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Abstract. Recent adapters for vision-language models (VLMs) still suf-
fer from dense cross-modal interactions and limited control over align-
ment capacity. To address this issue, we propose a two-stage Shallow-
Deep Squeezing Adapter (SDSA) that explicitly regulates cross-modal
interaction density and alignment capacity. In the shallow squeezing
stage, SDSA leverages token-level masking to impose structured spar-
sity within a sparse bottleneck space. Then, in the deep squeezing stage,
SDSA applies a shared low-rank transformation and a cross-modal atten-
tion module: the low-rank module consolidates alignment into a compact
set of dominant shared directions, while cross-modal attention refines
representations through selective interaction. Extensive experiments on
11 datasets show that SDSA delivers superior base-to-novel generaliza-
tion and cross-dataset evaluation, and significantly improves the gener-
alizability of VLMs under few-shot conditions. The code can be found at
https://github.com/haowang-ac/SDSA.

Keywords: Vision-language models - Fine-tuning - Adapter - Few-shot
classification

1 Introduction

Vision-language models (VLMs) are powerful approaches to learning aligned
visual and textual representations [1, 4, 30]. By aligning semantic spaces be-
tween images and text, VLMs like Contrastive Language-Image Pre-training
(CLIP) [26] entertain strong generalization and transfer capabilities across di-
verse downstream tasks, in particular on CLIP-based few-shot learning [11,17,
18,35,39,41,42] by exploring prompt learning and lightweight adapters. For in-
stance, MaPLe [17] pioneers the interaction between visual and textual features

* Corresponding authors.


https://orcid.org/0009-0000-7738-2172
https://orcid.org/0000-0002-9944-0369
https://orcid.org/0000-0003-1174-610X
https://github.com/haowang-ac/SDSA

2 H. Wang et al.

for VLMs, achieving greater discriminability and generalizability than CoOp [42]
and CoCoOp [41] do for few-shot classification. On this basis, by introducing
adapters and leveraging prompt alignment and interaction, MMA [35] proposes
a multi-modal prompt learning paradigm that shortens the training time.

Despite achieving promising performance in few-shot classification, existing
methods such as MMA mainly enhance adaptation flexibility through multi-
modal prompt interactions, but do not explicitly regulate cross-modal interac-
tion density and alignment capacity. As a result, token-level interactions can
remain relatively dense, and alignment may extend to minor or unstable direc-
tions, potentially limiting generalization under few-shot supervision.

To address this limitation, we propose the Shallow-Deep Squeezing Adapter
(SDSA), a hierarchical two-stage mechanism designed to regulate cross-modal
interaction density and alignment capacity. Specifically, shallow squeezing intro-
duces token-level masking to impose structured sparsity and form a sparse bot-
tleneck representation. Deep squeezing then applies a shared low-rank constraint
followed by cross-modal attention, consolidating dominant semantic directions
within a controlled shared subspace.

Shallow squeezing acts as a lightweight pre-filter that reduces token-level
activations before deeper cross-modal interaction. We design a random token-
level masking strategy to induce structured sparsity and limit unnecessary cross-
modal coupling, effectively transforming dense token interactions into a sparse
high-dimensional space. This process improves the interaction density of subse-
quent alignment while preserving salient visual and text responses. The sparse
representation is subsequently projected through a fully connected layer into a
bottleneck space.

Deep squeezing further regulates cross-modal alignment within the bottle-
neck by imposing a shared low-rank constraint across modalities. This trans-
formation consolidates sparse features into a compact set of dominant shared
alignment directions within a controlled low-dimensional subspace. By limiting
alignment capacity, the model suppresses minor and unstable coupling directions
that often capture spurious or dataset-specific correlations. After the low-rank
transformation, cross-modal attention selectively exchanges complementary in-
formation between visual and textual tokens, enabling structured refinement
while preserving principal semantic correspondences, thereby improving down-
stream generalization.

As shown in Fig. 1(a)-(b), our SDSA shows more accurate feature matching
than MMA does. The logit distributions of SDSA are more concentrated along
the diagonal, indicating stronger text—image alignment and reduced inter-class
confusion. Furthermore, as illustrated in Fig. 1(c), although our SDSA is not
the best on the base classes, its generalizability to novel classes is significantly
better than other state-of-the-art methods.

In summary, our main contributions are:

— We introduce shallow squeezing, a token-level sparsity mechanism that sup-
presses unstable cross-modal interactions and enforces structured interaction
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(a) MMA’s text-image align- (b) SDSA’s text-image align- (c) Performance on base
ment heatmap on EuroSAT. ment heatmap on EuroSAT. and novel classes.

