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MMA++: Effective Multi-Modal Adaptation for
Vision-Language Models

Lingxiao Yang

Abstract—Large scale pre-trained Vision-Language Models
(VLMs) have shown good generalization capabilities across diverse
downstream tasks. However, adapting such large-scale models to
few-shot generalization scenarios remains challenging due to the
trade-off between preserving general knowledge and incorporat-
ing task-specific information. In this paper, we propose MMA++,
an advanced and effective Multi-Modal Adapter framework for
parameter-efficient VLM adaptation. Unlike prior works that
independently inject adapters into each modality or uniformly
across layers, MMA++ performs a dataset-level analysis to identify
discriminative and generalizable features, and selectively applies
adapters to the higher layers of both vision and text encoders. To
bridge the modality gap, we further propose a shared feature pro-
jection space that enhances alignment between modalities. Beyond
architecture design, we identify the fusion scale a—which controls
the strength of adapter integration—as a key factor in few-shot
generalization. We empirically and theoretically demonstrate that
a should not be static, but adapted based on training data size. To
reduce the effort of tuning this value across different datasets, we
propose the a-consistency framework, consisting of: (1) a consis-
tency training strategy under varying fusion scales; and (2) an a-
decoupling strategy that uses a larger fusion scale during training
and a smaller one at inference to account for sample size mismatch.
We evaluate MMA++ on a wide range of few-shot generalization
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tasks, including base-to-novel generalization, cross-dataset trans-
fer, and domain generalization. Our method consistently achieves
leading performance.

Index Terms—Multi-modal adapter, vision-language models,
few-shot adaptation, scale-consistency training, train-test
decoupling.

I. INTRODUCTION

ULTI-MODAL learning has become a cornerstone of

modern artificial intelligence, especially with the emer-
gence of large-scale Vision-Language Models (VLMs) [1], [2],
[31, [4]. These models learn to align visual and textual represen-
tations by training on massive web-scale image-text datasets [2],
[5], demonstrating strong generalization across a wide range
of downstream tasks. However, their large parameter sizes
and dual-encoder architectures present significant challenges
for adaptation—particularly in few-shot or distribution-shifted
settings—where fully fine-tuning the entire model is both com-
putationally expensive and prone to overfitting.

To adapt large-scale pre-trained VLMs such as CLIP to down-
stream tasks, prompt engineering [2] has emerged as a widely
adopted strategy. It involves crafting input patterns or textual
templates that guide the model to produce task-relevant outputs.
For instance, CLIP uses a series of handcrafted prompts (e.g.,
“a photo of a <category >, “a bad photo of a < category>"")
to generate category-level features via the text encoder. These
features are then compared with image representations from the
vision encoder to perform classification. However, manually
designing effective prompts is time-consuming and requires
domain expertise. To overcome these limitations, recent works
propose learnable prompt tuning methods that inject trainable
tokens into either the text encoder [6], [7], [8], [9], [10], [11], the
image encoder [12], [13], orboth [14],[15], [16], [17],[18],[19],
[20]. In these approaches, only the added prompts are updated
during training, while the backbone VLM remains frozen. This
design significantly reduces computational costs and mitigates
overfitting risks, making prompt learning a practical and efficient
paradigm for domain adaptation.

In addition to prompt learning, another prominent line of re-
search explores adapter-based tuning, where lightweight, train-
able modules—referred to as adapters—are inserted into pre-
trained models to facilitate downstream adaptation [21], [22],
[23], [24], [25]. Unlike prompt tuning, which operates at the in-
put level, adapters act on intermediate features, enabling flexible
fusion and modulation of representations within the network.
These modules are typically shallow neural blocks (e.g., bot-
tleneck projections or low-rank layers) that are optimized while
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keeping the backbone frozen, thereby preserving general knowl-
edge from large-scale pretraining and reducing overfitting risks.
Recent studies have validated the effectiveness of adapters in
VLMs. For instance, CLIP-Adapter [25] and AdaptFormer [23]
leverage additive fusion, combining outputs from the pre-trained
model and the adapter. Like prompt tuning, these methods are
parameter-efficient, as only the adapters are updated during
training. A notable advantage of adapter-based approaches is
their architectural generality—they can be seamlessly integrated
into diverse backbones, including ResNets [26], Vision Trans-
formers [27], and Swin Transformers [28], without requiring
substantial modifications to the original model structure.

Despite their effectiveness, most existing adapter designs treat
each modality independently, overlooking the deep cross-modal
interactions that are fundamental to vision-language models
(VLMs). In dual-encoder architectures such as CLIP [2], visual
and textual representations are processed separately and aligned
only through the final projection layers. Applying independent
adapters to each modality—without explicitly modeling shared
semantics or alignment dynamics—can limit the model’s ability
to capture task-specific correspondences. Furthermore, prior
works often insert adapters uniformly across all transformer
layers [21], [23], ignoring the distinct functional roles associated
with different depths. As analyzed in this study, lower layers
typically encode generic, transferable features, while higher lay-
ers capture task-specific and domain-sensitive information. Uni-
form adaptation may therefore introduce unnecessary parameter
updates and lead to performance degradation, particularly in
low-data regimes.

To this end, we propose a novel Multi-Modal Adapter (MMA)
architecture for VLMs such that the text and image representa-
tions can be better aligned. Our MMA contains independent
projection layers to learn task-specific knowledge in both text
and vision branches. To promote different modal alignment, we
design a unified feature projection layer shared by both modali-
ties. During the tuning, this unified feature space communicates
gradients from both modalities to improve the alignment. In
addition, we evaluate the discriminability and generalizability
of features in both image and text encoders across datasets. This
dataset-level classification identifies that higher layer features
as task-specific features should be fine-tuned, while lower layer
features as pre-trained generalizable features should be frozen.
Therefore, we only incorporate our adapters to higher layers.
This design circumvents the issue of insufficient statistical in-
formation to understand feature characteristics due to limited
number of training samples in each dataset.

Besides, recent studies highlight that the feature-level fusion
scale a, which controls how adapter features are linearly com-
bined with the pre-trained backbone representations, plays a
critical role in downstream tasks [23], [25], [29], [30]. However,
existing approaches often rely on empirically chosen such scale,
lacking theoretical guidance on how to set or adapt it—especially
in few-shot generalization scenarios, where the risks of over-
fitting and underfitting are exacerbated. This gap underscores
the need for a principled understanding of how fusion scale
influences generalization behavior.

To bridge this gap, we further propose MMA++, a theo-
retically grounded framework that investigates the relationship
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between the fusion scale o and the amount of training data, and
how this interaction affects the generalization bound. Through
both empirical studies and theoretical analysis, we show that
« is not a fixed hyperparameter, but should be adaptively ad-
justed based on the sample size. Building on this insight, we
introduce the a-consistency framework, which consists of: (1) a
training method that promotes consistency between training and
testing behaviors under varying fusion scales, and (2) a novel
a-decoupling strategy that mitigates the mismatch between
training and testing conditions by using a relatively larger o
during training and a smaller one at test time. This strategy
explicitly accounts for discrepancies in sample size between
training and inference. Together, these components offer a prin-
cipled solution for adapting fusion strength to improve few-shot
generalization, supported by both theoretical justification and
empirical validation.

In summary, the contributions of this paper are:

® We introduce a dataset-level analysis method to systemati-
cally examine feature representations in transformer-based
CLIP models, providing insights for designing more effec-
tive and efficient adapters for VLMs.

® We propose a novel adapter architecture with modality-
specific projection layers that enhance feature representa-
tions in both image and text encoders, along with a shared
projection layer to improve cross-modal alignment.

e We reveal, through empirical studies and theoretical anal-
ysis, the critical role of the fusion scale « in few-shot
generalization, which motivates the development of our
a-consistency framework.

® We design a training strategy within this framework that
enforces consistent model behavior across varying fusion
scales by leveraging stochastic scale perturbations and -
aware consistency losses.

e We further propose an a-decoupling strategy that reduces
the fusion scale at test time, addressing the discrepancy
between training and testing conditions and enhancing
generalization reliability.

e We integrate MMA and MMA++ into the CLIP
model and evaluate them on multiple few-shot gen-
eralization tasks, where our methods achieve leading
performance.

