapter | 82.87 79.97 81.39
(j) DTD (k) EuroSAT (1) UCF101
Methods Base Novel HM Methods Base Novel HM Methods Base Novel HM
CLIP 5324 5990 56.37 CLIP 56.48 64.05 60.03 CLIP 70.53 77.50 73.85
CoOp 7944 41.18 54.24 CoOp 92.19 54.74 68.69 CoOp 84.69 56.05 67.46
Co-CoOp 77.01 56.00 64.85 Co-CoOp 87.49 60.04 71.21 Co-CoOp 8233 7345 77.64
KgCoOp 77.55 5499 64.35 KgCoOp 85.64 6434 7348 KgCoOp 82.89 76.67 79.65
MaPLe 80.36 59.18 68.16 MaPLe 94.07 73.23 8230 MaPLe 83.00 78.66 80.77
TCP 82.77 58.07 68.25 TCP 91.63 7473 8232 TCP 87.13 80.77 83.83
PromptSRC | 83.37 6297 71.75 PromptSRC | 92.90 7390 82.32 PromptSRC | 87.10 78.80 82.74
MMA 83.20 65.63 73.38 MMA 85.46 8234 83.87 ProGrad 86.23 80.03 82.20
CoPrompt 83.13 64.73 72.79 CoPrompt 94.60 78.57 85.84 CoPrompt 86.90 79.57 83.07
RMAdapter | 83.37 66.73 74.09 RMAdapter | 92.17 7833 84.69 RMAdapter | 86.87 80.63 83.63

Table 1: Comparison with state-of-the-art methods on different datasets in the Base-to-Novel Generalization setting. “Base”
and “Novel” are the recognition accuracies on base and novel classes respectively. “HM” is the harmonic mean of base and new
accuracy, demonstrating the trade-off between adaption and generalization.

Ablation Study

Effectiveness of reconstruction adapter branch. We eval-
uate the effectiveness of different adapter design choices.
These design variants include adding the reconstruction
adapter branch to either the vision (V) or language
(L) branch individually, as well as incorporating self-
consistency constraints. This evaluation aims to assess
the impact of the reconstruction adapter branch and self-
consistency constraints on adapter performance. In Table
4, we present the average results across 11 classification
datasets. The experimental findings indicate that the recon-
struction adapter branch benefits both branches. Further-
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more, when self-consistency constraints are applied along-
side the reconstruction adapter branch, the model achieves
improved performance on base classes without compromis-
ing the accuracy of novel classes. In this setting, the self-
consistency constraints provide global alignment, while the
reconstruction branch enables fine-grained preservation.

Design strategies for reconstruction branch. The recon-
struction branch is designed to preserve the model’s over-
all knowledge structure and generalization ability by con-
straining the modifications introduced by the adapter while
adapting to new tasks. To investigate the optimal design, we
compare three integration strategies: (1) sharing the down-
projection layer, (2) sharing the up-projection layer, and (3)



Source Target
Methods ImNet Caltech Pets Cars Flowers Food Aircraft SUN397 DTD EuroSAT UCF Ave.
CoOp 71.51 9370  89.14 64.51 68.71 85.30 18.47 64.15 41.92 46.39 66.55 63.88
Co-CoOp 71.02 94.43  90.14 65.32 71.88  86.06 2294 67.36 4573 45.37 68.21 65.74
MaPLe 70.72 93.53 9049 65.57 7223 8620 2474 67.01 46.49 48.06 68.69  66.30
PromptSRC ~ 71.27 93.60 90.25 65.70 7025  86.15 23.90 67.10  46.87 45.50 68.75 65.81
MMA 71.00 93.80  90.30 66.13 72.07  86.12  25.33 68.17  46.57 49.24 68.32  66.61
CoPrompt 70.80 9450 90.73 65.67 7230 8643  24.00 67.57  47.07 51.90 69.73  67.00
RMAdapter ~ 71.37 94.10 90.85 65.80 72.65 86.33 24.90 68.36  47.33 51.50 69.96 67.56

Table 2: Performance of RMAdapter on cross-dataset evaluation and its comparison to existing methods.