Fig. 1: (a)—(b) Text—image alignment heatmaps on the EuroSAT dataset, where each
entry represents the mean logits averaged over all images in the corresponding class,
for (a) MMA and (b) our SDSA method. (¢) Performance comparison in terms of the
accuracies on the base classes and those on the novel classes. Our SDSA performs the
best in the generalizability on the novel classes.

density, yielding a compact and structured bottleneck representation for both
visual and textual modalities.

— We propose deep squeezing, a shared low-rank transformation constraint that
consolidates cross-modal alignment into a compact set of dominant shared
directions, and cross-attention further facilitates structured token-level in-
teraction. By restricting alignment capacity, it preserves principal semantic
correspondence while suppressing minor and unstable coupling directions.

— Extensive experiments on 11 datasets show that SDSA delivers superior
base-to-novel generalization and cross-dataset evaluation, and significantly
improves the discriminability and generalizability of VLMs under few shots.

2 Related Work

2.1 Vision-Language Models

CLIP [26] and Align [16] have pioneered VLMs and drawn considerable atten-
tion to adapting these pre-trained VLMs to challenging downstream tasks such
as those under data scarcity and domain shift. CLIP uses contrastive learning
to monitor the distance at the same image-text embedding, and performed very
well in zero-shot tasks. Align was proposed in the same year and trained on 1
billion image—text pairs. Although these pre-trained VLMs have learned gener-
alized representations and significantly improved the performance of zero-shot
tasks, effectively adapting them to specific downstream tasks remains a chal-
lenging direction. Many studies have shown that by using customized methods
to fine-tune VLMs for few-shot image recognition [11,17,35,40], object detec-
tion [10,12,31], and segmentation [21,33], they can achieve better performance
in downstream tasks.
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2.2 Fine Tuning for CLIP

CoOp [42] modifies the manual prompts in its language branch to a continuous
prompt vector to improve the performance of CLIP. CoCoOp [41] further ex-
pands CoOp by setting up image-specific prompt conditions. CoPrompt [28] ap-
plies two types of perturbation to the input, feeds one into an adapter-augmented
model and the other into frozen CLIP, and then aligns their features via con-
sistency constraints to reduce prompt overfitting. CLIP-Adapter [11] and Tip-
Adapter [39] add a bottleneck layer after the image/text encoder of CLIP, and
perform residual-style feature blending with the original pretrained features.
PromptKD [20] adopts an unsupervised prompt distillation strategy, address-
ing both model lightweighting and performance improvement in few-shot and
unlabeled scenarios. LoRA [38] inserts trainable low-rank matrices within lin-
ear layers (e.g., attention layers), enabling model adaptation to new tasks with
an extremely small number of parameters. MaPLe [17] is a pioneer in enabling
the joint interaction between visual and textual features for VLMs, achieving
stronger discriminability and generalization than CoOp and CoCoOp in few-
shot classification tasks. Subsequently, PromptSRC [18] enhances MaPLe with
self-regularization to mitigate overfitting. On this basis, by introducing adapters
and leveraging prompt alignment and interaction, MMA [35] proposes a multi-
modal adapter paradigm that shortens the training time.

Unlike LoRA, which adapts only a single modality via low-rank weight up-
dates, and MMA, which introduces multi-modal adapter learning without ex-
plicitly control token-level interaction density, SDSA adopts a hierarchical ap-
proach. In the shallow squeezing stage, SDSA imposes token-level masking to
control cross-modal interaction density, producing a sparse bottleneck repre-
sentation. In the deep squeezing stage, a shared low-rank adapter constrains
alignment capacity, consolidating dominant semantic directions across modali-
ties. This two-stage design enables both efficient adaptation of text and visual
encoders and more stable, well-aligned multimodal adaper learning.

3 Methodology

Our proposed method SDSA involves adding a fast adapter module to the pre-
trained CLIP [26], to enhance its generalization ability in downstream tasks.
Fig. 2 shows the overall architecture of SDSA, which shares weights between the
image and text representations to learn shared features from different modali-
ties. With this design, our SDSA enables feature-wise interactions between each
image-text pair.