The preliminary version of this work appeared in [29]. In this
extended version, we make several significant improvements
and additions. (1) We deepen both the theoretical and empirical
understanding of the fusion scale « in few-shot generalization,
which motivates the formal introduction of the a-consistency
framework. (2) We propose a novel training strategy within
this framework that promotes consistent model behavior across
varying fusion scales. (3) We propose an a-decoupling strat-
egy to explicitly address the discrepancy between training and
testing conditions. (4) We perform extensive experiments on
a range of few-shot generalization benchmarks, consistently
demonstrating state-of-the-art performance and validating the
effectiveness of our theoretical and methodological contribu-
tions. Compared to our conference version, this extended work
offers a more principled approach, deeper theoretical insights,
and stronger empirical evidence to guide adapter fusion scale
design in VLMs.
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II. RELATED WORK

A. Vision-Language Models

Recent advances in VLMs have significantly impacted both
fields of natural language processing and image understanding.
Prominent models in this field, such as CLIP [2], ALIGN [1],
FILIP [3], and LiT [31], utilize self-supervised training strate-
gies on vast web-scale datasets. For example, CLIP [2] is
trained on approximately 400 million image-text pairs, while
ALIGN [1]is trained on around 1 billion multi-modality data. By
training on more large-scale multi-modal data such as LAION-
5B [5], these models exhibit good performance across various
tasks [32]. Despite their success, effectively adapting these
pre-trained VLMs to specific downstream tasks, particularly in
few-shot settings, remains a formidable challenge. To address
this, numerous studies [6], [7], [14], [15], [16], [17], [18], [19],
[25], [29], [30], [33], [34], [35], [36] have been proposed. In
this study, we propose a novel multi-modal adapter and its
improved version, which are specifically designed to enhance
the adaptation of VLMs to few-shot generalization tasks.

B. Efficient Transfer Learning for VLMs

Applying pre-trained models to downstream tasks tradition-
ally involves fine-tuning all parameters of the pre-trained net-
works [26], [37]. However, as models increase in size, this
method becomes computationally prohibitive. Moreover, fine-
tuning a large number of parameters raises the risk of over-
fitting, particularly in few-shot scenarios. A few training-free
methods have been proposed to enhance zero-shot performance
of VLMs [34], [38], [39], [40]. These methods either leverage
detailed texture descriptions as input or utilize dataset-level
features as a gallery to enhance final classification. However,
these methods often suffer from limited generalization due to
the lack of task-specific tuning. To address this, multiple cus-
tomized training methods have been proposed. For example,
DETA++ [41] proposes a unified denoising framework that can
mitigate noises in both support and query sets via contrastive rel-
evance aggregation, prototype refinement, and intra-class region
swapping. SkipT [42] introduces an efficient task adaptation
paradigm that skips unimportant network layers and class tokens
during fine-tuning, achieving good generalization performance
on downstream tasks. Another line of research on VLMs focuses
on parameter-efficient adaptation techniques. These techniques
are emerged initially in the NLP community [21], [22], [43],
and have subsequently been introduced for VLMs [6], [7], [8],
(91, [14], [15], [16], (171, (18], [19], [20], [25], [29], [301,
[35], [44], [45], [46], [47]. These approaches primarily fall into
two categories: token-based prompt learning and adapter-based
methods.

Token-based prompt learning enhances a model’s task un-
derstanding and adaptability by providing specific instructions
to VLMs. For instance, CoOp [6] optimizes a continuous
set of prompt vectors in CLIP’s language branch to improve
few-shot learning. CoCoOp [7] extends this by conditioning
prompts on specific image instances. Other significant advance-
ments in this area include methods to capture diverse prompt
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distributions [44], [48], mitigate overfitting by leveraging pre-
trained CLIP as general knowledge [8], [9], [16], [18], construct
multi-modal prompts for both image and text branches [14], and
enhance text diversity using large language models such as [17],
[35]. These developments have significantly improved the adap-
tation of CLIP, outperforming CoOp and CoCoOp across various
metrics. In the domain of adapters, existing methods often
employ uni-modal adapters for fine-tuning. For example, Clip-
Adapter [25] and Tip-Adapter [34] add an adapter layer after the
image encoder. More recently, multi-modal adapters [45] have
been introduced for tasks such as text-video retrieval, incorpo-
rating adapters after every self-attention and feed-forward MLP
module.

Recent advances in VLMs emphasize parameter-efficient al-
ternatives to full fine-tuning, while also revealing the heteroge-
neous roles across layers in few-shot generalization. Moreover,
most adapter-based methods overlook the importance of the
feature-level fusion scale «, which controls the relative contri-
bution of adapter features when fused with pre-trained backbone
representations. In practice, this scale is often treated as a heuris-
tically tuned hyperparameter without theoretical justification,
limiting both interpretability and generalization.

III. METHODS

Following most existing studies [6], [7], [9], [14], [15],
[16], [17], [18], [35], we base our approach on the pre-trained
transformer-based CLIP model [2]. The model employs trans-
formers in both the text and vision encoders. In the following
sections, we first introduce some preliminary background on
CLIP, and then present our methods: MMA and MMA++.

A. Preliminary

CLIP [2] is a prominent VLM that has received substantial
attention in both the natural language processing and computer
vision communities. It consists of two encoders: a text encoder
T and a vision encoder V', which are jointly trained using a
contrastive loss [49] on large-scale image-text pairs [2]. The
training objective encourages alignment between semantically
related image-text pairs while separating unrelated ones. Conse-
quently, CLIP maps both images and textual descriptions into a
shared embedding space, enabling it to support a wide range of
downstream tasks. More details, to obtain a single image feature
x, an image I is passed through the image encoder V' as follows:

xg = PatchEmbed(I) (1)
[Cm fBz] = Vi([Cz;h wifl}) 1=1,2,...,L (2)
x = PatchProj(cy). 3)

In this process, the image encoder begins by applying a patch
embedding module (PatchEmbed), which partitions the input
image I into fixed-size patches (e.g., 16 x 16) and maps them to
feature embeddings. A learnable class token ¢y is then prepended
to these embeddings, resulting in [cg, (], which is subsequently
processed by a series of L transformer blocks V£ ;. The output
class token cy, from the final block V, is projected via a linear
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projection layer (PatchProj) to produce the final image repre-
sentation x, situated in the shared vision-language embedding
space. Likewise, a text description T"D is processed by the text
encoder T to generate the corresponding textual feature w, as
follows:

[’w%]jDzl = TextEmbed(T D) (4)
ol 2y = Ti(lw! 2y i=1.2...L ()
w = Tea:tProj(wf). (©6)

As illustrated, the text encoding also comprises three steps.
First, the T'ext Embed module tokenizes the input text descrip-
tion T'D and projects it into D word embeddings. Second, a
sequence of transformer blocks 7%, is employed to extract
high-level representations from the word embeddings. Third, the
final token 'wf from the last transformer block T, is projected
by a linear layer (T'extProj) into the shared vision-language
embedding space to obtain the text feature w. Given the im-
age and text features, the cosine similarity score sim(w, x) is
computed to perform task-specific predictions.

B. MMA: Multi-Modal Adapter

Our work primarily focuses on few-shot generalization
task [7], where pre-trained CLIP models are first tuned on a
set of classes with limited training samples, and then eval-
uated on unseen instances, e.g., novel classes or across dif-
ferent datasets without further adaptation. In such settings, it
is widely acknowledged that effective instance representations
must be both discriminable—to distinguish among classes—and
generalizable—to transfer across diverse domains. These two
properties are critical for successful transfer learning.

However, systematically quantifying these two characteristics
remains challenging, particularly due to the limited number
of available samples. Inspired by the concept of dataset bias
introduced in [50], we introduce a task termed dataset-level
recognition as a diagnostic analysis task, in which a model is
trained to predict the dataset origin of a given sample. In this
analysis, the same 11 public datasets from the base-to-novel
and cross-dataset settings are used. Moreover, we employ only
their training splits to ensure robustness and prevent overfitting
to test data. Specifically, for each dataset, 16 training images
and their corresponding class names are used, yielding 16 x C
image samples and C text samples (i.e., C' is the number of
classes). For the visual encoder analysis, the 16 x C' images
are randomly and equally split into training and test subsets.
This fully random splitting is performed without preserving
sample balance per class. As a result, classes may or may
not overlap between the training and test subsets. For the text
encoder analysis, the C' class name texts from each dataset are
randomly and equally divided into training and test subsets,
resulting in non-overlapping class names between these two sub-
sets. Under this formulation, features with high discriminability
facilitate the distinction between different datasets, whereas
highly generalizable features exhibit invariance across datasets.
To investigate these properties, we conduct an analysis using
three pre-trained transformer-based CLIP models [2]: ViT-B/16,
ViT-B/32, and ViT-L/14. These models are selected because of
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Fig. 1. Dataset-level recognition accuracy across transformer layers. The

model identifies the source dataset of each sample, evaluated on training data
from all datasets. Results show mean =+ standard deviation over three random
seeds. X E'mbed denotes pre-transformer embedding layers, while X Proj
indicates final projection layers in text or image encoders.

their competitive performance in vision-language tasks [6], [7],
[25], [51]. All models share similar processes in their vision and
text encoders, as described in (1) to (6). Furthermore, to gain a
deeper understanding of the representations learned at various
depths, we extract features from all layers of both the vision and
textencoders. Linear classifiers are then trained on these features
to perform dataset-level recognition. To improve the reliability
of our conclusions, the entire process — including random data
splitting, model training, and evaluation — is repeated indepen-
dently for 3 runs, with results reported as the average over these
runs. The analysis results are presented in Fig. 1, revealing two
key observations and showing in the following.