Here, the model is

trained on the ImageNet dataset and evaluated on ten other datasets in a zero-shot setting.

Source Target
Method ImNet -V2 -S -A -R Ave.
CLIP 66.73  60.83 46.15 47.77 7396 57.17
CoOp 71.51 6420 4799 49.71 7521 59.28
Co-CoOp 71.02 64.07 4875 50.63 76.18 59.90
KgCoOp 71.20 64.10 4897 50.69 76.70 60.11
MaPLe 70.72 64.07 49.15 5090 7698 60.26
PromptSRC  71.27 64.35 49.55 5090 77.80 60.65
MMA 71.00 6433 49.13 51.12 7732 6048
CoPrompt 70.80 6425 49.43 50.50 77.51 60.42
RMAdapter  71.37 64.45 49.50 51.21 77.70 60.71

Table 3: Performance on domain generalization.

Models Base Novel HM
No Reconstruction and Constraints (MMA) 83.20 76.80 79.87
MMA + Constraints 83.86 7631 7991
MMA + Constraints + Text Reconstruction 84.13 77.18 80.51
MMA + Constraints + Visual Reconstruction 84.20 7691 80.39
RMAdapter 84.52 77.36 80.62

Table 4: Performance with different model variants on the
reconstruction adapter branch.

using independent down- and up-projection layers, noting
that effective regularization only occurs when the projec-
tion is shared. The results, summarized in Table 5, reveal
that sharing the down-projection layer yields the best per-
formance. In contrast, sharing the up-projection layer com-
promises task adaptation, as the up-projection struggles to
simultaneously reconstruct lost information and adapt ef-
fectively to downstream tasks. Meanwhile, the independent
down- and up-projection structure fails to achieve satisfac-
tory results, likely due to the limited sample size in few-shot
settings.

Models Base Novel HM
Independent 84.25 77.11 80.52
Shared up-projection 83.96 7695 80.30
Shared Down-projection (RMAdapter) 84.52 77.36  80.62

Table 5: Performance with different design strategies for in-
tegrating the reconstruction branch.

Number of layers for reconstruction branch. We fur-
ther investigate the impact of the number of linear layers in
the up-projection layer. The results, presented in Table 6,
indicate that the two-layer adapter achieves slightly better
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performance than the single-layer design. This suggests that
adding an additional layer allows the model to capture more
complex relationships and enhance reconstruction accuracy
to some extent. However, employing a three-layer adapter
leads to a significant drop in performance. We attribute this
to the increased number of parameters, which may reintro-
duce the overfitting problem in few-shot learning scenarios
due to the limited availability of training samples.

Num of Layers Base Novel HM
1 8436 77.11 80.57
2 (RMAdapter)  84.52 77.36  80.62
3 83.65 76.81 80.08

Table 6: Performance with different number of layers.

Overhead of reconstruction branch. RMAdapter is de-
signed as a lightweight and parameter-efficient adaptation
method. The reconstruction branch, added to preserve gen-
eralizable features, introduces only minimal additional over-
head. Table 7 highlights both the quantitative cost of this
branch and the architectural strategies that support overall
efficiency.

(a) Quantitative Overhead || (b) Efficiency-Oriented Design

Metric | Value || Strategy | Effect

Params (added) 320K Shared Down-projection Fewer params
GPU Memory +3% Local Reconstruction Loss | Low cost

Train Time +5% Layer-wise Insertion Efficient adaptation

Table 7: Efficiency summary: (a) overhead from the re-
construction branch; (b) design strategies enabling low-cost
adaptation.

Conclusion

In this paper, we propose the RMAdapter, a reconstruction-
based multimodal adapter for adapting pre-trained VLMs
in few-shot scenarios. Its dual-branch design balances task-
specific adaptation and universal knowledge retention, en-
suring strong zero-shot generalization while improving few-
shot learning. RMAdapter is carefully designed to remain
lightweight, with minimal computational overhead due to
local loss computation and parameter sharing. Experiments
on three tasks demonstrate that RMAdapter consistently out-
performs state-of-the-art methods. Future work will explore
scalability, integration with prompt-based tuning.
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