3.1 Contrastive Language-Image Pretraining

Here we briefly introduce the preliminary knowledge about CLIP [26], which
takes input from image and text modalities. Image encoder V with K transformer

layers {V; } X | provides image patch embeddings E; = [z},22,--- ,2M] € RM>dv,
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Fig. 2: The overall architecture of using SDSA in CLIP. SDSA operates on both the
image and text encoders, with the entire pre-trained CLIP model frozen. SDSA shares
weights between the image and text representations to learn shared features from differ-
ent branches. With this design, our SDSA eliminates feature-wise interactions between
each image-text pair, while keeping the computational cost minimal.

where M is the number of patches and d, is the dimension of images. and
learnable class tokens (CLS), ¢;:

[CZ‘,EZ‘} == Vi([cifl,Eifl]) 1= 1,2, ce ,K. (1)

The text encoder T generates text features by tokenizing the words and
projecting them to word embeddings W; = [w},w?,--- ,w]N] € RVX9 where N
is the number of tokens and d; is the dimension of text features. At each stage,
W; is input to the (i + 1)** transformer layer of text encoding branch7;, ::

[Wl] :ﬁ(Wi_l),Z‘:].,?,"' ,K' (2)

To obtain the final image representation x and text representation z, the class
token cy of last transformer layer (Vi) and text embeddings wi' corresponding
to the last token of the last transformer block (T ) are projected into a universal
vision-language latent embedding space via ImageProj and TextProj:

x = ImageProj(cx) = € R, (3)

z = TextProj(w®) z e R%, (4)

Then, CLIP makes a prediction for the image x:

=clz) = exp(sim(z, zy)/T)
Ply = cle) Yo vecexp(sim(z, ze)/T)’ ?

where sim(-) denotes the cosine similarity and 7 denotes the temperature pa-
rameter.

3.2 Class Description Augmentation

We believe that one important reason for CLIP’s limited performance is that
its text tokens are significantly fewer than the image features. To obtain richer
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linguistic knowledge, we leverage DeepSeek [22] to enhance textual descriptions
as in [28]. We perform augmentation on the original text token a class of a [CLS]
using DeepSeek with prompt key the classname is description, e.g., the original
token a photo of a [tench] is augmented to The [tench] is fish with olive-green
skin and red eyes. After passing through the LLM, W;’s are transformed into
T = {t:}i<;.

3.3 Shallow-Deep Squeezing Adapter

We observe that in existing methods [17, 35], token-level interactions remain
dense and cross-modal alignment may extend to unstable coupling directions.
To mitigate this issue, we propose the Shallow-Deep Squeezing Adapter
(SDSA) as shown in Fig. 3. The SDSA consists of a two-layer squeezing-
expanding adapter framework. The masking stage randomly drops part of the
activations to eliminate redundant and noisy information, subsequently the core
low-dimensional compression stage is applied within the resulting sparse feature
space enabling the extraction of the most critical semantic factors.

Text Encoder Layer ; ?u ?ﬁ >
Text Exploding Text Exploding
A A
Text Shallow Low-Rank —>  Text Cross-
Squeezing Shared Weight - ~ Attention
[ B |
| I \
Image Shallow Low-Rank ~» Image Cross-
Squeezing Shared Weight —> Attention
Image Exploding Image Exploding
"7 Vimage Encoder Layer ; } *a *ﬁ >
] N\ N\ i

Fig. 3: SDSA structure. The unit contains separate shallow compression layers to com-
press text and image information, while a shared deep compression layer is equipped
with a Low-Rank squeeze module and a cross-attention module for image and text, so
as to establish a strong association between the vision branch and the language branch.

Shallow Squeezing. We observe that mask-based training, by randomly drop-
ping a portion of token features, compels the model to reconstruct the full
representation from the remaining information. This regularizes token interac-
tions and prevents alignment from being dominated by a small subset of tokens,
thereby improving robustness and generalization. In the shallow squeezing mod-
ule, we first generate a Bernoulli-distributed random mask along the sequence
dimension to perform subsampling and sparsification of the input during train-
ing. We predefine a mask_ratio € (0,1), and the retention probability:

p =1—mask_ratio. (6)
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We then sample each position j of the image features and text features:

&) ~ Bernoulli(p) x; € B, j € dy, (7)

t] ~ Bernoulli(p) t; € Ty, j € d;. (8)

Deep Squeezing. We adjust the dimensionality after shallow squeezing using a
fully connected layer, reducing it to dimension m, which then serves as the input
to the shared low-rank squeezing module. The deep squeezing module is designed
as a shared low-rank transformation that performs semantic reconstruction and
alignment on multi-modal features within the bottleneck space. Following the
low-rank layer, we obtain:

x; = Dropout(¢(x;A)B), x; € E;, (9)

t; = Dropout(¢(t;A)B), t; € T;, (10)

where A € R™*" B € R™™ and ¢ denotes an element-wise non-linear activa-
tion(RELU in our implementation). Thu we enforce all deep transformations to
be performed within a dimension-constrained subspace.