Observation-1. In both the text and image encoders, the
higher layers tend to capture more discriminable, dataset-
specific representations, whereas the lower layers encode
more generalizable features that are consistent across dif-
ferent datasets. These findings suggest that tuning higher
layers is more effective for adapting to downstream tasks,
while freezing the lower layers helps retain transferable,
domain-invariant knowledge.

Macro Design: Motivated by Observation-1, we propose a
novel Multi-Modal Adapter (MMA) framework, as illustrated in
Fig. 2. Unlike most existing approaches that insert adapters or
prompts throughout the entire network [21], [22], [23], [45] or
into lower layers only [6], [7], [14], [16], the proposed adapter
A (described in the next) is selectively inserted into a few higher
layers within both the visual and text encoders.

Formally, for the image encoder V, we incorporate the
adapters AV starting from the k-th transformer block onward,
and accordingly modify (2) as follows:

[Ci7wi] :vi([cifhwifl]) 121,2,,k—1 (7)
lcj, zi] = Vi([ej-1,Tj-1]) + @A ([ej-1,x;-1])

j=kk+1,...,L. 8)
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Image Encoder vV @

The proposed Multi-Modal Adapter (MMA) framework for transformer-based CLIP models. MMA integrates lightweight, trainable adapters into both

the image and text encoders while keeping the core CLIP model frozen. To address the trade-off between discriminative capacity and generalization, adapters
are inserted only into the higher layers (> k) of each encoder, as guided by empirical analysis. Moreover, our MMA shares weights between image and text
representations to learn shared cues from different branches. By this design, our MMA eliminates feature-wise interactions between each image-text pair [7],

greatly reducing the computational cost.

Here, the underlined components indicate trainable blocks.
The coefficient o serves to balance task-specific knowledge
and the pre-trained general knowledge. Notably, when o = 0,
the model reduces to the original transformer block, without
incorporating any task-specific adaptation. Similarly, we insert
adapters .A? into the text encoder 7, and modify (5) accordingly
as follows:

w2y = Ti(lw]_\]2) i=12...k=1 ()
[wg]?:l = Tj([w{—l]jD:I) + aAE—([w{_l]jD:l)
j=kk+1,..,L (10)

Observation-2. In most cases, text features, as they are
encoded with semantic category names, are more discrim-
inable across datasets than visual features. In addition,
there are larger gaps between text and image features in
lower layers than in higher layers. Therefore, we argue
that it is more difficult to align lower layers between text
and image features than between higher layers, especially
tuning with limited training samples.

Micro Design: To encode task-specific knowledge, our ap-
proach inserts adapters independently into the image and text
branches. However, as highlighted in Observation-2, the sub-
stantial semantic gap between visual and linguistic modalities
poses a challenge for effective alignment, particularly under
limited supervision. To mitigate this discrepancy, we propose
a multi-modal unit featuring a shared projection layer (Fig. 3).
Each modality is first mapped to a feature space via branch-
specific projection layers. These features are then processed
through a shared projection layer, followed by modality-specific
transformations to restore the original branch dimensions. For-
mally, this process is defined as:

Ai(z) = Wiy - (Wi - 6(Wiy - 1))
an

2 = [k, xk]

B
NECIVAN

Encoder e -

——
Up )
L Rp—
I shared 5w« 1
Layer T shared shared

Encoder
» ( Down \ ( Down
1

S Layer v,

\ Y
| —

Fig.3. The proposed multi-modal unit comprises modality-specific projection
layers (“Down’ and “Up”) that adapt the respective encoders. It also has a shared
projection layer (“Shared”) that facilitates tight coupling between the visual and
linguistic representations.

A similar process is added to text encoder as follows:

A=) = Wi, 6(W i - 5(Wiy - 20))

zp = [w]]?, (12)
Here, W, and W4 denote the k-th “Up” and “Down’ projec-
tion layers, respectively. ¢ is the non-linear activation function.
As shown in Fig. 3, with modality branches indicated by super-
scripts. W represents the k-th shared projection layer used
in both (11) and (12). Critically, this shared component serves
as a bridge between modalities, enabling gradient flow across
branches and thereby promoting more effective cross-modal
alignment.

C. Mma++

While our MMA introduces specific modulation, its effec-
tiveness hinges not only on the adapter architecture but also
on how its output is integrated with the pre-trained backbone.
In particular, we adopt a residual fusion strategy as shown in
(8) and (10). As presented, « is a handcrafted scaling factor
that directly controls the degree to which the adapter influences
the final representation. Understanding the role of this scalar is
crucial for balancing stability and adaptability.

Although several methods involve fusion scales—such as set-
ting fixed weights between pre-trained and adapted features [23],
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Accuracy comparison (%) under different implementations. MMA results are reported for 5- (left) and 20-epoch (right) training regimes, while CLIP

serves as the baseline (69.34% Base, 74.22% Novel, 71.70% H.M). The scale parameter o controls adaptation strength in MMA. These results are obtained on the

widely used 11 image classification tasks.

[25], [29], [30]—these methods do not offer a systematic investi-
gation of its effects. In particular, we argue that the fusion scale
« plays a central role in adapter-based tuning, yet its impact
remains largely unexplored.

A Preliminary Experiment to Understand c: To investigate the
impact of the fusion scale o, we conduct a systematic study by
varying « and evaluating model performance on 11 widely used
image classification datasets under the Base-to-Novel General-
ization setting. Because the 5-epoch setting used in our earlier
implementation (MMA [29]) may not fully reflect the training
dynamics, we extend the training schedule to 20 epochs. This
longer schedule allows us to better examine the influence of «
under more stable training conditions.

As shown in Fig. 4, increasing o from 0.0005 to 0.01 leads
to consistent improvements in base class accuracy, particularly
under the shorter training regime. This indicates that stronger
adapter signals can enhance specialization on the trained cat-
egories. However, this gain comes at the expense of general-
ization: performance on novel classes begins to deteriorate as
« increases beyond 0.001, suggesting that excessive reliance
on adapter outputs weakens the model’s ability to generalize
to underrepresented or unseen categories. Furthermore, when
a becomes excessively large (e.g., a > 0.02), we observe a
pronounced decline in both base and novel performance. This
indicates that the model begins to overfit to the limited training
data, overemphasizing the adapter outputs while disregarding
the robust representations encoded in the pre-trained backbone.
Consequently, the learned features become less transferable,
ultimately impairing both memorization and generalization.

Theoretical Analysis of the Scale o: To rigorously understand
the relationship among the fusion scale «, the amount of training
data N, and the generalization ability, we consider the gener-
alization behavior of the proposed blockwise fusion scheme,
where each Transformer block integrates a frozen pre-trained
feature A; with a trainable adapter output B; via a fusion
coefficient ay;. Assuming the block functions are differentiable
with bounded Jacobians ||.Ji || < 1, we can approximate the final

model output as:

L
falz) = A(z) + ZalBl(x), (13)
=1

where A(x) is the fixed pre-trained backbone and {B;} are
adapter modules. To assess generalization, we analyze the em-
pirical Rademacher complexity of this model class [52], [53],
which can yield the bound:

(14)

where C bounds the adapter parameter norm (||6;||» < C) and
M bounds the adapter outputs (|| B;(x)|| < M). Futher, we
assume the loss function ¢( f (), y) be 1-Lipschitz and bounded
in [0, 1]. This can be easily achieved with normalization to bound
output logits. After that, using standard generalization bounds
for Lipschitz loss functions, we have that with probability at
least 1 — §:

(15)
—_——
Expected risk

N
EI(f(2).9)] < 5 D060, 0)
i=1

Empirical risk

2CM & log(1/5)
+ﬁ;az+\/7. (16)

Error gap

To ensure the generalization gap does not exceed ¢, we must
require the following:

Sae N (o
£ '=9%0Mm

log(1/9)
o ) . (17)
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st 0<a<a,

a: fixed, s.t. 0 <a<ay

Fig. 5.

The proposed a-consistency framework for our MMA. (a) shows the a-consistency training pipeline, which employs stop-gradient (sg(-)) and stochastic

perturbations (0 < ag < 1) to enforce feature alignment. Here, £;s. and L. ensure consistency between text (w) and image (a) features across varying o
scales, while L. denotes the standard cross-entropy loss. (b) simplifies inference by using a fixed v decoupled from training. This enables the test-time scale to
differ from those used during training, thus enhancing overall generalization (e.g.H.M).

Assuming uniform scaling oy = «, this implies:

! VNe — log(1/9) :>ozo<ﬂ

< - |
“=950ML 2 7| ¥

Theoretical analysis indicates that the fusion scale a increases
with the training set size N but decreases inversely with the
model depth L. This holds even when the Jacobian norm exceeds
one (|| Jx|| > 1).Inpractice, where L is typically fixed due to the
use of a frozen pre-trained Transformer, choosing a smaller « is
essential for maintaining good generalization under few-shot or
low-resource settings. We kindly refer readers to Appendix for
the full derivation.

a-Consistency Framework for Our MMA: Our comprehen-
sive analysis, combining empirical evidence from Fig. 4 with
theoretical insights, reveals a critical trade-off in the fusion
mechanism governed by scale parameter . Increasing « en-
hances memorization capacity through amplified adapter contri-
butions, but may at the expense of generalization performance,
particularly on unseen instances. This trade-off is exacerbated
under few-shot conditions, where over-amplified adapter outputs
may overshadow the general representations pre-learned by the
frozen backbone, leading to suboptimal hypothesis transfer.

To address this challenge, we conceptualize both the train-
ing and testing stages of our MMA framework as risk-driven
processes operating under different data regimes but sharing
a unified objective: minimizing task-specific risk through the
appropriate choice of model behavior. During training, empirical
risk minimization is carried out over a labeled dataset of size NV,
and our theoretical derivation shows that training may benefit
from a relatively larger a.. At test time, even though model
parameters are frozen and no gradient-based optimization is
performed, the inference process can still be framed as an
implicit form of adaptation. Specifically, we interpret model
inference as a test-time training procedure. In this procedure,
the adapter parameters are fixed, and the fusion scale « should
be tuned. However, the effective number of samples for this
test-time training is one. Under this unified view, both training
and testing can be interpreted as solving a risk minimization
problem with fusion scale « as a controllable inductive bias, ad-
justed in proportion to the effective number of samples available
in each stage. This reinterpretation naturally explains the need

to reduce o during evaluation and offers a principled basis for
different scales.

However, setting an optimal « at test time is inherently
challenging, as no labeled samples or optimization feedback are
available. To enable robust behavior under such constraints, we
propose the a-consistency framework, which explicitly aligns
the behaviors of the model under different fusion scales during
training, thus preparing it for test-time inference. The overall
procedure is illustrated in Fig. 5.

As illustrated in Fig. 5(a), the training phase incorporates two
forward passes that share the same encoders and MMA units,
but operate under different fusion scales. The first pass adopts
a relatively large scale oy in (8) and (10), which facilitates
better fitting to the training data distribution. The second pass
employs a stochastically perturbed scale « in (8) and (10),
constrained such that 0 < as < «q. Let wq (1) and ws (x2)
denote the text (image) features obtained under fusion scales oy
and aq, respectively. After that, a standard cross-entropy loss
L. is applied to the similarity score sim(wi,x;) for image
classification. Besides, to enhance feature robustness across fu-
sion conditions, we introduce two auxiliary consistency losses:
the text consistency loss Lys. = —sim (w1, w-) and the image
consistency loss L;s. = —sim(xy, x2), where sim is the cosine
similarity. Both losses operate at the feature level, encouraging
alignment between representations extracted under «; and aeo.
The total objective is defined as:

»Coverall - Ece + A (L:tsc + »Cisc) P (19)

where A controls the strength of the consistency regularization.

As demonstrated in [54], consistency learning is prone to rep-
resentational collapse, which can be mitigated by incorporating a
stop-gradient operation. Therefore, in our framework, we apply
the stop-gradient to the ap-generated features, i.e., w2 and xo,
to prevent the collapse of representations during optimization.
Moreover, as presented in Fig. 5(a), we introduce stochasticity
in ay for the following reasons. First, it simulates the inherent
uncertainty of test-time conditions, where the optimal fusion
scale is unknown and label supervision is unavailable. Second,
it encourages the model to generalize over a distribution of
plausible fusion behaviors, rather than overfitting to a fixed
configuration. By sampling ao during training, the model is
exposed to diverse fusion conditions.
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Although the above proposed «-consistency training en-
hances representation robustness to varying fusion scales, a
discrepancy remains between training and testing conditions—
specifically in the number of available samples as our previous
insights. To mitigate this gap, we introduce a train-test scale
decoupling strategy, where a smaller fusion scale 0 < o < aj
is employed during testing. As illustrated in Fig. 5(b), testing
is performed deterministically using the lower scale «, without
relying on stochastic perturbations or additional adaptation. By
decoupling the training and testing fusion scales, we enforce
conservative usage of the adapter branch, which reduces vari-
ance and improves generalization to unseen inputs. This setting
ensures that the inductive bias introduced by the adapter remains
calibrated to the test-time data regime, and is motivated by
the empirical observation that lower o improves generalization,
which aligns with the trend suggested by our theoretical analysis.

IV. EXPERIMENTS

We evaluate the performance of MMA and MMA++ based
on previous works [7], [14], including Generalization from
Base-to-Novel Classes, Cross-Dataset Evaluation, and Domain
Generalization. All these experiments are based on 16-shot
settings, i.e., only 16 training examples per category.

Generalization from Base-to-Novel Classes: Following stan-
dard practice in prior works [6], [7], we evaluate our method
on 11 image classification datasets. These include two general
object recognition datasets: ImageNet [55] and Caltech101 [56];
five fine-grained recognition datasets: OxfordPets [57], Stan-
fordCars [58], Flowers102 [59], Food101 [60], and FGVCAir-
craft [61]; one scene understanding dataset: SUN397 [62]; one
texture dataset: DTD [63]; one satellite image classification
dataset: EuroSAT [64]; and one action recognition dataset:
UCF101 [65]. These benchmarks span a diverse set of visual
recognition tasks, enabling a comprehensive assessment of a
model’s generalization ability. We follow the common evalu-
ation protocol used in [7], [8], [14], [44], where the model is
trained using only base classes under a 16-shot setting without
using information from novel categories, and evaluated on both
base and novel classes.

Cross-dataset Evaluation: Consistent with the Base-to-Novel
experiments, we conduct cross-dataset evaluation using the same
11 datasets. Following the protocol in CoCoOp [7], all models
are trained on ImageNet using 16 training samples per class
across its 1,000 categories. The trained models are then directly
evaluated on the remaining datasets without any further dataset-
specific tuning.

Domain Generalization: To assess model robustness under
domain shift, Zhou et al. [7] propose evaluating ImageNet
tuned models on four out-of-distribution variants of ImageNet:
ImageNetV2 [66], ImageNet-Sketch [67], ImageNet-A [68],
and ImageNet-R [69]. Following this protocol, we also conduct
evaluations on these datasets to measure the out-of-distribution
generalization performance.

Implementation Details: Following prior works [6], [7], [14],
[29], all experiments are conducted under the few-shot setting,
specifically with 16 shots per category. We adopt the ViT-B/16
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variant of CLIP as the backbone model throughout. Recently,
several approaches [17], [18], [30], [35] have explored LLMs
to enrich class-wise textual descriptions, aiming to improve
robustness. In line with these studies, we incorporate LLM-
generated descriptions [38] into our framework. The design of
our multi-modal units and their insertion points in MMA++
follow the same configuration as in the Base-to-Novel setting
from our earlier version,! and remain fixed across all settings.
In this study, we use a batch size of 16 for all datasets. In
the Base-to-Novel setting, models are trained for 50 epochs.
The learning rate is set to 0.3 for handcrafted prompts and 0.2
for LLM-augmented ones. The loss weight A in (19) and the
test-time fusion scale « are fixed at 2.5 and 0.0065, respectively,
for both prompt types. For the other two experimental settings,
following prior studies [14], [29], [30], we train for a shorter
epoch (i.e., 15) and enable train-test decoupling by using a
lower test-time « (i.e., 0.005). All other configurations remain
consistent with the Base-to-Novel setting. Model optimization
is performed using SGD with a momentum of 0.9 and weight
decay of 0.0005. All models are trained with mixed precision
on a single GPU, using a cosine learning rate schedule, and the
reported results are averaged over multiple runs with different
random seeds. We report classification accuracies for both Base
and Novel classes, along with their harmonic mean (H.M). For
the remaining two settings, we report average per-class accuracy
on each dataset. We also report average rank (Avg.Rank), which
denotes the average ranking of each method across all datasets.
Itis computed by ranking methods according to the target metric
(e.g., H.M. or accuracy) on each dataset and then averaging the
ranks, where lower values indicate better overall performance.