To facilitate interaction text features to “attend to” image features and im-
age features to “attend to” text features, this approach enables the explicit
modeling of cross-modal dependencies, as opposed to each modality perform-
ing self-attention independently, we design a cross-attention module at the end
of the deep squeezing stage. After passing through the low-rank layer, we obtain

By =[xl a2, oM € RM*dv and T} = [t} 2, - ,tZV] e RVxd1_
Z; = CrossAttn(Q =z, K = t;,V =t;), x; € E;, t; € T; (11)
tAi = CTOSSAtt?’L(Q = ti;K = -’IIi,V — 33@‘)7 x; € Ei7 t; € T:. (12>

To connect the two deeply compressed components, we use residual connec-
tions to aggregate these two parts into the output of the original CLIP encoder:

[ej, Ej] = Vi(lej—1, Ej—a))+a(Plej—1, Bj])+B(Plej—1. Bj—1), j = b k+1, ~<-~,L>,
13

73] = Ti([T3) + a(@[Tj—1]) + B@T-1]), j =k k+1,.. L, (14)

where a and 3 denote weight coefficients, ¢ denotes exploding.
After the final layer K of the CLIP encoder, we obtain z € R% and z € R%
via Eq. (3) and Eq. (4) and then follow CLIP’s classification rule Eq. (5).
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4 Experiments

4.1 Experiments Setup

Tasks. Base-to-Novel Generalization. For this evaluation, we split the dataset
classes evenly into base and novel classes. The model is trained on the base
classes under a 16-shot setting, and its performance is evaluated on both base
and novel classes, with the novel classes assessed in a zero-shot setting.

Cross-Dataset Fvaluation. In this setting, we fine-tune the model on the
ImageNet source domain with all 1000 classes and evaluate it on the other ten
datasets. Following CoCoOp [41], our model is trained under a 16-shot setting.

Domain Generalization. To assess the out-of-distribution transferability of
our method, we perform an evaluation following the cross-dataset setting, where
the model is trained on ImageNet and evaluated on four ImageNet dataset vari-
ants.

Few-Shot Learning. To evaluate the model’s performance in scenarios with
limited labeled data, we train the model with 1, 2, 4, 8, and 16 shots per class,
and then evaluate it on a test set that includes all classes.

Datasets. For base-to-novel generalization, we consider a suite of 11 datasets
used in CoOp [42]. Specifically, these include ImageNet [6], Caltech101 (CAL)
[9], Oxford Pets (PETS) [25], Stanford Cars (CARS) [19], Oxford Flowers 102
(FLWR) [24], Food-101 (FOOD) [2], FGVC Aircraft (AIR) [23], SUN39 [34], De-
scribable Textures (DTD) [5], EuroSAT (ESAT) [13], and UCF-101 (UCF) [29],
and we use the splits of [42]. For cross-dataset evaluation, we fine-tune the model
on the ImageNet [6] dataset and evaluate it on the other ten datasets men-
tioned above as target datasets. For domain generalization, we adopt ImageNet
as the source dataset and four variant datasets as the target datasets, including
ImageNet-V2 [27], ImageNet-Sketch [32], ImageNet-A [15] and ImageNet-R [14].

Training Details. We use pre-trained ViT-B/16 CLIP model [7] as the back-
bone and set the mask ratio = 0.10, m = 128, »r = 16, k = 1, a = 0.05,
B = 0.01. For base-to-novel evaluation, the training is conducted for 20 epochs
with a batch size of 16 (10 epochs and a batch size of 32 are used for the Ima-
geNet dataset) and an initial learning rate of 0.02 using the SGD optimizer. We
report accuracies for the base and novel classes, along with their harmonic mean
(HM), averaged over three standard random seeds (1, 2, and 3). For cross-dataset
and domain generalization evaluation, the model is trained on 5 epochs with an
initial learning rate of 0.005 using the SGD optimizer. For few-shot learning, we
train the model for 30 epochs with a learning rate of 0.02 (10 epochs are used for
the ImageNet dataset) using the SGD optimizer. All experiments are conducted
on an RTX 5090 GPU.

4.2 Quantitative Performance on Various Tasks

Base-to-Novel Generalization. In Tab. 1, we conduct a comprehensive eval-
uation of our method against state-of-the-art (SOTA) approaches on the base-
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Table 1: Comparison with state-of-the-art methods on base-to-novel generalization.
“Base” and “Novel” are the recognition accuracies for the base class and novel class.
“HM?” is the harmonic mean of base and new accuracy, providing the trade-off between
adaptation and generalization. SDSA achieves strong generalization over existing meth-
ods across 11 recognition datasets. The best results are labeled in bold.

Methods Average ImageNet Caltech101 OxfordPets
Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM
CLIP [26] 69.34 74.22 71.70|72.43 68.16 70.22|96.84 94.00 95.40|91.17 97.26 94.12
CoOp [42] 82.69 63.22 71.66|76.47 67.88 71.92|98.00 89.81 93.73|93.67 95.29 94.47
CoCoOp [41] 80.47 71.69 75.83|75.98 70.43 73.10|97.96 93.81 95.84|95.20 97.69 96.43
KgCoOp [36] 80.73 73.60 77.00|75.83 69.96 72.78|97.72 94.39 96.03|94.65 97.76 96.18
MaPLe [17] 82.28 75.14 78.55|76.66 70.54 73.47|97.74 94.36 96.02|95.43 97.76 96.58
PromptSRC [18]|84.26 76.10 79.97 |77.60 70.73 74.01|98.10 94.03 96.02|95.33 97.30 96.30
CoPrompt [28] [84.00 77.23 80.48 | 77.67 71.27 74.33|98.27 94.90 96.55|95.67 98.10 96.87
MMA [35] 83.20 76.80 79.87|77.31 71.00 74.02|98.40 94.00 96.15|95.40 98.07 96.72
2SFS [8] 85.55 75.48 80.20 |77.71 70.99 74.20|98.71 94.43 96.52|95.32 97.82 96.55
SDSA [Ours]  |83.77 78.34 80.96|77.53 71.13 74.20|98.27 95.80 97.02|95.77 96.47 96.11
Methods StanfordCars Flowers102 Food101 FGVCAircraft
Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM
CLIP [26] 63.37 74.89 68.65|72.08 77.80 74.83|90.10 91.22 90.66 | 27.19 36.29 31.09
CoOp [42] 78.12 60.40 68.13]97.60 59.67 76.06|88.33 82.26 85.19|40.44 22.30 28.75
CoC0Op [41] 70.49 73.59 72.01]94.87 71.75 81.71[90.70 91.29 90.99|33.41 23.71 27.74
KgCoOp [36] 71.76 75.04 73.36|95.00 74.73 83.65|90.50 91.70 91.09|36.21 33.55 34.83
MaPLe [17] 72.94 74.00 73.47195.92 72.46 82.56|90.71 92.05 91.38|37.44 35.61 36.50
PromptSRC [18]|78.27 74.97 76.58 |98.07 76.50 82.56|90.67 91.53 91.10|42.73 37.87 40.15
CoPrompt [28] |76.97 74.40 75.66|97.27 76.60 85.71(90.73 92.07 91.40 [40.20 39.33 39.76
MMA [35] 78.50 73.10 75.70(97.75 77.53 85.48{90.13 91.30 90.71|40.57 36.33 38.33
2SFS [8] 82.50 74.80 78.46(98.29 76.17 85.83(89.11 91.34 90.21|47.48 35.51 40.63
SDSA [Ours/ ‘79.43 74.97 77.14|97.80 77.33 86.37|90.50 91.30 90.90‘42.97 45.13 44.02
Methods SUN397 DTD EuroSAT UCF101
Base Novel HM | Base Novel HM | Base Novel HM | Base Novel HM
CLIP [26] 69.36 75.35 72.23|53.24 59.90 56.37|56.48 64.05 60.03|70.53 77.50 73.85
CoOp [42] 80.60 65.89 72.51(79.44 41.18 54.24|92.19 54.74 68.69|84.69 56.05 67.46
CoCoOp [41] 79.74 76.86 78.27|77.01 56.00 64.85|87.49 60.04 71.21|82.33 73.45 77.64
KgCoOp [36] 80.29 76.53 78.36|77.55 54.99 64.55|83.64 64.34 73.48|82.89 76.67 79.65
MaPLe [17] 80.82 78.70 79.75|80.36 59.18 68.16|94.07 73.23 82.35|83.00 78.66 80.77
PromptSRC [18](82.67 78.47 80.52|83.37 62.97 71.75(92.90 73.90 82.32(87.10 78.80 82.74
CoPrompt [28] |82.63 80.03 81.31|83.13 64.73 72.79|94.60 78.57 85.84|86.90 79.57 83.07
MMA [35] 82.27 78.57 80.38|83.20 65.63 73.38|85.46 82.34 83.87|86.23 80.03 82.20
2SFS [8] 82.59 78.91 80.70|84.60 65.01 73.52|96.91 67.09 79.29 |87.85 78.19 82.74
SDSA [Ours| ‘82.33 78.67 80.46|81.67 63.77 71.60|88.43 86.33 87.37|86.73 80.87 83.67

to-novel task, including CLIP [26], CoOp [42], CoCoOp [41], KgCoOp [36],
MaPLe [17], PromptSRC [18], CoPrompt [28], MMA [35] and 2SFS [8]. The aver-
age metrics across all 11 datasets are presented in the first column of the Tab. 1.
Our method achieves highly competitive performance on this task, achieving
strong results in novel accuracy and harmonic mean (HM) accuracy across all
evaluated datasets. Even when our method does not achieve optimal perfor-
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Table 2: Performance comparison on cross-dataset evaluation.