A. Main Results

1) Base-to-Novel Generalization Without LLM: We first
evaluate the generalization performance of our MMA and
MMA++ under the standard Base-to-Novel setting without
utilizing LLM-based text augmentation, as summarized in
Table I. We compare our approach against a broad spectrum
of state-of-the-art methods, including the zero-shot baseline
CLIP [2]; prompt-based learners such as CoOp [6], CoOpOp [7],
ProDA [44], KgCoOp [8], LASP-V [9], and PromptSRC [16];
multi-modal prompt learning methods such as MaPLe [14] and
RPO [15]; and more recent strategies including DePT [19],
DPC [47] and SkipT [42]. For a fair comparison, we exclude
PromptKD [20], which adopts transductive learning by leverag-
ing the entire unlabeled test set during training, and MMRL [46],
which relies on dataset-specific models or hyperparameter tun-
ing, making it less suitable for evaluating generalizable ap-
proaches. From the results in Table I(b), we draw three key
observations:

First, MMA++ achieves the second best average H.M of
80.81 across all 11 datasets, outperforming both our previ-
ous method MMA (79.87) and some other strong competitors
such as DPC (80.04) and DePT (80.43). This result highlights

'Implementation details of MMA are provided in our previous conference
paper, we kindly refer readers there for more information.
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TABLE I
BASE-TO-NOVEL GENERALIZATION WITHOUT LLM FOR TEXT AUGMENTATION. “BASE” AND “NOVEL” INDICATE ACCURACIES ON BASE AND NOVEL CLASSES,
RESPECTIVELY; “H.M” IS THEIR HARMONIC MEAN. ALL RESULTS ARE CITED FROM ORIGINAL PAPERS. MMA++ ACHIEVES STATE-OF-THE-ART H.M BY
EFFECTIVELY BALANCING ADAPTATION AND GENERALIZATION. GREY ENTRIES USE DATASET-SPECIFIC ARCHITECTURES OR HYPERPARAMETERS (E.G., VARYING
FEATURE DIMENSIONS FOR EUROSAT, CUSTOM LOSS WEIGHTS ON EACH DATASET), AND THUS DEVIATE FROM MOST OF EXISTING METHODS AND ARE NOT
DIRECTLY COMPARABLE. RED AND BLUE ARE THE BEST AND SECOND BEST ACCORDING TO THE H.M.

(a) Average rank (Avg.Rank) of the H.M of all compared methods on each dataset.

Method | CLIP CoOp CoOpOp ProDA KgCoOp MaPLe LASP-V RPO PromptSRC DePT DPC SkipT | MMA MMA++
Avg.Rank | 13.09 13.55 11.00 10.64 9.82 7.64 555 845 5.82 4.00 418 282 | 527 2.82

(b) Detail comparisons on all 11 datasets of state-of-the-art methods.

Avg ImageNet Caltech101 Pets
Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP jiemiooony [2]1 | 69.34 7422 7170 | 7243 68.14 7022 | 96.84 9400 9540 | 91.17 9726 94.12
CoOp ycvaorzy [6] | 82.69  63.22  71.66 | 7647  67.88  71.92 | 98.00  89.81 9373 | 93.67 9529 9447
CoOpOp cver2o221 [7]1 | 8047 7169  75.83 | 7598 7043  73.10 | 97.96 9381 95.84 | 9520 97.69 96.43
ProDA [cvpr2o22) [44] | 81.56 7230  76.65 | 7540  70.23 7272 | 9827 9323 9568 | 9543 9783  96.62
KgCoOp cvprao23 [8] | 80.73  73.60  77.00 | 7583  69.96 7278 | 97.72 9439  96.03 | 94.65 97.76  96.18
MaPLe [cvproop3) [14] | 8228  75.14 7855 | 76.66 7054 7347 | 97774 9436  96.02 | 9543 97776  96.58
LASP-V [cvpraoz3) [9] | 83.18  76.11 79.48 | 7625  71.17  73.62 | 98.17 9433  96.21 9573 9787  96.79
RPO [1ccvas) [15] | 81.13 7500  77.78 | 76.60  71.57 7400 | 97.97 9437 96.03 | 94.63 9750  96.05
PromptSRC [1ccvaops) [16] | 84.26  76.10 7997 | 77.60  70.73  74.01 98.10 94.03 96.02 | 9533 9730  96.30
DePT |cvprao24) [19] | 85.19  76.17 80.43 | 7820 7027  74.02 | 98.57 9410 9628 | 9543 9733  96.37
DPC cvproosy [47] | 86.10  74.78 80.04 | 78.48  70.72 7440 | 9890 94.21 96.50 | 96.13 9730 96.71
SkipT [cveroozs) [42] | 85.04 7753 8111 | 77.73 7040  73.89 | 9850 9533  96.89 | 9570 97.87  96.77

Method

MMA [cvpr2o24] [29] | 8320  76.80  79.87 | 77.31 71.00  74.02 | 98.40 94.00 96.15 | 9540 98.07  96.72
MMA++ Thiswork] | 8524  76.80  80.81 | 7833 7120 74.56 | 98.70 9453  96.57 | 95.83 97.40  96.61

Cars Flowers Food101 Aircraft

Methods Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP icmi2021y [2] | 6337 7489 68.65 | 72.08  77.80  74.83 | 90.10 91.22  90.66 | 27.19 3629  31.09
CoOp mcvaozz) [6] | 78.12 6040  68.13 | 97.60  59.67 74.06 | 8833 8226  85.19 | 4044 2230 28.75
CoOpOp cvpr2o22) [7] | 7049 7359  72.01 9487 7175  81.71 90.70  91.29  90.99 | 3341 23.71 27.74
ProDA cvprooaz) [44] | 7470 7120 7291 9770  68.68  80.66 | 90.30  88.57 89.43 | 3690 34.13 3546
KgCoOp cvprao3) [8] | 71.76 7504  73.36 | 9500 7473  83.65 | 90.50 91.70  91.09 | 36.21 3355 3483
MaPLe [cvprooo3) [14] | 72.94  74.00  73.47 | 9592 7246  82.56 | 90.71 92.05 9138 | 3744 35.61 36.50
LASP-V [cvprooe3y [9] | 75.23 7177 73.46 | 97.17 73,53 8371 | 91.20 9190 91.54 | 38.05 33.20 3546
RPO [1ccvaoesy [15] | 73.87 7553 74.69 | 94.13  76.67 8450 | 90.33  90.83  90.58 | 37.33 3420  35.70
PromptSRC [1ccvaops) [16] | 7827 7497  76.58 | 98.07 76,50 8595 | 90.67 9153 91.10 | 4273  37.87 40.15
DePT |cvprooa4) [19] | 80.80  75.00  77.79 | 98.40  77.10  86.46 | 90.87 91.57 9122 | 4570 36.73  40.73
DPC [cvproozs) [47] | 8228 7498 7846 | 9744 7319 8359 | 91.40 91.58 9149 | 46.74 3533  40.24
SkipT [cvproo2s) [42] | 8293 7250  77.37 | 9857 7580  85.70 | 90.67  92.03 9134 | 4537 37.13  40.84

MMA [cvproo41 [29] | 78.50  73.10  75.70 | 97.77  75.93 8548 | 90.13 9130 90.71 | 40.57 3633  38.33
MMA-++ [This Work] 82.63 7483 78.54 | 95.07  77.17 85.19 | 90.83 91.63 91.23 | 48.64 38.05 42.70

SUN397 DTD EuroSAT UCF101

Methods Base Novel HM Base Novel HM Base Novel HM Base Novel HM

CLIP pcmioo21y [2] | 69.36 7535 72.23 | 5324 5990 5637 | 5648  64.05 60.03 | 70.53 7750  73.85
CoOp mcvaozz; [6] | 80.60 6589 7251 | 79.44  41.18 5424 | 92,19 5474 68.69 | 84.69 56.05 67.46
CoOpOp cvpr2o221 [7]1 | 79.74 7686  78.27 | 77.01 56.00 6485 | 8749 60.04 7121 8233 7345 77.64
ProDA [cvpr2o22) [44] | 78.67 7693 7779 | 80.67 5648  66.44 | 8390 66.00 73.88 | 85.23 7197 78.04
KgCoOp cvpr2o23) [8] | 80.29  76.53 7836 | 77.55 5499 6435 | 85.64 6434 7348 | 8289  76.67 79.65
MaPLe [cvproo23) [14] | 80.82 7870  79.75 | 80.36  59.18  68.16 | 94.07 7323 8235 | 83.00 78.66  80.77
LASP-V cvproo3) [9] | 80.70 7930  80.00 | 81.10 6257 70.64 | 95.00 8337 88.86 | 8553 7820 81.70
RPO [1ccvams) [15] | 80.60  77.80  79.18 | 7670  62.13  68.61 86.63 6897 7679 | 83.67 7543  79.34
PromptSRC [1ccvaons) [16] | 82.67  78.47 80.52 | 8337 6297 71.75 | 9290 7390 8232 | 87.10 7880  82.74
DePT [cvprao24) [19] | 8327 7897  81.06 | 84.80 6120 71.09 | 9323 7790 8488 | 87.73 7770  82.46
DPC [cvproops) [47] | 83.63  78.08 80.76 | 86.88  54.31 66.84 | 96.25 74773  84.13 | 8899 78.13  83.21
SkipT [cvproo2s) [42] | 82.40  79.03 80.68 | 83.77 6723 74,59 | 9247 83.00 87.48 | 8730 8247  84.81

MMA (cvproo24) [29] | 82.27 7857 8038 | 8320  65.63  73.38 | 8546 8234 8387 | 8623 80.03  82.20
MMA++ Thiswork] | 82.80  79.57  81.15 | 8230 6430  72.19 | 9455 7597 8425 | 8330 80.17  84.04
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TABLE II
BASE-TO-NOVEL GENERALIZATION WITH LLM FOR TEXT AUGMENTATION. METRICS ARE THE SAME TO TABLE I. RED AND BLUE ARE THE BEST AND
SECOND BEST ACCORDING TO THE H.M.

(a) Average rank (Avg.Rank) of the H.M of all compared methods on each dataset.

Method
Avg.Rank

HPT
4.00

CoPrompt
3.64

LLaMP
2.09

LwEIB
3.36

MMA++
191

(b) Detail comparisons on all 11 datasets of state-of-the-art methods.

Method Avg ImageNet Caltech101 Pets
Base Novel H.M Base | Novel HM Base Novel HM Base Novel HM
CoPrompt [1cr20241 [18] 84.00 77.23 80.48 77.67 71.27 7433 98.27 9490  96.55 95.67 98.10  96.87
HPT aaan0241 [17] 84.32  76.86 80.23 77.95 70.74  74.17 98.37 9498  96.65 95.78 97.65  96.71
LLaMP [cvproo24 [35] 85.16 7771 81.27 77.99 71.27 7448 | 98.45 9585  97.17 96.31 97.74  97.02
LwEIB [15cv2025) [30] 84.45  78.21 81.21 76.64 71.64  74.06 | 98.47 9547  96.95 95.70 97.40  96.54
MMA-++ [This Work] \ 85.78  78.67 82.07 78.37 72.03  75.07 | 98.60 95.37  96.97 95.80 97.33  96.56
Cars Flowers Food101 Aircraft
Methods
Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CoPrompt [1cLr20241 [18] | 76.97  74.40 75.66 97.27 76.60  85.71 90.73 92.07  91.40 | 40.20 39.33 39.76
HPT (aaano24) [17] | 7695  74.23 75.57 98.17 78.37  87.16 | 90.46 91.57 91.01 42.68 38.13  40.28
LLaMP [cyproo24; [35] 81.56  74.54 77.89 97.82 7740  86.42 | 91.05 91.93 9147 | 47.30 37.61 41.90
LwEIB [r5cv20257 [30] 80.07  74.01 76.92 97.53 77.50  86.37 90.63 91.73  91.18 45.11 42.60  43.82
MMA-++ [This Work] \ 82.77  73.87 78.07 | 98.10 78.13  86.98 | 90.83 91.93  91.38 | 49.30 43.33  46.12
Methods SUN397 DTD EuroSAT UCF101
Base Novel HM Base Novel HM Base Novel HM Base Novel HM
CoPrompt [1cLr20247 [18] 82.63 80.03 81.31 83.13 64.73  72.79 94.60 78.57 85.84 86.90 79.57  83.07
HPT (aaan024) [17] 82.57  79.26 80.88 83.84 63.33 7216 | 94.24 77.12  84.82 86.52 80.06  83.16
LLaMP [cvprao24; [35] 83.41 79.90 81.62 83.49 6449 7277 91.93 83.66  87.60 87.13 80.66  83.77
LwEIB [15cv2025) [30] 81.10  79.80 80.44 82.87 67.83  74.60 | 95.00 80.01 86.86 85.73 82.37  84.02
MMA++ mhiswory | 8323 80.57 81.88 | 8443 7043  76.80 | 9370  78.83 8562 | 8840 83.60 8593

MMA++’s good ability to balance adaptation to base classes and
generalization to novel classes.

Second, the average rank comparison in Table I(a) further
confirms the robustness of MMA++. Our MMA++ achieve the
same overall rank (2.82) with the latest published SkipT, and
outperforms DPC (4.18), DePT (4.00), and LASP-V (5.55),
underscoring its stability and effectiveness across heterogeneous
datasets. Moreover, both DPC and DePT achieve such results
with separate models or distinct parameters for base and novel
classes, which necessitates prior knowledge of the class type
during testing. In contrast, our MMA++ introduces a train-test
decoupling paradigm that does not require such strong assump-
tions about the test data.

Third, while no single method dominates all benchmarks,
MMA ++ consistently ranks among the top performers. Specifi-
cally, it achieves the highest H.M on 4 out of 11 datasets (Ima-
geNet, Cars, Aircraft, and SUN397) and secures the second-best
score on another two datasets. These results underscore the
inherent challenges of the Base-to-Novel generalization task,
highlighting that achieving robust performance across diverse
datasets and classes remains a demanding problem.

2) Base-to-Novel Generalization With LLM: Some recent
methods [17], [18], [30], [35] leverage LLMs for texture aug-
mentation. For a more comprehensive comparison, we incorpo-
rate GPT-3 generated texts [38] into our MMA++ and compare
ours with other related methods in Table II.

With LLM-enhanced prompts, MMA++ further improves
the performance and achieves the best H.M (82.07) across all

methods. In terms of average rank (Table Il(a)), MMA++
achieves the lowest (best) average ranking of 1.91, outperform-
ing the second-best LLaMP (2.09). Moreover, MMA++ attains
the best or second-best H.M on 10 out of 11 datasets, demon-
strating both strong base accuracy and superior generalization
to novel categories. For example, it achieves state-of-the-art
results on challenging datasets such as SUN397 (81.88), DTD
(76.80), Aircraft (46.12), and UCF101 (85.93). Even on datasets
where the gap among methods is narrow (e.g., Caltechl01,
Flowers102, Food101), MMA++ still performs competitively
to other methods.

Building on the above results, and to ensure a contemporary
comparison with many recent methods, we adopt the full version
of our approach—MMA++ augmented with LLM-generated
descriptions—for all evaluations in the Cross-Dataset and Do-
main Generalization settings.

3) Cross-Dataset Evaluation: In this study, we also conduct
experiments under the Cross-Dataset setting. Specifically, all
models are trained on the full 1000-class ImageNet dataset
with 16 shots per category, and directly evaluated on ten target
datasets used in the previous Base-to-Novel setting. For a fair
comparison, the methods using dataset-specific tuning [46] or
training with testing data [20] are not included.

The results are summarized in Table III. Compared with
existing methods, our MMA++ achieves the highest average
accuracy (69.66) and the second best average rank (3.00), clearly
outperforming both prompt tuning baselines (e.g., CoOp [6]
and CoCoOp [7]) and more recent LLM-augmented approaches
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TABLE IIT
CROSS-DATASET EVALUATION ACROSS TEN TARGET DATASETS. ALL MODELS ARE TRAINED ON IMAGENET-1 K WITH 16 SHOTS PER CLASS AND DIRECTLY
EVALUATED ON TEN DATASETS. OUR MMA ++—AN ENHANCED VERSION OF MMA [29]—ACHIEVES THE HIGHEST AVERAGE ACCURACY (69.78) AND BEST
AVERAGE RANK (1.80), DEMONSTRATING STRONG GENERALIZATION. METHODS LIKE MMRL [46] AND PROMPTKD [20] ARE EXCLUDED DUE TO
DATASET-SPECIFIC TUNING OR TRANSDUCTIVE SETTINGS, MAKING THEM INCOMPATIBLE WITH THE OTHER METHODS.