Source Target
Methods Imagenet Caltech Pets Cars Flowers Food Aircraft SUN397 DTD EuroSAT UCF101 Avg.
CoOp [42] 71.51 9370 89.14 64.51 68.71 85.30 1847 64.15 41.92 46.39 66.55 63.88

CoCoOp [41] 71.02 94.43 90.14 65.32 71.88 86.06 22.94 67.36 45.73 45.37 68.21 65.74
MaPLE [17] 70.72  93.53 90.49 65.57 72.23 86.20 24.74 67.01 46.49 48.06 68.69 66.30
PromptSRC [18] 71.27  93.60 90.25 65.70 70.25 86.15 23.90 67.10 46.87 45.50 68.75 65.81
MMA [35] 71.00  93.80 90.30 66.13 72.07 86.12 25.33 68.17 46.57 49.24 68.32 66.61

SDSA/[Ours| 70.77  93.43 92.17 66.30 73.37 86.47 30.33 67.43 47.77 4547 70.43 67.32

Table 3: Performance comparison on domain generalization.

Source Target
Methods ImageNet -V2 -Sketch -A -R
CoOP [42] 71.51 64.20 47.99 49.71 75.21
MaPLe [17] 70.72  64.07 49.15 50.90 76.98
CoPrompt [28]  70.80  64.25 49.43 50.50 77.51
MMA [35] 71.00 64.33 49.13 51.12 76.98

SDSA [Ours] 70.77  64.17 49.37 51.33 77.57

mance on individual datasets, the performance gap between it and the top-
performing approach is minimal, underscoring its overall robustness. Most no-
tably, our method excels on the novel class with an average score of 78.34%.
This demonstrates that SDSA’s integrated masking and feature extraction ca-
pabilities effectively mitigate noise associated with base classes during training,
thereby significantly boosting the model’s generalization performance on unseen
novel classes and driving this superior novel-class accuracy.

Cross-Dataset Evaluation. Tab. 2 presents the cross-dataset evaluation re-
sults. SDSA attains the highest average accuracy of 67.32%, outperforming all
competing approaches. Notably, it achieves the best performance on seven target
datasets and, even when not ranked first, consistently remains among the top-
performing methods. These results highlight the strong zero-shot transferability
of SDSA.

Domain Generalization. In Tab. 3, we report the results of the domain gen-
eralization task. SDSA achieves the best performance on the -A and -R target
domains, while delivering competitive results on -V2 and -Sketch. These findings
demonstrate that SDSA offers domain generalization performance on par with
SOTA methods.

Few-Shot Learning. Tab. 4 presents the few-shot learning results under 1, 2,
4, 8, and 16-shot settings. The results show that our model achieves accuracy
comparable to the current SOTA methods. From these observations, we can
conclude that our method performs well even under limited sample conditions.
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Table 4: Performance comparison on few-shot setting on the ViT-B/16 backbone.

Shots ~ Method ‘Imagenet Caltech Pets Cars Flowers Food Aircraft SUN397 DTD EuroSAT UCF101

CoOp [42] 65.7 92,5 90.2 67.5 783 843 208 67.0  50.1 56.4 71.2

MaPLe [17]| 69.7 93.6 914 676 749 854 28.1 69.3 50.0 29.1 71.1

1-shot PLOT |3] 66.5 94.3 91.9 68.0 80.5 86.2 28.6 66.8 54.6 65.4 74.3
MMA [35] 69.2 92.9 91.2 679 83.6 83.0 28.7 64.0 523  55.0 74.2
SDSA/[Ours]| 69.9 93.5 909 69.9 79.2 86.0 32.6 69.1 48.6  58.7 73.2

CoOp 67.0 93.1 89.9 70.4 88.0 844 259 67.0 54.1 56.1 74.1

MaPLe 70.0 94.9 91.8 685 79.8 86.5 29.5 70.7 50.6 59.4 74.0

2-shot PLOT 68.3 94.7 92.373.2 89.8 86.3 311 68.1 56.7 76.8 76.8
MMA 70.4 94.0 92.0 71.8 90.3 83.0 28.7 64.0 523  55.0 74.2
SDSA/[Ours]| 170.4 944 91.3 728 874 86.6 34.3 71.0 56.1 58.7 771