Method ImageNet | Caltech101 Pets Cars Flowers Foodl01 Aircraft SUN397 DTD EuroSAT UCF101 ‘ Avg Avg.Rank
CoOp [ycvao2) [6]  71.51 93.70 89.14 64.51 68.71 85.30 18.47 64.15 4192 4639 66.55 |63.88  10.40
CoCoOp [cvpr2022] [7]  71.02 94.43 90.14 6532 71.88 86.06 22.94 6736 4573  45.37 68.21 | 65.74 8.50
MaPLe [cyvprao3) [14]  70.72 93.53 90.49 65.57 7223 86.20 24.74 67.01 46.49 48.06 68.69 |66.30 7.00
PromptSRC [iccvaoes) [16]  71.27 93.60 90.25 65.70 70.25 86.15 23.90 67.10 46.87 45.50 68.75 | 65.81 7.80
CoPrompt icrLr20241 [18]  70.80 94.50 90.73 65.67 72.30 86.43 24.00 67.57 47.07 51.90 69.73 | 67.00 4.30
DePT [cvpr2o24) [19]1  71.60 93.80 90.13 66.00 70.93 86.27 24.30 67.23 46.60 45.83 69.10 | 66.02 6.70
HPT (aaano024) [17]  71.72 94.20 92.63 66.33 74.84 86.21 25.68 68.75 50.87 47.36 70.50 | 67.74 3.10
SkipT [cvpr2o2s) [42]  72.77 93.43 90.10 65.37 7197 86.17 25.13 67.33 48.00 54.27 68.23 | 67.00 7.10
LwEIB ycvaoesy 301 71.31 94.51 92.50 66.58 73.03 86.37 27.70 69.33 50.63 55.37 70.03 | 68.61 2.20
MMA |cvpr2o24] [29]  71.00 93.80 90.30 66.13 72.07 86.12 25.33 68.17 46.57 49.24 68.32 | 66.61 5.30
MMA++ (This work] ~ 73.34 94.30 92.70 65.47 73.83 85.87 29.10 70.13 54.13 60.20 70.87 | 69.66 3.00

TABLE IV

(e.g., CoPrompt [18] and HPT [17]). Notably, MMA++ ranks
first on 6 out of the 10 transfer datasets, including challeng-
ing domains such as Aircraft (29.10), SUN397 (70.13), DTD
(54.13), EuroSAT (60.20), and UCF101 (70.87).

Compared to our earlier version MMA [29], MMA++
achieves a +3.05 absolute improvement in average accuracy
(from 66.61 to 69.66) and advancing its average rank from 5.30
to 3.00. It is also worth noting that although methods like HPT
and LwEIB attain competitive performance on certain datasets,
they exhibit more fluctuation across others (e.g., relatively lower
performance on EuroSAT or Aircraft), whereas MMA++ main-
tains better and stable results. This suggests that beyond LLM
augmentation, our choices—particularly the multi-modal fusion
with a-consistency framework—play a crucial role in promoting
better generalization.

4) Domain Generalization: We further evaluate the robust-
ness of the compared methods under domain shift using the
Domain Generalization setting, where models are tuned on
ImageNet and directly tested on four ImageNet-derived out-
of-distribution (OOD) datasets: ImageNet-V2, -Sketch (-S), -
Adversarial (-A), and -Rendition (-R). These datasets differ in
texture, style, or acquisition conditions, making them a standard
benchmark for assessing model generalization.

The results are reported in Table IV. Our proposed MMA++
achieves the best average performance (61.30) and the low-
est (best) average rank (1.75) across 4 OOD datasets. Com-
pared to earlier approaches, prompt tuning baselines such
as CoOp [6] and CoCoOp [7] show limited generalization.
While LLM-enhanced methods (e.g., CoPrompt [18], HPT [17],
and LwEIB [30]) achieve moderate improvements over early
prompt-tuning baselines, and SkipT [42] demonstrates the ef-
fectiveness of skipped fine-tuning strategies, their performance
tends to fluctuate across different datasets. In contrast, MMA++
delivers more stable performance, achieving competitive or best
results on most benchmarks. The consistent improvements over
MMA [29] highlight the benefits of a-consistency framework,
providing a more robust and reliable solution for handling do-
main shifts.

5) Summary of All Prior Comparisons: The comparisons
across the three widely adopted experimental settings clearly

DOMAIN GENERALIZATION RESULTS ON FOUR OOD IMAGENET. WE
EVALUATE THE SAME MODELS AS IN TABLE IIT ON IMAGENET-V2, -SKETCH,
-A, AND -R, INCLUDING RECENT LLM-AUGMENTED METHODS [17], [18], [30].
MMA ++ ACHIEVES THE HIGHEST AVERAGE ACCURACY (61.03) AND RANK
(1.50). WE EXCLUDE [20], [46] BASED METHODS AS THEY RELY ON
TEST-SPECIFIC TUNING OR DIFFERENT BACKBONES TRAINED WITH FULL
TARGET DATA, DEVIATING THE ZERO-SHOT SETTING USED BY ALL OTHERS.

Methods ImageNet| -V2 -S  -A R | Avg AvgRank
CLIP picmio021y [2]1 66.73 | 60.83 46.15 47.77 73.96 | 57.17 11.00
CoOp [wcvaoz) [6] 7151 64.20 47.99 49.71 75.21(59.28 9.50
CoCoOp (cver2o22) [7]1 71.02 | 64.07 48.75 50.63 76.18 | 59.90 8.75
MaPLe [cvpraoz3) [14]  70.72 | 64.07 49.15 50.90 76.98 | 60.26 7.25
PromptSRC iccvaesy [16]  71.27 | 64.35 49.55 50.90 77.80 | 60.65 4.25
CoPrompt [icLr20241 [18]  70.80 | 64.25 49.43 50.50 77.51|60.42 6.50
HPT (aaano4) [17]  71.72 | 65.25 49.36 50.85 77.38|60.71 5.50
SkipT cverao2s) [42]  72.77 | 65.67 49.73 51.13 78.27 | 61.20 2.00
LwEIB jcvaoesy [30]  71.31 | 64.47 50.07 51.00 77.81|60.84 2.75
MMA (cvproo24) [29]  71.00 | 64.33 49.13 51.12 77.32|60.48 6.00
MMA++ This work] ~ 73.34 | 65.73 50.07 51.73 77.67 | 61.30 1.75

validate the effectiveness of MMA++. Notably, our method
achieves leading performance without relying on prior class-
type knowledge at test time, which is commonly used in other
methods [19], [20], [46], [47]. Unlike most existing approaches,
MMA++ is grounded in a rigorous theoretical framework that
not only informs its design but also elucidates its strong abil-
ity to balance adaptation and generalization within a unified
model. This principled foundation distinguishes MMA++ from
prior works and highlights its advantages in real-world de-
ployment, especially for few-shot generalization under practical
constraints.

B. Ablation Experiments

Here, we conduct all ablation studies under the Base-to-Novel
generalization using handcrafted texture prompts, with detailed
results and analysis reported in the following sections.

1) Variants of Adding MMA: We begin by evaluating differ-
ent strategies for integrating our MMA units into the encoder.
Specifically, we consider two types of insertion approaches:
from Xgmpea to the k-th layer, and from the k-th layer to the
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TABLE V
ABLATION EXPERIMENTS OF OUR MMA OVER 11 DATASETS USED IN BASE-TO-NOVEL GENERALIZATION. “10—12” DENOTES FINE-TUNING THE LAST THREE
LAYERS. MMA ACHIEVES THE HIGHEST H.M, DEMONSTRATING BETTER GENERALIZATION COMPARD WITH OTHER CHOICES.