CoOp 68.8 945 925 744 922 845 309 69.7 59.5  69.7 77.6

MaPLe 70.6 95.0 93.3 70.1 849 86.7 30.1 714 59.0 69.9 77.1

4-shot PLOT 70.4 95.1 926 76.3 929 86.5 353 717 624 83.2 79.8
MMA 71.0 94.3 922 76.5 93.0 82.1 37.6 70.0 63.9 794 80.1
SDSA/[Ours|| 71.2 95.2 93.0 76.2 929 86.4 38.0 72.8 615 66.7 80.3

CoOp 70.6 945 91.3 79.0 949 82.7 385 71.9 648 771 80.0

MaPLe 71.3 95.1 93.1 71.3 90.5 87.2 338 732 630 828 79.5

8-shot PLOT 71.3 95.5 93.0 81.3 954 86.6 41.4 73.9 66.5 88.4 82.8
MMA 71.8 95.4 928 81.4 96.0 83.0 44.8 72.3 68.0 86.5 83.4
SDSA/[Ours|| 72.1 95.5 93.4 80.2 954 86.5 43.7 74.9 66.5 81.1 83.2

CoOp 71.9 95.8 92.0 829 96.8 84.2 432 749 69.7  85.0 83.1

MaPLe 71.9 95.4 932 743 942 87.4 368 745 684 875 81.4

16-shot ~ PLOT 72.6 96.0 93.6 84.6 976 87.1 46.7 76.0 714 920 85.3
MMA 73.1 96.3 93.2 85.7 98.0 84.6 52.7 746 73.5 924 86.3
SDSA/[Ours]| 73.2 96.1 94.0 84.2 975 87.0 50.7 76.7 722 899 85.3

As the number of shots increases, SDSA extracts class features more accurately,
thus amplifying the benefits of using learnable adapters.

4.3 Ablation Studies

Impact of SDSA and Scaling Factor o and 3. We conduct ablation ex-
periments on two key components of our SDSA: « denotes the ablation on the
low-rank transformation, and (3 refers to the ablation of the cross-attention. The
ablation results are presented in Tab. 5(a). Clearly, using both modules yields
the best performance across all 11 datasets for Base, Novel, and HM, indicating
that the combination of low-rank constraint and cross-modal refinement is essen-
tial for effective alignment. The scaling factor plays a critical role in balancing
the importance of general and task-specific features. We systematically evalu-
ated the impact of the scaling factor, and the results are presented in Tab. 5(b)
and Tab. 5(c). For the scaling factor a, a larger value improves the performance
in the base classes, while the performance of the novel-class peaks at @ = 0.05
and then decreases slightly. For the scaling factor 3, a larger value improves the
performance of the base-class but consistently degrades the performance of the
novel classes; conversely, a smaller 3 favors the novel classes. To facilitate rapid
adaptation to novel classes downstream tasks, we adopted o = 0.05 and 8 =
0.01 as the hyperparameters for SDSA.
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Table 5: Ablation on SDSA and scaling factors a and 8 (8 = 0.01 for (b)« evaluation,
a = 0.05 for (c)B evaluation).

(a)Impact of SDSA
« ﬂ‘ Base Novel HM

68.85 75.15 71.86

v [83.25 77.83 80.45
v [72.82 76.31 74.52
v v |83.77 78.34 80.96

(b) Scaling Factor « (c) Scaling Factor
« ‘Base Novel HM B ‘Base Novel HM
0.01|{76.63 77.57 77.10  0.01|83.77 78.34 80.96

0.05|83.77 78.34 80.96 0.05/84.00 77.74 80.75
0.10|84.82 77.77 81.14  0.10{84.06 76.54 80.12

Impact of Using SDSA in Different Layers. Tab. 6 shows the performance
impact of using SDSA in different layers. Each row in the table corresponds to
a configuration where the number of layers applying the module is gradually
incorporated, starting from layers 1, 3, 6, and 9, up to the final layer. Classifi-
cation performance consistently improves as more layers apply the module. The
model achieves the highest accuracy when the SDSA module is applied to all
layers, as shown in the last row (1—12) of Tab. 6, corresponding to the SDSA
configuration.