(a) Performance with different model variants

(b) Dimensions of shared layers

(c) MMA vs. Last few layers fine-tuning

Model Variants | Base Novel H.M Dims | Base Novel HM Layer | Base Novel H.M
Only L-Adapter | 80.36 75.81 78.02 8 82.66 76.17 79.28 12 80.77 74.08 77.28
Only V-Adapter | 80.39 74.18 77.16 16 | 82.80 76.48 79.52 10—12 | 83.02 74.55 78.56
No SharedProj | 82.43 76.21 79.20 32 | 83.20 76.80 79.87 8—12 | 83.77 73.77 78.45
FCAA [4] 79.11 75.64 7734 64 | 8341 76.17 79.63 5—12 | 83.21 70.95 76.59
MMA 83.20 76.80 79.87 128 | 82.98 76.54 79.58 MMA | 83.20 76.80 79.87
e r————_ 4) Fine-Tuning the Last Few Layers: We further compare
P 80 ey, e our MMA with a baseline approach that fine-tunes only the last
3 TN 3 " \\’*N\' few layers of the pre-trained VLM. The results are shown in
g75) o TN B ’“’x-x—”’»\""“x—x—x\g Table V(c). As expected, fine-tuning more layers (e.g., 8—12)
< <

==e== k to 12 - Base
==x==_k to 12 - Novel Acc
w=p== k to 12 - HM

==e== (0 to k - Base
==x== 0 to k - Novel Acc

70 =p= 0 to k - HM

70

XEmbed 2 4 6 8
k-th Encoder Layer

10 12 XEmbed 2 4 6 8

k-th Encoder Laver

10 12

Fig. 6. Ablation studies on different insertion strategies (left: from O to k,
right: from k to 12) for our multi-modal units. Average Base, Novel, and HM
scores are reported across 11 datasets. Insertion after k£ = 5 offers the best trade-
off between discrimination and generalization (best viewed in PDF format).

final layer, where k € {Xgmbed, 1,-..,12}. The results are
shown in Fig. 6. For the first strategy, increasing k tends to
enhance performance on base classes while degrading accuracy
on novel classes. In contrast, for the second strategy, base class
performance remains relatively stable when k£ is set around
5, while novel class accuracy improves significantly as k ap-
proaches 5. Notably, the highest H.M of 79.87 is achieved at
k = 5, supporting our earlier observations regarding the optimal
trade-off between discrimination and generalization.

2) Adapting Variant Options: We evaluate the effectiveness
of several design choices for our MMA. These include uni-
modal adapters added solely to the vision (V-) or language
(L-) branches, as well as the removal of the shared projection
layer (denoted as No SharedProj). To further assess adapter
efficiency, we replace each MMA module with a Flamingo-style
cross-attention block [4], referred to as FCAA. The average
performance across 11 recognition datasets is summarized in
Table V(a). Our results show that uni-modal adapters consis-
tently underperform compared to the bi-modal configuration.
In addition, incorporating the shared projection layer improves
the H.M from 79.20 to 79.87, highlighting its role in promoting
effective feature alignment.

3) Dimension of the Shared Layer: The dimension of shared
layers in our MMA determines the number of parameters to ex-
tract relationships between the features from the two modalities.
We systematically varies the dimensions of the shared layers to
investigate its effects. As depicted in Table V(b), accuracy on
base class is highest with an increment in the middle dimension,
but the novel accuracy performance reaches a saturation point
at approximately 32. This may be because a larger dimension of
the shared layers incurs more trainable parameters, increasing
the risk of overfitting.

improves the performance on base classes, reaching the highest
base accuracy of 83.77. However, this comes at the cost of
reduced generalization to novel classes (73.77). This trend is
more pronounced when fine-tuning from layer 5, where novel
class accuracy further declines to 70.95. This degradation can
be attributed to the overfitting of model parameters to base class
distributions and the potential erosion of general knowledge
encoded in the pre-trained VLM. In contrast, our MMA achieves
the highest H.M (79.87), striking a better balance between
base class discrimination and novel class generalization without
altering the core pre-trained backbone.

5) Ablation Studies of a-Consistency Framework: To better
understand the contribution of each component in MMA++, we
conduct a step-by-step ablation study as shown in Table VI(a).
Starting from the original MMA [29] trained for 5 epochs, we
first extend the training schedule to 50 epochs, as the short train-
ing in the original setting may not sufficiently fit the training data,
as confirmed in Fig. 4. While this leads to a notable improvement
on the base classes (from 83.20 to 86.02), performance on novel
classes drops due to potential overfitting. We then apply our
proposed a-consistency training to encourage alignment be-
tween adaptation scales and sample regimes. It results in a clear
better performance on novel classes (75.52) and an improved
H.M (80.58). Finally, by introducing « train-test decoupling,
we further enhance generalization to novel classes, achieving
the best overall H.M of 80.81. These results demonstrate the
effectiveness and complementarity of each design component
in MMA++.

6) Different ) Values in (19): We here investigate the im-
pact of the loss weighting parameter A in (19). As shown in
Table VI(b), we evaluate 1 € {1.0,2.5,5.0,10.0} to examine
its influence on the balance between base and novel class per-
formance. A smaller value of & = 1.0 achieves the best on base
classes (85.43), but underperforms on novel classes. Increasing
A to 2.5 leads to a better trade-off, significantly boosting novel
class accuracy to 76.80 and yielding the highest H.M (80.81).
Further increasing A (to 5.0 and 10.0) leads to lower H.M.
These results suggest that A = 2.5 provides a stable and effective
balance between adaptation and generalization.

7) Different o Values During Testing: We examine the im-
pact of varying the test-time fusion scale o while fixing the
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TABLE VI
ABLATION EXPERIMENTS OF OUR MMA++ OVER 11 DATASETS USED IN BASE-TO-NOVEL GENERALIZATION

(a) Progressive component addition in MMA++

(b) Different A in Eq. (19)

(c) Decoupled o« during testing

Method ‘ Base Novel HM Value | Base Novel HM Value Base Novel HM

MMA (5 Epochs) [29] 83.20 76.80 77.87 1.0 | 8543 76.60 80.77 0.0015 73.65 7585 74.73

+ 50 Epochs 86.02 71.25 77.94 2.5 |8527 76.80 80.81 0.0045 81.01 76.63 78.76

+ a-Consistency Training | 86.38 75.52 80.58 5.0 |85.01 76.61 80.60 0.0065 85.27 76.80 80.81

+ «a Train-Test Decoupling | 85.27 76.80 80.81 10.0 | 84.33 76.46 80.20 0.01 (training «) | 86.38 75.52 80.58
TABLE VII

COMPARISON OF ADDITIONAL PARAMETERS (+PARAMS) AND RUNNING SPEED
(FPS) USING IMAGENET DATASET. TRAIN (TEST) FPS 1S TESTED WITH A
BATCH SIZE OF 16 (100). ALL SPEEDS ARE TESTED ON A SINGLE GTX 8000
GPU. WE ALSO REPORT THE H.M SCORE IN THE BASE-TO-NOVEL SETTING.

Method |+Params Train FPS Test FPS H.M

MMA
MMA++

675 K 46
675 K 31

263
262

79.87
80.81

training «; at 0.01. A small « (0.0015) leads to weak base
performance (73.65) and the lowest HM (74.73), suggesting
underuse of adapted features. As « increases, novel accuracy
improves, with the highest HM (80.81) at o = 0.0065. Using
the training o (0.01) at test time slightly favors base classes
but results in a lower HM (80.58). These results support our
theoretical analysis that « should be adapted according to the
number of adapted samples.

C. Computational Costs

Table VII compares the computational costs of MMA++ with
the baseline MMA. MMA-++ incurs a lower training FPS while
maintaining similar test efficiency. This is because MMA++
introduces extra training time overhead from the a-consistency
strategy, which requires two forward passes and auxiliary con-
sistency losses during optimization. Atinference, these auxiliary
components are disabled, and the adapter outputs are fused using
a fixed, decoupled scale with a single forward pass, resulting in
the same inference procedure as MMA and thus unchanged test
speed.

V. CONCLUSION

In this work, we proposed MMA and its enhanced version
MMA++, a multi-modal adaptation framework designed to
improve the few-shot generalization of CLIP. Our study has
four main innovations: (1) a dataset-driven analysis that guides
the selective insertion of adapters into higher layers, (2) a
shared projection space that enhances cross-modal alignment,
and (3) the a-consistency framework, which offers a theoretical
grounding for a a-consistency training strategy and a train-test
scale decoupling mechanism. Through comprehensive evalua-
tions across base-to-novel generalization, cross-dataset transfer,
and domain generalization, MM A++ consistently demonstrates
strong performance and robustness.

These findings point to several promising directions for future
research. A particularly interesting path is to establish deeper
theoretical connections between multi-modal alignment and
generalization error bounds, which may inspire new learning ob-
jectives or model structures. Another avenue is to explore adap-
tive, data-aware mechanisms for dynamically tuning the fusion
scale, reducing manual effort while improving robustness. By
integrating theory-driven insights with practical system design,
MMA++ moves toward making large-scale vision-language
models more flexible, efficient, and deployable in real-world
applications.
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