Table 6: Impact of SDSA in different lay-  Table 7: Impact of rank in low-rank ap-

ers. proximation.
Layers| Base Novel HM |Trainable r | Base Novel HM |Trainable
9—12 | 78.65 76.34 77.48| 1.60M 8 [82.94 78.22 80.51| 4.77TM
6—12 [82.11 77.40 79.69| 2.80M 16| 83.77 78.34 80.96| 4.79M
3—12 |83.22 78.00 80.53| 4.00M 32| 84.31 78.14 81.11| 4.84M
1—12 |83.77 78.34 80.96| 4.79M 64/84.69 77.68 81.03| 4.95M

Impact of Rank in Low-Rank Approximation. Tab. 7 illustrates how the
rank r in the low-rank approximation affects performance. A smaller rank re-
duces the number of parameters but limits the model’s capacity, negatively im-
pacting both base and novel accuracy. In contrast, a larger rank enhances base
performance but may hinder generalization to novel classes. An intermediate
rank achieves the strongest novel-class performance while maintaining compet-
itive base accuracy and model compactness. This behavior suggests that cross-
modal alignment requires a controlled shared subspace. Excessively high rank
expands the alignment space to unstable minor directions that often encode
dataset-specific co-occurrences, whereas overly low rank over-compresses domi-
nant semantic axes and restricts expressiveness. We choose rank 16 as the default
choice, as it exhibits stronger generalization ability.
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Table 8: Impact of mask ratio in ran- Table 9: Comparison of model total and
dom masking. learnable parameters.
ratio‘ Base Novel HM Methods ‘Adapter Total Trainable
0.00 (83.83 78.18 80.91 CoOp [42] None 124.33M 0.04M
0.05 [83.78 78.28 80.94 TCP [37] Shared 149.92M 0.33M
0.10 |83.77 78.34 80.96 MMA [35] | Shared 125.00M 0.67TM
0.15 |83.67 78.30 80.90 SDSA [Ours]| Shared 129.12M  4.79M

0.30 |83.22 78.20 80.63

Impact of Mask Ratio in Random Masking. The mask ratio determines
the sparsity level imposed during shallow squeezing. As shown in Tab. 8, perfor-
mance varies with different masking strengths. Without masking, interactions
remain fully dense. Introducing a moderate masking ratio (mask_ratio = 0.10)
yields the best Novel and HM results, indicating that controlled sparsification
improves generalization by regulating interaction density while retaining princi-
pal semantic signals.

4.4 Computational Complexity

We compare the total and learnable parameters of several methods using the
ViT-B/16 backbone. Tab. 9 demonstrates that our SDSA shared adapter has
only a minor difference in total and trainable parameters compared with exist-
ing shared adapter methods. Removing SDSA from certain layers (as shown in
Tab. 6) can further reduce the computational cost, albeit with a slight drop in
performance.

4.5 Qualitative Performance

Fig. 1(a)-(b) show the text-image alignment heatmaps on the EuroSAT dataset.
It can be observed that SDSA achieves significantly better text—image matching
performance than MMA.In comparison with the baseline MMA, our approach
yields logit distributions more sharply concentrated along the diagonal, with
higher diagonal values and lower off-diagonal values.This pattern quantitatively
demonstrates stronger text—image alignment and lower inter-class confusion, in-
dicating that images from each category are more reliably matched to their
corresponding textual labels.

Fig. 4 shows the t-SNE visualization of image features for both our method
and MMA, with MMA selected due to its similarity in type to ours. On the
EuroSAT dataset, our method achieves strong intra-class compactness and clear
inter-class separability for the base and novel classes, while also exhibiting fewer
outliers. On the Caltech101 dataset, even with an increasing number of cate-
gories, our method maintains superior inter-class separation compared to MMA.
While there are a few outliers in the plots, they are more concentrated within
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Fig. 4: t-SNE plots of image embeddings generated by MMA and our method (SDSA)
on Caltech101 and EuroSAT datasets. SDSA shows better separation in both base and
novel classes.

their respective categories. Notably, our method demonstrates significantly im-
proved separation for novel categories. We attribute this improvement to the
Shallow-Deep Squeezing Adapter: within the bottleneck space of the adapter, our
model more effectively extracts discriminative features while regulating cross-
modal interactions and alignment capacity, thereby enhancing intra-class com-
pactness and inter-class separability.

5 Conclusion

In this paper, we propose the Shallow-Deep Squeezing Adapter (SDSA), a hi-
erarchical alignment regulation framework for vision-language models. Unlike
conventional squeezing-expanding adapters that primarily enhance adaptation
flexibility, SDSA explicitly controls cross-modal interaction density and align-
ment capacity through a shallow—deep design. Specifically, we insert lightweight
adapters into both the text and visual encoders of CLIP, and regulate cross-
modal alignment via token-level masking, shared low-rank transformation, and
cross-attention module. This design restricts alignment to a compact set of dom-
inant shared directions while preventing unstable coupling, leading to more ro-
bust generalization. Extensive experiments on 11 widely used image classification
datasets demonstrate that SDSA achieves superior base-to-novel generalization
and strong cross-dataset transfer performance. Nevertheless, performance re-
mains sensitive in extremely few-shot scenarios, highlighting the need for more
robust adaptation strategies for vision-language models under severely limited
supervision.
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